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Abstract: Given the critical role of precise meteorological parameter estimation in water resources
management, particularly concerning the water footprint (WF) concept and considering the scarcity of
data, this study utilized thirty years of data from four meteorological datasets to estimate the WF of
two main cereals, wheat and maize, in Qazvin province, [ran. AquaCrop was used to calculate the WF
parameters based on a synoptic station and the closest datasets to the synoptic station. Coefficient of
determination (R?), root-mean-square deviation (RMSE) and its normalization (NRMSE), and
maximum error (ME) were used to compare the results. The results showed that these datasets
efficiently estimate the WF components and can be used instead of synoptic stations. Also, all datasets
were more efficient in estimating the green WF than the blue WF. The Global Precipitation
Climatology Center (GPCC) dataset was the most efficient dataset in assessing the WF components
for wheat, where the RMSE and NRMSE were 84.8 m’/ton and 17.18%. These amounts were 55.1
m®/ton and 12.96% for the green WF. For estimating the blue WF of maize, the Climatic Research
Unit (CRU) datasets were the most efficient datasets in assessing the WF components of maize, which
were 35.58 m*/ton and 15.91%. This study demonstrated the robustness of meteorological datasets in
accurately estimating the components of the WF. Furthermore, the study advocates for the utilization
of diverse datasets in estimating meteorological and crop parameters, recommending this approach for
different crops across various regions.
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1. Introduction

According to the importance of climate variation and its effect on precipitation, temperature and
agricultural yield [1], accurate estimation of meteorological parameters and monitoring the changes in
the past are crucial [2]. Significantly, it will help water resources managers to plan more efficiently
and conserve water resources for the next generations [3—5]. According to Worqlul et al. (2015), most
places in the world are facing a considerable lack of data in the time and space scales in estimating and
predicting the amount of precipitation, evapotranspiration and other meteorological and crop
parameters [6], and this has always been a significant challenge to agricultural and water resources
managers worldwide [7]. The number of synoptic stations and their accuracy is not always acceptable
in some regions [8]. Also, these stations cannot estimate meteorological parameters in the past [9]. The
accurate estimate of these parameters will help managers to use water resources and lands more
efficiently, and it will be possible to estimate future changes in meteorological patterns [10].

Numerous simulation methods have been used in different ways to increase the efficiency and
performance of different systems, and they cover a wide range of fields from infrastructure
management to irrigation and water management [11-13]. Simulation models can estimate the water
requirements of crops, yield and other crop parameters. Although there has been a range of crop
simulation models reported in the literature which quantify the effects of stresses on crop growth,
development and yield (e.g., DSSAT [14], CropSyst [15], APSIM [16], Hybrid-Maize [17] and
CROPWAT [18]), they have several issues. The common issue of these models is their requirement
for highly detailed input data and information about crop growth, which may not be available in most
locations worldwide [19]. FAO developed AquaCrop in 2009 to address these limitations [20].
AquaCrop is a multi-crop model that simulates the water-limited yield for herbaceous crops under
different biophysical and management conditions and provides a good balance between robustness,
simplicity and output accuracy, and it can be used for a large number of crops [20,21]. Some studies
include wheat [22], maize [23], barley [24] and cotton [25], as well as multi-crop analysis [26]. Also,
the probabilistic behavior of this model has been studied recently [27].

By the development of satellites and using remote sensing techniques, a wide range of projects
can be implemented, at local, regional, national and global scales, which are cost effective and time
saving [28]. Also, they cover data in different and various periods from an hourly scale to daily,
monthly and yearly scales. Furthermore, with such data, they make it possible to study changes and
monitor terrestrial phenomena [29]. There has been significant research in remote sensing in various
studies and study areas, such as agricultural and natural resource management [30], groundwater [31],
flood [32], drought [33], climate change [34], water quality [35], fire monitoring [36], salinity
management [37] and crop water requirement [38]. These studies employed different approaches and
methods to enhance the efficiency of different scope-specific applications, with each study claiming a
positive impact on reducing inaccuracies.

