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TWENTY-FIRST CENTURY HYDROLOGICAL CHALLENGES AND OPPORTUNITIES IN AFRICA

Comparison and validation of spatial reference evapotranspiration datasets over 
Africa
Suzan Dehati a,b, Bich Ngoc Tran a,c, Poolad Karimi a and Marloes Mul a

aLand and Water Management Department, IHE Delft Institute for Water Education, Delft, The Netherlands; bDepartment of Environmental Sciences, 
Wageningen University, Wageningen, The Netherlands; cDepartment of Water Management, Delft University of Technology, Delft, The Netherlands

ABSTRACT
Reference evapotranspiration (ET0) is an important variable for water resources management and 
agricultural planning. Some regions, including Africa lack sufficient in-situ meteorological measurements 
to represent the climatic conditions. Open-access Global ET0 data sets present a viable alternative that 
could potentially fill the gap. This study compares eight spatial ET0 data sets against ET0 estimated from 
165 weather stations across Africa. Performance was assessed using statistical metrics, including R2, Bias, 
RMSE, and RBias. Findings reveal that high-resolution data sets align better with in-situ data in temperate 
and tropical climates compared to low-resolution data sets. Results for arid regions appear to show low 
performance for all data sets, but results are less certain due to the availability of stations in this climate. 
This study also reveals that the input data contribute to 60–70% of the variability between data sets, with 
the remainder contributed by different model implementation, indicating the importance of good quality 
of input data.
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1 Introduction

Efficient irrigation scheduling is essential for improving agri
cultural water productivity, particularly in regions where rain
fall is highly variable and often insufficient (Singh et al. 2010, 
Greaves and Wang 2017, Attia et al. 2021). A key input of 
irrigation planning is the estimation of crop water requirement 
(CWR) (Allen et al. 1998, Aghdasi 2010, Ali 2010), which 
represents the amount of water needed to compensate for the 
evapotranspiration losses from crops. One widely accepted 
approach for calculating CWR is through the use of reference 
evapotranspiration (ET0), which quantifies the atmospheric 
water demand from a well-watered reference surface, typically 
grass under optimal growing conditions (Allen et al. 1998). 
ET0 forms the basis for deriving crop evapotranspiration (ETc) 
by applying crop coefficients that account for vegetation type, 
growth stage, and local conditions (Mehta and Pandey 2015, 
FAO 2020).

ET0 is commonly estimated using the FAO-56 Penman– 
Monteith (PM) equation, which combines meteorological 
variables such as temperature, radiation, wind speed, and 
humidity (Allen et al. 1998). However, the effective use of 
this method depends on the availability of weather data. In 
many parts of Africa, the density of weather stations is below 
the minimum required by the World Meteorological 
Organization (WMO), which leads to data scarcity that 
severely limits the application of traditional ET0 estimation 

techniques (Dinku 2019). Remote sensing or reanalysis 
meteorological data sets can be used to estimate ET0 spatially.

There are many global open-access ET0 data sets available 
including MSG (Trigo et al. 2018), Bristol (Singer et al. 2021), 
AQUASTAT (FAO 2021), WAPORv2 (FAO 2020), WaPORv3 
(FAO 2024), and FEWSNET (Senay et al. 2008). However, the 
accuracy of these data sets varies significantly across different 
regions and climates in Africa. For example, a recent evalua
tion of the NOAA/MERRA-2 reanalysis-based ET0 data set in 
Southern Africa found consistent overestimation compared to 
ground-based station data, with bias ranging from +9% up to 
+90% (average +36%) compared to ground estimates where 
the largest overestimations occurred in arid areas of Namibia 
and Botswana (Hobbins et al. 2023). Similarly, MSG-derived 
ET0 has been shown to underestimate ET0 in semi-arid envir
onments due to localized advection effects, while performing 
well over larger irrigated or homogeneous areas (Trigo et al.  
2018). This variability arises from differences in input data, 
model formulation, spatial resolution, and local environmental 
conditions. Some studies have evaluated the accuracy of ET0 
estimates from different reanalyses and remote sensing data 
(Paredes et al. 2021), but few have conducted comparative 
validation against in-situ observations at a continental scale 
particularly for Africa, where in-situ weather data are very 
limited and water demands are high (Pereira et al. 2015, 
Mahmoud and Gan 2019, Jovanovic et al. 2020).
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Recent studies have proposed machine learning 
approaches to improve ET0 estimation in data-scarce, het
erogeneous environments. These methods capture non
linear relationships in meteorological inputs and 
outperform traditional models in semi-arid climates. For 
example, Yonaba et al. (2024) tested 12 algorithms at nine 
stations in Burkina Faso (reporting R2 = 0.99 and 
RMSE = 0.05 mm day−1 for XGBoost) and used SHAP to 
quantify each predictor’s contribution to ET0 prediction 
across different meteorological conditions. However, these 
station-trained models rely on local observations and have 
limited spatial transferability beyond the region represented 
by the training data. As a result, there is still a lack of 
clarity on which open access spatial ET0 data sets are most 
suitable for specific climate zones, particularly in arid and 
semi-arid regions where local data are limited. This study 
aims to address these gaps by comparing and evaluating 
the performance of multiple ET0 data sets across Africa 
against in-situ data from 165 stations. By analysing the 
influence of factors such as model choice, parameterization, 
spatial resolution, station characteristics, and input data, 
the study aims to provide a comprehensive overview of 
the factors that influence the ET0 accuracy. Furthermore, 
the study examines the role of pixel size and grid resolu
tion in the point to pixel validation process. Ultimately, the 
goal is to provide clear recommendations on the most 
suitable ET0 data sets for different climates and elevations 
in Africa.

2 Data

2.1 ET0 data sets

Eight spatial ET0 data sets, with daily data for a five-year period 
from 01/01/2018 to 31/12/2022, were used for comparison 
with the in-situ ET0 data. These include MSG (Trigo et al.  
2018), Bristol (Singer et al. 2021), AQUASTAT (FAO 2021), 
WAPORv2 (FAO 2020), WaPORv3 (FAO 2024), and 
FEWSNET (Senay et al. 2008). Two additional reanalysis 
data sets, ET0-ERA5 and ET0-GEOS5, were produced as part 
of this research (Table 1). Although the majority of the ET0 
data sets provide global coverage, WaPORv2, ET0-ERA5, and 
ET0-GEOS5 are specifically available for Africa and the Near 
East.

Seven of the selected data sets are based on the FAO-56 PM 
method, while one, the MSG ET0 data set, is based on the Slob– 
de Bruin (SdB) method (Trigo et al. 2018). The WaPORv2, 
WaPORv3, and AQUASTAT data sets produce daily ET0 
values representing in mm day−1, based on meteorological 
and solar radiation data, following the FAO-56 procedure for 
a well-watered grass field with an albedo of 0.23. These data 
sets were generated using multiple sources of input data with 
different spatial resolution (Table 1 and see Supplementary 
material, Table S1). The key methodological differences are 
the empirical equations to estimate actual vapor pressure and 
calibration parameters for longwave radiation estimation (see 
Supplementary material, Table S2).

