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reanalysis products are used for estimating the aridity index (AI) in Ghana, West Africa. The 
NASA estimates are compared and bias-corrected with temperature-based potential evapotrans
piration estimates and rainfall data from 22 synoptic climate stations. The cumulative distribution 
function (CDF) matching technique was used for bias correction 
New Hydrological Insights for the region: The results indicated a previous 36% over-estimation of 
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NASA POWER data compared with the station-based estimation. Post bias-correction, the 
satellite-based estimates showed substantial improvements, as evidenced by a correlation coef
ficient of R2 = 0.87. The rectified data suggests that with accurate interpretations and calibra
tions, satellite-based metrics can play a pivotal role in advancing hydrological studies and water 
resource management in West Africa Sub-region. This insight underscores the potential of satellite 
data in augmenting regional hydrological research, establishing a foundation for similar studies in 
analogous global environments.   
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1. Introduction 

Nowadays, freshwater scarcity has emerged as a leading environmental challenge, and efforts to assess and manage water resources 
is critical for sustainable development (Boltz et al., 2019; Zhang et al., 2020; Mu et al., 2021). Technically, the absolute amount of fresh 
terrestrial water available to any region for sustainable application is largely an index of the prevailing climate setting (McDonald 
et al., 2011). Current reports indicate that due to the effects of global warming and climate change, there has been a significant 
decrease in terrestrial water volume by over 90,000 km3 . Concurrently, it is observed that nearly 180,000 km3 of water has become 
available in different regions over the past 30 years. This redistribution of water resources, which includes increases in some areas at 
the expense of severe depletions in others, contributes to the complex water crisis affecting many regions, particularly urban areas 
(Greve et al., 2018; Zhan et al., 2019). 

According to Jung et al. (2010) and Oki and Kanae (2006)), nearly 70% of annual cumulative rainfall along with terrestrial water 
returns to the atmosphere via evaporation and transpiration, which may exceed 95% in arid and arid-prone climates globally. 
Therefore, evapotranspiration (ET) as an index of the atmosphere’s evaporative power and thus the linking mechanism between land 
surface and the atmosphere is a potential tool for regional water resource monitoring and assessment (Zhan et al., 2019; Mueller et al., 
2011; Mueller et al., 2013). As a result, the slightest change in climatic factors such as temperature might create an imbalance in water 
uptake via ET against precipitation, leading to potential water resource depletion. An accurate knowledge of the spatiotemporal 
pattern and changes in ET across a region is therefore essential for estimating regional water budgets and developing water man
agement protocols (Anderson et al., 2012; Afzaal et al., 2020). In this regard, an Aridity Index (AI) which incorporates the interplay of 
rainfall, temperature, and evapotranspiration, was developed as a diagnostic climate index tool, defined based on water availability at 
a particular location has been used to monitor and predict drought, demarcate desert-sensitive regions, as well as develop water 
resource management and ecosystem sustainability (McDonald et al., 2011; Nastos et al., 2013; Liu et al., 2013). According to the 
World Meteorological Organization (WMO) Handbook of Drought Indicators and Indices, a higher Aridity Index value signifies a larger 
PET compared to precipitation, serving as an indicator of the potential for water scarcity in a region (Moral et al., 2016; Svoboda and 
Fuchs, 2016). 