Virtual water (VW) trade is another concept, which with the WF can be useful for sustainable
management of groundwater and surface water resources, especially in regions with dry and semi-dry
climates [39]. The VW trade has been suggested in the literature as an approach for saving water
resources and achieving water security at the regional, national and international levels [40—42]. It was
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also used in Iran for different regions, such as the south [43] or east [44], or the whole country [45].

In this study, the “water footprint” (WF) concept was used as a measure of the water amount used
for producing wheat and maize. Hoekstra (2003) introduced the concept of WF, which is an indicator
of the use of freshwater resources in different sections of the production process, i.e., a consumption-
based indicator in which consumption refers to the total amount of water used to produce a certain
amount of output [46,47]. This term facilitates water resources management, especially in water-scarce
areas. This concept has been adopted in numerous studies and study areas (e.g., resources [48], urban
planning [49], groundwater [50], crop patterns in dry regions [51]) and for different crops (e.g., main
cereals [47,52], citrus [43], rainfed wheat and maize [53,54]). This concept was also applied in regional
accounting for both irrigated and rain-fed lands with the goal of increasing efficiency of agricultural
utilization applications [54-57].

The present study employs a holistic approach, combining the WF concept, climate data derived
from multiple datasets and crop modeling to estimate the WF of two predominant cereal crops in the
Qazvin province of Iran. In this methodology, we utilize three decades of data from four distinct
datasets (CRU, GPCC, AgCFSR and AgMERRA) within the AquaCrop model to calculate the WF of
wheat and maize crops in this geographic area. Subsequently, the results are compared and assessed
against data from the nearest synoptic stations within the province.

The overarching objectives of this research encompass two key aims. First, we endeavor to
ascertain the accuracies of various datasets in estimating agricultural production within this specific
land, which holds significant importance, especially for disadvantaged regions. Second, we seek to
identify the dataset that best aligns with the unique characteristics of this location, enabling us to make
informed choices regarding dataset selection in comparison to others for future applications.

2. Materials and methods
2.1. Study area and crops

Qazvin province, with an area of 15,821 km?, reaches from 35° 37’ N to 36° 45’ N and from 48°
45’ E to 50° 50” E”, with an arid to semi-arid climate. It has relatively warm summers and cold winters,
with 14 °C and 339.4 mm as its mean annual temperature and precipitation, respectively. The location
of the province in the country is presented in Figure 1. The Qazvin Plain, situated withing the province,
represents the largest area within the Salt Lake basin, boasting the most extensive cultivation area for
diverse crops among all plains in the region. The main irrigated crops are wheat, maize, corn, alfalfa,
tomato and canola. According to the Agricultural Jihad Ministry (2015), 144,000 hectares of land
under cultivation is dedicated to wheat, which leads to 315,000 tons of production per year. Maize, the
other important crop in the plain, produces 100,8015 tons per year, which accounts for 45% of the
plain's irrigation. This crop covers 18,132 hectares of land under cultivation. As is demonstrated in
Table 1, these crops are responsible for 81% of agricultural production and 90% of the irrigated lands

of this plain.
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Figure 1. The location of the Qazvin Plain in Iran [61].
Table 1. Percentages of area and production of main irrigated crops in the Qazvin Plain.
Crop Percentage of area Percentage of production
Wheat 39 10
Barley 16 4
Maize 11 42
Alfalfa 12 9
Tomato 5 12
Canola 0.2
Others 10 19

In this study, the data of four meteorological datasets from the Qazvin province were gathered
from meteorological datasets in two ways: the nearest neighbor point to the synoptic station (K1) and
the average of the four nearest neighbor points to the synoptic station (K4). They can be reliable for
climate variable estimations. Figure 2 shows the procedure of choosing the closest points to the
synoptic stations in a way that the black color point is the synoptic station, and the other point is the
closest point to the station in the grid made by dataset. If there is only one point, then it is called the
K1 procedure; meanwhile, for four nearest points, the K4 name is assigned to this data. The four points
are averaged, and then the average was used in the calculations. The grid size differs for each
meteorological dataset. Then, the results of them were compared with each other to show that how
much they differ in compare with each other and in compare with the synoptic station.

