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ABSTRACT

Determining cropping patterns is crucial for quantifying irrigation water
requirements at a catchment scale. For this reason, new and innovative
technologies such as remote sensing (RS) and artificial neural networks (ANNs)
are robust tools for generating the spatiotemporal variation of crops. In line
with this, this study aims to classify each crop type using the ANN algorithm
and calculate crop evapotranspiration (ETc). This study was conducted in the
Akarsu Irrigation District (9495 ha) in the Lower Seyhan Plain in southeastern
Turkey in the 2021 hydrological year. Crop types were classified using the ANN
algorithm in the Environment for Visualizing Images (ENVI) program based on
combined data from Sentinel-2 images with a 10-m resolution and ground truth
data collected during the winter and summer seasons. The image analysis results
demonstrated that bare soil and citrus made up 3666 ha and 3742 ha respectively
in the winter season, while first crop corn (1586 ha) and citrus (4121 ha) were

preponderant in summer. The confusion matrix of the ANN algorithm showed
high agreement (wheat 89.76%, onion 91.67%; citrus 97.67% in winter and
98.98% in summer; 100% for lettuce, potato, sesame-2, palm, and watermelon)
and medium agreement (fruit 58.33% in winter, 42.86% in summer) with
ground truth data in growing seasons. Furthermore, the agreement was more
than 80% for the first and second crops (cotton, soybean, peanut, and corn) in
the summer season. Annual reference evapotranspiration and ETc were around
1308 mm and 890 mm, respectively. The ETc values for wheat, citrus, first-
crop corn, and second-crop soybean were found to be consistent with previous
studies of direct evapotranspiration methods conducted in the Cukurova region.
Overall, RS and ANNs can be used to classify crop types accurately in the
growing season. This study builds upon and expands the application of RS and
ANNSs in large-scale irrigation schemes.

Keywords: Crop-type classification, Crop evapotranspiration, Sentinel-2, Supervised classification, Remote sensing

1. Introduction

Cropping patterns are defined as the areal coverage under different crops at different periods. It also refers to the time and spatial order
or succession of crops and/or uncultivated in a specific agricultural area. As pointed out, among others, by Cetin (2020), the types of
cultivated plants are subject to change spatiotemporally since market demand and climate conditions are variable in time. However, the
determination of crop types in a large-scale irrigation catchment is not an easy task. Crop classification can provide farmers, irrigation
water managers, irrigation authorities, engineers of water user associations, etc., with essential and precise information on the crop type
by using remotely sensed data coupled with ground truth data. Zheng et al. (2015) indicated that the satellite imagery selection for crop
classification is based on, among many other things, image availability, variety level in crop types, and land area extent.

Remote sensing (RS) methods based on optical and/or microwave sensors have become increasingly common in order to extract crop
information that explains the vegetation conditions and biophysical crop properties (Yildirim & Asik 2018). RS technology not only
provides continuous and large spatial coverage on a large scale (Aksu & Arikan 2017; Oguz 2015) but also provides precision and
confidence in the final products. For this reason, RS techniques have been widely applied for drought monitoring (Aksu et al. 2022),
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precipitation (P), temperature, water resource, and agricultural monitoring (Kuzay et al. 2022) in large- or small-scale areas. RS
also provides availability of information (freely) on crop growth and health status to the farmers (Jayanth et al. 2021). Among other
satellites, the Sentinel-2 satellite has thirteen spectral bands with 5-day temporal resolution, which makes it the most popular satellite
for vegetation mapping.

A review of the literature shows that the Sentinel-2 has been widely used in precision agriculture for crop monitoring applications
(Whyte et al. 2018; Sonobe et al. 2017; Belgiu & Csillik 2018). Five major crop types and non-agriculture areas in Ukraine, Mali, and
South Africa and five local locations distributed over the world were classified using the Sentinel-2 and Landsat 8 data (Defourny et al.
2019). They reported that the average accuracy of classification for all areas, with one exception, was higher than 80%. Moreover, Jiang
et al. (2020) obtained a mean accuracy of 94% for producing a map using Sentinel-2 satellite imagery for major crop types in three vast
sites located in China (each site has between 2 and 3 crops). It must be remembered, however, that classification accuracy is subject to
plant species that show changes depending on the climate change phenomenon.