The Food and Agriculture Organisation’s (FAO) Aridity Index (the ratio of mean annual values of rainfall and evapotranspiration) is 
a widely used method to assess regional spatio-temporal patterns of aridity and water resource availability (Nastos et al., 2013; 
Bannayan et al., 2010). For example, McDonald et al. (2011) used the FAO AI as a proxy measure to develop a framework for global 
water availability towards future urban growth, due to limited water data for many regions. Gudmundsson et al. (2016) demonstrated, 
using probability and statistical analysis, that the sensitivity of water availability to the FAO AI is especially strongest for humid 
regions. The PET component is usually estimated by the FAO recommended Penman-Monteith equation (FAO 56 PM), computed from 
four meteorological variables: temperature, relative humidity, wind speed, and solar radiation, found to yield good estimations for a 
wide range of ecosystems (Córdova et al., 2015; Garcia et al., 2004; López-Urrea et al., 2006; Xing et al., 2008). A major bottleneck, 
however, is the substantial data requirements which are often unmet due to data scarcity, thus poses application challenge (Stöckle 
et al., 2004; Trajkovic and Kolakovic, 2009; Li et al., 2012; Rahimikhoob et al., 2012). This is especially the case for developing 
countries as well as many tropical regions (Droogers and Allen, 2002; Exner-Kittridge and Rains, 2010; Gocic, Trajkovic, 2010; Tabari, 
2010; Hou et al., 2013; Wohl et al., 2012). Due to this, a plethora of alternative methods are used. For example, the Hargreaves 
(Hargreaves et al., 1985) equation allows the estimation of PET based only on temperature data and has been tested for many regions 
including the Bolivian altiplano (Garcia et al., 2004), Florida (Martinez and Thepadia, 2010), Iran (Fooladmand et al., 2007), Tanzania 
(Igbadun et al., 2006), and China (Xu et al., 2013). Additionally, satellite-based estimations have emerged as state-of-the-art ap
proaches in recent decades (Moletto-Lobos et al., 2020; Dile et al., 2020). 

Given this context, water resource depletion vis-à-vis drought incidence and arable land losses are critical issues for the Southern 
West Africa (SWA) region, situated between the Gulf of Guinea and the vast Sahara Desert. The region has been identified as 
particularly vulnerable to global drought, as recent satellite data has indicated a southward extension of the desert by nearly 100 km, 
exacerbating the ecological stress and contributing to a northward rise in temperatures (Masih et al., 2014; Klutse et al., 2020; Liu, Xue, 
2020). The northern half of this region has been identified as most vulnerable to water crisis and drought, primarily due to the 
increasing heat waves associated with the desert’s expansion (Masih et al., 2014). Other studies also show that the southernmost half of 
the region is equally vulnerable (Rain et al., 2011; Soro et al., 2013). 

In light of these pressing challenges, this work endeavored to evaluate the performance of NASA’s Prediction of Worldwide Energy 
Resources (NASA-POWER) gridded satellite-based reanalysis products from for estimating the Aridity Index as a proxy measure of 
water resource availability within Ghana in the SWA region. The NASA-POWER data developed at the NASA Langley Research Centre 
provides a wider spatial coverage for temperature and rainfall on a 0.5◦ geographical coordinate grid globally. First, the products were 
assessed and bias corrected, to ensure all-round performance evaluation. Secondly, AI was estimated based on PET computed using a 
Climate Data Toolbox (CDT) script in MATLAB, which is adaptable to different climatic conditions. The performance is based on 
comparison with AI values estimated from in-situ climate data. At present, this effort is not well explored in the sub-region. 

2. Methodology 

2.1. Climate and geography of study area 

Ghana is a West African coastal country located within latitudes 4.5◦ N and 11.5◦ N and longitudes 3.5◦ W and 1.5◦ E, and 
interlocked by Cote d′Ivoire, Togo, Burkina Faso and the Gulf of Guinea to the West, East, North and South respectively. The total land 
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cover is approximately 240,000 Km2 and climate is typically tropical monsoon system (Asilevi et al., 2022; Amekudzi et al., 2015).  
Fig. 1 shows the map of the study area indicating the geographical positions of the twenty-two (22) synoptic stations where tem
perature and rainfall gauges’ measurement datasets were collected. 

The broader West African region, characterized by a diverse mosaic of ethnicities and cultures, sustains a population exceeding 380 
million (Ahanhanzo et al., 2021). The major livelihood of the populace pivots around agriculture, while the region is fortified by varied 
reserves of natural resources, vegetation cover, and cash crops such as cocoa. Ghana’s ecological tapestry is woven with varied 
bioclimatic zones: the Coastal Zone featuring mangroves and coastal savannahs, endangered by rising sea levels; the Forest Zone, the 
green lung housing tropical rainforests, now facing deforestation; the Transition Zone, a blend of woodlands and savannahs; and the 
Savannah Zone, with its sprawling grasslands, contending with water scarcity (Brandt et al., 2020; Ndehedehe et al., 2019; Du et al., 
2019). 

