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Summary 
 

There are millions of lakes and ten thousands of reservoirs in the world. 

The number of reservoirs is still increasing through the construction of 

large dams to meet the growing demand for water resources, 

hydroelectricity and economic development. Accurate information on the 

water balance components of lakes and reservoirs is deemed necessary for 

managing demand (i.e. of the various water user communities) and supply 

(gauged and ungauged inflow from surrounding catchments). Information 

on storage and availability of fresh water is a national security issue in 

many countries. In-situ hydrological measurements of reservoirs are 

usually not publically available. Satellite measurements and the application 

of specific interpretation algorithms are alternative sources of information 

which are publicly accessible and can help communities to better utilize 

scarce water resources. Ultimately, a rich, readily available and accessible 

data source will lead to better management decisions, with various benefits 

and services for all stakeholders.  

 

This thesis explores the use of satellite measurements to estimate the 

various key water balance components of lakes and reservoirs, ultimately 

leading to predictions of releases from reservoirs. 

 

Various open-access satellite databases have been explored. This thesis 

places emphasis on the following aspects: (i) improving existing satellite 

products linked to lakes and reservoirs; (ii) integrating and customizing 

various satellite products; (iii) evaluating and comparing alternative 

satellite products and (iv) developing remote sensing algorithms for the 

generation of new products for lakes and reservoirs. A summary of some 

existing open-access databases pertaining to water balance components of 

lakes and reservoirs is presented in the Appendix of this thesis. 

 

A pre-requisite for estimating the inflow to lakes and reservoirs from the 

surrounding catchments is to have access to accurate precipitation data at 

high spatial resolution and for the mountains where gauges are often absent. 

A new integrated downscaling-calibration procedure is described in 

Chapter 2. It is based on an integration of the TRMM (Tropical Rainfall 

Measuring Mission) 3B43 precipitation product (at 0.25° resolution) and 

NDVI (Normalized Difference Vegetation Index) from SPOT-Vegetation 

satellite data. This procedure creates an improved product of monthly 
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pixel-based precipitation data at 1 km resolution. Only limited rain gauge 

datasets are required for calibration. This new procedure has been 

successfully tested in two different basins: Lake Tana Basin in Ethiopia 

with a humid climate and the Caspian Sea Region in Iran with a semi-arid 

climate.  

 

Chapter 3 describes the quantification of time series of water level, lake 

surface area and lake water volume from open-access databases based on 

satellite measurements. The four currently available satellite altimetry 

databases providing lake levels are firstly evaluated for three different 

lakes: Lake Mead (U.S.A), Lake Tana (Ethiopia) and Lake IJssel (The 

Netherlands). The four databases are: (i) Global Reservoir and Lake 

Monitoring (GRLM), (ii) River Lake Hydrology (RLH), (iii) Hydroweb 

and (iv) ICESat-GLAS level 2 Global Land Surface Altimetry data 

(ICESat-GLAS). Time series of lake surface areas were determined from 

Landsat TM/ETM images using the Modified Normalized Difference 

Water Index (MNDWI) method. A new method has been developed to 

estimate lake water volume, using purely satellite data, by combining 

satellite altimetry databases and Landsat TM/ETM images. The new 

method makes it possible to estimate the volume of water above the 

historical minimum level identified from satellite altimetry databases. The 

validation shows that all estimated water volumes agreed well with in-situ 

water volume measurements derived from bathymetric surveys for both 

Lake Mead and Lake Tana, with R
2
>0.95 and RMSE ranging between 4.6 

and 13.1% of corresponding mean values of in-situ measurements. Similar 

successful application of the proposed method has also been shown for 

Lake Nasser (Egypt-Sudan) and Roseires Reservoir (Sudan).  

 

Evaporation is a major component of the water and energy balance of lakes 

and reservoirs. The heat storage changes (Qt) term is in turn an essential 

part of the energy balance of lakes. Qt should be quantified and 

incorporated into surface energy balance combination models (including 

the Penman equation) to estimate lake evaporation. Qt is often ignored in 

both scientific literature and practical engineering type studies mainly due 

to the lack of routine data of vertical water temperature profiles. In Chapter 

4, a first experimental dataset of heat storage changes in 22 lakes has been 

created from selected international publications. A hysteresis model 

(Qt=a*Rn+b+c*dRn/dt) was developed that fits the 22 independently 

gathered bi-weekly and monthly datasets satisfactory when the three 

coefficients (a, b and c) were determined using local measured flux data. 
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Predictive models for the three coefficients using net radiation (Rn) and 

water surface temperature (T0) time series have been developed. The 

simple Slob’s equation that computes Rn from shortwave solar radiation 

(Rs) was evaluated and showed to perform well for lakes. Since Rs and T0 

can be accurately estimated from various operational satellite 

measurements, the proposed procedure can be applied to estimate Qt for 

various lakes and reservoirs for which no local measurements are available.  

 

The performance of evaporation models, using as input Qt estimated by the 

developed hysteresis model, is described in Chapter 5. Three energy 

balance-based evaporation models were evaluated: the De Bruin-Keijman 

(DK), Penman, and Duan-Bastiaanssen (DB) models. The DB model is a 

non-published energy balance residual model based on an Ohm-type 

parameterization of sensible heat flux H with standard empirical 

coefficients for surface roughness, and the difference of surface water 

temperature and air temperature. A thorough analysis was conducted on 

the performance of three different evaporation models for five different 

lakes with different geographical conditions. Using an estimate of Qt, 

based on the theories outlined in Chapter 4, all three model’s evaporation 

estimates agreed well with measurements, and considerably better than 

cases with Qt excluded. The DK model with its minimum data 

requirements generally performed best for the five lakes. For two lakes, the 

new DB model ranked second, followed by the classical Penman model. 

Therefore, the widely used Penman model should be evaluated more 

critically, as it appears not always to be the most accurate method. 

 

One integrated case study on Lake Tana was conducted by combining the 

methods proposed in the individual chapters. Chapter 6 quantifies the 

water balance components of the poorly gauged Lake Tana in a wet year 

2006. The specific question is whether the outflow from Lake Tana can be 

estimated accurately from the residual of the lake water balance. The lake 

inflow was estimated as the total runoff from the surrounding catchments. 

The runoff was approximated as the residual of the land-based catchment 

water balance. The estimated runoff and lake outflow were satisfactory at 

annual time scales but not at monthly time steps. The discrepancy of the 

estimated runoff into the lake at monthly time scale can be ascribed to the 

poor quantification of underground storage changes (changes in soil 

moisture and groundwater storages). The GLDAS (Global Land Data 

Assimilation System) open-access database was used for soil moisture 

storage. Given the coarse resolution of GLDAS and a similar limitation of 
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the current GRACE satellite gravity mission (Gravity Recovery and 

Climate Experiment), it is preferred to apply a local rainfall-runoff model 

that takes into account soil moisture and groundwater storage changes at 

monthly and shorter time scales. Hence, the daily, weekly and monthly 

water balance of lakes and reservoirs requires the involvement of a 

hydrological model, and cannot be solved solely on the basis of earth 

observation data. The estimates of precipitation, evaporation from land and 

water surface, and the changes of open water storage are however crucial 

for describing the hydrological system behavior adequately, including the 

outflow from reservoirs and the determination of deep percolation losses.   

 

In summary, the following aspects of lakes and reservoirs have been 

investigated: 

 

(1) improving existing satellite products;  

An integrated procedure to generate local rainfall at high spatial 

resolution and with improved accuracy has been developed. 

(2) integrating and customizing various satellite products;  

Water volume above a reference level in lakes and reservoirs can now 

be calculated by integrating levels and surface areas from satellite 

products. 

(3) evaluating and comparing alternative satellite products;  

Different products on water levels, solar radiation, surface 

temperature and net radiation were tested.  

(4) developing remote sensing algorithms for the generation of new 

products;  

A new procedure for estimating heat storage changes Qt from 

operational satellite products was developed which is essential for 

calculating open water evaporation. 
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Samenvatting 
 

De wereld heeft miljoenen meren en tienduizenden reservoirs. Om aan de 

groeiende vraag naar water, waterkracht en economische ontwikkeling te 

voldoen, neemt de bouw van grote stuwdammen en het aantal reservoirs 

nog steeds verder toe. Nauwkeurige informatie over de waterbalans 

componenten van meren en reservoirs is noodzakelijk voor de afstemming 

tussen de watervraag van verschillende watergebruikersgroepen en het 

wateraanbod uit de omliggende stroomgebieden (gemeten of ongemeten). 

Informatie over de opslag en beschikbaarheid van zoet water is een 

nationaal beveiligingsvraagstuk in vele landen. Plaatselijke hydrologische 

metingen in reservoirs worden meestal niet vrijgegeven. Satellietmetingen 

en de toepassing van specifieke interpretatie algoritmen vormen een 

alternatieve bron van informatie wat publiek toegankelijk kan worden 

gesteld  om daarmee gemeenschappen te helpen om schaarse waterbronnen 

beter te benutten. Uiteindelijk zal een goede, gemakkelijk beschikbare en 

toegankelijke informatie leiden tot betere beslissingen in het waterbeheer, 

met diverse voordelen en diensten voor alle betrokkenen als gevolg. 

 

Dit proefschrift onderzoekt het gebruik van satellietmetingen om de 

verschillende onderdelen van de waterbalans van meren en reservoirs te 

schatten, met het doel om daarmee onafhankelijke informatie te krijgen 

over de hoeveelheid opgeslagen water en de uitlaat daarvan uit reservoirs.  

 

Diverse op satellietmetingen gebaseerde internationale databanken zijn 

onderzocht. Dit proefschrift legt de nadruk op de volgende aspecten: (i) het 

verbeteren van bestaande satelliet producten gekoppeld aan meren en 

reservoirs; (ii) het integreren en aanpassen van diverse satelliet producten; 

(iii) het evalueren en vergelijken van alternatieve satelliet producten; en (iv) 

het ontwikkelen van remote sensing algoritmen voor het genereren van 

nieuwe producten voor meren en reservoirs. De bijlage van dit proefschrift 

bevat een opsomming van een aantal bestaande vrij toegankelijke 

databanken met betrekking tot de waterhuishouding van meren en 

reservoirs.  

 

Een eerste vereiste voor het schatten van de instroming naar meren en 

reservoirs uit de omliggende stroomgebieden, is het krijgen van 

nauwkeurige neerslaggegevens met veel ruimtelijk detail. Het is 
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noodzakelijk om speciale aandacht aan bergen te geven, omdat  neerslag 

metingen daar vaak afwezig zijn. Hoofdstuk 2 beschrijft een nieuwe 

geïntegreerde ruimtelijke verfijning- en kalibratie procedure voor regenval. 

Het is ontwikkeld door het integreren van het TRMM (Tropical Rainfall 

Measuring Mission) 3B43 neerslag product (op 0,25 ° resolutie) met NDVI 

gegevens (Normalized Difference Vegetation Index) van de SPOT-

Vegetatie satelliet. Hiermee ontstaat een verbeterd neerslagproduct op 

maandbasis met een pixel resolutie van 1 km. Slechts een beperkte 

regenmeter dataset is nodig voor deze kalibratie. Deze nieuwe procedure is 

met succes getest in twee verschillende stroomgebieden: het Tana meer in 

Ethiopië (vochtig klimaat) en de region rond de Kaspische Zee in Iran 

(semi-aride klimaat).  

 

Hoofdstuk 3 beschrijft de kwantificering van tijdreeksen van het 

waterniveau, de oppervlakte van het meer en de water volumes op basis 

van vrij toegankelijke databanken die gebaseerd zijn op satellietmetingen. 

De vier momenteel beschikbare databanken maken gebruik van 

verschillende op satelliet gebaseerde altimetermetingen. Het waterniveau 

in drie verschillende meren is onderzocht: het Mead meer (USA), Tana 

meer (Ethiopië) en het IJsselmeer (Nederland). De vier geconsulteerde 

databanken zijn: (i) Global Reservoir en Lake Monitoring (GRLM), (ii) 

River Lake Hydrologie (RLH), (iii) Hydroweb en (iv) ICESat-GLAS level 

2 Global Land Surface Altimetry data (ICESat-GLAS). Een tijdserie van 

de oppervlakte van de meren is bepaald m.b.v. Landsat TM/ETM beelden 

en de  Modified Normalized Difference Water Index (MNDWI) methode. 

Een nieuwe methode is ontwikkeld om watervolumes te schatten door het 

combineren van de altimeter metingen met de Landsat TM/ETM beelden. 

De nieuwe methode maakt het mogelijk om het watervolume boven het 

historisch geïdentificeerde minimum peil te schatten (op basis van wat 

beschikbaar is in de hoogtemeting databank). Uit de validatie blijkt dat de 

geschatte hoeveelheden water goed overeenkomen met de plaatselijke 

metingen afgeleid uit eerder onderzoek naar waterdiepten. Zowel het Mead 

meer alsmede het Tana meer vertonen een R
2
>0,95 en een RMSE 

variërend tussen 4,6 en 13,1% van de gemiddelde waterstand verkregen uit 

plaatselijke metingen. Een vergelijkbaar succes verkregen uit dezelfde 

methode is reeds eerder aangetoond voor het Nasser meer (Egypte-Soedan) 

en het Roseires reservoir (Sudan).  

 

Verdamping is een belangrijke component van de water- en energiebalans 

van meren en reservoirs. De verandering van de warmteopslag (Qt) is 
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medebepalend voor diezelfde energiebalans. Qt dient gekwantificeerd en 

opgenomen te worden in de bekende energiebalans-combinatie-

vergelijkingen (zoals b.v. de Penman vergelijking). Qt wordt vaak 

genegeerd in zowel wetenschappelijke literatuur als bij praktische 

toepassingen. Het gebrek aan standaardgegevens over de verticale 

profielen van de water temperatuur is de belangrijkste reden. Hoofdstuk 4 

beschrijft een experimentele dataset over warmteopslag veranderingen in 

22 meren verzameld op basis van geselecteerde publicaties uit de 

internationale literatuur. Een hysteresis model van het type 

Qt=a*Rn+b+c*dRn/dt is ontwikkeld dat de tweewekelijks en maandelijkse 

datasets voldoende beschrijft. De drie coëfficiënten (a, b en c) zijn in eerste 

instantie bepaald d.m.v. lokaal  gemeten flux data.  

 

Er zijn ook voorspellende modellen voor de drie coëfficiënten (a,b,c) 

ontwikkeld op basis van tijdreeksen van netto straling (Rn) en water 

oppervlaktetemperatuur (T0). De eenvoudige Slob vergelijking berekent Rn 

uit de kortgolvige zonnestraling (Rs). De Slob vergelijking is in dit 

proefschrift geëvalueerd voor meren, en blijkt goed te werken. Omdat Rs 

en T0 nauwkeurig kan worden geschat op basis van verschillende 

operationele satellietmetingen, kan de voorgestelde Qt procedure worden 

toegepast op diverse meren en reservoirs waarvoor geen plaatselijke 

metingen beschikbaar zijn.  

 

Hoofdstuk 5 evalueert de prestaties van verschillende verdamping 

vergelijkingen, waarbij Qt is afgeleid uit het nieuwe hysteresis model. Drie 

op energiebalans gebaseerde verdampingsvergelijkingen zijn geëvalueerd: 

De Bruin-Keijman (DK), Penman, en Duan-Bastiaanssen (DB). De DB-

vergelijking is een niet gepubliceerd energiebalans methode op basis van 

een Ohm-achtige parameterisatie van de voelbare warmtestroom H met 

standaard empirische coëfficiënten voor de ruwheid van het oppervlak, en 

voor het verschil tussen oppervlakte- en luchttemperatuur. Een grondige 

analyse is losgelaten op de prestatie van de drie verschillende 

verdampingsvergelijkingen voor vijf verschillende meren met 

uiteenlopende geografische condities. De verdamping blijkt voor alle drie 

vergelijkingen in redelijke mate overeen te komen, en is aanzienlijk beter 

dan het geval dat Qt wordt uitgesloten. De DK vergelijking  met de minste 

invoer gegevens levert over het algemeen de beste schatting. De nieuwe 

DB vergelijking blijkt voor twee meren beter te werken dan de klassieke 

Penman vergelijking (en de DK vergelijking dus nog vaker). Het zou goed 

zijn om de veel gebruikte Penman vergelijking kritischer te beoordelen, 



Estimating water balance components of lakes and reservoirs 

xiv 

omdat het niet vanzelfsprekend de meest accurate rekenmethode voor open 

waterverdamping is. 

 

Door het combineren van alle technische methoden uit de afzonderlijke 

hoofdstukken, is een geintegreerde case studie uitgevoerd voor het Tana 

meer. Hoofdstuk 6 kwantificeert de waterbalans componenten van het natte 

jaar 2006. De specifieke vraag is of de uitlaat van water uit het Tana meer 

voldoende nauwkeurig kan worden geschat. De instroming naar het meer is 

geschat als zijnde de afvoer en de rest term van de waterbalans van het 

omliggende stroomgebied. De geschatte instroming naar het Tana meer en 

de berekende uitlaat waren bevredigend op jaarlijkse tijdschaal, maar niet 

op maandbasis. De onzekerheid van de maandelijks watertoevoer naar het 

meer kan worden toegeschreven aan de slechte kwantificering van de 

bergingsveranderingen onder het land (veranderingen van bodemvocht en 

grondwateropslag). De GLDAS (Global LanD Assimilatie Systeem) 

database is voor dit doel gebruikt. De resolutie blijkt te grof te zijn, en de 

GRACE (Gravity Recovery and Climate Experiment, GRACE) 

zwaartekrachtmissie heeft hetzelfde euvel. Het is beter om een lokaal 

neerslag-afvoer model toe te passen dat rekening houdt met de 

bodemvochtigheid dynamiek en de korte termijn veranderingen van 

grondwateropslag. Dus, de dagelijkse, wekelijkse en maandelijkse 

waterbalans van meren en reservoirs vereist de betrokkenheid van een 

hydrologisch model, en kan niet alleen worden opgelost op basis van 

aardobservatie data. De schattingen van neerslag, landverdamping, open 

water verdamping en de veranderingen van de open waterberging, zijn 

echter noodzakelijk om het hydrologisch system goed te beschrijven, en 

om de uitlaat te voorspellen, inclusief de bepaling van diepe percolatie 

verliezen. 

 

Samengevat, zijn de volgende aspecten over de waterbalans van meren en 

reservoirs onderzocht: 

 

(1) het verbeteren van bestaande satelliet producten;  

Een methode om lokale regenval uit te rekenen is ontwikkeld. 

(2) het integreren en aanpassen van diverse satelliet producten;  

Watervoorraden in stuwmeren kunnen nu worden berekend door 

hoogtes en oppervlaktes te integreren. 

(3) het evalueren en vergelijken van alternatieve satelliet producten;  

Verschillende producten en vergelijkingen voor waterniveaus, netto 

straling, oppervlakte temperatuur en verdamping zijn getoetst. 
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(4) het ontwikkelen van remote sensing algoritmen voor het genereren van 

nieuwe producten;  

Een algoritme voor Qt is ontwikkeld wat essentieel is voor het bereken 

van open water verdamping. 
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Symbols and abbreviations 

List of symbols 

a coefficient in the hysteresis model in Eq. (4.3) 
A(z,t)  horizontal area of the lake as a function of depth z and time t in Eq. 

(4.2)  
a1 coefficient in the Rn(t) sinusoidal function Eq. (4.4) 
a2 coefficient in the Rn(t) sinusoidal function Eq. (4.4) 
a3 coefficient in the Rn(t) sinusoidal function Eq. (4.4) 
Alake surface area of the lake or reservoir 
aslob coefficient in the Slob's equation Eq. (4.5) 
b coefficient in the hysteresis model in Eq. (4.3) 
c coefficient in the hysteresis model in Eq. (4.3) 
cp specific heat of air  
cw specific heat of water 
dr inverse relative distance Earth-Sun in Eq. (4.6) 
dRn/dt the rate of the change (or time derivative) of net radiation 
dSland/dt  change in the total water storage over the land area during the time 

period dt 
dVlake/dt change in lake water volume over the time period dt 
ea vapor pressure at the air temperature  
Elake evaporation from the lake or reservoir 
es saturated vapor pressure at the air temperature 
ETland actual evapotranspiration over the land areas 
G soil heat flux density of land surfaces  
Gi groundwater inflow to the lake 
Go groundwater outflow from the lake 
Gsc solar constant in Eq. (4.6) 
H sensible heat flux density 
λE latent heat flux density 
Olake surface outflow from the lake or reservoir 
Plake precipitation over the surface of the lake or reservoir 
Pland precipitation over the land areas of the river basin 
Qt heat storage changes in lakes or reservoirs 
Qt-eq the equilibrium value of heat storage changes in an annual cycle  
Qt-max the maximum value of heat storage changes in an annual cycle  
Qt-min  the minimum value of heat storage changes in an annual cycle  
ra aerodynamic resistance  
Ra extraterrestrial radiation 
Rland surface inflow into the lake from the surrounding river basins 
Rn net (all wave) radiation  
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Rs shortwave solar radiation 
Sland land total water storage 
T(z,t) vertical water temperature profiles in a lake or reservoir in Eq. (4.2) 
T0 water surface temperature  
T0-Range the difference between the maximum and minimum water surface 

temperature in an annual cycle  
T0-STD the standard deviation of water surface temperature in an annual 

cycle  
Ta air temperature  
Uzm wind speed at zm above the water surface  
Vlake  water volume stored in a lake or reservoir 
x the day of the year (DOY) in Eq. (4.4) 
z0 roughness length 
zm height of wind speed measurements 
zmd the maximum depth of a lake or reservoir 
α albedo of water 
γ psychrometric constant  
Δ slope of the saturated vapor pressure-temperature curve at air 

temperature  
δ solar declination in radians in Eq. (4.6) 
ε accumulated errors from all components in Eq. (1.1) and other 

factors such as abstraction and human water use 
λ the latent heat of vaporization  
ρa density of air  
ρw density of water 
φ latitude in radians in Eq. (4.6) 
ωs sunset hour angle in radians in Eq. (4.6) 
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List of abbreviations 

ALEXI Atmosphere-Land Exchange Inverse 
AMSR-E Advanced Microwave Scanning Radiometer for the Earth 

Observing System 
ANN Artificial Neural Networks  
ARC ATSR Reprocessing for Climate 
ASAR Advanced Synthetic Aperture Radar  
ASTER Advanced Spaceborne Thermal Emission and Reflection 

Radiometer 
ATSR Along Track Scanning Radiometers 
AVHRR Advanced Very High Resolution Radiometer 
BRAT Basic Radar Altimetry Toolbox 
CBERS China–Brazil Earth Resources Satellite 
CERES Clouds and the Earth's Radiant Energy System 
CMORPH Climate prediction center MORPHing technique 
CM SAF Satellite Application Facility on Climate Monitoring 
CRLE Complementary Relationship Lake Evaporation model 
DB the Duan-Bastiaanssen model for lake evaporation 
DEM Digital Elevation Model 

DK the De Bruin-Keijman model for lake evaporation 
DMC Disaster Monitoring Constellation 

DS DownScaled annual precipitation 
DSdis monthly precipitation disaggregated from the DownScaled 

annual precipitation 
DSdisGDA calibrated monthly precipitation DSdis with GDA method 
DSGDA DownScaled annual precipitation with GDA calibration 
DSGRA DownScaled annual precipitation with GRA calibration 
DTS Distributed Temperature Sensing 
EC Eddy Covariance 
ECMWF European Centre for Medium-Range Weather Forecasts 
EGM Earth Gravitational Model  
ENMA Ethiopian National Meteorological Agency  
ENVISAT ENVIronmental SATellite 
ERBE Earth Radiation Budget Experiment 
ERS European Remote Sensing satellites 
ESA European Space Agency 
ESA-CCI European Space Agency-Climate Change Initiative 
EUMETSAT European Organisation for the Exploitation of Meteorological 

Satellites 
GDA Geograhical Difference Analysis 
GEWEX-SRB Global Energy and Water Cycle Experiment  Surface 

Radiation Budget 

http://en.wikipedia.org/wiki/Digital_elevation_model
http://en.wikipedia.org/wiki/Disaster_Monitoring_Constellation
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GFO Geosat Fellow On 
GGM02C GRACE Gravity Model 02C 
GLA14  ICESat-GLAS level 2 Global Land Surface Altimetry data  
GLAS Geoscience Laser Altimeter System 
GLASS Global LAnd Surface Satellite products 
GLCF Global Land Cover Facility 
GLDAS Global Land Data Assimilation System 
GLEAM Global Land-surface Evaporation: the Amsterdam 

Methodology 
GLWD Global Lakes and Wetlands Database 
GOES Geostationary Operational Environmental Satellite 
GPM Global Precipitation Mission  
GRA Geographical Ratio Analysis 
GRACE Gravity Recovery and Climate Experiment  
GRLM Global Reservoir and Lake Monitoring  
GWAVA Global Water AVailability Assessment model 
HBV Hydrologiska Byråns Vattenbalansavdelning 
ICESat Ice, Cloud,and land Elevation Satellite 
IDW Inverse Distance Weighting  
IPWG International Precipitation Working Group 
IRIMO Islamic Republic of Iran Meteorological Organization 
IRS Indian Remote Sensing satellites 
ISCCP International Satellite Cloud Climatology Project 
ITCZ Inter Tropical Convergence Zone  
Landsat 

TM/ETM+ 
Landsat Thematic Mapper/Enhanced Thematic Mapper Plus 

LEGOS/GOHS  Laboratoire d’Etudes en Oceanographie et Geode´sie Spatiale, 

Equipe Geodesie, Oceanographie, et Hydrologie Spatiales 
LPJmL Lund-Potsdam-Jena managed Land 
MAE Mean Absolute Error  
METRIC Mapping EvapoTranspiration at high Resolution and 

Internalized Calibration 
MIR Middle Infrared  
MNDWI Modified Normalized Difference Water Index 
MODIS Moderate Resolution Imaging Spectroradiometer) 
MSG  Meteosat Second Generation  
NAP Normaal Amsterdams Peil 
NASA National Aeronautics and Space Administration 
NDVI Normalized Difference Vegetation Index 
NDWI Normalized Difference Water Index 
NGAT NSIDC GLAS Altimetry elevation extractor Tool  
NOAA National Oceanic and Atmospheric Administration 
NRLD National Register of Large Dam 
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NSIDC National Snow and Ice Data Center  
OSTM Ocean Surface Topography Mission 
PCR-GLOBWB PCRaster Global Water Balance model 
PERSIANN Precipitation Estimation from Remotely Sensed Information 

using Artificial Neural Networks 
QuikSCAT Quick SCATterometer 
R

2 coefficient of determination  
RA-2 Radar Altimeter 2 
RLA River Lake Altimetry  
RLH River Lake Hydrology  
RMSE Root Mean Square Error 
SAR Synthetic Aperture Radar 
SEBAL Surface Energy Balance Algorithm for Land 
SEBS Surface Energy Balance System  
SLC Scan Line Corrector  
SMAP Soil Moisture Active Passive 
SPHY Spatial Processes in HYdrology 
SPOT Satellite Pour l’Observation de la Terre 
SRTM Shuttle Radar Topography Mission 

SSEB Simplified Surface Energy Balance 
SVM Support Vector Machines  
SWAT Soil and Water Assessment Tool  
SWOT Surface Water Ocean Topography 
T/P Topex/Poseidon 
TESSEL Tiled ECMWF Scheme for Surface Exchanges over Land 
TMPA TRMM Multi-satellite Precipitation Analysis  
TRMM Tropical Rainfall Measuring Mission 
TVA Tennessee Valley Authority  
USBR United States Bureau of Reclamation  
USDA/FAS United States Department of Agriculture Foreign Agricultural 

Service  
USGS United States Geological Survey 
VIIRS Visible Infrared Imaging Radiometer Suite 
WBMplus Water Balance Model Plus 
WLALL Water Level Above the Lowest Level  
WVALL Water Volume Above the Lowest water Level  
WWF World Wildlife Fund 
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1 
1 Introduction 

 

 

1.1 Importance of studying water balance of lakes and 
reservoirs 
 

The Encyclopedia of Lakes and Reservoirs defines lakes and reservoirs as 

follows: “Lakes are formed when depressions are filled with water; 

reservoirs are artificial lakes created behind a dam or between dykes.” 

(Bengtsson et al., 2012). There are about nine million lakes in the world, 

and they cover a total surface area of around 1600,000 km
2
. The total water 

storage in these lakes is about 230,000 km
3
 (Bengtsson et al., 2012). Based 

on various data sources, Chao et al. (2008) assembled a comprehensive list 

of 29,484 reservoirs constructed in the world since 1900, and the total 

nominal capacity is about 8,300 km
3
. Using the data from Chao et al. 

(2008), the site (http://www.iahs-icwrs.org/reservoirs.htm) was created to 

show the evolution of the development of reservoirs around the world 

during 1900-2010. Many large dams are still being planned or are under 

construction; so the number of reservoirs is increasing. Many countries in 

Africa and Asia require more hydropower, and multipurpose reservoirs are 

in the planning phase. Table 1.1 lists 15 large dams that are currently under 

construction and with hydroelectric power generating capacity larger than 

2000 MW. The Three Gorges Dam in China has the world's largest 

instantaneous hydroelectric generating capacity (22,500 MW), and China 

is constructing more large dams. The Ethiopian Renaissance Dam will be 

the largest hydroelectric power plant in Africa and the 13th or 14th largest 

in the world. In addition, according to the National Register of Large Dam 

(NRLD, http://www.indiaenvironmentportal.org.in), there are 4,845 

completed large dams and 347 large dams are under construction in India. 

 

The Global Lakes and Wetlands Database (GLWD) has been created by  

World Wildlife Fund (WWF) and the University of Kassel, Germany. The 

http://www.iahs-icwrs.org/reservoirs.htm
http://www.indiaenvironmentportal.org.in/
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details on the development of  GLWD can be found in  (Lehner and  Doll,  

 2004). The database is now freely available at: https://worldwildlife.org/pa

ges/global-lakes-and-wetlands-database.  The  Level  3 GLWD  data  com-

prises lakes and reservoirs with surface area ≥ 0.1 km
2
. Figure 1.1 presents 

the global distribution of lakes and reservoirs from Level 3 GLWD. 

 

Lakes and reservoirs are used for many purposes such as for domestic and 

industrial water supplies, flood control, hydroelectricity generation, 

irrigation, recreation, navigation, fishing, atmospheric cooling, leaching of 

saline water intrusion, dilution of polluted water and provisional services 

to coastal ecosystems. Lakes and reservoirs have a key function in storing 

excess water from periods of high rainfall to provide water during dry 

spells. The water stored in lakes and reservoirs play a vital role in the 

economic development and many services that contribute to the well-being 

of communities up to kilometers downstream (even across administrative 

borders) and in close proximity to lakes and reservoirs (Medina et al., 2008; 

Singh et al., 2010). The gross storage capacity of Lake Nasser in Egypt is 

for instance 168 km
3
, two times the annual flow of the river Nile at 

Dongala. It is the major source of water for Egypt. The growing need for 

food, will induce additional demand for new irrigation systems, and thus 

more dams. Savenije et al. (2014) comprehensively discussed the 

importance of water resources and evolving relation between water and 

human beings.  

 

The demand for water resources is increasing, and storage of sufficient 

water to meet water demand during dry seasons and below-average rainfall 

years is becoming increasingly important. Lakes and reservoirs thus 

require a comprehensive and effective water management and planning 

strategy. Water quality assessment and preservation is also inextricably 

linked to the water balance of lakes and reservoirs (Ferguson and 

Znamensky, 1981). In addition, assessment of the long-term water balance 

of lakes and reservoirs provides improved knowledge of regional and 

global climate change and a quantification of human impacts on water 

resources (Cretaux and Birkett, 2006; Velpuri et al., 2012; Bracht-Flyr et 

al., 2013; Sutcliffe and Petersen, 2007). In a recent paper, Mahe et al. 

(2013) described the changes in river flow in Africa due to climate change 

and anthropogenic modifications. These changes in river flow affect the 

size and volume of water stored in lakes and reservoirs, and the authors 

concluded that river flow is a witness of climate change. 

 

https://worldwildlife.org/pages/global-lakes-and-wetlands-database
https://worldwildlife.org/pages/global-lakes-and-wetlands-database
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The surface outflow from lakes and reservoirs is a measure of water supply 

to downstream multiple sectors. The responsible agencies for lake, 

reservoir, and dam operations are usually not keen to share these outflow 

data with other agencies and neighboring countries. The amount of water 

in storage is strategic information. Operators of dams regulate the water 

flow and provide access to clean water resources for millions of people. 

They need to make decisions regarding inflow of water into the reservoir, 

keep water in store for dry periods when it is needed most and assure that 

daily water requirements for hydropower, navigation and other services are 

met. Payment for upstream ecosystem services is practiced to ensure 

sufficient inflow into the lake, preferably from base flow. Reservoirs 

should be able to buffer storm events, and regulate downstream flow 

during wet seasons to reduce the risk of floods. If dams are spilling storm 

water all at the same time, they can even induce a flood. Dam operations in 

Central Asia release water during cold winters for electricity and heating, 

while during the dry summer water is released for irrigation of the 

extensive cotton and rice areas. There are always water use sectors 

disappointed with dam operations, and this problem is aggravated by 

international tension. The water resources in downstream countries such as 

Vietnam and Mozambique depend on dam management in upstream 

countries. Because of the strategic importance of such water resources, 

institutions responsible for dam operations are often not transparent in their 

reporting. Poor communications and information cause distrust and tension 

between multiple water use sectors. 

 

Certain countries are forced by legislation to be transparent in their dam 

operations. The United States Bureau of Reclamation (USBR) for example 

provides detailed data and information about the operations of reservoirs, 

dams and hydropower in the managed regions. The data are freely 

available at http://www.usbr.gov/main/water/. In addition, for the 

Tennessee River system in the United States, the Tennessee Valley 

Authority (TVA) provides up-to-date and detailed data on reservoir water 

levels, reservoir discharges, and stream Flows on the website 

http://www.tva.com/river/lakeinfo/index.htm. In Australia, related data on 

reservoirs can also easily be obtained from the Bureau of Meteorology at 

http://www.bom.gov.au. Figure 1.2 presents a screenshot of Melbourne 

Water website (http://www.melbournewater.com.au/waterdata/waterstorag

es) in which detailed data on the reservoirs are provided and freely 

downloadable. However, most other countries make information on dam 

operations only available to decision makers, and not on public websites. 

http://www.usbr.gov/main/water/
http://www.tva.com/river/lakeinfo/index.htm
http://www.bom.gov.au/
http://www.melbournewater.com.au/waterdata/waterstorages
http://www.melbournewater.com.au/waterdata/waterstorages
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A solid understanding and quantification of the water balance of lakes and 

reservoirs is pivotal in an effective water management strategy. Many 

global hydrological models have been created during the last 10 years. 

They describe the terrestrial water balance at continental scales, and they 

are increasingly being used for earth system modeling, climate impact 

assessments and more recently also for water scarcity analyses. The 

driving forces for developing global hydrological models are multiple, and 

reservoir management is one of these driving forces. Some common 

Global Hydrology Models are PCR-GLOBWB (van Beek et al., 2011), 

WaterGap 2 (Alcamo et al., 2003), LPJmL (Bondeau et al., 2007), HO8 

(Hanasaki, 2010; http://h08.nies.go.jp/h08/), WBMplus (Wisser et al., 2010), 

GWAVA (Meigh et al., 1999) and SPHY (http://www.futurewater.nl) to 

mention a few. Parameterization of global hydrological models for lakes 

and reservoirs are currently incomplete. 

 

Table 1.1 Fifteen large dams that are currently under construction 

Dam name Country River 
Hydroelectric 

capacity 
(MW) 

Expected 

completion 
year 

Reservoir 

storage 
(km

3
) 

Belo Monte Brazil Xingu 11000 2015 2.07 

Baihetan China Jinsha 13050 2019 17.92 

Changheba China Dadu 2600 2016 1.08 

Dagangshan China Dadu 2600 2015 0.72 

Jinping-II China Yalong 4800 2014 0.01 

Lianghekou China Yalong 3000 2015 6.33 

Ludila China Jinsha 2160 2015 1.72 

Nuozhadu China Mekong 5850 2015 21.75 

Shuangjiangkou China Dadu 2000 2018 3.14 

Wudongde China Jinsha 8700 2015 7.60 

Xiangjiaba China Jinsha 6400 2015 5.16 

Ethiopian 

Renaissance 
Ethiopia Blue Nile 6000 2018 63.00 

Myitsone Myanmar Irrawaddy 3600 2017 13.28 

Diamer Pakistan Indus 4500 2020 10.00 

Rogun Tajikistan Vakhsh 3600 2015 13.30 

Data source: http://en.wikipedia.org/wiki/List_of_largest_hydroelectric_power_stations  

 

 

 

http://h08.nies.go.jp/h08/
http://www.futurewater.nl/
http://en.wikipedia.org/wiki/List_of_largest_hydroelectric_power_stations
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Figure 1.2 A screenshot of the Melbourne Water website which provides 

detailed data on reservoirs in the managed regions  

 

 
Figure 1.3 The general water balance components of a lake or reservoir 

and its surrounding catchments. The symbols are explained in Section 1.2 

 

Given the large number of lakes and reservoirs (Figure 1.1), the large 

volume of water stored and their key roles in regulation and provision of 
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services, it is crucial that knowledge of their water balance is improved. 

This thesis provides new technologies to assess the water balance 

components of lakes and reservoirs. 

 

1.2 The general water balance components of lakes and 
reservoirs 
 

In general, the water balance equation for a lake or reservoir can be written 

as (Ferguson and Znamensky, 1981; Sokolov and Chapman, 1974):  

                      (           )                    (1.1) 

where, Vlake is the water volume stored in a lake or reservoir, and the 

dVlake/dt is the change in lake water volume over the time period dt, Rland is 

the surface inflow into the lake or reservoir from the surrounding land-

based river basins, Alake is the surface area of the lake or reservoir which is 

a function of water level, Plake is the precipitation over the surface of the 

lake or reservoir, Elake is the evaporation from the lake or reservoir, Gi  and 

Go is the groundwater inflow and outflow into the lake or reservoir, 

respectively, Olake is the surface outflow from the lake or reservoir and ε 

represents the accumulated errors from all components in Eq. (1.1) and 

other factors such as abstraction and human water use. These factors 

usually cannot be accounted for directly and has been assumed to be zero 

in many water balance studies (Sene, 2000). 

 

The term Rland links a lake or reservoir with the water yield from the 

surrounding catchments. The simple water balance equation of catchments 

feeding lakes and reservoirs can be written as: 

                                                        (1.2) 

where, dSland/dt is the change in land total water storage Sland, Pland is the 

precipitation over the river basin and ETland is the actual evapotranspiration 

over the river basin. Figure 1.3 presents the general water balance 

components of a lake or reservoir and its catchment areas. The relative 

importance and the need to consider each individual component in the 

water balance equation can vary, depending on the type and dimensions of 

a lake. For example, some lakes (the Caspian Sea, Lake Chad and the Dead 

Sea) are terminal lakes with no outflow; some kettle lakes are part of the 

groundwater system with only groundwater inflow and outflow (Bengtsson 

et al., 2012). For lakes with a relatively small drainage basin, precipitation 

and evaporation over the lake surface are usually the dominant water 

balance components. 
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To close the water balance equation of a lake or reservoir, all components 

should be measured or estimated independently (Sokolov and Chapman, 

1974). The common usage of the water balance equation is to estimate the 

unknown component as the residual. In this respect, the accuracy of the 

estimated component depends on the accuracy of each known component 

and will include the accumulated errors from the other known components. 

It is thus necessary to improve the quantification of each water balance 

component independently.  

 

1.3 Brief review of quantifying water balance 
components and the role of remote sensing 
 

Ideally, in-situ measurements of each water balance component should 

provide a complete understanding of inflow, storage changes and outflow 

of a lake. In reality, (i) direct measurements are not performed at all; (ii) 

in-situ data are incomplete and inadequate to represent the areal average 

values over a lake and surrounding catchments (e.g. precipitation); (iii) 

data are of poor quality; (iv) data are available but are not shared with the 

public. 

 

Satellite remote sensing plays an increasingly important role in water 

balance studies. This thesis attempts to independently estimate the key 

water balance components of lakes and reservoirs, and try to explore the 

use of satellite remote sensing for this purpose, to the maximum. The 

Appendix lists some open-access databases pertaining to water balance 

components of lakes and reservoirs. The following subsections provide a 

general introduction of methods to estimate each water balance component 

in Eq. (1.1) and Eq. (1.2) and the relevant application of satellite remote 

sensing. 

 

1.3.1 Surface inflow into lakes and reservoirs (Rland) 

The inflow into lakes or reservoirs can be determined by in-situ 

measurements of runoff from the contributing catchments. However, in 

most cases, upstream sub-basins are partially gauged. For example, 

approximately 50% of catchments contributing to the inflow to Lake 

Victoria (Kizza et al., 2011) and Lake Tana (Wale et al., 2009) are 

ungauged, which makes it difficult to estimate the total water yield. 

Reasonable estimates of inflow involve basin-scale rainfall-runoff 
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modelling and studies on runoff prediction in ungauged basins. Details on 

methods for runoff Prediction in Ungauged Basins (PUB) can be found in a 

recent book by Blöschl et al. (2013). Hrachowitz et al. (2013) provided a 

comprehensive review on the research progresses and challenges in PUB. 

Winsemius et al. (2008; 2009) discussed specifically about the calibration 

of hydrological models in ungauged basins. The consequence of 

incomplete data on inflows is that estimates of lake evaporation and lake 

interaction with groundwater become incomplete also. Lake interactions 

with groundwater are very difficult to assess, and can only be obtained by 

accounting for all other flows with a high accuracy. The reality is thus that 

the water balance of lakes and reservoirs are usually incomplete.  

 

Currently there are no direct satellite measurements available for runoff 

from a certain basin but runoff can be inferred from water balance 

components (precipitation, evapotranspiration, soil moisture, total water 

storage) that can be measured independently by satellites, and more and 

more satellite products are becoming available to the public. 

 

For precipitation, various global satellite precipitation databases are 

available at different temporal resolutions (3-hourly to monthly) and 

spatial resolutions (at best nominal 3 km by Meteosat Second Generation 

(MSG) satellite, to 0.25° and higher). The data intensity will be improved 

further with the recent launch of the Global Precipitation Mission. 

Comprehensive information on the development of precipitation 

measurements from satellites and relevant satellite precipitation products 

can be obtained from the International Precipitation Working Group 

(IPWG) website http://www.isac.cnr.it/~ipwg/. 