AIMS Agriculture and Food
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Figure 2. The location of the synoptic station and the nearest point of the dataset (K1), and
the four nearest points of the dataset (K4). The mesh and the location of the synoptic station
is hypothetical. The size of the mesh varies based on choosing different meteorological
datasets.

2.2. Water footprint (WF)

Water footprint is a spatial and temporal measure of the total volume of freshwater that has been
used for producing something. WF consists of three components, the blue WF, the green WF and the
gray WF. The volume of the water used in the production of crops, known as net water requirement,
is called the blue WF. It is the volume of water evaporated for the production of agricultural products.
The green WF is related to the effective rainfall stored in the soil and supplies crop water demand.
Gray WF refers to the volume of water that is required to dilute pollutants (industrial discharges,
seepage from tailing ponds at mining operations, untreated municipal wastewater or nonpoint source
pollution such as agricultural runoff or urban runoff) to such an extent that the quality of the water
meets agreed water quality standards [46,62—65]. In this study, only the blue and green WF were
estimated. The following equations can determine these two elements:

_ (ET.—Pg)x10

WFBlue - Y (1)

WFgreen = (2)

WFglue and WFGreen are the blue WF and the green WF, respectively, in mt™!, P. is the total
effective rainfall during the crop-growing season (mm), ET. is the crop evapotranspiration (mm), and
Y is the crop yield (ton hectare-1) that was calculated by the AquaCrop model from the average of the
30 years of measured values in the field. In this model, the ETc calculated by the FAO Penman-
Montieth method by the AquaCrop model and c, the crop coefficient based on each crop and region,
can be varied [66,67]. For this study, the initial values of the coefficient from FAO were calibrated
based on the Qazvin Plain and the crops of this study in another study [68]. The water uses and the
WF components of wheat and maize in the Qazvin plain are represented in Table 2. Finally, the Pe
values were calculated by the United States Department of Agriculture (USDA).
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Table 2. Meteorological data of Qazvin synoptic station (base period averages).

Crop Water use (mm) WF (m®/ton)
ET. Pes Green Blue Total
Wheat 475 303 769 437 2673
Maize 695 29 882 375 2651
2.3. Dataset

In this research, the efficiencies of four datasets, CRU, GPCC, AgCFSR and AgMERRA, were
evaluated. Most of these datasets have been evaluated in different countries, such as China [69], Iran [70]
and Pakistan [71], which shows the high efficiency of different datasets in water and climate research.
A brief explanation of each dataset is given below.

23.1. CRUTS

The Climatic Research Unit (CRU) Time-Series (TS) dataset, which was developed by the UK's
Natural Environment Research Council (NERC) and the US Department of Energy, is one of the
reliable and popular available gridded datasets. This dataset contains ten weather variables (including
cloud cover, precipitation, temperature, vapor pressure, potential evapotranspiration and frost day
frequency) from over 5000 individual weather stations across the planet (except Antarctica),
interpolated into 0.5° x 0.5° grid cells [72]. This gridded time-series dataset covers the period 1901—
2014 by months, and its coverage includes all land areas. It is based on a dense station network with
good quality control and homogeneity check [73].

23.2. GPCC

The Global Precipitation Climatology Center (GPCC), which operates under the auspices of the
World Meteorological Organization (WMO), provides global precipitation analyses for monitoring
and research of the earth's climate with monthly and daily precipitation datasets. The GPCC products
are available in spatial resolutions of 1.0° x 1.0°, 2.5° x 2.5° and 0.5° x 0.5°. This dataset covers data
from 1901 to 2009 [74]. GPCC claims to provide the best possible observational gridded monthly land-
surface precipitation data in the world, as all of its products are fed by the world's largest database of
quality-controlled rain gauge data gathered from eight different sources, allowing for cross-checking
of redundant data gathered from multiple sources [75].