The West African Monsoon (WAM) system plays a pivotal role in the region’s climate, primarily influenced by the oscillatory 
migration of the Inter-Tropical Discontinuity (ITD) (Hill et al., 2016; Hill et al., 2018). As a result of this climatic influence, the region 
distinctly experiences two primary seasons: the wet and the dry. Deepening our understanding, global climate models have under
scored the WAM’s pronounced sensitivity to atmospheric cloud-radiation interactions (Hill et al., 2016; Danso et al., 2019). Building 
upon this Asilevi Junior et al. (2022) and Nkrumah et al. (2014) studied the interplay of cloud cover, solar radiation, and precipitation 
in the region relating to the hydrological system and land-atmosphere-ocean dynamics to understand variations in the Potential 
Evapotranspiration (PET) across the sub-region. 

2.2. Data 

2.2.1. Ground-based measurement datasets 
For this study, ground measurements were sourced from the Ghana Meteorological Agency (GMet), covering a period of 30 years 

(1987–2016). The data include daily minimum and maximum air temperatures (Tmin and Tmax, 
◦C), relative humidity (RH %), wind 

speed (u, ms− 1), sunshine duration (SD, hours), and rainfall (R, mm). These measurements were collected from 22 distinct synoptic 
stations, as illustrated in Fig. 1, ensuring a good representation across all four primary climatic zones of the region. GMet oversees the 

Fig. 1. Hydrological map of study area, Ghana - West Africa, showing network of water bodies across the four main climatological zones, and 
twenty-two synoptic measurements stations, maintained by the Ghana Meteorological Agency. 
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collection, quality control, and archiving of measurement datasets. A series of basic quality control checks were further carried out to 
ensure data accuracy and suitability. First, the relevant period of 1987–2016 was selected based on consistency of data for each 
parameter, ensuring not > 15% missing data. All outliers were replaced with not available (NA) to compute monthly averages. The 
daily rainfall datasets were taken with twenty-two (22) gauges mounted at each synoptic station, which have not suffered changes in 
location. The rainfall datasets were checked to ensure strict adherence to the rainfall climatology: bi-modal and mono-modal rainfall 
regimes in the southern half (Coastal and Forest zones) and northern half (Transition and Savannah zones) respectively (Asante and 
Amuakwa-Mensah, 2014). 

2.2.2. Satellite-based reanalysis datasets 
The satellite-based reanalysis weather products - minimum and maximum air temperatures (T′

min and T′
max, ◦C), extraterrestrial 

solar radiation (Ho, MJm− 2day− 1), and rainfall (R′, mm) - spanning equal period as measurement data were retrieved from the National 
Aeronautics and Space Administration - Prediction of Worldwide Energy Resource (NASA - POWER) agro-climatological repository 
downloadable via a user friendly web-based mapping portal: https://power.larc.nasa.gov/data-access-viewer/ (Zhang et al., 2008) on 
a global scale at 0.5◦ grid area. The NASA-POWER products i.e. T′

min, T′
max, Ho, and R′ are developed from assimilation models based on 

the Goddard Earth Observing System (GEOS) and the Modern Era Retrospective-Analysis for Research and Applications (MERRA-2) 
(Rienecker et al., 2011; Suarez et al., 2005). The data assimilation models, based on principles of atmospheric dynamics are used to 
estimate the weather parameters, relying on atmospheric observations, developed under specific model conditions. The computational 
models are designed to synthesize and optimize observed and modeled atmospheric variables by incorporating a range of observations 
including land surface pressure, ocean surface sea level pressure and winds, radar-based sea level winds, upper-air data from ra
winsondes, drop sondes, pilot balloons, and aircraft winds, atmospheric satellite observations (e.g., moisture profile, total precipitable 
water, and single level cloud motion vector winds obtained from geostationary satellite images) (Molod et al., 2015; White et al., 
2008). Table 1 summarizes the source and temporal coverage for each meteorological parameter. 

