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ABSTRACT

Gridded datasets are essential for climate monitoring in regions with sparse observational data, but they often 
face challenges in capturing local climatic variability and accuracy. This study evaluates three widely used 
gridded precipitation datasets (TerraClimate, CHIRPS, TAMSAT) and three potential evapotranspiration (PET) 
datasets (TerraClimate, MODIS, ERA5-Land) against observations from seven stations in Nineveh, Iraq. The primary 
objective is to assess the accuracy of these gridded products in replicating observed precipitation and PET values 
using key statistical metrics, including Mean Absolute Error (MAE), Root Mean Square Error (RMSE), 
Normalized RMSE (NRMSE), Percent Bias (PBIAS), Nash-Sutcliffe Efficiency (NSE), coefficient of determination 
(R2), and Kling-Gupta Efficiency (KGE). Compromise Programming (CP), a decision-making tool that integrates 
multiple statistical metrics into a unified composite score, was applied to rank the performance of the gridded 
datasets. The findings reveal that TerraClimate outperforms other products for precipitation and PET, with an 
average MAE of 30.54 for precipitation and 39.48 for PET, and KGE of 0.79 for precipitation and 0.84 for PET. 
CHIRPS and TAMSAT rank second and third for precipitation, while MODIS and ERA5-Land follow TerraClimate for 
PET. This study emphasizes the importance of evaluating gridded data to ensure its accuracy and reliability, 
particularly in regions with limited ground-based observations. The study’s contribution lies in employing CP to 
aggregate multiple statistical metrics into a composite score, providing an effective framework for resolving 
discrepancies in ranking gridded datasets. This supports the climate impact assessments and environmental 
management in regions like Iraq with limited meteorological data.

Keywords: Climate monitoring; Compromise Programming; Gridded datasets; TerraClimate; CHIRPS

INTRODUCTION

In recent decades, the impacts of global climate change 
have become increasingly evident, with compelling 
evidence pointing to the significant warming of the Earth’s 
climate (Dheyaa et al. 2024; Hussan et al. 2024; Mat Daud 
et al. 2023; Mohd Salleh et al. 2023). Reliable, continuous 
meteorological data, particularly precipitation and 
reference evapotranspiration (PET) are essential for climate 
change research as they offer critical insights into the 

evolving atmospheric and hydrological conditions (Khan 
et al. 2024; Santos et al. 2023). Precipitation plays a 
fundamental role in the Earth’s hydrological cycle and 
energy balance, and precise rainfall measurements are 
indispensable for various applications such as hydrological 
modeling, agricultural practices, drought monitoring, water 
resource management, numerical weather forecasting, and 
moisture budget calculations (Bisht et al. 2024). Moreover, 
reliable rainfall data enhances our understanding of their 
wide-ranging effects across multiple disciplines (Saicharan 
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& Rangaswamy 2023; Yanfatriani et al. 2024). Reference 
evapotranspiration, a vital component of evaporation 
processes, serves as a key agrometeorological parameter 
in both climate and hydrological studies (Dong et al. 2020; 
Nasrollahi et al. 2021). It plays a crucial role in water 
balance hydrological models, crop evapotranspiration 
estimations for specific regions, drought analysis, climate 
change investigations, and the development of irrigation 
strategies and management plans (Samreen et al. 2023; 
Tigkas et al. 2020; Ucar et al. 2023). However, available 
research on PET trends in Iraq is limited by the short 
duration of analysis (Zhang et al. 2013). Weather variables 
such as temperature, wind speed, and sunshine hours all 
influence PET, impacting plant water needs and contributing 
to the assessment of climate variability. Numerous studies 
have highlighted the importance of accurately measuring 
these variables (Kirschbaum et al. 2020; Tanimu et al. 
2024).

So far, ground-based meteorological stations are 
primary sources of direct climate observations (Saicharan 
& Rangaswamy 2023; Zambrano-Bigiarini et al. 2017). 
However, in many developing and conflict-affected 
regions, including Iraq, reliable long-term station data are 
often limited or unavailable (Abubakar 2024), posing 
significant challenges for the spatial analysis (Zambrano-
Bigiarini et al. 2017). This is attributed to the scarcity or 
absence of radar networks and rain gauges, limited 
resources, inadequate infrastructure, lack of trained 
personnel and equipment, financial limitations, and 
insufficient efforts toward installation and maintenance 
(Abdourahamane 2021; Ogbu et al. 2020; Tanimu et al. 
2024). Iraq’s climate ranges from Mediterranean conditions 
in the north to semi-arid and arid climates in the south, but 
its meteorological data are scarce and poorly distributed, 
making climate and hydrological studies difficult. These 
challenges are particularly pressing given Iraq’s growing 
environmental issues, including freshwater scarcity, 
increased vulnerability to drought, and frequent extreme 
weather events, which are exacerbated by inadequate water 
management and inconsistent precipitation data (Salman 
et al. 2019).

Advances in Earth observation technologies, 
particularly remote sensing, have opened new avenues for 
addressing data gaps in climate monitoring (Avtar et al. 
2020; Barmpoutis et al. 2020). Climate reanalysis has 
emerged as a valuable approach for producing gridded 
meteorological datasets (Dalla Torre et al. 2024; Pelosi et 
al. 2020; Sun et al. 2018). These datasets are derived from 
retrospective numerical simulations of past atmospheric 
conditions, integrating ground-based and satellite 
observations through data assimilation techniques. Unlike 
interpolation methods, reanalysis reproduces the spatial 
and temporal patterns of meteorological variables, such as 

temperature and precipitation, based on physical and 
dynamic principles, ensuring consistency across space and 
time over extended periods (Parker 2016). This makes them 
particularly beneficial in regions with sparse or unevenly 
distributed surface measurements (Dalla Torre et al. 2024; 
Essou et al. 2017; Tarek et al. 2020).

Multi-source climate data products have been 
developed, which include gauge-based, satellite-based, and 
merged satellite-gauge products (Ji et al. 2020; Tanimu et 
al. 2024). Researchers widely use the gridded data from 
these sources to enable studies on climate trends (Nashwan 
et al. 2019), drought characterization (Yan et al. 2023), and 
flood risk assessments in data-scarce regions (Funk et al. 
2015). These gridded data products, known for their spatial 
and temporal continuity, are extensively used to support 
environmental planning, water resource management, and 
adaptation to climate change (Dalla Torre et al. 2024; Khan 
et al. 2024).

A wide range of gridded products, covering parameters 
like precipitation, temperature, and evapotranspiration at 
various resolutions, have been developed to meet the needs 
of climate research (Saicharan & Rangaswamy 2023). The 
accuracy of these products is critical, as these serve as 
fundamental inputs for numerous environmental 
applications (Sorooshian et al. 2011). However, the 
reliability of gridded climate data can vary significantly 
due to geographic and temporal climatic factors (Dalla 
Torre et al. 2024; Tanimu et al. 2024). Selecting an 
appropriate gridded dataset poses a considerable challenge 
in climatic research, especially in regions with sparse, 
unreliable, or short-term observational records (Tanimu et 
al. 2024). Therefore, rigorous evaluation and validation of 
these datasets are necessary to ensure that they represent 
meteorological conditions for specific location (Saicharan 
& Rangaswamy 2023). Many recent studies have evaluated 
gridded data performance on global and regional scales, 
confirming its potential as a valuable alternative to ground-
based data (Sireesha et al. 2020) for assessing runoff 
(Wiwoho & Astuti 2022), precipitation (de Andrade et al. 
2022) temperature (Yang et al. 2023) and drought data 
(Khan et al. 2024; Yan et al. 2023) are instances of these 
studies.

Despite recent evaluations of gridded precipitation 
data in regions surrounding Iraq (Salman et al. 2019), no 
detailed studies have been conducted to assess the 
suitability of precipitation and PET products at a regional 
scale for areas like Nineveh, Iraq. Various statistical 
measures are often used to assess how well gridded data 
replicate observed data in terms of the mean, variability, 
temporal patterns, and distribution, but conflicting results 
among these measures make it challenging to determine 
the best gridded product (Bisht et al. 2024; Muhammad et 
al. 2019; Tanimu et al. 2024). This underscores the need 
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to balance trade-offs among different evaluation metrics.
Compromise programming (CP), is a robust multi-

criteria decision-making tool that identifies solutions 
closest to the ideal based on specific evaluation criteria 
(Bisht et al. 2024). Unlike other methods, CP determines 
the optimal solution by identifying the closest point to an 
ideal solution without needing any subjective input from 
decision-makers (Tanimu et al. 2024). CP has been proven 
effective in environmental decision-making (Bisht et al. 
2024; Deepthi & Sivakumar 2022; Salman et al. 2019), 
where its flexibility and objectivity allow for the efficient 
identification of solutions in scenarios with multiple 
evaluation criteria (Muhammad et al. 2019).