To evaluate the impact of input data alone, we calculated 
daily ET0 using only the fifth-generation ECMWF reanalysis 
(ERA5) and the Goddard Earth Observing System version 5 
(GEOS5) data sets. These data sets were selected because they 
have been used as input data for other ET0 data sets; for 
instance, ERA5 is used in Bristol and AQUASTAT and 
GEOS5 in WaPORv2 and WaPORv3. The ET0-ERA5 and 
ET0-GEOS5 data sets were calculated from daily air tempera
ture, atmospheric pressure, wind speed, vapor pressure, and 
solar radiation, following the same empirical equations and 
parameters of AQUASTAT (see Supplementary material, 
Table S2). Both ET0-ERA5 and ET0-GEOS5 are derived from 
reanalysis products that are known to have regional biases in 
near-surface radiation, temperature, and wind fields, which 
can propagate into ET0 estimates. These limitations and their 
spatial patterns are discussed in detail in a companion study 
(Tran et al. 2025). Here, we include ET0-ERA5 and ET0- 
GEOS5 mainly as reference data sets to allow comparison 
with other open-access ET0 products.

The Bristol Potential Evapotranspiration is derived from 
hourly climate variables from ERA5-Land, covering the period 
from 1981 to the present with a spatial resolution of 10 km 
over global land areas. Although termed potential evapotran
spiration, the data set used the FAO-56 PM equation for grass 
as reference crop (Singer et al. 2021). Similarly, the FEWSNET 
Global Potential Evapotranspiration data sets calculated at 
6-hour time steps (also available daily), with 100 km resolu
tion, are labelled as potential evapotranspiration but use the 
same FAO-56 PM method using hypothetical grass with an 
albedo of 0.23. Therefore, both data sets were considered in the 
study.

Table 1. Characteristics of ET0 data sets.

Data set
Temporal 
coverage Spatial coverage

Temporal 
resolution

Spatial 
resolution Input data source Method Reference

MSG 2017–present −81° to 81°, −79° to 79° Daily 5 km MSG (radiation), 
ECMWF

SdB (de Bruin 1987) Trigo et al. (2018)

Bristol 1981–present Global Hourly 10 km ERA5-Land FAO-56 (Allen et al. 1998) Singer et al. (2021)
AQUASTAT 1979–present Global Daily 10 km AgERA5, GMTED FAO-56 (Allen et al. 1998) FAO (2021)
WaPORv2 2009–present Africa and Near East Daily 20 km GEOS5, SRTM, MSG 

(radiation)
FAO-56 (Allen et al. 1998) FAO (2020)

ET0-ERA5 2018–2022 Global Daily 25 km ERA5 FAO-56 (Allen et al. 1998) This study
WaPORv3 2018–present Global Daily 30 km GEOS5, GLO-90 FAO-56 (Allen et al. 1998) FAO (2024)
ET0-GEOS5 2018–2022 Africa and Near East Daily 30 km GEOS5 FAO-56 (Allen et al. 1998) This study
FEWSNET 2008–present Africa and Near East 6-hour 100 km GDAS FAO-56 (Allen et al. 1998) Senay et al. (2008)
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On the other hand, The MSG ET0 data set is produced using 
a model developed by de Bruin et al. (2016), which estimates 
reference evapotranspiration from satellite-derived solar radiation 
using physical principles tailored to a well-watered grass surface. 
The method assumes that net radiation can be derived directly 
from shortwave radiation measured by SEVIRI/MSG, and then 
applies a simplified energy balance approach to estimate ET0 for 
a reference crop defined by FAO-56 (Trigo et al. 2018).

2.2 In-situ data

The Trans-African Hydro-Meteorological Observatory 
(TAHMO) network, established in 2014, was designed to fill 
gaps in availability of weather data across sub-Saharan Africa, 
particularly in regions with limited or unavailable meteorolo
gical information. The network consists of ATMOS-41 
weather stations manufactured by Meter Group, which record 
the variables required for estimating ET0 including atmo
spheric pressure (kPa), radiation (W m−2), relative humidity 
(-), temperature (degrees Celsius) and wind speed (m s−1) (van 
de Giesen et al. 2014).

Meteorological data from 173 stations were collected at daily 
scale to calculate daily in-situ ET0 as a benchmark for compar
ison against ET0 data sets, with the locations of these stations 

shown in Fig. 1. The time series covers a 5-year period from 1 
January 2018 to 31 December 2022, with approximately 1826 
daily records per station. Data were selected from the stations 
that marked with the highest quality flags based on the TAHMO 
quality control procedure (van de Giesen et al. 2014), which is 
adapted from the Oklahoma Mesonetwork system (Shafer et al.  
2000). This procedure combines automated and manual checks 
to ensure data reliability, including tests for data range, sensor 
performance, climatic consistency, sudden temporal changes, 
dips, spikes, and shifts in variance (Annor 2023). As an addi
tional step, the percentage of missing daily records was calcu
lated for each station, with an average of 27.8% missing data 
across all stations. Due to differences in intersection of grid 
coverage among data sets, 165 stations were used for the final 
evaluation to ensure that the same stations were applied con
sistently across all ET0 data sets. To maintain consistency and 
avoid artificial alignment between data sets, no bias correction 
was applied to either the in-situ ET0 or the ET0 data sets; 
therefore, comparisons were based on raw daily ET0 values.

2.3 Climate classification

Different climatic classes, like tropical, arid, or temperate 
areas, have unique climatic conditions that influence 

Figure 1. Climate classification map of study area and the locations of in-situ observations. Data source: TAHMO, Köppen–Geiger map (Beck et al. 2023).
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evapotranspiration (Almorox et al. 2015). We therefore 
investigated how the different ET0 data sets perform 
across different climate classes. To evaluate this, the 
Köppen–Geiger climate classification map with a 1-km 
resolution was used to identify the climate class of each 
station shown in Fig. 1. Table 2 shows the climate classes 
and the number of stations identified per climate class. 
Among 165 stations, 105 are located in (Aw) tropical 
savannah, 8 and 3 stations are in (BS) semi-arid, and 
(Bw) arid regions, respectively.

2.4 Elevation data

Elevation is another factor in ET0 estimation as it directly 
affects atmospheric pressure, temperature, and solar radia
tion (Sun et al. 2020, Liu et al. 2021). Higher elevations 
lead to lower atmospheric pressure and cooler tempera
tures, both of which influence the rate at which water 
vaporizes. Additionally, solar radiation at higher elevations 
can vary, which may also impact ET0 calculations. 
Therefore, the stations were also classified based on eleva
tion data provided by the TAHMO network to assess the 
influence of elevation on performance of the data sets 
across different altitudes. Table 3 identifies the classes 
used based on elevation range and the number of stations 
in the corresponding class.