The reanalysis products have been statistically validated against a global pool of station measurements from the National Center for 
Environmental Information (NCEI) and the Baseline Surface Radiation Network (BSRN) of the World Radiation Monitoring Center 
(WRMC), showing reasonable biases less than 15% (Monteiro et al., 2018; Stackhouse Jr et al., 2006). The products have become useful 
to a broad range of scientists and engineers in renewable energy (Stackhouse Jr et al., 2006) and agriculture (Ojeda et al., 2017; Bai 
et al., 2010; Savary et al., 2012). 

To conduct a comprehensive performance evaluation, the NASA-POWER reanalysis products were first compared with station 
measurement datasets. The products were then bias corrected to evaluate simulation performance under enhanced conditions. A bias 
correction technique using Cumulative Distribution Function (CDF) matching was applied to minimize biases for improved repre
sentation of local climatology. Basically, the CDF of each station observation data i.e., Tmin, Tmax, and R (CDFo) is plotted along with the 
corresponding CDF of satellite-based data i.e., T′

min, T′
max, and R′ (CDF′), then the satellite-based data is rescaled according to CDFo. The 

difference in their CDFs is plotted against the satellite-based data to fit a polynomial function of nth degree. Then, the inverse CDF of 
CDFo gives a final corrected time series of the satellite-based data as shown in Eq. 1 (Singh et al., 2020; Michelangeli et al., 2009). 

T′′
min,T

′′
max,R

′′ =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

CDF− 1
Tmin

[CDFT′
min

(
T′

min

)
]

CDF− 1
Tmax

[CDFT′
max

(
T′

max

)
]

CDF− 1
R′ [CDFR′(R′)]

(1)  

where T′′
min,T

′′
max, and R′′represent the final bias corrected NASA-POWER products, CDFT′

min
, CDFT′

min
, and CDFR′ represent the CDFs of 

NASA-POWER products minimum temperature, maximum temperature, and rainfall respectively. 

2.3. Aridity index calculation 

The FAO Aridity Index is the ratio of mean annual rainfall (R) and potential evapotranspiration (PET) (McDonald et al., 2011). 
Table 2 shows the climate-type classification in relation to water availability (McDonald et al., 2011; Moral et al., 2016). 
In principle, aridity as a natural phenomenon is a permanent imbalance in the water availability at a location, characterized by low 

Table 1 
Source and temporal coverage of daily NASA-POWER climatological parameters (White et al. 2008; Monteiro et al. 2018).  

Parameter Source Temporal coverage Availability from present data 

Daily maximum and minimum 
temperatures, daily 
average temperature 

Goddard Earth Observing System 
(GEOS) assimilation model, Version 4 
GEOS, Version 5.01 
GEOS, Version 5.1 

January 1983 to December 2006 
January 2007 to December 2007 
January 2008 to present 

≤ 1 month 

Precipitation Satellite and ground observations 
from the TRMM and GPCP projects 

January 1997 to present ≤ 2 month 

Solar radiation Satellite observations July 1983 to June 2006; July 
2006 to present 

≤ 1 month  
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average annual rainfall, along with high spatio-temporal variability, resulting in overall low moisture and low water carrying capacity 
of the ecosystem (Pereira et al., 2002). Whereas ecosystems typically exhibit resilience to endemic aridity, substantial deviations from 
established aridity baselines can destabilize hydrological equilibrium (McDonald et al., 2011; Nastos et al., 2013; Bannayan et al., 
2010). 

The NASA - POWER datasets i.e., T′
min,T′

max, and Ho were used to compute PET following Hargreaves and Samani (1985) in Eq. 3: 

PETHS = 0.0135 × KT/λ(Tmean + 17.8)(Tmax − Tmin)
0.5Ho (3)  

where PETHS is the NASA-POWER Hargreaves - Samani based potential evapotranspiration (mm day− 1), Tmean is the mean of Tmax and 
Tmin, λ is the latent heat of water vaporization (2.45 MJ kg− 1), and KT is the adjustable empirical coefficient. 

The performance of NASA-POWER products to estimate AIFAO over the study area was evaluated based on AIFAO estimated from the 
FAO recommended Penman-Monteith equation (FAO 56 PM) shown in Eq. 4 using the station derived datasets i.e., Tmin, Tmax, RH, u, 
SD, and R (Allen et al., 1998). 

