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Abstract
Over the past few decades, meteorological datasets derived from remote sensing
techniques have been widely utilized by researchers and water resource man-
agers in agricultural applications. While literature indicates that these datasets
are not inherently more accurate than synoptic station data, their advantages—
including comprehensive spatial and temporal coverage, accessibility, and free
availability—have made them increasingly preferable, sometimes even serving as
alternatives to traditional synoptic stations. This study employed four meteoro-
logical datasets—Climatic Research Unit gridded Time Series (CRU TS), Global
Precipitation Climatology Centre (GPCC), Agricultural National Aeronautics
and Space Administration Modern-Era Retrospective Analysis for Research and
Applications (AgMERRA), and Agricultural Climate Forecast System Reanaly-
sis (AgCFSR)—to estimate climate variables (precipitation, maximum temper-
ature, and minimum temperature) and crop variables (reference evapotranspira-
tion, irrigation requirement, biomass, and yield) for maize in Qazvin Province,
Iran, from 1980 to 2009. Data were first extracted from the four meteorological
datasets and a synoptic station within the province to calculate climate vari-
ables. Subsequently, the AquaCrop model was applied to compute crop vari-
ables, and the results from the meteorological datasets were compared against
synoptic station data. All four datasets demonstrated strong performance in
estimating climate variables, with AgMERRA and AgCFSR providing more ac-
curate estimations for precipitation and maximum temperature. However, their
normalized root mean square error was inferior to CRU TS for minimum temper-
ature. The datasets were also highly efficient for estimating maize biomass and
yield in the province. For reference evapotranspiration and irrigation require-
ment, CRU TS and GPCC outperformed AgMERRA and AgCFSR. Overall,
GPCC and AgCFSR emerged as the two best-performing datasets. This study
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Abstract
Over the past few decades, meteorological datasets derived from remote sensing
techniques have been widely utilized by researchers and water resource man-
agers in agricultural applications. While literature indicates that these datasets
are not inherently more accurate than synoptic station data, their advantages—
including comprehensive spatial and temporal coverage, accessibility, and free
availability—have made them increasingly preferable, sometimes even serving
as alternatives to traditional synoptic stations. This study employed four me-
teorological datasets—Climatic Research Unit gridded Time Series (CRU TS),
Global Precipitation Climatology Centre (GPCC), Agricultural National Aero-
nautics and Space Administration Modern-Era Retrospective Analysis for Re-
search and Applications (AgMERRA), and Agricultural Climate Forecast Sys-
tem Reanalysis (AgCFSR)—to estimate climate variables (precipitation, maxi-
mum temperature, and minimum temperature) and crop variables (reference
evapotranspiration, irrigation requirement, biomass, and yield) for maize in
Qazvin Province, Iran, from 1980 to 2009. Data were first extracted from the
four meteorological datasets and a synoptic station within the province to cal-
culate climate variables. Subsequently, the AquaCrop model was applied to
compute crop variables, and the results from the meteorological datasets were
compared against synoptic station data. All four datasets demonstrated strong
performance in estimating climate variables, with AgMERRA and AgCFSR
providing more accurate estimations for precipitation and maximum tempera-
ture. However, their normalized root mean square error was inferior to CRU TS
for minimum temperature. The datasets were also highly efficient for estimat-
ing maize biomass and yield in the province. For reference evapotranspiration
and irrigation requirement, CRU TS and GPCC outperformed AgMERRA and
AgCFSR. Overall, GPCC and AgCFSR emerged as the two best-performing
datasets. This study recommends the use of meteorological datasets in water
resource and agricultural management for monitoring historical changes and
estimating recent trends.
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1 Introduction
The impact of climate change on agricultural productivity is undeniable, as
alterations in precipitation and temperature patterns directly affect crop pro-
duction and growing seasons. Accurate estimation of temperature and precipi-
tation, along with tracking historical changes, is essential for adapting to these
threats. Similarly, precise quantification of crop variables—including reference
evapotranspiration, irrigation requirement, biomass, and yield—is critical for
agricultural planning.