 

For evapotranspiration, many models have been proposed such as SEBAL 

(Bastiaanssen et al., 1998), SEBS (Su, 2002), ALEXI (Anderson et al., 

2004), METRIC (Allen et al., 2007), GLEAM (Miralles et al., 2011), 

ETLook (Bastiaanssen et al., 2012), ETWatch (Wu et al., 2012), and SSEB 

(Senay et al., 2013). The MODIS (Moderate Resolution Imaging 

Spectroradiometer) product series also provide global terrestrial 

evapotranspiration estimates (MOD16) at a spatial resolution of 1 km using 

the algorithm developed by Mu et al. (2011).The MOD16 data are freely 

available on http://www.ntsg.umt.edu/project/mod16. The TESSEL 

algorithm (Ghilain et al., 2012) is the basis for the computation of actual 

land evapotranspiration of Africa and Europe using geostationary MSG 

http://www.isac.cnr.it/~ipwg/
http://www.ntsg.umt.edu/project/mod16
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satellite data. This data is released via the Land Satellite Facility program 

of EUMETSAT (http://landsaf.meteo.pt/). 

 

Several satellite microwave products are also available to provide surface 

or near-surface soil moisture values (e.g. Cheema et al., 2011; Liu et al., 

2011; Al-Yaari et al., 2014). For example, VU University Amsterdam, 

NASA and Vienna University of Vienna (TU Wien) in collaboration 

generated the merged global satellite soil moisture dataset, using active and 

passive microwave space-borne instruments. Currently this dataset 

provides daily global soil moisture data at the spatial resolution of 0.25° 

for the period from 1978 to 2010. This dataset is freely available after 

completion of a registration on http://www.esasoilmoisture-cci.org/. The 

SMAP (Soil Moisture Active Passive) satellite mission scheduled for 

launch in October 2014 is expected to offer satellite measurements of 

global surface soil moisture with improved accuracy and resolution 

(https://smap.jpl.nasa.gov/). 

 

The Gravity Recovery and Climate Experiment (GRACE) mission has 

recently made monthly terrestrial water storage changes from March 2002 

available (Syed et al., 2009; Winsemius et al., 2006). Several kinds of 

products based on GRACE data are freely accessible on GRACE Tellus 

website http://grace.jpl.nasa.gov/. 

 

Remote sensing is generally used in three ways for runoff estimation. 

Firstly, satellite data are used directly as inputs to the rainfall-runoff 

models, such as satellite-derived precipitation, potential evapotranspiration, 

DEM and land use/land cover data. Secondly, satellite data are used as 

supporting information to calibrate runoff models to constrain parameter 

uncertainty and improve runoff estimation. For example, Immerzeel and 

Droogers (2008) and Cheema et al. (2014) used satellite evapotranspiration 

to calibrate the Soil and Water Assessment Tool (SWAT) model. 

Winsemius et al. (2008) used satellite evapotranspiration data to constrain 

model parameters. Rientjes et al. (2013) used satellite evapotranspiration 

data and measured streamflow in a multi-variable calibration framework 

for the HBV model. Thirdly, satellite data of individual water balance 

components are used to estimate runoff directly as the residual of basin-

scale water balance (Eq. (1.2)). Such application was for example 

implemented in Bastiaanssen and Chandrapala (2003) and Shilpakar et al. 

(2011) who estimated river flow for basins in Sri Lanka and Nepal 

respectively using interpolated precipitation from gauge stations and 

http://landsaf.meteo.pt/
http://www.esasoilmoisture-cci.org/
https://smap.jpl.nasa.gov/
http://grace.jpl.nasa.gov/
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satellite-derived evapotranspiration and root-zone storage changes. Gao et 

al. (2010) estimated runoff from major US river basins using satellite 

precipitation, evapotranspiration and GRACE-derived total water storage 

changes. They found that estimated runoff largely differed from observed 

values and the largest source of errors was from satellite precipitation data. 

Therefore, an integrated downscaling-calibration procedure for satellite 

precipitation is needed to obtain better precipitation data at high resolution 

to improve runoff estimation at the basin scales. This topic is reported on 

in detail in Chapter 2 of this thesis. 

 

1.3.2 Precipitation over water surface of lakes and reservoirs 
(Plake) 

Precipitation falling directly on the water surface can be measured by 

installing rain gauges over lakes and reservoirs. For large lakes and 

reservoirs, more than one gauge is needed to reasonably determine the 

spatial average precipitation. However, such measurements are often 

lacking. For most lakes and reservoirs, there are no gauging stations 

installed over the surface at all. As a result, it is still common practice to 

use precipitation measured in the nearby land or shoreline to determine 

lake precipitation.  For this purpose either directly measured precipitation 

data from one land-based gauge station or interpolated precipitation from 

several available nearby stations is used (e.g. Kebede et al., 2006; Rientjes 

et al., 2011). However, previous studies showed that for large lakes, the 

nocturnal lake-breeze effects can markedly enhance rainfall over the center 

of the lake, and hence the nearby land-based rainfall could considerably 

underestimate lake rainfall (Kizza et al., 2012; Yin and Nicholson, 2002). 

 

Satellite remote sensing can provide precipitation data over a water surface 

by measuring the atmospheric conditions in terms of precipitable water. 

Satellite precipitation data from Tropical Rainfall Measuring Mission 

(TRMM) were for example used for Lake Victoria (Awange et al., 2008; 

Swenson and Wahr, 2009), and satellite precipitation (RFE) data generated 

by NOAA Climate Prediction Center was used for Lake Turkana (Velpuri 

et al., 2012). It should be noted that satellite-based precipitation data 

requires a local calibration. Without rain gauges installed over water 

surfaces, it is impossible to conduct a decent calibration process. Therefore, 

the associated errors in estimating precipitation over lakes and reservoirs 

are not well known and ignored in most studies. The difficulties with 

installing and maintaining rain gauges over a water surface for long-term 
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periods are not easy to overcome; satellite precipitation data may thus be 

the “best” available data for water balance studies of lakes and reservoirs. 

The Global Precipitation Mission was launched on February 27, 2014 and 

is based on micro-physics of the ice and liquid particles within clouds 

using a dual frequency precipitation radar (13.6 and 35.5 GHz) 

(http://pmm.nasa.gov/). Further development of precipitation estimation 

algorithms will not contribute to the improved accuracy of satellite 

precipitation data over water surfaces only, but applies also to land 

surfaces. 

 

1.3.3 Water volume of lakes and reservoirs (Vlake) 

The volume of water stored in lakes or reservoirs is the water directly 

available for downstream users. Information on the changes or variations 

in water volume is needed in the water balance equation (Eq. (1.1)). The 

volume of water stored in lakes and reservoirs cannot be measured directly. 

The determination of water volume requires water level and water surface 

area information. Traditionally, the water volume in a lake or reservoir is 

estimated based on in-situ water levels and bathymetry maps. Water levels 

can be measured with in-situ gauging stations installed near river mouths, 

bridges, weirs and sluices. A bathymetry map can be obtained from 

hydrologic surveys, using sonar sensors on ship transects to measure the 

underwater topography. Based on the bathymetry map, a functional Area-

Level and Volume-Level relationship can be derived. The water volume 

and surface area for a given water level can then be computed. Bathymetry 

maps are usually non-existent or difficult to obtain for a given lake or 

reservoir. In addition, the number of in-situ gauging stations has decreased 

in recent years around the globe (Alsdorf et al., 2007; Calmant et al., 2008; 

Cretaux and Birkett, 2006), which makes in-situ water levels more scarce. 

 

Satellite radar and laser altimetry have been used successfully to estimate 

water levels of open water bodies with an accuracy better than 10 cm 

(Calmant et al., 2008; Cretaux and Birkett, 2006; Zhang et al., 2011a). 

Comprehensive information on the theory of satellite radar altimetry and 

various radar altimetry missions can be obtained from http://www.altimetr

y.info/. Four different satellite altimetry databases were recently made 

available to provide water levels for many lakes and reservoirs around the 

globe: (i) Global Reservoir and Lake Monitoring (GRLM),   http://www.pe

cad.fas.usda.gov/cropexplorer/global_reservoir/; (ii) River Lake Hydrology

(RLH), http://tethys.eaprs.cse.dmu.ac.uk/RiverLake/shared/main; (iii) 

http://pmm.nasa.gov/
http://www.altimetry.info/
http://www.altimetry.info/
http://www.pecad.fas.usda.gov/cropexplorer/global_reservoir/
http://www.pecad.fas.usda.gov/cropexplorer/global_reservoir/
http://tethys.eaprs.cse.dmu.ac.uk/RiverLake/shared/main
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Hydroweb, http://www.legos.obs-mip.fr/soa/hydrologie/hydroweb/; and (iv) 

ICESat-GLAS level 2 Global Land Surface Altimetry data (ICESat-GLAS), 

http://nsidc.org/data/icesat/. In addition, more advanced altimeter satellites 

are due to be launched to provide more accurate or higher resolution/ 

coverage data, such as the SENTINEL-3 mission (https://earth.esa.int/web/

sentinel/missions/sentinel-3) and the Surface Water Ocean Topography 

(SWOT)  mission (https://swot.jpl.nasa.gov/mission/).  

 

Various types (optical and radar) of satellite imagery data are available for 

water surface area determinations at a range of spatial and temporal 

resolutions. Such satellite imagery data can be used to extract the water 

surface areas (Frappart et al., 2005; Liebe et al. 2005; Medina et al., 2010; 

Peng et al., 2006; Smith and Pavelsky, 2009). Various land use/cover 

classification methods (Song et al., 2012) and specifc index-based methods 

(McFeeters, 1996; Xu, 2006) can be used for extracting water surface 

extent and further calculation of the surface area. Eilander et al. (2014) 

proposed a new Bayesian approach to delineate and extract surface areas of 

small reservoirs in Ghana using the synthetic aperture radar (SAR) imagery. 

 

Therefore, it is feasible to combine satellite altimetry and satellite imagery 

data to derive water volume and its variation in lakes and reservoirs 

without using any in-situ measurements. Its feasibility and accuracy is 

evaluated and demonstrated in this study and detailed in Chapter 3. 

 

1.3.4 Evaporation from lakes and reservoirs (Elake) 

Evaporation is generally considered to be the largest water loss for many 

lakes and reservoirs (Kizza et al., 2012). Evaporation can be measured by 

Bowen ratio or eddy covariance techniques (Assouline and Mahrer, 1993; 

Blanken et al., 2000; Stannard and Rosenberry, 1991), however, such eddy 

covariance measurements are operationally difficult and only conducted 

for a limited number of lakes and for a short period. Long-term 

measurements of evaporation from lakes and reservoirs are almost lacking 

everywhere.  

 

Many methods have been proposed for estimating evaporation from lakes 

and reservoirs, such as the water balance method, mass transfer method, 

energy balance method, combination method (Lowe et al., 2009) and 

surface renewal analysis (Mengistu and Savage, 2010). Comprehensive 

reviews of evaporation estimation methods can be found in Brutsaert (1982) 

http://www.legos.obs-mip.fr/soa/hydrologie/hydroweb/
http://nsidc.org/data/icesat/
https://earth.esa.int/web/sentinel/missions/sentinel-3
https://earth.esa.int/web/sentinel/missions/sentinel-3
https://swot.jpl.nasa.gov/mission/
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and Finch and Calver (2008). Among many methods, the energy balance 

method is generally considered as the most accurate method to estimate 

evaporation for a week or longer timescales (Rosenberry et al., 2007; 

Winter, 1981). Data requirements for the energy balance method are also 

the most intense. The energy balance combination models (e.g. Penman, 

Priestley-Taylor, De Bruin-Keijman) have been shown to generate lake 

evaporation estimates that most closely compared with the energy balance 

method (Rosenberry et al., 2007; Elsawwaf et al., 2010). The required data 

for combination methods include three to all of the following variables 

depending on the complexity of a certain method: net radiation, heat 

storage changes, air temperature, relative humidity and wind speed.  

 

In general, the estimation of evaporation from lakes and reservoirs suffers 

from two major difficulties: (i) the meteorological variables required by 

different computational methods should be measured over water surfaces, 

but this requirement is rarely met; (ii) the heat storage effect due to 

seasonal heat inertia should be considered. Such effect is caused by the 

penetration of radiation into the water body and the large heat storage 

capability of water. The result of such effect is that part of the heat energy 

will be stored in the water body during the spring and summer periods, 

while the stored heat will be released during autumn and winter periods 

(Finch and Hall, 2001). As a result, evaporation from lakes and reservoirs 

are not necessarily in phase with the net radiation. To account for the heat 

storage effect, heat storage changes can be calculated based on the water 

temperature profile (Gianniou and Antonopoulos, 2007), but such water 

temperature profile data are rarely available for the vast majority of lakes 

and reservoirs in the world (Kirillin et al., 2011). The Distributed 

Temperature Sensing (DTS) approach is showing great potential in the 

measurement of lake water temperature profile and air-water interfacial 

temperature in a lake (Selker et al., 2006; van de Giesen et al., 2012; van 

Emmerik et al., 2013). New measurement techniques (e.g. DTS) with 

lower costs are required to make measurements of necessary variables over 

water surface and within a lake practical and operational in the future. Due 

to the general lack of data regarding the above two issues at present, data 

from nearby land-based stations are often used to estimate evaporation 

from a lake or reservoir, and the heat storage change term is neglected in 

many studies. The heat storage change is generally close to zero on an 

annual time scale, but it can be significant on monthly time scales 

(Bengtsson et al., 2012) and the neglect of the heat storage change term 

can result in significant errors in lake evaporation estimates at monthly and 
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shorter timescales. Therefore, it is necessary to develop methods to 

quantify the heat storage change term based on easier available data, in 

order to improve evaporation modelling.  

 

Satellite remote sensing can provide data for several variables related to 

estimation of evaporation: solar radiation, surface albedo and surface 

temperature. Relevant products and algorithms can be found on e.g. 

https://lpdaac.usgs.gov/products/modis_products_table and http://landsaf.

meteo.pt/. According to Swenson and Wahr (2009), satellite data can also 

provide near-surface wind speed and direction, near-surface atmospheric 

humidity and temperature over the oceans and large inland water bodies. 

Satellite surface temperature data (e.g. MODIS product) have been used 

for many lakes and have been shown to be in good agreement with 

measured lake surface temperature (e.g. Reinart and Reinhold, 2008; Sima 

et al., 2013). However, currently very few studies use remote sensing data 

to estimate evaporation from lakes or reservoirs. Satellite derived wind 

speed, sea surface temperature, and near-surface atmospheric humidity and 

temperature were used with the bulk aerodynamic method to estimate 

evaporation for Lake Victoria (Swenson and Wahr, 2009); Alcantara et al. 

(2010) used a similar aerodynamic method and MODIS surface 

temperature data to estimate the latent heat flux (energy for evaporation) 

for the Itumbiara hydroelectric reservoir. Sima et al. (2013) used MODIS 

surface temperature data with the energy balance method to estimate 

evaporation for Urmia Lake, but in their study the heat storage change term 

was neglected.  

 

Given the importance of the heat storage changes term mentioned above 

and the difficulty in obtaining the measured water temperature profile data, 

this thesis puts emphasis on the development of a method to estimate the 

heat storage changes term in a simply manner. This topic is investigated in 

Chapters 4 and 5.  

 

1.3.5 Groundwater flows of lakes and reservoirs (Gi and Go) 

Groundwater inflow into and outflow from lakes and reservoirs are 

probably the most difficult water balance components to evaluate due to 

the requirements of laborious and costly measurements (Ferguson and 

Znamensky, 1981). Crowe (1993) concluded that there are three methods 

to quantify groundwater inflow into or outflow from a lake or reservoir. 

They include a field-oriented method, a numerical simulation and a water 

https://lpdaac.usgs.gov/products/modis_products_table
http://landsaf.meteo.pt/
http://landsaf.meteo.pt/
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balance method. The water balance method is the most commonly used 

one, which estimates the groundwater component as the residual in the 

water balance of a lake or reservoir. As a result, this method requires other 

water balance components to be known and can only estimate the net 

groundwater flow (the difference between groundwater inflow and outflow) 

rather than individual inflow and outflow components (Crowe, 1993; 

Kirillin et al., 2013). Coupled with the water balance method, 

environmental isotopes techniques have been used to separately quantify 

the groundwater inflow and outflow of lakes (Gurrieri and Furniss, 2004; 

Kluge et al., 2012; Nachiappan et al., 2002; Turner et al., 1984). The 

environmental isotopes techniques require laborious field sampling 

measurements which are only conducted in dedicated scientific studies. 

 

Crowe and Schwartz (1985) pointed out that quantifying groundwater 

inflow and outflow from lakes is cumbersome and it is more convenient to 

assume groundwater flows to be negligible. For example, groundwater 

inflow and outflow were assumed negligible for Lake Victoria (Piper et al., 

1986), Lake Tana (Rientjes et al., 2011), Lake Malawi (Kumambala and 

Ervine, 2010), Lake Turkana (Velpuri et al., 2012), Lake Alemaya (Setegn 

et al., 2011a) and Lake Edward (Russell and Johnson, 2006). However, 

hydro-geologists argue that this is physically impossible. 

 

The application of satellite remote sensing in groundwater studies appears 

to be limited. The main reason is that satellites can measure variables 

mainly on the surface or to a very limited depth under the surface (e.g. 

surface soil moisture). Therefore, the current application of satellite remote 

sensing is to provide several relevant surface variables as inputs, or 

supporting information to groundwater models. Leblanc et al. (2007) for 

example used satellite imagery data to map recharge and discharge areas, 

and then imported the map into a groundwater model. Satellite soil 

moisture data have potential to support inferring groundwater dynamics, 

and can be used with in-situ discharge to calibrate groundwater models 

(Sutanudjaja et al., 2014).  

 

It is worth noting that since the launch of GRACE mission in March 2002, 

there are an increasing number of studies that explored the application of 

GRACE data to monitor groundwater storage changes at large basin scales. 

However, the benefit of GRACE in quantifying the groundwater inflow 

and outflow of a lake or reservoir is limited. A first major limitation is its 

coarse resolution, which makes it suitable only for basins greater than 
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200,000 km
2 

(Rodell and Famiglietti, 2001). Becker et al. (2010) 

mentioned that the latest GRACE data have improved spatial resolution 

and allow for studying smaller basins. The second issue is that GRACE 

basically measures the terrestrial water storage changes including changes 

in surface water, snow water equivalent, canopy water, soil moisture and 

groundwater components (Proulx et al., 2013). To extract the groundwater 

component from GRACE data, the information on other components 

(surface water, snow, canopy water and soil moisture) is needed either 

from in-situ measurements or model simulations. Such extraction 

procedure is not straightforward. Third, GRACE data are mainly used to 

explore the vertical water storage variation with time not specifically for 

the absolute quantity and the horizontal groundwater flow. Therefore, the 

usefulness of GRACE data to quantify groundwater inflow and outflow 

into lakes and reservoirs still requires more investigation. 

 

1.3.6 Surface outflow from lakes and reservoirs (Olake) 

The surface outflow from lakes and reservoirs is the water released to 

downstream multiple sectors. Figure 1.4 shows water released from a dam. 

For upstream water level control of lakes or reservoirs, outflow can be 

estimated using water level (h) and the predefined level-outflow functional 

relationship Q(h) or  rating curve (Nicholson et al., 2000; Piper et al., 

1986). The Q(h) relationship pertains to site-specific hydraulic structures 

such as gates, weirs and turbines (e.g. Bos, 1989). Historical in-situ 

measurements of Q and h are needed to reconstruct the rating curve. The 

Q(h) relationship is usually not available for lakes and reservoirs. In 

addition, the Q(h) relationship may change over time for the same lake or 

reservoir due to hydraulic modifications and clogging features. 

 

In the absence of a locally calibrated Q(h) relationship, the universal 

method for estimating outflow is to quantify independently all other water 

balance components of lakes and reservoirs and then compute outflow as a 

residual term in the water balance. The application of remote sensing 

technology to estimate all water balance components of Eq. (1.1) has been 

addressed in this brief review. Swenson and Wahr (2009) estimated the 

outflow from Lake Victoria using satellite remote sensing data and limited 

ground measurements. In their study, the changes in lake level were 

estimated from satellite altimetry data; precipitation over land catchments 

and the lake were estimated from TRMM 3B43 monthly data; lake 

evaporation was estimated using the bulk aerodynamic formulae, and all 
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required input were parameterized using surface pressure from ECMWF 

operational analyses and satellite-derived wind speeds, sea surface 

temperatures, and near-surface atmospheric humidity; lake surface inflows 

were modelled as being proportional to precipitation and lake subsurface 

flows were modelled as being proportional to the water storage changes 

derived from GRACE data; during modelling of lake surface and 

subsurface inflow, the measured outflow were used to determine several 

associated coefficients. After the coefficients were determined, the authors 

further estimated lake outflow as a residual in the water balance, but they 

found large errors in the estimated outflow and concluded that currently 

available satellite data were not sufficiently accurate to estimate the 

outflow from Lake Victoria as a residual. 

 

 
Figure 1.4 Water release from a dam. Source: http://bentoncountywater.co

m/photos  

 

1.4 Objective and research questions of the thesis 
 

The general objective of this thesis was to determine the key water balance 

components of lakes and reservoirs from earth observation measurements. 

Several main research questions were formulated: 

 

(1) Is it possible to obtain improved satellite precipitation estimates at 1 km 

resolution through an integrated downscaling and calibration 

procedure? 

http://bentoncountywater.com/photos
http://bentoncountywater.com/photos
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(2) Is it possible to derive the water volumes of lakes and reservoirs 

using only satellite measurements without any in-situ data? 

(3) Is it possible to estimate the heat storage changes in lakes and 

reservoirs using easily available data? 

(4) Can the newly developed method for heat storage changes improve 

modelling of evaporation from lakes and reservoirs?  

(5) Can we predict the outflow from lakes and reservoirs from routinely 

and accessible earth observation databases? 

 

1.5 Outline of the thesis 
 

Chapter 2 deals with precipitation. An integrated downscaling and 

calibration procedure was proposed to obtain the “best” precipitation 

estimates at 1 km resolution for hydrological studies at regional and basin 

scales. The new version 7 of TRMM (Tropical Rainfall Measuring Mission) 

3B43 precipitation product was used. The proposed procedure was tested 

for a humid area and a semi-arid area. 

 

Chapter 3 focuses on the topic of water volume variations in lakes and 

reservoirs. A new method was proposed for estimating water volume 

changes in lakes and reservoirs from four available satellite altimetry 

databases in combination with satellite imagery data, without any in-situ 

measurements and bathymetry maps. The accuracy was evaluated for three 

different lakes/reservoirs. 

 

In Chapter 4 the importance of heat storage changes in lakes and reservoirs 

on evaporation estimation was demonstrated first because this aspect is 

often ignored by hydrologists. Through a comprehensive literature survey 

of 22 lakes from various parts of the world, a new hysteresis model was 

proposed for estimating heat storage changes in lakes using easily available 

data.  

 

Chapter 5 focuses on the modelling of evaporation from lakes and 

reservoirs. A new energy balance-based evaporation equation based on 

sensible heat flux was proposed and compared with the De Bruin-Keijman 

model and commonly used Penman evaporation model. The performance 

of the estimated heat storage changes by the newly developed heat storage 

model on modelling lake evaporation was investigated for five selected 

lakes.  
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Chapter 6 brings together all new methods proposed in Chapters 2-5 to a 

case study of the water balance of poorly gauged Lake Tana in Ethiopia.  

 

Finally, Chapter 7 summarizes and concludes the findings of this thesis. 

The recommendations for future research are also provided in this final 

chapter.  
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Lake Hallstatt, Austria 

Photo by Zheng DUAN 
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2 
2 First results from Version 7 

TRMM 3B43 precipitation product 
in combination with a new 

downscaling–calibration 
procedure1 

 

 

2.1 Introduction 
 

Precipitation is a major component of the hydrological cycle and thus in a 

sense governs the renewable water resources that affect economical, 

ecological and agricultural development. Precipitation is a complex natural 

phenomenon which is characterized by a significant variability both in time 

and space (Bohnenstengel et al. 2011; Marzano et al. 2010). Accurate data 

on precipitation at higher spatial and temporal resolution is highly 

desirable for manifold reasons. A small error in rainfall estimates translates 

into a significant error in surface runoff estimates, and hence predicted 

available water resources for allocation and multi-sector withdrawals. 

Conventional measurements from rain gauges cannot provide an adequate 

and reliable spatial representation of precipitation due to the spatial 

limitation of point-based measurements and relatively sparse distribution 

of gauge networks (Javanmard et al., 2010). Remote sensing can 

                                                 
1
 Based on: Duan, Z., & Bastiaanssen, W.G.M. (2013). First results from 

Version 7 TRMM 3B43 precipitation product in combination with a new 
downscaling-calibration procedure. Remote Sensing of Environment, 
131, 1-13 
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potentially solve this limitation by directly providing spatial rainfall over 

large areas. Some typical problems related to the large pixel size (e.g. 0.25°) 

needs to be resolved first though.  

 

The Tropical Rainfall Measuring Mission (TRMM) with the first space-

borne precipitation radar provides a range of rainfall products since 1997 

(Kummerow et al., 2000). TRMM precipitation data have been widely 

evaluated with a better performance (e.g. Dinku et al., 2007) and used for 

many applications such as hydrological modeling (Li et al., 2012; Su et al., 

2008; Swenson and Wahr, 2009), flood prediction (Li et al., 2009), rainfall 

erosivity estimation (Vrieling et al., 2010) and climatological studies 

(Islam and Uyeda, 2007). Many studies have mentioned the high 

variability of precipitation at small scales (e.g. Krajewski et al., 2003). 

Rainfall can vary significantly across a 4 km x 4 km GOES-12 satellite 

pixel. Within this satellite pixel two rain gauges could have 36.5% 

variability in rainfall (Harmsen et al., 2008). The same applies for a 2 km x 

2 km radar pixel (Anagnostou et al. 1999). Calibration and downscaling 

solutions for TRMM 3B43 (at 0.25° resolution) is thus very important. 

 

Combining satellite rainfall data with rain gauge data can greatly improve 

the accuracy of rainfall estimates (Boushaki et al., 2009; Cheema and 

Bastiaanssen, 2012; Li and Shao, 2010). However, the significant 

discrepancy of spatial scale between satellite pixels versus pointed-based 

rain gauges requires either development of calibration procedures against 

ground-based rainfall radar systems, or the downscaling of TRMM 3B43 

data to have a more fair comparison against rain gauges. Immerzeel et al. 

(2009) and Jia et al. (2011) worked on spatial downscaling of TRMM 

3B43 precipitation to generate the 1 km annual precipitation in the Iberian 

Peninsula and Qaidam Basin of China, respectively. In this study, we focus 

on improving their methodology further and investigate precipitation at the 

monthly time scale. We suggest a particular sequence of steps to be taken 

in the calibration process. 

 

The latest version (Version 7) of the TRMM products was posted on public 

websites on May 22 (2012). Compared to the previous Version 6, several 

improvements were implemented in the Version 7 products. Specifically 

for the TRMM 3B43 product which was used in this study, the Version 7 

product includes additional satellite data, a uniform data reprocessing and 

calibration scheme, and single use of Global Precipitation Climatology 

Centre (GPCC) monthly rain gauge analysis. The detailed information on 
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data processing and improvements can be found in the technical document 

available at: ftp://precip.gsfc.nasa.gov/pub/trmmdocs/3B42_3B43_doc.pdf. 

Our testing analysis showed that there were significant differences in 

TRMM 3B43 data between Version 7 and Version 6 products for both 

study areas, i.e. Lake Tana Basin (LTB) and the Caspian Sea Region 

(CSR). Version 7 product has a better accuracy compared to our previous 

evaluation of Version 6 product (Duan et al., 2012). The comparison and 

evaluation of the Version 6 and Version 7 TRMM 3B42 daily precipitation 

data were recently conducted by Liu et al. (2012) for Meichuan watershed 

in China. 

 

Validation and calibration is most often based on comparing data from 

single gauging stations with TRMM pixels (e.g. Almazroui, 2011; Condom 

et al., 2011; Heidinger et al., 2012; Islam and Uyeda, 2007), which suffers 

from the scale mismatch issue; the assumption is that a single gauging 

station can be representative of the precipitation of an area of 625 km
2
 

(0.25°~25 km). This scale mismatch (point-scale versus 0.25° pixel-scale) 

could be solved to some extent in two ways. One solution is to only select 

TRMM pixels that contain multiple rain gauges and use the mean value as 

the ground truth for that pixel; this option was used in many previous 

studies (e.g. Chokngamwong and Chiu, 2008; Nicholson et al., 2003; Yong 

et al., 2010). However, this is only feasible when a high density of rain 

gauges is present. Another solution is to downscale the coarse pixel to a 

finer pixel. This solution is more practical given the general lack of dense 

enough rain gauge networks, especially in developing countries. This study 

therefore proposes downscaling 0.25° TRMM 3B43 pixels to 1 km dis-

aggregated values, because the resulting 1 km pixels can be compared 

better against individual rain gauges. In addition, such finer resolution is 

also needed for the hydrological studies at basin and regional scales. 

Downscaling procedures often involve some assumption which holds true 

for specific areas and at specific time scales. The downscaled product is 

not a true measurement of rainfall, and it is an estimation only. 

 

Such a downscaling procedure involves the relationship between one 

variable at coarse scale and another variable at a higher spatial resolution. 

Various downscaling techniques were developed for large pixel sizes such 

as for land surface temperature (e.g. Agam et al., 2007; Merlin et al., 

2010b) and soil moisture (e.g. Merlin et al., 2009, 2010a). Although 

precipitation depends on several factors such as general atmospheric 

circulation processes and land evaporation (van der Ent et al., 2010), the 

ftp://precip.gsfc.nasa.gov/pub/trmmdocs/3B42_3B43_doc.pdf
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vegetation response on annually scale has been found to have a positive 

relationship with precipitation (e.g. Malo and Nicholson, 1990; Nicholson 

et al., 1990; Martiny et al., 2006). Recently, Immerzeel et al. (2009) 

showed that 0.25° TRMM precipitation and 1 km NDVI (Normalized 

Difference Vegetation Index) datasets for the Iberian Peninsula have a 

statistical relationship and they used this relationship to obtain 1 km annual 

precipitation. Jia et al. (2011) used a combination of NDVI and DEM in 

the Qaidam Basin of China to downscale TRMM 3B43 precipitation to 1 

km annual precipitation. Many studies have reported that the NDVI 

response to precipitation has a time lag (Immerzeel et al., 2005), which 

could be up to 2-3 months (Quiroz et al., 2011). This implies that it is not 

feasible to use the NDVI downscaling method directly for monthly and 

daily time scales.  

 

The main objective of this study was to obtain the “best” precipitation 

estimates at 1 km resolution through an integrated downscaling and 

calibration procedure for hydrological studies at regional and basin scales. 

The specific objectives include: 

 

 Evaluation of a downscaling method based on NDVI in complex 

mountainous terrain with a distinct variability of climatic rainfall zones 

(Lake Tana Basin and the Caspian Sea Region) based on earlier work of 

Immerzeel et al. (2009) and Jia et al. (2011).  

 Evaluating and extending the local calibration method GDA 

(Geograhical Difference Analysis) developed by Cheema and 

Bastiaanssen (2012).  

 Evaluation of a simple procedure for disaggregation of annual 

precipitation into monthly precipitation maps.  

 Investigate whether a monthly-based calibration procedure after 

disaggregation and calibration at the annual time scale can improve the 

overall accuracy of precipitation estimates.  

 Apply the package of integrated downscaling and calibration for a 

humid and arid climate in developing countries with a complex terrain 

where ground based, dense rain gauge networks are scarce. 

 



2. TRMM precipitation with new downscaling–calibration procedure 

27 

2.2 Study areas 

2.2.1 Lake Tana Basin 

Lake Tana Basin (LTB) is located in the northwestern highlands of 

Ethiopia (Figure 2.1). It covers a total surface area of 15,100 km
2
 including 

the Lake Tana area. The surface water area of Lake Tana ranges from 2966 

to around 3100 km
2 

according to the seasonal fluctuation of 1.6 m in lake 

level (Duan and Bastiaanssen, 2013a). The elevation ranges from 1791 to 

4084 m above mean sea level. The mean annual precipitation is around 

1395 mm/year based on the analysis of available rain gauge data between 

1998 and 2004. The climate of LTB is tropical highland monsoon with a 

rainy season (June-September) and a dry season (October-March). The 

seasonal distribution of rainfall over LTB and Upper Blue Nile is mainly 

controlled by the north-south movement of the Inter Tropical Convergence 

Zone (ITCZ) ((Taye et al., 2011; Taye and Willems, 2012). The air 

temperature shows a large diurnal but small seasonal variability, and the 

mean annual temperature is 20°C (Setegn et al., 2011b). Lake Tana is the 

source of the Blue Nile River and the Blue Nile River contributes more 

than 60% of total flow into the Nile River at Aswan in Egypt (Uhlenbrook 

et al., 2010). The upper Blue Nile Basin including LTB is considered to be 

the largest and economically imperative water resources for Ethiopia (Taye 

and Willems, 2012). The sustainable management of water resources is of 

great importance for Ethiopia and other Nile Basin riparian countries. 

However, limited reliable hydrological and climatic data (especially for 

rainfall data) in the Blue Nile Basin hampers the preparation of solid water 

management plans (Bitew and Gebremichael, 2011; Tekleab et al., 2011; 

Uhlenbrook et al., 2010).  

 

2.2.2 Caspian Sea Region 

The Caspian Sea Region (CSR) in Iran covers eight provinces which are 

located along the coastal area (Figure 2.2). It has a total land area of 

225,365 km
2
. The terrain is complex with elevation ranging from 28 m 

below mean sea level to 5595 m above mean sea level. Due to this 

complex topography and location near a large inland lake, the CSR 

exhibits diverse climatic conditions. The south and southeast part of the 

CSR are arid and semi-arid regions with annual precipitation being less 

than 300 mm/year; for some parts the annual rainfall is only 20 mm/year. 

The north part along the coastline has a humid subtropical climate in which 
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annual precipitation is more than 1000 mm/year and can exceed 2000 

mm/year in certain years. The complex terrain and large spatial variability 

of precipitation makes the CSR an ideal study area for the evaluation of 

satellite precipitation products. Most precipitation occurs during the period 

October-April with the peak rainfall occurring in November with average 

70 mm/month. June-August is the dry and hot period with lowest rainfall 

(11 mm/month). August is the hottest month (27 °C) and the temperature 

drops to 4 °C during January.  

 

2.3 Datasets and processing 

2.3.1  Rain gauge data 

For LTB, monthly total rainfall data from 16 rain gauge stations (RGS) 

were obtained from the Ethiopian National Meteorological Agency 

(ENMA). The available period is 1998-2004. The locations of the 16 RGS 

are shown in Figure 2.1. Eleven RGS are within the LTB and 5 RGS are 

located around LTB. Analysis shows that during 1998-2004 the average 

annual rainfall was 1395 mm/year. The year 2004 represents the average 

year with 1336 mm, and the year 1999 the wettest year with 1532 mm/year. 

The year 2002 was the driest with 1242 mm/year. We tested the 

downscaling and calibration procedures for these three typical years to 

evaluate the performance in different climatic conditions.  

 

For the CSR, 40 RGS which have continuous good monthly data between 

1999-2003 were used in this study. These data were obtained from Islamic 

Republic of Iran Meteorological Organization (IRIMO). The 40 RGS are 

spread relatively evenly throughout the CSR (see Figure 2.2). During the 

five-year period, the average annual precipitation was 442 mm/year. The 

years 2000, 2001 and 2003 were the average (438 mm/year), the driest 

(370 mm/year) and the wettest (521 mm/year) years respectively. Similar 

to LTB, we also studied these three typical years for CSR.  

 

For the rain gauge data, a half set was used for calibration and the 

remaining half set was used for independent validation. The separation of 

the RGS for calibration and validation was done as follows: for the LTB, 

all available seven-year period (1998-2004) average annual precipitation 

from all 16 RGS were first calculated and sorted in lowest-highest 

sequence 1-16; then seven RGS with odd numbers from 1-13 plus number 
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16 were considered as calibration RGS; the others were validation RGS. 

This separation makes the calibration to cover the whole range of 

precipitation including lowest and highest values. This way of separation 

was also done on the 40 RGS in the CSR to result in 20 calibration, and 20 

validation RGS, based on the average annual precipitation of the five-year 

period (1999-2003). 

 

2.3.2 Version 7 TRMM 3B43 data 

The Tropical Rainfall Measuring Mission (TRMM) was launched in 

November 1997 as a joint project by NASA and the Japanese Space 

Agency (JAXA). A range of products from TRMM are generated and 

released for free application via several websites. The TRMM Multi-

satellite Precipitation Analysis (TMPA) was designed to combine all 

available precipitation datasets from different satellite sensors and monthly 

surface rain gauge data to provide a “best” estimate of precipitation at 

spatial resolution of 0.25° for the 50°N-S areas (Huffman et al., 2007). One 

of TMPA products is the TRMM 3B43 monthly data, and it was used in 

this study. The latest Version 7 was released during May 2012 and used in 

this study. The Version 7 TRMM 3B43 monthly precipitation data in 

NetCDF format were obtained from http://mirador.gsfc.nasa.gov. The 

annual TRMM 3B43 precipitation data were also generated by 

accumulating all 12 monthly data sets. 

 

2.3.3 SPOT-NDVI data 

The SPOT VGT-S NDVI data at 1 km spatial resolution were obtained 

from http://www.spot-vegetation.com/. The VGT-S NDVI product is the 

synthesized NDVI for 10-day period. The 10-day periods were defined as 

the 1
st
 to 10

th
, the 11

th
 to the 20

th
 and the 21

st
 to the end of each month. 

There are three NDVI images for each month. The VGT-S product has 

been preprocessed for geometric, radiometric and atmospheric corrections. 

The atmospheric correction is based on the Simplified Method for 

Atmospheric Corrections (SMAC) (Rahman and Dedieu, 1994) (SPOT 

VEGETATION user guide: http://www.spot-vegetation.com/pdf/prod2.pd

f). Therefore, no further pre-processing of the SPOT VGT-S product is 

needed for practical application (Chen et al. 2004). The maximum value 

compositing (MVC) can be used to minimize the atmospheric effects and 

cloud contamination in the NDVI time-series data (Jia et al., 2011; Stow et 

al. 2004); hence the month maximum value composite NDVI images were 

http://mirador.gsfc.nasa.gov/
http://www.spot-vegetation.com/
http://www.spot-vegetation.com/pdf/prod2.pdf
http://www.spot-vegetation.com/pdf/prod2.pdf
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derived from corresponding three 10-day NDVI products. The annual 

NDVI images were computed by averaging the 12 month maximum value 

composite NDVI images. The average annual NDVI for LTB and the CSR 

for each typical year was generated and used for downscaling annual 

TRMM 3B43 precipitation data. 

 

2.4 Methodology 

2.4.1 General 

The original Version 7 annual TRMM 3B43 precipitation analyzed in this 

study is labeled as V7. Different downscaling and calibration procedures 

were performed to V7 and this generated different results. The original 

TRMM 3B43 annual precipitation data were downscaled into 1 km 

resolution using the relationship between TRMM 3B43 precipitation and 

NDVI at annual scale. This downscaled precipitation was labeled as DS. 

Based on the downscaled precipitation (DS), the GDA and GRA 

calibration method with rain gauge data were conducted to generate the 

calibrated downscaled precipitation data which were labeled as DSGDA 

and DSGRA, respectively. The original TRMM 3B43 annual precipitation 

at 0.25° was also validated. This result was used as a baseline to see if the 

downscaling procedure improved results. After that the best precipitation 

data was adopted to disaggregate the annual precipitation into monthly 

values using a simple weighting disaggregation method. This monthly 

precipitation was labeled as DSdis. The GDA calibration method 

developed for annual values was repeated at the monthly scale and the 

resulting monthly precipitation was labeled as DSdisGDA. 

 

2.4.2 Downscaling of un-calibrated TRMM 3B43 annual 
precipitation 

Key elements of our downscaling method are based on Immerzeel et al. 

(2009) and Jia et al. (2011). The initial analysis in both LTB and the CSR 

showed that there is no clear relationship between precipitation and DEM. 

The inclusion of DEM for downscaling did not improve the downscaling 

result, a conclusion that was also drawn before in the Pangani Basin in 

Tanzania (Verlinde, 2011). Therefore, in this study we only used the NDVI 

for downscaling. Immerzeel et al. (2009) determined the relationships 

between TRMM precipitation and NDVI at different resolutions from 0.25° 
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to 1.25° and found the TRMM-NDVI regression function at 0.75° gave the 

best fit (highest R
2
 value) for the Iberian Peninsula. Jia et al. (2011) 

reported that the regression R
2 

value established at different resolutions is 

not a good indicator for selecting the function for final downscaling 

purposes and they found that the regression function established at 0.50° 

with the lowest R
2
 gave the best result for Qaidam Basin of China. 

Considering the fact that the number of pixels is decreased with increasing 

resolution (e.g. from 0.25° to 0.50° etc.), which in turn reduces the 

statistical significances of the regression analysis. Therefore, we only used 

the fitting function at 0.25° scale (the original resolution of TRMM 3B43) 

for establishment of NDVI-TRMM relationship for downscaling in this 

study. 

 

It should be noted that certain NDVI values are not related to precipitation, 

and should therefore not be included in the NDVI-TRMM regression 

analysis. Jia et al. (2011) used the local Moran’s Index (Anselin, 1995) to 

identify outliers of NDVI values which are not governed by precipitation. 

Verlinde (2011) used land cover information to exclude certain NDVI 

pixels from the NDVI-precipitation relationship. We also followed this 

procedure to derive the local Moran’s Index for the NDVI data for each 

study area for each year. A very small number of NDVI values were found 

to have a negative Moran’s Index but with large P values. The large P 

values indicated that local Moran’s Index is statistically insignificant 

(ArcGIS Desktop Help, 2012). Even after excluding these NDVI values 

with a negative Moran’s Index, there was very little difference in the 

established TRMM-NDVI regression function compared to having them 

included. Thus, the local Moran’s Index was not suitable for identifying 

the NDVI values which should be excluded for NDVI-TRMM relationship 

establishment in the LTB and the CSR. It should be noted that the NDVI 

values in the Lake Tana water body are negative and should be exclude 

from the downscaling procedures. This definitely limits the use of the 

NDVI-based downscaling method for precipitation over water bodies. 

Hence in this study all NDVI data except negative NDVI values were used 

for establishing the relationship between NDVI and TRMM 3B43. The 

annual precipitation over water bodies were finally estimated by simply 

interpolating the neighboring pixels with downscaled precipitation using 

IDW interpolator. In the future, the precipitation over the water body 

surface can be refined using for instance the method by Kizza et al. (2012). 
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The specific steps used for downscaling are described as follows: 

 

(i) Sum the Version 7 TRMM 3B43 monthly precipitation to annual 

precipitation (PTRMM
uncal-0.25º

). 