3 Methodology

3.1 Daily ET0 calculation from in-situ data

In this study, daily meteorological data from 165 stations (1 
January 2018 to 31 December 2022) were processed to calculate 
in-situ ET0 with the FAO-56 PM equation (Allen et al. 1998; 
Equation 1). Following FAO-56 (1998; Chapter 2), we adopt the 
PM method with the fixed grass reference (h = 0.12 m, 
rs = 70 s m−1, a = 0.23), standardize all meteorological 
inputs to 2 m (with wind–height adjustment) and set daily 
G = 0. At this standard height, the aerodynamic is taken as 
ra = 208/u2 (s m−1). The constants in Equation 1 follow 
FAO-56 daily conventions: 0.408 converts MJ m−2 day−1 

to mm day−1, 900 is the FAO-56 daily aerodynamic coeffi
cient, 273 converts °C to K, and 0.34 derives from (1+rs/ra) 
for the reference crop. The specific methodological imple
mentations of the FAO-56 PM equation for the data sets 
are provided in Supplementary material Table S2. 

where:
ET0= vapotranspiration [mm day−1]
Δ= slope of the saturation vapor pressure curve [kPa °C−1]
Rn = net radiation [MJ m−2 day−1]
G = soil heat flux density [MJ m−2 day−1]
γ = psychrometric constant [kPa °C−1]
T= mean daily air temperature at 2 m height [°C]
u2= wind speed at 2 m height [m s−1]
es= saturation vapor pressure [kPa]
ea = actual vapor pressure [kPa]

3.2 Validation approach

All eight ET0 data sets are available at daily scale; therefore, no 
temporal resampling was applied. Additionally, all the data sets 
have been pre-processed and corrected the windspeed from 
10 m to 2 m before calculating the ET0 (see Supplementary 
material, Table S2). For validation, a point-to-pixel compar
ison was employed by matching each station coordinate to the 
nearest pixel centroid of the corresponding data set. In cases 
where multiple stations fell within a single pixel, each station 
was independently compared to the same ET0 value from that 
grid cell. While this approach is commonly used in the valida
tion of gridded climate data, it can introduce uncertainties in 
areas with heterogeneous land cover or terrain. To assess its 
impact, a test has been done and the in-situ ET0 data were 
spatially interpolated where multiple stations are located 
within one pixel to match the native resolution of each ET0 
data set using a weighted average of stations based on their 
distance from the grid centre. The results of this approach were 
compared with the point-to-pixel method and showed negli
gible differences in the performance of the data sets (see 
Supplementary material, Fig. S1). Therefore, the point-to- 

Table 2. Climate classes, number of stations, and percentage area of the classes in Africa.

Class_ID Class Description Number of Stations Area (% of total)

2 Am Tropical, monsoon 4 3.1
3 Aw Tropical, savannah 105 27.8
4 Bw Arid, desert, hot 3 44.3
6 BS Arid, steppe, hot 8 14.7
9 Cs Temperate, dry summer, warm summer 13 1.5
11 Cw Temperate, dry winter, hot summer 14 5.4

Table 3. Elevation classes and number of stations per eleva
tion class. The elevation classes were determined by the range 
of elevation (metres above sea level).

Elevation class Number of station

0–500 83
500–1000 14
1000–1500 22
1500–2000 36
2000–2500 7

4 S. DEHATI ET AL.



pixel validation approach was retained. Despite its limitations, 
point-to-pixel comparisons remain a widely accepted 
approach particularly in regions where in-situ observations 
are limited (Li et al. 2018, Radmanesh et al. 2023, Ippolito 
et al. 2024, Lang et al. 2024).

3.3 Evaluation criteria

The ET0 data sets were evaluated against daily in-situ ET0 using 
four widely adopted statistical metrics; coefficient of determina
tion (R2), bias, root mean square error (RMSE), and relative bias 
(RBias). These metrics were selected based on their widespread 
use and direct relevance to applications in hydrology and cli
mate studies (Mayr et al. 2019, Raziei and Parehkar 2021, Tran 
et al. 2023). The R2 calculated as the square of the Pearson 
correlation coefficient is included because it measures how 
well the temporal variations of ET0 from in-situ data correlate 
with those from spatial data sets (Mayr et al. 2019). Bias quan
tifies the mean difference and the systematic over or under
estimation between in-situ and ET0 data set values. RMSE 
shows the square root of the average of the squared differences 
between the data set and in-situ values and was chosen due to its 
sensitivity to large deviations which provides measure of data set 
accuracy by capturing significant discrepancies. Finally, RBias 
represents the bias as a percentage of the in-situ ET0 value 
(Mayr et al. 2019, Raziei and Parehkar 2021).

The equations, range, unit, and best value for each metric 
are presented in Table 4. In this assessment, x is the spatial 
ET0 data set and y is the in-situ ET0. Although the literature 
(ASPRS 2015, Abdullah et al. 2024) often reports high per
formance thresholds for R2 and low bias and RMSE values as 
indicative of good performance, these values are typically 
derived under controlled conditions. In contrast, spatial data 
sets like ET0 have spatial grids and temporal intervals that 
do not perfectly align with in-situ data (Kohli et al. 2020, 
Wang et al. 2021). To ensure realistic classification, thresh
olds for R2 and RBias were aligned with values commonly 
adopted in hydrologic model evaluation (Barbosa et al. 2019, 
Cardoso et al. 2019). In contrast, the magnitudes of bias and 
RMSE are known to be data-dependent (Dawson et al.  
2007); therefore, their “Good/Acceptable” ranges were 
derived from the empirical distributions of all station–data 
set pairs and rounded to practical values, as reported in 
Table 4.

To determine the overall best-performing data set, the 
frequency of stations where each ET0 data set was identified 
as the best performer was aggregated. The data set with the 
highest count of “best-performing” labels across all stations 
was considered the overall best-performing data set.

3.4 Performance of ET0 data sets across climate and 
elevation classes

To assess the influence of environmental factors such as cli
mate and elevation, the stations were grouped based on 
Köppen–Geiger climate classes and elevation ranges. The ET0 
performance metrics were then calculated for each group. This 
analysis is descriptive rather than a formal sensitivity analysis. 
The following section presents the results of this analysis, 
detailing the best-performing data set for each station, the 
overall best-performing data set, and variation in performance 
across different climate and elevation classes.

3.5 Evaluating relative importance of input data vs 
model implementation

Variances between ET0 data sets can be derived from 
different sources, including different input data sets and 
different model implementations. To single out the var
iance caused by these two sources we calculated the var
iance between three different data sets using the same 
model implementation with different input data sets 
(AQUASTAT, ET0-GEOS5, ET0-ERA5) and the variance 
between three different products using the same input 
data (GEOS5), namely ET0-GEOS5, WaPORv2 and 
WaPORv3. To quantity the relative contribution of input 
data and model parameterization to the total variance in 
ET0 performance metrics, an analysis of variance 
(ANOVA)-based variance decomposition was applied 
(Giuntoli et al. 2015). For each station and metric (bias 
and RMSE), the between-group variance for each factor 
was calculated, and its proportion of the total variance 
was derived as the ratio of its variance component to the 
sum of both components. Station-level contributions were 
summarized by the median within each group (climate and 
elevation classes).