Ground-based meteorological stations currently provide insufficient temporal
and geographical coverage in many regions worldwide. Fortunately, numerous
observational options now exist for monitoring global water conditions, with
gridded datasets representing a particularly valuable resource. Crop and wa-
ter simulation models can estimate agricultural water requirements, yield, and
other indicators. While several crop simulation models have been reported in
literature—such as CropSyst, APSIM, Hybrid-Maize, and CROPWAT—these
typically require comprehensive input data on crop growth that are unavailable
in most parts of the world. Recent climate and crop prediction research in Iran
and other countries has produced significant outcomes, yet issues of accuracy
and uncertainty persist, underscoring the need for further investigation.

Satellite-based remote sensing techniques offer cost-effective, wide-ranging, and
time-efficient solutions for local, regional, national, and global applications.
These datasets encompass various temporal scales, from hourly to annual, en-
abling examination of changes and monitoring of terrestrial events relevant to
agriculture, natural resource management, groundwater, water quality, salinity
management, and crop water requirements. Land surface models are critical
for providing global-scale hydrological parameters. Although not necessarily
more accurate than traditional measurements, these datasets offer complete
spatial and temporal coverage—their primary advantage. Applications fall into
three categories: (1) historical data for understanding water cycle evolution and
studying rainfall and drought trends, enabling continuous evaluation of water
resource changes and informed management decisions; (2) short-term meteoro-
logical data for rapid decision-making; and (3) model applications providing
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future precipitation information for long-term planning.

Agricultural management requires precise data across numerous fields, partic-
ularly crop yield estimation, which is now considered essential. Climate data
constitute a crucial component of plant model inputs, and various databases
can help compensate for data gaps, though their accuracy must be assessed.
This study estimated minimum temperature, maximum temperature, and pre-
cipitation in Qazvin Province, Iran, from 1980 to 2009 using four meteorological
datasets: CRU TS, GPCC, AgMERRA, and AgCFSR. Results were compared
to a provincial synoptic station using evaluation indices including correlation
coefficient (R2), root mean square error (RMSE), normalized root mean square
error (NRMSE), and maximum error (ME). The four datasets were then used
to estimate reference evapotranspiration, biomass, irrigation requirement, and
maize yield on a monthly scale, with final comparisons made against synoptic
station data using the same indices.

2.1 Qazvin Province and Maize
Qazvin Province is located in northwestern Iran, south of the Alborz Moun-
tains, at relatively high latitudes. Despite covering only 1% of Iran’s area
(1.6$×10^{4}$ km2), the province contributes approximately 3% of national
agricultural production, totaling over 5.9$×10^{6}$ t. Annual precipitation
averages 330 mm, ranging from 210 mm in the east to 550 mm in the north-
east. The province comprises plain and mountain zones. Table 1 presents
monthly maximum temperature, minimum temperature, daily evapotranspira-
tion, monthly evapotranspiration, and precipitation data.

Wheat, barley, maize, and alfalfa are the principal crops in Qazvin
Province. This study utilized data from the provincial synoptic station
(36°8$‘59’‘𝑁, 50°1’47”𝐸; 1279.2𝑚)𝑐𝑜𝑙𝑙𝑒𝑐𝑡𝑒𝑑𝑓𝑟𝑜𝑚1980𝑡𝑜2009(𝐹 𝑖𝑔.1[𝐹 𝑖𝑔𝑢𝑟𝑒1 ∶
𝑠𝑒𝑒𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙𝑝𝑎𝑝𝑒𝑟]).𝑀𝑎𝑖𝑧𝑒𝑤𝑎𝑠𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑𝑎𝑠𝑎𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑎𝑡𝑖𝑣𝑒𝑐𝑟𝑜𝑝, 𝑐𝑜𝑣𝑒𝑟𝑖𝑛𝑔𝑜𝑣𝑒𝑟1.3×10^{2}$
km2 of agricultural land. Synoptic station data were used in lieu of documented
maize data due to their long-term availability, and were calibrated against
actual data to ensure reliability.