(ii) Aggregate 1 km NDVI annual average values (NDVI
1km

) from 1 km 

to 0.25º by pixel averaging (i.e. NDVI
0.25º

). 

(iii) Establish an empirical functional relationship between NDVI
0.25º

 and 

un-calibrated PTRMM
uncal-0.25º

 for a certain year and a particular study 

area. Various regression models were tested and the regression 

model which passed the significance test (P < 0.05) and with highest 

R
2
 was finally selected and used for further downscaling. 

(iv) Estimate annual precipitation at 0.25º from NDVI
0.25º

 using the 

regression function derived in step (iii) (i.e. PNDVI
0.25º

). 

(v) Prepare a residual map at 0.25º by computing the difference between 

PTRMM
uncal-0.25º

 and PNDVI
0.25º

 (i.e. Pres
0.25

). This residual was 

considered as the amount of annual precipitation that cannot be 

predicted by the regression model selected in step (iii). 

(vi) Interpolate Pres
0.25º

 into a grid of 1 km pixels using a simple spline 

tension interpolator (i.e. Pres
1km

). The simple spline tension 

interpolate was selected due to two reasons: firstly the residual 

Pres
0.25º

 data are regular-spaced and the spline interpolator is typically 

used for this kind of data (Immerzeel et al., 2009); secondly, initial 

testing analysis showed that the spline tension interpolator 

outperformed other interpolators such as IDW and kriging. 

(vii) Estimate annual precipitation at 1 km from NDVI
1km

 using the 

regression equation derived in step (iii) (i.e. PNDVI
1km

). 

(viii) Correct the values of PNDVI
1km

 by adding the residual correction term 

Pres
1km

 obtained in step (vi) to generate the final downscaling 

precipitation (i.e. PTRMM
uncal-1km

). This correction of the residual 

precipitation is an essential step for the final downscaling. We tested 

the processing with the residual added back and without residual 

added back. The addition of the residual precipitation appears to 

create more accurate results. 

 

2.4.3 GDA and GRA calibration of downscaled precipitation 

The GDA (Geographical Differential Analysis) calibration method was 

developed by Cheema and Bastiaanssen (2012). They compared the 

regression analysis calibration method with GDA and concluded that GDA 

gave better results for the Indus Basin. Initially the common regression 
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analysis calibration method was also tested, and the comparative analysis 

showed the superiority of GDA. Therefore, the GDA calibration method 

was used in the current study to minimize the difference between the 

downscaled annual precipitation and the measurements from rain gauge 

stations. The processing steps are:  

 

(ix) Compute the difference between PTRMM
uncal-1km

 data and the 

measured rainfall from rain gauges for geographical areas that 

contain at least one gauge (i.e. Perror
point

). 

(x) Interpolate Perror
point

 into a grid of 1km using Inverse Distance 

Weighting (IDW) interpolation technique (i.e. Perror
1km

). The point-

based error data are not regularly-spaced, but are instead randomly 

distributed. We tested various interpolators such as IDW, spline and 

kriging. The spline interpolator generated the most smooth map but 

with unacceptable extreme low and high values. Kriging resulted in 

maps with strong spatial trends with an artificial spatial behavior. 

IDW outperformed other methods and thus was consistently used for 

interpolation of this kind of randomly distributed point-error to 1 km 

error map in this study.  

(xi) Add the likely errors Perror
1km

 to the un-calibrated PTRMM
uncal-1km

 to 

obtain the final calibrated precipitation (i.e. Pcal-GDA).  

 

Instead of studying differences between TRMM and rain gauges as 

geographical differences, it is also feasible to study the geographical ratios, 

i.e. GRA (Geographical Ratio Analysis). In GRA, the ratio of measured 

precipitation from rain gauges (RGS) to PTRMM
uncal-1km

 data was computed 

as: 

 

(xii) Pratio
point

 = RGS / PTRMM
uncal-1km

  

 

Followed by the same interpolation (IDW) to move from point values 

(Pratio
point

) to 1 km pixel ratio map (Pratio
1km

). Finally the GRA calibrated 

precipitation (Pcal-GRA) was obtained by multiplying the PTRMM
uncal-1km

 by 

the map of interpolated ratios Pratio
1km

: 

 

(xiii) Pcal-GRA = PTRMM
uncal-1km

 * Pratio
1km
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Figure 2.1 Geographic situation and elevation of the Lake Tana Basin in 

Ethiopia. The locations of the rain gauges are superimposed. 

 

 
Figure 2.2 Geographical situation and elevation of the Caspian Sea Region 

in Iran. The locations of the rain gauges are superimposed. 
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Figure 2.3 The regression function of annually averaged NDVI and annual 

precipitation from original TRMM 3B43 at the 0.25° scale for the average 

precipitation year 2004 for Lake Tana Basin. 

 

 
Figure 2.4 Annual precipitation of Lake Tana Basin for the average 

precipitation year 2004. (a) original TRMM 3B43; (b) downscaled 

precipitation; (c) downscaled precipitation with GDA calibration; (d) 

downscaled precipitation with GRA calibration. (a) is at 0.25° resolution, 

(b)-(d) are at 1 km resolution.  
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Figure 2.5 Scatterplot of the measured annual precipitation from 8 

validation rain gauge stations versus the estimated precipitation data from 

original TRMM 3B43 (V7), downscaled (DS), calibrated downscaled using 

GDA method (DSGDA) and using GRA method (DSGRA) for all 1999, 

2002 and 2004 for Lake Tana Basin. There are 24 (8 ∗ 3 years) pairs of 

comparison points for each procedure in this figure. 

 

 
Figure 2.6 Scatterplots of the measured monthly precipitation from 8 

validation rain gauge stations versus estimated monthly precipitation from 

DSdis (a) and from DSdisGDA (b) for all 1999, 2002 and 2004 for Lake 

Tana Basin. 
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Table 2.1 Statistics of validation results using 8 independent validation 

rain gauge stations on annual scale for three typical years for Lake Tana 

Basin. 

Year Datasets 
Mean 

(mm/year) 
R

2 
RMSE 

(mm/year) 
MAE 

(mm/year) 
Bias 

1999 

(wet) 

RGS 1534     

V7 1536 0.49 434 344 0 

DS 1590 0.75 376 313 0.04 

DSGDA 1573 0.68 290 245 0.03 

DSGRA 1560 0.67 291 243 0.02 

2002 

(dry) 

RGS 1285     

V7 1229 0.6 294 239 −0.04 

DS 1268 0.69 256 217 −0.01 

DSGDA 1296 0.61 245 188 0.01 

DSGRA 1290 0.6 246 191 0 

2004 

(average) 

RGS 1372     

V7 1250 0.68 240 175 −0.09 

DS 1298 0.83 155 127 −0.05 

DSGDA 1382 0.75 161 124 0.01 

DSGRA 1384 0.75 162 125 0.01 

3 years 
(1999, 

2002, 

2004) 

RGS 1397     

V7 1339 0.42 333 253 −0.04 

DS 1385 0.59 277 219 −0.01 

DSGDA 1417 0.68 238 186 0.01 

DSGRA 1411 0.68 239 186 0.01 

 

2.4.4 Disaggregation from annual precipitation into monthly 
values 

Generally, the response of vegetation to precipitation has a lag time 

(Immerzeel et al., 2005). This lag time can be 2 to 3 months in semi-arid 

areas (Quiroz et al., 2011). As a consequence, downscaling of monthly 

precipitation using NDVI as a regression variable is not feasible. Verlinde 

(2011) tried downscaling TRMM 3B43 precipitation data using the NDVI-

TRMM relationship at monthly scales and reported that this was not 
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feasible. We used the fraction derived from original TRMM 3B43 monthly 

data to disaggregate (breakdown) the annual calibrated 1 km precipitation 

maps into maps at monthly time steps. This simple disaggregation 

procedure is based on the assumption that the monthly fractions as defined 

in Eq. (2.1) are more accurate than the absolute values of the un-calibrated 

original TRMM 3B43 precipitation maps: 

           
        

∑         
  
   

                                 (2.1) 

where the numerator OrgTRMMi represents the precipitation that occurs 

during the i
th

 month as estimated from the original TRMM
 
3B43 product, 

and the denominator is the annual total value. Note that the sum of the 

fractions is always unity one and the spatial resolution of fractions is 0.25
º
. 

The 0.25
º
 fractions were further interpolated into a spatial resolution of 1 

km which is consistent with the downscaled-calibrated annual precipitation. 

Similar to the residual data in the downscaling procedure (Section 4.2), the 

fractions are also regularly-spaced. Therefore, the spline tension 

interpolator was used for the sake of consistency. In addition, we also 

applied the same procedure for calibration with the local rain gauge on a 

monthly time step. That is just a repetition of steps (ix) to (xiii) described 

in Section 4.3 of the GDA calibration process for each individual month. 

Two options of GDA calibration can be conducted at monthly scales: one 

option is that the disaggregated monthly values are generated first followed 

by the GDA calibration (Absolute-GDA); the other option is that the GDA 

method is used to firstly calibrate the monthly fractions, followed by 

calibrated monthly fractions to generate the disaggregated monthly values 

(Fraction-GDA). Both options were conducted in this study, but their 

results were almost identical. Only the results using the Absolute-GDA 

were reported in this study. 

 

2.4.5 Validation 

The rain gauge data not used for calibration were used to validate all the 

results of the alternative procedures described before. The coefficient of 

determination (R
2
), the root mean square error (RMSE), and the Bias were 

used to evaluate results. RMSE was considered to be more sensitive to the 

extreme values, thus mean absolute error (MAE) was also computed for 

evaluation (e.g. Yong et al., 2010).  

     √
∑ (     )

  
   

 
                                  (2.2) 
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∑   
 
   

                                         (2.3) 

    
∑ |     |
 
   

 
                                       (2.4) 

where P is the satellite-based precipitation; M is the measured rainfall from 

validation RGS; i is the index of comparison pairs and n is the total number 

of comparison pairs.  

 

2.5 Results and discussion 

2.5.1 Lake Tana Basin 

2.5.1.1. Annual results 
The scatterplot of the average NDVI for the entire year versus PTRMM

uncal-

0.25º
 is shown in Figure 2.3 (the average rainfall year 2004 was taken as an 

example). It can be seen that there is a general positive relationship 

between the annually average NDVI and TRMM 3B43 annual 

precipitation until the high-end value in precipitation (1800 mm/year), 

which confirms that green landscapes in the highlands of Ethiopia respond 

to rainfall. However, it should be noted that in Figure 2.3 the NDVI 

consistently increases from 0.3 to 0.52 with increasing annual precipitation 

until 1400 mm/year, and the relationship is more disperse when 

precipitation is greater than 1400 mm/year. For example at a NDVI of 0.52, 

the annual precipitation can range from 1100 mm to 1800 mm. Martiny et 

al. (2006) presented the relationship between NDVI and annual rainfall in 

Tropical Africa at 0.5º scales ranging from 0 to around 3000 mm/year. The 

non-linear positive relationship between NDVI and annual precipitation 

exists until 1800 mm/year and NDVI reaches maximum 0.7 around 1600-

1800 mm/year. This reflects that no single value of the rainfall threshold 

exists. Actually the intensity, duration and temporal distribution of 

precipitation can result in different effects on vegetation growth. For 

example, very short and extremely heavy precipitation generates overland 

flow and runoff quickly into streams leaving little water available to 

vegetation growth. In addition, several other factors can also affect the 

vegetation growth leading to the change in NDVI values, such as soil type, 

hydrological conditions and human irrigation activities (Jia et al., 2011), 

which will consequently complicate the NDVI-precipitation relationship. 

The second-order polynomial function (Figure 2.3) can best describe the 

NDVI-TRMM relationship with a R
2
 of 0.70. Note that this best fitting 
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appears to under-estimate the annual precipitation above 1400 mm/year, 

but this kind of under-estimated or over-estimated amount can be corrected 

through the step (viii) described in Section 4.2. Similar results were also 

observed for the wettest year 1999 and driest year 2002. The best fitting 

function for year 1999 is y = 6627.60 x
2
 – 3581.70 x + 1705.47 (R

2 
= 0.63). 

The function for year 2002 is y = 4472.22 x
2
 – 1279.62 x + 861.22 (R

2 
= 

0.59). The differences between the analytical functions are remarkably 

small, and this suggests that these types of relationships can be applied 

independent of the annual precipitation amount. The practical consequence 

is that calibration functions need to be developed only once for a particular 

basin. 

 

 
Figure 2.7 Time-series of mean monthly precipitation (a), the relative 

mean absolute error (%MAE) (b), and the Bias (c) for all 1999, 2002 and 

2004 for Lake Tana Basin. 
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The annual precipitation of Lake Tana Basin from the original TRMM 

3B43 (V7), downscaled (DS), downscaled with GDA calibration method 

(DSGDA) and downscaled with GRA method (DSGRA) for the average 

precipitation year 2004 are shown in Figure 2.4. It can be seen that 

generally all precipitation data from different procedures share the same 

spatial pattern: more precipitation occurs in the southern part of Lake Tana 

Basin and less precipitation in the north part. Figure 2.5 shows the 

scatterplots of measured annual precipitation from the independent 

validation rain gauge stations versus those from V7, DS, DSGDA and 

DSGRA for all three typical years 1999, 2002 and 2004. It clearly shows 

that DS precipitation is closer to the 1:1 line than the V7. The best 

agreements with measured rain gauge data were achieved by DSGDA and 

DSGRA. Figure 2.5 shows that small amounts of precipitation are 

overestimated and that large amounts are underestimated. The calibration 

steps correct for this, especially at rainfall amounts of 2000 mm/year and 

more. 

 

The statistical indicators of DS, DSGDA and DSGRA using the 8 

independent validation RGS for each year and all three years are listed in 

Table 2.1. It should be noted that in Table 2.1 the statistical indicators for 

all three years were simply calculated by taking all 24 (8 pairs each year * 

3 years) comparison pairs as a whole. Table 2.1 shows that DS alone 

already improves the accuracy with increased R
2
 and reduced RMSE, 

MAE and Bias values. This demonstrates that downscaling is indeed a 

necessary step forward in the accuracy assessment of spaceborne 

precipitation estimates. In general both GDA and GRA calibration methods 

can improve the accuracy further with reduced RMSE, MAE and Bias. 

Note that 8 rain gauges for calibration were present on 15,100 km
2
 area, 

hence one gauge represents approximately 2000 km
2
. The scarcity of rain 

gauge stations inevitably limits the skills of GDA and GRA calibration 

methods. No significant difference between GDA and GRA methods could 

be detected. However, for further calibration at finer scales, the GRA 

method is not preferred because of this numerical limitation: monthly 

precipitation can be zero, which will results in the inability to compute the 

ratio (X/0). Therefore, only the GDA method was used to calibrate 

precipitation at monthly scales in this study. 
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Figure 2.8 The regression function of annually averaged NDVI and annual 

precipitation from original TRMM 3B43 at the 0.25° scale for the average 

precipitation year 2000 for the Caspian Sea Region. 

 

 
Figure 2.9 Annual precipitation of the Caspian Sea Region for the average 

precipitation year 2000. (a) original TRMM 3B43 product; (b) downscaled 

precipitation; (c) downscaled precipitation with GDA calibration; (d) 

downscaled precipitation with GRA calibration. (a) is at 0.25° resolution, 

(b)–(d) are at 1 km resolution. 
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Figure 2.10 Scatterplot of the measured annual precipitation from 20 

validation rain gauge stations versus the estimated precipitation from 

original TRMM 3B43 product (V7), downscaled (DS), calibrated 

downscaled using GDA method (DSGDA) and using GRA method 

(DSGRA) for all 2000, 2001 and 2003 for Caspian Sea Region. There are 

60 (20 ∗ 3 years) pairs of comparison points for each procedure in this 

figure. 

 

 
Figure 2.11 Scatterplots of the measured monthly precipitation from 20 

validation rain gauge stations versus estimated monthly precipitation from 

DSdis (a) and from DSdisGDA (b) for years 2000, 2001 and 2003 for the 

Caspian Sea Region. 
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Figure 2.12 Time-series of mean monthly precipitation (a), the relative 

mean absolute error (%MAE) (b), and the Bias (c) for 2000, 2001 and 

2003 for the Caspian Sea Region. 

 

Different validation indicators could generate different conclusions. For 

example, for the average precipitation year 2004, the DSGDA and DSGRA 

resulted in lower MAE and Bias but higher RMSE (Table 2.1). The RMSE 

is more sensitive to extreme values than MAE, and gave greater weight to 

the large errors than MAE (Yong et al., 2010; Stathopoulou and Cartalis, 

2009). Consistent contradiction in results comes from R
2
. The R

2
 was 

slightly lower after calibration using both GDA and GFA methods, which 

could be due to the non-uniformity of improvement for the individual 

gauge correlation. However, in terms of evaluating all 3-year results as a 

whole, R
2
 was improved from 0.59 to 0.68 after GDA or GRA calibration 

methods were used to downscale precipitation (Table 2.1). The three years 
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together have a wider spread in all points, giving a regression line closer to 

the 1:1 line and in that case the jump in the high values results in an 

increased R
2
. Stathopoulou and Cartalis (2009) also reported the 

contradiction in R
2
 and did not give considerable weight to R

2
 as a measure 

of evaluating different downscaling methods. Thus in this study, we 

compared the 1:1 scatterplot (Figure 2.5) and gave more weight to MAE 

and Bias for evaluation analysis. It can be concluded that DSGDA gave the 

best precipitation at 1 km resolution. Considering all three-years results as 

one single dataset, and simply computing the statistical indicators using all 

24 pairs of comparison points (8 pairs per each year * 3 years), the 

DSGDA had a R
2
 of 0.68, RMSE of 238 mm, MAE of 186 mm and Bias of 

0.01 while the V7 had lower accuracy with R
2
 of 0.42, RMSE of 333 mm, 

MAE of 253 mm and Bias of -0.04 (Table 2.1). 

 

2.5.1.2 Monthly results 
The previous section demonstrated that the best annual precipitation data 

were obtained by DSGDA procedure. The accumulated 1 km annual 

precipitation from DSGDA was disaggregated into monthly time steps 

using the fraction specified under Eq. (2.1). The disaggregated 1 km 

monthly precipitation was labeled as DSdis. The monthly measurements 

from the 8 calibration RGS were used to calibrate the monthly DSdis 

values using the GDA method. The calibrated monthly precipitation was 

labeled as DSdisGDA. The remaining 8 independent validation RGS were 

used to assess the accuracy. 

 

Figure 2.6 shows the comparisons between the 8 validation RGS values 

and the results from DSdis and DSdisGDA for all three typical years 1999, 

2002 and 2004. The data shows that monthly DSdis values agree well with 

measured data with R
2
 of 0.87, RMSE of 56 mm, MAE of 32 mm and Bias 

of 0.01. This indicates that the disaggregation of DSGDA annual 

precipitation into 12 monthly intervals does give reasonable spatial and 

temporal distribution of precipitation. Although the monthly fractions from 

un-calibrated TRMM 3B43 product are not without errors, the simple 

disaggregation method outlined in Section 2.4.4 is a practical way for the 

derivation of 1 km monthly precipitation, because we could not directly 

downscale monthly precipitation using the NDVI due to the lag time 

occurring in the response of vegetation to precipitation. The GDA 

calibration method did not improve the accuracy performance indicators at 

monthly scales (Figure 2.6). This inability of further improvement could be 

attributed to the pre-calibration on annual basis, in which some larger 
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deviations are removed and already corrected for. In addition, spatial 

variability of rainfall at the monthly scale is much larger than at annual 

scale, which in turn requires more rain gauge stations to account for. The 

sparseness of rain gauge stations (one gauge per 2000 km
2
) cannot 

efficiently improve the accuracy at monthly scale. Considering that this 

integrated downscaling-calibration procedure is meant for data scarce river 

basins and regions, it is good news that monthly records of RGS do not 

further improve the overall accuracy and that annual totals of rainfall are 

sufficient for calibration. The number of rain gauge stations is however 

small (8 RGS for calibration; 8 RGS for validation). The inclusion of more 

stations with reliable measurements – for cases where this is feasible - will 

enhance the value of the GDA technology inherently. Testing in more 

basins is needed to verify the observation that duplicated calibration 

processes are no longer necessary. 

 

Figure 2.7 presents the time-series of monthly precipitation spatially 

averaged over the locations of 8 validation RGS for DSdis and DSdisGDA, 

as well as the MAE in relative percentage and the Bias. RMSE always has 

a similar pattern with MAE but with larger values, thus for conciseness, 

only MAE in percentage (%MAE) and Bias are shown in Figure 2.7. 

The %MAE was computed as the ratio of MAE value to the mean value 

from corresponding rain gauge measurements. Expressing it as a 

percentage enables us to make inter-comparisons among different months 

by taking into account the monthly variations of precipitation. Figure 2.7a 

shows that DSdis monthly distribution data agree excellently with rain 

gauge data. The %MAE is higher than 50% in dry months (November to 

March) and lower than 50% in rainy months (April-October). A similar 

pattern is observed for the Bias values which are more close to perfect 

value 0 in rainy months than dry months. Figure 2.7b and 2.7c reveal that 

DSdisGDA can slightly reduce the MAE and Bias for several dry months, 

but overall the improvement is not significant. 

 

2.5.2 Caspian Sea Region 

2.5.2.1 Annual results 
Figure 2.8 shows the scatterplot of the average NDVI for the entire year 

versus PTRMM
uncal-0.25º

 for the Caspian Sea Region (CSR) for the average 

rainfall year 2000. In general, there is also a positive relationship between 

NDVI and TRMM annual precipitation, especially for the precipitation less 

than 1000 mm/year. Figure 2.8 shows the NDVI is reaching a maximum 
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value of approximately 0.6, above which rainfall varies between 600 to 

1800 mm/year. This scatter in the higher NDVI values range is probably 

because water is no longer a limiting factor in the vegetation growth 

beyond a certain amount of rain (Immerzeel et al., 2009). The 1200 

mm/year appears to be the threshold, above which there is little change in 

NDVI. Given that most areas in the CSR fall within the precipitation range 

of less than 1000 mm/yr, the NDVI-TRMM relationship can represent the 

real situation of the CSR and can be used for downscaling. A power 

function can best describe the TRMM-NDVI relationship with a R
2
 of 0.73. 

Similar results were also observed for the driest year 2001 and wettest year 

2003. The function for year 2001 is y = 1503.84 x
0.96

 (R
2
 = 0.71); the 

function of year 2003 and y = 1619.17 x
0.87

 (R
2
 = 0.77). For Lake Tana 

Basin, the second-order polynomial functions gave the best fit, but 

Immerzeel et al. (2009) found the best fit was generated by the exponential 

functions in the Iberian Peninsula. The different kinds of best fit functions 

indicate that the functional relationship between NDVI and precipitation 

could be site-dependent and should be established specifically. However, 

for a specific area, the coefficients in the NDVI-precipitation functions 

appear to be very similar for different years. The power functions were 

used further for downscaling of un-calibrated TRMM 3B43 annual 

precipitation for the CSR for all three typical years. 

 

The annual precipitation of the CSR from the original TRMM 3B43 (V7), 

downscaled (DS), downscaled with GDA calibration method (DSGDA) 

and downscaled with GRA method (DSGRA) for the average precipitation 

year 2000 are shown in Figure 2.9. A similar spatial pattern of precipitation 

can be observed in all precipitation data, i.e. high in the north-west coastal 

part and low in the south-east part. Figure 2.10 shows the scatterplots of 

measured annual precipitation from the 20 independent validation RGS 

versus those from V7, DS, DSGDA and DSGRA for the years 2000, 2001 

and 2003. A small part in the north-west of CSR has an annual 

precipitation larger than 1200 mm/year. Most areas have annual 

precipitation less than 800 mm/year. Figure 2.10 shows that V7 has a 

general tendency to overestimate precipitation. DS, DSGDA and DSGRA 

share the same trend: an overestimation of small amounts of precipitation 

(<800 mm/year) but an underestimate of larger amounts of precipitation 

(>1400 mm/year). DS appears to be much closer to the 1:1 line than V7, 

which confirms that downscaling is a prerequisite of any calibration study. 

The statistical indicators of V7, DS, DSGDA and DSGRA, using the 20 

independent validation RGS, are listed in Table 2.2. Table 2.2 shows that 



Estimating water balance components of lakes and reservoirs 

48 

DS consistently improve the accuracy with reduced RMSE, MAE and Bias 

values for all three years. DSGDA and DSGRA can improve the accuracy 

for the average precipitation year 2000 and driest year 2001. For the 

wettest year 2003, the calibration did not improve the overall accuracy. 

Because of the large contribution of the wettest year (2003), the DSGDA 

and DSGRA showed no improvement to the DS when taking the three 

years as one single data set (Table 2.2). Similarly there are little difference 

in DSGDA and DSGRA, but for the extreme situation (2003), DSGDA 

appears to be slightly better. It is worth noting that the best result still has a 

large Bias value (0.06 to 0.21) for individual years compared to LTB. This 

could be related to the very low density of rain gauges for calibration (one 

station per 11,000 km
2
), being almost 5 times less than for LTB. 

 

2.5.2.2 Monthly results 
As demonstrated in the previous section, the best annual precipitation data 

were obtained by DSGDA for 2000 and 2001, and DS for 2003. These 

annual precipitation data were disaggregated into 1 km monthly values 

(labeled as DSdis) using Eq. (2.1). The monthly measurements from the 20 

calibration RGS were used to calibrate the DSdis to generate the calibrated 

1 km monthly precipitation using GDA method (labeled as DSdisGDA). 

The independent 20 validation RGS were used for validation. 

 

Figure 2.11 shows the scatterplots of monthly measurements for the 

validation of RGS versus monthly precipitation from DSdis and 

DSdisGDA, for all three typical years 2000, 2001 and 2003, in the CSR. 

Monthly DSdis values are in good agreement with measured data with R
2
 

of 0.79, RMSE of 23 mm, MAE of 16 mm and Bias of 0.14. This good 

agreement confirms the earlier finding that the un-calibrated TRMM 3B43 

product gives reasonable spatial and temporal distribution of annual 

precipitation for disaggregation to monthly values. The further 

improvement by the GDA was not achieved as shown in Figure 2.11. This 

confirms that duplicated calibration processes at monthly scales are no 

longer necessary after calibration at annual scales given the scarcity of 

available rain gauge stations.  

 

Figure 2.12 presents the time-series of monthly precipitation spatially 

averaged over the locations of 20 validation RGS, as well as the %MAE 

and Bias. Figure 2.12a shows that DSdis data agree well with monthly rain 

gauge data. The rainy months (October-March) show low relative errors 

with %MAE less than 50% while high values of %MAE (greater than 50%) 
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are often observed in the dry months (April-September). The monthly 

distribution of Bias shares a similar pattern with %MAE. The inability of 

DSdisGDA to improve accuracy is also clearly shown in Figure 2.12a-c. 

 

Table 2.2 Statistics of validation results using 20 independent validation 

rain gauge stations on annual scale for three typical years for the Caspian 

Sea Region. 

Year Datasets 
Mean 

(mm/year) 
R

2 
RMSE 

(mm/year) 
MAE 

(mm/year) 
Bias 

2000 

(average) 
RGS 461     

V7 578 0.89 176 139 0.25 

DS 560 0.88 168 146 0.22 

DSGDA 500 0.83 163 127 0.09 

DSGRA 490 0.82 168 124 0.06 

2001 

(dry) 
RGS 378     

V7 502 0.87 179 140 0.33 

DS 493 0.88 169 137 0.31 

DSGDA 470 0.86 162 137 0.25 

DSGRA 456 0.87 151 128 0.21 

2003 

(wet) 
RGS 517     

V7 658 0.82 219 178 0.27 

DS 578 0.72 217 173 0.12 

DSGDA 668 0.74 251 194 0.29 

DSGRA 681 0.69 285 215 0.32 

3 years 
(2000, 

2001, 

2003) 

RGS 452     

V7 579 0.86 192 152 0.28 

DS 544 0.82 186 152 0.20 

DSGDA 546 0.80 197 153 0.21 

DSGRA 542 0.76 210 156 0.20 

 

2.6 Conclusions 
 

The purpose of this study was to develop and test an integrated 

downscaling-calibration procedure for the Version 7 0.25° TRMM 3B43 

precipitation product to obtain improved monthly precipitation estimates at 

1 km x 1 km scale. Assessment of renewable water resources and river 
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flow in ungauged basins and data scarce river basins and regions require 

such information. The calibration technique should be universally useful 

regardless of climate systems, geographical areas and spatial-temporal 

scales.  

 

Downscaling of TRMM 3B43 data provides a practically better solution to 

the scale difference issues (point-based rain gauges versus satellite pixels), 

and can be considered as a first step in calibrating 0.25º TRMM data using 

the data from the often sparse rain gauge networks. Downscaling using 

statistical relationships between TRMM 3B43 annual precipitation and 

annually averaged NDVI appears to yield consistent results for both Lake 

Tana Basin with a humid climate (1395 mm/year during 1998-2004) and 

the Caspian Sea Region with an overall semi-arid climate (440 mm/year 

during 1999-2003). The annually averaged NDVI is suitable as a single 

regression variable for downscaling of annual precipitation from 0.25° to 1 

km resolution for two distinct study areas. The function which best 

describes the NDVI-precipitation relationship appears to be site-specific 

(besides being sensor-specific because the NDVI values could be sensor-

specific). For a specific region or river basin, the regression coefficients in 

the function for dry, wet and the average precipitation years appeared to be 

very similar. Once calibrated, a function could be used for a given area 

regardless of the amount of annual precipitation. The NDVI-precipitation 

relationship is not applicable for smaller time scales.  

 

Downscaling with the GDA and GRA calibration gave the best annual 

precipitation in terms of both statistical indicators and visual evaluation for 

most cases, i.e. five among six results (three typical years for both two 

study areas). No significant difference could be observed between the 

GDA and GRA methods, but GDA is preferred over GRA especially for 

finer scales for mathematical reasons. 

 

The un-calibrated TRMM precipitation product gave reasonable spatial and 

temporal distribution of precipitation. The simple disaggregation procedure 

based on the monthly fractions can be practically used to disaggregate 

annual precipitation to 1 km monthly precipitation. The disaggregated 1 

km monthly precipitation did not only significantly improve the spatial 

resolution, but a good agreement with rain gauge data was also achieved. 

Due to a higher density of gauges, the bias in Lake Tana Basin was less 

developed, while the RMSE and MAE were larger than for the Caspian 

Sea Region. It is not certain that this level of accuracy can be improved 
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further by utilizing a single rain gauge vs. an area integrated rainfall for 1 

km x 1 km pixel. A dual calibration at monthly and annual time scale does 

not seem to be necessary for data scare areas. The GDA calibration did not 

improve the accuracy at the monthly time scales, which could be mostly 

due to the scarcity of rain gauge stations.  

 

This study demonstrated that through integrated downscaling and 

calibration, it is feasible to generate improved 1 km resolution annual and 

monthly precipitation data for basins and regions with complex topography. 

The 1 km resolution is very suitable for water resources assessments in 

river basins and for regional hydrological studies. However, it should be 

noted that the NDVI-based downscaling method is only applicable to land 

surfaces and cannot be used for water bodies and oceans in which NDVI 

remains consistent negative value. In addition, the positive relationship 

between NDVI and annual precipitation could vanish once precipitation 

exceeds a certain threshold that is site-specific, and many factors could 

affect and complicate NDVI-precipitation relationship. In the future, 

additional universal downscaling techniques should be developed 

especially for higher temporal (weekly and daily) scales. 
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3 
3 Estimating water volume 

variations in lakes and reservoirs 
from four operational satellite 

altimetry databases and satellite 
imagery data2 

 

 

3.1 Introduction 
 

Lakes and reservoirs store fresh water, and make it available to domestic, 

industrial, irrigation, hydropower, wetlands, and environmental water use 

sectors. Many large reservoirs have been constructed recently (Avakyan 

and Iakovleva, 1998; Gleick, 2003) and more will follow during the 

current century. Allocation of water is a tradeoff between water available 

in lakes and reservoirs and the water demands from those various sectors, 

and it is important to know the water availability at all times. Regular and 

accurate monitoring of water storage variations in lakes and reservoirs is 

essential for equitable water allocation to water use sectors, ecosystem 

services and for a better understanding of the climate changing impacts 

(Birkett, 1995; Crétaux and Birkett, 2006; Crétaux et al., 2011). The 

volume of water stored in lakes or reservoirs is dependent on the balance 

between inflow (i.e. precipitation, river inflow, discharge from 

                                                 
2
 Based on: Duan, Z., & Bastiaanssen, W.G.M. (2013). Estimating water 

volume variations in lakes and reservoirs from four operational satellite 
altimetry databases and satellite imagery data. Remote Sensing of 
Environment, 134, 403-416 
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communities and industries, and seepage) and outflow (i.e. evaporation, 

groundwater percolation, withdrawals, and river outflow). It is not feasible 

to compute volume fluctuations from all these flows and their associated 

uncertainties. Direct measurements of levels and volumes are therefore 

necessary.  

 

The water level in lakes and reservoirs is traditionally measured by means 

of in-situ gauging stations installed near river mouths, bridges, weirs and 

sluices. However, the number of in-situ gauging stations has decreased in 

recent years around the globe (Alsdorf et al., 2007; Calmant et al., 2008; 

Crétaux and Birkett, 2006; Frappart et al., 2006a). Many remotely located 

lakes and reservoirs have never been gauged, especially in developing 

countries (Medina et al., 2008; Zhang et al., 2006). Even in places where 

gauging stations exist, measured data are not freely available to other 

institutions and to the general public. Often the public is kept uninformed 

about water levels because it is sensitive national and international 

information that affects the livelihoods of large groups of people. Routine 

information on water levels is not often disclosed to water and 

environmental professionals. The lack of data exchange unnecessarily 

complicates collaboration between government departments, international 

river basin authorities and beneficiaries such as irrigation districts, 

municipal water supply departments, water boards, electricity boards.  

 

The volume of water stored in lakes and reservoirs cannot be measured 

directly. Traditionally, the water volume in a lake or reservoir is estimated 

based on in-situ water levels and bathymetry maps. A bathymetry map can 

be obtained from hydrologic surveys, using sonar sensors on ship transects 

to measure the underwater topography. However, these kind of surveys are 

time-consuming, labor intensive and costly (Peng et al., 2006). Therefore, 

bathymetry maps are usually non-existent or difficult to obtain for a given 

lake or reservoir.  

 

Satellite radar/laser altimetry is a technique that can be used to estimate 

water levels of open water bodies. The background on the principles of 

satellite radar and laser altimetry is given in Section 3.2. Both satellite 

radar and laser altimeters are profiling tools rather than imaging devices, 

which means they can only record measurements along their ground tracks 

without the ability of a true global coverage (Alsdorf et al., 2007; Birkett 

and Beckley, 2010). Different satellite altimetry missions are flying at 

different orbits, which results in the different spatio-temporal coverage of 
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lakes and reservoirs. Satellite radar altimetry has been used successfully to 

derive water levels of continental surface water bodies such as inland seas, 

lakes, rivers and wetlands (Calmant et al., 2008; Crétaux and Birkett, 

2006). Although the main objective of the Geoscience Laser Altimeter 

System (GLAS) on the ICESat (Ice, Cloud, and land Elevation Satellite) 

mission was to measure elevation changes of polar ice sheets between 

2003-2009, ICESat-GLAS derived water levels in lakes have shown an 

accuracy of better than 10 cm when compared with lake gauge data (Bhang 

et al., 2007; Zhang et al., 2011b). The ICESat-GLAS level 2 Global Land 

Surface Altimetry data (GLA14) (labeled as ICESat-GLAS hereafter) was 

recently used to derive water levels for lakes (Phan et al., 2012; Swenson 

and Wahr, 2009; Zhang et al., 2011a, 2011b). 

 

It is worth comparing the merits and limitations of both satellite radar 

altimetry and laser altimetry. The main strength of satellite laser altimeter 

(i.e. ICESat) is that it can measure at 172 m intervals along-track with a 

narrower footprint size of about nominal 70 m compared to the radar 

altimeters with a footprint size of several kilometers (Zwally et al., 2002). 

This practically implies that small lakes can be encompassed with ICESat 

only. The footprint of radar altimeters changes as a function of the sea/lake 

state, the wave height or the corrugated land (Rosmorduc et al., 2011), 

however, the infrared laser (1064 nm) from ICESat acts like a flashlight - 

whatever is illuminated in the spot does not affect the footprint size 

(personal communication with Timothy J. Urban, 2013). It should be noted 

that for ICESat the nominal 70 m footprint was the design, but in reality 

ICESat footprints were elliptical with sizes about 50-105 m. The detailed 

information on the footprint size during the whole ICESat operation 

periods is given at: http://nsidc.org/data/icesat/pdf/glas_laser_ops_attrib.pd

f. Satellite radar altimeters can work under all-weather conditions with 

little hindrance by cloud, vegetation cover or canopy (Birkett and Beckley, 

2010). For laser altimeters, the forward scattering caused by thin clouds 

and low-level atmospheric effects, and saturation from high-energy returns 

over bright smooth flat surfaces can cause centimeter to meter errors for 

range measurement by the laser altimetry (Brenner et al., 2007). Satellite 

radar altimeters work continuously with a regular repeat period of 10, 17, 

or 35 days. ICESat was changed in the fall of 2003 from continuous 

measurement to a campaign mode resulting in a 91- day repeat with a 33-

day sub-cycle (Abdalati et al., 2010). The detailed information on the 

operational periods for the campaigns of ICESat is given at: 

http://nsidc.org/data/icesat/laser_op_periods.html. The campaign mode in 

http://nsidc.org/data/icesat/pdf/glas_laser_ops_attrib.pdf
http://nsidc.org/data/icesat/pdf/glas_laser_ops_attrib.pdf
http://nsidc.org/data/icesat/laser_op_periods.html
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the laser altimeter ICESat measurement series induces a temporal interval 

that is not consistent to radar altimetry. 

 

At present, besides ICESat-GLAS, three other databases based on satellite 

radar altimetry for selected water bodies are operationally accessible. They 

are (i) the Global Reservoir and Lake Monitoring (GRLM) database (ii) the 

River Lake Hydrology (RLH) database by The River and Lake Project, (iii) 

the Hydroweb database (see Table 3.1). These four databases involve the 

ICESat laser altimetry mission and five radar altimetry missions i.e. T/P 

(Topex/Poseidon), Jason-1, Jason-2 (also known as OSTM (Ocean Surface 

Topography Mission)), GFO (Geosat Fellow On) and ENVISAT 

(ENVIronmental SATellite). The detailed information on the agency 

responsible for the ICESat and its technical characteristics can be found at 

http://nsidc.org/data/icesat/, such details for the mentioned five radar 

altimeters are available at: http://www.altimetry.info/html/missions. The 

four products are based on different track extent due to the use of different 

satellite altimetry data. The ongoing development and specific objectives 

of these products result in the different target (lake or reservoir) 

availability. It should be noted that the water levels from the four products 

are with respect to different datum/reference systems (Table 3.1), rendering 

it impossible to combine the absolute values from the different products for 

better temporal intervals. The combination from different altimeters for 

better temporal sampling and the difficulties involved for inland water 

bodies have been discussed in Birkett et al. (2011), Calmant et al. (2008) 

and Frappart et al. (2006a).  

 

Recently, satellite radar altimetry was combined with satellite imagery to 

derive volume variations of surface water in large river basins such as the 

Negro River Basin (Frappart et al., 2005, 2008, 2011), the lower Mekong 

River Basin (Frappart et al., 2006b) and the Lower Ob’ Basin (Frappart et 

al., 2010). Few studies attempted to derive water volume variations in 

lakes and reservoirs using the combination of satellite altimetry and 

imagery data. Crétaux et al. (2005) reconstructed volume variations in the 

inland lake Big Aral Sea using the digital bathymetry model and water 

levels derived from T/P altimetry data. Peng et al. (2006) derived the water 

level-volume relationship for Fengman Reservoir, China, using in-situ 

water levels and surface areas derived from Landsat imagery data. Zhang 

et al. (2006) converted water levels derived from T/P altimetry data to 

water storage in Lake Dongting, China, using the water level-storage 

relationship which was established from T/P altimetry water levels and in-

http://nsidc.org/data/icesat/
http://www.altimetry.info/html/missions
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situ water storage measurements. Smith and Pavelsky (2009) computed 

water storage changes in nine lakes of the Peach-Athabasca Delta, Canada 

using in-situ water levels and remotely sensed surface areas. Medina et al. 

(2010) estimated water volume variations in Lake Izabal using in-situ 

water levels and ENVISAT Radar Altimeter (RA-2) and Advanced 

Synthetic Aperture Radar (ASAR) images. The above methods rely 

entirely on the availability of bathymetry maps or in-situ water levels or 

water volumes which are difficult to obtain or non-existent for most remote 

lakes. Recently the GRACE satellite gravimetry has been used in 

combination with satellite altimetry and optical imagery data to study the 

water volume variations in the very large inland water bodies, e.g. a study 

by Singh et al. (2012) for the Aral Sea. However, the characteristics of 

GRACE restrict its meaningful application to study areas not smaller than 

200,000 km
2
 (Singh et al., 2012), which is a big limitation for hydrological 

study of many lakes and reservoirs with relatively smaller surface areas. 

 

Table 3.1 Four different satellite altimetry databases and their 

characteristics. 

Databases Used satellite data Period Intervals 
Geoid/reference 

system 

GRLM T/P, Jason-1, Jason-2, 

ENVISAT 
1992–present 10-day 9-year T/P mean 

level 

RLH ENVISAT, Jason-2 2002–present 35-day Mean level 

Hydroweb T/P, Jason-1, Jason-2, 

GFO, ENVISAT 
1992–present Monthly GRACE GCM02C 

geoid 

ICESat-

GLAS 
ICESat 2003–2009 Campaign 

mode 
EGM2008 geoid 

 

These satellite altimetry databases are becoming attractive for operational 

applications in water resources management. In this study, the main 

objective is to propose and evaluate a method that combines operational 

satellite altimetry databases with satellite imagery data to estimate water 

volume variations in lakes and reservoirs. The fact that in-situ 

measurements and bathymetric data are not needed makes it appealing to a 

large variety of users in the water and environmental management sector. 

The in-situ observed water levels and water volumes are available for 

quantitatively assessing the accuracy of satellite altimetry databases and 

the estimated water volumes.  
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Figure 3.1 Locations of Lake Mead (a), Lake Tana (b), Lake IJssel (c), 

gaging stations, and ground tracks of satellite altimetry missions. The 

boundary of Lake Mead at full capacity was obtained from Twichell et al. 