In the Seyhan River basin, climate projections by Columbia University’s Center for Climate System Research (CCSR) and the
Metrological Research Institute (MRI) of Japan have shown increasing temperature trends (+2.7 °C and +2 °C change by CCSR and
MRI, respectively) and decreasing P (159 mm by MRI and 161 mm by CCSR) for the future period up to 2080 (Selek et al. 2016).
Increasing temperatures will not only accelerate evapotranspiration rates but also affects plant species. With this in mind, the areal
extent of crop types and, hence, estimation of crop evapotranspiration (ETc) is of critical importance. As such, to estimate ETc precisely,
crop classification is paramount. Crop data and the development stages of each crop are used to estimate ETc which is determined
by multiplying reference evapotranspiration (ETo) by crop coefficient (Kc) according to the crop type and different vegetative stages
(Aksu & Arikan 2017; Cetin 2020). The Penman-Monteith (PM) model is one of the best indirect methods for ETc estimation, and has
been used commonly in a considerable amount of research in recent years (Santos et al. 2019). In the same context, PM is considered
a standard by scientists, irrigators, and the Food and Agriculture Organization because it takes into account all the climatic variables
(Santos et al. 2019; Allen et al. 1998).

This study highlights how to determine cropping patterns by using the Artificial Neural Networks (ANNs) algorithm with Sentinel-2
data and ground truth data to better understand and monitor the growth stages of crops and estimate crop biophysical parameters. This
study is considered the first attempt to classify cropping patterns in the Akarsu Irrigation District (AID) in the LSP of Turkey. The
overall objective of this study is to (1) classify crop types by using the ANN algorithm with the Sentinel-2 satellite images and ground
truth data and (2) estimate ETc based on ETo by the PM model using the data of two meteorological stations over the study area.

2. Material and Method

The flowchart for ETc calculation, known as a “two-step” procedure, in this study is presented in Figure 1. Figure 1 summarizes the
details of the data as well as the methods adopted in detail below.
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“Kc for each crop type
(Allen et al. 1998) Winter Summer
and (TAGEM-DSI season season

2017)

( : ) Solar Wind ( Relative
Mete[(;!:)(g:lc::l sy Radiation Speed Tem;z:cr;ature humidity
( ot (W m-2) (ms) L (%)
‘ ETo(Allen et al. 1998) . 0.408A (R, — G) + V57— 573 U2 (€5 — €q)
(mm day~1) , 0= A+ y(+ 0.34uy)

v

ETc=Kc ETo
(mm day™1)

Figure 1- Methodology followed for crop evapotranspiration (ETc) calculation by a “two-step” procedure
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2.1. Study area

The study area, AID, covers an area of approximately 95 km? (9495 ha). The AID is situated in the LSP and located between 36°57’and
36°51°N latitudes and 35°40° and 35°29’E longitudes, and is noted for its substantially flat terrain (Figure 2). The Mediterranean climate
- characterized by hot and dry summers and warm and rainy winters - prevails in the study area. The annual daily average, minimum
and maximum air temperatures are 18.9 °C, 9.0 °C, and 31.0 °C, respectively. The annual mean P of the Seyhan River basin is around
649.5 mm (Cetin et al. 2020). The hydrological year in Turkey and the AID covers the period between the 1% of October of one year
and the 30" of September of the next year. Major crops grown in the AID include cereals, potatoes, onions, and lettuce in the winter
season, while summer crops include corn, cotton, soybeans, groundnuts, and watermelons (Ozcan et al. 2003), regardless of whether
they are a first or second crop.
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Figure 2- The Akarsu Irrigation District in the Lower Seyhan Plain, in the Eastern Mediterranean region of Turkey

2.2. Crop type processing

Crop classification results provide crucial data on crop types at the regional scale and thus on cropping patterns. The flowchart, given
in Figure 3, presents the required steps to implement the ANN algorithm to classify crop types in the winter and summer seasons
using remotely sensed data coupled with ground truth data on the AID. To generate the most accurate insights, we combined data from
Sentinel-2 images and ground truth data obtained by surveying different croplands or fields in both the winter and summer seasons.
Since splitting the data into two parts (80% for training and 20% for testing) is a generally accepted practice in data science (Mahlayeye
et al. 2022) and geospatial modelling (Boken et al. 2004), the same procedure was applied in this research. Moreover, the procedure of
the ANN algorithm was followed to detect field boundaries and classify different types of crops. To achieve high degrees of accuracy
in the classification process, Normalized Difference Vegetation Index (NDVI), ranging from -1.0 to +1.0, was also determined and
included in the study as shown by Rouse et al. (1973).