One notable study by Salman et al. (2019) evaluated 
the performance of gridded precipitation data for the entire 
country of Iraq, However, validating datasets at the sub-
divisional level is crucial in addition to evaluations 
conducted at national or political levels (Saicharan & 
Rangaswamy 2023). This study aims to evaluate and select 
the most suitable gridded data products for precipitation 
and PET in Nineveh, Iraq. To the best of our knowledge, 
this study is the first to compare gridded data at a regional 
(governorate) level, incorporating both precipitation and 
PET. This regional focus offers a more detailed and 
localized perspective, which can provide valuable insights 
for regional climate assessments, hydrological modeling, 
and water resource management, ultimately contributing 
to a deeper understanding of climate variability and its 
impacts on different areas within Iraq. For precipitation, 
three widely used datasets (TerraClimate, CHIRPS, and 
TAMSAT) were utilized to ensure robust spatial and 
temporal coverage. For PET, TerraClimate, MODIS, and 
ERA5-Land were incorporated, leveraging each dataset’s 
unique contributions to evapotranspiration estimation. 
These datasets were chosen based on their extensive 
validation in arid and semi-arid regions and their 
established relevance to drought analysis (Du et al. 2024; 
P. Kumari et al. 2024; Rachidi et al. 2023; Suliman et al. 
2024; C. Xu et al. 2024)

Various statistical metrics were employed to assess 
each dataset’s ability to capture the mean, variability, 
temporal pattern, and distribution of observed data. CP was 
then applied to identify the best-performing dataset by 
integrating multiple performance metrics, aiming to find 
an optimal solution that closely aligns with the observed 
data. It is expected that selecting the most suitable gridded 
datasets based on these assessments will lead to an 
improved analysis of the climate change effects in the study 
area.

STUDY AREA

Iraq, a Middle Eastern country in West Asia, spans latitudes 
29°5′N to 38°25′N and longitudes 38°50′E to 48°50′E. 
Known for its unique climatic and geographical diversity, 
the country shares borders with Turkey to the north, Kuwait 
to the southeast, Iran to the east, Jordan to the west, Syria 
to the northwest, and Saudi Arabia to the south (Al-Hasani 
& Shahid 2024).

FIGURE 1. Study area and geographical location of the 
meteorological stations

As one of the countries situated in the West Asia and 
North Africa (WANA) region, Iraq is predominantly 
classified as arid, with approximately 95% of its area falling 
within the dry zones. This study focuses on the Nineveh 
Governorate, located in northwestern Iraq, encompassing 
an area of 32,308 km². The governorate lies between 
longitudes 41° 25′ E to 44° 15′ E and latitudes 34° 15′ N 
to 37° 30′ N (Nadhim Al-neama et al. 2022; Shukur et al. 
2021). Figure. 1, created using ArcGIS 10.8, illustrates the 
geographical locations of the meteorological stations 
analyzed in this research.

The climate of Nineveh Governorate is characterized 
by hot, dry summers and cold, rainy winters, significantly 
influenced by the region’s varied topography. The Tigris 
River traverses the governorate, splitting it into eastern and 
western banks. Often referred to as Iraq’s breadbasket, 
Nineveh plays a vital role in the large-scale cultivation of 
the rain-fed cereal crops. Mosul, the governorate’s capital 
and Iraq’s second-largest city straddles both sides of the 
Tigris River. The city’s terrain differs between the two 
sides: on the right bank, the elevations range from 220 
meters in the south to 240 meters in the north, with northern 
hills reaching heights of up to 289 meters. In contrast, the 
left bank is predominantly flat, interspersed with hills that 
range from 250 to 273 meters in elevation (Tanimu et al. 
2024).
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Long-term meteorological data from the Mosul station 
reveal that the majority of rainfall in Nineveh Governorate 
occurs during the winter months, with an average annual 
precipitation of 378 mm recorded between 1937 and 2010. 
The region experiences an average annual temperature of 
21°C, with summer temperatures often reaching 40°C. 
However, the meteorological records from ground stations 
in Nineveh are frequently incomplete (Bisht et al. 2024), 
with data gaps caused by various factors, including 
operational disruptions, particularly during the security 
crises of 2014. 

The limited number of meteorological stations and the 
incomplete records highlight the challenges of relying 
solely on ground-based observations in the region. Given 
Nineveh’s significant role in agriculture and its diverse 
climatic conditions, addressing the issue of missing 
meteorological data is crucial (Qaraghuli et al. 2024). 
Leveraging gridded datasets can enhance the accuracy of 
weather forecasting and drought assessments, support 
agricultural planning, and contribute to improved economic 
stability and public safety in Iraq. This approach is 
particularly important for ensuring resilience in a region 
where reliable climate data is essential for sustainable 
development.

DATA SOURCES AND DESCRIPTION

STATION DATA

The study used key parameters, including Precipitation 
(Pre), Maximum Temperature (Tmax), Minimum 
Temperature (Tmin), Mean Temperature (Tmean), Relative 
Humidity (RH), Wind Speed (WS), and Sunshine Hours 
(Sun), as these variables are critical for evaluating 
precipitation and PET gridded datasets. Precipitation is 
directly assessed due to its pivotal role in hydro-
climatological processes, while the parameters used for 
PET estimation were selected based on their inclusion in 
widely accepted models, such as the FAO-56 Penman-
Monteith equation. These variables influence the accuracy 
of PET calculations by capturing essential atmospheric and 
climatic conditions, such as temperature, humidity, WS, 
and solar radiation. The choice of these parameters reflects 
their relevance in quantifying key hydrometeorological 
processes. The inclusion of well-established variables 
ensures a comprehensive and robust assessment. Stations 
like Sheikhan and Hamdaniyah were excluded due to 
incomplete records, which could have compromised the 
reliability of the results. This careful selection process helps 
ensure that the evaluation of the gridded products is both 

representative and reliable. The geographical locations of 
the stations are illustrated in Figure. 1 and Table 1 provides 
detailed descriptions of each station.

TABLE 1. Description of meteorological stations

Station Name Lat (N) Long (E) Elevation

Station1 Al-Baaj 36º 02′ 41º 48′ 321

Station2 Makhmour 35º 46′ 43º 35′ 270

Station3 Mosul 36º 19′ 43º 09′ 223

Station4 Rabiah 36º 48′ 42º 06′ 382

Station5 Sinjar 36º 19′ 41º 50′ 465

Station6 Tel-Abta 35º 55′ 42º 24′ 200

Station7 Tel-Afar 36º 22′ 42º 06′ 273

GRIDDED DATA

TERRACLIMATE

TerraClimate is a comprehensive dataset providing monthly 
climate and climatic water balance data for global terrestrial 
surfaces from 1958 to the present. With a high spatial 
resolution of approximately 4 km (1/24th degree) and 
monthly temporal resolution, TerraClimate is designed to 
support ecological and hydrological studies requiring fine-
scale and time-varying data (Al-Yaari et al. 2024). The 
dataset comprises primary climate variables, including the 
precipitation accumulation, and derived variables such as 
reference evapotranspiration (calculated using the ASCE 
Penman-Monteith method) (Abubakar 2024; Solaimani & 
Ahmadi 2024). These variables enable a detailed 
assessment of climatic and hydrological processes, 
supporting studies in drought monitoring, water resource 
management, and climate change impact assessments (de 
Andrade et al. 2022).