2.2 AquaCrop Model
This study employed the AquaCrop model to calculate reference evapotranspi-
ration, biomass, irrigation requirement, and maize yield from both synoptic sta-
tion and meteorological dataset inputs. Developed by the Food and Agriculture
Organization of the United Nations (FAO), AquaCrop is a crop development
model designed to assess environmental impacts and water management. As a
water-driven model, it simulates crop yields by regulating soil water availability.
AquaCrop requires fewer input variables than alternative models while maintain-
ing necessary precision and has proven accurate across numerous experiments
under various water management conditions.
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The empirical equation of the AquaCrop model is as follows (Dorenbos and
Kassam, 1979):

1 − 𝑌
𝑌𝑥

= 𝐾𝑦 (1 − 𝐸𝑇
𝐸𝑇𝑥

)

where 𝑌𝑥 and 𝑌 represent maximum and actual crop production (kg/m2), respec-
tively; 𝐸𝑇𝑥 and 𝐸𝑇 represent potential and actual evapotranspiration (mm),
respectively; and 𝐾𝑦 represents the conversion coefficient between crop yield
and water stress.

To avoid confusion, the model separates evapotranspiration into soil evaporation
and crop transpiration (Zhu et al., 2021). Reference evapotranspiration (𝐸𝑇0)
was calculated using the FAO Penman-Monteith Equation (Allen et al., 1998):

𝐸𝑇0 = 0.408Δ(𝑅𝑛 − 𝐺) + 𝛾 900
𝑇 +273 𝑢2(𝑒𝑠 − 𝑒𝑎)

Δ + 𝛾(1 + 0.34𝑢2)

where 𝑅𝑛 is net radiation at the crop surface (MJ/(m2・a)); 𝐺 is soil heat flux
density (MJ/(m2・a)); 𝑇 is air temperature at 2 m height (°C); 𝑢2 is wind speed
at 2 m height (m/s); 𝑒𝑠 is saturation vapor pressure (kPa); 𝑒𝑎 is actual vapor
pressure (kPa); Δ is the slope of the vapor pressure curve (kPa/°C); and 𝛾 is
the psychrometric constant (kPa/°C).

AquaCrop requires four input data types: (1) meteorological data (daily precipi-
tation, maximum temperature, minimum temperature, and reference evapotran-
spiration); (2) soil data (texture and organic content); (3) crop data (growth
and development factors, evaporation, transpiration, yield, and stress); and
(4) management information (irrigation, fertilizer, and surface covering). This
study assumed a loam soil texture for Qazvin Province, with 32.2% field capacity
and 16.1% permanent wilting point.

2.3.1 Climatic Research Unit gridded Time Series (CRU
TS)
CRU TS provides monthly gridded land-based observations dating to 1901, con-
taining 10 observed and calculated variables with no missing values in the de-
fined domain. Accessible data include precipitation, maximum temperature,
and minimum temperature (New et al., 1999; Harris et al., 2020). Initially re-
leased in 2000, CRU TS employed Angular Distance Weighting Interpolation
(ADW) to interpolate monthly anomalies for seven variables onto a 0.50° grid.
After thorough review, ADW was selected as the interpolation method, with
observed coverage gaps filled by interpolating synthesized data onto a coarser
2.50° grid (New et al., 2000; Mitchell et al., 2004; Mitchell and Jones, 2005;
Harris et al., 2014).
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2.3.2 Global Precipitation Climatology Centre (GPCC)
Established in 1989 as the in situ component of the Global Energy and Water
Exchanges (GEWEX) Global Precipitation Climatology Project, GPCC’s pri-
mary responsibility is analyzing monthly precipitation over land surfaces using
rain gauge observations. The dataset compiles a unique precipitation database
from over 85,000 stations worldwide, estimated to represent between 150,000 and
250,000 individual rain gauges (New et al., 2001; Strangeways, 2006; Schneider
et al., 2014).