The NDVI values were calculated as the following by using the Sentinel-2 Satellite Imagery:

(NIRbandS - Redband4) (1)

NDVI=
(NIRbandS t Redband4)

where NIR,  and Red, , are the “near-infrared” and “red” reflectance, respectively.
and band

Sentinel-2A-2B images, the details of which are given in Table 1, are obtainable at https://scihub.copernicus.eu/dhus/#/home. The
crop-type classification was performed in Environment for Visualizing Images (ENVI) software using the “Neural Net Classification”
module under “Supervised Classification”; the logistic activation method was used, and three hidden layers were selected. In detail, the
input layers are 10 regions in the winter season and 16 regions in the summer, each region presents a crop type as a region of interest
(ROI). The links between the input layers and three hidden layers take different weights and are trained depending on the required
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output (classified map). To improve classification accuracy, a band is added to the calculated NDVI image as remote sensing data.
Furthermore, ground truth data were converted to the ROI format and entered into the ENVI program, along with 5-band (Red, Green,
Blue, NIR, and NDVI) images. The Neural Net root mean square (RMS) curve, which was drawn against the iteration value, was
extracted separately for both the 2021 winter and 2021 summer classification maps, and the iteration value with the minimum RMS
value, as suggested strongly by Boken et al. (2004), was used in the classification. Concordantly, following the steps given in Figure 3,
pre-processing of the image data was performed before classification.

Ground Truth Data

Remote Sensing Data (Surveying different croplands or fields)
(https://scihub.copernicus.eu/dhus/#/home)
! o
Radiometric Training Data Testing Data
Calibration 80%% 20 %
Atmospheric
Correction

Calculation
of NDVI
Values

Supervised
Classification
(Neural Net)

Activation Method: Logistic
Hidden Layer: 3

First Iteration: 1000

Regions: 10 in winter, 16 in summer

~

Applving the Iteration to
minimize Root Mean
Square (RMS) Value

Neural Net

o)
RMS Plot

Classified Image ‘

f[

Confusion Matrix

Figure 3- Methodology followed for ANN procedure by ENVI program using remotely sensed data coupled with ground truth data

Table 1- Satellite image names and dates of the images used in the acquisition of summer and winter cropping patterns in the
research area

Image name Date

S2B MSIL2A 20200413T082559 N0214 R021 T36SYF 20200413T115830 13.04.2020
S2B_MSIL2A_20200702T082609_N0214_R021_T36SYF_20200702T122946 02.07.2020
S2A_MSIL1C_20200806T082611_N0209_R021_T36SYF_20200806T100018 06.08.2020
S2B MSIL2A 20210329T082559 N0214 R021 T36SYF 20210329T111602 29.03.2021
S2B_MSIL2A_20210627T082559_N0300_R021_T36SYF_20210627T112602 27.06.2021
S2A MSIL2A 20210811T082601 N0301 R021 T36SYF 20210811T114551 11.08.2021

2.3. Crop Evapotranspiration (Elc) Estimation

ETc, as in Equation 2, is calculated by multiplying ETo by Kc according to the crop type and different vegetative stages. This
methodology is known as a “two-step” procedure (Steduto 2000).

ETc=Kc ETo 2)

where ETc is crop evapotranspiration, ETo is reference evapotranspiration in the unit of mm day!, and Kc is crop coefficient for a single
crop depending on the crop’s stage of development. In this study, the standard single Kc value was chosen, as proposed by Allen et al.
(1998) and the tables provided by The General Directorate of Agricultural Research And Policies-The State Hydraulic Works (TAGEM-
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DSI) (2017) have been used. In addition, Kc values consider the status of the crop at the time of growth stage in different times of
growth stages, i.e., initial crop development, mid-season (second and third stages), and late-season, for crops, which are common in the
winter and summer seasons in the LSP of Turkey. Allen et al. (1998) modified the PM method to estimate ETo (Equation 3). Equation 3
was developed for short grass; more information, if needed, related to Equation 3 has been provided by Allen et al. (1998).