TerraClimate is created using a climatically aided 
interpolation method that integrates high-resolution 
climatological normals from the WorldClim dataset with 
time-varying data from the Climatic Research Unit’s 
(CRU) Ts4.0 dataset and the Japanese 55-year Reanalysis 
(JRA55). This approach applies interpolated anomalies 
from CRU Ts4.0/JRA55 to the high-resolution WorldClim 
baseline, ensuring spatial precision while covering an 
extended temporal record (Abatzoglou et al. 2018; 
Saicharan & Rangaswamy 2023). For regions where CRU 
Ts4.0 lacks sufficient observational data (e.g., parts of 
Africa, South America, scattered islands, and Antarctica), 
JRA55 serves as the primary data source, particularly for 
variables like solar radiation and wind speed (Hanchane 
et al. 2023).
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The accuracy of TerraClimate has been validated 
against station-based observations from various global 
networks, such as the Global Historical Climate Network 
(GHCN), SNOTEL, and RAWS. The validation 
demonstrated improved spatial realism and lower error 
metrics compared to its parent CRU Ts4.0 data. 
TerraClimate’s annual reference evapotranspiration fields 
align well with station-based FLUXNET measurements, 
while its interannual runoff estimates correlate strongly 
with the measured streamflow data across numerous global 
watersheds. This robust validation underscores the 
reliability of TerraClimate as a high-quality dataset for 
analyzing historical and future climate and hydrological 
conditions (Abatzoglou et al. 2018). TerraClimate monthly 
data in NetCDF file format were downloaded from the 
official TerraClimate website (https://www.climatologylab.
org/terraclimate.html), and the data for each station in the 
study area were extracted using ArcGIS 10.8.

CHIRPS

The Climate Hazards Group InfraRed Precipitation with 
Station data (CHIRPS) is a globally recognized dataset 
designed to overcome the challenges of sparse ground-
based precipitation measurements, particularly in data-
limited regions (Abdulahi et al. 2024; de Andrade et al. 
2022). Developed through a collaboration between the 
Climate Hazards Group (CHG) at the University of 
California, Santa Barbara, and the U.S. Geological Survey 
(USGS) Earth Resources Observation and Science (EROS) 
Center, CHIRPS combines satellite-derived observations 
with in-situ rain gauge data to deliver high-resolution 
precipitation estimates (Alsumaiti et al. 2024; Saicharan 
& Rangaswamy 2023). The dataset spans over 35 years 
(1981 to near-present) and provides global coverage 
between 50°N and 50°S at a fine spatial resolution of 0.05° 
(~5 km). This extensive temporal and spatial coverage 
makes CHIRPS a valuable resource for global and regional 
climate analyses (Bisht et al. 2024; Zambrano-Bigiarini et 
al. 2017).

Widely validated against station-based observations, 
CHIRPS has demonstrated reliability in numerous 
applications, including drought early warning systems, 
seasonal drought monitoring, and trend analysis. Its high 
spatial and temporal resolution, coupled with its long 
historical record, makes it an indispensable tool for global 
hydrological and climate studies. Notably, CHIRPS has 
played a pivotal role in supporting the USAID Famine 
Early Warning Systems Network (FEWS NET) by 
providing critical data for assessing drought severity and 
contextualizing rainfall deficits within historical norms 
(Abubakar 2024; Zambrano-Bigiarini et al. 2017).

Through its comprehensive approach to precipitation 
monitoring, CHIRPS supports diverse applications, 
including agricultural forecasting (Fernandes et al. 2020; 
Harrison et al. 2022), water resource management (Du et 
al. 2024; Kibii & Du Plessis 2024), and climate change 
impact assessments (Arfasa et al. 2024; Banerjee et al. 
2024). Its robust methodologies and extensive validation 
ensure that CHIRPS remains a cornerstone dataset for 
addressing global environmental challenges (Bisht et al. 
2024). This study utilized CHIRPS v2.0 monthly data in 
the NetCDF file format, downloaded from the official 
CHIRPS website (https://www.chc.ucsb.edu/data/chirps), 
The monthly data for each station in the study area were 
extracted using ArcGIS 10.8.

TAMSAT

TAMSAT (Tropical Applications of Meteorology using 
SATellite data) is a satellite-based rainfall product 
developed by the University of Reading. TAMSAT  
provides rainfall estimates across the African continent, 
including Madagascar, at a spatial resolution of 0.0375° x 
0.0375° (~4 km) (Addisu et al. 2024; Boluwade 2023; 
Rachidi et al. 2023). The rainfall estimates are derived 
using the cloud-index method, which compares cold cloud 
duration (CCD) to a predetermined temperature threshold. 
CCD is the length of time showing that a satellite pixel is 
colder than the specified threshold. The algorithm calibrates 
CCD using parameters that are spatially and seasonally 
variable, but constant from year to year. This approach 
ensures that inter-annual variations in rainfall are driven 
primarily by satellite observations, making TAMSAT a 
valuable tool for monitoring precipitation in regions with 
sparse ground-based weather stations (Addisu et al. 2024; 
Kabite Wedajo et al. 2021).

TAMSAT data are available at multiple temporal 
resolutions, including daily, pentadal (5-day), decadal (10-
day), monthly, and seasonal (DJF, MAM, JJA, SON) 
intervals, providing flexibility for different types of analysis 
(Maidment et al. 2017). The dataset spans from 1983 to 
the present, offering a long-term record of rainfall patterns 
across Africa. Data are regularly updated and released on 
the 1st, 6th, 11th, 16th, 21st, and 26th of each month (Datti 
et al. 2024; Wedajo et al. 2021). These data are publicly 
available for operational, research, and commercial use 
under a Creative Commons license via the TAMSAT 
website (www.tamsat.org.uk). This study utilizes the 
monthly precipitation data from TAMSAT v3.1, which 
were downloaded from the official TAMSAT website 
(https://research.reading.ac.uk/tamsat/). The monthly data 
for each station in the study area were extracted from the 
website directly.
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ERA5-LAND

ERA5-Land is a reanalysis dataset produced by the 
European Centre for Medium-Range Weather Forecasts 
(ECMWF) that provides a high-resolution, consistent view 
of land surface variables over several decades (Dalla Torre 
et al. 2024; de Andrade et al. 2022). It is based on the ERA5 
climate reanalysis, with enhanced resolution achieved by 
replaying the land component to capture a more detailed 
depiction of surface processes (Pelosi et al. 2020). 
Reanalysis combines the model data with global 
observations, creating a consistent and physically based 
dataset that extends back several decades, offering an 
accurate description of past climate conditions (Chang et 
al. 2024; Muñoz-Sabater et al. 2021).

ERA5-Land covers the period from 1950 to the 
present, with a temporal resolution of Monthly averaged 
reanalysis (Dalla Torre et al. 2024). The native spatial 
resolution of the dataset is 9 km, with data gridded to a 
0.1° x 0.1° regular Lat-Lon grid in the Climate Data Store 
(CDS). This high resolution allows for a detailed analysis 
of the water and energy cycles at the surface level (Tan et 
al. 2023; J. Xu et al. 2022). Daily PET data were obtained 
in the NetCDF format from the University of Bristol 
repository (https://data.bris.ac.uk/data/dataset/
qb8ujazzda0s2aykkv0oq0ctp). The data corresponding to 
the study stations were extracted and subsequently 
aggregated into monthly values using R programming.

MODIS

The Moderate Resolution Imaging Spectroradiometer 
(MODIS) is a key instrument aboard NASA’s Terra and 
Aqua satellites, delivering critical data for monitoring 
Earth’s surface and atmospheric systems (Zhao et al. 2024). 
Among its diverse suite of products, the MOD16A2 Version 
105 provides 8-day global potential evapotranspiration 
estimates at a 1 km spatial resolution (Banerjee et al. 2023; 
Luo & Shao 2022). Evapotranspiration, which encompasses 
both evaporation and plant transpiration from the Earth’s 
surface to the atmosphere, is a fundamental variable for 
understanding the interactions between the water, energy, 
and carbon cycles (Faisol et al. 2020; Running et al. 2019).

The MOD16A2 product, produced by the Numerical 
Terradynamic Simulation Group (NTSG) at the University 
of Montana in collaboration with NASA’s Earth Observing 
System, uses the Penman-Monteith equation to estimate 
both Actual  Evapotranspirat ion and Potential 
Evapotranspiration (Mpakairi et al. 2024; Mu et al. 2011). 
This approach integrates MODIS-derived spectral data 
with meteorological inputs such as surface temperature, 
vapor pressure deficit, and net radiation, ensuring 

consistency across the global landscapes (Kumari et al. 
2021). The long-term availability of MOD16A2 data, 
spanning from 2000 onward, allows for the quantification 
of changes in the climate, land use, and ecosystem 
disturbances, offering valuable insights for environmental 
management and climate change studies (Astuti et al. 2022; 
Mpakairi et al. 2024).