(2003). J2J1TP denotes the shared track by Jason-2, Jason-1 and T/P; J1TP 

refers to the shared track by Jason-1 and T/P. 

 

3.2 Background on satellite altimetry 
 

Satellite altimeters transmit a series of pulses towards the Earth’s surface 

in the nadir direction and receive the echo reflected by the surface. The 

different kinds of pulses render two types of altimeters: radar altimeters 

and laser altimeters. Radar altimeters use microwave pulses (e.g. Ku-band, 

C-band and S-band) (Rosmorduc et al., 2011). Laser altimeters use laser 

pulses at visible and near-infrared wavelengths. The general principle for 

measurements is similar for satellite radar and laser altimetry. Whereas the 

laser altimeter is sensitive to clouds, the radar altimeter is an all weather 

measurement system. The time for the pulse to be reflected by the surface 

back to the altimeter is measured and is used to obtain the distance 
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between the satellite and the earth’s surface assuming that the pulse is 

propagating at the speed of light, i.e. “Range” (Calmant et al., 2008). The 

“Range” is estimated based on the returned waveform which represents the 

time evolution of the energy reflected by the surface to satellite using 

waveform retracking algorithms. The aim of the waveform retracking is to 

fit a mathematical model to the received waveforms, and retrieve 

geophysical parameters including the “Range”. It should be noted that 

different retracking method could cause several tens of centimeter 

differences (Birkett and Beckley, 2010) and even up to several meters 

(Frappart et al., 2006a) in the final estimated range. Detailed discussion on 

the waveform retracking methods can be found in Frappart et al. (2006a) 

and Gommenginger et al. (2011) for radar altimetry and Brenner et al. 

(2003) for laser altimetry in terms of ICESat. Since the electromagnetic 

waves can be decelerated as they travel through the atmosphere and 

ionosphere, various corrections should be applied to the Range to 

compensate for such delay effects. The altimetric height of the reflecting 

surface is determined by the difference between the altitude of satellite 

orbit and the range measurement, taking into account various instrument 

and geophysical corrections to range: 

Height = Altitude – Range – Corrections                    (3.1) 

 

Specific for inland water bodies including lakes and reservoirs, classical 

corrections should include instrumental, ionosphere, wet and dry 

tropospheric, solid earth and pole tide corrections for radar altimetry (e.g. 

Birkett, 1995; Frappart et al., 2006a; Medina et al., 2008). For laser 

altimetry, the above-mentioned classical corrections are also applicable 

except the ionosphere correction which is negligible (Frappart et al., 2006a; 

Urban et al., 2008). In addition, the saturation correction and the 

atmospheric forward scattering correction are two important corrections for 

laser altimetry which are not applicable to radar altimetry (Urban et al., 

2008). The resulting altimetry height in Eq. (3.1) is with respect to a 

reference ellipsoid (ellipsoidal height), and the height is the mean value 

within the altimeter footprint (Crétaux and Birkett, 2006). The ellipsoidal 

height can be further converted into orthometric height by removing a 

geoid height above the reference ellipsoid. The geoid is the gravitational 

equipotential surface approximately coinciding with mean sea level in 

absence of all forces other than gravity and centrifugal forces. The geoid 

height can be calculated from Earth Gravitational Model (EGM). Crétaux 

and Birkett (2006) reported that a low-resolution terrestrial geoid like 

EGM96 (Lemoine et al., 1998) can be utilized for continental water bodies. 
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With a defined orbit, altimeter satellites provide the range measurements at 

intervals of several kilometers or tens of meters depending on the ground 

track spacing. Satellites overfly a given ground area with a regular repeat 

period, thus time-series of surface height variations can be derived for a 

specific ground area along the satellite ground track during the lifetime of 

the satellite mission. The comprehensive and detailed discussion on the 

principles and applications of satellite altimetry can be found in Fu and 

Cazenave (2001) and Vignudelli et al., (2011). Zwally et al. (2002) 

discussed such details for laser altimetry in terms of ICESat.  

 

3.3 Study areas 
 

Three differing lakes/reservoirs with available in-situ measurements were 

studied i.e. Lake Mead (U.S.A), Lake Tana (Ethiopia) and Lake IJssel (the 

Netherlands). Lake Mead is a narrow and deep lake with a declining water 

level trend (level dropped 40 m between 2000-2010). Lake Tana is a vast 

circular-shaped and shallow lake with seasonal water level fluctuations of 

about 1.6 m. Lake IJssel is a regular-shaped and shallow lake with very 

small water fluctuations (~0.2 m) due to the controlled discharge into the 

Wadden sea. The average water level in Lake IJssel is maintained at 

around -0.2 m NAP (Normaal Amsterdams Peil) datum during the period 

mid-April to end-September. During the remaining months, the level is at -

0.40 m NAP (Bottema, 2007). The physical characteristics of these three 

lakes are listed in Table 3.2. The data sources are from Kebede et al. (2006) 

for Lake Tana, and from Holdren and Turner (2010) for Lake Mead. The 

characteristics of Lake IJssel are obtained from Wikipedia 

(http://en.wikipedia.org/wiki/IJsselmeer) and the bathymetry map provided 

by Ministry of Water Resources and Public Works, the Netherlands. The 

differences in physical characteristics between these three lakes enabled us 

to evaluate the performances of satellite altimetry products and the 

proposed method for water volume variations in different types of 

lakes/reservoirs. Figure 3.1 presents the three lakes with gauging stations 

and the ground tracks coverage of satellite altimetry missions overflying 

them. The ground tracks coverage of satellite radar altimeters i.e. T/P, 

Jason-1, Jason-2, GFO and ENVISAT were derived from the Pass Locator 

at www.aviso.oceanobs.com/en/data/tools/pass-locator. The ground tracks 

coverage of ICESat were derived after extracting the geographical 

locations of footprints from ICESat-GLAS (see details in Section.3.4.2.4 ).  

 

http://en.wikipedia.org/wiki/IJsselmeer
http://www.aviso.oceanobs.com/en/data/tools/pass-locator
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3.4 Data Sets 

3.4.1 In-situ measurements 

For Lake Mead, in-situ daily water levels at one gauging station (Figure 

3.1a) and the corresponding surface areas and water volumes for the period 

2000 to 2010 were obtained from the U.S. Bureau of Reclamation (USBR). 

These in-situ daily surface areas and water volumes were computed by 

USBR using the corresponding water level (L)-surface area (A) and L-

water volume (V) relationships derived from the bathymetric survey of 

Lake Mead. The L-A and L-V equations were derived as:  

A = 0.08 L
2
 – 50.95 L + 8087.48                        (3.2) 

V = 0.03 L
3
 – 27.82 L

2
 + 8887.11 L – 969993.18            (3.3) 

where, the units for L, A and V are m, km
3
 and 10

6
 m

3
, respectively.  

 

For Lake Tana, daily measured water levels at Bahir Dar station (Figure 

3.1b) between January 1, 1992 and August 31, 2006 were obtained from 

the Ministry of Water Resources, Ethiopia. The relationships between 

water level (L)-surface areas (A) and L-water volume (V) were inversely 

derived from Wale et al. (2009) which was based on a recently created 

bathymetry map. The L-A and L-V equations are: 

A = 4.94 L
2
 - 17560.14 L + 15618856.76                   (3.4) 

V = -8.44 L
3
 + 45243.55 L

2
 + 80844047.65 L + 48150659439.10     (3.5) 

 

Hence the daily surface areas and water volumes were derived by 

converting daily measured water levels using Eq. (3.4) and Eq. (3.5). We 

referred to these surface areas and water volume estimates as in situ 

measurements and used them to validate the estimated surface areas and 

water volumes in this study.  

 

For Lake IJssel, measured water levels at 10-minute intervals from 2002 to 

2010 at four stations, i.e. Den Oever binnen, Kornwerderzand binnen, 

Hourtrib noord and Lemmer (Figure 3.1c), and a bathymetry map were 

obtained from the Ministry of Water Resources and Public Works, the 

Netherlands.  
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3.4.2 Satellite altimetry products for water level 

3.4.2.1 Global Reservoir and Lake Monitor (GRLM) 
The GRLM database is prepared by the United States Department of 

Agriculture Foreign Agricultural Service (USDA/FAS) in cooperation with 

NASA and the University of Maryland. The database is available at: 

http://www.pecad.fas.usda.gov/cropexplorer/global_reservoir/ . The 

database mainly utilizes data from T/P, Jason-1, Jason-2 and GFO and 

recent additional ENVISAT satellites to monitor time-series of water level 

variations for presently ~228 of the world’s largest lakes and reservoirs in 

a near-real time manner (i.e. update on a weekly basis) for operational 

application. The details on processing procedure and data format for the 

GRLM can be found in Birkett et al. (2011). Currently GRLM provides a 

merger of T/P, Jason-1 and Jason-2 (TPJO.1 version) time-series relative 

water level variation with respect to the mean 9-year T/P level at 10-day 

intervals for 80 lakes/reservoirs. An ENVISAT time-series of relative 

water level variation with respect to the mean level of a given ENVISAT 

reference cycle at 35-day intervals for 148 lakes/reservoirs is also provided. 

For each lake/reservoir included in GRLM, there are two time-series of 

water level variations, i.e. the raw data and the smoothed data with a 

median type filter to eliminate outliers and reduce high frequency noise. 

However, smoothed data are only for visualization, they are not expected 

to be used for quantitative analysis. The raw data of TPJO.1 version 

including water levels and estimated errors for Lake Tana and Lake IJssel 

from GRLM were used in this study.  

 

3.4.2.2 River Lake Hydrology product (RLH) 
The River and Lake project by ESA and Montfort University is based on 

altimetry data mainly from ERS, ENVISAT and additionally from Jason-2 

to provide water levels for lakes, reservoirs and rivers. The database is 

available at: http://tethys.eaprs.cse.dmu.ac.uk/RiverLake/shared/main. The 

full details on product generation procedures are described in the River and 

Lake Product Handbook v3.5 (2009). Two types of products, i.e. the River 

Lake Altimetry (RLA) and River Lake Hydrology (RLH) are available. 

RLA is for experienced users of altimetry data while RLH is designed for 

hydrologists with no detailed knowledge of radar altimetry. RLH provides 

the relative water level variations with respect to the corresponding 

climatological mean level. The climatological mean level is calculated by 

averaging all the water levels (referenced to the EGM96 (Earth 

Gravitational Model) geoid (Lemoine et al., 1998)) for the whole data 

http://www.pecad.fas.usda.gov/cropexplorer/global_reservoir/
http://tethys.eaprs.cse.dmu.ac.uk/RiverLake/shared/main
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available period. The RLH product format is a time-series of water level 

variations and associated standard deviations for a given target for each 

ground track rather than a single time-series for a given target. Thus, for 

some large targets where several tracks overfly, several time-series water 

levels are provided; and for targets where a track is divided due to islands, 

several time-series are also provided. Only data (water levels and standard 

deviations) for Lake Tana are available from RLH and were used in this 

study. 

 

Table 3.2 Physical characteristics of the three studied lakes. 

Characteristics Lake Mead Lake Tana Lake IJssel 

Country U.S.A. Ethiopia The Netherlands 

Latitude 35°59′–36°37′N 11°35′–12°18′N 52°31′–53°05′N 

Longitude 114°50′–113°55′W 37°00′–37°38′E 5°02′–6°00′E 

Maximum length (km) 180 84 64 

Maximum width (km) 15 66 30 

Length of shoreline (km) 885 385 258 

Maximum depth (m) 158 14 8 

Mean depth (m) 56 9 5 

Lake area (km
2
) 637 3156 1100 

Water volume (km
3
) 35.5 28.4 5.5 

 

3.4.2.3 Hydroweb 
Hydroweb is developed by LEGOS/GOHS (Laboratoire d’Etudes en 

Oceanographie et Geode śie Spatiale, Equipe Geodesie, Oceanographie, et 

Hydrologie Spatiales) in France. Hydroweb provides time-series of water 

levels of large rivers, about 150 lakes/reservoirs, and wetlands around the 

world using the merged T/P, Jason-1, Jason-2, ENVISAT and GFO data. 

Hydroweb is available at: http://www.legos.obs-mip.fr/soa/hydrologie/hydr

oweb/. Presently Hydroweb also provides variations of surface area and 

water volume for ~27 lakes/reservoirs but without any detailed explanatory 

documentation of procedures for each specific target. Based on the 

personal communication with Jean-Francois Crétaux (2012), Hydroweb 

uses various data sources, i.e. bathymetry maps, Landsat, CBERS-2, 

SRTM data and ENVISAT radar images, depending on the data 

availability to calculate water volume variations. The basic NDWI 

http://www.legos.obs-mip.fr/soa/hydrologie/hydroweb/
http://www.legos.obs-mip.fr/soa/hydrologie/hydroweb/
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(Normalized Difference Water Index) method (McFeeters, 1996) was used 

for classification of water bodies if applicable. 

 

The processing procedures of Hydroweb are described in Crétaux et al. 

(2011). Water levels in Hydroweb are referenced to the GRACE GGM02C 

geoid using the GGM02C model complete to degree and order 150 (Tapley 

et al., 2005; Frappart et al., 2006b). In addition, if different tracks of a 

satellite or different altimeter satellites overfly the same lake or reservoir, 

the Hydroweb water levels are “monthly” values derived by merging 

measurements from all tracks (Crétaux et al., 2011). Therefore, for a given 

lake/reservoir, only a single time-series of water level is generated and 

provided. The water levels from Hydroweb can be for a specific day (i.e. 

the exact date when a satellite altimetry mission overflies the target) or 

“monthly”, depending on whether a single or multiple tracks or satellites 

overfly the target. It should be noted that “monthly” Hydroweb water 

levels do not represent the average value of a real month (30/31 days). The 

specific days in each month that were used to generate each monthly value 

are not given in the Hydroweb product; thus we could not compute the 

“monthly” values from in-situ measurement. Instead the average in-situ 

measurements values of all days in a month were computed to generate 

real monthly values to validate Hydroweb monthly products.  

 

Monthly water levels with standard deviations for Lake Mead and Lake 

Tana are available from Hydroweb and were used in this study.  

 

3.4.2.4 ICESat-GLAS level 2 Global Land Surface Altimetry data 
(ICESat-GLAS) 
The product GLA14 ICESat-GLAS level 2 Global Land Surface Altimetry 

(ICESat-GLAS) data provides surface elevations for land including rivers 

and lakes and reservoirs, plus laser footprint geolocation, range 

measurements, and geodetic, instrumental and atmospheric correction 

parameters (Zwally et al., 2003). The product is available from the 

National Snow and Ice Data Center (NSIDC) at http://nsidc.org/data/icesat/. 

In this study we used the Release 33 product for the whole period 2003-

2009 to derive water levels in lakes and reservoirs. 

 

Unlike GRLM, RLH and Hydroweb which provide water level variations 

for certain lakes and reservoirs directly, ICESat-GLAS product provides 

elevation measurements along the tracks of ICESat rather than for specific 

targets. Hence, further processing is needed to obtain water levels for water 

http://nsidc.org/data/icesat/
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bodies of interest. In this study, the processing procedures are described as 

follows: 

 

a. The NSIDC GLAS Altimetry elevation extractor Tool (NGAT) 

developed by NSIDC was used to extract footprints with latitude, 

longitude and elevation and geoid height from the ICESat-GLAS 

product. The geoid height is based on the updated geoid model 

EGM2008 (http://nsidc.org/data/icesat/data_releases.html). These 

points were converted into an ArcGIS shapefile to show the ground 

track of ICESat (Figure 3.1).  

b. The water level above the geoid for each footprint was taken as the 

difference between elevation value and geoid height. 

c. All water level points of lakes were taken within the boundaries of the 

lakes, and the extracted water levels were averaged for each track 

with the outliers excluded. We used Landsat TM/ETM+ imagery to 

obtain the lake boundary. For outlier removal, the two-step procedure 

by Zhang et al. (2011b) was used: first, obvious outliers with 

abnormal high/low values were removed by a simple visual inspection 

of each water level profile; then based on the acceptable standard 

deviation (STD) threshold, those outliers causing higher standard 

deviation were removed. The STD threshold of 10 cm used by Zhang 

et al. (2011b) was followed for Lake Tana and Lake IJssel. Due to the 

narrow shape of Lake Mead (Figure 3.1a), the numbers of ICESat 

measurements within Lake Mead were very limited (78/11 footprints 

at the best/worst situations). For some tracks, it was difficult to clearly 

determine and remove outliers because of the limited number of 

measurements and their scatter. The threshold was relaxed to 30 cm 

when the desirable 10 cm could not be achieved for those tracks.  

d. All computed water levels for a specific lake or reservoir were 

combined in time sequence to construct the time-series of water levels 

during the available data period.   

 

After the processing procedures, we obtained time-series of water levels 

with respect to EGM2008 geoid with associated standard deviations for 

Lake Mead (39 values), Lake Tana (13 values) and Lake IJssel (21 values) 

within the period of available in-situ measurements. For Lake Mead, there 

were only 11 water levels with STD greater than 10 cm, ranging from 11-

22 cm. The average STD of all 39 water levels was 9 cm and within the 

desirable 10 cm. 
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3.4.3 Landsat TM/ETM+ imagery 

Landsat TM/ETM+ data with spatial resolution of 30 m and long-term 

availability since the launch in 1984 were used to extract the surface areas 

for the lakes and reservoirs investigated. The data were downloaded from 

http://glovis.usgs.gov. The satellite images should coincide exactly with 

the dates of altimetry-derived water levels. However, most of the time this 

was not the case firstly because of the different crossover repeat cycles of 

Landsat (16-day) and altimeter satellites (10~35-day or campaign mode); 

secondly, some Landsat data could not be used because cloud cover 

affected the quality of the data. An analysis of daily in-situ measurements 

showed that variations in water levels during a short period (within 5 days) 

are minimal. Landsat TM/ETM+ images for the best 5 days before or after 

the dates of altimetry-derived water levels were used to derive water 

surface areas at the corresponding water levels. Desirably, at least 10 

TM/ETM+ images acquired during different moments for each lake or 

reservoir are needed to estimate the water surface areas during periods of 

the highest and lowest water levels captured by satellite altimetry, but the 

selection of imagery data was adjusted according to practical situations. 

 

It should be noted that the Scan Line Corrector (SLC) compensating for the 

forward motion of the satellite in the ETM+ sensor failed on May 31, 2003. 

As a consequence, ETM+ data acquired after the SLC failure (labeled as 

SLC-off data) have wedge-shaped gaps and missing pixels which resulted 

in approximately 22% of missing image data for each scene (Chen et al., 

2011). In this study, SLC-off images were only used when other data were 

not available. For Lake Mead, no SLC-off image was used while SLC-off 

data had to be used for Lake Tana. For the selected SLC-off data, we used 

a readily available simple gap-filling extension toolbox (landsat_gapfill.sav) 

in the ENVI software (http://www.exelisvis.com) to fill the gaps. This gap-

filling toolbox provides two options: one is the single-image gap-filling 

using a triangulation interpolation method, and the other is two-image gap-

filling method which is known as the local linear histogram matching 

technique chose by USGS (http://landsat.usgs.gov/documents/SLC_Gap_F

ill_Methodology.pdf). In this study, the single-image gap-filling method 

was finally used due to two problems encountered for the two-image gap-

filling method: difficulty in finding two well-matching images and the 

extra uncertainty possibly caused by the temporal variability in two images 

which represent different water level situations. As described later in 

Section 3.5.1, the reasonable accuracy of the final estimated surface areas 

http://glovis.usgs.gov/
http://www.exelisvis.com/
http://landsat.usgs.gov/documents/SLC_Gap_Fill_Methodology.pdf
http://landsat.usgs.gov/documents/SLC_Gap_Fill_Methodology.pdf
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(4.64% RMSE) for Lake Tana suggests the gap-filling worked well. Many 

recently developed gap-filling techniques (e.g. Chen et al., 2011; Zeng et 

al., 2013) could be used for improvements in gap-filling in the future 

studies. Since February 2013, Landsat 8 has been brought to orbit and this 

data mission will ensure that free data on open water surfaces will continue 

to become available. 

 

3.5 Methodology 

3.5.1 Surface area estimation 

Various land use/cover classification methods (from conventional 

unsupervised methods to more advanced artificial neural networks (ANN) 

and support vector machines (SVM) classifiers (Song et al., 2012)) can be 

used to classify the extent of water bodies. We conservatively considered 

the careful digitization be the most accurate method, although it is time-

consuming and tedious. The MNDWI (Modified Normalized Difference 

Water Index) method proposed by Xu (2006) has been widely used and 

proved robust to extract water bodies (Ji et al., 2009; Lu et al., 2011). The 

MNDWI is calculated as the ratio of the Green band subtracted from the 

middle infrared (MIR) band to the sum of the Green band and the MIR 

band. The equation is expressed as follows: 

MNDWI = (Green – MIR)/ (Green + MIR)                (3.6) 

 

Water features have positive MNDWI values because of their higher 

reflectance in the Green band than the MIR band while non-water features 

(soil and vegetation) have negative NDWI values due to their lower 

reflectance in the Green band than the MIR band (Xu, 2006). A threshold 

value for MNDWI (e.g. simply a value of zero) can be set to separate water 

features from non-water features. Ji et al. (2009) concluded the threshold 

should be manually adjusted according to atmospheric absorption and lake 

water quality for a more accurate extraction of the size of water bodies. In 

this study, we adopted the MNDWI method followed by a manual 

digitization. This kind of combination should preserve the efficiency of 

MNDWI method and accuracy by a careful digitization. Following the 

manual adjustment procedure by Xu (2006) and recommendation by Ji et 

al. (2009), different MNDWI threshold values were tested and the resulting 

water feature/non-water feature separations, especially near the water body 

boundary, were visually checked. The threshold value of 0 and 0.1 were 
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found suitable for Lake Mead and Lake Tana, respectively. For each 

satellite image, the mistaken water features near the water body boundary 

(inundated areas present water features but should not belong to lake) were 

further removed by the aided digitization through visual interpretation. 

Finally, the water surface areas were calculated as the sum of the areas of 

the pixels identified as water bodies. In this study, a total of 49 Landsat 

images were processed (21 for Lake Mead and 28 for Lake Tana). The in-

situ surface areas derived from the bathymetric survey (Section 3.4.1) were 

used to validate the estimated surface areas. The estimated surface areas 

are in good agreement with in-situ measurements (R
2 

= 0.99 for Lake Mead; 

R
2 

= 0.89 for Lake Tana), and the percentage of RMSE in terms of the 

mean measured surface area is 2.19% for Lake Mead and 4.64% for Lake 

Tana (Table 3.3). 

 

Table 3.3 Statistics for the estimated surface areas from Landsat images 

for Lake Mead and Lake Tana when compared to in-situ measurements 

from bathymetric survey. 

Study area No. R
2 

Meanmeasured 

(km
2
) 

Meanestimated 

(km
2
) 

RMSE 

(km
2
) 

RMSE/meanmeasured 

(%) 

Lake Mead 21 0.99 410.80 404.26 8.98 2.19 

Lake Tana 28 0.89 2913.71 3044.91 135.30 4.64 

“No.” refers to the number of estimated surface areas derived from Landsat images. 

“Meanmeasured” and “Meanestimated” are the mean values of in-situ measurements and 

estimated surface areas from Landsat images, respectively. 

 

3.5.2 Water volume estimation 

The total volume (V) of water depends on a specific fixed minimum 

volume of water contained in lakes and reservoirs (Vcon), and a variable 

component that varies with the water levels (Vvar): 

V = Vcon + Vvar                                       (3.7) 

 

The hypothesis to be tested is whether satellite measurements can capture 

Vvar by dynamic measurements over a long enough period, such as for 

instance 10 years. This is the most challenging part of volumetric 

assessments. Vcon refers to the water stored between a certain fixed water 

level and the bottom. The single value for Vcon can be obtained from 

topographic maps before a reservoir was constructed and more rarely from 

bathymetric maps. Determination of Vcon has several difficulties. The 
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underlying topography is uneven and it fluctuates significantly; thereby 

increasing error bands. In addition, the underlying topography changes 

continuously and elevations increase due to sedimentation and other 

human activities (Feng et al., 2011; Peng et al., 2006). Determination of 

Vvar is for practical purposes more appealing.  

 

The lowest water level derived from satellite altimetry during the study 

period can be set to the reference level to separate Vcon and Vvar. The 

resulting water volume Vvar is referred to as Water Volume Above the 

Lowest water Level (WVALL) in this paper. Considering that the objective 

of this study is to estimate the relative water volume variations for the sake 

of water management rather than absolute values, values of Vcon can be 

disregarded.  

 

In this study, the lowest water level in each satellite altimetry product was 

determined first. Subsequently, the lowest water level was subtracted from 

all water levels obtained from each satellite altimetry product to obtain the 

Water Level Above the Lowest Level (WLALL). The relationship between 

WLALL and corresponding surface area (area-WLALL) was established 

using regression analysis. Because the water volume is the integration of 

the functional relationship between surface area and water level, the 

WVALL-WLALL relationship can be obtained by analytically integrating 

the function of area-WLALL with the condition that WVALL is equal to 

zero when WLALL is zero. In order to clearly explain how to perform such 

analytical integration, let us image the area-WLALL relation can be 

described as a second-polynomial function: A = f(L) =aL
2
+bL+c, where A 

is the surface area in km
2
, L is WLALL in m, and a, b, c are coefficients 

determined by regression analysis. Then the WVALL-WLALL function 

which is the integration of f(L) against dL can be written as: V = ſf(L)dL 

=aL
3
/3+bL

2
/2+cL+d, where V means WVALL, a, b, c and d are 

coefficients. The a, b and c are the same values in area-WLALL function, 

and d can be solved as 0 given the condition V = 0 when L = 0. The 

resulting equation can be used to convert the time-series of WLALL to 

WVALL for the analysis of water volume variations in lakes or reservoirs. 

 

3.5.3 Validation 

The validation of satellite altimetry-derived water levels is generally done 

by comparison with in-situ measurements from gauging stations (Birkett, 

1995; Birkett and Beckley, 2010; Crétaux and Birkett, 2006; Medina et al., 
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2008). It should be noted that altimetry-derived water levels are average 

values along the ground tracks overflying the targets, and the tracks are 

usually some distance away from the gauging stations. The exact values of 

distance between overflying tracks and in-situ gauging stations are not 

reported here for conciseness, but Figure 3.1 with scale bar gives a rough 

idea on the distances. In addition, in-situ water levels from gauging 

stations have their own reference datum (e.g. local mean sea level), while 

water levels from different satellite altimeter products are based on 

different geoids or references (see Table 3.1). So we cannot directly 

compare the absolute values of water levels from satellite altimeter 

products with in-situ measurements. Only the water level variations can be 

derived from the operational databases. The validation method by Birkett 

and Beckley (2010) is commonly used, and thus adopted in this study. In 

this method, the altimetry-derived water levels are simply shifted vertically 

(adding a shift constant that correct for the different geoids or references) 

to fit in-situ measurements. The RMSE (root mean square error) of the 

water level differences are computed to signify error. Siddique-E-Akbor et 

al. (2011) also used a similar procedure to bring the satellite altimetry 

derived water levels into a target datum for inter-comparison. The R
2
 

(coefficient of determination) was also used to evaluate the agreement 

between in-situ measurement and altimetry-derived water levels. To 

validate the estimated water volumes, the measured water volumes were 

converted to WVALL as estimated volumes. The conversion was carried 

out by subtracting the water volume value for the same date that the lowest 

water level occurred in satellite altimetry water levels products. Two 

statistical indicators, R
2
 and RMSE were used to validate the estimation.  

 

3.6 Results and discussion 

3.6.1 Water levels 

Water levels for Lake Mead were obtained from Hydroweb and ICESat-

GLAS. There were 75 monthly water level values available in the 

Hydroweb database covering the period from 2000 to 2010. For ICESat-

GLAS, 39 water levels corresponding to the ICESat campaign date were 

obtained during the whole operational period of ICESat (2003-2009). 

Figure 3.2 compares water level time-series between in-situ measurements 

and those from Hydroweb and ICESat-GLAS. It should be noted that water 

levels from both Hydroweb and ICESat-GLAS were shifted vertically to 
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the same datum with in-situ measurements by adding a shift constant 

following Birkett and Beckley (2010) (Table 3.4). Both water level time-

series from Hydroweb and ICESat-GLAS were in good agreement with in-

situ measurements in phase and amplitude with R
2
 of 0.99 (Table 3.4). 

However, the maximum water level during the whole period was 

underestimated by Hydroweb (Figure 3.2a). As clearly shown in Figure 

3.2a, the water level in Lake Mead dropped about 40 m during the period 

2000-2010. This continuous drop in water level was caused by two main 

reasons: the sustained decreased in runoff from the upstream Colorado 

River due to the extended drought, and the increasing water demands 

caused by population growth in the Lake Mead Basin (Holdren and Turner, 

2010; Li et al., 2010). From Figure 3.2, the lowest water level that occurred 

in each time-series was also identified correctly. Because Hydroweb water 

level time-series and ICESat-GLAS time-series cover different periods 

(2000-2010 versus 2003-2009) and at different time intervals (monthly 

versus campaign dates), the date of the lowest water level observed with 

Hydroweb and ICESat-GLAS products was different. In Hydroweb time-

series, the lowest water level occurred in October, 2010; in ICESat-GLAS 

time-series the lowest water level occurred on October 2, 2009. 

 

The RMSE between water levels from Hydroweb and in-situ 

measurements was 64.1 cm (Table 3.4). Lake Mead was not included in 

previous studies where altimetry water levels were compared with in-situ 

measurements, but the RMSE for Lake Powell was reported to be 80 cm 

(Crétaux et al., 2011). Because Lake Powell has a similar shape (long and 

very narrow) and size as Lake Mead, the results revealed consistency. As 

described in Section 3.5.3, the distance between in-situ gauge station and 

the tracks of satellite altimeter missions inevitably contributed to the 

RMSE. In addition, the high RMSE from satellite radar altimetry for such 

small bodies could be partly due to the inclusion of land and island 

information in the radar footprint for range measurements, and also due to 

the poor model-based wet tropospheric range correction (Birkett and 

Beckley, 2010). ICESat-GLAS was better than Hydroweb with a RMSE of 

35.0 cm. This could be partly due to the smaller footprint of the satellite 

laser altimeter (ICESat) than radar altimeters (data used for Hydroweb). 

Hence, ICESat-GLAS could be more suitable for small and narrow lakes 

but the time interval is inconsistent, corresponding to campaign dates. 

 

For Lake Tana, all four satellite altimetry products provided water levels. 

For each product, only water levels within the period of in-situ 
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measurements (January 1, 1992-August 31, 2006) were used for validation. 

GRLM provided 482 water levels for Lake Tana at a consistent interval of 

10 days. From RLH product, 34 water levels could be obtained covering 

the period October 16, 2002 to August 16, 2006 with a consistent interval 

of 35 days. Hydroweb provided 168 monthly water levels. From ICESat-

GLAS, only 13 water levels corresponding to campaign dates were 

obtained for Lake Tana covering October 16, 2003 to June 26, 2006. 

Comparisons of water level time-series between in-situ measurements and 

those from GRLM, RLH, Hydroweb and ICESat-GLAS are shown in 

Figure 3.3. The shift constant values are presented in Table 3.4. The 

observation of large shift constant values for GRLM and RLH is because 

both the original GRLM and RLH data are referenced to the mean level 

(see Table 3.1, and Section 3.4.2.1 and 3.4.2.2). It should be noted that in 

Figure 3.3a and Figure 3.3c the observed sudden drop in water level in 

2002 is mainly due to the construction of the Chara Chara weir at the outlet 

in Bahir Dhar commencing from 2000 (Chebud and Melesse, 2009a). 

 

Time-series from each satellite altimetry product agreed well with in-situ 

measurement with R
2
 of 0.95 to 0.97 (Table 3.4). However, the standard 

deviation (STD) from RLH appears to be relatively large as shown by the 

error bar included in Figure 3.3b. As shown in Figure 3.1b, the effective 

track of ENVISAT mission (which RLH data are mainly derived from) 

over-flied the island within Lake Tana. Therefore, we guess that the higher 

STD could be due to the fact that the land-contaminated ENVISAT 

measurements where happened around the island were used in the 

averaging computation of all measurements along the track for the final 

water level. The raw data of ENVISAT should be used to analyze the exact 

reasons for the higher STD in RLH. The lowest water level in each time-

series was also correctly identified (i.e. occurred on June 18, 2003 in 

GRLM; May 14, 2003 in RLH; June, 2003 in Hydroweb; June 20, 2004 in 

ICESat-GLAS). It should be noted that for some cases water levels derived 

from satellite altimetry could be abnormally low (or high) which will affect 

the determination of the lowest water level as the reference for further 

water volume variation estimation. For example in GRLM as shown in 

Figure 3.3a, the water level on February 28, 1996 is abnormally low, but 

this could be identified as outlier easily and removed from further analyses 

based on the long-term water level time-series. Thus, for accurate 

determination of the lowest water level as a reference it is best to use a 

long enough water level time-series. The RMSE between each satellite 

altimetry database and in-situ measurements were similar, ranging from 
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10.5 to 16.2 cm. This could indicate that satellite laser altimetry (i.e. 

ICESat) with a narrower footprint does not perform significantly better 

than satellite radar altimetry for big lakes or reservoirs where the 

contamination of land/coastline within the footprint is no longer a big issue. 

 

 
Figure 3.2 Comparison between measured water levels and satellite 

altimetry water levels with standard deviation as error bar (a) Hydroweb 

and (b) ICESat-GLAS for Lake Mead between 2000 and 2010. 

 

Table 3.4 Statistics for satellite altimetry water levels for the three studied 

lakes when compared to in-situ measurements. 

Study 

area 
Database Period No. R

2 
RMSE 

(cm) 
Shift 

constant (m) 
Measured mean 

water level (m) 

Lake 

Mead 
Hydroweb 2000–2010 75 0.99 64.1 −0.7922 344.2 

ICESat-

GLAS 
2003–2009 39 0.99 35.0 0.2457 343.3 

Lake 

Tana 
GRLM 1992–2006 482 0.95 16.2 1786.4612 1786.2 

RLH 2002–2006 34 0.96 11.5 1786.1699 1785.8 

Hydroweb 1992–2006 168 0.95 13.3 −1.5055 1786.2 

ICESat-

GLAS 
2003–2006 13 0.97 10.5 −0.7298 1785.8 

Lake 

IJssel 
GRLM 2002–2010 78 0.49 7.9 −0.3619 −0.3 

ICESat-

GLAS 
2003–2009 7 0.06 87.0 0.5726 −0.3 

 

For Lake IJssel, water levels were obtained from GRLM and ICESat-

GLAS only. Lake IJssel rarely freezes and has no tide effect, but it suffers 

from north-western wind effect resulting in short-term water level 

fluctuations (P. H. A. J. M. van Gelder, personal communication, 2012). 
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Considering this possible wind effect and the availability of four stations at 

10-minute intervals, we carried out a strict selection of in-situ water levels 

for validations of satellite altimetry products, i.e. only the mean water level 

of four gauging stations at 10-minute intervals with a standard deviation 

within 10% of the mean value were used. A small standard deviation 

indicates stability of the water level of the entire lake, thus the possible 

wind effect can be excluded. The exact date (to the hour and minute) for 

each water level from GRLM and ICESat-GLAS was used to select the 

corresponding 10-minute mean in-situ water levels. Finally 78 and 7 in-situ 

water levels passed the aforementioned strict selection for validation of 

GRLM and ICESat-GLAS, respectively. 

 

Figure 3.4 compares time-series of in-situ measurements and shifted water 

levels from GRLM and ICESat-GLAS. For GRLM as shown in Figure 

3.4a, the water level variation seemed to follow a similar line with the in-

situ measurement in general, but there were still discrepancies in amplitude 

and phase and the agreement was low with R
2
 of 0.49 although the RMSE 

was 7.9 cm (Table 3.4). Birkett et al. (2011) described the desirable 

accuracy to be better than 10% of expected total seasonal fluctuation and 

the accepted accuracy must allow for a discernible capture of fluctuation. 

Lake Mead showed a general declining trend of about 40 m, and the RMSE 

(64.1 or 35.0 cm) is only   1.6% or 0.9 % of the targeted large fluctuation. 

For Lake Tana, the RMSE of 10.5-16.2 cm is 6.6-10.1% of the target 

seasonal fluctuation of 1.6 m. The small ratio of RMSE to the target 

fluctuation could be the reason why the fluctuation in phase and amplitude 

was accurately captured for Lake Mead and Lake Tana. Considering the 

minimal magnitude of fluctuation of 0.2 m for Lake IJssel, a higher 

accuracy may be required. An accuracy of 7.9 cm (39.5%) by GRLM 

seems to be insufficient to capture the small fluctuation. The precision (or 

minimum total error) of satellite radar altimetry-based water levels for 

lakes was reported to be about 4-6 cm (Birkett and Beckley, 2010; Crétaux 

and Birkett, 2006), the high noise-to-signal ratio (4-6 cm precision versus 

20 cm water level variation) could be the main reason for the poor 

performance of GRLM for Lake IJssel. As shown in Figure 3.4b, an 

unexpected poor result was observed for ICESat-GLAS with little 

agreement with in-situ measurement (R
2 

= 0.06) and a high RMSE of 87.0 

cm (Table 3.4). The unexpected poor result from ICESat-GLAS could be 

due to the atmospheric effects such as cloud interference on laser altimetry. 

However, the quality flags for cloud (i_cld1_mswf and i_MRC_af) 

included in the ICESat-GLAS product were labeled as invalid for all tracks 
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on Lake IJssel. The possible influence of a saturation effect (Urban et al., 

2008) was rejected as we checked the saturation quality flag (i_satCorrFlg) 

included in ICESat-GLAS and found that most ICESat elevations were 

labeled as “no saturation effect”. The very limited number of elevations 

labeled as “saturation effect” were already removed for final water level 

computation. Details of these three quality flags can be found in the GLAS 

Altimetry Data Dictionary (2012). The mentioned saturation effect refers 

to the phenomenon that the energy in the altimeter return pluses exceeds 

the GLAS receiver linear dynamic range, which will result in clipped-peak 

waveforms and further cause the negative bias in the estimated surface 

elevations or water levels (GLAS Altimetry Product Usage Guidance, 2013; 

Urban et al., 2008). 

 

 
Figure 3.3 Comparison of satellite altimetry products and measured water 

levels for Lake Tana between January 1, 1992 and August 31, 2006. (a) 

GRLM (b) RLH (c) Hydroweb and (d) ICESat-GLAS. Error bars are 

estimated errors for GRLM, standard deviations for RLH, Hydroweb and 

ICESat-GLAS 

 

Given that (1) the objective of this paper was to propose a method for 

estimating water volume changes; (2) only high-level satellite altimetry 
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databases were used which could not provide enough information (i.e. 

values for each item in Eq. (3.1) and details on the adopted methods for 

retracking and corrections), we could not further investigate the exact 

reasons for the poor results of Lake IJssel as well as some outliers in 

GRLM (Figure 3.3a) and the high STD in RLH (Figure 3.3b) for Lake 

Tana in this paper. This highlights the need for two future studies. Firstly 

raw satellite radar and laser altimetry data should be used to separately 

check each item (e.g. range measurement, corrections etc.) which was used 

to generate the final water levels. This separate analysis can help to explain 

the poor results for Lake IJssel and outliers in GRLM and high STD in 

RLH. Secondly, more lakes/reservoirs with small fluctuation (<0.5 m) need 

to be studied to test the performance of satellite altimetry, as also stressed 

by Birkett and Beckley (2010). Such studies will show whether Lake IJssel 

is an exceptional case with poor results or whether the results reflect the 

general limitation of satellite altimetry for lakes with such small fluctuation. 

Given the poor water level results, water volume estimation was not 

conducted for Lake IJssel. 

 

 
Figure 3.4 Comparison of satellite altimetry products and measured water 

levels for Lake IJssel between 2002 and 2010. (a) GRLM and (b) ICESat-

GLAS. Error bars are estimated errors for GRLM, standard deviation for 

ICESat-GLAS. 

 

It is worth mentioning several practical issues for the investigated four 

satellite altimetry databases. As mentioned in Section 3.2, the water levels 

are derived using the Eq. (3.1), thus the accuracy/quality of the final-

product water levels depends on the accuracy/quality of each item (in 

particular “Range” and corrections) in Eq. (3.1). The data from three radar 

altimetry databases (GRLM, RLH and Hydroweb) are already processed 

and the user could not do some refinement in order to improve the quality 

of the data. In addition, the values for each item in Eq. (3.1) are not given 
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which renders the user inability to diagnose the quality of data. In some 

situations, several lakes and reservoirs which are actually measured by 

satellite radar altimetry could not be included in GRLM, RLH and 

Hydroweb databases due to the ongoing development and specific 

objectives of these three databases. In that case, one has to process the raw 

satellite radar altimetry data to derive water levels. The practical 

procedures can be found in many papers (e.g. Birkett et al., 2011; Medina 

et al., 2008; Ponchaut and Cazenave, 1998). The Basic Radar Altimetry 

Toolbox (BRAT) can be helpful for processing such raw data, which is 

freely available at: http://www.altimetry.info. 

 

Another issue relates to the sparse temporal sampling (at best 10-day 

intervals, see Table 3.1) of these databases. One may wonder whether it is 

possible to combine water levels from different databases for improved 

temporal sampling. Strictly speaking, the reasonable combination should 

be conducted using the raw data from different altimeters and after the 

biases between different altimeters must be accounted for (Birkett et al., 

2011; Calmant et al., 2008; Frappart et al., 2006a). The sufficient number 

of coincident crossover measurements is required to determine the biases 

between different altimeters, which often cannot be achieved for inland 

water bodies where different altimeters cross over different locations at 

different times (Birkett et al., 2011; Frappart et al., 2006a). The 

combination of different altimeters have been well applied for the oceans, 

the readers interested in the combination techniques are referred to Le 

Traon and Ogor (1998) and Ducet et al. (2000). With the assumption that 

no spatial variation in water level at a given day, the practical solution to 

combining three databases GRLM, RLH and ICESat-GLAS (Hydroweb 

cannot be combined as it provides monthly-average data) for several large 

or “lucky” lakes where multiple altimeters crossed over is to find an 

adequate number of coincident data to compute the datum conversion 

constant among the three databases to account for the difference in the 

different reference systems (Table 3.1). The procedure by Siddique-E-

Akbor et al. (2011) can be used to bring a given database (e.g. GRLM) into 

a reference database (e.g. ICESat-GLAS). In the case of this study, far 

limited number of coincident data was observed among GRLM, RLH and 

ICESat-GLAS for Lake Tana (only 2 coincident data between GRLM and 

RLH, no for others), therefore we cannot combine them into a complete 

time-series in a reasonable way.  