900
0.408 A (Ry=G) + Y273 42 (€s—€a) ©

To=
A+y(1+034up)

where ETo is the reference evapotranspiration (mm day™'), R is the net radiation at the crop surface (MJ m™day™'), G is the soil heat
flux density (MJ m™day™"), T'is the mean daily air temperature at 2 m height (°C), u, is the wind speed at 2 m height (m s™), e_ is the
saturation vapour pressure (kPa), e is the actual vapour pressure (kPa), e -e_ is the saturation vapour pressure deficit (kPa), 4 is the
slope of the vapour pressure-temperature curve (kPa°C™), and y the psychrometric constant (kPa°C™).

In this study, climatic variables on hourly and daily time scales were obtained from two automatic meteorological stations, shown in
Figure 2, and we applied quality control checks to meteorological data. For this purpose, Cotlu and L8 meteorological stations, as seen
in Figure 2, were established and operated in the research area.

3. Results and Discussion

3.1 Precipitation and reference evapotranspiration (ETo)

Meteorological data observed at the meteorological stations in the study area in the 2021 water year indicated that the climatic
conditions of the district and its environs are conducive to agriculture throughout the year. The study area is characterized as hot and
dry in summer, and rainy and cool in the winter. Therefore, as seen in Figure 4, ETo ranged between 0.67 mm day™! (minimum value
on January 14, 2021) and 8.08 mm day ' (maximum value on July 28, 2021). In addition, Figure 5 shows the temporal variability in
monthly ETo values, ranging from 43 mm (all-time low in both December and January) to 189 mm (all-time high in July). The annual
cumulative ETo was around 1308 mm for the 2021 hydrological year. As seen in Figure 4, variability in daily P and ETo is more
distinctive than in monthly ones. As can be seen from the results, the annual mean ETo and its standard deviation were around 3.59
mm day ! and 1.80 mm day ' (§°=3.24), respectively. A higher variance in daily reference evapotranspiration indicates greater temporal
variability in the data (CV=50%), implying more meteorological stations are needed in the District. The annual total P of the 2021 water
year decreased by 183 mm to the annual mean P of the basin (Cetin et al. 2020). Based on the meteorological observations, most of
the rainfalls occurred in the winter season, the cumulative P was 382 mm in the winter season of the 2021 water year, whereas rainfall
events rarely took place in the summer season.
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Figure 4- Temporal variations of precipitation and ETo over the study area in the 2021 water year
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Figure 5- Monthly ETo values and cumulative reference evapotranspiration during the 2021 hydrologic year

3.2. Crop type classification

Figure 6 shows the results of the crop classification both in the winter and summer seasons. Classification of crop types by ANN
algorithm coupled with the ground truth data (for each parcel) resulted in a changing cropping pattern over the study area. A total of
1,316 ground-truth data were used for crop classification in the winter and 1,469 in the summer. Eighty per cent of the dataset was
used in training and twenty per cent in testing. Finally, a high classification accuracy (more than 90%), on average for most crops, was
obtained over the study area, regardless of the summer or winter season. Mahlayeye et al. (2022) pointed out that cropping patterns are
distinguished through their designed spatial arrangement within a field. The cropping pattern results presented in this study (Figure 6)
showed parallelism with the cropping pattern examples, i.e., spatial clustering, given in Mahlayeye et al. (2022). For example, as can
be seen in Figure 6, citrus-planted areas were dominant in the eastern parts of the study area throughout the year. However, a significant
part of the land is empty (bare soil) in winter, and reserves are kept for the first crop in the summer season. On the other hand, corn as
the first (Corn-1) and second (Corn-2) crop was the most common crop (18.6%) in the summer season. The pie charts in Figure 7 show
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Figure 6- Crop types distribution over the study area: in winter (a) and in summer (b)
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Figure 7- The percentage of area covered by plants cultivated in the research area in the winter and summer of 2021

When the ANN algorithm by the ENVI software was applied, a confusion matrix was obtained for the winter and summer seasons
(Table 2,3). As seen in Table 2, wheat-grown areas were confused with citrus plantations (3.41%) and bare fields (6.83%) in the winter
season while fruit plantations were confused with citrus plantations (33.33%) and bare soil (8.33%). This type of confusion can be
explained by the fact that fruit plantations and small citrus trees have the same land characteristics in winter since small citrus seedlings
occupy only a very small area of the land. In addition, onion-planted areas were confused with bare soil (8.33%). During the collection
of the ground truth data on March 1 to 7, 2021, we observed that wheat and onion crops partially covered the land. For this reason,
onion- and wheat-planted fields were faultily classified as bare soil in generated cropping pattern maps (Table 2).

