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Abstract
The aim of this study is to evaluate the hydrological impacts of climate change on the water balance of Lake Tana in Ethiopia. Impact assessments are by downscaled General Circulation Model
(GCM) output and hydrological modeling. For A2 and B2 emission scenarios, precipitation, maximum and minimum temperature estimates from the HadCM3 GCM were used. GCM output was
downscaled using the Statistical DownScaling Model (SDSM 4.2). Impact analyses were applied for
three future time periods: early, mid and late 21st century. Over-lake evaporation is estimated by
Hardgrave’s method, and over-lake precipitation is estimated by inverse distance weighing interpolation, whereas inflows from gauged and ungauged catchments are simulated by the HBV hydrological model. Findings indicate increases in maximum and minimum temperature on annual
base for both emission scenarios. The projection of mean annual over lake precipitation for both
A2 and B2 emission scenarios shows increasing pattern for 21st century in comparison to the
baseline period. The increase of mean annual precipitation for A2 emission scenario is 9% (112
mm/year), 10% (125 mm/year) and 11% (137 mm/year) for the three future periods respectively.
B2 emission scenario mean annual precipitation shows increase by 9% (111 mm/year), 10% (122
mm/year) and 10% (130 mm/year) respectively for the three future periods. Findings indicate
consistent increases of lake storage for all three future periods for both A2 and B2 emission scenarios.
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1. Introduction

There is a growing consensus that climate change is a reality. Changes are reported for nearly all climatic zones
including humid equatorial zones but also seasonal arid tropical zones. Changes vary since climates are characterized by temporal and spatial unevenness [1] that, moreover, differs in extent. A number of studies report on
climate change in the upper Blue Nile in Eastern Africa and address aspects of hydrological impacts.
For hydrological assessments for catchment systems of regional scale (<1500 km2), modelling results of General Circulation Model (GCM) are not directly applicable due to the coarse resolution of the GCM model grid
elements that commonly is around 250 km × 250 km. Recently, [2] [3] studied climate change impact in Upper
Blue Nile by direct use of GCM outputs ignoring aspects of the course scale resolution. It is described that hydrological impacts of climate change on the Lake Tana water balance are not well explored [2] [3]. Recently, by
applying a perturbation downscaling approach of GCM outputs, [4] investigated the impact of climate change on
high rainfall and flow extremes for the Nyando River and Lake Tana catchments in the Upper Blue Nile basin,
Ethiopia. The result of their study indicated increases in temperature but did not indicate systematic increases or
decreases of rainfall besides changes in inter-annual variability.
The general objective of this study is to evaluate hydrological impacts of climate change on the water balance
of Lake Tana. This study assesses long-time series of in-situ measured precipitation (mostly rainfall), potential
evaporation, maximum and minimum temperature for five stations for the period 1981-2010. GCM outputs for
the A2 and B2 scenario are downscaled by SDSM 4.2 (see at http://www.sdsm.org.uk). We assess patterns of
SDSM output for the baseline period (1981-2010) and make projections for the time periods 2010-2039, 20402069 and 2070-2099. By this approach, results from downscaling can directly be used in hydrological modelling
to assess hydrological impacts on the water balance of Lake Tana.
In this study, climate change impact for Lake Tana basin area is assessed at monthly time step by using
downscaled GSM outputs that serve as input to hydrological models. We simulate the lake water balance for all
three time periods and assess the pattern of hydrological alteration by summing model-simulated stream-flow
from gauged and ungauged catchments, and by estimating over-lake precipitation and lake evaporation. In the
approach, the stream flow from ungauged catchments is estimated by the HBV (Hydrologiska Byrans Vattenbalansavdelning) hydrological model [5] using model parameters by a regionalization study in the Lake Tana basin
[6]. For the baseline period as well as the three future time periods windows the same HBV model parameters
are applied that as such remain unchanged.