PETPM =
0.408Δ(Rn − G) + γ 900

T+273u2(es − ea)

Δ + γ(1 + 0.34u2)
(4)  

where PETPM is the station based FAO 56 PM evapotranspiration (mm.day− 1), Rn is the net radiation at vegetation surface (MJ m− 2. 
day− 1), computed according to the method described in Allen et al. G is the soil heat-flux density (MJ m− 2.day− 1), which according to 
Allen et al. (1998) can be considered as zero for computation on daily scale, T is the mean air temperature (◦C) taken at 2 m height, u2 is 
the wind speed taken at 2 m height (ms− 1), es and ea are the saturation and actual vapor pressures respectively (kPa), computed from 
the relative humidity data, (es - ea) is the saturation vapor pressure deficit (kPa), Δ is the slope of the vapor pressure curve (kPa◦C− 1); 
and γ is the psychrometric constant (kPa◦C− 1). 

The computations were performed using functional scripts in the Climate Data Toolbox (CDT) for MATLAB, modified and adapted 
for any climate (Greene et al., 2019). 

2.4. Statistical evaluation methods 

To evaluate performance of the NASA-POWER reanalysis products against measurement data, the following statistical methods for 
deviation and correlation analysis in Eqs. 5–7, each showing a complimentary result were used: Standard deviation (σ), Mean bias 
difference (MBD), and the coefficient of determination (R2) for n observations. 

σ =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1

n − 1
∑n

i=1
(x − μ)2

√

(5)  

MBD =
1
n
∑n

i=1
(xm − xNP) (6)  

R2 = 1 −
SSres

SStot
(7)  

where x is the study parameter, xm and xNP are the station measurement and NASA-POWER derived variables respectively. SSres =
∑n

i=1(xm − xNP)
2, is the sum of the squares of the differences between the station data and the NASA-POWER data, and SStot =

∑n
i=1(xm − xm)

2, is the sum of the squares of the differences between the observed values and their mean. Here, xm represents the mean 
of the station data. The arithmetic mean of any dataset is µ (Khosravi et al., 2019). 

The standard deviation (σ) was used to check the upper and lower limits of distribution around the mean deviations between the 
ground data and NASA-POWER reanalysis data in order to ascertain violations between both observations (Mahmoud et al., 2010). The 
MBD is a good indicator for under or over-estimation in observations, with MBD values closest to zero being desirable. The coefficient 
of determination (R2) was used to quantify the degree to which the variance in the ground data can be predicted from the reanalysis 
dataset (Nagelkerke, 1991; Khosravi et al., 2019). 

Table 2 
Climate classification according to AIFAO (Moral et al., 2016).  

Climate zones Aridity index 

Hyper arid AIFAO< 0.05 
Arid 0.05 ≤ AIFAO< 0.20 
Semi-arid 0.20 ≤ AIFAO< 0.50 
Dry sub-humid 0.50 ≤ AIFAO< 0.65 
Wet sub-humid 0.65 ≤ AIFAO≤ 0.75 
Humid AIFAO> 0.75  
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2.5. Gridding by Inverse Distance Weighting (IDW) 

Finally, to develop a spatial appreciation of the estimated Aridity Index across the study area, a spatial interpolation of the data was 
performed using the Inverse Distance Weighting (IDW) method. Widely used in geographic information systems, this technique 
generates continuous surfaces from discrete data points and is particularly effective for environmental and atmospheric data (Susanto 
et al., 2016). IDW operates on the principle that closer points exert greater influence on the interpolated value than distant ones, 
ensuring an accurate spatial representation of climatic variables (Setianto and Triandini, 2013). 

Computationally, the original IDW interpolation technique follows Eqs. 8–10 as presented by Shepard (1968): 

ẑ(x0) =
∑N

i=1
λ(dsi )i • vi (8)  

λ(dsi )i =
d− us

si
∑N

i d− us
si

(9)  

dsi =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(xi − x)2
+ (yi − y)2

√

(10) 

A key advantage of the IDW method is its effectiveness in reflecting local variations and trends, making it particularly suitable for 

Fig. 2. Spatial distribution of long-term monthly mean (a) station maximum temperature (Tmax), (b) NASA-POWER maximum temperature (T′
max), 

(c) bias corrected NASA-POWER maximum temperature (T′′
max), (d) station minimum temperature (Tmin), (e) NASA-POWER minimum temperature 

(T′
min), and (f) bias corrected NASA-POWER minimum temperature (T′′

min). 
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climatological studies. 