Table 4. Performance metrics used to validate the spatial with in-situ ET0 data, including the thresholds for “Acceptable” and “Good” ranges for R2, bias, RMSE, and 
RBias. For all equations, x represents the value from the ET0 data set, y represents the value of in-situ ET0, i represents the time step, and n represents the total number 
of stations.

Evaluation metrics Formula Unit Value range Best value Acceptable Good

Coefficient of determination (R2)
R2 ¼

Pn
i¼1 xi � �xð Þ

2 yi � �yð Þ
2

Pn
i¼1 xi � �xð Þ

2Pn
i¼1 yi � �yð Þ

2

– [0,1] 1 0.5 ≤ R2 < 0.7 0.7 ≤ R2 < 0.9

Bias
Bias ¼

Xn

i¼1

xi � yið Þ

n

mm day−1 (–∞, +∞) 0 −0.6 ≤ Bias ≤ 0.6 −0.4 ≤ Bias ≤ 0.4

Root mean square error (RMSE)
RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Xn

i¼1

xi � yið Þ
2

n

s
mm day−1 [0, +∞) 0 RMSE ≤ 1.0 RMSE ≤ 0.15

Relative bias (RBias)
RBias ¼

Bias� 100
�y

% (–∞, +∞) 0 −15% ≤ RBias ≤ 15% −10% ≤ RBias ≤ 10%
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4 Results

4.1 Spatial and temporal variability of the ET0 data sets

The average five-year ET0 maps of the eight data sets are 
shown in Fig. 2, illustrating the spatial distribution across 
Africa. Overall, the spatial patterns are very similar although 
the magnitudes and spatial variability varies for the different 
data sets. The highest ET0 values are observed in the Saharan 
zone (arid climate) with an average of 2540 mm year−1, but 
with the lowest values for MSG 1556 mm year−1 followed by 
Bristol 2062 mm year−1 and FEWSNET 2244 mm year−1.

Figure 3 shows the standard deviation and coefficient of varia
tion (CoV) of average five-year ET0 maps from eight data sets. The 
lowest CoV of ET0 among the data sets is observed in the tropics 

(between 10°N and 20°S). The ET0 data sets have the largest CoV 
in arid and semi-arid regions with CoV from 0.10 to 0.25.

The temporal variability of the ET0 from the in-situ stations 
compared to the ET0 data sets (averaged over all sites) is 
presented in Fig. 4. The observed seasonality is 
a combination of the seasonality of all the in-situ stations 
(West, East, and South Africa), the average ET0 values range 
from 3 mm day−1 to 5.5 mm day−1. All ET0 data sets follow the 
same seasonal pattern; however, the magnitude of the values of 
the ET0 data sets vary with the MSG following the in-situ 
observations the closest, followed by Bristol. AQUASTAT, 
WaPORv3, and ET0-ERA5 show similar magnitudes, though 
higher than Bristol. ET0-GEOS5 and WaPORv2 estimate even 
higher ET0 with the largest overestimations by FEWSNET.

Figure 2. Five-year average (mm year−1) of the eight ET0 data sets from 2018 to 2022 across Africa, images are sorted based on high-resolution (MSG) to lower- 
resolution data sets (FEWSNET).

Figure 3. Map of standard deviation and coefficient of variation from eight ET0 data sets.
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4.2 Performance of ET0 data sets

The results show that in general the data sets with higher 
spatial resolution yield better performance both in terms of 
higher correlation (R2) and lower bias and RMSE when com
pared to the in-situ ET0, with the exception of WaPORv2 and 
AQUASTAT (Fig. 5). WaPORv2 (20 km) has the highest 
median R2 but at the same time its median bias and RMSE 
are the lowest and similar to FEWSNET (100 km). 
AQUASTAT (10 km) has the second highest median R2 

whereas its median bias and RMSE are close to WaPORv3 
(30 km) and ET0-GEOS5 (30 km). It is important to note 
that WaPORv2 was produced by combining input data sets 
with different spatial resolution, which are GEOS5 (30 km) 
climatic variables, SRTM elevation (90 m), and MSG trans
missivity (5 km) (see Supplementary material, Table S1). The 
process of resampling these input data from native resolution 
to the final resolution of WaPORv2 (20 km) might have 
introduced more errors and bias at grid cell level. The final 
resolution of the data set may therefore not be the single 
indication of the resolution of the input data used to calculate 
ET0. This result suggests that spatial resolution is a major 
factor but not the only one that determines the alignment of 
ET0 data sets with the estimates from in-situ weather data.

The comparisons between the data sets using the same 
FAO-56 PM empirical equations (AQUASTAT, ET0-ERA5, 
and ET0-GEOS5) show that median R2 of the ET0-ERA5 is 
lower than AQUASTAT, but its median bias is lower and its 
median RMSE is comparable. Therefore, ET0-ERA5 performs 
quite better when compared to in-situ ET0 than AQUASTAT. 
The ET0-GEOS5 has lower performance than ET0-ERA5 and 
AQUASTAT, with remarkably lower R2 and higher bias and 
RMSE. This is most likely due to the accuracy of input 

meteorological variables from GEOS5 reanalysis. Tran et al. 
(2025) showed that ET0-GEOS5 perform worse than ET0- 
ERA5 for all input variables of ET0 when compared to mea
surements at the same stations used in this study. As a result, 
the ET0 calculated using ERA5 also performs better than that 
from GEOS5. This highlights the importance of the quality of 
input data for estimating ET0.

The R2 results in that only WaPORv2 meets the “good” 
range (0.7 ≤ R2 < 0.9) for a strong correlation with the in-situ 
data (Fig. 5(a) and Table 5). This suggests that the WaPORv2 
ET0 data set captures the temporal patterns of the ET0. Other 
data sets, including MSG, Bristol, AQUASTAT, ET0-ERA5, 
and WaPORv3, fall within the “acceptable” range (0.5 ≤ R2 < 
0.7), representing moderate agreement with in-situ ET0 data, 
although not as strong as WaPORv2. Meanwhile, ET0-GEOS5 
and FEWSNET have R2 values below the acceptable threshold, 
indicating lower performance as they are not able to capture 
the temporal variability of ET0.

Looking at the bias (Fig. 5(b)), only MSG reaches a “good” 
bias score close to zero with minimal bias. Bristol with 0.25 and 
ET0-ERA5 with 0.42 score in the “acceptable” range. In con
trast, all other data sets exceed the acceptable bias range (−0.6 
≤ bias ≤ 0.6 mm day−1), with notable examples such as ET0- 
GEOS5, WaPORv2, and FEWSNET showing higher levels of 
deviation with 0.78, 0.88, and 1.02 mm day−1, respectively 
(Table 6). This means that although MSG gives an unbiased 
estimate, other data sets overestimate the average daily ET0 
values.