2.3.3. AgMERRA and AgCFSR

The AgMERRA and AgCFSR climate forcing datasets, which are the third and the fourth datasets
in this study, were created as an element of the Agricultural Model Intercomparison and Improvement
Project (AgMIP). These two datasets provide consistent, daily time series throughout 1980-2010
focusing on crop and livestock models at the local level, regional assessment of food security and
global economic impacts [76,77]. This dataset covers global variables that are required for agricultural
models. The data is interpolated into 0.25° x 0.25° grids [78].
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2.4. The AquaCrop Model

The AquaCrop model, version 5, which was introduced by FAO, is used in this study to compute
the WF components. This model simulates yield and biomass in relation to the water available to plants
that were introduced by the Doorenbos and Kassam empirical relation [79]. The model estimates the
values of the water productivity index (transpiration). The crop yield in a daily time stems from
separation transpiration and evaporation from evapotranspiration and the amount of biomass produced
by the harvest index [25]. It also uses a green cover on the ground instead of the leaf surface index. In
this model, the growth rate index does have great importance, and it examines the productivity index
instead of the ratio of the relative decrease in performance. The relation between the maximum and
actual yield and the maximum and the actual evapotranspiration is calculated by the following equation:

(1-5)=x0-%) 3)

Where Yx and Y are the maximum and the actual yield, respectively, ETx and ET are the
maximum and actual evapotranspiration, respectively, and Ky is the ratio between the relative decrease
in yield and the relative decrease in evapotranspiration.

According to Golabi and Naseri, four categories of inputs of AquaCrop are meteorological, plant,
managerial and soil information [80]. Also, the AquaCrop model runs for net water requirement, and
there is no water or irrigation system definition in the model. So, without any regard to the agricultural
system, we provided net water requirement to the model as an input.

2.5. Statistical analysis

In this study, the estimated WF components of two crops (maize and wheat) by four datasets are
evaluated by the estimation of WF components of the synoptic station in the Qazvin province. The
evaluation criteria are determination coefficient (R?), root mean square error (RMSE), normal square
root mean square error (NRMSE) and the maximum error (ME). The relations between WF
components to compute RMSE, NRMSE and ME are presented below.

RMSE = Javerage W Fy, ~W Figeeet ) 4

NRMSE = — "MSE )
AverageWF ,

ME =W I:syn ~W Fyataset | (6)
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3. Results
3.1. Wheat WF
3.1.1. CRU

Figure 3 shows the amounts of the blue and the green WF of wheat estimated by the synoptic
station and CRU, respectively. According to these figures, the amounts of R? are 0.414 and 0.328 for
the K1 and the K4 estimations of blue WF and 0.463 and 0.362 for the K1 and the K4 estimations of
green WEF. For the blue WF, the values of RMSE for the K1 and K4 estimation are 131.03 and 136.21
m?>/ton, while these values for the green WF are 94.93 and 90.59 m>/ton. The values of the NRMSE
are 26.55 and 27.6% for the blue WF and 22.32 and 21.3% for the green WF, respectively. Finally,
249.03 and 293.62 m*/ton are the maximum errors in estimating the blue WF with K1 and K4, and
171.51 and 202.73 m>/ton are those for the green WF, respectively. Overall, the CRU dataset tends to
overestimate the amount of blue WF compared with the observational data, while it tends to
underestimate the amount of green WF. For both K1 and K4, the estimations are close to each other.
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Figure 3. The amounts of the blue and green WF of wheat estimated by the synoptic station and CRU.
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3.1.2. GPCC