2.3.3 Agricultural National Aeronautics and Space Admin-
istration Modern-Era Retrospective Analysis for Research
and Applications (AgMERRA)
AgMERRA provides daily time series data globally for 1980–2009 at 0.25° spa-
tial resolution, including daily precipitation, maximum temperature, minimum
temperature, relative humidity, and solar radiation (Ruane et al., 2015). Addi-
tional details are provided by Reichle et al. (2011) and Ruane et al. (2015).

2.3.4 Agricultural Climate Forecast System Reanalysis
(AgCFSR)
AgCFSR includes rainfall data at daily temporal and 0.25° geographic resolution
for 1980–2009. The dataset integrates CRU TS, GPCC, Tropical Rainfall Mea-
suring Mission (TRMM), and Climate Prediction Center Morphing technique
(CMORPH) databases, combining in situ and satellite data while considering
agricultural areas and climatic elements affecting crops (Ruane et al., 2015).

Table 2 summarizes information for all four datasets.

2.4 Evaluation Indices
To determine the suitability of meteorological datasets as replacements for syn-
optic stations, we identified dataset points closest to the provincial synoptic sta-
tion and evaluated three measurement methods: (1) K1—using only the single
closest point; (2) K4—averaging the four closest points; and (3) K8—averaging
the eight nearest points. Data were extracted using each method and compared
against synoptic station observations.

For precipitation, maximum temperature, and minimum temperature, the K8
method reduced estimation efficiency and was therefore excluded from climate
variable analysis. However, K8 improved crop variable accuracy, so results are
presented using K1 and K4 for climate variables and K1, K4, and K8 for crop
variables. Monthly dataset data were used to estimate climate variables, with
averaged annual data employed for crop variable estimation. Maize production
and reference evapotranspiration estimates from CRU TS, GPCC, AgMERRA,

chinarxiv.org/items/chinaxiv-202212.00083 Machine Translation

https://chinarxiv.org/items/chinaxiv-202212.00083


and AgCFSR were compared against synoptic station estimates using statistical
criteria: R2, RMSE, NRMSE, and ME.

3.1.1 Minimum Temperature
Figure 2 [Figure 2: see original paper] presents minimum temperature estimates
for K1 and K4 in Qazvin Province from 1980 to 2009. As GPCC does not
provide temperature data, it is excluded from temperature analyses. All three
datasets (CRU TS, AgMERRA, and AgCFSR) estimated minimum temperature
efficiently with close agreement. Statistical evaluations appear in Table 3 . All
datasets exhibited strong correlations (R2 > 0.99) for both K1 and K4.

For K1, CRU TS performed best with an NRMSE of 5.96%, while AgMERRA
and AgCFSR showed NRMSE values of 10.55% and 14.51%, respectively. De-
spite higher NRMSE values, their ME values were relatively low. For K4, results
differed: RMSE increased slightly for CRU TS but decreased significantly for
AgMERRA and AgCFSR. NRMSE behavior was similar, decreasing from ap-
proximately 6.00% (K1) to 7.55% (K4) for CRU TS and dropping by about
4.00% for both AgMERRA and AgCFSR.

3.1.2 Maximum Temperature
Figure 3 [Figure 3: see original paper] shows maximum temperature estimates
from CRU TS, AgMERRA, and AgCFSR for 1980–2009. All datasets estimated
maximum temperature with high accuracy and close agreement, showing strong
correlations (R2 > 0.99) for both K1 and K4. RMSE values were low, with
NRMSE demonstrating high accuracy: 6.32% for CRU TS, 3.82% for AgCFSR,
and 1.10% for AgMERRA (K1). AgMERRA performed best for maximum
temperature estimation, though AgCFSR showed the lowest ME. Results for K4
were slightly less efficient but remained suitable, with AgMERRA maintaining
the best performance (NRMSE = 4.80%), followed by AgCFSR (5.09%) and
CRU TS (6.32%).