The RMSE metric shows similar patterns (Fig. 5(c)). MSG 
stands out with the “good” RMSE criterion (RMSE ≤ 1.0 mm 
day−1), showing a higher level of accuracy by producing smal
ler errors. Other data sets such as ET0-GEOS5 and FEWSNET 

Figure 4. Comparison of seasonal variability of the spatial ET0 data sets (mm day−1) with in-situ data. Day-of-year (DOY) averages were calculated for each data set 
based on 5-year daily data from 2018 to 2022 from all stations, and a 7-day moving average was applied to smooth the variability.
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Figure 5. Distribution of performance metrics; R2, bias (mm day−1), RMSE (mm day−1), RBias (%) for ET0 data sets across 165 stations based on daily data for the period 
2018–2022. The box plots illustrate the performance of each data set (MSG, Bristol, AQUASTAT, WaPORv2, ET0-ERA5, WaPORv3, ET0-GEOS5, FEWSNET). Outliers are 
shown as individual points, with boxes representing the interquartile range and the central line represents the median. The spatial resolution of data sets is indicated 
along the x-axis, with resolution decreasing from left to right.

Table 5. Mean values of the performance metrics; R2, bias (mm day−1), RMSE (mm day−1) and RBias (%) of the ET0 data sets for the 165 stations for the period 1 January 
2018 to 31 December 2022.

MSG Bristol AQUASTAT WaPORv2 ET0-ERA5 WaPORv3 ET0-GEOS5 FEWSNET

R2 0.62 0.60 0.67 0.71 0.63 0.53 0.49 0.33
Bias −0.04 0.25 0.61 0.88 0.42 0.58 0.78 1.02
RMSE 0.61 0.73 0.84 1.11 0.76 0.98 1.15 1.43
RBias −0.15 7.25 16.29 23.41 11.46 15.53 21.08 28.43
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had the highest RMSE values of 1.15 and 1.43 mm day−1, 
respectively (Table 5).

In terms of relative bias (Fig. 5(d)), MSG and Bristol 
show low bias with average −0.15%, 7.25%, respectively 
(Table 5), values which are within the “Good” range of 
−10% ≤ RBias ≤ 10%, whereas ET0-ERA5 with 12.6% bias 
is in the “Acceptable” category. This minimal error level 
indicates that these data sets align closely with in-situ ET0 
values. However, ET0-GEOS5, WaPORv2, and FEWSNET 
show highest levels of relative bias of 21.08%, 23.41%, and 
28.43%, respectively.

Overall, MSG is the best performing data set across 
most of the metrics, with MSG showing the lowest bias 
and error. Bristol and ET0-ERA5 also perform reasonably 
well, maintaining acceptable levels of accuracy and propor
tional error. Despite having the highest R2, WaPORv2 has 
one of the largest biases, indicating difficulty in accurately 
estimating the absolute ET0 values. Other data sets such as 
GEOS5 and FEWSNET also show consistently large errors 
and biases.

4.3 Best ET0 data set per station

Figure 6 shows the best performing ET0 data sets per station. 
For R2, a large majority (61%) of the stations indicate 
WaPORv2 performs best, with the locations of the stations 
specifically located in the southern parts of West Africa 
(Ghana) and for stations in high elevation in East Africa. In 
South Africa, on the other hand, the AQUASTAT performs 
the best, which is also the case for the stations located in the 
drier (northern) parts of Ghana and the lower elevations in 
East Africa. WaPORv2 and AQUASTAT perform best in R2 

for 86% of all stations.
For the performance metrics that indicate deviation from 

the in-situ measurements (bias, RMSE and RBIAS), MSG has 
the highest number of stations that have the best performance 
(bias (80), RMSE (89) and RBias (80) (Table 6). There are three 
ET0 data sets (Bristol, ET0-ERA5, and AQUASTAT) that fol
low MSG in second place, but they are less widespread and 
there is no noticeable spatial pattern where certain ET0 data 
sets outperform others. Only a few stations indicate that 
WaPORv2, WaPORv3, GEOS5, or FEWSNET ET0 data sets 
are the best. Surprisingly, for two of the three stations located 
in the Bw climate class in East Africa (two most northern 
stations), FEWSNET ET0 data show the best performance. 
For the stations in South Africa, the best performing data set is 
ET0-ERA5 for the majority of the stations, with a noticeable 
difference for the station in the South West which is located in 
the BS climate class compared to the other stations located in 
the Cw climate class.

4.4 ET0 performance by station characteristics

The performance of all the ET0 data sets were further investi
gated by grouping the stations into the different climatic 
classes and elevation. The results of each ET0 data set is 
provided in the Supplementary material, Fig. S2 and S3, with 
the MSG ET0 data set used as an example in the main text.

4.4.1 Climate class
The results of the performance assessment per climate class are 
presented in Fig. 7. The analyses show some stark differences 
in the performance of the different ET0 data sets in the differ
ent climate classes. MSG outperforms all other ET0 data sets 
for the Aw and Cs climate class (except for R2), which contains 
the majority of the stations, and could be responsible for the 
overall better performance as presented in the previous sec
tion. The performance of the different data sets also varies per 
climate class, with good performance for R2 (>0.7) for almost 
all ET0 data sets for the Cs and Cw climate classes (Fig. 7(a)), 
whereas for the dry climate classes (BS and Bw) R2 is well 
below the acceptable range for most of ET0 data sets. Similarly, 
the bias, RMSE, and RBias for these climate classes are well 
below the acceptable range.

In general, FEWSNET with low R2 and higher RMSE and 
bias is not performing well compared to other data sets for 
most climate classes, except for the Bw climate class, where it 
performs quite well (and best in terms of bias and RBias), 
although these results are based on only three stations. MSG, 
Bristol, and ET0-ERA5 are the ones performing the best in 
bias, RMSE, and RBias. MSG is the only ET0 data set that has 
a negative bias for most climate classes, whereas all the other 
data sets overestimate ET0 compared to station data.

A detailed evaluation of the performance metrics for MSG 
is presented in Fig. 8 (the analyses for the other data sets are 
presented in Supplementary material, Fig. S2 and S3). The 
analyses show that MSG performs best in the Cs and Cw 
(temperate climates), followed by the Am and Aw (tropical 
climates). These climate classes show higher R2 values in Fig. 8 
(a) and similar performance in bias, RSME, and RBias, with 
MSG underestimating ET0 in Cs and Cw climate classes and 
overestimating in Am climate class (for Aw there seems to be 
equal number of stations over- as well as underestimating ET0) 
. In contrast, BS and Bw climates show lower R2 values and 
higher (negative) bias, RBias, indicating that ET0 from MSG 
are less reliable in these drier regions. The bias values remain 
close to zero across most climate zones. However, a slightly 
larger negative bias with −0.3 and −0.8 mm day−1 is observed 
in the BS and Bw zones, respectively. ET0 estimates tend to be 
high in drier climates (Fig. 2) with larger bias; this is countered 
in the RBias graph, where the Bw values are less extreme 
compared to the bias graph (Fig. 7).

Table 6. Number of stations with the highest score based on the four metrics for each data set.