Likewise, a confusion matrix was acquired for the crops grown in the summer season (Table 3). Based on results from Table 3,
fruit-planted areas have the highest level of confusion with citrus plantations (42.86%) owing to either their same shape formation
or coverage characteristics. Hence, the ANN algorithm in the ENVI software defectively classified fruit trees as citrus plantations.
Additionally, Corn-1, Corn-2, Peanut-1, Peanut-2, Soybean-1, Soybean-2, and fruit fields were confused with citrus trees from 0.82%
to 42.86% as shown in Table 3. Luckily, Soybean-1 was confused with Soybean-2 (15.38%); this confusion can be explained plainly
that the first- and second-crop soybean have the same shape formation (height, width, and leaf development, etc.) at the time of ground
truth data acquisition.

Table 2- Confusion matrix of crop types (%) by ANN classification in the winter season

Truth
Class Bare soil Wheat Lettuce Fruit Citrus Palm Potato Onion
Bare Soil 93.68 3.02 0.00 0.00 3.30 0.00 0.00 0.00
Wheat 6.83 89.76 0.00 0.00 3.41 0.00 0.00 0.00
~ Lettuce 0.00 0.00 100.00 0.00 0.00 0.00 0.00 0.00
§ Fruit 8.33 0.00 0.00 58.33 33.33 0.00 0.00 0.00
§ Citrus 7.33 0.00 0.00 0.00 92.67 0.00 0.00 0.00
Palm 0.00 0.00 0.00 0.00 0.00 100.00 0.00 0.00
Potato 0.00 0.00 0.00 0.00 0.00 0.00 100.00 0.00
Onion 8.33 0.00 0.00 0.00 0.00 0.00 0.00 91.67
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Table 3- Confusion matrix of crop types (%) by ANN classification in the summer season

Truth

Cotton-1  Peanut-1 Soybean-2 Cotton-2

0.00
0.00
1.33

Watermelon

0.00
0.00
0.00
0.00
0.00

Palm
0.00
0.00
0.00
0.00
0.00

Bare Soil  Sesame-2 Soybean-1  Peanut-2  Fruit

0.00
0.00
0.00
0.00
0.00

Corn-1
0.51
6.90

Corn-2
0.00

Citrus
98.98
3.45
5.75
0.00
6.77

Class

0.00
3.45
1.33
0.00
0.75

0.00
0.00
0.00
0.00
0.75

0.00
0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00
0.00

0.00
0.00
0.44
5.41
0.00

1.6

0.00
0.00
3.10
2.70
2.26

0.51
0.00
221
0.00

Citrus

86.21

Corn-2

85.40
2.70
3.76

0.44
0.00
0.00

Corn-1

89.19

Cotton-1

85.71

0.00

Peanut-1

0.00 0.00
0.00 0.00
0.00 0.00

0.00
0.00
0.00

0.00
0.00
0.00

0.82
0.00
0.00

0.00
0.00
0.00

0.82
0.00
85.71

4
91.89
0.00

90.98
0.00
0.00

00
0.00
0.00

0.00
1.35
0.00

4.92
2.70
10.71

0.00
0.00
0.00

4.05
7.14
0.00
3.