2. Study Area and Data
Lake Tana occupies a wide depression in the Ethiopian plateau that covers an area of 3156 km2 in area. It is the
third largest Lake in the Nile Basin and largest lake in Ethiopia. It is approximately 84 km long and 66 km wide.
The water balance of the lake accounts all inflows and outflows in a given period. The term inflow refers to lake
precipitation and surface runoff from gauged and ungauged catchments to the lake. Outflow refers to evaporation and stream flow through the Blue Nile (Abay) River. Based on [7] the lake inflow is 1254 mm/year from
gauged catchments, 527 mm/year from ungauged catchments and 1347 mm/year from lake areal precipitation.
Lake evaporation was estimated at 1563 mm/year whereas river outflow was estimated at 1480 mm/year with an
overall lake water balance error of 85 mm/year. [8] suggests that Lake Tana historical water level variations are
related to reduction in dry season flows attributed to human and climate-induced changes.
Daily records of five meteorological stations and hydrological data were collected for Adet, Bahir Dar, Dangila, Debre Tabor and Gondar stations (see Figure 1) for the period of 1981-2010. Missing rainfall data was estimated by using the rainfall data at neighboring stations. Missing daily precipitation was estimated by using
arithmetic mean and normal ratio method based on the procedure proposed by [9]. Consistency of time series
data is analyzed based on double mass curve analysis. In such analysis a plot of two cumulative quantities that
are measured for the same time period should be consistent with their proportionality remain unchanged as indicated by the slope line (modified after [9]).

3. Methodology
The HadCM3 output for the A2a and B2a emission scenarios were statistically downscaled using the Statistical
DownScaling Model (SDSM) [10]. The downscaled climate variables are maximum and minimum temperature
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Figure 1. Lake Tana sub-basin with respective gauged catchments and meteorological stations.

and precipitation together with an estimated potential evaporation. The downscaled SDSM outputs were used as
input for the HBV hydrological model to assess climate change impact on the water balance of Lake Tana for
future time periods.

3.1. Statistical Downscaling
SDSM (version 4.2) was downloaded freely from http://www.sdsm.org.uk. It establishes statistical relationships
between output from GCM at large-scale (i.e. predictors) and observed data from local meteorological stations at
point scale (i.e. predictands) based on multiple linear regression techniques. The predictor variables of HadCM3
are available at grid element (i.e. box) basis and are freely downloadable from [11] at
http://www.cics.uvic.ca/scenarios/sdsm/select.cgi. Daily maximum temperature, minimum temperature and precipitation were downscaled following the procedure described in the section below that is adapted from the
SDSM 4.2 manual [10].
Predictand data quality control: Data collected from meteorological stations may not be 100% complete or
be accurate. In SDSM, quality control of time series data is a crucial step to handle missing or imperfect data.
For all meteorological stations, the quality of daily time series was checked to identify and to correct missing
and suspected values. Quality control also is applied for identifying possible outliers of predictands before
screening of the predictor variables.
Screening downscaling predictors: Its main purpose is to assist the user in the selection of appropriate
downscaling predictor variables. In [12] selection of predictors in SDSM is described that is an iterative process
and partly based on subjective judgment of the user’s.
In this study, predictors with relatively high partial correlation value, and a P-value less than 0.05 are selected.
According to [13], partial correlation is defined as “the correlation between two variables after removing the linear effect of the third or more other variables”. It is calculated using Equation (1) that shows that the partial
correlation between variable j and i controls the third variable k where Rij is correlation coefficient between j
and i:
Rij , k =

Rij − Rik R jk

(1 − R )(1 − R )
2
ik

(1)

2
jk

According to [14] the p-value is estimated by transforming the correlation “R” to establish a t-statistic with n
− 2 degrees of freedom (see Equation (2) below) and is used to eliminate any one of the predictors in partial
correlation method with the n number of observations.
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R

t=

1 − R2
n−2

(2)

A statistical test (i.e. t-test) is used to calculate the P-value, which is used to accept or to reject the hypotheses
that the two sets of data (i.e. observed and simulated) could have similar, or the same, statistical properties. Significant differences between the simulated and observed climate data may arise from errors in the observed data,
by model smoothing of the observed data or by random error.
High partial correlation values show strong association between predictor and predictand whereas small Pvalues indicate that the occurrence of this association is less likely by chance. The partial correlation statistics
and P-values show the strength of the association between predictor and predictand.
SDSM model calibration: By calibrating the SDSM, the downscaling model is build based on multiple linear
regression equations between daily predictand data (i.e., meteorological station data) and GCM predictor variables (i.e., GCM model outputs) (e.g. [15]). In this study calibration is done by using selected Screen Variables
and level of the variance in the local predictand of daily precipitation, maximum and minimum temperature of
Gondar, Bahir Dar, Debra Tabor, Aykel, Dangila and Adet stations data for the period 1981-2010. This 30 year
period has served as the baseline period for this study.
During model calibration, stepwise regression was applied for precipitation. For maximum and minimum
temperature, that in the approach was considered an unconditional process, the same regression technique was
applied. In stepwise regression, initially all predictors are included during predictor screening whereas during
the analysis the least significant terms are removed at every step. For unconditional processes, a direct link is
assumed between the predictors and predictand. For each station, the model calibration result is checked by visual inspection (i.e. frequency analysis output graphs of the model output versus the observed) and statistical
methods (i.e. statistical summary of model output versus observed) to evaluate the skill of the model to reproduce the scenario data.
According to [12] the calibration result of SDSM is exhibited with percentages of explained variance (see
Equation (3) below). The percentage of the explained variance ( %ev ) reads [16]:

∑ i=1 ( Si − O ) × 100
n
∑ i=1 ( Oi − O )
n

=
%ev

(3)

where Si is the simulated value for day i, Oi is the observed value at day i, O is the mean of the observations for the period and n is the number of days of the period of SDSM model run and the observed data. The
percentage of explained variance is used to describe the variations of the simulated data with respect to the mean
of the observations. It shows the extent to which the regional predictors determine the daily variations of local
predictands.
Scenario generation: The Scenario Generation process produces daily base data for maximum temperature,
minimum temperature and precipitation for the entire period 1981-2099 including the future time periods. Each
predictand is generated based on the calibration result and the daily atmospheric predictors of the HadCM3. The
calibration result is used based on assumption that predictor-predictand relationships under the current condition
remain valid under future climate conditions too.
For each emission scenario (B2 and A2), twenty ensembles of synthetic daily time series data were produced
for 139 years. The stochastic component of SDSM allows the generation of up to 100 ensembles, with ensemble
data that have the same statistical characteristics but vary on a day-to-day basis. Selection of only twenty ensembles is performed with a fair match between observed and simulated daily temperature and precipitation.
The twenty ensemble outputs are averaged for consistency and robustness to improve the performance of model
for the future time periods. The method was applied for three future time periods 2010-2039 (2020s), 2040-2069
(2050s) and 2070-2099 (2080s) and for the A2 and B2 emission scenarios. Precipitation, maximum and minimum temperature outputs were generated.

3.2. Over-Lake Precipitation and Evaporation
Over-lake daily precipitation for the period 1980-2010 was estimated by inverse distance weighting interpolation [17]. Four stations that are located close to the lake and one station on an island in the lake were selected.
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As indicated in [18], a weight power of 2 represents best spatial variability at daily time step. With increasing
distance from a station from the interpolation point, the weight function approaches zero. The station weight
functions are normalized and their sum is equal to one.
Since only little meteorological time series data is available, evaporation for the baseline period 1981-2010
and future time horizons (2011-2099) is calculated by Hargreave’s method [19] (see Equation (4)).

E=
0.0022 ∗ Ra ∗ δ ′T 0.5 ∗ (T + 17.8 )
rc
−2

(4)

−1

where: Ra is mean extra-terrestrial radiation [MJ∙m ∙d ], which is a function of the latitude f, δ ′T is temperature difference (i.e. mean monthly maximum temperature minus mean monthly minimum temperature for
the month of interest [˚C]) and T is mean air temperature [˚C]. Maximum and minimum temperature used for
future time periods were from SDSM. Hargreave’s method is selected by a wide consensus that the method
gives reasonable estimates of evaporation despite its low demand for input data.

3.3. Hydrological Impacts of Climate Change Modeling
For hydrological impact assessment the HBV-96 model [5] was selected. Calibration (1994-2000) and validation
(2001-2003) of the MATLAB coded model for all gauged and ungauged catchments is shown in [6]. The model
consists of subroutines for estimating actual evaporation, for soil moisture accounting and for runoff generation.
Its flexible structure allows creating sub-divisions with respect to sub-basins and climatic zone makes it suitable
for this study. It is possible to run, calibrate and validate the model separately for several sub-basins [20] and to
simulate runoff from the entire sub-basins.
The analysis of water balance is carried out at daily base for all three time horizons in future period each covering a non-overlapping 30-year period that are the 2020s (2011-2040), 2050s (2041-2070) and 2080s (20712100). The lake water balance equation used in this study reads:
∆S
= P + Qgauged + Qungauged − E − Qout
∆t

(5)

where ∆S ∆t is the change in storage over time [Mm3/day]. P is over-lake precipitation [Mm3/day]. E is open
water evaporation [mm3/day]. Qgauged is gauged catchments inflow [Mm3/day]. Qungauged is the ungauged catchments inflow [Mm3/day] and Qout is the Blue Nile River outflow [Mm3/day].