MSG Bristol AQUASTAT WaPORv2 ET0-ERA5 WaPORv3 ET0-GEOS5 FEWSNET

R2 18 41 101 5
Bias 80 28 6 3 27 13 4 4
RMSE 89 14 23 11 27 1
RBias 80 28 6 3 27 13 4 4

267 106 76 118 86 27 8 8
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The high performance of MSG, particularly in tropical and 
temperate climates in terms of bias and RMSE can be 
explained by the way it calculates ET0. Unlike the reanalysis- 
based data sets that rely on multiple meteorological inputs, 

MSG estimates ET0 using solar radiation derived directly from 
satellite observations. As described by Trigo et al. (2018), this 
approach captures more accurately the daily and seasonal 
changes in radiation and avoids errors caused by inputs like 

Figure 6. Spatial distribution of the best-performing ET0 data sets based on the evaluation metrics for each station across Western (n = 59), Eastern (n = 104), and 
Southern Africa (n = 10). Each color corresponds to a data set, representing the highest-performing ET0 data set at each station.
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wind speed or humidity. In addition, MSG’s approach aligns 
closely with the FAO reference conditions, which assume a flat, 
well-watered grass surface, which may also contribute to its 
strong performance in tropical and temperate climates. 
However, in arid and semi-arid regions where conditions 
differ from the reference surface, MSG’s performance declines.

Although MSG shows the lowest RMSE and bias for most 
climate classes, it does not produce the highest R2 values. This 
may be related to how ET0 data sets respond to temporal 
variability versus absolute accuracy. R2 measures the ability 
to capture temporal patterns, while RMSE reflects the magni
tude of error. As MSG is based only on satellite-derived solar 
radiation, it performs well in capturing daily radiation, which 
reduces overall error. However, in some climates, particularly 
where other variables like wind speed and humidity play 
a stronger role in driving ET0 (such as arid and semi-arid), 
MSG may not capture temporal fluctuations effectively. This 
results in even lower R2, even when the absolute errors remain 
small. In contrast, data sets like WaPORv2 and AQUASTAT 
that use reanalysis inputs such as wind speed may capture 
variability better but introduce larger Biases due to uncertain
ties in those inputs, particularly windspeed, which has been 
shown to contribute the largest error among meteorological 
drivers in reanalysis-based ET0 estimation (Tran et al. 2025).

A similar pattern is observed with WaPORv2, which shows 
high R2 values in tropical regions. This could be due to its use of 
MSG-derived solar radiation, combined with meteorological data 
from GEOS-5 and elevation from SRTM (FAO 2020). This 
combination allows WaPORv2 to better respond to short-term 
variability in weather conditions, which helps it achieve higher 
R2. In contrast, MSG ET0 is driven primarily by radiation and 
does not account for wind speed, humidity, or other variables. As 
a result, MSG performs better in terms of average accuracy (bias 

and RMSE), but underperforms in temporal correlation, parti
cularly in climates where non-radiative factors are more impor
tant. Despite the strong correlation of WaPORv2, it shows large 
bias and RMSE in most climate classes. This may be due to the 
resampling of its inputs, originally at different spatial resolutions, 
into a common 20 km grid. This step can introduce spatial 
mismatches and aggregation errors, especially in arid and semi- 
arid regions where environmental heterogeneity is high and 
more difficult to represent accurately (FAO 2020).

All ET0 data sets (except FEWSNET) show the highest R2 

for the Cs and Cw climate classes and no clear pattern in 
ranking for the other climate classes (see Supplementary mate
rial, Fig. S2). Except for MSG all other ET0 data sets over
estimate ET0 compared to the in-situ observations, indicated 
by a positive bias. The largest variance between data sets is 
observed in the Bw climate class with MSG showing a negative 
bias (<–1 mm day−1), ET0 data sets like Bristol and FEWSNET 
have similar but positive bias and the rest of the data set have 
significant larger positive bias (>1 mm day−1).

4.4.2 Elevation
Figure 9 shows the heatmaps of the mean performance of the 
ET0 data sets grouped per elevation class. In contrast to the 
comparison per climate class, the results are overall consistent 
across the different elevation classes, with WaPORv2 giving 
the highest R2 values for each class and MSG giving the best 
results for almost all other performance metrics. For all the 
data sets (except FEWSNET), the performance metrics 
improve with increasing elevation.

A closer look at the MSG ET0 performance shows that it 
performs better at higher elevations while lower elevations 
show greater variability (Fig. 10(a)). Figure 10(b,d) show 
that across most elevation ranges the mean of bias and 

Figure 7. Heat maps of the performance metrics; R2, bias (mm day−1), RMSE (mm day−1), and RBias (%) for ET0 data sets across climate classes (Cw, Cs, Bw, BS, Aw, Am). 
The Black boxes in each subplot highlight the best performing ET0 data set for the respective metric and climate class.
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Figure 8. Distribution of performing metrics; R2, bias (mm day−1), RMSE (mm day−1), RBias (%) for MSG ET0 across climate classes; Am, Aw, BS, BW, Cs, Cw. The blue dots 
show the number of stations used for comparison. The green area under the curve represents the kernel density estimation of the distribution. The box plot represents 
the 5th, 25th, 50th (median), 75th, and 95th percentiles of the distribution. The orange circle inside the box plot represents the mean value.

Figure 9. Heat maps of the performance metrics; R2, bias (mm day−1), RMSE (mm day−1), and RBias (%), for ET0 data sets across elevation classes (0–500 m, 500–1000 m, 
1000–1500 m, 1500–2000 m, 2000–2500 m). The Black boxes in each subplot highlight the best performing ET0 data set for the respective metric and elevation class.
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RBias are close to zero. However, the bias and RBias at the 
500–1000 m elevation range is slightly higher compared to 
the lower elevation, also for the bias and RBias the varia
bility is the highest for the lowest elevation, which also 
contains most stations. The lowest elevation is where most 
stations show a positive bias (also illustrated with 
a positive mean bias and RBias); however, for the other 
elevation classes the majority of the stations have 
a negative bias and RBias. For the RMSE, the better per
formance at higher elevation continues (Fig. 10(c)).

All ET0 data sets show a consistent higher R2 with 
increasing elevation (except for FEWSNET). This general 
improvement with elevation can be attributed to both 
physical and data-related factors. Higher-elevation areas 
usually have lower humidity, fewer aerosols, and more 
stable atmospheric conditions, which improves the accu
racy of radiation and vapor pressure inputs. In contrast, 
low-elevation and coastal regions tend to have more het
erogeneous land–atmosphere interactions and local convec
tion, which introduce noise in coarse-resolution data sets. 
Although the differences are not large for all metrics, the 
overall trend of better performance at higher elevations is 
consistent across most data sets.