 

http://www.altimetry.info/
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3.6.2 Water volumes 

For Lake Mead, the lowest water level in Hydroweb occurred in October, 

2010 with an original value of 330.7519 m. The original value is the 

absolute value obtained from satellite altimetry products rather than a 

vertically shifted value to fit in-situ measurements. Only satellite 

measurements were used for water volume estimation in this study without 

any in-situ data. All 75 original water levels from Hydroweb were 

converted into WLALL by subtracting the minimum value in October, 

2010. Subsequent estimates of water volumes were also based on the 

lowest water level i.e. the value in October, 2010. For validation purposes 

the in-situ measurements of water volumes were thus also converted into 

WVALL, i.e. water volumes above the water level measured in October, 

2010. For ICESat-GLAS, the lowest water level occurred on October 2, 

2009 with an original value of 333.2855 m. Subsequently, all 39 ICESat-

GLAS water levels were converted into WLALL, and in-situ 

measurements were also converted into corresponding WVALL. It should 

be noted that the lowest water level is different for different satellite 

altimetry products. No inter-comparison in water volume estimations can 

be carried out for different satellite altimetry water levels, unless they 

coincide on the same day. 

 

According to the lowest-highest sequence of WLALL from both 

Hydroweb and ICESat-GLAS, 11 and 10 Landsat TM/ETM+ images 

coinciding with the dates of the water levels were selected to estimate 

corresponding surface areas. Table 3.5 lists these original water levels, 

WLALL values, corresponding selected images, and estimated surface 

areas using the MNDWI method. Regression analyses using pairs of 

WLALL and surface area (11 pairs for Hydroweb and 10 pairs for ICESat-

GLAS) showed that the WLALL-surface area relationship can be 

expresses by two second-degree polynomials, with an R
2
 of 0.99 for both 

Hydroweb and ICESat-GLAS (Figure 3.5). Furthermore, a third-degree 

polynomial function of WVALL and WLALL was generated using the 

standard analytical integration (the function is included in Figure 3.5). 

Finally, 75 and 39 values of WVALL were obtained by converting all 

WLALL using the corresponding WVALL-WLALL function for 

Hydroweb and ICESat-GLAS, respectively. The behavior of time-series of 

water volume variations is similar with the water level variations shown in 

Figure 3.2 except the difference in the absolute values, thus the time-series 

of water volume variations was not presented for conciseness, rather a 
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common 1:1 line figure was presented to give a more clear comparison 

between in-situ and estimated values. Figure 3.6 presents the comparisons 

between in-situ measurements and estimated WVALL using Hydroweb 

and ICESat-GLAS water levels. The estimated WVALL were in good 

agreement with in-situ measurements in amplitude and phase with a high 

R
2
 of 0.99 for using both Hydroweb and ICESat-GLAS water levels (Table 

3.6). There was little difference in the mean values of estimated WVALL 

and in-situ data. The RMSE was 344.45 and 175.74 10
6
 m

3
 i.e. 6.3% and 

4.6% of the mean value of in-situ measurements, using Hydroweb and 

ICESat-GLAS water levels, respectively.  

 

During the available in-situ measurements period (January 1, 1992 to 

August 31, 2006), the lowest water level for Lake Tana occurred on June 

18, 2003 with an original value of -2.01 m in the GRLM water level time-

series; and on May 14, 2003 with an original value of -1.470 m in RLH; 

and in June, 2003 with original value of 1786.0782 m in Hydroweb. Using 

ICESat-GLAS the lowest level occurred on June 20, 2004 with an original 

value of 1785.646 m. Each satellite altimetry time-series was converted 

into WLALL. Four sets of Landsat TM/ETM+ images coinciding with the 

date of WLALL from each product were selected according to the lowest-

highest sequence of WLALL: 11 images for GRLM, 8 images for RLH, 10 

images for Hydroweb (at monthly scale) and 6 images for ICESat-GLAS. 

For GRLM, Hydroweb and ICESat-GLAS, no suitable images could be 

found to match the date of the lowest water level due to either poor quality 

of images or too large a date shift/difference. It should be noted that for 

RLH one selected image was 8 days after the date of the corresponding 

water level. This image was selected because the corresponding water level 

was the higher water level in the RLH time-series and would have a large 

effect on further surface area-level relationship establishment. In addition, 

for ICESat-GLAS, the small number (13) of water levels added the 

difficulty to select the coinciding imagery data. The desirable criterion 

(selecting images that are within 5 days before or after) was thus relaxed to 

be within 8 days for using ICESat-GLAS data. This impact of relaxing 

criterion is negligible as we found the variation in surface areas during the 

8-day shift period (Table 3.7) is within 0.2% according to in-situ 

measurements from bathymetric survey. Four sets of images were further 

used to derive surface areas using the MNDWI method. Table 3.7 lists 

these original water levels, WLALL values, corresponding selected images, 

and estimated surface areas for each satellite altimetry product for Lake 

Tana. The WLALL-surface area relationship was obtained through 
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regression analysis using each set of pairs of WLALL and surface area, 

and the WVALL-WLALL relationship was further determined by 

analytical integration. Figure 3.7 shows the established WLALL-surface 

areas relationship (all with an R
2
 larger than 0.92) and analytical integrated 

WVALL-WLALL relationship for four satellite altimetry water levels.  

 

Table 3.5 Summary of WLALL from Hydroweb and ICESat-GLAS water 

levels for Lake Mead and selected corresponding imagery data and 

estimated surface areas. 

Water 

level 

sources 
No. 

Water levels Landsat TM/ETM images 

Date 
Original 

(m) 
WLALL 

(m) 
Date Sensor 

Areas 

(km
2
) 

Hydroweb 1 2010-10 330.75 0.00 2010-10-14 TM 330.61 

2 2010-06 333.41 2.66 2010-06-24 TM 339.58 

3 2009-06 335.13 4.38 2009-06-21 TM 346.55 

4 2008-10 338.21 7.46 2008-10-24 TM 366.85 

5 2007-08 339.98 9.23 2007-08-03 TM 379.76 

6 2007-05 342.67 11.92 2007-05-15 TM 384.87 

7 2005-01 345.34 14.58 2005-01-17 TM 423.22 

8 2003-05 349.21 18.46 2003-05-20 TM 433.80 

9 2002-12 352.54 21.78 2002-12-27 TM 455.46 

10 2002-01 359.62 28.87 2002-01-17 ETM+ 512.12 

11 2000-08 364.82 34.07 2000-08-15 TM 554.65 

ICESat-

GLAS 
1 2009-10-05 333.29 0.01 2009-10-11 TM 349.98 

2 2008-10-09 337.10 3.80 2008-10-08 TM 371.76 

3 2009-03-14 338.18 4.90 2009-03-17 TM 375.53 

4 2008-02-19 340.14 6.92 2008-02-27 TM 380.09 

5 2006-10-30 342.81 9.61 2006-11-04 TM 402.21 

6 2007-03-16 343.60 10.32 2007-03-12 TM 403.32 

7 2004-05-19 344.88 11.53 2004-05-22 TM 407.83 

8 2005-11-20 346.29 13.01 2005-11-20 TM 420.38 

9 2006-02-27 347.53 14.24 2006-02-21 TM 424.10 

10 2005-05-25 348.01 14.84 2005-05-25 TM 426.78 

“Original” means the original value directly from the satellite altimetry products; 

“WLALL” is obtained by subtracting the lowest water level in the time-series during the 

study period. 
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Figure 3.5 Surface area (A)–WLALL (L) and analytical integrated 

WLALL (L)–WVALL (V) relationships for Lake Mead using water levels 

from Hydroweb and ICESat-GLAS products. 

 

 
Figure 3.6 Comparisons between in-situ measurements and water volume 

variations estimated from using Hydroweb and ICESat-GLAS water levels 

for Lake Mead. 

 

 
Figure 3.7 Surface area (A)–WLALL (L) and analytical integrated 

WLALL (L)–WVALL (V) relationships for Lake Tana using: GRLM and 

RLH water levels (a); and Hydroweb and ICESat-GLAS water levels (b). 
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Figure 3.8 Comparisons between in-situ measurements and water volume 

variations estimated from using GRLM, RLH, Hydroweb and ICESat-

GLAS water levels for Lake Tana. 

 

Table 3.6 Statistics of estimated water volumes for Lake Mead and Lake 

Tana when compared to in-situ measurements. 

Study 

areas 

Water 

level 

sources 
Period No. 

Meanmeasured 

(10
6
 m

3
) 

Meanestimated 

(10
6
 m

3
) 

R
2 

RMSE 

(10
6
 m

3
) 

RMSE/ 
Meanmeasured 

(%) 

Lake 

Mead 
Hydroweb 2000–

2010 
75 5440.56 5402.20 0.99 344.45 6.33 

ICESat-

GLAS 
2003–

2009 
39 3805.54 3707.82 0.99 175.74 4.62 

Lake 

Tana 
GRLM 1992–

2006 
482 5246.90 5349.20 0.95 494.77 9.41 

RLH 2002–

2006 
34 3562.79 3236.77 0.96 465.96 13.08 

Hydroweb 1992–

2006 
168 5403.01 5027.51 0.96 541.03 10.01 

ICESat-

GLAS 
2003–

2006 
13 2673.20 2700.64 0.97 309.90 11.59 

“No.” is the number of estimated water volume values during the study period; 

“Meanmeasured” and “Meanestimated” are the mean values of measured data and 

estimated result, respectively. 
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Table 3.7 Summary of WLALL using GRLM, RLH, Hydroweb and 

ICESat-GLAS water level values and corresponding selected imagery data 

and estimated surface areas for Lake Tana. 

Water 
level 

sources 

No. 

Water levels Landsat TM/ETM images 

Date Original (m) 
WLALL 

(m) 
Date Sensor 

Areas 

(km2) 

GRLM 1 2003-05-19 − 1.83 0.18 2003-05-18 ETM + 2966.88 

2 2004-05-20 − 1.30 0.71 2004-05-20 ETM + 3009.05 

3 2002-07-06 − 1.19 0.82 2002-07-02 ETM + 3020.19 

4 2004-04-01 − 0.92 1.09 2004-04-02 ETM + 3023.42 

5 1995-03-18 − 0.39 1.62 1995-03-17 TM 3039.07 

6 1998-04-11 − 0.14 1.87 1998-04-10 TM 3044.65 

7 2002-09-03 − 0.12 1.89 2002-09-04 ETM + 3052.12 

8 2004-11-15 0.07 2.08 2004-11-12 ETM + 3063.01 

9 2000-02-04 0.13 2.14 2000-02-03 ETM + 3065.86 

10 2001-02-05 0.30 2.31 2001-02-05 ETM + 3066.37 

11 1998-11-05 0.77 2.78 1998-11-04 TM 3079.91 

RLH 1 2003-05-14 − 1.47 0.00 2003-05-18 ETM + 2966.88 

2 2004-06-02 − 1.16 0.30 2004-06-05 ETM + 2996.40 

3 2003-01-29 − 0.61 0.86 2003-01-26 ETM + 3028.71 

4 2002-12-25 − 0.44 1.03 2002-12-25 ETM + 3036.13 

5 2005-03-09 − 0.25 1.22 2005-03-04 ETM + 3042.02 

6 2006-01-18 − 0.18 1.29 2006-01-18 ETM + 3047.67 

7 2005-12-14 0.11 1.58 2005-12-17 ETM + 3052.26 

8 2003-10-01 0.46 1.92 2003-10-09 ETM + 3064.65 

Hydroweb 1 2003-05 1786.20 0.12 2003-05-18 ETM + 2966.88 

2 2002-07 1786.94 0.86 2002-07-02 ETM + 3020.19 

3 2002-04 1787.18 1.10 2002-04-29 ETM + 3034.74 

4 1995-03 1787.35 1.27 1995-03-17 TM 3039.07 

5 2000-05 1787.59 1.51 2000-05-25 TM 3051.24 

6 2002-01 1788.01 1.93 2002-01-23 TM 3058.32 

7 2001-02 1788.20 2.12 2001-02-05 TM 3066.37 

8 1998-12 1788.38 2.30 1998-12-06 TM 3071.16 

9 1998-11 1788.67 2.59 1998-11-20 TM 3079.91 

10 1998-10 1789.13 3.05 1998-10-19 TM 3085.51 

ICESat-
GLAS 

1 2006-03-27 1786.14 0.49 2006-03-23 ETM + 3033.96 

2 2005-03-24 1786.48 0.83 2005-03-20 ETM + 3039.50 

3 2005-02-19 1786.70 1.05 2005-02-16 ETM + 3042.63 

4 2005-11-23 1787.00 1.35 2005-11-15 ETM + 3062.22 

5 2004-11-06 1787.27 1.63 2004-11-12 ETM + 3063.01 

6 2003-10-16 1787.39 1.75 2003-10-09 ETM + 3064.65 

“Original” means the original value from the satellite altimetry products; 

“WLALL” is obtained by subtracting the lowest water level in the time-series 

during the study period. 
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These four sets of WLALL values were converted into WVALL values 

using the established WVALL-WLALL functions. Figure 3.8 compares 

estimated WVALL using satellite altimetry water levels and in-situ 

measurements. All estimated WVALL agrees well with in-situ data with 

R
2
 larger than 0.95 (Table 3.6). The RMSE ranges from within 9.4% to 

13.1% of mean value of in-situ measurements.  

 

It should be noted that in addition to the errors in altimetry water levels and 

extracted surface areas, the mismatch in dates between Landsat imagery 

data and satellite altimetry products can introduce additional errors in the 

subsequent water volume estimations. This limitation could be overcome 

by using satellite imagery data from other satellite systems, such as SPOT, 

ASTER, DMC, CBERS, HuanJing, IRS, RapidEye multispectral imagery 

and radar images from Radarsat and ENVISAT (ASAR). 

 

3.7 Conclusions 

 

Knowledge of water volume variations in lakes and reservoirs is essential 

for water balance studies and water allocation and water release strategies 

by the responsible agencies. The main objective of this paper was to 

propose a new method for estimating water volume changes using only 

satellite data without in-situ gage measurements. All four presently 

available satellite altimetry products i.e. GRLM, RLH, Hydroweb and 

ICESat-GLAS were used to obtain water levels for three lakes/reservoirs 

with entirely different characteristics: Lake Mead, Lake Tana and Lake 

IJssel. The availability of water levels for a specific lake/reservoir differs 

in the four products, but for Lake Tana all four products provided water 

levels. Satellite altimetry products were in good agreement with in-situ 

water levels for Lake Mead (R
2
 = 0.99) and Lake Tana (R

2
 ranged from 

0.95 to 0.97), but not for Lake IJssel (R
2
 = 0.06 to 0.49). The exact reasons 

for the poor results of Lake IJssel should be investigated using raw satellite 

altimetry data in more depth in the future study. 

 

Satellite altimetry products were combined with Landsat TM/ETM + 

imagery data to estimate the water volume variations for Lake Mead and 

Lake Tana. The surface areas were derived from Landsat images using the 

MNDWI method followed by visual digitization. The accuracy of 
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estimated surface areas was reasonable with RMSE within  5% of the mean 

in-situ surface areas derived from bathymetric survey. The lowest water 

level captured in satellite altimetry products over the long-term can be used 

as a reference level for water volume estimation. All satellite altimetry 

water levels were converted to WLALL (Water Level Above the Lowest 

Level) by subtracting the lowest water level for each satellite altimetry 

product. The WLALL–surface area relationships were established by 

regression analysis of pairs of WLALL and corresponding surface areas 

derived from Landsat TM/ETM + imagery data. The WVALL (Water 

Volume Above the Lowest water Level)–WLALL relationships were 

further constructed through analytical integration. This allowed us to 

convert satellite altimetry water levels directly into time-series of water 

volume variations without becoming reliant on the support from in-situ 

measurements or bathymetry maps. This is an important advantage for 

operational application because changes in water storage are related to the 

releases from the lake or reservoir. All estimated water volumes agreed 

well with in-situ water volumes for both Lake Mead and Lake Tana, with 

R
2
 higher than 0.95 and RMSE ranging between 4.6 and 13.1% of 

corresponding mean value of in-situ measurements. 

 

This study demonstrated the feasibility of estimating water volume 

variations using only freely available satellite data for lakes and reservoirs 

where reasonable accurate water levels can be obtained from satellite 

altimetry. However, the availability of reliable in-situ measurements 

(especially for water volumes) limits us to study the very small number of 

lakes in this paper. More conclusive accuracy of satellite altimetry 

databases and proposed method should be assessed comprehensively using 

more different lakes/reservoirs with good-quality in-situ measurements in 

the future. 

 

Recent studies showed our proposed method also generated reasonable 

water volume variations for Lake Nasser (Egypt-Sudan) and Roseires 

Reservoir (Sudan) with R
2
 of 0.94 and RMSE within 10-23% when 

compared with in-situ water volumes (Muala, 2012; Muala et al., 2014). 

Our proposed method can be extended with ease to other lakes or 

reservoirs which are included in these four databases. Several lakes and 

reservoirs which are actually measured by satellite radar altimetry could 

not be included in GRLM, RLH and Hydroweb databases due to the 

ongoing development and specific objectives of these three databases. It is 

technically feasible that users could process raw satellite radar altimetry 
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data themselves to obtain water levels and then apply the proposed method 

to estimate water volume variations without in-situ measurements. Once 

water volume variation is determined, and combined with precipitation, 

evaporation and inflow, the water balance of lakes and reservoirs can be 

used to estimate outflow. When the estimated water volume variations 

using our proposed method were combined with a simple water balance 

model, Muala et al. (2014) found that the estimated outflow/discharge from 

Roseires Reservoir agreed well with in-situ discharges (R
2
 of 0.98 and 

RMSE within 18%). This study underscores the potential of remote 

sensing as a tool to monitor water volume variations in lakes or reservoirs 

and contributes to free access to water resources information. 
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4 
4 A new empirical procedure for 

estimating intra-annual heat 
storage changes in lakes and 

reservoirs: Review and analysis of 
22 Lakes3 

 

 

4.1 Introduction 

 

Lakes and reservoirs store fresh water, and make valuable water resources 

available to domestic, industrial, irrigation, hydropower, wetlands, 

recreational and environmental water use sectors, among others, during dry 

periods. Reservoirs buffer the peak discharge after rain storms, which 

prevents flooding of delta’s and other downstream areas. Evaporation is an 

important component of the water and energy balance of lakes and 

reservoirs, and considered as a consumptive use of water for the services 

that this water provides. Mekonnen and Hoekstra (2012) for instance 

showed that the world wide reservoir evaporation behind dams for 

generating hydropower adds up to 90 km
3
/yr. Direct measurements of 

                                                 

3
 Based on: Duan, Z., & Bastiaanssen, W.G.M. (2014). A new empirical 

procedure for estimating intra-annual heat storage changes in lakes and 
reservoirs: Review and analysis of 22 Lakes. Remote Sensing of 
Environment, accepted 
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evaporation from water bodies for operational purposes are difficult (e.g. 

Rimmer et al., 2009), and usually only done during dedicated, short 

duration scientific studies. Most evaporation measurements with eddy 

covariance techniques relate to limited periods and a few selected lakes 

only (e.g. Blanken et al., 2000; Panin et al., 2006). For applications in 

hydrology and water management, lake evaporation needs to be computed 

using indirect methods, such as the water balance methods, mass transfer 

methods and energy balance methods. Reviews of computational methods 

for estimating lake evaporation are given by for instance Brutsaert (1982), 

Singh and Xu (1997), Xu and Singh (2000, 2001), Finch and Calver (2008) 

and Jensen (2010). The performances of various methods have been 

evaluated and compared for several specific lakes (e.g. Delclaux et al., 

2007; Rosenberry et al., 2007).  

 

Given the lack of direct measurements of evaporation from water bodies, 

the energy balance method is generally considered as an accurate method 

for assessing open water evaporation if other components can be measured 

or estimated with sufficient accuracy (e.g. Assouline and Mahrer, 1993; 

Gianniou and Antonopoulos, 2007; Rosenberry et al., 2007; Finch and 

Calver, 2008). Evaporation estimates as the residual from other known 

energy balance components, contains however cumulative errors from the 

other  components (Croley Ii, 1989). By assuming other energy fluxes to 

be small and negligible, the surface energy balance equation for open water 

surfaces can be written as (Gallego-Elvira et al., 2010): 

                                            (4.1) 

where Rn is the net all wave radiation, H is the sensible heat flux density, 

λE is the latent heat flux density, and Qt is the water heat flux density at the 

water-atmosphere interface. The signs of H, λE are positive if directed 

away from the water-atmosphere interface. The sign of Qt is positive when 

water body is storing energy while negative when the stored energy is 

released as a heat flux density from the water body into the atmosphere. Qt 

is not only controlled by conduction and solar radiation, but is also 

governed by all heat convective flows inside the water body. Most energy 

balance combination equations require the explicit determination of Qt and 

Rn (e.g. Blanken et al., 2000; Rosenberry et al., 2007; McJannet et al., 

2013). 
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Generally, Qt is computed from the change in water temperature for the 

time step over which the energy balance method is conducted. The 

equation is described as (e.g. Rodriguez-Rodriguez et al., 2004; Gianniou 

and Antonopoulos, 2007):   

     
     

  

 

  
∫  (   ) (   )  
   
 

                        (4.2) 

where ρw is the density of water (kg m
-3

) which is also a function of water 

temperature; cw is the specific heat of water (J kg
-1

°C
-1

); As is the surface 

area of the lake (m
2
); A(z,t) is the horizontal area of the lake as a function 

of depth z and time t; zmd is the maximum depth (m); T(z, t) is the water 

temperature as a function of depth z and time t. The solution of Eq. (4.2) 

requires detailed vertical water temperature profiles T(z,t) and bathymetric 

information for A(z,t) and As. Sensors for measuring T(z,t) profiles need to  

be installed at various depths inside the water body. These measurements 

are rarely available for the vast majority of lakes around the world (Kirillin 

et al., 2011). The point-based temperature measurements are not 

representative of influences over a larger horizontal area. Furthermore, the 

bathymetric information is also not easily accessible. The A(z,t) 

relationship can be solved from altimeter satellite measurements combined 

with optical satellite imagery that provides the area for a given lake (e.g. 

Duan and Bastiaanssen, 2013a). For some cases, the A(z,t) may not change 

very much and thus the area terms As and A(z,t) can be removed from Eq. 

(4.2) (e.g. Gallego-Elvira et al., 2010).   

 

Because of the measurement problems described above, many studies 

simply ignore Qt for lake evaporation estimations (e.g. Vallet-Coulomb et 

al., 2001; Keskin and Terzi, 2006;  Benzaghta et al., 2011). Considering 

the relatively large magnitude of Qt (Rodriguez-Rodriguez et al., 2004; 

Gentine et al., 2012), the neglect of Qt will inevitably introduce a large 

uncertainty in estimating evaporation for periods of one month and shorter 

(e.g. Finch, 2001; Gallego-Elvira et al., 2010). Allen and Tasumi (2005) 

showed on a monthly time scale, that Qt could account for 50-70% of Rn 

for the American Falls Reservoir (AFR, U.S.A). When Rn reaches 

minimum values in winter, the magnitude of Qt could be even more than 

ten times the value of Rn (see Figure 4.1 as an example for Lake Vegoritis, 

Greece). Hence, any energy balance or combination model requires an 

accurate quantification of the annual cycle of Qt that controls the heat 

storage changes in water bodies.  
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Although various numerical heat storage models for lakes have been 

developed to simulate temperature profiles (T(z,t)) using routine weather 

data and several lake-specific characteristics (e.g. depths, optical 

transparency), calibration using measured water temperature profiles is 

necessary for most applications (e.g. Antonopoulos and Gianniou, 2003; 

Momii and Ito, 2008). Several studies assume a lake to be well-mixed. The 

“equilibrium temperature method” (ETM) developed by Edinger et al. 

(1968) has been used in numerous evaporation studies of shallow lakes to 

account for Qt (De Bruin, 1982; Finch, 2001; Finch and Gash, 2002; 

McJannet et al., 2013). The assumption of well-mixed water temperatures 

may hold true for shallow lakes, but not for deep lakes where thermal 

stratification occurs due to many complex convective mixing processes. 

Finch and Hall (2001) mentioned that a lake with depth of up to 10 m may 

be reasonably assumed to have no thermal stratification. Thus, the 

accuracy of ETM method could not be warranted for lakes with a depth 

exceeding 10 m because of its fundamental assumption becomes invalid 

(Finch and Hall, 2001). The thermal stratification in lakes can be caused 

and affected by many factors such as change of water density), the heat 

exchanges with the atmosphere, and wind speed (Churchill and Kerfoot, 

2007), inflow from rivers, besides interactions with the deeper 

underground, including geothermal processes.  

 

An alternative solution for estimating Qt is to explore the available energy 

from shortwave and longwave radiation at the water-atmosphere interface. 

The annual radiation cycle is namely regarded as the general key driver of 

Qt variability and Qt has to be a certain fraction of Rn. Some studies 

(Clothier et al., 1986; Choudhury et al., 1987; Verhoef, 2004) observed 

strong relationship between the soil heat flux density (G) and Rn for land 

surfaces (the energy balance equation for land surface is described as 

Rn=H+λE+G). Since then, empirical procedures have been developed to 

estimate G from Rn (e.g. Bastiaanssen et al., 1998; Su, 2002; Allen et al., 

2007). Similarly, heat storage in urban environments has also been found 

to be strongly related to Rn. Methods based on estimating the urban heat 

storage term from Rn have been developed and widely used in many 

studies (Oke and Cleugh, 1987; Grimmond et al., 1991; Grimmond and 

Oke, 1999; Rigo and Parlow, 2007). Souch et al. (1996) found that heat 

storage flux can be estimated extremely well from Rn for wetlands in the 

Indiana Dunes National Lakeshore. Jensen et al. (2005) related daily Qt to 
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radiation data for Lake Berryessa in California (U.S.A), and found that the 

estimated daily Qt compared reasonably well with measured data.  

 

Remote sensing estimates of spatially distributed Rn in conjunction with 

surface temperatures from water bodies is an attractive data set for 

assessing Qt and needs to be explored further. Satellite data are publicly 

accessible from the earth observation data archive centers that store 

recurrent daily data on global radiation, surface albedo and surface 

temperature (sometimes also net all wave radiation). The satellite surface 

temperature data (e.g. AVHRR (Advanced Very High Resolution 

Radiometer) and MODIS (Moderate Resolution Imaging 

Spectroradiometer)) have been used for many lakes studies (e.g. Chavula et 

al., 2009; Crosman and Horel, 2009; Duan and Bastiaanssen, 2013b) and 

evaluation showed that satellite data were in good agreement with 

measured lake surface temperature e.g. (Reinart and Reinhold, 2008; Sima 

et al., 2013). The following research questions were defined in order to 

make computations of heat storage changes in the world’s lakes and 

reservoirs more generic: 

 

(1) Can we gain more understanding of generic heat storage change 

mechanisms by reviewing published in-situ data from several lakes 

with different characteristics across the world?  

(2) How well can Qt be estimated from Rn for water bodies, in analogy to 

the solutions developed for land, urban and wetland areas? 

(3) Can we generalize a new empirical procedure for estimating Qt that 

fits the data from several lakes with different characteristics, and if so, 

what is the accuracy attainable? 

 

This paper discusses these research questions by developing a new 

empirical procedure for the assessment of Qt in open water bodies. 
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4.2 Database establishment and analysis from literature 
survey 

 

This section reviews the literature on heat storage changes in lakes and 

reservoirs and summarizes the key data necessary and collected for 

establishing a database for further analysis. The following criteria were 

used to determine whether a particular published paper could be included 

in the database; (i) the publication should provide detailed values of 

measured energy balance components (at least Rn and Qt, although 

preferably all components of Eq. (4.1)); (ii) the methods to measure Qt 

should be based on either water temperature profiles (labeled as profile Qt) 

or the residual method (labeled as residual Qt). The residual method 

computes Qt  as Rn-H-λE (e.g. Blanken et al., 2000; Blanken et al., 2011); 

(iii) water surface temperature (T0) and air temperature (Ta) measurements 

should have been measured as additional variables; (iv) the data set should 

comprise a minimum period of one annual cycle with a maximum time 

step of one month. 

 

Only a limited number of publications met the aforementioned selection 

criteria. Unfortunately, for many publications it was difficult to extract the 

data values from the presentations by those papers, and they were rejected 

for further consideration. Finally 22 lakes located in 8 countries were used 

for the database. Lake Erie was counted twice as two different publications 

provided different data sets in terms of time periods and methods. The 22 

lakes span in latitude from 15.5° S to 46° N, and represent elevations 

ranging from -69 m above mean seal level (AMSL) (Salton Sea) up to 

+3812 m AMSL (Lake Titicaca). Their maximum depths vary between 7 m 

(Lake Barco) to 501 m (Lake Tahoe). The surface areas range from 0.11 

km
2
 (Lake Barco) to 82,000 km

2
 (Lake Superior). Table 4.1 lists the 

established database with characteristics of lakes, available data, time 

scales and references.  

 

It is well worth remarking on some practical issues on data sources for all 

22 lakes. Because previous studies were carried out separately by different 

researchers, the specifications and quality control of the data are expected 

to be different. Although ideally Rn data should be measured directly over-
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water, this requirement is rarely met and most studies used data from land 

stations or the shoreline close to the studied lakes. For 22 lakes 

summarized in Table 4.1, only Lake Nasser has direct measurements of Rn 

over-water. The data of Rn for Lake Tahoe were directly measured at the 

lake shoreline. For other lakes, Rn data were either half-measured and half-

estimated or estimated entirely because of no direct measurements. 

According to Elsawwaf and Willems (2012) who measured Rn for Lake 

Nasser, the empirical equations by FAO-56 procedure (Allen et al., 1998) 

were often used to fill gaps in data or unavailable data, and they found the 

estimated Rn agreed well with measurements. One would argue that the 

methods and data sources of Rn for 22 lakes in Table 1 were different, thus 

Rn involved different degrees of uncertainty. We assumed nevertheless 

that the data and methods summarized in Table 4.1 were practically the 

better ones that are available. For the sake of simplicity and consistency, 

all available data from literature were referred to “measured” ones to 

distinguish them from the estimated or modelled counterparts in this study. 

 

4.3 Methods 

4.3.1 The new hysteresis model for estimating Qt from net all 
wave radiation Rn 

Rn can be estimated from remote sensing data with good agreement with 

field measurements (Bisht and Bras, 2010; Jin et al., 2011), and this is an 

attractive solution for quantifying the spatial distribution of Qt, assuming 

that a relationship between heat storage changes in water bodies Qt and Rn 

exists. The data extracted from literature (Table 4.1) have been used to 

verify such intra-annual Qt(Rn) relationship for each lake.  The initial 

analysis showed that a straightforward simple linear model (Qt=a*Rn+b) 

was statistically not acceptable. The intra-annual relationship between Qt 

and Rn shows a hysteresis pattern for certain lakes. The hysteresis pattern 

depicts the shift in the Qt(Rn) relationship during warming (increasing Rn) 

and cooling (decreasing Rn) periods. To our knowledge, it is the first time 

that a hysteresis pattern in the Rn-Qt relationship for lakes is reported. 

Figure 4.1 illustrates the typical hysteresis pattern observed for Lake 

Vegoritis (Table 4.1) as an example. An analytical procedure needs to be 

found that describes this hysteresis process. 
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Figure 4.1 (a) The annual cycle of monthly averaged net all wave radiation 

Rn and net change in heat storage Qt, and (b) the scatterplot of Qt against 

Rn (the number for each point refers to the month) for Lake Vegoritis, 

Greece (Table 4.1). The Qt-max and Qt-min refer to the maximum and 

minimum of Qt, respectively. The Qt-eq means the assumed equilibrium 

point Qt=0 W m
-2

, see Section 4.4.3.3 for details 

 

Similar hysteresis patterns have been documented in the relationship 

between hourly soil heat flux and net all wave radiation (Camuffo and 

Bernardi, 1982) based on field measurements. For urban areas, Grimmond 

and Oke (1999) detected a hysteresis behavior in the relationship between 

hourly heat storage flux and net all wave radiation for all seven cities 

which are located in North America across a 30° latitude range and are 

different in terms of synoptic-scale climates, surface cover and structural 

morphologies; Souch et al. (1996) found a similar hysteresis effect in the 

relationship between hourly storage change flux and net all wave radiation 

for wetlands in the Indiana Dunes National Lakeshore based on direct 

measurements and eddy correlation techniques for a 10-day period in June 

1994. 

 

Although being a completely different topic, the relationship between 

solute and sediment concentration or discharge (House and Warwick, 1998; 

Rose, 2003; Eder et al., 2010 ) also revealed hysteresis effects. Generally, 

these studies all use a similar hysteresis-type model to describe the 

functional relationship between two variables of interest. The rate of 

change of the independent variable was used to account for the hysteresis. 

We refer readers to these studies for more details. The type of analytical 

procedures developed for these cases are interesting to study, and could be 
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used to solve the problem of heat storage changes in lakes. Along similar 

lines, we tested a hysteresis model based on the rate of change of net all 

wave radiation, dRn/dt, for approximating Qt in lakes as: 

          
   

  
                                  (4.3) 

where, dRn/dt is the rate of the change (or time derivative) of Rn. The term 

dRn/dt is used to account for the hysteresis-caused deviations from (or 

deviations that could not be explained by) the linear model (Qt=a*Rn+b). 

Both numerical and analytical methods can be used to calculate dRn/dt. 

Our initial comparative analysis showed that the analytical method 

generated better dRn/dt results, and the statistically best fitting regression 

model of Rn(t) was employed further in this study. Different types of 

regression models were investigated and the sinusoidal model similar to 

Gallego-Elvira et al. (2010) provided the best fit. The sinusoidal model 

selected was also favored in other studies to describe heat flux variability 

over time (e.g. Rimmer et al., 2009). The sinusoidal function was described 

as: 

            (
  (    )

 
)                              (4.4) 

where a1,a2 and a3 are best-fit determined coefficients, N is the total 

number of days in a year, i.e. 365 for a normal year while  366 for a leap 

year. x refers to the day of the year (DOY). The DOY is 1 for January 1 

and 365 or 366 for December 31, for both the northern (positive latitude) 

and southern hemisphere (negative latitude) following Allen et al. (1998). 

The appealing aspect of this sinusoidal function is that it accounts for 

different time scales in a consistent way. For different time scales, the 

DOY of the middle day of each period (i.e. monthly, bi-weekly, variable 

period) was used as x. The time derivative dRn/dt can thus be calculated by 

solving the analytical differentiation of Eq. (4.4) once the three coefficients 

were determined.  

 

The development of the hysteresis model involves two steps: first, all pairs 

of measured (Rn, Qt) values of the 22 lakes and reservoirs were used to 

develop the average model in case that hysteresis is absent (Qt=a*Rn+b). 

Next, the residuals between the measured Qt and the linearly predicted Qt 

values were computed, and these residuals were subsequently related to 

dRn/dt to determine the coefficient c of Eq. (4.3). The hysteresis model 

was performed consistently for all 22 lakes in Table 1 with measured Qt 
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and Rn data, and the lake-specific coefficients a, b and c were determined. 

To quantitatively assess the predictive ability of the new Qt(Rn) hysteresis 

model, the estimated Qt using the hysteresis model were compared with 

measured Qt. The R
2
 (the coefficient of determination) and RMSE (Root 

Mean Square Error) were used for comparative purposes. 

 

4.3.2 Evaluation of the Slob’s equation for computing Rn from Rs 

Since the approximation of Qt is based on Rn and satellites do not measure 

Rn, an empirical relationship between satellite observations and Rn had to 

be determined for water bodies. Shortwave solar radiation (Rs) can be 

estimated accurately from satellite data (e.g. Pinker et al., 1995; Alados et 

al., 2003; Mueller et al., 2009; Sanchez-Lorenzo et al., 2013). Satellites 

measure the reflectivity of top-of-the-atmosphere (TOA), and use that 

combined with atmospheric variables such as water vapor content, ozone 

content and aerosol optical thickness to determine the broadband 

atmospheric transmittance for incoming solar radiations. Details on 

estimation methods for Rs based on satellite data can be found in many 

reviews e.g. (Pinker et al., 1995; Liang et al., 2010). The broadband 

surface albedo can be derived from narrow band surface reflectance 

(Menenti et al., 1989; Liang et al., 2010). Because water bodies have dark 

surfaces, their surface albedo (α) is usually small (Brutsaert, 1982). 

Nevertheless, they are not constant, and change with the depth of water, 

water quality and more. Hence, the challenge is to test an empirical method 

that relates Rs and α to Rn. 

 

Various methods for computing Rn for land surfaces were recently 

reviewed (Kjaersgaard et al., 2007; Kjaersgaard et al., 2009), and the 

simple Slob’s equation (De Bruin, 1987; De Bruin and Stricker, 2000) was 

evaluated favorably. In the current study we investigated the performance 

of the Slob’s equation (details are described later) for open water bodies. 

The Slob’s equation was first developed for grasslands in the Netherlands 

(De Bruin, 1987). The equation is described as: 

   (   )        
  

  
                             (4.5) 

where Rs is the shortwave solar radiation (W m
-2

), Ra is the extraterrestrial 

radiation (W m
-2

), α is the albedo of water (usually taken as 0.05, see for 

instance Linacre (1977)), and aslob is the regression coefficient for  net 
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longwave radiation (W m
-2

). The Slob’s equation relates for simplicity net 

longwave radiation to the atmospheric transmissivity in the shortwave 

range because the bulk transmission through the atmosphere is like the 

apparent emissivity of the atmosphere also a function of atmospheric water 

vapor (Teixeira et al., 2008). The computation of Ra is purely theoretical, 

and based on the latitude, and the day of the year (DOY) such as for 

instance described in Allen et al. (1998): 

        
  (  )

 
     (     ( )    ( )     ( )     ( )    (  ))(4.6) 

where, Gsc is the solar constant (0.082 MJ m
-2

 min
-1

); dr is the inverse 

relative distance Earth-Sun; ωs is the sunset hour angle in radians; φ is the 

latitude in radians; δ is the solar declination in radians. The constant 11.6 is 

the unit convertor from MJ m
-2 

d
-1

 to W m
-2

. The distance to sun (dr) and 

solar declination (δ) are calculated as a function of the DOY. The sunset 

hour angle ωs is calculated as a function of φ and δ. 

 

The original value for the empirical coefficient in the Slob's equation for 

grasslands was aslob=110 W m
-2

 (De Bruin, 1987). Teixeira et al. (2008) 

found aslob=143 W m
-2

 to be suitable for natural ecosystems and irrigated 

fruit crops in the Sao Francisco Basin (Brazil). The coefficient aslob=85 W 

m
-2

 was found suitable for Taastrup with sub-humid high-latitude climate 

regime in Denmark, and a value of aslob=92 W m
-2

 was determined for 

Zaragoza with a semi-arid mid-latitude climate regime in Spain 

(Kjaersgaard et al., 2009).  

 

In this study, the net longwave radiation coefficient aslob in the Slob’s 

equation Eq. (4.5) was calibrated using measured data. For comparison, the 

original Slob’s equation with the coefficient aslob=110 W m
-2

 was also used 

to generate Rn estimates. Results between original Slob’s derived Rn and 

calibrated Slob’s derived Rn were compared to show whether calibration 

of aslob is an essential requirement. This was motived by the fact that many 

lakes have no data to verify the coefficient of the net longwave radiation. 
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4.4 Results and discussion 

4.4.1 Results of the new hysteresis model 

Table 4.2 summarizes the three coefficients (a, b, and c) of the hysteresis 

model for each individual lake as well as the statistical performance (R
2
 

and RMSE). Figure 4.2 shows the scatterplot of the estimated Qt against 

measured Qt for all 22 lakes at bi-weekly time intervals or longer 

depending on the availability of data (Table 4.2). A good agreement 

between measured and modelled Qt values can be clearly observed in 

Figure 4.2. The lowest R
2
 of 0.25 was observed for Lake Barco in Florida 

with an average depth of 3 m and a size of 0.11 km
2
. The coefficients a and 

b were significantly smaller than those of other lakes. Lake Barco is the 

shallowest among the 22 lakes. This may suggest that Qt for Lake Barco 

was not dominantly determined by Rn, but more by heat advection from 

river flow. Despite the low R
2
, the RMSE of 13 W m

-2 
was relatively low, 

indicating that the hysteresis model would not introduce too much error in 

Qt for Lake Barco. All other 21 lakes exhibit a R
2
 exceeding 0.54. As 

presented in Table 4.2, the average R
2
 was 0.83 and RMSE was 22 W m

-2
. 

This indicates that overall the hysteresis model performed well for a wide 

range of open water bodies, implying the reliability and potential to 

estimate Qt from Rn. 

 

Sufficient reliability of the model Qt=a*Rn+b+c*dRn/dt is herewith 

demonstrated. However, the three coefficients in Table 4.2 can only be 

determined with values of Qt and Rn being available at bi-weekly or 

monthly time scale. The a, b, c coefficients vary largely among the lakes, 

which rejects the hypothesis of using a generic set of coefficients for 

computing Qt. Testing analysis using the average coefficients in Table 4.2 

to each lake resulted in very poor Qt estimates (not shown). Therefore, 

lake-specific coefficients should be determined using predictive models for 

a, b and c. 

 

The practical question is how to determine these three coefficients for a 

given open water body in the absence of in-situ data. We first explored 

correlations between the a, b, and c coefficients and the lake physical 

characteristics (latitude, elevation, surface area, mean depth, maximum 

depth). No systematic correlation with physical properties could be found. 
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Because satellites with thermal infrared radiometers can measure the water 

surface temperature, being a key parameter to express the magnitude of 

water - atmosphere heat exchanges, we used surface temperature 

characteristics to determine a, b and c coefficients. There is also some 

support for inclusion of temperature characteristics to describe heat storage 

changes from other sites (e.g. Anandakumar, 1999). The mean, maximum, 

minimum, range (i.e. the difference between the maximum and minimum 

surface temperature T0 in a year, labeled as T0-Range), standard deviation of 

T0 (labeled as T0-STD), and the difference in T0 between two consecutive 

periods over the time ΔT0/Δt (where ΔT0(ti)=T0(ti) – T0(ti-1)) were 

investigated. It should be noted that in Table 4.1 only 10 lakes (labeled as 

A or B in the column of “Data type”) have measured and documented all 

required temperature data. The temperature data for Lake Sparkling were 

available for only 7 months, being insufficient for inclusion in the annual 

situation. As a result, the predictive model for the a, b and c coefficients 

could be tested for 9 lakes only. The available data were at monthly time 

scale for all 9 lakes except Lake Nasser that had bi-weekly data. To keep 

consistency in time scale, the bi-weekly data for Lake Nasser were 

aggregated to monthly values following the procedure by Sacks et al. 