The amounts of the blue and the green WF estimated by the synoptic station and GPCC, for both
K1 and K4, are shown in Figure 4. According to the figures, the amounts of R?, RMSE and NRMSE
for the blue WF of GPCC are 0.615 and 0.537, the amounts of RMSE are 84.80 m?*/ton and 100.2
m?>/ton, and the amounts of NRMSE are 17.18 and 20.3% for K1 and K4, respectively. These amounts
for the green WF are 0.601 and 0.6, 55.1 m3/ton and 55.39 m>/ton for K1, and 12.95% and 13.02% for
K4. The ME of the K1 and K4 estimations of GPCC are 159.35 and 163.58 m>/ton for the blue WF
and 98.36 and 143.18 m*/ton for the green WF. According to the results, both K1 and K4 are close
together, but estimation with the nearest neighbor point (K1) is more efficient than the four neighbor
points (K4). Although GPCC is overestimating the blue WF for K1 and K4, the amount of estimation

is approximately close to the synoptic station for the green WF.
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Figure 4. The amounts of blue and green WF of wheat estimated by the synoptic station
and GPCC. Ave = Average, SYP = Synoptic Station, K1 = Nearest Neighbor Point, K4 =

Four Nearest Neighbor Points.
3.1.3. AgCFSR

The blue and the green WF estimated by the synoptic station and AgCFSR (K1 and K4) are shown
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in Figure 5. For the blue WF, the values of R2 for K1 and K4 by AgCFSR are 0.42 and 0.39 with
233.35 and 183 m?/ton RMSE and 42.28 and 37.08% NRMSE. Also, the amounts of ME for both K1
and K4 are 420.82 and 371.8 m>/ton, respectively. According to the second figure, the values of R? in
estimating the K1 and K4 green WF are 0.345 and 0.484. The amounts of RMSE, NRMSE and ME
for both K1 and K4 are 143.27 and 137.22 m’/ton, 33.69 and 32.27%, and 264.42 and 213.74 m>/ton,
respectively. Although K4 is more efficient than K1, AgCFSR is underestimating the blue and the

green WF significantly.
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Figure 5. The amounts of the blue and green WF of wheat estimated by the synoptic station
and AgCFSR. Ave = Average, SYP = Synoptic Station, K1 = Nearest Neighbor Point, K4
= Four Nearest Neighbor Points.

3.1.4. AgMERRA

In Figure 6, the blue and the green WF estimations of the synoptic station and K1 and K4 of the
AgMERRA dataset are represented. According to the blue WF figure, the values of R?> and RMSE are
0.326 and 189.66 for K1, and 0.275 and 186.43 m3/ton for K4. For both estimations, the amounts of
NRMSE and ME are 38.43 and 37.78% (K1), and 402.66 and 409.52 m>/ton (K4). The same estimation
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of the green WF had R? values of 0.253 and 0.31 for K1 and K4, respectively. The amounts of RMSE
and NRMSE for K1 and K4 are 145.23 and 128.02 m?/ton, and 34.15 and 30.1%, respectively. The
maximum error of these estimations is 243.6 m?3/ton for the nearest neighbor point (K1) and
220.78 m?/ton for the four nearest neighbor points (K4). According to the results, K4 in evaluating
WF components by AgMERRA is more efficient than the nearest neighbor point. Also, AGQMERRA is
similar to the AgCFSR dataset in underestimating the blue and the green WF.

Overall, according to the results, all datasets are more efficient in estimating the green WF than
the blue WF. Both the nearest neighbor point and the four nearest neighbor points are close to each
other. GPCC is the best dataset among these four datasets in estimating the WF components, with less
than 26.55 m*/ton RMSE for the blue WF and 21.3 m*/ton for the green WF. CRU is the second best
dataset, with around 131.03 m>/ton RMSE for the blue WF and 90.59 m*/ton RMSE for the green WF.
Both AgMERRA and AgCFSR are close in estimating the blue and the green WF.
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Figure 6. The amounts of blue and green WF of wheat estimated by the synoptic station
and AgMERRA. Ave = Average, SYP = Synoptic Station, K1 = Nearest Neighbor Point,
K4 = Four Nearest Neighbor Points.
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3.2. Maize WF