3.1.3 Precipitation
Figure 4 [Figure 4: see original paper] displays precipitation variation estimates
from all four datasets and the synoptic station for 1980–2009. Dataset estimates
showed strong correlation with synoptic station data for both K1 and K4. Statis-
tical indices in Table 3 indicate that, unlike AgMERRA, all datasets correlated
strongly (R2 > 0.50) with the synoptic station for K1, while all datasets achieved
R2 > 0.50 for K4. Although ME values were relatively high, NRMSE values
remained below 10.00% for all datasets, with RMSE around 2.0 mm (K1) and
3.0 mm (K4). AgCFSR and AgMERRA performed best, with CRU TS and
GPCC ranking third and fourth, respectively, showing similar behavior for K4.

Overall, all datasets efficiently estimated climate variables in Qazvin Province,
showing high correlation with the synoptic station and acceptable NRMSE val-
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ues. AgMERRA and AgCFSR are most suitable for maximum temperature and
precipitation estimation, while CRU TS is optimal for minimum temperature.

3.2.1 Reference Evapotranspiration
As GPCC does not provide data for reference evapotranspiration estimation,
results are presented for CRU TS, AgMERRA, and AgCFSR (Fig. 5 [Figure 5:
see original paper]), with statistical evaluation in Table 4 . CRU TS estimated
reference evapotranspiration efficiently, with RMSE values of 156.00–172.00 mm
across K1, K4, and K8, and NRMSE below 15.00%. ME values were similar
(~360.00 mm), though R2 was not high.

Table 4 shows poor R2 values across all methods, leading us to focus on other
indices. For CRU TS, efficiency improved when using more points (K8 and
K4). AgMERRA and AgCFSR showed similar performance, with AgMERRA
slightly outperforming AgCFSR. K4 provided the best reference evapotranspi-
ration estimates for this province.

3.2.2 Irrigation Requirement
Irrigation requirement, calculated as the difference between evapotranspiration
and effective precipitation, was estimated to assess all climate variables. Results
are shown in Figure 6 [Figure 6: see original paper] and Table 4 . CRU TS and
GPCC produced closely aligned, highly reliable results, while AgMERRA and
AgCFSR showed less accuracy. CRU TS was most efficient for estimating maize
irrigation requirement, with RMSE below 135.00 mm, NRMSE around 18.00%,
and ME around 270.00 mm. GPCC was slightly less accurate (NRMSE ~20.00%,
RMSE <150.00 mm). The K4 method improved accuracy for CRU TS, while
GPCC showed no significant differences among K1, K4, and K8. AgMERRA
and AgCFSR were less efficient, with RMSE and NRMSE around 300.00 mm
and 40.00% for K1 and K4, and substantially lower accuracy for K8.

3.2.3 Biomass
Figure 7 [Figure 7: see original paper] presents biomass estimates from each
dataset compared to synoptic station data. Results differed markedly from
previous sections, with all datasets showing close agreement and good RMSE
values. NRMSE values were below 5.00% for all datasets, averaging approxi-
mately 2.50%. While no single best dataset emerged, GPCC using K8 provided
the most accurate maize biomass estimates.

3.2.4 Yield
Yield estimation assumed full irrigation requirement satisfaction and absence of
water or salinity stress. Dataset and synoptic station results are shown in Figure
8 [Figure 8: see original paper], with close agreement among estimates. Table 4
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shows similar RMSE values and NRMSE below 5.00% across all datasets, with
GPCC using K8 performing best.