3. Results and discussions 

3.1. Evaluation of NASA-POWER gridded data 

Initial analysis centered on the gridded products from NASA’s Prediction of Worldwide Energy Resources (POWER) project, uti
lizing the data to examine regional temperature and rainfall patterns across the study area. The evaluation presented in Figs. 2a - 2f 
involved a comparison between monthly mean NASA-POWER derived maximum and minimum temperatures (T′

max,T′
min) and ground- 

based station measurements (Tmax, Tmin), with subsequent bias adjustment to the NASA-POWER temperatures (T′′
max, T′′

min). The spatial 
distribution of long-term monthly mean maximum and minimum temperatures revealed distinct seasonal trends, with peaks in Tmax 
during February and May, and a significant rise in October-December, which was especially pronounced in the northern half of Ghana. 
The NASA-POWER data demonstrated a tendency to overestimate Tmax, with differences ranging from 0.24◦ to 7.65◦C above the 
station records, particularly notable during the peak seasons. The mean maximum temperature derived from NASA-POWER was 
consistently higher than the ground-based measurements, with margins of 4.81, 5.46, 3.24, and 0.98 ◦C for the Savannah, Transition, 
Forest, and Coastal zones, respectively (Fig. 2b). 

After applying bias correction, a notable reduction in the over-estimation was observed, with mean zonal differences of − 0.03, 1.1, 
0.1, and − 0.2 ◦C, respectively (Fig. 2c), indicating an improved alignment with ground-based observations. The adjusted R2 values 
also showed a modest enhancement from 0.6 to 0.79, suggesting that the bias correction could help enhance the precision of NASA- 
POWER temperature data for regional climate studies. 

Conversely, the mean minimum temperature from NASA-POWER (T′
min) was underestimated, particularly in the Savannah, 

Transition, Forest, and Coastal zones, by − 5.2, − 4.0, − 2.9, and − 1.5 ◦C, respectively (Fig. 2e). The bias-adjusted values for T′
min 

(Fig. 2f) displayed a more accurate match with station data, with R2 improvements from 0.39 to 0.77, underscoring the potential of 
bias adjustment in mitigating systemic errors in the NASA-POWER dataset. 

Comparative analysis with other studies corroborates our findings (White et al., 2008). For instance, the most significant 
discrepancy in Tmax (over-estimation of 7.64 ◦C) was recorded at Abetifi, correlating with its high elevation, while the smallest 
under-estimation of Tmin was observed in the mountainous northern half. 

This was been attributed to the fact that, NASA-POWER data are representative of mean values for an entire grid area, such that for 
mountainous areas, the actual station elevation may differ significantly from the mean NASA-POWER grid area elevation (White et al., 
2008; Stackhouse Jr et al., 2006). This regional variability accentuates the necessity of localized calibration for global climate models, 
ensuring their utility and relevance in regional climatological research. 

Fig. 3 presents a comparative assessment of long-term monthly mean rainfall across different locations within the study area, as 
measured by ground stations (Fig. 3a), estimated by the NASA-POWER reanalysis dataset (Fig. 3b), and following bias correction 
(Fig. 3c). Examination of the spatial and temporal patterns indicates that NASA-POWER rainfall estimates generally exhibit a high 
degree of congruence with gauge measurements, particularly capturing the overall trend of increasing rainfall from January to the 
peak in the rainy seasons. 

Fig. 3. Spatial pattern of long-term monthly mean rainfall for (a) station gauge measurement, (b) NASA-POWER, and (c) bias-corrected 
NASA-POWER. 
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However, certain discrepancies are noticeable between the observed and NASA-POWER data, with NASA-POWER typically 
overestimating rainfall during the peak rainy months. This is particularly evident over regions that experience a bimodal rainfall 
pattern, which the raw NASA-POWER data occasionally smears into a less distinct pattern. Following bias correction, there is a 
pronounced refinement in the representation of these seasonal peaks, enhancing the dataset’s fidelity to observed climatology (Asilevi 
et al., 2022; Hill et al., 2018). 