In this study, the MODIS MOD16A2 dataset (MODIS 
Global Terrestrial Evapotranspiration, 8-Day, 1 km 
resolut ion)  was ut i l ized to retr ieve Potent ial 
Evapotranspiration (PET) data for each ground station 
within the study area. Data spanning the period from 2000 
to 2013 were extracted using Google Earth Engine (GEE), 
ensuring accurate spatial and temporal alignment with the 
study’s requirements.

METHODOLOGY

This study was designed to evaluate the performance of 
three gridded precipitation datasets (TerraClimate, 
CHIRPS, TAMSAT) and three potential evapotranspiration 
(PET) datasets (TerraClimate, MODIS, ERA5-Land) by 
comparing them with ground station observations from the 
Nineveh region of Iraq, spanning the period from 1992 to 
2013. The primary objective was to identify the most 
accurate datasets for hydrometeorological applications in 
data-scarce regions. The methodology is outlined as 
follows:

1.	 Data Collection: Monthly data for precipitation 
and key meteorological variables (maximum 
temperature (Tmax), minimum temperature 
(Tmin), relative humidity (RH), wind speed (WS), 
and sun hours) were obtained from seven ground 
stations in Nineveh for the entire study period.

2.	 PET Calculation: PET for each station was 
calculated using the FAO Penman-Monteith 
equation, implemented through the “SPEI” 
package in R. These station-level PET values were 
then compared with corresponding gridded PET 
datasets (TerraClimate, MODIS, ERA5-Land) to 
assess their accuracy.

3.	 Gridded Data Extraction: Precipitation and PET 
data from the selected gridded datasets 
(TerraClimate, CHIRPS, TAMSAT, MODIS, and 
ERA5-Land) were downloaded for the entire 
study period. A point-to-pixel extraction method 
was employed to align the station coordinates 
with the corresponding grid points. The time 
series data from the ground stations were 
compared with the respective pixel values from 
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the gridded datasets.
4. Statistical Evaluation: The performance of each

gridded dataset was quantitatively evaluated using 
seven statistical metrics: Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE),
Normalized Root Mean Squared Error (NRMSE), 
Percent Bias (PBIAS), Nash-Sutcliffe Efficiency
(NSE), R-squared (R²), and Kling-Gupta
Efficiency (KGE). These metrics were selected
to assess the accuracy, efficiency, and bias of the
gridded datasets in replicating the observed data
from the ground stations.

5. Composite Index for Ranking: To rank the
datasets, the Compromise Programming (CP)
method was applied. This method integrates the
individual statistical metric scores into a composite 
index, where datasets closer to the ideal solution
(i.e., those with lower CP scores) are considered
to perform better.

6. Visualization: To complement the statistical
analysis, Probability Density Function (PDF)
plots were generated to visually compare the
distribution of precipitation and PET between the 
observed data and the gridded datasets.
Additionally, scatter plots were constructed to
illustrate the relationship between observed and
gridded values, providing further insights into the 
datasets’ accuracy and consistency.

PERFORMANCE EVALUATION OF THE 
GRIDDED PRODUCT DATASETS

To evaluate the performance of the gridded monthly 
precipitation and PET datasets used in this study, we 
employed several evaluation metrics. These metrics 
quantitatively measure the accuracy and reliability of the 
gridded datasets by comparing them against ground-based 
observations (Saicharan & Rangaswamy 2023). Each 
metric offers unique insights into different aspects of the 
model performance, ensuring a thorough evaluation. The 
calculations for these metrics were performed using R 
programming. The metrics are explained below:

1. Mean Absolute Error (MAE)

MAE is a widely used metric for measuring the
average magnitude of errors in a set of predictions,
without considering their direction (Hanchane et al.
2023; Tanimu et al. 2024). It is defined as the average

of the absolute differences between the predicted 
values and the observed values. Mathematically, MAE 
is expressed as follows (Solaimani & Ahmadi 2024):

where Pi represents the value derived from the 
gridded dataset corresponding to the i-th observation, 
Oi is the observed value, and n is the number of 
observations. MAE provides a straightforward 
interpretation of error magnitude, making it useful for 
understanding the typical deviation between the 
gridded product dataset and the ground truth (Hassan 
et al. 2020). The MAE ranges from 0 to ∞, where 0 
indicates a perfect match between the gridded product 
and observed values. Lower MAE values signify 
greater accuracy and better performance of the dataset 
in replicating observed conditions (Addisu et al. 2024).

2. Root Mean Square Error (RMSE)

RMSE quantifies the differences between the predicted
and observed values by taking the square root of the
average of the squared differences (Hanchane et al.
2023; Mohamad Hamzah et al. 2022). It is defined as:

RMSE is sensitive to larger errors due to the 
squaring of the differences, making it particularly 
useful for identifying gridded datasets that may have 
significant outliers or large deviations from 
observations. Like MAE, lower RMSE values signify 
better model performance (Saicharan & Rangaswamy 
2023), but RMSE places more emphasis on larger 
errors.

3. Normalized Root Mean Square Error (NRMSE)

NRMSE is a metric used to assess the accuracy of
model predictions (gridded) relative to observed
values, normalized by the mean of the observed data
(Hanchane et al. 2023). It calculates the distance
between observed and gridded data, summarizing the
magnitude of errors over various times (Sireesha et
al. 2020). The NRMSE expresses the error as a
percentage, making it easier to interpret in the context 
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of the data range. Lower NRMSE values indicate that 
the gridded values are closer to the observed values, 
while higher values suggest poor gridded performance. 
It is calculated as:

where Ō represents the average of the observed 
values. This version of NRMSE is useful when we 
seek to compare the gridded accuracy relative to the 
overall mean of the observed dataset.

4.	 The Percentage Bias (PBIAS)

PBAIS is a metric used to evaluate the overall bias in 
the predictions of a model (gridded dataset) compared 
to the observed values (Hanchane et al. 2023). It is 
calculated as the difference between the predicted 
values Pi and the observed values Oi, expressed as a 
percentage of the sum of the observed values (Mamat 
& Mohd Razali 2023). The formula for PBIAS is:

PBIAS quantifies the tendency of the gridded 
product to overestimate or underestimate the observed 
data (Addisu et al. 2024; Sireesha et al. 2020). A 
PBIAS ranges from - ∞ to ∞; a value of 0 indicates a 
perfect agreement between the gridded and observed 
data, while positive values indicate an overall 
overestimation of the observed data and negative 
values indicate an underestimation. Smaller absolute 
values of PBIAS signify better model performance in 
terms of accurately predicting the observed conditions, 
with a value closer to zero indicating minimal bias in 
the dataset (Hanchane et al. 2023; Saicharan & 
Rangaswamy 2023).

5.	 Coefficient of Determination (R2)

The coefficient of determination (R2) is a widely used 
metric to assess the strength of the relationship 
between observed and predicted values (Addisu et al. 
2024). It measures the proportion of variance in the 
observed data that can be explained by the predicted 
(gridded) data (Hanchane et al. 2023). Its values range 
from 0 to 1, with higher values indicating a stronger 

agreement between the observed and gridded data. A 
value of R2 = 1 indicates a perfect replication of the 
observed data by the gridded values, while R2 = 0 
indicates no correlation (Abdulahi et al. 2024). The 
formula for R2 is expressed as:

where Oi and Pi are the observed and gridded 
values, respectively, and Ō and P̄ represent their 
respective means. n denotes the total number of 
observations. Although R2 provides a valuable insight 
into the predictive power of the model, it does not 
account for bias or systematic errors and is often used 
in conjunction with other metrics (Hanchane et al. 
2023), such as Nash-Sutcliffe Efficiency (NSE), for a 
more comprehensive evaluation of the model 
performance.

6.	 Nash-Sutcliffe Efficiency (NSE)

NSE is a normalized statistics that determines the 
relative magnitude of the residual variance compared 
to the variance of the observed data (Sireesha et al. 
2020). It is defined as:

NSE values range from -∞ to 1, where a value of 
1 indicates a perfect match between the gridded dataset 
and observed data (Abdulahi et al. 2024). Values 
ranging from 0 to 1 indicate that the gridded dataset 
offers better predictions than the mean of the observed 
data, while negative values suggest that the gridded 
dataset performs worse than simply using the observed 
mean (Saicharan & Rangaswamy 2023). NSE is 
particularly useful for assessing the predictive 
capability of the gridded datasets and hydrological 
models in capturing the variability of the observed 
data.