4. Results and Discussion
Selected predictors from National Centers for Environmental Prediction (NCEP) data are chosen to calibrate the
SDSM model. Screening was done based on partial correlation and P-value. The percentage of explained variance is higher for temperature than precipitation since temperature is spatially more homogeneous than precipitation [21]. The calibration result at Debre Tabor station is 81% for maximum temperature and 71% for minimum temperature. The percentage of explained variance of precipitation was calculated at Debre Tabor (35%),
Dangila (29%), Dangila (29%), Bahir Dar (21%), Gondar (19%) and Adet (17%).
Here the term “anomaly” is used to refer to a devation of future climate condition from a baseline (1981-2010)
climate condition. In this study the baseline period climatic condition is analysed based on meteorological station records of the study area. Positive anomaly indicates an increase from the baseline period, whereas a negative anomaly indicates a decrease from the baselin period. Projected changes in monthly rainfall statistics are
vital means of evaluating the characteristics of rainfall at the study site. Figure 2 shows the general pattern of
the monthly rainfall anomalies at Bahir Dar station. The A2 and B2 scenario noted an overall increasing pattern
in the monthly precipitation particularly in August-November (28 - 60 mm) for all future windows and AprilMay (4.7 - 8.7 mm) in 2020s, whereras a consistent decreasing pattern is shown for the months of June-July (25
- 50 mm) for all future periods. For the months of December-March no notable change was observed for the future periods. The anomaly was near zero for the remaining months indicating that future monthly rainfall
amounts are close to that of the baseline period.
The projection of mean annual precipitation of lake catchments for both A2 and B2 emission scenarios shows
increasing pattern for 21st century in comparison to the baseline period. The increase of mean annual precipitation for A2 emission scenario is 29% (397 mm/year), 34% (470 mm/year) and 37% (513 mm/year) respectively
for the three future periods. B2 emission scenario mean annual precipitaion shows increases by 27% (371
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Figure 2. Projected monthly precipitation changes at Bahir Dar station.

mm/year), 32% (447 mm/year) and 36% (499 mm/year) respectively for the three future periods.
Similarlarly, downscaled results of precipitation [22] in the Upper Blue Nile basin indicate an overall increasing trend during the three future periods in the study area.Their study indicated that precipitation increases
of 40%, 20% and 16% relative to the baseline period for HadCM3 A2 emissions scenario over the entire Nile
basin for the three future periods.
Figure 3 shows the changes in mean monthly maximum temperature A2 and B2 scenarios for future periods.
The A2 scenario shows increases of +0.1˚C to +0.4˚C for 2020s, +0.3˚C to +1.5˚C at 2050s and +1.6˚C to +3.0˚C
for 2080s. The B2 scenario shows a pattern with increases from +0.1˚C to 0.5˚C for 2020s, +0.7˚C to +1.3˚C at
2050s and +0.8˚C to +2.3˚C for the end of 21st century. The B2 scenario shows a pattern comparable for the A2
emission scenario for the first half of the 21st century, but with large differences in temperature changes from the
2050s period, and onwards. In general both scenarios A2 and B2 show an increasing pattern of mean monthly
maximum temperature.
Figure 4 shows the change anomalies in mean monthly minimum temperature of A2 and B2 scenarios for future periods. Both A2 and B2 scenarios noted consistent increases. The A2 scenario showed increases of +0.1˚C to
+1.1˚C for 2020s, +0.1˚C to +2.3˚C for 2050s and +0.8˚C to +3.9˚C for 2080s. B2 scenario shows increases
from +0.1˚C to +0.8˚C for 2020s, +0.9˚C to +1.7˚C for 2050s and +0.1˚C to 2.7˚C by the end of the 21st century.
In general both scenarios noted increasing pattern of mean monthly minimum temperature.
Similarly, according to [23] globally there will likely be a temperature increase of 2˚C by 2100. IPCC [24]
projection indicates that global temperatures will increase by 1˚C to 3˚C during the mid-twenty first century and
about 2˚C to 5˚C during the late twenty first century.