(1994). Using the monthly flux data resulted in the locally calibrated 

hysteresis model for Lake Nasser as Qt=0.84*Rn–122.63–10.30*dRn/dt, 

and the modelled Qt had R
2
=0.79 and RMSE=23 W m

-2
 when compared 

with measured Qt. Interestingly, all three coefficients (a, b and c) of the 

hysteresis model derived using monthly data showed little differences from 

those determined at bi-weekly time scale (Table 4.2). This may suggest 

that the hysteresis model derived using monthly data could also be used to 

estimate bi-weekly values using corresponding Rn as input.  

 

The following regression analysis was conducted at monthly time scale for 

all 9 lakes for the sake of consistency. Various simple linear and multiple 

regression models with varying combinations of all potential explanatory 

variables were assessed. Only models passing significance test at P<0.05 

level were considered further. Finally, the best regression model for each 

coefficient was established, which is described as: 

                                                   (4.7) 

                        
                             (4.8) 

                                      
                (4.9) 



Estimating water balance components of lakes and reservoirs 

104 

 

Figure 4.2 Comparison of measured and estimated heat storage changes 

(Qt) using the hysteresis model (Qt=a*Rn+b+c*dRn/dt) with net all wave 

radiation Rn and locally calibrated coefficients (a, b and c) on the basis of 

the experimental values for all 22 lakes. Details on the locally calibrated 

coefficients and time scales are presented in Table 4.2  

 

 

Figure 4.3 Scatterplots of the measured values of bi-weekly or monthly net 

all wave radiation (Rn) against the estimated values of Rn using (a) 

calibrated Slob’s equation (Table 4.3) and (b) original Slob’s equation with 

a coefficient of 110 W m
-2 
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Table 4.2 Summary of the locally calibrated three coefficients of the new 

hysteresis model, and the statistical agreement with the measured Qt for all 

22 lakes. The “Average” is just the numerical mean of all rows. The order 

is consistent with that of Table 4.1 

Lakes 
Time 

Scales 

No. of 

data 

pairs 

Qt=a*Rn+b+c*dRn/dt Estimated Qt 

a b (W m
-2

) c (day) R
2
 

RMSE 

(W m
-2

) 

Erie monthly 12 1.50 -137.87 48.48 0.92 29.64 

Ikeda monthly 12 1.49 -127.78 43.71 0.99 7.62 

Kinneret monthly 12 0.50 -70.02 20.48 0.68 34.83 

Mendota monthly 12 0.81 -65.10 52.77 0.96 16.72 

Tahoe monthly 12 1.05 -120.60 24.86 0.97 17.06 

Titicaca monthly 11 1.61 -272.10 0.85 0.81 23.43 

Vegoritis monthly 12 0.87 -52.58 45.66 0.92 19.60 

Nasser bi-

weekly 

26 0.83 -120.69 -10.01 0.72 28.18 

Nojiri monthly 12 1.36 -124.11 14.78 0.96 14.72 

Sparkling bi-

weekly 

13 0.91 -101.00 4.49 0.96 11.35 

AWR monthly 12 0.25 -24.96 15.18 0.85 10.51 

Barco monthly 12 0.08 -4.11 8.29 0.25 13.15 

Five-O monthly 12 0.49 -55.33 41.98 0.83 17.55 

Salton 

Sea 

variable
*
 25 0.31 -39.31 15.78 0.55 34.23 

Williams variable
*
 12 0.86 -73.67 8.14 0.76 25.39 

AFR monthly 7 0.63 -25.39 3.29 0.76 22.64 

Erie-2 monthly 12 1.51 -102.55 20.08 0.98 15.28 

Huron monthly 12 1.60 -94.37 3.70 0.97 22.47 

Michigan monthly 12 1.66 -98.36 4.24 0.98 19.81 

Ontario monthly 12 1.60 -90.57 2.62 0.96 24.06 

Pretty variable
*
 19 0.62 -49.29 28.82 0.59 47.52 

Superior monthly 12 1.68 -115.33 -7.99 0.99 18.19 

Average  13.32 1.01 -89.32 17.74 0.83 21.54 

* 
The “variable” could be considered as approximately bi-weekly time scales. See 

Table 4.1 footnotes for details. 



Estimating water balance components of lakes and reservoirs 

106 

The results show that the coefficient c was best explained by a multiple 

regression between T0-Range and T0-STD which accounted for 78% of the 

variation in the coefficient c. The best prediction model for the coefficients 

a and b had an explanatory variability of 55% and 46%, respectively. 

Despite that the predictive model for coefficient c cannot be considered 

ideal, we assumed Eq. (4.9) as the “best” available one in this study. The 

lower correlations found for the coefficients a and b motivated us to 

develop an alternative prediction model, but with no extra field 

information required. The method to determine a and b is the essential part 

of the proposed procedure in this study, which is described in details in 

Section 4.4.3. 

 

4.4.2 Results of the Slob’s equation for computing Rn from Rs  

The Rs/Ra ratio refers to the atmospheric bulk transmittance for shortwave 

radiation, which is largely controlled by cloud cover. The Rs/Ra ratio can 

be inferred from multi-spectral satellite data that directly estimates cloud 

cover, or alternatively from Eq. (4.6) that describe Ra and an in-situ 

measurement of Rs at routine weather stations. For the currently analysis, 

we used the experimental Rs and Rn values reported for the 22 lakes and 

reservoirs. Following Allen and Tasumi (2005), we fixed the surface 

albedo at 0.05 for simplicity. Following Teixeira et al. (2008) and 

Kjaersgaard et al. (2009), the measured net longwave radiation was 

consequently approximated as being (Rn-0.95Rs) and this measured value 

was compared against actual measurements of Rs/Ra to determine the 

coefficient a in the Slob’s equation (Eq. (4.5)). As shown in Table 4.1, 

among 22 lakes 12 lakes (label as A or C in the column of “Data type”, 

variable timescale for Salton Sea and Lake Williams, monthly timescales 

for the remaining 10 lakes) have all the required data to undertake this 

analysis. Table 4.3 summarizes the results. In addition, the estimated Rn 

values using the default coefficient aslob=110 W m
-2 

are presented. The 

estimated Rn values with fixed and variable aslob coefficient agreed well 

with measured Rn values (Figure 4.3). The average R
2
 for both cases is 

greater than 0.96 (Table 4.3). On average, the RMSE was 12 W m
-2

 when 

using the variable aslob coefficient in the Slob’s equation. The aslob 

coefficient ranged between 97 and 182 W m
-2

, however as expected, using 

the original coefficient of 110 W m
-2

 in the Slob’s equation gave a higher 

RMSE value (18 W m
-2

). The largest RMSE of 36 W m
-2

 was found for 

Lake Williams where the calibrated aslob coefficient (182 W m
-2

) differed 
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largely from the original coefficient of 110 W m
-2

. However, the constant 

aslob of 110 W m
-2

 is more practical, and the simple Slob’s equation when 

combined with the albedo of 0.05 for lakes performs sufficiently well in 

describing the Rn of water surfaces. Considering the fact that Rs can be 

estimated accurately from satellite data (Pinker et al., 1995; Alados et al., 

2003; Mueller et al., 2009; Liang et al., 2010; Sanchez-Lorenzo et al., 

2013), we consider it being feasible to apply the Slob’s equation with 

standard coefficient to estimate Rn for lakes from satellite measurements. 

 

Table 4.3 Summary of calibrated coefficients in the Slob’s equation and 

estimated Rn results when compared with measured Rn for 12 lakes with 

adequate data.  The “Average” is just the numerical mean of all rows. The 

order is consistent with that of Table 4.1 

Lakes 
Time 

Scales 

Calibrated 

coefficient 

aslob 

(W m
-2

) 

Comparisons with measured Rn 

Estimated Rn using 

calibrated coefficient 

Estimated Rn using aslob 

=110 W m
-2

 

R
2
 

RMSE 

(W m
-2

) 
R

2
 

RMSE 

(W m
-2

) 

Erie monthly 115.06 0.98 9.01 0.98 9.31 

Ikeda monthly 143.83 0.99 14.06 0.99 20.55 

Kinneret monthly 118.52 0.98 15.43 0.98 16.34 

Mendota monthly 141.79 0.97 14.66 0.97 21.57 

Tahoe monthly 137.16 0.99 7.25 0.99 19.83 

Titicaca monthly 136.30 0.96 9.06 0.97 20.13 

Vegoritis monthly 156.76 0.97 11.28 0.97 23.36 

AWR monthly 116.34 0.98 9.92 0.98 10.56 

Barco monthly 97.27 0.99 4.44 0.99 8.21 

Five-O monthly 113.99 0.99 5.44 0.99 5.82 

Salton 

Sea 

variable
*
 

122.94 0.96 26.58 0.96 27.95 

Williams variable
*
 181.91 0.93 14.31 0.96 35.84 

Average  131.82 0.97 11.79 0.98 18.29 

* 
The “variable” could be considered as approximately bi-weekly time scales. See Table 

4.1 footnotes for details. 
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4.4.3 Interpretation of coefficients a and b in the hysteresis model 

Section 4.4.1 suggests that the hysteresis model can explain most of the 

variation (83%) in Qt using Rn. The coefficient c has been found to be best 

described by T0-Range and T0-STD (Eq. (4.9)). However, the coefficients a and 

b could not be well predicted, and an alternative solution has been worked 

out. In this new method, we tried to find three typical pairs of (Rn, Qt) in 

the annual cycle of Qt and Rn that represent the extreme conditions. Three 

pairs of (Rn, Qt) were used to fit a linear model (Qt=a*Rn+b) from which 

the coefficients a and b were determined. The basic assumption is that 

these three typical pairs of (Rn, Qt,) could mimic all pairs of (Rn, Qt) and  

provide accurate estimates of the a and b coefficients. We analyzed the 

values and causing factors of the minimum (Qt-min), maximum (Qt-max), and 

equilibrium value (Qt-eq) of Qt in an annual cycle. Their matching Rn 

values were inferred to construct three pairs of (Rn, Qt). The following 

sub-sections describe the determination of these three typical data pairs. 

 

4.4.3.1 Determination of Qt-min 
The lowest value of each Qt time series was selected and used to be 

predicted by various temperature characteristics and various tested 

regression models. The T0-STD was found to be the variable which can best 

explain the variability of the Qt-min data set with a linear function. We used 

both in-situ and satellite measurements of T0, and will first discuss the 

results with the in-situ measurements. The value for T0-STD happens to 

predict the modification of the enthalpy in lakes, because large annual 

temperature variability indicates significant heat storage fluctuations. The 

regression analysis between Qt-min and T0-STD for 9 lakes with necessary 

data at monthly time scale (as mentioned above in Section 4.4.1) is 

illustrated in Figure 4.4. The empirical function of Qt-min and T0-STD was 

constructed as: 

                                                (4.10) 

 

While T0-STD was least successful in describing the coefficients a and b, it 

is more suitable to directly predict the lowest value of Qt-min that occurs in 

an annual cycle. The larger the T0-STD, the lower (or larger in absolute 

value) the minimum value for Qt will be. The measured Qt-min values in 

Figure 4.4 range from -90 to -157 W m
-2

 with the mean value of -118 W m
-2
. 



4. A new procedure for estimating heat storage changes in lakes 

109 

Using the linear function Eq. (4.10) resulted in the estimated Qt-min values 

had a RMSE of 14 W m
-2

 accounting for 12% of the mean value of 

measured Qt-min values. This suggests the reasonable performance of the Eq. 

(4.10) in estimating Qt-min. Unfortunately, the empirical equation was based 

on only nine lakes which have the complete data set. This empirical 

equation should be refined once more lakes with complete data sets 

become available.  For the current study, this empirical equation was used 

to determine the value of Qt-min using T0-STD. 

 

Figure 4.4. Regression analysis between the minimum value of heat 

storage changes (Qt-min) and the standard deviation of water surface 

temperature (T0-STD) based on nine lakes at monthly time scale (labeled as 

A or B in the column of “Data type” in Table 4.1 except Lake Sparkling 

with data covering only seven months) 

 

Figure 4.5 Comparison of the extreme values of the heat storage changes 

(Qt) and the differences in water surface temperature between two 

consecutive periods over the time (ΔT0/Δt). The timescale is monthly 
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Figure 4.6 Scatterplot of the minimum value of heat storage changes (Qt-

min) against the maximum value of heat storage changes (Qt-max) for 18 

lakes that had complete annual data in Table 1 (excluding lakes Sparkling, 

Pretty, Williams and AFR with data incomplete for an annual cycle). This 

is meant to show that Qt-max can be estimated as the opposite value of Qt-min. 

 

The timing of occurrence of Qt-min should be inferred for determining the 

matching Rn value (Rn at Qt-min). We found that Qt-min and Qt-max do not 

always coincide with the minimum Rn and the maximum Rn values, 

because the water body has a thermal inertia and phase shifts induce a 

hysteresis effect. The datasets for Pretty Lake, Salton Sea and Williams 

Lake have an irregular time interval (see Table 4.1), which makes it more 

difficult to find the timing of extreme values (Qt-min and Qt-max). The exact 

timing that coincides with the extreme values of Qt, are therefore not 

straightforward to derive. By analyzing the correlation between Qt-min and 

other climatic variables for each lake, we found that ΔT0/Δt – being the 

rate of change of water surface temperature - is best to infer the timing at 

which Qt-min applies (see Figure 4.5). Figure 4.5 indicates that Qt-min tends 

to occur when ΔT0/Δt reaches the minimum value while Qt-max occurs when 

ΔT0/Δt reaches the maximum value. Because T0 can be derived from 

operational earth observation satellites with thermal infrared radiometers, 

time series of T0(t) can be measured for every cloud free lake or reservoir, 

and values of ΔT0/Δt can be derived in a routine manner. 
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4.4.3.2 Determination of Qt-max  
Since the heating up or cooling down periods of water bodies are expected 

to be the same over a long period of time, and provided that there are no 

large variations in lake volume and wind condition in a year, their 

minimum and maximum values of Qt in an annual cycle should be of a 

similar magnitude. This hypothesis was tested by plotting pairs of Qt-max 

and Qt-min for all 18 lakes that had complete annual data from the dataset in 

Table 4.1 (Figure 4.6).  Figure 4.6 confirms that in general Qt-max can be 

estimated as the opposite value of Qt-min. The slope (-0.93) in the linear fit 

of Qt-max and Qt-min is near to -1.0 with a high R
2
 of 0.87, and the 

assumption is thus reasonable. 

 

The timing of Qt-max generally occurs when ΔT0/∆t reaches a maximum 

value, i.e. the rate of  water temperature rise is high, and corresponds to 

huge amounts of energy stored in the lake. The corresponding Rn at the 

time of maximum ΔT0/∆t was used to construct the second data pair (Rn at 

Qt-max, Qt-max). 

 

4.4.3.3 Determination of Qt-eq  

A water body functions as a sink (positive Qt value) and source of heat 

(negative Qt value) throughout the year (see Figure 4.1a). A particular 

period in the year can be identified when Qt is close to 0 W m
-2

, and such 

Qt was referred to the equilibrium value (Qt-eq). In this study, we assume 

that a point Qt = 0 W m
-2

 will exist. The third data pair (Rn at Qt-eq, Qt-eq) 

can be considered as an extra and fundamental pair to establish the 

functional relationship between Qt and Rn in order to determine the 

coefficients a and b. All available datasets prepared for this paper have a 

long interval, and Qt at a monthly time step is rarely exactly 0 W m
-2

. Thus, 

there is an uncertainty related to Qt-eq and also to its corresponding Rn 

value. As shown in Figure 4.1, Qt-eq must be in the middle of the periods 

where Qt-max and Qt-min occur and the simplest approximation is to consider 

the numeric average of the periods at which Qt-max and Qt-min occur. For 

example as shown in Figure 4.1a, Lake Vegoritis has a Qt-max during May 

and Qt-min during November. It is highly likely that Qt-eq occurs during 

August, assuming that the Qt(t) has a regular and sinusoidal temporal 

behavior. Figure 4.1a shows that the real Qt in August (1.4 W m
-2

) is 

indeed very near to 0 W m
-2 

for Lake Vegoritis. 
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We checked the impact of including the third data pair (Rn at Qt-eq, Qt-eq) on 

the accuracy of the resulting Qt estimates. It was found that the accuracy of 

estimated Qt using two data pairs was lower than that with the inclusion of 

the third data pair. Therefore, despite the associated uncertainty in the 

timing that Qt-eq occurs, it is preferred to include this third data pair to 

establish the linear relationship between Qt and Rn and to estimate the lake 

specific a and b coefficients. 

 

4.4.4 Implementation and evaluation of the proposed procedure 
for estimating Qt 

According to the above procedures, three pairs of Rn and Qt (Qt-min, Qt-eq 

and Qt-max) can be used in a regression analysis to determine the 

coefficients a and b in Qt =a*Rn+b. Only annual time-series of Rn and T0 

are needed to predict a, b and c. Surface temperature records can be 

derived from earth observations data sets such as Landsat (60~120 m 

thermal pixels, 16-day revisit period), FengYun (300 m thermal pixels, 

daily), VIIRS (Visible Infrared Imager Radiometer Suite, 375 m thermal 

pixels, twice daily), MODIS (1000 m thermal pixels, twice daily), AVHRR 

(1100 m thermal pixel, twice daily), ATSR (1000 m thermal pixels, 3-day 

repeat cycle), and geostationary satellites with a pixel size between 1000 m 

to 5000 m (GOES (Geostationary Operational Environmental Satellites), 

MSG (Meteosat Second Generation), hourly or 15 minute). Bi-weekly and 

monthly values of T0 can be compiled from these instantaneous satellite 

measurements. The values for Rn can be computed from Eq. (4.5) using 

the solar radiation data (Rs) from satellites. The surface albedo can be 

acquired from sensors with visible and near infrared reflectance, although 

the application of a default value of 0.05 is doable for most cases. MODIS 

and MSG provide standard albedo products that can be downloaded 

without charge. Various satellite-derived Rs data can be obtained from 

many sources, e.g. Landsaf (http://landsaf.meteo.pt/), and the Satellite 

Application Facility on Climate Monitoring (CM SAF) (http://www.cmsaf.

eu), Earth Radiation Budget Experiment (EREB) data, Clouds and the 

Earth's Radiant Energy System (CERES) data, Global Energy and Water 

Cycle Experiment Surface Radiation Budget (GEWEX-SRB) and 

International Satellite Cloud Climatology Project (ISCCP) FD products. A 

review on various satellite solar radiation and albedo products and 

estimation algorithms has been given by (Liang et al., 2010). More recently 

(June 2013), the Global Land Surface Satellite (GLASS) products 

http://landsaf.meteo.pt/
http://www.cmsaf.eu/
http://www.cmsaf.eu/
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including solar radiation data has also been released by Global Land Cover 

Facility (GLCF) (http://glcf.umd.edu/library/news/#GLCF060513). For a 

given lake, the representative lake-wide average value of T0 and Rn can be 

computed by averaging all satellite pixels within this lake after omitting 

pixels in the fringe of the lake edge which likely represent very shallow 

areas and include the contaminated information from land areas. 

 

One hypothesis of this paper is that the in-situ values for water surface 

temperature T0 can be approximated from thermal infrared satellite 

measurements. This hypothesis was tested by exploring satellite-based 

water surface temperature data. The new ARC-Lake (ATSR Reprocessing 

for Climate) product (version 3) based on ATSR (Along Track Scanning 

Radiometer)-series satellites (ATSR-1, ATSR-2 and Advanced ATSR) to 

produce lake surface water temperature for a total of initial 1628 

lakes/reservoirs at a spatial resolution of 0.05° for a maximum period 

1991-2011 has been explored for this purpose. The ARC-Lake surface 

temperature values are generated using the optimal estimation retrieval 

scheme with atmospheric and emissivity correction procedures 

(MacCallum and Merchant, 2012). More details on the processing and 

algorithms for creating ARC-Lake product and downloadable data are 

available at http://www.geos.ed.ac.uk/arclake/.  

 

The satellite-derived T0 data for Lake Tahoe and Lake Nasser were taken 

from the ARC-Lake product and compared with in-situ measurements 

during the matching period (monthly values during September 2003-

Auguest 2004 for Lake Tahoe, bi-weekly and monthly values during 1995-

2004 for Lake Nasser). It should be noted that ARC-Lake product provides 

daytime and nighttime satellite-derived T0 data separately. The average of 

daytime and nighttime T0 data was computed and used to compare with in-

situ measurements. Figure 4.7 shows the spatial distribution of monthly T0 

data from ARC-Lake for both lakes, and scatterplots of spatially averaged 

T0 values against in-situ measurements. Only spatial map for one month 

for Lake Nasser (August 1995) and Lake Tahoe (August 2004) is presented 

for illustrative purpose. For Lake Nasser, the spatial variation was more 

than 1 °C at the monthly time scale, suggesting that the T0 measurements 

from a single gauge station are insufficient to represent the whole long-

narrow shaped lake. The spatial differences in T0 for Lake Tahoe at the 

http://glcf.umd.edu/library/news/#GLCF060513
http://www.geos.ed.ac.uk/arclake/
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monthly time scale are smaller. This might be related to the deep 

dimensions of Lake Tahoe. 

 

 

Figure 4.7. Spatial distribution of water surface temperature collected 

from ARC-Lake product (0.05° resolution) and scatterplots of satellite-

derived water surface temperature against measured data (a) biweekly and 

monthly values for Lake Nasser, Egypt during 1995-2004, the spatial map 

shows monthly value in August 1995; (b) monthly values for Lake Tahoe, 

U.S.A during September 2003-August 2004, and the spatial map shows the 

value for August 2004 
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A good agreement between satellite-derived and measure values of T0 was 

found, and this implies that satellite-based measurements and in-situ 

measurements of T0 are interchangeable. Overall, the high correlation (R
2
 

is 0.91 to 096) indicates that the seasonal trend is captured accurately. The 

RMSE is less than 2 °C. The satellite-based T0 values are found generally 

to be higher than in-situ measurements. This could be attributed to the 

thermal path radiance that is included in the satellite measurements but not 

in the in-situ measurements. The in-situ measurements for both lakes were 

derived from hourly data or smaller intervals, while the satellite-derived 

data were based on fewer instantaneous observations, and this is another 

plausible explanation for the differences in T0 found. 

 

A second involvement of satellite remote sensing data is the inclusion of 

solar radiation Rs. The Global Area Coverage (GAC) solar radiation 

product from CM SAF was used and referred to CM SAF satellite product 

hereafter. This CM SAF solar radiation product is derived from AVHRR 

satellite observations and provides daily and monthly mean solar radiation 

at the spatial resolution of 0.25° for the period 1982-2009. Details on 

algorithms and processing procedures for this satellite product can be 

found in Mueller et al. (2009) and at http://www.cmsaf.eu. Two lakes, 

Lake Tahoe (U.S.A.) and AWR (Spain), were selected as illustrative cases. 

The corresponding monthly mean solar radiation data for both lakes (one 

single satellite pixel for each lake) were extracted from CM SAF satellite 

product and further compared with in-situ measurements for evaluation. It 

should be noted that the satellite data was missing for January 2004 for 

Lake Tahoe, and a value from the neighboring pixel was used to fill this 

data gap.  Figure 4.8 clearly shows good agreements between monthly 

mean solar radiation from CM SAF satellite product and in-situ 

measurements for both lakes with R
2
 of 0.99 and RMSE of less than 25 W 

m
-2

. 

 

The satellite solar radiation Rs values were used further as input to the 

original Slob’s equation (Eq. (4.5)) to compute net all wave radiation Rn. 

As expected, good agreements were found between Rn derived from 

satellite data and in-situ measurements for both lakes with high R
2
 and low 

RMSE value of less than 11 W m
-2 

(Figure 4.8). This clearly demonstrates 

the feasibility of satellite observations in providing accurate solar radiation 

and retrieving Rn through the Slob’s equation for lakes and reservoirs. It is 

http://www.cmsaf.eu/


Estimating water balance components of lakes and reservoirs 

116 

worth noting that more satellite solar radiation and temperature products 

are currently available or being developed based on various satellite 

instruments (e.g. MSG or merged polar orbiting satellites). The diversity 

and richness of relevant satellite products would definitely provide good 

data sources to our proposed procedure for estimating heat storage changes 

for lakes and reservoirs. 

 

 

Figure 4.8. Scatterplots of monthly mean solar radiation Rs collected from 

CM SAF satellite product and further satellite-derived net radiation Rn 

using the original Slob’s equation against measured counterparts for (a) 

Agricultural Water Reservoir (AWR), Spain during 2007 and (b) Lake 

Tahoe, U.S.A during September 2003-August 2004.  

 

The complete proposed procedure for estimating Qt thus consists of nine 

main steps. 

 

(1) Preparation of an annual time-series of monthly values for T0 and Rn 

using the satellite data sets specified.  

(2) Determine T0-range and T0-STD, and estimate Qt-min from Eq. (4.10), and 

the coefficient c in the hysteresis model (Qt=a*Rn+b + c*dRn/dt) can 

be estimated using Eq. (4.9).  

(3) Determine the rate of average lake surface temperature change ΔT0/Δt, 

followed by the timing of minimum and maximum values when 
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ΔT0/Δt occurs. This specifies the first data pair (Rn at the minimum 

ΔT0/Δt, Qt-min). 

(4) Estimate Qt-max as the opposite value of Qt-min. 

(5) Combine Steps (3) and (4) to construct the second data pair (Rn at the 

maximum ΔT0/Δt, Qt-max). 

(6) Assess the timing of Qt-eq (0 W m
-2

) and determine the corresponding 

Rn to construct the third data pair (Rn at Qt-eq,  Qt-eq). 

(7) Perform a linear regression analysis on the three pairs of (Qt, Rn) 

yielding the coefficients a and b of Qt=f(Rn) for the studied lake for 

the case that hysteresis does not occur.  

(8) Compute the dRn/dt by firstly fitting Rn as a function of time using Eq. 

(4.4) and followed by the analytical differentiation.  

(9) Compute Qt from Rn for the studied lake using the hysteresis model 

with above-determined coefficients a, b and c. 

 

 

Figure 4.9. Scatterplots of measured heat storage changes Qt with the 

estimated Qt for nine lakes at monthly timescale (labeled as A or B in the 

column of “Data type” in Table 1 except Lake Sparkling with data 

covering only seven months) using the proposed procedure based on three 

typical pairs of (Rn, Qt) to estimate coefficients a and b plus Eq. (9) 

estimated c. The three coefficients are summarized in Table 4.4. For Lake 

Nasser, extra results at bi-weekly timescale are also included. For Lake 

Tahoe, additional results using purely satellite-derived data as inputs are 

presented and labeled as “Tahoe (satellite data)”. 
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Table 4.4. Summary of the proposed procedure-determined coefficients a, 

b and c in the hysteresis Qt = a*Rn + b + c*dRn/dt and the performance in 

estimating Qt for all nine lakes at monthly time scale. The order is 

consistent with that of Table 1. For Lake Nasser, additional results at bi-

weekly time scale are also included. For Lake Tahoe, additional results 

using purely satellite-derived data as inputs are also presented  

Lakes 
Proposed procedure coefficients and performance 

a b (W m
-2

) c (day) R
2
 RMSE (W m

-2
) 

Erie 1.56 -149.92 57.88 0.92 31.88 

Ikeda 1.47 -148.33 30.61 0.98 26.23 

Kinneret 0.88 -143.52 15.35 0.62 51.70 

Mendota 1.56 -177.55 48.66 0.85 76.68 

Tahoe 1.04 -139.48 13.42 0.94 30.32 

Tahoe (satellite data) 1.08 -162.51 30.48 0.96 37.68 

Titicaca 1.45 -239.74 -0.59 0.81 24.86 

Vegoritis 1.25 -100.25 41.94 0.88 37.10 

Nasser (monthly) 1.20 -184.22 7.73 0.71 35.18 

Nasser (bi-weekly) 1.20 -184.22 7.73 0.66 39.15 

Nojiri 1.50 -141.29 26.23 0.95 19.77 

Average 1.29 -161.00 25.40 0.84 37.32 

 

In a follow-up final test of the proposed procedure, a maximum possible 

number (9) of lakes could be involved using in-situ Rn and T0. Lake Tahoe 

has both satellite-based values of solar radiation Rs (CM SAF product) and 

water surface temperature T0 (ARC-Lake product), and thus additional Qt 

estimates were derived for Lake Tahoe using the proposed procedure with 

purely satellite-derived data as inputs. Table 4.4 summarizes the derived 

three coefficients a, b and c using the proposed procedure. The estimated 

values for Qt were compared with the measured counterparts of Qt. The 

values of R
2
 and RMSE are included in Table 4.4. Figure 4.9 illustrates the 

1:1 scatter plot of the measured Qt with the estimated Qt using the 

proposed procedure based on solar radiation and water surface temperature 

for all nine lakes at monthly time scale. For Lake Nasser, the bi-weekly 

results are also included in Figure 4.9 and Table 4.4. The bi-weekly Qt 

estimates were obtained as follows: the derived three coefficients based on 

monthly data were directly applied to the bi-weekly time scale using the bi-
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weekly Rn as input to the hysteresis model. The bi-weekly Qt estimates 

agreed reasonable well with measured Qt, which corroborates that the 

hysteresis model derived using monthly data could be used for bi-weekly 

time scale. 

 

The additional remote sensing results for Lake Tahoe using purely 

satellite-derived data are also presented in Figure 4.9 and Table 4.4. 

Compared with measured Qt, very similar R
2
 and RMSE values were found 

for the estimated Qt using in-situ measurements (R
2
=0.94, RMSE=30 W m

-2
) 

and purely satellite-derived data (R
2
=0.96, RMSE=38 W m

-2
) as inputs to 

the proposed procedure. This further confirms the capability of satellite 

measurements to provide all required inputs to the proposed procedure and 

generate comparably good Qt estimates compared to those using in-situ 

data as inputs. As shown in Figure 4.9, in general, there is a reasonable 

agreement between the measured Qt and the estimated Qt. For Lake 

Mendota, the proposed procedure resulted in a considerable high RMSE. 

This was probably caused by the fact that the occurrence of Qt-max did not 

coincide with (one month earlier than) that of the maximum of ΔT0 and 

hence caused the error in constructing the data pair (Rn at Qt-max, Qt-max) 

with the proposed procedure. For all nine lakes, the average R
2
 and RMSE 

was 0.84 and 37 W m
-2

, respectively.   

 

It is worth comparing the performance of the proposed procedure (Table 

4.4) with the results generated by direct fitting of all measured data pairs of 

(Rn, Qt) (Table 4.2) for the same nine lakes. The proposed procedure 

generated comparable results with similar R
2
 and slightly higher RMSE for 

Lake Nojiri (19 vs. 15 W m
-2

), Lake Titicaca (25 vs. 23 W m
-2

) and Lake 

Erie (32 vs. 28 W m
-2

). As expected, using all pairs of (Qt, Rn) generated 

consistently better result with an average R
2
 of 0.87 and RMSE of 23 W m

-2
. 

The involved three Qt data sets (Qt-min, Qt-max and Qt-eq) were all inferred 

and estimated. The reasonably good performances highlight the potential 

of the proposed procedure to generate first-order estimates of Qt from 

operational satellite measurements. 
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4.4.5 Limitations of the proposed procedure 

The proposed procedure was based on the generalization of common 

features from a dataset of 22 lakes from a literature survey. The dataset 

used will also include possible measurement errors. These errors are 

propagated into Qt, if Qt is considered as the residual of the energy balance 

equation. In addition, methods and data sources are not uniform, and we 

have to assume that results from all individual peer reviewed papers are 

entirely credible. 

 

The essential parts of the proposed procedure were the determination of 

three coefficients from measurements of Rs and T0 using the empirical 

equations (Eq. (4.9) for coefficient c and Eq. (4.10) for Qt-min) and some 

assumptions made after generalizing common features from different lakes. 

The proposed procedure used only three typical data pairs of (Rn, Qt) to 

determine coefficients a and b, and its performance depends on the 

uncertainties related to the values and timing of Qt-min, Qt-max and Qt-eq as 

mentioned in Section 4.4.3. The values can be improved with time as more 

experimental data become available. We admit that using three data points 

to fit a line to estimate coefficients a and b in the linear model Qt=a*Rn+b 

is not ideal. However, the problem is that Qt data are often unavailable as 

indicated in Section 4.1 and we could not obtain more pairs of (Rn, Qt) 

from lakes and reservoirs that have no auxiliary data. As a matter of fact, 

overcoming the lack of data is the main advantage of our new empirical 

procedure, because it reduces the dependency on Qt measurements to 

generate a first-order estimate of Qt from Rn and T0. The statistical results 

are good enough to justify its use for several applications, considering the 

fact that Qt is mostly ignored in hydrological, water management and 

climatological studies.  

 

Unfortunately, the number of lakes with adequate water surface 

temperature data reduced the dataset considerably from 22 to nine. The 

dataset needs to be enlarged to test and refine the proposed procedure. 
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4.5 Summary and conclusions 

This study investigates the feasibility of estimating heat storage changes 

(Qt) from the net all wave radiation (Rn) for lakes and reservoirs. If doable, 

this is an attractive contribution to the computation of the water balances of 

lakes and reservoirs which become more essential for safeguarding water 

resources availability during dry periods and storing excess water after 

heavy rain storms. We firstly evaluated the simple Slob’s equation that 

computes Rn mainly from Rs data and has been found superior for land 

surface conditions before. It was found that the simple Slob’s equation, 

when used with an albedo of 0.05 and a default coefficient of 110 W m
-2

 

for net longwave radiation for lakes, performed reasonably well and could 

be used to derive Rn for lakes and reservoirs. 

 

Due to the complex heat storage and release processes in non-stagnant 

water bodies, a hysteresis effect in the relationship between Qt and Rn 

exists that requires extra attention. Following earlier work in urban and 

wetlands areas, a hysteresis model (Qt=a*Rn+b+c*dRn/dt) was used to 

estimate Qt from Rn for all 22 lakes (R
2
=0.83 and RMSE=22 W m

-2
) when 

the three coefficients were determined using local measured flux data. The 

coefficient c appeared to be strongly related to two water surface 

temperature (T0) characteristics: the range (T0-Range) and standard deviation 

(T0-STD) in an annual cycle, while the other two coefficients a and b 

showed weaker correlation with their best explanatory variables.  

 

Three strategic data pairs of (Rn, Qt) were extracted from the annual cycles 

of Rn and Qt and explored to approximate them in a simplified manner. 

They indeed could be inferred and estimated by specific water surface 

temperature characteristics. The whole proposed procedure requires only 

two input sources: annual time-series of water surface temperature T0 and 

Rn, both of which can be estimated from routine satellite data. Two 

independent satellite-based products were explored and each product was 

further compared with in-situ measurements for two lakes: T0 data from 

the ARC-Lake product based on ATSR-series satellite data, and solar 

radiation Rs from the CM SAF product based on the AVHRR satellite data. 

Good agreements were found between satellite-derived T0, Rs and further 

derived Rn and in-situ measurements for both lakes. 
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The estimated Qt revealed a reasonably good agreement with the measured 

fluxes for nine lakes (average R
2
=0.84 and RMSE=37 W m

-2
), suggesting 

that the proposed procedure can be used with reasonable confidence to 

provide first-order estimates of Qt using Rs and T0. While this performance 

is moderate to good, it is a large step forward as compared to current 

procedures applied in hydrology, water management and climatology, 

where Qt is grossly ignored. We further found that the proposed procedure 

using purely satellite-derived data as inputs resulted in comparably good Qt 

estimates with those using in-situ data for Lake Tahoe. This demonstrates 

the capability of satellite measurements of Rs and T0 to estimate the heat 

storage changes in lakes and reservoirs. Since more satellite solar radiation 

and water surface temperature products with improved accuracy and 

increased temporal-spatial resolutions are expected to be operatically 

available, the richness of satellite products thus opens the possibility of the 

implementation of the proposed procedure at a large and up to the global 

scale.  

 

In future studies, the dataset could be enlarged for better understanding of 

heat storage changes in lakes, and fine-tuning the empirical equations 

involved in the proposed procedure. Future work will focus on assessing 

the effect of the estimated Qt values on the evaporation estimates for lakes 

and reservoirs. A similar network to FLUXNET to collect and share long-

term measurements of energy flux and water temperature profiles 

specifically for a range of open water bodies would be valuable to facilitate 

the development and comprehensive evaluation of existing and new 

methods for estimating heat storage changes and evaporation. 
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5 
5 Evaluation of three energy 

balance-based evaporation models 
for lakes using a new heat storage 

changes term4 
 

 

5.1 Introduction 

 

Evaporation is an important component of the water and surface energy 

balance of lakes and reservoirs. Accurate quantification of evaporation is 

required for water resources management and lake water balance studies 

(Finch, 2001; Xu and Singh, 2001). Water stored in reservoirs is often the 

only source of water for downstream water users, including water for the 

domestic sector, industry, irrigation, wetlands and deltas. Many global 

hydrological models (Alcamo et al., 2003; Oki and Kanae, 2006; van Beek 

et al., 2011) require accurate information on lake evaporation for water 

scarcity analyses, and the prediction of ungauged river flows. 

 

The eddy covariance (EC) technique is considered to be a reliable and 

accurate technique for direct measurements of evaporation from water 

                                                 
4
 Based on: Duan, Z., & Bastiaanssen, W.G.M. (2014). Evaluation of three 

energy balance-based evaporation models for lakes using a new heat 
storage changes term. Submitted to Remote Sensing of Environment 
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bodies (Tanny et al., 2008; Rimmer et al., 2009). However, EC techniques 

are inappropriate for use on an operational scale due to the high instrument 

costs, and associated expensive technical expertise requirement (McJannet 

et al., 2013). Therefore, direct EC measurements of evaporation are 

conducted for experimental research only and usually for a limited time 

period (Stannard and Rosenberry, 1991; Assouline and Mahrer, 1993; 

Blanken et al., 2000; Allen and Tasumi, 2005; Panin et al., 2006; Blanken 

et al., 2011). A summary of studies involving EC measurements for inland 

lakes is given in Table 1 of Nordbo et al. (2011).  

 

Since EC measurements are rarely available, indirect methods have to be 

used to estimate evaporation from lakes. Amongst various indirect methods, 

the energy balance method is generally considered as being reliable and is 

often used as a reference against which other methods are compared 

(Assouline and Mahrer, 1993; Brutsaert, 1982; Elsawwaf et al., 2010; 

Gianniou and Antonopoulos, 2007; Rosenberry et al., 2007; Sturrock et al., 

1992; Winter et al., 1995; Winter et al., 2003; Yao, 2009). Several energy 

balance combination models (e.g. Penman, Priestley-Taylor, De Bruin-

Keijman models) have been widely used and reported good evaporation 

estimates for some lakes (Elsawwaf et al., 2010; McJannet et al., 2013; 

Rosenberry et al., 2007; Winter et al., 1995). The heat storage changes in 

the lakes can be a significant component of the energy balance (Finch, 

2001; Duan and Bastiaanssen, 2014a), thus all the above mentioned 

methods require the determination of heat storage changes term (referred to 

Qt hereafter) for reasonable estimation of lake evaporation. Many studies 

have highlighted that Qt is essential for accurate estimation of evaporation 

from lakes (Finch, 2001; Gallego-Elvira et al., 2010). Incorporating Qt will 

have a significant influence on the seasonal evaporation; it will 

significantly reduce evaporation during spring and summer and increase it 

substantially during the autumn and winter (Finch and Hall, 2001). 

 

The computation of Qt requires detailed measurements of changes in 

vertical water temperature profiles (Lenters et al., 2005; Gianniou and 

Antonopoulos, 2007; Momii and Ito, 2008), that are rarely available for the 

vast majority of lakes around the world (Kirillin et al., 2011). Qt has been 

considered as a prohibitively expensive variable when using the energy 

balance-based lake evaporation models (Rosenberry et al., 2007). Recently, 

based on a comprehensive review and analysis of 22 lakes, Duan and 
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Bastiaanssen (2014a) developed a simple empirical hysteresis model for 

estimating Qt from net all wave radiation (Rn) data for lakes at biweekly 

and monthly timescales. The developed hysteresis model performed well 

with the coefficient of determination being R
2
=0.83 and the root mean 

square error RMSE=22 W m
-2

 when compared with locally measured Qt.  

 

The objective of this study is to investigate the impact of a better 

approximation of Qt from the newly developed hysteresis model on 

modelled lake evaporation. Without solution for Qt, it is not very 

meaningful to test evaporation prediction models for lakes and reservoirs. 

Three energy-based evaporation models are selected and compared for 

modelling lake evaporation. Five different lakes are used as testing sites for 

a more thorough analysis of the performance of evaporation models in 

different geographical settings. 

 

5.2 Methods and datasets 

5.2.1 Three selected evaporation models  

Various methods for estimating evaporation from lakes have been tested 

before by for instance Winter et al. (1995); Delclaux et al. (2007); 

Rosenberry et al. (2007); Yao (2009); Elsawwaf et al. (2010). Based on 

their comprehensive comparisons, Priestley-Taylor (PT) (Priestley and 

Taylor, 1972), Penman (Penman, 1948), and the De Bruin-Keijman (DK) 

(Debruin and Keijman, 1979) models were generally found to generate 

reasonable and relatively accurate evaporation values. Recently, the 

Penman model  was found to perform best for estimating evaporation from 

a shallow irrigation reservoir in Australia (McJannet et al., 2013), although 

the authors refered to the used model as Penman-Monteith (Monteith, 1965) 

in their paper. The characteristic big leaf resistance in the Penman-

Monteith equation was ignored or set to zero, which implies that it is 

actually an alternative expression of the Penman equation. The DK model 

is actually a modification of the PT model based on net radiation and air 

temperature. Our initial analysis (not shown) revealed that DK was 

performing better than PT for the tested five lakes. Hence, The DK and 

Penman models with different parameterizations were used in this study. 