7.	 The Kling-Gupta Efficiency (KGE)

KGE developed by (Gupta et al. 2009), is a robust 
metric that evaluates the performance of the gridded 
datasets by assessing the agreement between gridded 
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values Pi and observed values Oi. The KGE combines 
three components (correlation, bias, and variability) 
to provide a comprehensive assessment of the gridded 
performance (Deepthi & Sivakumar 2022). The 
formula for KGE is:

Where r is the Pearson correlation coefficient 
between Pi and Oi, β is the ratio of the mean gridded 
value to the mean observed value , which 
measures bias, and y is the ratio of the standard 
deviation of the gridded values to the standard 
deviation of the observed values  which 
represents variability (Deepthi & Sivakumar 2022).

The KGE score ranges from -∞ to 1, where a value 
of 1 indicates a perfect agreement between the gridded 
and observed data. A KGE value closer to 1 reflects 
higher accuracy, with optimal performance achieved 
when r = 1, β=1, and y=1. Negative KGE values 
indicate poor performance (Addisu et al. 2024). This 
metric is particularly useful in hydrology and climate 
studies, as it accounts for multiple facets of the model 
accuracy, including the ability to replicate the 
magnitude and variability of the observed conditions.

COMPROMISE PROGRAMMING

CP is a distance-based method within the MCDM 
framework that identifies the best dataset based on the 
minimum distance of each alternative from an ideal 
solution in the available set (Bisht et al. 2024). The 
statistical metrics described above were used to rank and 
select the best gridded precipitation and PET datasets using 
CP.  The Compromise Programming Index (CPI) is 
calculated by measuring the distance as follows (Deepthi 
& Sivakumar 2022; Sa’adi et al. 2024): 

where xij is the normalized value of the j-th metric for 
the i-th dataset, xi*  is the normalized ideal value of the j-th 
metric, wj is the weight assigned to the j-th metric, and p 
is the distance parameter, p = 1 for linear distance and p = 
2 for squared Euclidean distance (Deepthi & Sivakumar 
2022; Muhammad et al. 2019). In this study, a linear 
distance measure p = 1 was used, ensuring equal importance 
across all metrics (Salman et al. 2019). The CPI can take 

any positive value, where a lower CPI indicates that the 
gridded dataset is closer to the observed data and is thus 
more suitable.

GRAPHICAL COMPARISON

In addition to using the statistical methods, graphical 
techniques were utilized to visually compare both the 
observed and gridded datasets. These methods enable a 
direct assessment of how well the gridded data replicate 
observed values, providing valuable insights into their 
performance (Legates & McCabe 1999). Graphical 
comparisons are essential for effective evaluation, as they 
complement numerical metrics by highlighting patterns, 
biases, and the alignment between the datasets (Hanchane 
et al. 2023). The graphical methods include the Probability 
Density Function (PDF) and scatter plot analysis.

The PDFs of the observed and gridded datasets were 
overlaid to visually assess the alignment of their statistical 
distributions. This method evaluates how accurately the 
gridded datasets capture the variability and central 
tendencies of the observed data, providing a clear visual 
representation of their agreement (Sireesha et al. 2020; 
Solaimani & Ahmadi 2024). Scatter plots were utilized to 
examine the relationship between the observed and gridded 
datasets. By plotting the gridded values against the actual 
observed values, these plots emphasize correlations, biases, 
and outliers, offering insights into the reliability and 
accuracy of the gridded data (Salman et al. 2019; Solaimani 
& Ahmadi 2024).

RESULTS 

GRIDDED DATASETS EVALUATION THROUGH 
STATISTICAL METRICS

In this study, we evaluated the performance of three gridded 
precipitation products (TerraClimate, CHIRPS, and 
TAMSAT) and three gridded reference evapotranspiration 
(PET) products (TerraClimate, ERA5-Land, and MODIS) 
by comparing them to the observed data from seven stations 
in the Nineveh governorate. Seven statistical metrics were 
employed to evaluate each gridded product’s accuracy in 
replicating observed precipitation and PET. These metrics 
included MAE, RMSE, NRMSE, PBIAS, NSE, R², and 
KGE. The results are summarized in Table 2 for 
precipitation and Table 3 for PET. For precipitation, 
TerraClimate exhibits the best performance, with the lowest 
average MAE of 14.20, indicating higher accuracy. Its 
MAE values range from 11.95 to 16.49, giving a range of 
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4.54, which reflects relatively consistent performance 
across stations. CHIRPS shows a slightly higher average 
MAE of 15.26, suggesting slightly lower accuracy 
compared to TerraClimate. The MAE values for CHIRPS 
span from 12.45 to 17.38, resulting in a range of 4.93, 
which is comparable in variability to TerraClimate. 
TAMSAT, on the other hand, has the highest average MAE 
at 18.75, indicating the least accuracy among the three 
products. Its MAE values are relatively uniform, ranging 
from 17.52 to 20.34, with a range of 2.82, demonstrating 
more consistent performance, albeit at a higher error level. 

TerraClimate also demonstrates the best overall 
performance with the lowest average RMSE of 22.75 mm 
and NRMSE of 68.6%, indicating higher accuracy in 
precipitation replication. The RMSE for TerraClimate 
ranges from 19.65 mm to 26.35 mm, resulting in a range 
of 6.70 mm, while NRMSE spans from 58.6% to 79.1%, 
with a range of 20.5%, reflecting consistent performance. 
CHIRPS has a higher average RMSE of 24.33 mm and 
NRMSE of 73.84%, indicating slightly less accuracy 
compared to TerraClimate. Its RMSE values range from 
19.73 mm to 27.13 mm, giving a range of 7.40 mm, and 
NRMSE ranges from 58.6% to 98.4%, with a broader range 
of 39.8%, showing greater variability in performance 
across stations. TAMSAT, on the other hand, exhibits the 
least accuracy with the highest average RMSE of 30.65 
mm and NRMSE of 92.93%. The RMSE values for 
TAMSAT vary from 27.64 mm to 33.44 mm, resulting in 
a range of 5.80 mm, while NRMSE spans from 78.2% to 
114.9%, yielding a wide range of 36.7%. TAMSAT has 
relatively consistent RMSE values, where its higher 
NRMSE indicates a significant overestimation in 
normalized terms.

With an average PBIAS of 34.99% and NSE of 0.52, 
TerraClimate demonstrates superior performance overall, 
indicating relatively better accuracy and model efficiency. 
The PBIAS values for TerraClimate range from 21.5% to 
52.7%, resulting in a range of 31.2%, while NSE spans 
from 0.37 to 0.66, with a range of 0.29, reflecting 
consistency in performance. CHIRPS has an average 
PBIAS of 27.61%, which is slightly better than TerraClimate, 
but its lower average NSE of 0.44 suggests reduced 
efficiency in reproducing observed precipitation variability. 
CHIRPS exhibits PBIAS ranging from 8.3% to 58.2%, 
resulting in a range of 49.9%, and NSE values from 0.03 

to 0.66, with a range of 0.63, indicating greater variability 
in performance across stations. TAMSAT, on the other 
hand, shows the weakest performance, with the highest 
average PBIAS of 48.63%, indicative of significant bias, 
and the lowest average NSE of 0.24, reflecting poor model 
efficiency. Its PBIAS ranges from 22.4% to 78.5%, with a 
range of 56.1%, while NSE values vary widely, from -0.32 
to 0.39, resulting in a range of 0.71, further emphasizing 
its lower consistency and accuracy.

In terms of R2 and KGE, TerraClimate exhibits the 
highest performance overall, with an average R2 of 0.52 
and KGE of 0.59, indicating better agreement with 
observed data and stronger model efficiency. The R2 values 
for TerraClimate range from 0.37 to 0.66, yielding a range 
of 0.29, while KGE spans from 0.40 to 0.72, resulting in 
a range of 0.32, reflecting relatively consistent performance 
across stations. CHIRPS has a slightly lower average R2 
of 0.44, similar to TerraClimate’s average KGE of 0.59, 
suggesting comparable model efficiency but reduced 
explained variability. CHIRPS R2 values range widely, 
from 0.03 to 0.66, with a range of 0.63, while KGE varies 
from 0.30 to 0.73, giving a range of 0.43, indicating greater 
variability in its performance across stations. TAMSAT 
shows the weakest performance, with the lowest average 
R2 of 0.24 and KGE of 0.39, reflecting poor agreement 
with observed data and reduced model efficiency. The R2 
values for TAMSAT range from -0.32 to 0.39, resulting in 
a range of 0.71, while KGE ranges from 0.08 to 0.59, 
yielding a range of 0.51, highlighting significant 
inconsistencies.