4.1. Lake Water Balance Components
Lake evaporation: Annual mean lake evaporation is projected to be 2097 mm, 2107 mm and 2120 mm at the
2020s, 2050s and 2080s, respectively. For the A2 scenario, its increament ranges from 9% (lowest at 2020s) to
11% (highest at end of 21st century). Overall, an increase of mean annual lake evaporation is indicated with reference to the base line eperiod.
The increase of annual mean lake evaporation for the B2 scenario of the three future windows ranges from 9%
(lowest at 2020s) to 10% (highest at 2050s and end of 21st century). It shows overall increasing pattern when
compared to the base line period and distinct inter-annual variability in the model outputs. In general the increase of lake evaporation is due to increase of maximum and minimum temprature for all three scenarios.
Over-lake precipitation: Over-lake precipitation is one of the major components of the lake water balance.
Here, it is estimated based on the inverse distance weighting interpolation using five stations which are situated
in the surrounding of the lake. For the A2 emission scenario, annual over-lake precipitation ishigher than the
baseline mean annual lake precipitation by 1% - 6%, 1% - 5% and 1% - 7% for the 2020s, 2050s and 2080s,
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Figure 3. Change in monthly maximum temperature at Bahir Dar station.

Figure 4. Change in monthly minimum temperature at Bahir Dar station.

respectively. For the B2 emission scenario, over lake precipitation projection shows increase of by 1% - 4.2%,
1% - 4% and 1% - 8.4% for respective future windows in comparison to the baseline period.

4.2. Inflows from Gauged and Ungauged Catchments
The total inflow to the lake is estimated from gauged and ungauged catchments by summing the inflows from all
catchments. The inflow from each catchment is simulated by usingthe downscalled SDSM data (i.e. daily precipitation, mean temperature and evaporation) for runoff modelling.
Model parameters from ungauged catchments draining to Lake Tana were determined by a regionalization
approach. Statistical characteristics of physical catchments characteristics served as input for multiple linear regression equationsfor parameterisation of the HBV model for each gauged catchment. The same physical catchments characteristics from ungauged catchments served to estimate model parameters of ungauged catch-
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ments. Full details of the regionalization approach are available in [6].

4.3. Gauged Catchments Surface Water Inflow
The projection of A2 emission scenario for estimation of mean annual lake inflow from gauged catchments for
each future time period shows high inter-annual variablity characteristics. The projected A2 scenario for annual
surface water inflow shows a consistant increas for all future time horizons. In general, the A2 scenario shows
increases of annual surface water inflow of 17% - 23%, 18% - 28% and 19% - 28% for the 2020s, 2050s and
2080s, respectively.
For the B2 scenario, projections show that annual surface water inflow consistently increases in all future time
periods. In more detail, the B2 scenario shows increases of annual surface water inflow by 11% - 24%, 12% - 28%
and 10% - 31% for the 2020s, 2050s and 2080s, respectively.

4.4. Ungauged Catchments Surface Water Inflow
In general, both the A2 and B2 based estimation of surface water inflows from ungauged catchments shows a
generally increasing pattern for all future time periods.
For the A2 scenario, projections of annual surface water inflow from unguaged catchments indicate a consistant increase for all future time periods. In particular, for the A2 scenario, annual surface water inflow from ungauged catchments increasesby 5% - 26%, 12% - 30% and 14% - 28% for the 2020s, 2050s and 2080s periods,
respectively.
For the B2 scenario, projected annual surafce water inflows from unguaged catchments also suggests a consistant increase in all future time horizons. In more detail, the B2 scenario based annual surface water inflow
from ungauged catchments yielded increases of 9% - 25%, 9% - 25% and 9% - 32% for the 2020s, 2050s and
2080s, respectively.