3.2.1. CRU

In Figure 7, the amounts of the blue and the green WF of maize estimated by the nearest (K1) and
the four nearest neighbor points (K4) of CRU are shown against the synoptic station. Although R? in
all estimations is less than 0.01, other statistic indexes are good, for example, the amounts of RMSE
of K1 and K4 are 38.58 and 39.46 m>/ton for the blue WF, while the NRMSE values are 15.9 and
16.27%, respectively. Meanwhile, 79.8 m*/ton and 85.21 m>/ton are the values of maximum error for
these two components. On the other hand, the amounts of RMSE and NRMSE for the green WF are 20.53
m?>/ton and 13.74% for K1 estimation and 20.98 m*/ton and 14.03% for the K4 estimation. The amounts
of maximum error in both components are 49.29 m?/ton and 49.98 m*/ton. As can be seen, both K1 and
K4 estimations of the CRU dataset are close together, while the green WF estimation is more efficient
than the blue WF. CRU is underestimating the blue and the green WF of maize for both K1 and K4.
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Figure 7. The amounts of the blue and green WF of maize estimated by the synoptic station
and CRU. Ave = Average, SYP = Synoptic Station, K1 = Nearest Neighbor Point, K4 =
Four Nearest Neighbor Points.
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3.2.2. GPCC

The amounts of the blue and the green WF of maize estimated by GPCC (K1 and K4) are
represented in Figure 8 against synoptic station. The value of R? is less than 0.05 in these datasets,
except for the blue WF with K1, which is 0.16. However, the amount of RMSE and NRMSE of the
blue WF estimation for K1 and the K4 are 43.07 m®/ton and 17.75% and 47.75 m>/ton and 19.66%,
respectively. These amounts for the green WF are 18.22 m*/ton and 12.19% and 17.01 m*/ton and
11.38%, respectively. The amounts of maximum error for estimating the blue WF are 101.54 and 93.58
m?>/ton for K1 and K4, while they are 47.05 m>/ton and 34.35 m3/ton for the green WF, respectively.
As can be seen, GPCC is underestimating the amount of blue WF of maize, but the green WF
estimations are close to the synoptic station in the province.
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Figure 8. The amounts of the blue and green WF of maize estimated by the synoptic station
and GPCC. Ave = Average, SYP = Synoptic Station, K1 = Nearest Neighbor Point, K4 =
Four Nearest Neighbor Points.
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3.2.3. AgCFSR

In Figure 9, the amounts of the blue WF and the green WF estimated by the synoptic station are
shown with the K1 and the K4 of AGCFSR estimation. According to the results, R?, RMSE, NRMSE
and ME for K1 of the blue WF are < 0.01, 39.72 m>/ton, 16.37% and 82.72 m>/ton. These amounts are
0.01, 104.98 m>/ton, 43.27% and 155.44 m3/ton for K4. On the other hand, the green WF estimations
are less than 0.001, 120.31 m>/ton, 80.49% and 167.05 m>/ton for K1 and less than 0.001, 40.95
m?>/ton, 40.28%, and 77.78 m>/ton for K4, respectively. Results show that for this dataset, K1 is more
efficient in estimating the blue WF, while K4 is more reliable in estimating the green WF. Here, both
blue and green WF are underestimated by the AgCFSR dataset, and the numbers of estimations are
different significantly for K1 and K4.
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Figure 9. The amounts of the blue and green WF of maize estimated by the synoptic station
and AgCFSR. Ave = Average, SYP = Synoptic Station, K1 = Nearest Neighbor Point, K4
= Four Nearest Neighbor Points.
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3.2.4. AgMERRA

Finally, in Figure 10, the blue and the green WF are estimated by the synoptic station and K1 and
K4 of AQMERRA. The values of R? are 0.094 and 0.18 for the blue WF but less than 0.03 for the green
WF for both K1 and K4. RMSE and NRMSE for the blue WF are 98.81 and 103.56 m3/ton and 40.73
and 42.69%, for K1 and K4. The same amounts for the green WF are 42.19 m>/ton and 28.22% and
36.26 m*/ton and 24.26%, for K1 and K4. The maximum error of the blue WF is about 160 m>/ton,
while it is around 68 m?/ton for the green WF. AQMERRA is underestimating the blue and the green
WF of maize, but both K1 and K4 estimations are close to each other.
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Figure 10. The amounts of the blue and green WF of maize estimated by the synoptic
station and AgMERRA. Ave = Average, SYP = Synoptic Station, K1 = Nearest Neighbor
Point, K4 = Four Nearest Neighbor Points.