The Penman model includes effects from air humidity, and thus follows a 
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better physical theory than DK model, see Eqs. (5.1) and (5.2) for their 

equations: 

     
   (     )

           
                                      (5.1) 

         
  (     ) 

   
 
    (     )    

   
                   (5.2) 

where, λE is the latent heat flux, Rn is the net all wave radiation, and Qt is 

the heat storage changes, all three terms are in the unit of W m
-2

; Δ is the 

slope of the saturated vapor pressure-temperature curve at air temperature 

(kPa °C
-1

); γ is the psychrometric constant (kPa °C
-1

) that varies with the 

atmospheric pressure (P, kPa) that is a function of altitude (m) as Eq. (5.3), 

λ is the latent heat of vaporization (MJ kg
-1

); ρa is the density of air (kg m
-3

). 

cp is the specific heat of air (MJ kg
-1℃-1

). es is the saturated vapor pressure 

at the air temperature (kPa); ea is the vapor pressure at the air temperature 

(kPa). The atmospheric pressure can be approximated as (Allen et al., 

1998): 

        (
                  

   
)                           (5.3) 

 

The Penman model requires an aerodynamic resistance ra (s m
-1

) to be 

explicitly described, which can be calculated for open water bodies as 

(Chin, 2011; Shuttleworth, 2012): 

   
    (  (

  
  
))
 

(          )
                                     (5.4) 

where z0 is the roughness length (m), taken in this study as 0.00137 m 

(Chin, 2011; Douglas et al., 2009; Shuttleworth, 2012). zm is the height of 

wind speed measurements. Uzm is the wind speed U at zm above the water 

surface (m s
-1

).  Further to the above two models, we also tested a simple 

energy balance residual method for estimating lake evaporation: 

                                             (5.5) 

where, the simple Ohm type of equation for computing the sensible heat 

flux H can be used (Kustas et al., 1989; Liu et al., 2007): 

  
     (     )

  
                                     (5.6) 
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where, T0 is the water surface temperature (°C), Ta is the air temperature 

(°C) and the aerodynamic resistance provided in Eq. (5.4) can be used 

again. Eq. (5.6) requires the relationship between T0 and Ta to be known. 

In some cases this is directly measured, but in other cases it needs to be 

approximated. Previous studies reported the strong linear relationships 

between T0 and Ta (Ali et al., 2008; Gallego-Elvira et al., 2010). Appendix 

provides a further overview of experimental evidence of the strong linear 

relationships between T0 and Ta at monthly scale for eight different lakes 

from literature. This is an attractive condition that can be explored further 

for estimating various physical processes in lakes and reservoirs. As shown 

in Table A5.2, the average slope and offset of the relationship T0=a*Ta + b 

expressed in Celsius (°C) appears to be a=0.80 and b=4.60 °C. After 

insertion of these coefficients in Eq. (5.6), and integration with Eqs. (5.4) 

and (5.5), for a wind speed reference height of 2 m, it is feasible to 

compute the latent heat flux as: 

            
    (            )(          )

   
                  (5.7) 

 

Eq. (5.7) has not been published before, and will be further referred to in 

this paper as the Duan-Bastiaanssen (DB) model for lake evaporation. The 

DB model is included in the analysis because it has a parameterization that 

is completely different from the existing models for open water 

evaporation, and is therefore a new alternative with a strong physical basis 

that does not require the approximation of the saturated vapor pressure 

curve on the basis of air temperature measurements. The values of a=0.80 

and b=4.60 can be easily replaced with local values in case both T0 and Ta 

are measured. The evaporation rate (mm d
-1

) can be obtained through 

dividing the computed the latent heat flux (W m
-2

) by the latent heat of 

vaporization and the density of water. 

 

As shown from Eqs. (5.1), (5.2) and (5.7), the relative rank of the three 

models in terms of increasing complexity and required data input is: DK, 

DB and Penman. Besides the common requirement of Rn and Qt, the DK 

model requires air temperature only; the DB model requires wind speed as 

an additional input parameter; the Penman model requires air temperature, 

wind speed and relative humidity. It should be noted that all three models 

involve empirical factors. The constants of 0.85 and 0.63 in DK are related 

empirical values because the DK model builds further on a relation 
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between the empirically derived PT α-coefficient and the Bowen ratio 

(H/λE). The empirical approximation of the Bowen ratio as specified by 

Hicks and Hess (1977) was used to derive the generic coefficients of the 

DK model as decried in Eq. (5.1). Both Penman and DB models include 

the empirical solution of ra (Eq. (5.3)), and DB has in addition the 

empirical coefficients (-0.20 and 0.46) to account for the relationship 

between water surface temperature and air temperature. 

 

Several studies reported that models can generate better evaporation 

estimates when the empirical coefficients were calibrated or optimized as 

site-specific constants (e.g. McJannet et al., 2013). While this is true in 

general, the only practical solution is to test the performance of the 

evaporation model with the default coefficients because data sets are rarely 

of sufficient quality to calibrate the coefficients for local lakes and 

reservoirs.  

 

In this study, each model was run with default coefficients. For each 

evaporation model, the estimated Qt by the newly developed hysteresis 

model (described in Section 5.2.2) was used as input. The modelled 

evaporation was then compared with measurements for five lakes. 

 

5.2.2 The hysteresis model for estimating Qt 

The hysteresis model approximates Qt from net all wave radiation Rn as 

(Duan and Bastiaanssen, 2014a; Chapter 4): 

          
   

  
                                 (5.8) 

where, dRn/dt (W m
-2

 day
-1

)is the rate of the change (or time derivative) of 

Rn, and this term is used to account for the hysteresis-caused deviations 

from or deviations that could not be explained by the linear model (Qt 

=a*Rn + b). The sinusoidal model similar to Gallego-Elvira et al. (2010) 

provided the best fit to describe the behavior of Rn(t). The value for dRn/dt 

was calculated by solving the analytical differentiation of the sinusoidal 

model Rn (t). Eq. (5.8) requires three lake specific empirical coefficients (a, 

b, c) to be known, and they can be estimated from easily available data 

series on water surface temperature and solar radiation. In this study, these 

three empirical coefficients were determined using the available Rn and Qt 
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measurements (through curve fitting) for each of the five lakes investigated, 

as to create more precise input data for the evaporation performance study. 

Once the three coefficients were determined, the estimated Qt values were 

derived from Rn data using the Eq. (5.8). Then the estimated Qt values 

were used as inputs to three evaporation models in this study. 

 

5.2.3 Testing sites and datasets 

Five different lakes were selected as testing sites in this study. They were 

selected because of the availability of independent and reliable evaporation 

data, as well as the availability of matching water surface temperature data. 

The evaporation data derived from either the eddy covariance or the energy 

balance method was considered to be reliable and used as “ground-truth” 

for evaluation purpose in this study following many previous studies 

(Winter et al., 1995; Rosenberry et al., 2007; Yao, 2009; Elsawwaf et al., 

2010). 

 

The five lakes are Lake Kinneret in Israel, Lake Mendota in U.S.A, Lake 

Nojiri in Japan, Lake Tahoe in U.S.A and Lake Vegoritis in Greece. The 

characteristics of the five lakes, data periods and sources are presented in 

Table A5.1. For the five lakes, the mean depth ranges from 12.8 m (Lake 

Mendota) to 313 m (Lake Tahoe), andthe surface area ranges from 4.4 km
2 

(Lake Nojiri) to 495 km
2
 (Lake Tahoe). For Lake Tahoe, the evaporation 

was measured through eddy covariance method by the Desert Research 

Institute, U.S.A during September 2003-August 2004. The measured 

annual total evaporation was 1154 mm, which is consistent with for 

example Myrup et al. (1979), who estimated the average annual 

evaporation of Lake Tahoe to be 1104 mm using water balance method 

with 38-month data from August 1967 to September 1970. Meijninger 

(2008) estimated the average annual evaporation over the period 2003 to 

2004 for Lake Tahoe to be 1150 mm using the classical bulk approach. In 

addition, Huntington and McEvoy (2011) used the Complementary 

Relationship Lake Evaporation (CRLE) model, and reported the estimated 

average annual evaporation to be 1168 mm for Lake Tahoe from 2000 to 

2009. For the remaining four lakes, the energy balance method was used to 

compute the evaporation, and necessary data were extracted from the 

corresponding published literature (see Table A5.1 for references).  
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All data for these five lakes were provided at monthly timescale. All five 

lakes have data for a complete year, except for Lake Mendota which 

provided evaporation (latent heat flux) data for only nine months (Dutton 

and Bryson, 1962). All five lakes have data on air temperature, water 

surface temperature, evaporation (latent heat flux), net all wave radiation 

and heat storage changes. Data on wind speed and relative humidity were 

absent for lakes Kinneret and Vegoritis. For Lake Mendota, data on wind 

speed was missing. For Lake Nojiri, data on relative humidity was missing 

also. The missing relative humidity and/or wind speed was filled using the 

long-term mean values from the World Water and Climate Atlas 

(http://www.iwmi.cgiar.org/resources/world-water-and-climate-atlas). 

 

It should be noted that the available measurements of heat storage changes 

Qt involves two estimation methods. Ideally, the Qt should be computed 

based on the water temperature profile data. This requirement was met for 

all five lakes except Lake Tahoe. For Lake Tahoe, the water temperature 

profile data were not available and thus Qt was estimated as the residual of 

the energy balance (Qt=Rn–H-λE). Clearly the residual Qt would include 

all cumulative errors measured by the other energy balance components. 

The advective energy for Lake Tahoe was found to be neglibile (Myrup et 

al., 1979). The measurements of water temperature profile for quantifying 

Qt of large lakes is not straightforward either. For example, the residual Qt 

was also used in many other lake or reservoir studies (Blanken et al., 2000; 

Verburg and Antenucci, 2010; Blanken et al., 2011; Zhang and Liu, 2013). 

Similar difficulties in  quantifying the heat storage flux for wetlands was 

also reported by Souch et al. (1996).  They estimated the storage heat flux 

as the residual of energy balance and considered it as measured in their 

study. We acknowledge that the residual Qt was not the ideal one, but such 

Qt was practially “best” available data for Lake Tahoe. For the sake of 

simplicity and consistency, for all five lakes the available Qt and 

evaporation data from sources listed in Table A5.1 were referred to as 

“measured” ones in this study. This is simply used to distinguish them 

from the modelled Qt by the hysteresis model and modelled evaporation by 

three evaporation models in this study. 

 

http://www.iwmi.cgiar.org/resources/world-water-and-climate-atlas
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5.3 Results and discussion 

 

By fitting the measured Rn and Qt data using the hysteresis model 

(Qt=a*Rn+b+c*dRn/dt), the lake-specific three coefficients (a, b and c) 

were determined. The performances of the fitted hysteresis models were 

evaluated by comparing the modelled Qt with the measured Qt (Figure 5.1), 

and a good agreement can be observed clearly. Table 5.1 summaries the 

determined coefficients and performances of the hysteresis models for all 

five lakes. The three coefficients vary largely among lakes. The worst 

performance was observed for Lake Kinneret (R
2
=0.68; RMSE=35 W m

-2
). 

For the remaining four lakes, R
2
 was higher than 0.92 and RMSE was 

lower than 20 W m
-2

. The modelled Qt was subsequently used as input to 

all three evaporation models for each individual lake. 

 

 

Figure 5.1 Scatterplots of the modelled heat storage change Qt against 

measured data at the monthly timescale for five tested lakes 

 

The comparisons between measured and modelled monthly evaporation 

rates using the estimated Qt as inputs for five lakes are presented in Figure 

5.2. The statistical indicators for performances of all three evaporation 

models are summarized in Table 5.2. In general, the modelled monthly 
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evaporation rates by all three models compared reasonably well with the 

measured counterparts for all five lakes. The R
2
 ranged from 0.72 for Lake 

Nojiri by the DB model to 0.92 for Lake Mendota by the DK model. The 

RMSE ranged from 0.46 mm d
-1

 for Lake Tahoe by the DK model to 1.28 

mm d
-1

 for Lake Kinneret by the Penman model. By averaging the 

performance values for all three models and five lakes (averaging 3*5 

values), the average R
2
 was 0.81 and RMSE was 0.83 mm d

-1
. 

 

In the absent of measured Qt  due to the lack of relevant data mentioned in 

Section 5.1, many studies simply neglected the Qt when using Penman 

model (e.g. Vallet-Coulomb et al. 2001; Wale et al., 2009). Therefore, it is 

interesting to compare the accuracy of modelled evaporation when 

neglecting Qt and using modelled Qt as input. Such comparison can help us 

to demonstrate the improvements by the hysteresis model. The 

experimental analysis was conducted to run three models for all five lakes 

by neglecting Qt (setting Qt as zero), and results are presented in Figure 5.2 

and Table 5.3. As expected, neglecting Qt resulted in very poor monthly 

evaporation estimates with the average R
2
 of 0.20 and RMSE of 2.22 mm 

d
-1 

for all three models and five lakes (averaging 3*5 values). In 

comparison, significantly improved evaporation estimates can be achieved 

when using the modelled Qt by the hysteresis model. This indicates that the 

simple hysteresis model for Qt can be used in conjunction with all three 

models for reasonable evaporation modelling. This further highlights the 

great potential of the simple hysteresis model to improve evaporation 

estimates for conditions when measured Qt are not available (almost 

everywhere). Duan and Bastiaanssen (2014a) proposed a procedure to 

predict the three coefficients (a, b and c) from estimates of Rn and water 

surface temperature data for any given lake. We call on interested 

researchers to further test the hysteresis model if they have measured Qt 

and Rn for lakes. If we can obtain the local determined coefficients (a, b 

and c) in the hysteresis model (Table 5.1) for a sufficient range of lakes, it 

is also possible to create a similar look-up table of typical coefficients for 

different lakes based on classification of lake characteristics. 

 

Among three evaporation models, the DK model generated the lowest 

RMSE values for four of the five lakes. In three out of the five lakes the R
2
 

was the highest, and for the remaining two lakes (Tahoe and Vegoritis) the 

R
2
 by the DK model was only 0.01 smaller than those by the superior 
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model. In terms of RMSE value, the Penman model outperformed the DK 

model for only Lake Vegoritis with a 0.20 mm d
-1

 smaller in the RMSE 

value. When considering all five lakes, the average performance values for 

the DK model were R
2
=0.83 and RMSE=0.68 mm d

-1
, and only for one out 

of the five lakes the difference in annual evaporation exceeded 20% of 

measured annual evaporation (Lake Veogoritis with -22%). The Penman 

model had an average R
2
=0.80 and RMSE=0.80 mm d

-1
. Most troublesome 

of the Penman model is that the annually accumulated evaporation was 

considerably off for three out of the five lakes. This has great impact on the 

water accounts for river basins (Karimi et al., 2013) and for water scarcity 

analysis that are without exceptions almost all based on the Penman model. 

The DB model had an average R
2
=0.81 and average RMSE=0.99 mm d

-1
, 

and showed also a significant error in two out of the five lakes in terms of 

the annually accumulated evaporation.  

 

It should be noted that the poorer performance of the Penman model for 

three lakes (Kinneret, Mendota and Nojiri) could be partly due to the 

possible errors in the input wind speed and particularly relative humidity. 

Since data on wind speed or relative humidity or both two variables were 

missing from the corresponding data sources for the four lakes, the long-

term average values from the World Water and Climate Atlas were used. 

The long-term average values could be largely different from the values 

observed in a short-term period (1-2 years) for the three lakes (see Table 

A5.1). Our sensitivity analysis (results not shown) suggested that the 

Penman model was more sensitive to the relative humidity than the wind 

speed; 20% change in relative humidity would result in about 20% change 

in the estimated evaporation on average, while 20% change in wind speed 

would result in 5% change in the estimated evaporation. For Lake 

Vegoritis where both wind speed and relative humidity were taken from 

long-term average values, the Penman model performed best, but it is 

difficult to determine whether the good performance is because of the 

superiority of the model or the fact that possible errors in wind speed and 

relative humidity resulted in a positive effect.  
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Figure 5.2 Scatterplots of modelled monthly evaporation rate from three 

evaporation models with estimated Qt using the hysteresis model as inputs 

against measured data for five lakes 
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Figure 5.3 Scatterplots of modelled monthly evaporation rate from three 

evaporation models with Qt neglected against measured data for five lakes 
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Table 5.1 Performances of the hysteresis model for estimating heat storage 

changes Qt from net all wave radiation Rn for five lakes at monthly time 

scale 

Lakes 
Qt=a*Rn+b+c*dRn/dt Compared with measured Qt 

a b (W m
-2

) c (day) R
2
 RMSE (W m

-2
) 

Kinneret 0.50 -70.02 20.48 0.68 34.8 

Mendota 0.81 -65.10 52.77 0.96 16.7 

Nojiri 1.36 -124.11 14.78 0.96 14.7 

Tahoe 1.05 -120.60 24.93 0.97 17.0 

Vegoritis 0.87 -52.58 45.66 0.92 19.6 

 

There was no missing data issue for Lake Tahoe, thus results for Lake 

Tahoe provide more certainty to compare different models, the Penman 

model was performing very slightly better than the DK model. The 

requirement for more input parameters and the considerable sensitivity to 

relative humidity over the water surface can be an obstacle for applying the 

Penman model to certain cases from practical perspectives. Besides the 

commonly required Rn and Qt, the DK model only requires air temperature 

data, and is therefore less vulnerable to the quality of other input wind 

speed and relatively humidity conditions of the lower part of the 

atmospheric boundary layer over water surfaces. It is worth mentioning 

that the DK model has also been recognized as the best or second-to-best 

performing model for Williams Lake in U.S.A (Winter et al., 1995), Mirror 

Lake in U.S.A (Rosenberry et al., 2007), Dickie Lake in Canada (Yao, 

2009) and Lake Nasser in Egypt (Elsawwaf et al., 2010). Hence, it does not 

seem to be a coincidence that the DK model came out as being a favorable 

evaporation prediction method in this comparison study. Therefore, the DK 

model requiring minimum parameters can be generally considered as the 

preferred prediction model. In addition, it is interesting to note that for two 

lakes (Kinneret and Nojiri), the DB model performed better than the 

Penman model in terms of both R
2
 and RMSE values (Table 5.2). It is 

therefore recommended to also include the DB model in future comparison 

studies of lake evaporation. The Penman model, used widely in regional 

and global scale hydrological studies, should be evaluated more critically. 
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Table 5.2 Statistical indicators comparing “measured” evaporation rates 

and modelled ones using three evaporation models with estimated Qt as 

inputs for five lakes at monthly timescale 

Lakes Methods 
Total evaporation 

(mm) 

Difference 

(%) 
R

2
 

RMSE 

(mm d
-1

) 

Kinneret Measured 1712 
   

DK 1601 -6 0.77 1.18 

Penman 1892 11 0.75 1.28 

DB 1716 0 0.76 1.21 

Mendota Measured 835 
   

DK 803 -4 0.92 0.52 

Penman 1011 21 0.83 0.91 

DB 662 -21 0.94 1.31 

Nojiri Measured 761 
   

DK 854 12 0.74 0.50 

Penman 998 31 0.69 0.80 

DB 718 -6 0.72 0.65 

Tahoe Measured 1154 
   

DK 1119 -3 0.86 0.46 

Penman 1165 1 0.87 0.47 

DB 1163 1 0.80 0.66 

Vegoritis Measured 841 
   

DK 652 -22 0.86 0.75 

Penman 860 2 0.87 0.55 

DB 556 -34 0.83 1.14 

 

As far as the annual total evaporation values are concerned, for the cases 

using the estimated Qt as inputs (Table 5.2), the percentage difference from 

measurements ranged from -22 to 12% for the DK model with the average 

absolute value of 9%. The Penman model consistently overestimated the 

total evaporation, ranging between 1 to 21% with an average absolute 

value of 13%. The error for the DB model ranged from -34 to 1%, with an 

average absolute value of 12%. In the case of results from neglecting Qt 

(Table 5.3), the estimated annual total evaporation values were close to 

those with estimated Qt as inputs, the average absolute percentage 

difference from measurements was 10%, 20% and 15% for the DK, 

Penman and DB models, respectively. This result is expected because the 

Qt would be close to zero on the annual scale. The generally accepted 

errors for direct latent heat flux measurement from eddy covariance are in 

the range of 10 to 20%; so basically all three evaporation models could be 

regarded as acceptable. 



Estimating water balance components of lakes and reservoirs 

140 

Table 5.3 Statistical indicators comparing “measured” evaporation rates 

and modelled ones using three evaporation models with Qt neglected for 

five lakes at monthly timescale 

Lakes Methods 
Total evaporation Difference 

R
2
 

RMSE 

(mm) (%) (mm d
-1

) 

Kinneret Measured 1712 
   

 
DK 1629 -5 0.61 1.82 

 
Penman 1917 12 0.62 1.88 

 
DB 1722 1 0.59 2.20 

Mendota Measured 835 
   

 
DK 849 2 0.04 2.35 

 
Penman 1053 26 0.04 2.43 

 
DB 644 -23 0.08 3.38 

Nojiri Measured 761 
   

 
DK 899 18 0.02 1.71 

 
Penman 1039 37 0.04 1.75 

 
DB 709 -7 0.05 2.29 

Tahoe Measured 1154 
   

 
DK 1313 14 0.07 2.49 

 
Penman 1321 14 0.15 2.16 

 
DB 1337 16 0.06 3.14 

Vegoritis Measured 841 
   

 
DK 734 -13 0.21 1.75 

 
Penman 928 10 0.26 1.71 

  DB 620 -26 0.22 2.24 

 

5.4 Summary and conclusions  

 

In this study, three energy balance-based evaporation models were 

evaluated for five different lakes at the monthly timescale. They are the De 

Bruin-Keijman (DK), Penman and Duan-Bastiaanssen (DB) models. DB is 

a new energy balance residual model based on an Ohm-type 

parameterization of sensible heat flux with standard coefficients, and 

launched in this paper. A general linear relationship between water surface 

temperature and air temperature is the basis for DB. All three models 

require the heat storage changes (Qt) as input. The newly developed simple 

hysteresis model performed well in estimating Qt from the easily available 

net all wave radiation for all five lakes at the monthly timescale. Using the 

estimated Qt as inputs, all three models resulted in reasonably well 
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evaporation estimates for all five lakes, and the modelled monthly 

evaporation were significantly better than those with Qt neglected. 

Considering that Qt can rarely be derived from operational measurements, 

the simple hysteresis model offers a practical way of computing Qt and 

further to improve evaporation modelling for conditions and long-term 

periods when measured Qt are not available. This requires a further 

parameterization and verification of the three coefficients in the hysteresis 

model based on easily accessible data. 

 

All three evaporation models could be regarded as acceptable in estimating 

annual total evaporation. The DK model, requiring minimum parameters, 

can be generally considered as the best performing evaporation model. For 

two lakes, the new DB ranked second followed by the classical Penman 

model. The DB model requires more testing, although the first model tests 

are encouraging. The widely used Penman model should be evaluated 

more critically.  
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Appendix: Dataset for eight different lakes and relationships between 

water surface temperature and air temperature 

Table A5.1 Dataset of water surface temperature and air temperature for 

eight lakes. Time scale is monthly.  

Lakes Country 
Latitude 

(°) 

Elevation 

(m) 

Mean 
depth 

(m) 

Area 

(km2) 

Periods of 

measurements 
References 

Erie USA-
Canada 

42.2 173 19 25744 
1967-1982 
Average  

(Schertzer, 1987) 

Ikeda* Japan 
31.2 65 125 10.6 

1981-2005 

Average 

(Momii and Ito, 

2008) 
Kinneret Israel 

32.8 -212 25.6 166 
Mar. 1949-

Feb. 1950 

(Wartena, 1959) 

Mendota USA 
43.1 259 12.8 39 

1958-1959 
Average 

(Dutton and Bryson, 
1962) 

Nojiri Japan 
36.8 656 21 4.4 

Jan.-Dec. 

1966 

(Yamamoto and 

Kondo, 1968) 
Tahoe USA 

39.1 1897 313 495 
Sep.2003-

Aug. 2004 

Eddy covariance 

measurements are 

provided by Gayle 
Dana 

Titicaca Peru-

Bolivia 
-15.5 3812 107 8372 

1964-1978 

Average 

(Delclaux et al., 

2007) 
Vegoritis* Greece 

40.8 510 20 33.5 
Feb. 1993-

Jan. 1994 

(Gianniou and 

Antonopoulos, 2007) 

* 
The

 
water surface temperature data were modeled values but were found in good 

agreements with measurements in their studies, thus we considered these data reliable and 

used in this study.  

 

Table A5.2 The relationship between water surface temperature T0 (°C) 

and air temperature Ta (°C) for eight different lakes at monthly timescale. 

Data are from literature listed in Table A5.1. 

Lakes 
T0=a*Ta+b 

a b (°C) R
2
 

Erie 0.98 0.38 0.99 

Ikeda 0.92 3.19 0.94 

Kinneret 0.67 8.47 0.94 

Mendota 0.88 3.31 0.94 

Nojiri 0.87 4.74 0.92 

Tahoe 0.78 4.58 0.96 

Titicaca 0.47 9.16 0.65 

Vegoritis 0.85 3.01 0.90 

Average 0.80 4.60 0.91 



5. Evaluation of evaporation models using a new heat storage changes term 

143 

 

 

 

 

Chapter 6 word cloud 

Chapter 5 word cloud 



 

144 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

L
a

k
e

 T
a

n
a

, E
th

io
p

ia
 

P
h

o
to

 f
ro

m
 G

o
o

g
le

 I
m

a
g

e
s 



 

145 

6 
6 The water balance of Lake Tana 

computed from new earth 
observation technologies 

 

 

6.1 Introduction 

 

Lake Tana is located in the northwestern highlands of Ethiopia (Figure 6.1). 

It is the largest lake in Ethiopia and the third largest in the Nile River Basin 

(Setegn et al., 2010). Lake Tana is the source of the Blue Nile River and 

the Blue Nile River contributes more than 60% of total flow into the Nile 

River at Aswan in Egypt (Uhlenbrook et al., 2010). Therefore, sustainable 

management of the water resources of Lake Tana is of great importance for 

Ethiopia and other Nile Basin riparian countries. To fulfill this purpose, the 

water balance of Lake Tana needs to be fully understood. However, the 

lack of reliable key water balance components hampers quantification of 

the water balance of Lake Tana and other lakes in the Nile River (Kebede 

et al., 2011). 

 

In Lake Tana Basin, the gauged catchments cover less than 50% of the 

total basin area (Wale et al., 2009). For some gauged catchments, runoff 

data is available, but the data quality is poor. The general five gauged 

major catchments are shown in Figure 6.1. Previous studies pointed out 

that gauging stations are submerged during the peak flows period (e.g. 

Kebede et al., 2011) and basin outflow occurs also via wetlands that are 

expanded during the rainy season. These issues lead to a poor 
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quantification of the runoff from the surrounding catchments into the lake 

body. Previous studies focused on the estimation of total inflow, but there 

are significant differences in the estimated total lake inflow and the relative 

contribution of runoff from the ungauged catchments (Rientjes et al., 2011). 

The classical solution to estimating runoff from ungauged catchments is to 

use the measured surface outflow from Lake Tana plus other components 

and inversely infer the inflow from ungauged streams into the lake body 

assuming zero groundwater outflow. This ensures that the water balance is 

closed, but it does not mean that all water balance components are properly 

understood and quantitatively described. Several recent studies used 

hydrological models to simulate runoff from gauged catchments, then the 

gauged catchments calibrated parameters were transferred to ungauged 

catchments through various regionalization approaches for estimating the 

ungauged runoff (Wale et al., 2009; Rientjes et al., 2011). This modelling 

procedure usually requires long-term streamflow data to be available (often 

difficult to achieve for certain areas) to warm-up and calibrate the model. 

In addition, the successful application of regionalization approaches could 

be challenged because of the possible equifinality problem in the model 

parameters and contrasting catchments properties (Kebede et al. 2011; 

Samaniego et al. 2010). 

 

The surface outflow from Lake Tana is measured, but the responsible 

agencies are not keen on sharing these outflow data with other agencies 

and riparian Nile Basin countries in a transparent manner. Given the fact 

that the outflow from Lake Tana is the source for the Blue Nile River, the 

downstream stakeholders are eager to get discharge release data for their 

water uses and management. For this purpose, this study aims to quantify 

the water balance of Lake Tana and its surrounding basin using satellite 

and routine weather measurements. Specifically, we investigate whether 

the outflow from Lake Tana can be estimated as the residual with sufficient 

accuracy. The main objective of this chapter is to integrate the previous 

chapters technically, and show how all earth observation data presented in 

the previous chapters can be combined to estimate the water balance of 

lakes and reservoirs. The novelty of this study lies in applying new 

methods to estimate each water balance component independently, and 

considering the whole land area of Lake Tana Basin to estimate total lake 

inflow; thus the ungauged contribution is included already.   



6. Water balance of Lake Tana from earth observation technologies 

147 

 

Figure 6.1 Location of Lake Tana Basin, 20 rain gauges, one weather 

station and one outflow gauge. The five gauged major sub-basins are also 

shown.  

 

6.2 Study area 

 

Lake Tana is a vast circular-shaped and shallow lake with water level 

fluctuations of approximately 1.6 m among seasons. The surface water area 

of Lake Tana ranges from 2966 to around 3100 km
2
 depending on the 

seasonal fluctuation of lake level (Duan and Bastiaanssen, 2013a). The 

Lake Tana Basin covers a total surface area of about 15100 km
2
 including 

the lake area. The lake area covers approximately 20% of the total basin 

area.  In the Lake Tana Basin, the elevation ranges from 1791 to 4084 m 

above the mean sea level. The main land use classes are cultivated land, 

pasture, forest and wetland. Cultivated land accounts for more than 50% of 

the total basin area (Setegn et al., 2010). The mean annual precipitation is 

approximately 1395 mm/yr based on the analysis of available rain gauge 

data between 1998 and 2004 (Duan and Bastiaanssen, 2013c). The climate 

of Lake Tana Basin is tropical highland monsoon with a rainy season 

(June–September) and a dry season (October–March). The seasonal 

distribution of rainfall is mainly controlled by the north–south movement 
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of the Inter Tropical Convergence Zone (ITCZ) (Taye and Willems, 2012). 

The air temperature shows a large diurnal but small seasonal variability. 

The mean annual temperature is 20 °C (Setegn et al., 2010). 

 

6.3 Data and Methods 

 

This chapter investigates the water balance of Lake Tana for the year 2006 

at monthly and annual timescales because the measured outflow data for 

this year was available to the authors. For evaluation purposes, the total 

outflow was estimated as the residual of the water balance equation. Based 

on the lake water balance, the lake outflow (Olake) was estimated as: 

Olake = Rland + Alake(Plake – Elake) + Gi – Go – dVlake/dt                (6.1) 

where Rland is the inflow into the lake from the surrounding catchments, 

Plake is the precipitation directly over the lake area, Elake is the lake 

evaporation, dVlake is the change in water storage over the time period dt, 

Alake is the surface area of the lake, which varies with water level, and Gi 

and Go are the groundwater inflow and outflow, respectively. The data and 

methods used to quantify each component are described in the subsequent 

sections. 

 

6.3.1 Inflow into the lake (Rland) 

The total inflow into Lake Tana was estimated as the surface runoff (Rland) 

using the simple water balance equation of the land area surrounding the 

lake: 

Rland  = Pland - ETland – dSland/dt                                 (6.2) 

where, Pland is the precipitation over the land area of the Lake Tana Basin; 

ETland is the actual evapotranspiration and dSland/dt is the change in the 

total water storage over the land area during a month time period dt. 

 

Precipitation (Pland): Monthly total rainfall data from 20 rain gauge 

stations for the year 2006 were obtained from the Ethiopian National 

Meteorological Agency (ENMA). The locations of the 20 rain gauge 
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stations are shown in Figure 6.1. In addition to that, the Version 7 TRMM 

(Tropical Rainfall Measuring Mission) 3B43 monthly precipitation data 

(Huffman et al., 2007) were obtained from http://mirador.gsfc.nasa.gov to 

get estimates of aerial rainfall volumes. The TRMM 3B43 data are at 0.25° 

spatial resolution. The satellite precipitation data have a bias and requires 

local calibration. The integrated downscaling and calibration procedure 

developed by Duan and Bastiaanssen (2013c) was used to combine the 

advantages of both satellite precipitation and rain gauge stations data to 

generate monthly precipitation at 1 km spatial resolution for Lake Tana 

Basin. In this procedure, the TRMM 3B43 data at 0.25° spatial were firstly 

downscaled to 1 km resolution followed by the calibration using all 20 rain 

gauge stations.  

 

Actual evapotranspiration (ETland): The actual evapotranspiration data at 

1 km resolution for Lake Tana Basin were obtained using the ETLook 

remote sensing model (Bastiaanssen et al., 2012). The ETLook model has 

been validated and shown to generate ETland values with good agreement 

with ground measurements in many different climate systems and land use 

classes. Due to persistent cloud cover, ETLook has some comparative 

advantages. The algorithm relies substantially on surface soil moisture 

values from AMSR-E, NDVI from MODIS and solar radiation from MSG. 

Only monthly ETland values for the year 2007 were available for direct 

usage. In addition, the monthly total ET values from the SSEB model 

(Senay et al., 2011) were collected for the year 2006 and 2007. The SSEB 

model uses a simplified calculation procedure using thermal measurements 

of MODIS. Initial comparison of monthly SSEB-derived ETland values 

between the year 2006 and 2007 showed that the seasonal temporal 

patterns are similar (R
2
=0.83) although the absolute values differ (data are 

not shown). The annual total SSEB-derived ETland values averaged over the 

land area of Lake Tana Basin were 581 and 513 mm/yr for the years 2006 

and 2007, respectively. The annual ratio of 1.13 has been applied, and 

monthly ratios have also been determined to estimate monthly water 

balances. The ETLook-derived ETland values for 2007 were corrected with 

the fractional ETland changes of the SSEB model for 2006 and 2007. 

 

Changes in the water storage over land area (dSland/dt): The water storage 

changes are expected to be significant at monthly timescales. Therefore, 

the term dSland/dt is necessary to assess reasonable runoff from land to the 

http://mirador.gsfc.nasa.gov/
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lake body. The total water storage changes include storage changes of soil 

moisture, groundwater, canopy, snow and ice, and surface water. Such 

total water storage changes data can be derived from GRACE data, but the 

coarse resolution of GRACE data makes it suitable for areas of 200,000 

km
2
 and larger. This limitation precludes the application of GRACE data to 

Lake Tana Basin. There is no snow or ice on the tropical basin, and the 

canopy and surface water storage over the land areas of Lake Tana Basin is 

not considerable, and therefore was neglected in this study.  

 

For soil moisture storage changes, the method proposed by Bastiaanssen 

and Chandrapala (2003) is suitable to estimate soil moisture changes using 

the evaporative fraction data, as it was demonstrated to make reasonable 

estimates of river flow in the humid tropics of Sri Lanka. In the absence of 

evaporative fraction data, we used output from GLDAS (Global Land Data 

Assimilation System). GLDAS drives four land surface models to provide 

estimates of various land surface parameters including soil moisture. The 

forcing data are from various satellite-derived precipitation, radiation data 

and atmospheric analysis-based products (Rodell et al., 2004). The data are 

freely available from http://mirador.gsfc.nasa.gov. The highest spatial 

resolution of product is 0.25° and generated by the Noah model (Ek et al., 

2003). The latter data set from Noah at monthly scale was used in this 

study. The Noah data contain four-layers of average soil moisture; the total 

considered soil column depth is 200 cm. Fourteen monthly average soil 

moisture data were obtained for the period from December (2005) to 

January (2007). For each month, four layers of average soil moisture were 

summed up to obtain the average total soil moisture. The monthly average 

total soil moisture was assumed to represent the 15
th

 day of each month. 

The soil moisture on the first day of each month was derived by linear 

interpolation of the two consecutive monthly values. Finally the changes in 

soil moisture for each month were computed as the difference in the 

derived average total soil moisture between the first day of the following 

month and the current month.  

 

With respect to groundwater storage change, several studies have shown 

deep percolation to occur in Lake Tana Basin (Engida et al., 2007; Nadew, 

2010; Setegn et al., 2010). In  a World Bank report, Engida et al. (2007) 

provided the average annual water balance of four gauged catchments 

(Gilgel Abay, Gumara, Ribb and Megetch, see Figure 6.1) of Lake Tana 

http://mirador.gsfc.nasa.gov/
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Basin for the period 2000-2004. The annual average deep percolation for 

the four catchments of Lake Tana Basin ranged from 54 to 343 mm/yr. 

This suggests a certain amount of deep percolation water loss has to be 

considered to reflect the real situation occurring in Lake Tana Basin. The 

area weighted average value of annual deep percolation of four catchments 

provided by Engida et al. (2007) was computed to be 154 mm/yr. For the 

entire Lake Tana Basin much higher percolation values were reported by 

Setegn et al. (2010) using the numerical SWAT model. For the SWAT 

model calibration period 1981-1992, the annual average percolation value 

was determined to be 251 mm/yr, or 21.5% of the annul precipitation of 

1168 mm/yr. For the more recent validation period 1993-2004 the annual 

average percolation was found to be 400 mm/yr or 28.7% of the annul 

precipitation of 1394 mm/yr. The high percolation values have been 

commonly reported in many studies of the upper Nile Basins (Betrie et al., 

2011; van Griensven et al., 2012; Gebremicael et al., 2013; Bastiaanssen et 

al., 2014). Without other data to independently estimate the deep 

percolation in this study, the average value (i.e. 325.5 mm/yr) of the two 

reported values from Setegn et al. (2010) was used to quantify the deep 

percolation for the whole land area of Lake Tana Basin. The annual deep 

percolation has been partitioned into monthly values according to monthly 

(Pland-ETland) values.  

 

The monthly runoff from all catchments into Lake Tana was estimated 

from rainfall surplus (difference between precipitation and 

evapotranspiration) corrected for soil moisture storage change and deep 

percolation. The reliable monthly measured runoff data in two large 

gauged catchments (Gilgel Abay and Gumara, see Figure 6.1) were 

obtained from Ministry of Water Resources (MoWR) in Ethiopia. Before 

estimating the runoff from the whole land area, we estimated monthly 

runoff for these two gauged catchments and evaluated the results with 

measured data. The annual deep percolation values for the two gauged 

catchments were taken from Engida et al. (2007) and monthly values were 

assigned in the same way as described above. 

 

6.3.2 Precipitation over the lake (Plake) 

None of the available 20 rain gauge stations is located over the lake surface, 

and only five stations located relatively near the shoreline (Figure 6.1). 
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Considering the relatively large surface area of Lake Tana, the sparse land-

based rain gauge stations may be insufficient to represent the average 

rainfall over the lake surface. Therefore, in this study the average 

precipitation over Lake Tana was computed from the original monthly 

TRMM 3B43 data. 

 

6.3.3 Evaporation from the lake (Elake) 

Daily routine weather data (air temperature, actual duration of sunshine, 

relative humidity, wind speed) was taken from the Bahir Dar weather 

station (Figure 6.1) through the ENMA. The De Bruin-Keijman (DK) 

model (Debruin and Keijman, 1979) was used to estimate lake evaporation 

in this study. The DK model was selected because it has a low input data 

requirement and generally provides the best evaporation estimates (Duan 

and Bastiaanssen, 2014b): 

  
   (     )

           
  

    

   
                               (6.3) 

where, E is the evaporation rate (mm d
-1

). Δ is the slope of the saturated 

vapor pressure-temperature curve at air temperature (kPa °C
-1

); γ is the 

psychrometric constant (kPa °C
-1

) that varies with the atmospheric pressure. 

The atmospheric pressure can be approximated as a function of altitude 

(Allen et al., 1998), the altitude of 1788 m above the mean sea level was 

used for Lake Tana in this study. λ is the latent heat of vaporization (2.45 

MJ kg
-1

); ρw is the density of water (1000 kg m
-3

). Rn is the net radiation 

(W m
-2

), Qt is the heat storage change (W m
-2

). The value for net radiation 

Rn was computed using the Slob’s equation with the original coefficient 

(De Bruin, 1987).   

   (   )      
  

  
                          (6.4) 

where Rs is the shortwave solar radiation (W m
-2

), Ra is the extraterrestrial 

radiation (W m
-2

),  and α is the albedo of water surface. An albedo of 0.05 

was used in this study. The computation of Ra is purely theoretical, and 

based on the latitude, and the day of the year (DOY) as described in Allen 

et al. (1998). The value for Rs has been determined from actual hours of 

sunshine. It can alternatively be derived from cloud cover measurements of 

the geostationary MSG satellite. The simple Slob’s equation with a 

constant albedo of 0.05 and default coefficient of 110 Wm
-2

 has been 

found to perform reasonably well in estimating Rn for 12 lakes (Duan and 
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Bastiaanssen, 2014a). The solar radiation Rs was computed using the 

Angstrom formula with the recommended Angstrom coefficients. This 

formula relates Rs to extraterrestrial radiation Ra and relative sunshine 

duration, which is described as (Allen et al., 1998):  

   (          
 

 
)                                   (6.5) 

where, n is the actual duration of sunshine (hours); N is the maximum 

possible duration of sunshine or daylight hours, which can be computed 

from the latitude, and the DOY. 

 

The newly developed empirical procedures (Duan and Bastiaanssen, 2014a) 

for estimating Qt from Rn and water surface temperature was adopted. The 

measured monthly mean water temperature data for Lake Tana were 

provided by De Graaf et al. (2004). They measured water temperature at 

several different depths during two periods 1991-1993 and 1999-2000. 

Chebud and Melesse (2009a) mentioned that such water temperature data 

can be considered as surface temperature. Following Chebud and Melesse 

(2009a), the monthly temperature data during the period 1999-2000 (most 

recent to the studied year) by De Graaf et al. (2004) were also used as the 

water surface temperature in this study. The heat storage change equation 

tailored for local conditions was determined for Lake Tana as a function of 

Rn and its time derivative dRn/dt (Duan and Bastiaanssen, 2014a):  

Qt = 1.51 Rn – 223.88 – 4.36 dRn/dt                       (6.6) 

 

The monthly Qt values (W m
-2

) were estimated from Rn using Eq. (6.6), 

and the DK model was applied to compute the monthly open water 

evaporation from Lake Tana for the year 2006. 

 

6.3.4 Water volume changes (dVlake/dt) and water surface area 
(Alake) 

The monthly average water levels for Lake Tana since 1992 can be 

obtained from Hydroweb at http://www.legos.obs-mip.fr/soa/hydrologie/hy

droweb/ . Hydroweb provides time-series of water levels of large rivers, 

about 170 lakes/reservoirs, and wetlands around the world using the 

merged T/P, Jason-1, Jason-2, ENVISAT and GFO data. The processing 

http://www.legos.obs-mip.fr/soa/hydrologie/hydroweb/
http://www.legos.obs-mip.fr/soa/hydrologie/hydroweb/
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procedures of Hydroweb are described in Crétaux et al. (2011). Our 

previous study showed that the monthly water levels from Hydroweb 

agreed very well with measured water levels with R
2
 of 0.99 and RMSE of 

13 cm for Lake Tana (Duan and Bastiaanssen, 2013a). In the same 

previous study, the specific Level-Area-Volume relationships for Lake 

Tana have also been generated and validated using the Hydroweb water 

levels and Landsat imagery data. Then for a certain Hydroweb water level, 

the corresponding surface area and water volume can be estimated using 

the Level-Area-Volume relationships. In this study, the monthly average 

water level from Hydroweb was assumed to represent the water level on 

the 15
th

 day of each month, then the water levels for the first day of each 

month were interpolated linearly and the corresponding surface area and 

water volume were further estimated using the predefined functional 

relationships. The change in water volume for a certain month was finally 

computed as the difference in the estimated water volume between the first 

day of the following month and current month. 