4.5. Projected Lake Water Balance Analysis
Table 1 shows the summary of the water balance components with projected percentage changes. The water
balance is estimated based on the inflow and outflow of Lake Tana, and lake evaporation.
In this study, lake water balance is established for the baseline period (1981-2010) and the three future time
periods (2020s, 2050s and 2080s). The sum of the inflow from nine gauged and ten ungauged catchments was
used to estimate the total stream flow into the lake. Stream flow for the future time periods is simulated by the
HBV model using the downscaled rainfall, mean temperature, reference evaporation and model parameters by a
regionalization study [6].
Table 1. Water balance components (mm/year) with expected percentage changes (%).
LWB components

Baseline

Gauge catchment
Surface water inflow

1253

Ungauged catchments
Surface water inflows

933

Over-lake
Rainfall

1274

Over-lake
Evaporation

2041

Lake outflow (BNR)

1520

Storage change

−101

Scenarios

2020s

2050s

2080s

A2

1524 (+22%)

1558 (+24%)

1588 (+27%)

B2

1531 (+22%)

1550 (+24%)

1566 (+25%)

A2

1056 (+13%)

1077 (+15%)

1108 (+19%)

B2

1057 (+13%)

1072 (+15%)

1206 (+29%)

A2

1386 (+9%)

1399 (+10%)

1411 (+11%)

B2

1385 (+9%)

1396 (+10%)

1404 (+10%)

A2

2097 (+3%)

2107 (+3%)

2120 (+4%)

B2

2098 (+3%)

2107 (+3%)

2118 (+4%)

1520 (0%)

1520 (0%)

1520 (0%)

A2

+349

+407

+467

B2

+355

+390

+537

Values in (+) indicates increase of change in percentage. LWB stands for Lake Water Balance.
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Understanding the water balance components of Lake Tana is vital to develop sound management plans in current and future time periods under changing climatic conditions. In this study hydrological impact of climate
change on all water balance components of Lake Tana was evaluated for A2 and B2 emission scenarios. The
Statistical Downscaling Model (SDSM 4.2 version) was used to downscale large-scale climatic variables using
predictors obtained from the HadCM3 for both A2 and B2 scenario. Hydrological model (HBV) and optimized
model parameter for gauged and ungauged catchment by a regionalization approach in [6] was used to simulate
surface water inflow.
Projections on climate change in this study indicate that minimum and maximum temperature will increase
thus effecting evapotranspiration and lake evaporation. The projection of mean annual precipitation for both A2
and B2 emission scenarios shows increasing pattern for 21st century in comparison to the baseline period. The
increased mean annual precipitation for A2 emission scenario is 9% (112 mm/year), 10% (125 mm/year) and 11%
(137 mm/year) for the three respective future windows. B2 emission scenario mean annual precipitaion increases by 9% (111 mm/year), 10% (122 mm/year) and 10% (130 mm/year) respectively for the three future windows.
Consequently, increase of rainfall boosts increase of inflow both from gauged and ungauged catchments that increases lake storage for all three future periods for both A2 and B2 emission scenarios
Overall finding on impacts of climate change on the Lake Tana water balance indicates that lake water storage
increases for both A2 and B2 emission scenarios. The major difference among the emission scenarios is extensively described at [25] and these differences lead to different impacts on lake water balance of Lake Tana as
presented in Table 1.
Recently, a number of studies report on a comparison of SRES scenarios and RCPs [26] [27]. The study of
[26] provided probabilistic projection of climate for both SRES scenarios and RCPs. Their study revealed that
global mean temperature projections by the end of the 21st century for the RCPs are very similar to those of their
closest SRES counterparts. Similarly, [28] simulated changes in global mean temperature by the SRES scenarios
(CMIP3) and RCPs (CMIP5). They have concluded that similarity of the projected precipitation change in both
models is reassuring and that results for RCP and SRES are comparable. Whereas model mean patterns of precipitation and temperature are remarkably similar in SRES scenarios and RCPs; [27] showed large variation in
outputs from eight RCPs by the Coordinated Regional Climate Downscaling Experiment (CORDEX) initiative
for equal climate change scenarios.
In this study, three SRES emission scenarios are applied that have equal probability of occurrence [29]. Since
such unchanged probability is questionable, this causes uncertainty to projected climate changes. In addition,
downscaled SDSM outputs for these scenarios for temperature and, in particular, precipitation must be associated with a certain level of uncertainty. Consequently, findings on increase of Lake Tana water storage for future periods should be interpreted with care and only serve as an indication to the likely impact of climate
change on Lake Tana water balance.
Future studies should consider the entire range of emission scenarios and should aim at applying outputs from
more RCM models to solve the water balance of Lake Tana following the approach in this study.
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