According to analysis and the results, R2 for all datasets are very low and close to zero, but the
amounts of other parameters are relatively efficient. In most datasets, estimating the green WF is more
efficient than estimating the blue WF. Also, there is no significant difference between K1 and K4 in
estimating the WF components by CRU and GPCC datasets, while in the other two datasets, K1 is
more efficient. Overall, in estimating the WF components, CRU is the most efficient, and GPCC, with
a slight difference, is the second-most efficient dataset in this study.

AIMS Agriculture and Food Volume 9, Issue 1, 84-107.



99

4. Discussion

According to the results, CRU and GPCC were the most efficient datasets among four understudy
datasets, and they can be used in managerial studies and research. In a study that gridded precipitation
datasets evaluated over arid regions, GPCC was more efficient than CRU [71]. Similar results were
reported by another study related to statistical tests of APHRODITE and GPCC [81]. One of the main
reasons for GPCC having higher efficiency than CRU is the number of weather stations, which is
85000 against 4000, respectively [74]. In another study, the production and water requirement of wheat
was estimated based on some meteorological datasets and then compared with the synoptic station. It
was found out that they reached similar results for CRU, AgMERRA and AgCFSR. They also claimed
the highest accuracy of GPCC-CR for water requirement estimations and AgMERRA for wheat
production estimations [82].

On the other hand, there have been numerous studies relating to using meteorological datasets in
climate and crop factors. Most of them were similar in suggesting the use of these datasets in
agricultural and water resources management. They claimed the importance of using these datasets
instead of synoptic stations and classical measurements, such as Ababaei and Ramezani (2021) that
used CRU for a 60-year period [83]. Also, Shi et al. (2017) evaluated the CRU TS precipitation dataset
for the Three-River Headwaters Region. The results showed that CRU underestimates the annual
precipitation compared to point rain gauge records data. They also claimed the importance of using a
gridded precipitation dataset to have a clearer understating of the spatio-temporal patterns of
precipitation in high-elevation mountainous regions where ground precipitation measurements are not
widely available [28]. Salvacion et al. (2018) used raw and downscaled CRU data to estimate
precipitation in the Philippines. They showed that the raw CRU dataset underestimates precipitation
for most of the month in the study, while the downscaled CRU tends to overestimate. According to the
result, the downscaled CRU performed better with higher accuracy [84]. The CRU dataset was also
applied for Iran over a 60-year period to estimate crop water requirement and showed high
performance [85].

Ababaei (2020) used CRU and GPCC to investigate temporal trends of seven climatic variables
and their spatial distributions across Iran. He deduced these two datasets are promising alternatives to
weather station observations [86]. Zhu et al. (2015) investigated the reliability of four datasets (CRU
TS, GPCC, Delware and NOAA) with resolution of 0.5°x0.5° in Xinjiang. They showed that all
datasets were able to simulate the main spatial pattern and seasonal variation of precipitation [87].

After version 4 of the CRU dataset, the accuracy of this dataset was demonstrated in many studies
for monthly climate variables as well. This dataset covers almost all the lands on Earth (except
Antarctica) with high climatology data for both accessible synoptic stations and disadvantaged regions [72].

Lashkari et al. (2018) used AgMERRA to estimate the maximum temperature at the Mashhad
station. The R? coefficient of this dataset for two different stations in the province was 0.25 and 0.43.
They showed that this dataset is reliable in estimating missing data of temperature. Also, this dataset's
performance in estimating daily precipitation was efficient, though the distribution of the estimated
precipitation was not the same as the observation precipitation [88]. Yaghoubi et al. (2020) evaluated
AgMERRA performance to estimate evapotranspiration and yield rainfed wheat in northeast Iran. The
highest correlation between the estimated amounts and the observations was 0.7. Also, the amount of
NRMSE between climate variables was less than 30%, except for daily wind speed and precipitation
at all locations. They concluded that AGMERRA could estimate average ETc and wheat yield in the
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long term efficiently, but it is not as efficient for short-term calculations [89]. Salehnia et al. (2017)
used AgMERRA to estimate meteorological drought indices, then evaluate it with station-observed
precipitation data. They showed that this dataset is efficient in filling gaps in station-observed
precipitation data. Also, by station-observed testing, it can be useful in data-lacking areas for
estimating precipitation [90].