In summary, all datasets efficiently estimated maize biomass and yield in Qazvin
Province. CRU TS was most efficient for reference evapotranspiration and irri-
gation requirement estimation, though results remained reliable across datasets.
Increasing measurement points (K4 and K8) enhanced result reliability.

4 Discussion
Bahrololoum et al. (2020) evaluated CRU TS, AgMERRA, AgCFSR, and GPCC
for wheat yield and irrigation requirement simulation in Qazvin Province (1980–
2009) using K1, K4, and K8 methods. Their CRU TS evapotranspiration es-
timates showed R2 of 0.35 and RMSE of 87.00 mm (K1), 0.25 and 91.00 mm
(K4), and 0.27 and 201.00 mm (K8). AgMERRA performed less efficiently
(R2 < 0.20, RMSE > 125.00 mm for all methods), while AgCFSR results were
similar to AgMERRA. GPCC was most efficient for wheat evapotranspiration
estimation. Wheat yield results differed, with AgCFSR performing best (RMSE
~0.22 t/hm2, R2 > 0.70 for all methods), followed by CRU TS, while GPCC
and AgMERRA were less efficient.

Ramezani Etedali and Ahmadi (2021) used GLDAS, GLDAS-CRU, GLDAS-
AgMERRA, and AgCFSR to estimate crop yield and evapotranspiration in
Qazvin Province (1980–2010), finding AgMERRA and AgCFSR less efficient
than CRU TS and GLDAS for potential evapotranspiration estimation. Gor-
gin Paveh et al. (2020) demonstrated CRU TS superiority over AgMERRA
for wheat water footprint estimation. Kakvand et al. (2020) found GPCC
more reliable than AgCFSR for maize water footprint estimation, with both
datasets more efficient for green water footprint assessment. Ramezani Etedali
et al. (2022) showed GPCC outperformed AgMERRA for maize water footprint
estimation, with higher reliability for green and total water footprints compared
to blue water footprint.

Lashkari et al. (2018) found AgMERRA had strong relationships with maxi-
mum temperature in an Iranian province. Ceglar et al. (2017) evaluated four
meteorological datasets (AgMERRA, APHRODITE, PERSIANN, and TRMM)
for monsoon Asia precipitation estimation, concluding AgMERRA was reliable
based on its structure and statistical post-processing. Ahmed et al. (2019) eval-
uated GPCC, CRU, APHRODITE, and UDel datasets across Pakistan’s arid
regions, finding GPCC performed best in all climatic zones due to its larger ob-
servational station network—results consistent with Duethmann et al. (2013).

Terrain, wind speed, and hill aspect significantly impact precipitation, poten-
tially causing gridded precipitation to misrepresent distribution patterns. El-
evation differences also substantially affect precipitation, as extensively docu-
mented. White et al. (2008) recommended further regional studies on seasonal
precipitation patterns.
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5 Conclusions
Given the importance of accurate climate and crop variable estimation and the
increasing need for satellite data to supplement traditional measurements, this
study evaluated four meteorological datasets (CRU TS, GPCC, AgMERRA,
AgCFSR) for estimating climate variables (minimum temperature, maximum
temperature, precipitation) and crop variables (reference evapotranspiration,
irrigation requirement, biomass, yield) in Qazvin Province from 1980 to 2009.

For climate variables, all datasets proved suitable as synoptic station replace-
ments. CRU TS performed best for minimum temperature, while AgMERRA
and AgCFSR showed greater efficiency for maximum temperature and precip-
itation. For crop variables, all datasets efficiently estimated maize yield and
biomass. Reference evapotranspiration and irrigation requirement estimates
were less efficient but remained reliable for CRU TS and GPCC. Increasing
measurement points (K4 and K8) improved accuracy. Overall, meteorological
datasets can effectively estimate climate and crop variables for water resource
and agricultural management, enabling monitoring of past variations and future
trends. Further research should investigate additional datasets across diverse
regions, climatic conditions, and crops.
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