4.5 Impact of input data versus parameterization

The impact of the uncertainty in meteorological input data on 
the ET0 is illustrated by the difference between ET0-GEOS5 
and ET0-ERA5 and AQUASTAT (Fig. 11(a)). These three data 
sets were calculated applying the same parameterization of 
FAO-56 PM with three different input data sets. In this case, 
the regions with higher ET0-GEOS5 are regions where GEOS5 
shows higher wind speed and lower solar radiation than ERA5 
and AQUASTAT (Tran et al. 2025). The different input data 
sets lead to a difference of −104 mm year−1 in mean annual ET0 
between ET0-GEOS5 and AQUASTAT, and 105 mm year−1 

between ET0-GEOS5 and ET0-ERA5 (Fig. 12).
The impact of the choice of parameterization on ET0 estimates 

is illustrated by comparing WaPORv2 and WaPORv3, which 
both use GEOS5 meteorological inputs but with different spatially 
calibrated parameters for net longwave radiation and different 
input elevation data (see Supplementary material, Table S1 and 
Table S2). This choice of parameters has a great impact on the 
spatial distribution of ET0 (Fig. 11(b)). This difference in para
meterization leads to a difference of −149 mm year−1 in mean 
annual ET0 between ET0-GEOS5 and WaPORv2, and 
32 mm year−1 between ET0-GEOS5 and WaPORv3 (Fig. 12).

Figure 10. Distribution of performance metrics; R2, bias (mm day−1), RMSE (mm day−1), RBias (%) for MSG ET0 across elevation classes; 0–500, 500–1000, 1000–1500, 
1500–2000, 2000–2500 m above area under the curve represents the kernel density estimation of the distribution. The box plot represents the 5th, 25th, 50th (median), 
75th, and 95th percentiles of the distribution. The orange circle inside the box plot represents the mean value.
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Although WaPORv3 has expanded the data set’s cover
age to global scale, our results show that WaPORv2 per
forms better in terms of temporal correlation with in-situ 
ET0 (R2 = 0.71 vs 0.53). However, WaPORv3 shows better 
performance in absolute accuracy, with lower bias (0.58 vs 
0.88 mm day−1), RMSE (0.98 vs 1.11 mm day−1), and RBias 
(15.53% vs 23.41%). This might be due to the changes in 
radiation input sources and adjustment of the data set. 
WaPORv2 uses MSG-derived transmissivity for solar radia
tion, whereas WaPORv3 uses GEOS-5 inputs, which have 
coarser resolution. Additionally, WaPORv3 integrates mul
tiple new data sources such as AgERA5 for temperature 
with the aim of global data production, whereas WaPORv2 
was tailored more specifically for Africa and may thus 
perform better in this region.

Results of the ANOVA analyses show that differences in 
input data explain, on average, 60−70% of the total variance in 

bias and RMSE across stations, while model parameterization 
accounts for the remaining 30–40% (Fig. 13). The dominance 
of input data uncertainty was consistent across most climates 
and elevations, particularly in humid and mid-altitude regions, 
whereas parameterization effects became more relevant in 
high-elevation areas. These findings emphasize that, for opera
tional applications such as irrigation scheduling, users should 
prioritize data sets that use high-quality or bias-corrected 
meteorological inputs (e.g. those based on ERA5). In contrast, 
in high-elevation or data-scarce areas, uncertainty from para
meterization remains significant.

5 Discussion

Our findings align with previous research that highlights accu
racy issues of spatial ET0 data sets across Africa, particularly in 

Figure 11. Comparison of five-year annual mean ET0 between ET0-GEOS5 and data sets with (a) the same parameterization and different input data (AQUASTAT and 
ERA5), and between ET0-GEOS5 and data sets with (b) different parameterization and same input data (WaPORv2 and WaPORv3).
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arid and semi-arid environments. For example, Hobbins et al. 
(2023) reported significant positive biases in FAO-56 Penman– 
Monteith-based ET0 estimates derived from MERRA2 data, 
which they validated against the SASSCAL station network. 
Their results showed significant positive bias (average +36%) 
in arid regions like Namibia. Similarly, Trigo et al. (2018) 
observed limitations in MSG-derived ET0 due to local advection 
effects in semi-arid areas. Furthermore, Weerasinghe et al. 
(2020) demonstrated biases in satellite-based evapotranspiration 
products across Africa and emphasize the importance of input 
data quality, especially under water-stressed conditions. Zimba 
et al. (2023, 2024) found substantial discrepancies in satellite- 
based Actual Evapotranspiration (AETI) in miombo woodlands 
attributed to plant phenology and seasonal dynamics, which 
shows accurate input data are crucial for capturing evapotran
spiration dynamics in ecosystems sensitive to climatic variabil
ity. Therefore, improving the quality of ET0 estimates is 
important because ET0 is a key input parameter in calculating 
AETI. Based on Weerasinghe et al. (2020), Zimba et al. (2023,  
2024), better accuracy in ET0 directly translates to improved 
AETI estimations, particularly in ecosystems sensitive to cli
matic variations such as miombo woodlands. Enhancing the 
accuracy of ET0 thus improves the reliability of water balance 
analyses, irrigation scheduling, and agricultural water 
management.

To improve future ET0 data sets, it is important to not only 
to increase the resolution, but also to combine different types 
of local station data. For instance, Rajput et al. (2024) and 
Ndiaye et al. (2020) suggest that blending satellite radiation 
data with better reanalysis weather data can help reduce bias 
and better represent local variation. Recent studies also suggest 
that machine learning models can improve ET0 estimates, 
particularly in areas where station data are limited. Yonaba 
et al. (2024) showed that these models can capture complex 

patterns in weather data and perform better than traditional 
methods in semi-arid climates. Kiraga et al. (2024) and Rajput 
et al. (2024) also used AI tools like genetic algorithms and 
model combinations to improve ET0 accuracy. These findings 
suggest that combining different data sources and using 
improved models can help create better ET0.

Here we discuss two main challenges in this study, first the 
availability of stations and second the challenges of validating 
point data to pixel values.

5.1 Availability of in-situ stations

The availability of ground observations for the study period 
(2018–2022) in the area of interest is limited and biased, and 
the spatial distribution of the stations is uneven across Africa. 
We only managed to obtain stations in three regions of Africa 
(East Africa, West Africa, and South Africa) from the TAHMO 
network, with the majority of stations located in the tropical 
savannah climate class (Aw 64% of the stations), although this 
only covers 27.8% of the total area of the continent (see Table 2). 
The results are therefore most reliable for Aw climate class and 
conclusions for arid zones (BS/Bw) should be considered less 
certain. The underrepresentation of in-situ stations (three sta
tions) located in the arid, desert, hot climate class (Bw), which 
covers 44.3% of the continent, is an example of this. This area 
specifically is where the major differences are observed between 
MSG and the other ET0 data sets (Fig. 2). Even though a large 
part of this area is not inhabited, some of the largest irrigation 
schemes of the continent are located in this area, for example the 
Nile Delta in Egypt, Gezira scheme in Sudan, and the Office du 
Niger in Mali. The high variance between the different ET0 data 
sets in these areas will therefore affect the crop water require
ment estimations and irrigation scheduling recommendations. 