Quantitatively, the original NASA-POWER data showed minor discrepancies, which were addressed through bias correction. This 
significantly improved the coefficient of determination for rainfall estimates, especially in the northern half of the study area. Such 
enhancements validate the dataset’s applicability for hydrological research once corrected. 

Fig. 4 shows the results of bias correction experiments leading to improvement of the NASA-POWER data as displayed in Figs. 2c, 
2f, and 3c. Basically, we reduced biases in the reanalysis datasets by cumulative distribution frequency (CDF) matching method with 
reference to the station datasets. It is seen that reanalysis temperature datasets are the most biased compared to rainfall. For NASA- 
POWER maximum temperature (T′

max), an absolute mean bias of 3.4 ◦C is reduced to 0.14 ◦C (Fig. 4a), whereas for NASA-POWER 
minimum temperature (T′

min), an absolute mean bias of 3.2 ◦C is reduced to 0.12 ◦C (Fig. 4b), both depicting marginal under- 
estimation. 

In the case of rainfall (Fig. 4c), an initial absolute mean bias of 0.37 mm is reduced to 0.001 mm, commensurate with improved R2 

from 0.85 to 0.93. Table 3 summarizes a comparison of the mean values for both station datasets derived from the GMet and the NASA- 
POWER reanalysis archives. 

Using the bias-corrected data, Climatological Adjustment Factors (CAF) were developed to adapt the gridded NASA-POWER data to 
local climatology. The mean CAFs for maximum temperatures were 1.14 for Savannah, 1.17 for Transition, 1.11 for Forest, and 1.03 for 
Coastal zones, while for minimum temperatures, they were 0.76, 0.82, 0.87, and 0.94 for the respective zones. This adjustment 

Fig. 4. Improved NASA-POWER reanalysis data by CDF matching technique for (a) maximum temperature (Tmax), (b) minimum temperature (Tmin), 
and (c) rainfall. Black line is the CDF of station measurement data, red line and red dash line are the CDF of NASA-POWER (biased) and bias 
corrected NASA-POWER datasets. 
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technique has been used to develop the Climate Data Tool (CDT) by The ENACTS (Enhancing National Climate Services) initiative 
under the International Research Institute for Climate and Society (IRI) (Dinku et al., 2022) for merging station data and proxy data. 

3.2. Performance of NASA-POWER products for AI based water resource assessment 

From the initial assessment presented in Section 3.1, the objective of this work is to evaluate the performance of NASA-POWER 
reanalysis products for Aridity Index -based water resource availability distribution. Fig. 5 compares Aridity Index distribution 
maps developed from long-term mean evapotranspiration and precipitation datasets derived from station measurements and NASA- 
POWER based on equation 2. The maps are generated by inverse distance weighting (IDW) in ArcGIS spatial mapping tool version 10.8. 

Fig. 5a, which represents the assessment standard, is the FAO Aridity Index (AIFAO) constructed based on the FAO 56 PM 
evapotranspiration estimated using station data. As shown in Fig. 5a and referencing Table 2, AIFAO ranges 0.47–1.14 representing 
77% humid to wet sub-humid climate land area (green) prevalently over the forest climate zone and 23% dry sub-humid to semi-arid 
land area mainly over the northern Savannah (brown) and pockets of the coastal stretch (red). The as-retrieved NASA-POWER based 
Aridity Index (AI′FAO) ranging 0.26–0.97 estimated 41% humid to wet sub-humid climate land area covering the south region and 59% 
dry sub-humid to semi-arid climate land area across the middle and entire northern half (Fig. 5b). The bias corrected NASA-POWER 
based Aridity Index (AI′′FAO) ranging 0.55–1.03 estimated 73% humid to wet sub-humid climate land area and 27% dry sub-humid to 
semi-arid climate land area (Fig. 5c). In relative terms, AI′FAO overestimated the stretch of dry lands whiles underestimating the stretch 
of wetlands. Contrarily, the improved AI′′FAO showed good agreement with AIFAO with the percentage stretch of wet and dry climate 
land areas. The improvement in AI′′FAO compared with AI′FAO is shown in Fig. 6. As aforementioned, the aridity index distribution is an 
indicator of water availability or deficit based on the long-term climatological balance between precipitation and evapotranspiration 
(Moral et al., 2016; Gebremedhin et al., 2018; Tabari et al., 2014). 