In summary, TerraClimate outperforms both CHIRPS 
and TAMSAT in replicating observed precipitation, 
exhibiting the lowest average errors, RMSE, NRMSE, and 
the highest model efficiency, with moderate variability 
across stations. CHIRPS follows closely, showing slightly 
higher errors and greater variability while maintaining a 
comparable model efficiency. TAMSAT, though more 
consistent in its predictions, demonstrates the least 
accuracy, with the highest MAE, RMSE, NRMSE, and 
bias, as well as the lowest model efficiency. These results 
indicate that TerraClimate offers the most reliable and 
consistent performance, while CHIRPS and TAMSAT face 
challenges in replicating observed precipitation accurately, 
with TAMSAT struggling the most due to its higher error 
margins and lower efficiency.



3265

TABLE 2. Statistical performance comparison of gridded precipitation products against observation data

Product Station MAE RMSE NRMSE PBIAS NSE R2 KGE

TerraClimate

Station01 11.95 19.65 69.90 35.30 0.51 0.51 0.59

Station02 13.52 21.95 68.60 31.10 0.53 0.53 0.62

Station03 14.89 23.72 63.60 28.00 0.59 0.59 0.67

Station04 14.34 23.38 62.20 25.10 0.61 0.61 0.69

Station05 14.68 23.19 58.60 21.50 0.66 0.66 0.72

Station06 13.52 21.02 79.10 51.20 0.37 0.37 0.43

Station07 16.49 26.35 78.20 52.70 0.39 0.39 0.40

Average 14.20 22.75 68.60 34.99 0.52 0.52 0.59

CHIRPS

Station01 13.55 21.48 76.40 29.00 0.41 0.41 0.59

Station02 17.38 27.13 84.80 45.80 0.28 0.28 0.46

Station03 14.99 24.68 66.10 8.30 0.56 0.56 0.71

Station04 16.04 24.45 65.10 30.20 0.58 0.58 0.65

Station05 16.41 26.71 67.50 10.60 0.54 0.54 0.69

Station06 16.03 26.16 98.40 58.20 0.03 0.03 0.30

Station07 12.45 19.73 58.60 11.20 0.66 0.66 0.73

Average 15.26 24.33 73.84 27.61 0.44 0.44 0.59

TAMSAT

Station01 17.52 27.64 98.30 52.50 0.03 0.03 0.35

Station02 20.34 33.44 104.50 69.30 -0.10 -0.10 0.20

Station03 17.92 29.53 79.10 29.90 0.37 0.37 0.59

Station04 19.47 32.05 85.30 41.70 0.27 0.27 0.49

Station05 19.64 30.97 78.20 22.40 0.39 0.39 0.59

Station06 18.50 30.53 114.90 78.50 -0.32 -0.32 0.08

Station07 17.83 30.37 90.20 46.10 0.18 0.18 0.43

Average 18.75 30.65 92.93 48.63 0.24 0.24 0.39

For PET, in comparing the performance of 
TerraClimate, ERA5-Land, and MODIS in replicating 
observed PET, TerraClimate demonstrates the best overall 
performance, with an average MAE of 30.54. The MAE 
values for TerraClimate range from 15.25 to 61.54, with a 
range of 46.29, indicating moderate variability across 
stations. ERA5-Land follows with a higher average MAE 
of 50.8, suggesting a lower accuracy compared to 
TerraClimate. The MAE values for ERA5-Land range from 
25.89 to 93.86, resulting in a range of 67.97, indicating 
significant variability in its performance across stations. 
MODIS shows an average MAE of 47.96, which is similar 
to ERA5-Land but slightly lower in value. The MAE values 
for MODIS range from 33.63 to 68.16, giving a range of 
34.53, reflecting moderate variability. 

With an average RMSE of 39.48 mm and an average 
NRMSE of 38.67%, TerraClimate demonstrates relatively 
better accuracy. Its RMSE values range from 19.59 mm to 
76.52 mm, with a range of 56.93 mm, while its NRMSE 

spans from 27.6% to 61.6%, reflecting a range of 34%. 
ERA5-Land, in comparison, has a higher average RMSE 
of 61.59 mm and an even higher average NRMSE of 
60.36%. The RMSE values for ERA5-Land range from 
31.74 mm to 112.73 mm, resulting in a range of 81.0 mm, 
and its NRMSE varies from 35.8% to 90.8%, with a broad 
range of 55%. MODIS, while showing an average RMSE 
of 53.28 mm and an average NRMSE of 60.14%, falls 
between TerraClimate and ERA5-Land. Its RMSE values 
range from 40.03 mm to 72.26 mm, giving a range of 32.23 
mm, and its NRMSE spans from 38.9% to 99.4%, reflecting 
a wide range of 60.5%. 

In terms of PBIAS and NSE, TerraClimate has an 
average PBIAS of 13.16% and an average NSE of 0.84. 
Its PBIAS values range from -29.4% to 7.6%, with a range 
of 37%, while its NSE values vary from 0.62 to 0.92, 
reflecting a range of 0.30. These results indicate that 
TerraClimate generally provides a good balance between 
bias and model efficiency. In contrast, ERA5-Land shows 
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higher bias, with an average PBIAS of 28.29% and a lower 
NSE of 0.60, suggesting poorer accuracy and model 
efficiency in comparison to TerraClimate. The PBIAS for 
ERA5-Land spans from -45.3% to -13.8%, resulting in a 
range of 31.5%, and the NSE ranges from 0.17 to 0.87, 
with a range of 0.70. This wider range in both PBIAS and 
NSE indicates greater variability in ERA5-Land’s 
performance across stations. MODIS shows an average 

PBIAS of 22.53% and an average NSE of 0.58, placing it 
between TerraClimate and ERA5-Land. Its PBIAS values 
range from -2.8% to 50.5%, giving a range of 53.3%, and 
its NSE values vary from 0.01 to 0.85, with a range of 0.84. 
MODIS’s higher PBIAS and lower NSE values suggest 
that while it performs well at certain stations, it exhibits a 
significant overestimation and variability in model 
efficiency.

TABLE 3. Statistical performance comparison of gridded reference evapotranspiration products against observation data

Product Station MAE RMSE NRMSE PBIAS NSE R2 KGE

TerraClimate

Station01 19.12 26.06 29.40 -5.60 0.91 0.91 0.92

Station02 38.80 49.79 44.00 -18.60 0.81 0.81 0.75

Station03 16.08 22.97 31.10 7.60 0.90 0.90 0.81

Station04 15.25 19.59 27.60 0.00 0.92 0.92 0.87

Station05 31.93 40.18 39.10 -16.50 0.85 0.85 0.77

Station06 31.09 41.27 37.90 -14.40 0.86 0.86 0.81

Station07 61.54 76.52 61.60 -29.40 0.62 0.62 0.59

Average 30.54 39.48 38.67 13.16 0.84 0.84 0.79

ERA5-Land

Station01 25.89 31.74 35.80 -13.80 0.87 0.87 0.84

Station02 74.28 87.75 77.50 -37.50 0.40 0.40 0.48

Station03 27.62 33.55 45.50 -20.50 0.79 0.79 0.73

Station04 28.99 35.10 49.40 -21.70 0.76 0.76 0.72

Station05 60.06 72.04 70.00 -34.70 0.51 0.51 0.52

Station06 44.93 58.22 53.50 -24.50 0.71 0.71 0.65

Station07 93.86 112.73 90.80 -45.30 0.17 0.17 0.35

Average 50.80 61.59 60.36 28.29 0.60 0.60 0.61

MODIS

Station01 48.88 54.03 65.80 31.40 0.56 0.56 0.67

Station02 38.29 44.08 39.20 4.80 0.85 0.85 0.68

Station03 68.16 72.26 99.40 50.50 0.01 0.01 0.48

Station04 60.18 63.04 87.60 43.80 0.23 0.23 0.55

Station05 33.63 40.03 38.90 7.30 0.85 0.85 0.74

Station06 44.27 48.76 47.90 17.10 0.77 0.77 0.70

Station07 42.31 50.75 42.20 -2.80 0.82 0.82 0.64

Average 47.96 53.28 60.14 22.53 0.58 0.58 0.64
 

Based on R² and KGE, TerraClimate again demonstrates 
the highest overall performance. TerraClimate has an 
average R² of 0.84 and an average KGE of 0.79, with R² 
values ranging from 0.62 to 0.92, and KGE values spanning 
from 0.59 to 0.92. This indicates a strong agreement with 
the observed data and relatively high model efficiency 
across most stations. In contrast, ERA5-Land exhibits a 
lower average R² of 0.60 and a KGE of 0.61. The R² values 
for ERA5-Land range from 0.17 to 0.87, reflecting a 
broader variability, while the KGE values range from 0.35 
to 0.84, indicating less consistency and efficiency compared 