 

6.3.5 Groundwater inflow (Gi) and outflow (Go) 

Previous studies on Lake Tana showed that the groundwater contribution 

can be considered negligible (SEMC, 2008; Chebud and Melesse, 2009b,). 

Kebede et al. (2006) mentioned that the groundwater inflow constitutes 

less than 7% of the total inflow into the Lake Tana. By using an isotope 

hydrological approach, Kebede et al. (2011) further concluded that there 

was no groundwater outflow from Lake Tana, and the low groundwater 

inflow to the lake was presumably reduced by the thick stiff clay at the 

bottom of the lake. Without relevant data, the groundwater flows in the 

Lake Tana region are often neglected for Lake Tana (Rientjes et al., 2011; 

Wale et al., 2009). Similarly, groundwater inflow and outflow were set to 

zero in this study. 

 

6.3.6 Surface outflow from lake (Olake) 

Monthly outflow from Lake Tana measured at the Abbay station (Figure 

6.1) for the year 2006 were obtained from MoWR. Gebremariame (2009) 

plotted the measured lake level and outflow of Lake Tana during 1976-

2006, and mentioned “after the operation of the weir in 2002, the outflow 

trend shows an erratic pattern since the water is diverted to the hydropower 
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before reaching the outflow gauging station”. This statement suggests the 

measured outflow data from the gauging station can underestimate the total 

outflow from Lake Tana. Dargahi and Setegn (2011) also pointed out that 

there were no means available to assess the quality of measured data on the 

outflow from Lake Tana. Therefore, we are not very confident regarding 

the reliability of the measured outflow data, although such data are the best 

available ones. In this study, we independently estimated the outflow as the 

residual of the water balance. The difference between our estimated 

outflow and the measured outflow were considered as the unaccounted 

other outflow in the measured data.  

6.4 Results and discussion 

6.4.1 Water balance over the land area of Lake Tana Basin 

We first estimated runoff as the residual of water balance (Eq. (6.2)) for 

Gilgel Abay and Gumara catchments. The estimated runoff values were 

evaluated against the measured data. Table 6.1 summarizes the annual 

values of water balance components for these two gauged catchments. The 

estimated annual runoff values were 1464 mm/yr and 916 mm/yr for Gilgel 

Abay and Gumara, respectively, being a substantial layer of water and 

among the highest in the Nile basin. They were very close to the measured 

runoff data with differences of only 4 mm/yr (0.27% error) and 35 mm/yr 

(4% error), respectively. This good agreement provides confidence in the 

estimation of annual runoff from ungauged catchments in Africa and the 

magnitude of the deep percolation flux. Figure 6.2 compares monthly 

estimated runoff and measurements for the two catchments. For both 

catchments, there were large differences in timing and magnitude between 

the estimated and measured runoff. The estimated runoff peaked in July 

which is in phase of the pattern of precipitation, the correlation coefficient 

between estimated runoff and precipitation was 0.96 and 0.88 for Gilgel 

Abay and Gumara, respectively. However, the measured runoff peaked a 

month later in August due to the delay effects of infiltration, recharge and 

baseflow etc.  

 

Since the runoff was estimated as the residual using Eq. (6.2), any error in 

other water balance components would influence the estimated runoff. The 

precipitation component has limited errors as it was already calibrated with 

available rain gauge stations. The year 2006 was a very wet year. Kloos 
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and Legesse (2010) mentioned that the higher amount of rainfall in the 

year of 2006 caused several floods in Ethiopia. The possible error in 

evapotranspiration is believed to be limited also. A recent review by 

Karimi and Bastiaanssen (2014) showed that satellite-based methods were 

able to produce reliable actual evapotranspiration estimates with mean 

absolute error of 5.4%, and concluded that the actual evapotranspiration 

maps can be used with confidence in hydrological modeling and water 

accounting. Therefore, the large discrepancy between estimated and 

measure monthly runoff was due to the poor quantification of monthly soil 

moisture storage changes and the estimation of monthly deep percolation. 

It should be noted that the spatial resolution of Noah soil moisture data 

(0.25°) is not consistent with precipitation and actual evapotranspiration (1 

km). The GLDAS is intended for global scale climate analysis and these 

forcing data are thus relating to a coarser spatial resolution. For example, 

the well-known most critical input precipitation data to Noah model were 

CAMP precipitation at 2.5° spatial resolution followed by spatial and 

temporal downscaling procedures (Wang et al., 2011). The precipitation 

used may be inappropriate to capture the rainfall of river basins with 

smaller size. The soil water holding capacity of layered soils is known to 

be a very sensitive calibration parameter also. The values for several 

parameters in the default global model may be inappropriate to represent 

local situation of the poorly gauged Lake Tana Basin. In addition, notable 

errors in the Noah modelled outputs have been reported for several river 

basins (Huang et al., 2013; Zaitchik et al., 2010). The above issues reduced 

our confidence in the accuracy of the Noah soil moisture data for Lake 

Tana Basin.  For deep percolation, the partition of annual deep percolation 

obtained from long-term average values reported in literature into monthly 

values may also be inappropriate and introduce errors.  

 

Since no other data on soil moisture storage changes and deep percolation 

were available, we attempted to check whether there are some solutions to 

calibrate such combined soil moisture storage changes and deep 

percolation data (i.e. the total water storage changes in this study). The 

hypothesis is that the uncertainty in the total water storage changes to be 

solely responsible for all the discrepancy between estimated and measured 

runoff for the two gauged catchments. For each catchment, we adjusted the 

total water storage changes to let estimated runoff match the measured 

runoff exactly. Then the original and adjusted total water storage changes 

values were compared to check whether a common calibration process 
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could be determined. The adjusted total water storage changes appeared to 

be well correlated with the original values (see Figure 6.3). The linear 

fitting of adjusted and original total water storage changes (Figure 6.3) for 

the two catchments showed large differences in both slope and offset 

values. The diversity in slope and offset values prohibits inferring one 

single calibration factor to adjust the original total water storage changes 

values for all catchments. Despite that it is known that the total water 

storage changes values are inappropriate, it was unavoidable to use the 

original total water storage changes (soil moisture storage changes plus 

deep percolation) values to estimate the total runoff flowing from the 

catchment into Lake Tana. 

 

Table 6.1 summarizes the annual water balance components for the whole 

land area surrounding Lake Tana Basin for the year 2006. Note that the 

lake surface area is dynamic and varies with water level. Hence, the land 

area becomes a variable of the equation.  The average land area is 12050 

km
2
 as shown in Table 6.1. The total annual precipitation is 1637 mm/yr. 

For the year 2006, the total evapotranspiration rate over land was 651 

mm/yr. Hence the rainfall surplus was 970 mm/yr, being a rather high 

number. The positive soil moisture change was 97 mm/yr due to 

incremental water in the root zone. After the deep percolation correction of 

326 mm/yr, the total surface runoff from the surrounding catchments into 

the lake was estimated to be 564 mm/yr.  

 

Figure 6.4 shows the time-series of monthly precipitation, actual 

evapotranspiration, soil moisture storage changes, deep percolation and 

derived runoff averaged over the whole land area of Lake Tana Basin. 

After knowing that monthly runoff estimates from the Gilgel Abay and 

Gumara catchments (Figure 6.3) are poor due to poor values of total water 

storage changes, we did not expect the monthly estimated runoff for the 

entire land area to be satisfactory. As shown in Figure 6.4, in the first four 

months the estimated runoff values were small negative values ranging 

from -2 mm/month in January to -26 mm/month in April. The outflow 

towards the lake is virtually zero during this period, but withdrawals for 

irrigation, domestic and industrial water purposes take place. Hence a net 

transfer of water resources from the lake area towards the surrounding 

catchments takes place. Similar to the two gauged catchments, the 

estimated runoff peaked in July when the maximum precipitation occurred. 
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The runoff should peak in August according to the long-term trend analysis 

by Kebede et al. (2006). In their study, the long-term average monthly lake 

inflow values were very close to zero for dry months January-May, but 

they do not report on withdrawing irrigation water to the fringe area with 

crop surfaces. The monthly estimated runoff values in the unit of depth 

(mm/month) were multiplied with the corresponding land areas to convert 

to the volumetric values (10
6
 m

3
/month). The volumetric runoff values 

were then used as the total lake inflow for analysis of the water balance of 

Lake Tana.  

 

Figure 6.2 Monthly estimated and measured runoff over two gauged 

catchments Gilgel Abbay and Gumara for the year 2006. After adjusting 

combined soil moisture storage changes and deep percolation (i.e. the total 

water storage changes), the estimated runoff would match exactly the 

measured runoff. 

 

Figure 6.3 Scatterplots of adjusted and original monthly total water 

storage changes (soil moisture storage changes plus deep percolation) for 

Gilgel Abay and Gumara catchments. No coherent correction factor could 

be found that is matching both datasets. 
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Figure 6.4 Monthly values of water balance components averaged over the 

whole land area of Lake Tana Basin for the year 2006. 

 

Figure 6.5 Cumulative values of monthly estimated total outflow and 

measured outflow from Lake Tana in 2006.  

 

Table 6.1 The annual water balance components averaged over two 

gauged catchments (Gilgel Abbay and Gumara) and the entire land areas of 

Lake Tana Basin for the year 2006 

Water balance component Gilgel Abay Gumara Whole land area 

Area (km
2
) 1656 1279 12050 

Precipitation (mm/yr) 2180 1638 1637 

Evapotranspiration (mm/yr) 546 573 651 

Soil moisture storage changes (mm/yr) +116 +74 +97 

Deep percolation (mm/yr) 54 74 326 

Estimated Runoff (mm/yr) 1464 916 564 

Measured Runoff (mm/yr) 1468 951 not measured 
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Table 6.2 Monthly water balance components of Lake Tana for the year 

2006. The unit is mm/month.   

Months  
Lake 

Inflow  

Lake 

Precipitation  

Lake 

Evaporation  

Change in 
storage over 

time  

Estimated 
total 

outflow 

Measured 

outflow 

Other 

outflow 

January -7 12 141 -224 88 73 15 

February -36 50 121 -252 144 62 82 
March -94 45 133 -252 70 73 -2 

April -102 83 127 -272 126 77 49 

May 110 127 139 -128 226 81 145 
June 192 246 138 64 236 81 154 

July 630 389 155 570 293 87 206 

August 435 286 160 990 -429 137 -567 
September 505 182 146 429 112 405 -292 

October 462 120 145 -106 544 231 314 

November 43 74 138 -157 136 141 -5 
December 88 38 144 -229 211 120 91 

 

Table 6.3 Annual water balance components of Lake Tana for the year 

2006 

Water balance components Depth (mm/yr) Volume (10
6
 m

3
/yr) 

Inflow 2226 6788 

Precipitation 1652 5014 

Evaporation 1688 5138 

Change in storage +432 +1320 

Estimated total outflow 1757 5343 

Measured outflow 1566 4789 

Other outflow 191 554 

 

6.4.2 Water balance of Lake Tana 

The monthly water balance components of Lake Tana for the year 2006 are 

summarized in Table 6.2. The measured outflow data from a station is also 

included. The large discrepancy between them can be observed as reflected 

in the “other outflow” column, and the difference between them ranged 

from -567 mm/month in August to 314 mm/month in October. Figure 6.5 

shows cumulative monthly estimated and measured outflow. Although the 

possible errors are other outflows such as (i) irrigation, (ii) domestic water, 

(iii) industrial water, (iv) hydropower and (v) deep percolation, the 
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uncertainty in monthly total water storage changes causing the poor 

estimates of lake inflow was most likely to be the main reason for the large 

discrepancy between estimated and measured outflow.  

 

As mentioned in Section 6.3.6, some earlier published water balance 

studies pointed out that some diversion of water from Lake Tana may not 

reach the river gauge station. For irrigation, SEMC (2008) mentioned that 

a total area of 250-300 km
2
 were cultivated around Lake Tana when the 

floodwater receded at the time of their report. Our following analysis 

supported the possibility of irrigation in Lake Tana Basin during dry 

months. The detailed delineation of irrigated area can be achieved by 

performing the land use and land cover classification based on satellite 

imagery data. A rather simple procedure was used to roughly estimate the 

possible area of irrigated area. We checked the 1 km spatial resolution 

NDVI maps from SPOT satellite data during the dry months January-April 

when precipitation was less than 50 mm/month (Figure 6.2). Some areas 

around the Lake Tana (southwestern, eastern and northern parts) and some 

areas scattered in the south part of the Lake Tana Basin showed 

consistently higher NDVI values than surrounding areas. A threshold value 

for NDVI of 0.32 was used for the NDVI map in March to identify such 

areas, and 314 pixels (about 314 km
2
) were identified with NDVI values 

higher than the predefined threshold. Such pixels were overlaid on Google 

Earth which has high resolution, to double check the corresponding area is 

croplands or forest. After ruling out the apparent non-croplands and 

considering the pixel mixture issue (one pixel cover a 1 km
2
 area which 

certainly contains a mixture of different land covers), a magnitude of 150 

km
2 

seems to be a rough number for the irrigated area. The number of 

irrigated areas is expected to grow because large irrigation development 

projects are proposed and parts of them are under construction in the Lake 

Tana Basin (SEMC, 2008). 

 

Annual water balance components of Lake Tana for the year 2006 are 

summarized in Table 6.3. The annual total lake inflow was 6788 10
6
 m

3
/yr. 

Note that the lake surface area varied for each month. The average surface 

area of Lake Tana for the year 2006 was 3044 km
2
. The lake surface area 

was used to convert water volumes to the unit of depth. The annual total 

lake inflow was 2226 mm/yr. There was an increase of 1320 10
6
 m

3
/yr in 

the lake water storage due to the relatively large inflow by abundant 
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rainfall. The water level of Lake Tana increased by 432 mm/yr. The 

estimated total outflow from the water body was 1757 mm/yr, assuming 

that no other water outlets exist in the basin. The measured outflow at a 

station was 1566 mm/yr. The difference between the estimated total 

outflow and measured outflow was 191 mm/yr, accounting for 12% of 

measured lake outflow. Considering that the accuracy of discharge 

measurements is generally within 20%, the estimated annual outflow can 

be considered to be quite satisfactory. 

 

6.5 Summary and conclusions 

 

In this study, the water balance of Lake Tana and its surrounding 

catchments was assessed using satellite and routine weather measurements 

with public domain data for a wet year 2006. The newest remote sensing 

technologies on precipitation, lake water volume changes, heat storage 

changes and lake evaporation presented in preceding chapters have been 

used. The measured outflow was available for two gauged catchments and 

Lake Tana. The inflow into Lake Tana was estimated as the surface runoff 

from all catchments draining into the lake area. It can be concluded that 

both estimates of annual runoff from ungauged catchments and annual lake 

outflow were satisfactory but that the breakdown into monthly values was 

inadequate. The analysis demonstrates that the month-to-month variations 

of soil moisture in the unsaturated zone and groundwater in the saturated 

zone are causing significant retention and buffering processes that need to 

be understood very precisely to make predictions of outflow from lakes 

and reservoirs feasible.   

 

GRACE can provide integrated total water storage changes, but the coarse 

resolution of GRACE hampers the meaningful application in the relatively 

small-sized Lake Tana Basin. The total water storage changes over land 

area were quantified using the coarse resolution of GLDAS Noah soil 

moisture data and long-term average deep percolation values from 

literature. Such quantification appears to be inappropriate at monthly 

timescale. Therefore, it seems better to use local rainfall-runoff models (e.g. 

HBV, SWAT, FLEX-Topo (Savenije, 2010; Gao et al., 2014) and 

SUPERFLEX (Fenicia et al., 2011)) rather than a global model output to 
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sufficiently account for soil moisture storage changes for the entire 

unsaturated/saturated zone and simultaneously estimate deep percolation. 

The value of 326 mm/yr for the annual deep percolation averaged over the 

whole land area of Lake Tana Basin appears to be large. The use of this 

value however resulted in a reasonable runoff (also lake inflow) and other 

studies also support significant deep percolation processes in the Blue Nile 

Basin (Betrie et al., 2011; van Griensven et al., 2012; Gebremicael et al., 

2013; Bastiaanssen et al., 2014). 

 

This study investigated only one wet year. More years with reliable 

measurements are needed to be investigated to better understand the water 

balance of Lake Tana and its surrounding catchments. The validity of the 

measurements in the upper Blue Nile Basin was somewhat questioned by 

Uhlenbrook et al. (2010). They pointed out the need for additional 

measurements and better methods to confirm the quality and validity of 

measurements. The good news is that a new research program in the Blue 

Nile has already been initiated for this purpose. Hopefully more reliable 

measurements (e.g. outflow) in Lake Tana can be available to gain more 

confidence in evaluating new methods. This chapter demonstrates that the 

availability of high accurate precipitation, land evapotranspiration, lake 

water volume changes, lake heat storage changes and lake evaporation 

information from open access earth observation datasets and routine 

weather measurements, provides more insights in the hydrological 

processes.   
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7 
7 Conclusions and future research 

 

 

7.1 Conclusions 

 

This Ph.D. study explores the use of satellite remote sensing to estimate the 

key water balance components of lakes and reservoirs. The Appendix lists 

some relevant open-access databases. Five main research questions were 

formulated for this Ph.D. study. The questions are dealt with below. 

 

(1) Is it possible to obtain improved satellite precipitation estimates at 1 

km resolution through an integrated downscaling and calibration 

procedure? 

 

Gauged and ungauged inflow to lakes and reservoirs as runoff from 

surrounding catchments, is a great challenge to model. A first priority for 

runoff estimates is an assessment of area-integrated rainfall. In Chapter 2, a 

new integrated downscaling–calibration procedure of the freely accessible 

Version 7 of TRMM 3B43 product (at 0.25° resolution) was developed, in 

conjunction with limited rain gauge data sets. Downscaling in this context 

refers to spatial disaggregation of precipitation from about 25 km x 25 km 

to 1 km x 1 km resolution. Monthly pixel-based precipitation data at 1 km 

spatial resolution was estimated. The spatial downscaling from 0.25° to 1 

km grids was achieved by using site-specific non-linear relationships 

between annual precipitation and annually averaged NDVI (Normalized 

Difference Vegetation Index). The calibration was based on Geograhical 

Difference Analysis (GDA) and Geographical Ratio Analysis (GRA). No 
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clear relationship between precipitation and terrain elevation could be 

identified, and NDVI data from SPOT-Vegetation was used instead. 

 

The new downscaling-calibration procedure was tested for Lake Tana 

Basin in Ethiopia with a humid climate and for the Caspian Sea Region in 

Iran with a semi-arid climate. The best 1 km annual precipitation data were 

achieved through downscaling followed by GDA calibration for most cases. 

The monthly fractions derived from the un-calibrated TRMM 3B43 

product can be used to disaggregate 1 km annual precipitation to 1 km 

monthly precipitation. The disaggregated 1 km monthly precipitation has 

not only significant improved spatial resolution, but also good agreement 

with rain gauge data. A similar calibration procedure, using rain gauges at 

monthly time scale, did not improve the level of performance. Hence, it 

was concluded that it is better to focus on the annual scale for downscaling 

and calibration of rainfall. This study demonstrated that through integrated 

downscaling and calibration, it is feasible indeed to generate improved 1 

km resolution annual and monthly precipitation data for basins and regions 

with complex topography. 

 

(2) Is it possible to derive the water volumes of lakes and reservoirs using 

only satellite measurements without any in-situ data? 

 

Water levels in lakes and reservoirs reflect the changes of water storage 

and the availability of water for distribution among competing water user 

sectors. Water levels can currently (last verified on May 16, 2014) be 

downloaded from four different satellite altimetry databases. As described 

in Chapter 3, the data were firstly collected for three lakes/reservoirs with 

different characteristics, i.e. Lake Mead (U.S.A), Lake Tana (Ethiopia) and 

Lake IJssel (The Netherlands). The availability of water level data for a 

specific lake/reservoir differs for the four satellite altimetry products, due 

mainly to the size of the water bodies and the interests of the host 

organization of the databases. All four products provided water levels of 

Lake Tana. Satellite altimetry products were in good agreement with in-

situ water levels for Lake Mead (R
2
=0.99, RMSE=0.35~0.64 m) and Lake 

Tana (R
2
>0.94, RMSE=0.11~0.16 m). Lake IJssel has a very small 

seasonal water level fluctuation (about 0.2 m), and the signal to noise ratio 

is not favorable leading to low accuracies in the assessment of the water 
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levels. Level fluctuations of 0.5 m may be required for a satisfactory 

accuracy level, but the accuracy of satellite altimetry data also depends on 

various factors. 

 

Satellite altimetry products were combined with Landsat TM/ETM + 

imagery data to estimate the water volume variations for Lake Mead and 

Lake Tana. The surface areas were derived from Landsat images using the 

Modified Normalized Difference Water Index (MNDWI) method. The 

accuracy of estimated surface areas was satisfactory with RMSE within 5% 

of the mean in-situ surface areas as derived from bathymetric surveys. The 

lowest water level captured in satellite altimetry products over the long-

term can be used as a reference level for water volume estimation above 

this historic low level. All water levels from satellite altimetry products 

were converted to the Water Level Above the Lowest Level (WLALL). 

Subsequently, functional relationships of the surface area-WLALL and 

Water Volume Above the Lowest water Level (WVALL)-WLALL were 

established. The WVALL–WLALL relationships are site-specific and 

database-specific and can be used to convert water levels from the four 

databases directly into water volumes above the identified minimum levels 

for the same lake. 

 

All estimated water volumes agreed well with in-situ water volumes for 

both Lake Mead and Lake Tana, with R
2
 higher than 0.95 and RMSE 

ranging between 4.6 and 13.1% of corresponding mean value of in-situ 

measurements. This proposed method was also tested by other researchers 

and shown to generate reasonable water volume estimates for Lake Nasser 

(Egypt-Sudan) and Roseires Reservoir (Sudan) with R
2
 of 0.94 and RMSE 

within 10-23% when compared with in-situ water volumes. Therefore, it 

can be concluded that it is feasible to estimate water volume variations 

using only freely available satellite data for lakes and reservoirs. It should 

be noted that the estimated water volumes pertain to the  water volume  

above a certain reference level, and that dead storage should be added to 

obtain the total amount of water stored (minus a correction for 

sedimentation). The reference level is the lowest water level monitored 

from satellite altimetry during a long-term period. 

 



Estimating water balance components of lakes and reservoirs 

168 

(3) Is it possible to estimate the heat storage changes in lakes and 

reservoirs using easily available data? 

 

Evaporation is an important component of the water and energy balance of 

lakes and reservoirs. The widely considered surface energy balance 

combination methods for estimating open water evaporation requires the 

heat storage changes (Qt) term to be known. In Chapter 4, we investigated 

the feasibility of estimating Qt from net radiation (Rn). After a 

comprehensive literature review and analysis of 22 lakes and reservoirs 

(the mean depth ranges from 3 m to 313 m, and surface area ranges from 

0.002 km
2
 to 82000 km

2
), a linear Qt (Rn) model with a hysteresis function 

to describe seasonal warming and cooling effects was developed (Qt 

=a*Rn+b+c*dRn/dt). This newly developed hysteresis model fitted the 22 

independently gathered bi-weekly and monthly datasets satisfactory when 

the three coefficients (a, b and c) were determined using local measured 

flux data. We further developed predictive models for the coefficients a, b 

and c using net radiation and water surface temperature measurements. The 

coefficient c appeared to be strongly related to two water surface 

temperature (T0) characteristics: the range (T0-Range) and the standard 

deviation (T0-STD). The coefficients a and b showed weaker correlations 

with their best explanatory variables, and were estimated in a different 

manner. 

 

Considering the fact that short-wave solar radiation (Rs) can be estimated 

accurately from satellite data and that there are many open-access 

databases of Rs, the simple Slob’s equation for Rn developed for land 

surfaces, was tested for open water bodies. It was found that the simple 

Slob’s equation, when used with an albedo of 0.05 and a default coefficient 

of 110 W m
-2

 for bulk net longwave radiation for lakes and reservoirs, 

performed reasonably well. Therefore, this study demonstrated the 

feasibility of estimating bi-weekly and monthly heat storage changes for 

lakes and reservoirs using net radiation and water surface temperature, 

both of which can be estimated from satellite observations. 
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(4) Can the newly developed method for heat storage changes improve 

modelling of evaporation from lakes and reservoirs?  

 

In Chapter 5, the effect of the estimated Qt values using the developed 

hysteresis model on the evaporation estimates for lakes and reservoirs is 

described for Lake Tahoe (U.S.A), Lake Kinneret (Israel), Lake Mendota 

(U.S.A), Lake  Nojiri (Japan) and Lake Vegoritis (Greece). The 

performance of three energy balance-based evaporation models was 

evaluated: the De Bruin-Keijman (DK), Penman, and Duan-Bastiaanssen 

(DB) models. The DB model is a new energy balance residual model based 

on an Ohm-type parameterization of sensible heat flux with standard 

coefficients for the aerodynamic characteristics of the water surface. A 

general linear relationship between water surface temperature and air 

temperature is the basis for the DB model. The three evaporation models 

were evaluated with the fitted three coefficients of the hysteresis model. 

 

The evaluation showed that Qt should not be ignored, because a zero value 

for Qt results in a very poor evaporation estimate at a monthly timescale. 

Using the estimated Qt significantly improved monthly evaporation 

estimates compared to estimates where Qt was ignored. Considering the 

fact that Qt can rarely be derived from in-situ measurements, the developed 

hysteresis model is an easy and practical way of estimating Qt and to 

improve evaporation modelling at bi-weekly and monthly timescales. At 

shorter time scales, heat storage processes are too complex for a simple 

approximation. Hence, lake evaporation at the daily scale could hardly be 

modelled with sufficient accuracy for deeper lakes. 

 

It was also found that the DK model requiring minimum input, but 

generally performed best for the tested five lakes. For two lakes, the new 

DB model ranked second, followed by the classical Penman model. This 

suggests that the Penman model, used widely in regional and global scale 

hydrological studies, should be evaluated more critically.  

 

Combining the findings of Chapter 4 and 5, a practical conclusion is that 

the magnitude of Qt would be more pronounced for lakes and reservoirs 

which have greater standard deviation in annual cycles of water surface 

temperature. Since the linear relationship between water surface 
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temperature and air temperature is generally valid for many lakes and 

reservoirs, the standard deviation of routinely available air temperature 

data could be used as an indicator of the possible significance of Qt. 

 

(5) Can we predict the outflow from lakes and reservoirs from routinely 

and accessible earth observation databases? 

 

The water balance components of poorly gauged Lake Tana (Ethiopia) in a 

wet year 2006 were quantified using a combination of the techniques: (i) 

downscaled and calibrated rainfall from TRMM in combination of NDVI 

from routine optical imagery, (ii) water levels from satellite altimetry, (iii) 

water surface areas from satellite imagery with MNDWI method, (iv) 

magnitude of intra-annual heat storage changes from surface temperature 

and net radiation, (v) the Slob’s equation of net radiation and (vi) land 

evaporation from existing energy balance models that were not further 

investigated in this thesis. I specifically investigated whether the outflow 

from Lake Tana can be estimated as the residual of the lake water balance 

with sufficient accuracy compared to the measured lake outflow data. The 

total lake inflow was estimated as the runoff from the land area using a 

water balance with quantified precipitation, actual evapotranspiration and 

total water storage changes. Comparison with measured lake outflow 

showed that the estimated lake outflow was satisfactory (12% higher than 

the measured outflow) at annual but not at monthly timescales mainly due 

to the uncertain water storage changes underground.   

 

A recent review by Karimi and Bastiaanssen (2014) showed that satellite 

based methods are able to produce reliable evapotranspiration fluxes over 

land surfaces with a mean absolute error of 5.4%. This further increases 

confidence in using satellite evapotranspiration data to calibrate rainfall-

runoff models for better parameter estimation and runoff estimation. 

Because of the improved estimates of catchment scale precipitation and 

evapotranspiration rates, it became apparent that percolation to deeper 

geological layers occurs in Lake Tana Basin; something that has been 

mentioned by several international researchers before, but could be proven 

due to the lack of in-situ data. Remote sensing provides new data and 

significantly reduces the degrees of freedom to calibrate the water balance 

of the ungauged catchments.  
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There is a need for a local rainfall-runoff model to account for total water 

storage changes (soil moisture storage and groundwater storage changes) at 

monthly and shorter timescales. Without such numerical addition, the 

inflow into the lake cannot be estimated with the required accuracy at 

monthly time steps and smaller. 

  

Hence, the answer to Question (5) is not overall positive. While the 

uncertainty of many hydrological processes has been reduced, there seem 

to remain unresolved issues about (i) water storage changes in the deeper 

underground of catchments surrounding lakes and reservoirs; in 

combination with (ii) deep percolation from both unsaturated soil as well 

as from surface water ponding, especially during seasons with above 

average rainfall. This requires more independent research into the soil 

moisture and groundwater dynamics, better understanding and 

quantification of such dynamics is anticipated by the new satellite gravity 

missions, modelling and assimilation systems with improved accuracy and 

spatial resolution. The groundwater inflow and outflow from Lake Tana 

were assumed negligible in this study following numerous previous studies; 

however, the uncertainty caused by such an assumption is needed to be 

quantified by an independent assessment of lake-groundwater interactions 

in future studies. 

7.2 Future research 

7.2.1 Satellite precipitation products 

Satellite precipitation products generally still have large uncertainties. In 

addition, the current spatial resolution of various available satellite 

precipitation products is still too coarse for studies at small basin scales. 

Therefore, there is need for new retrieval algorithms and assimilation 

methods to reduce the uncertainty of satellite precipitation products and 

improve the spatial resolution. Local calibration of satellite precipitation 

products with ground-based rainfall gauge data is needed to improve the 

accuracy of precipitation data. Before local calibration, the classical scale 

mismatch issue (large pixel size vs. point-based rain gauges) should be 

reduced by improving spatial resolution of satellite precipitation data 

through downscaling and spatial disaggregation procedures. Chapter 2 of 

this thesis demonstrates the promising value of NDVI for spatial 

downscaling in semi-arid and humid areas, following other international 
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finding on the same topic. This downscaling procedure requires further 

evaluations in more study areas, as basins with lower correlation between 

NDVI and precipitation are very likely to exist. The drawbacks of the 

NDVI-based downscaling procedure identified in Chapter 2 also highlight 

the need for new downscaling procedures especially for short timescales. 

More variables relating to precipitation especially cloud information are 

needed to be explored and incorporated into the downscaling procedures. 

Since the relation between precipitation and its controlling variables are 

complex and non-linear, the advanced geostatistical models and machine 

learning algorithms such as artificial neural networks (ANN) and support 

vector machines (SVM) are recommended to deal with the complex non-

linear interactions. The newly launched Global Precipitation Measurement 

(GPM) mission in February 2014 is expected to boost the development of 

more accurate global precipitation products. 

 

7.2.2 Satellite altimetry 

Chapter 3 found that the water levels from satellite altimetry databases 

were in poor agreement with measured data for Lake IJssel with its very 

small seasonal fluctuation (about 0.2 m). The exact reasons for the poor 

results of Lake IJssel should be investigated using raw satellite altimetry 

data in more depth in future studies. Birkett and Beckley (2010) already 

pointed out the need for studying more lakes/reservoirs with small 

fluctuation (<0.5 m) in order to test the performance of satellite altimetry. 

Such studies will show whether Lake IJssel is an exceptional case with 

poor results or whether the results reflect the general limitation of satellite 

altimetry for lakes with such small fluctuation.  

 

Nearly all current satellite altimetry missions are designed for oceans and 

icecaps, not for land applications. The various waveforms re-tracking 

algorithms, corrections and other post-processing procedures may not 

produce optimal accurate water level information for inland water bodies. 

Therefore, dedicated algorithms and corrections should be developed to 

improve water level estimates for lakes and reservoirs. Such optimized 

post-processing procedures have been developed by the French 

government space agency (CNES) funded project PISTACH (Prototype 

Innovant de Systeme de Traitement pour les Applications Cotieres et 

l'Hydrologie) to improve Jason-2 satellite radar altimetry products over 
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coastal areas and continental waters. The PISTACH have shown good 

performance in Lake Eildon (Jarihani et al., 2013). It would be interesting 

to evaluate the PISTACH data for more lakes including Lake IJssel in 

future studies.  

 

Currently all satellite altimeters are nadir-viewing and thus they can only 

measure lakes and reservoirs on their swath without the capability of 

global coverage. Spatial coverage of satellite altimetry is expected to be 

improved by new satellite systems. For example, the SENTINEL-3 

mission with better spatial resolution is planned to be launched in 2015, 

and it can increase the spatial coverage of satellite altimetry to provide 

altimetric measurements for small lakes and narrow rivers 

(https://earth.esa.int/web/sentinel/missions/sentinel-3). In addition, the new 

wide-swath altimetry mission Surface Water Ocean Topography (SWOT) 

is planned to be launched in 2020. It will be the first mission to cover all 

Earth's lakes and reservoirs, rivers and oceans at least twice every 21 days 

(https://swot.jpl.nasa.gov/). More comprehensive evaluation and 

integration of satellite altimetry data into hydrological studies of lakes and 

reservoirs would be expected in future studies.  

 

The temporal sampling rate of current satellite altimetry (10, 17 or 35 days 

for radar altimetry missions, campaign mode for laser altimetry ICESat) 

and the future SWOT mission is still a major limitation compared to the 

daily or finer temporal resolution of in-situ gauges (Calmant et al., 2008). 

In addition, maintaining long-term data continuity is a challenge for some 

satellite altimetry missions. For example, the laser altimetry ICESat can 

only provide data from 2003 to 2009, while the ICESat-2 is planned to be 

launched in 2016, resulting in a multiple-year data gap needed to be filled 

by other missions. With respect to the poor temporal resolution for some 

large lakes overflown by multiple altimeter satellites or multiply tracks, it 

is possible to combine various missions or track data to improve the 

temporal resolution. However, the challenge is that inter-missions biases 

should be removed and a common reference/datum should be used before 

combining data from different missions into a consistent time-series. 

Therefore, there is a need for new technologies and advanced satellite 

altimetry missions that can provide water level information at higher 

temporal resolution on a continuous long-term basis. Similar needs for 

satellite altimetry with improved resolution and accuracy are required to 

https://earth.esa.int/web/sentinel/missions/sentinel-3
https://swot.jpl.nasa.gov/
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measure water levels of rivers for improved understanding of flood 

predictions and estimation of river discharge. 

 

7.2.3 Heat storage changes and lake evaporation  

The heat storage changes term is an important component in the energy 

balance of water bodies. However, in the literature there are still a large 

number of studies that simply used the original Penman equation without 

the heat storage changes term to estimate lake evaporation. Global 

hydrology models usually also ignore heat storage changes. The difficulties 

in measuring heat storage changes at daily and weekly time scales, is an 

operational constraint to the management of reservoirs.  

 

The number of lakes and reservoirs on which the hysteresis model was 

developed was limited. It was attempted to collect more data from the 

international literature to enlarge the database for model development and 

testing. More contact with international Global Energy and Water 

Exchanges Project (GEWEX)-related type of working groups need to be 

established. Once the dataset is enlarged, the estimation procedure can be 

tested and refined for more lakes and reservoirs. Furthermore, the 

FLUXNET collects flux data mainly for land surfaces. A similar network 

is needed to collect and share long-term measurements of energy flux, 

evaporation and water temperature profiles (heat storage change) 

specifically for a range of open water bodies. Flux and evaporation 

measurements are ideally required to be made over water surfaces rather 

than at the edges. With such networks and databases, a more 

comprehensive evaluation and development of existing and new methods 

for evaporation and heat storage changes can be established.  

 

Besides waiting for more in-situ measurements to be published and shared 

with the public, actions can be taken to create more datasets by exploring 

the potential of hydrodynamic models. Various hydrodynamic models have 

been developed and showed the capability to simulate the vertical 

distribution of temperature and thermal structures in lakes and reservoirs. 

Some example hydrodynamic models include the one-dimensional 

DYRESM (Weinberger and Vetter, 2012) and Flake (Rooney and Jones, 

2010) models; the two-dimensional CE-QUAL-W2 model (Boegman et al., 
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2001); the three-dimensional CH3D-Z model (Kim et al., 2006) and GEM 

model (Huang et al., 2010). The simulated water temperature profile data 

can be used to calculate the heat storage changes. New measurement 

techniques (e.g. Distributed Temperature Sensing, DTS, van de Giesen et 

al., 2012) with lower costs are required to facilitate operational 

measurements of important variables over water surface and within a lake 

in the future. 

 

7.2.4 Lake inflow 

 

The total water storage changes can be quantified by the GRACE (Gravity 

Recovery And Climate Experiment) mission at monthly scales since 2002. 

However, the current coarse resolution of GRACE precludes its 

meaningful application to relatively smaller basins. Therefore, new gravity 

satellites and techniques are needed to provide more accurate total water 

storage changes at higher spatial and temporal resolution. In this respect, 

improvements are expected with the new satellite mission GRACE Follow-

On which is planned to be launched in 2017 (http://grace.anu.edu.au/). 

Alternatively, four land surface models (CLM, Mosaic, Noah and VIC) 

within the Global Land Data Assimilation System (GLDAS) (Rodell et al., 

2004) can provide simulated output on land surface state (e.g. soil moisture 

and surface temperature) and flux (e.g. evaporation) at the spatial 

resolution of 1° (the Noah model outputs are also available at 0.25° 

resolution) and the temporal resolution of 3-hourly and monthly. More 

comprehensive evaluations of simulated outputs and improvement in 

accuracy and resolution are needed to increase the confidence in estimating 

runoff or lake inflow for poorly gauged or ungauged basins with relatively 

small size. In addition, currently all four models within GLDAS exclude 

groundwater systems. Hence, there is a need for independent reliable 

global groundwater estimates through measurements, modelling and 

assimilation techniques.  

 

Improved runoff (lake inflow) estimates are expected by running local 

rainfall-runoff models (e.g. HBV, SWAT, FLEX-Topo (Savenije, 2010; 

Gao et al., 2014) and SUPERFLEX (Fenicia et al., 2011)) for Lake Tana 

Basin and other basins. These models should explore satellite-based 

http://grace.anu.edu.au/
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estimates of precipitation and evapotranspiration data for calibration 

purposes. 
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Appendix  
 

Some open access databases pertaining to the water balance components of 

lakes and reservoirs 

 

Components Relevant variables Databases Links 

Pland & Plake Precipitation TRMM http://trmm.gsfc.nasa.gov/data_dir/data.ht

ml  
CMORPH http://www.cpc.ncep.noaa.gov/products/j

anowiak/cmorph_description.html  

PERSIANN http://chrs.web.uci.edu/persiann/data.html
  

ETland Evapotranspiration MODIS product 

MOD16 

http://www.ntsg.umt.edu/project/mod16  

MSG ET product http://landsaf.meteo.pt/  

GLDAS output http://disc.sci.gsfc.nasa.gov/services/disc/
services/grads-gds/gldas  

Sland Total water storage 

changes 

GRACE http://www.csr.utexas.edu/grace/  

Soil moisture GLDAS output http://disc.sci.gsfc.nasa.gov/services/disc/

services/grads-gds/gldas  

Surface soil moisture ESA-CCI data http://www.esa-soilmoisture-cci.org/  
Vlake & Alake Water level GRLM http://www.pecad.fas.usda.gov/cropexplo

rer/global_reservoir/  

River and Lake 
RLA & RLH 

http://tethys.eaprs.cse.dmu.ac.uk/RiverLa
ke/shared/main  

Hydroweb http://www.legos.obs-mip.fr/soa/hydrolo

gie/hydroweb/  
GLAS/ICEsat http://nsidc.org/data/icesat/  

Surface area Landsat http://landsat.usgs.gov/  

Elake Radiation ERBE http://science.larc.nasa.gov/erbe/  
GLASS product http://glcf.umd.edu/data/dssr/  

MSG product http://landsaf.meteo.pt/  

Surface temperature MODIS product 
MOD11 

http://modis-land.gsfc.nasa.gov/temp.htm
l  

MSG product http://landsaf.meteo.pt/  

Wind speed QuikSCAT/SeaWind
s 

http://manati.star.nesdis.noaa.gov/dataset
s/QuikSCATData.php  

Near-surface air 

temperature and 
specific humidity 

Multi-satellite 

products 

http://www.esrl.noaa.gov/psd/psd2/coasta

l/satres/archive.html  

http://trmm.gsfc.nasa.gov/data_dir/data.html
http://trmm.gsfc.nasa.gov/data_dir/data.html
http://www.cpc.ncep.noaa.gov/products/janowiak/cmorph_description.html
http://www.cpc.ncep.noaa.gov/products/janowiak/cmorph_description.html
http://chrs.web.uci.edu/persiann/data.html
http://chrs.web.uci.edu/persiann/data.html
http://www.ntsg.umt.edu/project/mod16
http://landsaf.meteo.pt/
http://disc.sci.gsfc.nasa.gov/services/disc/services/grads-gds/gldas
http://disc.sci.gsfc.nasa.gov/services/disc/services/grads-gds/gldas
http://www.csr.utexas.edu/grace/
http://disc.sci.gsfc.nasa.gov/services/disc/services/grads-gds/gldas
http://disc.sci.gsfc.nasa.gov/services/disc/services/grads-gds/gldas
http://www.esa-soilmoisture-cci.org/
http://www.pecad.fas.usda.gov/cropexplorer/global_reservoir/
http://www.pecad.fas.usda.gov/cropexplorer/global_reservoir/
http://tethys.eaprs.cse.dmu.ac.uk/RiverLake/shared/main
http://tethys.eaprs.cse.dmu.ac.uk/RiverLake/shared/main
http://www.legos.obs-mip.fr/soa/hydrologie/hydroweb/
http://www.legos.obs-mip.fr/soa/hydrologie/hydroweb/
http://nsidc.org/data/icesat/
http://landsat.usgs.gov/
http://science.larc.nasa.gov/erbe/
http://glcf.umd.edu/data/dssr/
http://landsaf.meteo.pt/
http://modis-land.gsfc.nasa.gov/temp.html
http://modis-land.gsfc.nasa.gov/temp.html
http://landsaf.meteo.pt/
http://manati.star.nesdis.noaa.gov/datasets/QuikSCATData.php
http://manati.star.nesdis.noaa.gov/datasets/QuikSCATData.php
http://www.esrl.noaa.gov/psd/psd2/coastal/satres/archive.html
http://www.esrl.noaa.gov/psd/psd2/coastal/satres/archive.html
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Lake Zifang, China 
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