The AI distribution in Figs. 5a and 5b are more consistent with annual rainfall distribution over the area (Amekudzi et al., 2015; 
Nkrumah et al., 2014). Climatologically, the southeastern region of Ghana is the rainfall hub of the country, with annual cumulative 
rainfall reaching 1500 mm (Asante and Amuakwa-Mensah, 2014). Furthermore, the region has the highest mean cloud cover distri
bution, and consequentially the lowest intensity of solar radiation (Asilevi et al., 2022; Danso et al., 2019). Therefore, these conditions 
favor a more humid climate hence a high-water availability accurately estimated by AIFAO and AI′′FAO. In contrast, the northern half, 
toward the Savannah region, receives the most solar radiation due to lower cloud cover and higher atmospheric clearness. Moreover, 
temperatures are relatively higher (Klutse et al., 2020; Asilevi et al., 2022). These conditions accurately explain the levels of aridity and 
resulting water availability depicted in Figs. 5a and 5b. 

The implications based on Fig. 5a are that the semi-arid pocket regions of the Savannah and Coastal climate zones require effective 
irrigation systems for sustainable agriculture (Gebremedhin et al., 2018). Additionally, NASA-POWER reanalysis products need 
improvement and site-specific adaptation to better delineate and manage regional water resources. A significant advantage is 
NASA-POWER’s ready availability and the ease of assessing water resources for developing and monitoring aridity on a regional scale. 
However, a major setback would be the comparatively coarse spatial resolution of the NASA-POWER data, which may not accurately 
capture land-atmosphere processes. 

As mean temperature is expected to rise over the Savannah zone (Klutse et al., 2020), this study can provide a framework for water 
management policies over the region. The expected temperature rise, considering the mono-modal rainfall regime over the Savannah 
with an average annual total rainfall of 1000 mm (Hill et al., 2016; Asante, Amuakwa-Mensah, 2014), should suggest increasing 
evapotranspiration and hence a future lower aridity index. 

4. Conclusion 

This work highlights the successful application of bias correction to NASA-POWER satellite-derived reanalysis datasets, signifi
cantly improving their utility for assessing water resource availability in Ghana based on Aridity Index. The bias correction method 
adopted notably refined the Aridity Index estimates for wetland and dryland climate representation, thus enhancing the R2 from 0.69 
to 0.87, which underscores a strong alignment with in-situ station data. The corrections reduced the mean bias for temperature and 
rainfall estimations, ensuring that the dataset more accurately reflects the varying climatic conditions across Ghana’s distinct zones - 
from the humid southern regions to the drier northern Savannahs. With these improvements, the NASA-POWER data now offer a more 
reliable basis for water resource management strategies, capable of accommodating the spatial and temporal climatic diversity of the 

Table 3 
Summary of monthly mean values of long-term climate data derived from the Ghana Meteorological Agency (GMet) and the NASA-POWER reanalysis 
archives.  

Variable Unit GMet NASA-POWER Absolute Bias Correction 

Before After 

Tmin ℃  22.8  19.55  3.24  0.12 
Tmax ℃  32.01  35.48  3.39  0.14 
R mm  3.08  3.45  0.37  0.001  
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Fig. 5. Spatiial maps of airidity index distribution derived from (a) station measurment data, (b) NASA-POWER data, and (c) corrected NASA- 
POWER data. 

Fig. 6. Comparing the performance of NASA-POWER based aridity estimation for each synoptic station before and after bias correction.  
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region. This methodology provides a robust framework for other regions to enhance the precision of satellite data, facilitating more 
informed decision-making in the face of climatic uncertainties. 
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