to TerraClimate. MODIS shows the lowest average R² at 
0.58 and an average KGE of 0.64. Its R² values vary from 
0.01 to 0.85, and the KGE values range from 0.48 to 0.74. 
The wide range in both R² and KGE for MODIS suggests 
significant variability in its ability to replicate PET, 
particularly with lower R² values at certain stations.

In summary, TerraClimate outperforms both ERA5-
Land and MODIS across the studied metrics in replicating 
observed PET. TerraClimate consistently shows lower 
MAE, RMSE, and NRMSE, indicating smaller errors and 
better accuracy. It also demonstrates strong model 
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efficiency with the best PBIAS and NSE values. 
Additionally, TerraClimate has the highest R² and KGE, 
reflecting a better agreement with observed data. In 
comparison, ERA5-Land shows higher biases and weaker 
performance, with lower NSE and R² values, while 
MODIS, though performing better than ERA5-Land in 
some metrics, still lags behind TerraClimate overall.

BEST-GRIDDED DATASET BASED ON 
COMPROMISE PROGRAMMING

Although TerraClimate generally outperforms the other 
products in replicating observed precipitation and PET, a 
detailed assessment reveals varying performance across 
stations and metrics. This highlights the challenge of 
identifying and confirming a single best product, as 
performance discrepancies are evident depending on the 
specific station and evaluation metric. For instance, 
TerraClimate was generally superior but did not perform 
consistently across all stations or metrics. Similarly, 
CHIRPS excelled in some cases but lagged in others, and 
TAMSAT’s performance varied widely.  These 
inconsistencies underscore the need for advanced 
techniques to systematically evaluate and rank gridded 
products, ensuring a more robust and objective assessment. 
To address this discrepancy, CP was used to rank the 
gridded datasets for precipitation and PET objectively. This 
approach calculates the relative distance of each dataset 
from the ideal solution across multiple statistical metrics. 
The ideal values for the metrics were determined based on 
their optimal performance criteria: RMSE, NRMSE, and 
PBIAS were minimized to 0, while NSE and R² were 
maximized to 1.

The novelty of using CP in this context lies in its ability 
to aggregate multiple statistical metrics into a single 
composite score, allowing for a more balanced and 
objective evaluation of gridded datasets. Unlike traditional 
methods that may prioritize one metric over another, CP 
resolves the discrepancies among various performance 
indicators, providing a comprehensive ranking of the 
datasets. This methodology improves the robustness of the 
evaluation, ensuring that the most suitable product is 
selected for both precipitation and PET across different 
stations and metrics.

For precipitation, the CP results indicated that 
TerraClimate had the smallest relative distance to the ideal 
solution (CP = 0.3509), making it the best-performing 
product. This was followed by CHIRPS (CP = 0.5671) and 
TAMSAT (CP = 2.6458), which showed greater variability 
in performance across stations and metrics. For PET, the 
CP analysis ranked the datasets as TerraClimate (CP = 0), 

MODIS (CP = 2.2880), and ERA5-Land (CP = 2.5960). 
TerraClimate CP score of 0 reflects its close alignment with 
the ideal values, demonstrating its superior performance 
across most stations. MODIS and ERA5-Land provided 
competitive results but exhibited slightly higher deviations 
from the ideal solution.

COMPARATIVE ANALYSIS USING 
PROBABILITY DISTRIBUTION PLOTS

The comparative analysis using the probability distribution 
plots assessed the accuracy of the gridded datasets 
(TerraClimate, CHIRPS, TAMSAT, ERA5_Land, and 
MODIS) in representing monthly precipitation and PET 
distributions relative to the observed data across several 
stations as shown in Figure. 2 and Figure. 3. The x-axis in 
these plots shows a range of precipitation and PET intensity 
in mm/month, while the y-axis indicates the frequency of 
events corresponding to the respective intensity range. The 
density of monthly data was estimated using the Gaussian 
kernel (Sireesha et al. 2020). For precipitation, TerraClimate 
showed the closest alignment with observed station data, 
demonstrating similar peak density values and distribution 
patterns, followed by CHIRPS, which diverged slightly in 
lower intensity ranges, while TAMSAT displayed a broader 
spread and tended to overestimate higher precipitation 
levels, especially at Station 07. For PET, TerraClimate 
again aligned well with the observed data, particularly at 
Stations 01, 04, and 07, whereas MODIS exhibited a 
broader spread and occasional overestimation across 
multiple stations. ERA5-Land generally underestimated 
the PET values, indicated by a noticeable peak shift in 
density. Overall, TerraClimate emerged as the most 
consistent dataset for accurately capturing both precipitation 
and PET distributions, which underscores its suitability for 
applications in drought monitoring and climate impact 
assessment where high data fidelity is essential. This 
analysis highlights the variability in gridded data 
representations and demonstrates the utility of PDF as a 
statistical method for visually and quantitatively evaluating 
the dataset performance, thus facilitating more informed 
decisions on the dataset selection in environmental 
research.

ASSESSMENT THROUGH SCATTER  
PLOT ANALYSIS

The scatter plot analysis was conducted to evaluate the 
performance of multiple gridded datasets (TerraClimate, 
CHIRPS, TAMSAT for precipitation and TerraClimate, 
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ERA5, MODIS for PET) against the observed data across 
several stations as shown in Figure. 4 and Figure. 5. In 
these plots, the x-axis represents observed monthly values 
for precipitation and PET, while the y-axis shows the 
corresponding values from the gridded datasets. A closer 
clustering of data points around the 1:1 line signifies a 
better alignment with observed values, indicating higher 
accuracy and consistency of the gridded datasets.

For precipitation, TerraClimate generally demonstrated 
the highest correlation with observed data, as seen by its 

closer clustering around the 1:1 line across most stations, 
indicating a higher accuracy in capturing the observed 
precipitation patterns. CHIRPS exhibited a moderate level 
of alignment, albeit with some deviations from the 1:1 line, 
especially at higher precipitation values, suggested an 
occasional underestimation or overestimation. TAMSAT 
showed the least agreement, with a wider spread and more 
frequent deviations, indicating greater variability and less 
consistency with observed precipitation values.

FIGURE 2. PDF plots of monthly precipitation (observed and gridded data)
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In terms of PET, TerraClimate also emerged as the 
most reliable dataset, displaying a strong alignment with 
observed data, particularly evident from its tight clustering 
around the 1:1 line. MODIS showed a moderate correlation, 
with some scatter and deviations, particularly at higher 
PET values, which points to a tendency for slight 
overestimation in those ranges. ERA5 demonstrated the 
weakest correlation among the PET datasets, with points 
more widely dispersed and showing significant deviations 
from the 1:1 line, indicating a tendency to underestimate 
observed PET values.

The scatter plot analysis thus highlights TerraClimate 
as the most reliable dataset for both precipitation and PET, 
followed by CHIRPS and MODIS for precipitation and 
PET, respectively. TAMSAT for precipitation and ERA5 
for PET showed greater discrepancies from the observed 
values, underscoring the importance of the dataset selection 
based on the specific variable and study requirements. This 
comprehensive analysis underscores the utility of scatter 
plots as a visual tool to assess systematic biases and 
performance across gridded datasets in replicating observed 
data.