Although CRU was more efficient in estimating the WF components in this study, Ahmadi et al.
(2020) showed that AgMERRA and AgCFSR datasets are more accurate in estimating the minimum
and the maximum temperatures than CRU [91]. According to another study, how these datasets are
configured and how observational data are analyzed in the specific region may change the outputs [92].
Ruane et al. (2015) used AgMERRA and AgCFSR in agricultural modeling and showed the high
accuracy of these two datasets in historical observation and future climate scenarios [93].

There have been other studies that focused on other datasets. For instance, Faraji et al. (2017)
used GLDAS data to estimate evapotranspiration precipitation, and air temperature of the Qazvin
province. They showed that R? for air and soil temperature, potential precipitation and evaporation of
this model was 0.9, 0.7 and 0.8 for the Qazvin province. Also, the GLDAS model was not efficient in
estimating the amount of flood runoff [94]. Blankenau et al. (2020) evaluated six gridded weather
datasets (GLDAS-1, NLDAS-2, CFSv2, GridMet, RTMA and NDFD) with 103 weather stations in
well-watered settings all over the United States. Results showed that RTMA was the best gridded data
for all variables, while NLDAS was the least efficient except vapor pressure [95]. Another study
related to estimating the evapotranspiration by the GLDAS dataset showed high coefficient with
acceptable RMSE [96].

5. Conclusions

In this study, thirty-year data from four meteorological datasets were used to estimate the WF
components of two main crops in the Qazvin province, wheat and maize. Although the different
datasets are developed for different purposes, we wanted to see if we can take advantage of using them
for other purposes, which here was to estimate the water footprint of agricultural crops for a managing
purpose. Estimates were evaluated by the synoptic stations in the province. The nearest neighbor point
and the four nearest neighbor points were used to estimate the WF components.

The steps of this study are given as below:

1. Thirty-year data from four different meteorological datasets was gathered by the nearest (K1) and
the average of four nearest neighbor points (K4) to the synoptic station in the Qazvin province;
Thirty-year data from the synoptic station was gathered,

The AquaCrop model was used to calculate WF based on the gathered data;

The WF components were calculated for both datasets and the synoptic station;

Aol

Results were compared with each other.

Results showed that most datasets are more efficient in estimating the green WF rather than the
blue WF. Both the nearest neighbor point and the four nearest neighbor points were close to each other,
though the K1 estimations were more efficient in most cases. For estimating the blue WF of wheat,
GPCC was more efficient among these four datasets. CRU and AgMERRA were the second and third
efficient datasets, while AgCFSR was the least efficient dataset among these four. On the other hand,
CRU was more efficient in estimating the green WF components. The values of RMSE and NRMSE
for green WF estimated by the GPCC dataset were more efficient, while the blue WF estimated by this
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dataset was not as efficient as these amounts. AgCFSR and AgMERRA are the other two datasets with
less efficient estimations. According to the results, the datasets were more efficient in estimating maize
WF components than wheat. This study shows and suggests using different datasets in estimating WF
components for various crops in different regions for irrigation and agricultural management. Also, it
needs to be mentioned that the application of these datasets might have some limitations. For example,
they might not be able to capture short term weather variations or small regions in their spatial
resolution. On the other hand, they might have some bias in sparse observation networks. Data must
be localized to have more accurate results and be generalized for the local conditions.

In the future, researchers might be interested in applying these datasets to other regions with
different climate or different agricultural products. They also have the opportunity to compare our
results with other datasets for the same location. Moreover, they can use these datasets for the regions
with no observational data and try to assess the accuracy of datasets with future measured data.
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