Figure 12. The distribution of the difference in mean annual ET0 (mm year−1) between ET0-GEOS5 and products with the same parameterization and different input 
data (AQUASTAT and ET0-ERA5) and products with the different parameterization and same input data (WaPORv2 and WaPORv3). Outliers are shown as individual 
points, with boxes representing the interquartile range and the central line represents the median.
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The validation of the MSG ET0 data set (Fig. 8) shows a low 
performance in this climate class, showing a significant negative 
bias and low R2. On the other hand, the results of the other data 
sets (Fig. 7) all indicate positive biases, with Bristol and 
FEWSNET showing the smallest bias.

Despite the quality control applied to the in-situ data set, 
the performance of ATMOS-41 sensors has limitations that 
could influence the ET0 validation results. For instance, tem
perature sensors may exhibit slight biases under strong solar 
radiation and low wind conditions, and the radiation sensor 

Figure 13. Distribution of the relative contribution to the total variance (%) in station-level ET0 performance explained by two sources: input data and model 
parameterization. Results are shown (a) across all stations, (b) by climate classes, and (c) by elevation classes. Within each group, bias and RMSE are presented as 
adjacent bars. The blue segments represent the contribution of input data, and the green segments represent the contribution of parameterization, numeric labels 
inside the bars indicate the corresponding percentages.
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may slightly underestimate high radiation levels (Mohit Anand 
and Molnar 2018, Dombrowski et al. 2021). Furthermore, an 
average of 27.8% of the data was missing across stations during 
the study period, which may affect the reliability of daily ET0 
estimates at some stations.

5.2 Validating point to pixel values

Due to the coarse resolution of the ET0 data sets (highest 
resolution 5 km), a validation with a point measurement can 
be tricky. However, the comparison with applying a weighted 
average of all stations within one pixel showed negligible 
difference in the performance of the data sets compared to 
the pixel to point comparison (see Supplementary material, 
Fig. S1). For the higher-resolution data sets this can be 
explained as there are few pixels with multiple stations, for the 
ET0 data set with the lowest resolution (FEWSNET), the dif
ferences show a slight improvement of the R2 and bias.

A detailed analysis is provided in Fig. 14 which shows for two 
locations, one in East Africa and one in West Africa, 
a FEWSNET grid cell (100 km) with multiple ground stations 
within it (15 each). In our analyses the ground station data is 

compared to the value within the grid it falls, without consider
ing the spatial variability of the ET0 (the background shows this 
spatial variability by presenting the MSG ET0 data). The com
parison of the timeseries of the 15 stations compared to the 
FEWSNET grid value shows that all stations show a significant 
negative bias against the FEWSNET data throughout the time 
series, but with a similar temporal pattern. The stations also 
show the variability of observed ET0 within the FEWSNET grid.

The performance results for the two grids are presented 
in Fig. 15. Overall, it shows large variability of the perfor
mance indicators from one station to another. Although 
this could be related to data quality of the stations it also 
shows the variability of ET0 within the different grids. 
While expectations are that the variability of performance 
would be higher for the ET0 data sets with lower resolu
tion, this is not apparent in the analyses. The highest- 
resolution MSG shows the largest variability of R2 among 
stations within the grids, which shows that higher resolu
tion does not necessarily capture ET0 variation at each site. 
Similar to Fig. 5, the performance indicators show that data 
sets with lower resolution show worse results compared to 
data sets with higher resolution. One exception is 

Figure 14. Spatial visualization of the grids from FEWSNET (Black), WaPORv3 (green), and AQUASTAT (red), along with the temporal variability of selected FEWSNET 
grids (Grid 1 and Grid 2) compared to station data within the corresponding grids from 2018 to 2022. The map (top left) highlights the location of the grids in Africa.
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WaPORv2 data, which show good correlation with in-situ 
data, but with large bias and error.

The results show that the choice for the pixel to point 
validation approach did not influence the statistical results 
of this validation study. However, the high-resolution ET0 
data and station data show that the spatial variability for 
ET0 is not captured well for the ET0 data set with the 
lowest resolution (FEWSNET); however, higher-resolution 
data such as MSG do not necessarily mean better perfor
mance in each station.

6 Conclusion and recommendations

The primary aim of this study was to evaluate eight ET0 
data sets over Africa by comparing them against in-situ 
observations from 165 weather stations. The results reveal 
that the largest variance among the ET0 data sets is 
observed in the drier parts of Africa (Bw climate) where 
some of the largest irrigation schemes of the continent are 
located. In particular the MSG estimates much lower ET0 
in those areas compared to the other ET0 products. On the 

other hand, FEWSNET has the best performance in this 
climate class even though there is still a significant positive 
bias. The results are not conclusive as the number of 
stations (only three stations) in this climate class, which 
covers 44.3% of the continent, used for validation are not 
fully representative. The performance assessment shows 
that higher-resolution data sets (e.g. MSG, Bristol) overall 
perform better compared to low resolution ET0 data sets 
(e.g. FEWSNET).

MSG may be suitable for applications where accurate aver
age ET0 values are important, particularly in tropical and 
temperate regions. Its low bias and RMSE across most climates 
support its use for magnitude-based analyses. In contrast, 
WaPORv2 shows the highest temporal correlation with in- 
situ ET0 and may be more useful for tracking seasonal or short- 
term ET0 dynamics. In arid and semi-arid regions, most data 
sets tend to overestimate ET0, particularly ET0-GEOS5 and 
FEWSNET, which show high bias. This can lead to excessive 
irrigation recommendations, resulting in inefficient water use. 
Where possible, local validation or bias correction of ET0 data 
sets is recommended before using them in operational deci
sion-making.

Figure 15. Validation metrics of stations within selected FEWSNET grids (Grid 1 and Grid 2). Outliers are shown as individual points, with boxes representing the 
interquartile range and the central line represents the median.
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The results of this study show that the accuracy of ET0 data 
sets depends not only on their spatial resolution, but also on 
the type and quality of the input data used. Our analysis 
comparing data sets that utilize identical models with varying 
input data versus data sets employing different models con
firms that input data quality has large impact on ET0 accuracy. 
Further investigation is required to precisely identify and 
address sources of positive Bias in FAO-56 Penman– 
Monteith-based data sets. Specifically, meteorological correc
tions, such as wind speed adjustment from 10 m to the stan
dard 2 m height, may play a significant role in observed 
inaccuracies.

In summary, to effectively support irrigation planning and 
crop water requirement estimation in Africa, and to address 
the gaps in arid and semi-arid regions (BS/Bw), expanding 
weather-station coverage is essential, with priority given to 
irrigated areas where operational ET0 accuracy is most critical. 
New sites should include high-quality radiation and wind 
measurements at standard heights to enable regional bias- 
correction of gridded inputs and support validation of spatial 
ET0 data sets. Future versions of data sets such as WaPOR 
should use these observations for calibration and validation, 
integrating regional bias-correction of input meteorology. 
Additionally, improving the accuracy of input meteorological 
data is important, as this directly influences ET0 data set 
performance and subsequently impacts agricultural productiv
ity and water resource management across diverse African 
climates.
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