FIGURE 3. PDF plots of monthly reference evapotranspiration (observed and gridded data)
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DISCUSSION

This study evaluates the performance of various gridded 
datasets (e.g., TerraClimate, CHIRPS, TAMSAT, MODIS, 
and ERA5-Land) in replicating observed precipitation and 

PET across multiple ground stations in the Nineveh 
Governorate. The results suggest that, while gridded 
datasets show varying degrees of accuracy in representing 
observed data, they generally offer valuable alternatives 
for regions with limited or sparse ground station data.

FIGURE 4. Scatter plots for observed and gridded precipitation data (mm/month) for studied stations

The statistical analysis revealed that different gridded 
datasets performed differently across various metrics. This 
underscores a common challenge in the dataset evaluation: 
a dataset excelling in one metric may perform poorly in 
others, resulting in conflicting conclusions. Previous 
studies have primarily relied on expert subjectivity and 
general assessments to evaluate various gridded datasets 
against observational networks (Araghi et al. 2023; Cepeda 

Arias & Cañon Barriga 2022; Rachidi et al. 2023). 
However, this approach lacks the precision needed to 
account for the complexities and variability inherent in 
spatial and temporal data. Objective assessments, based 
on a more comprehensive set of performance metrics, are 
essential to provide a robust and unbiased evaluation. Such 
assessments allow for a more accurate comparison across 
different datasets, addressing potential inconsistencies, and 
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improving the reliability of the results. Without a detailed, 
objective evaluation, conclusions drawn from subjective 

assessments may be misleading, particularly in regions 
where gridded datasets play a crucial role in data-scarce 
areas.

FIGURE 5. Scatter plots for observed and gridded reference evapotranspiration data (mm/month) for studied stations

To address this issue, compromise programming (CP) 
proves to be essential, as it integrates multiple evaluation 
metrics into a unified decision-making framework, 
effectively balancing these conflicts. CP facilitated the 
selection of the most suitable gridded dataset by providing 
a comprehensive assessment of overall performance, 
emphasizing its critical role in resolving metric conflicts. 
Employing CP alongside multiple statistical metrics, such 
as R², RMSE, and PBIAS, ensures a robust and balanced 
evaluation process, as supported by previous studies 
(Deepthi & Sivakumar 2022; Hazhir & Foroughi 2024; 
Muhammad et al. 2019; Salman et al. 2019). Salman et al. 

(2019) conducted a comprehensive analysis by integrating 
multiple statistical metrics using the CP approach. Their 
study revealed that, among the various datasets analyzed, 
the gauge-based Global Precipitation Climatology Centre 
(GPCC) precipitation data demonstrated the highest 
accuracy in replicating observed precipitation across Iraq. 
Similarly, (Tanimu et al. 2024) evaluated the performance 
of gridded climate datasets for Nigeria using CP and four 
statistical criteria, ranking CRU as the best, followed by 
CHELSA, TERRA, ERA5, and CPC for replicating in-situ 
rainfall, and temperature data across the country. This 
demonstrates how the CP approach effectively combines 
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the statistical metrics to identify the most accurate gridded 
climate datasets for replicating observed climate variables.

Consistent with research in other regions, such as Iran 
(Araghi et al. 2023; Hamarash et al. 2022; Solaimani & 
Ahmadi 2024) and Brazil (Filgueiras et al. 2022), this study 
underscores the potential of gridded datasets to deliver 
reliable estimates of precipitation and PET, even in areas 
with sparse or poorly distributed observational data. Among 
the evaluated datasets, TerraClimate demonstrated the 
highest accuracy and stability, closely aligning with ground 
station observations. These findings align with earlier 
studies, such as (Kolling Neto et al. 2024; Solaimani & 
Ahmadi 2024; Tanimu et al. 2024), which reported 
TerraClimate’s superior performance across diverse climate 
regions, including neighboring areas like Iran. Similarly, 
(Rachidi et al. 2023) highlighted TerraClimate’s capability 
to replicate the precipitation patterns accurately, while 
(Dumont et al. 2022) emphasized its long-term stability 
and effectiveness for temporal monitoring and water 
balance evaluations. Hamarash et al. (2022), in their study 
on meteorological drought in the semi-arid regions of Iran, 
also concluded that TerraClimate data serves as a reliable 
alternative in areas where in-situ data is impractical, 
particularly in desert, arid, and semi-arid regions.

TerraClimate’s superior performance can be attributed 
to its advanced interpolation method, which integrates 
high-resolution climatological normals from WorldClim 
with coarser, time-varying data from CRU Ts4.0 and 
JRA55. The CRU dataset, based on daily observational 
data from over 5,000 weather stations (Zhao et al. 2024), 
provides a high-resolution global grid dating back to 1901, 
with no missing values and robust interpolation using 
angular distance weighting (ADW) (Harris et al. 2020). 
CRU data have been widely applied in climate change 
detection and compound event analysis. Similarly, 
WorldClim delivers very high-resolution climatology for 
global land areas, offering a wide range of climate variables 
derived from reliable weather station records, making it 
invaluable for ecological and environmental research 
(Fierke et al. 2024; Hemp & Hemp 2024). By leveraging 
these proven datasets’ comprehensive coverage, reliable 
observational data, and advanced interpolation methods, 
TerraClimate achieves superior accuracy and stability in 
capturing precipitation and PET patterns, as demonstrated 
in this study, more accurately than other gridded products. 
Although CHIRPS and TAMSAT are widely used for 
precipitation estimation, their reliance on satellite data can 
be hindered by the lack of ground-based observations, 
affecting their accuracy in capturing local climatic 
variations, particularly in arid regions like Nineveh.

In Nineveh, where rainfed agriculture is essential, 
TerraClimate’s reliable PET estimates are crucial. Given 
the region’s highly variable and often insufficient 

precipitation, accurate PET data is essential for effective 
water management. TerraClimate’s precise PET estimations 
help optimize irrigation schedules and improve water use 
efficiency, which is vital in this water-scarce area.

In this study area, TerraClimate, followed by CHIRPS 
for precipitation and MODIS for PET, emerged as reliable 
options for analyzing climate conditions in the Nineveh 
Governorate. Future studies should explore their 
performance across different climate zones and extended 
time periods to further refine their applicability for long-
term monitoring and decision-making.

CONCLUSION

A recent study assessed the performance of gridded datasets 
for the Nineveh Governorate in Iraq, where limited 
observational data present a significant challenge for 
hydrological and climatic analyses. This research marks a 
critical step forward by evaluating multiple gridded 
datasets, including TerraClimate, CHIRPS, TAMSAT, 
MODIS, and ERA5_Land, for their ability to replicate 
precipitation and potential evapotranspiration (PET). The 
study represents a pioneering effort to apply compromise 
programming (CP) on a regional scale, offering a 
methodological solution for addressing conflicting results 
from individual statistical metrics, such as correlation 
coefficient (R²), RMSE, and Bias.

The results demonstrated that TerraClimate was the 
most accurate and stable dataset, owing to its integration 
of high-quality observational data from sources like the 
Climatic Research Unit (CRU) and WorldClim. This 
dataset consistently aligned with ground station 
observations, outperforming others in capturing 
precipitation and PET patterns. CHIRPS and MODIS also 
emerged as reliable options for specific variables. The study 
highlights the potential of CP to integrate diverse evaluation 
metrics, rank datasets based on performance, and facilitate 
a robust and objective selection process.

The methodology proposed in this research underscores 
the value of gridded datasets for addressing data gaps in 
arid and semi-arid regions like Iraq. As climate variability 
intensifies, such datasets can serve as vital tools for drought 
monitoring, water resource management, and climate 
impact studies. Future research is encouraged to extend 
the evaluation to other regions and datasets, explore 
different time periods, and incorporate advanced decision-
making methods. The CP approach is highly adaptable, 
allowing it to evaluate a wide range of climate variables, 
such as temperature, wind speed, and humidity, across 
different regions. This flexibility arises from CP’s capacity 
to aggregate and assess multiple performance metrics, 
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making it suitable for diverse datasets. Unlike methods 
that rely on a single evaluation criterion, CP incorporates 
several key metrics, which can be tailored to the specific 
characteristics of each climate variable. By ranking datasets 
based on their relative performance, CP ensures a 
comprehensive and objective evaluation framework that 
can be generalized across various regions and datasets, 
overcoming geographic and climate-specific challenges. 
Additionally, as extreme weather events such as droughts 
and floods increase, the assessment of daily gridded data 
products may prove crucial for evaluating weather 
extremes and enhancing preparedness in the region.
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