Soybean-2
Cotton-2
Bare Soil

paripaid

0.00
0.00
0.00
0.00

0.00
0.00
0.00

0.00
0.00
0.00

0.00
0.00

0.00

100.00
0.00
0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00
0.00
0.00

0.00
0.00
5.71
0.00
0.00
0.00

0.00

0.00
0.00
0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00
0.00
0.00

0.00
0.00
8.57
0.00
0.00
0.00

0.00
0.00
0.00
0.00
0.00
0.00

Sesame-2

80.77

15.38
2.86
0.00
0.00
0.00

85

Soybean-1

77.14

0.00
0.00
0.00
0.00

5.71

Peanut-2
Fruit

0.00 42.86 14.29

0.00
0.00

42.86

100.00 0.00

0.00

0.00
0.00

0.00
0.00

Palm

100.00

Watermelon

3.3. Temporal Variability in Crop Evapotranspiration

The values of ETc were estimated based on the ETo and Kc for crop
types that were classified using the ANN algorithm. Table 4 shows
the monthly ETc for each crop type. In addition, Figure 8 shows the
variation of monthly ETc over the AID; the yearly ETc was about 890
mm for the 2021 water year. Based on the results of Table 4, it is of
great importance to highlight that the highest and the lowest calculated
ETc values were for Cotton-1 and onion, respectively. In this regard,
the ETc on a yearly basis was highest for cotton followed by citrus,
and corn. Research results conducted by Boken et al. (2004) noted
that the irrigation depth for cotton was greater than that of corn,
supporting our own findings. On the other hand, in the winter season,
wheat and potato are the highest water-demanding crops in the AID.
At the same time, Cotton-1, Corn-1 and Peanut-1 are highly water-
intensive crops when compared with other crops in the summer
season. For the whole year, ETc for deciduous fruit trees such as
apple, pomegranate, peach, plum, etc., and evergreen trees such as
citrus (lemon, mandarin, orange, grapefruit, etc.) was around 1008
mm and 889 mm, respectively. As shown in Table 4, the values of
ETc for second crops like Corn-2, Cotton-2, Soybean-2, and Peanut-2
are lower than the first crop ETc. The likely reason may be that Kc
values, which vary by the crop development stages, and sowing dates,
hence, the length of the growing period, and harvesting periods for
second crop types, are slightly smaller than those of the first crops. In
this context, several studies have been done to estimate ETc in the
Cukurova region in which our study area was located. Table 5 shows
measured ETa by direct methods, ETa using the Soil and Water
Assessment Tool (SWAT) model obtained from the existing literature,
and the calculated ETc in the 2021 water year. As seen in Table 5, one
of the studies estimated the actual evapotranspiration (ETa) for
Soybean-2 in 2009 by the lysimeter and Bowen Ratio-Energy Balance
(BREB). The seasonal cumulative ETa for Soybean-2 by the lysimeter
was 354 mm in the period of the growing season (from 25.06.2009 to
06.10.2009), whereas BREB was 405 mm (Unlu et al. 2010) in the
same period. As understood clearly from these two figures, the ratio
of ETa by BREB to ETa by lysimeter is 1.14, indicating that lysimeter
estimates are equal to 87% of BREB estimates in the same period and
there exists inherited variability in ET estimation methods. In turn,
the difference in ETc value for Soybean-2 (ETc=562.1 mm) in the
2021 water year in our study and ETa values in 2009 for Soybean-2
(ETa=354 mm by lysimeter and ETa=405 mm by BREB) may be
explained by the inherent spatio-temporal variability in climate data
and Kc selection in the ETc method. Another study by Nur (2019)
was conducted to determine Corn-1 (maize) evapotranspiration in the
Cukurova region, between 28.04.2012 and 02.09.2012 by using the
lysimeter method and water budget method under the Cukurova
conditions. The seasonal ETa for Corn-1 was determined as 618.2
mm and 488.8 mm by using the weighted lysimeter method and water
budget method, respectively. In the same context, the ETc value
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(841.4 mm) obtained in this study for Corn-1 in the 2021 water year was higher than the ETc values by lysimeter and water budget
methods (618.2 mm and 488.8 mm, respectively) for Corn-1 in the 2012 water year. Based on the results, it may be concluded that the
difference between the seasonal ETa values for first crop corn (Corn-1) obtained from the lysimeter and the water budget method is
almost 26%, but a 36% difference between ETa by lysimeter and ETc by Kc in this study. It should be kept in mind that, let alone the
stochastic behaviour in the ETc, the ETc values in this study are subject to climatic variables observed in the 2021 water year and
regional Kc values acquired from TAGEM-DSI (2017). Therefore, a 36% difference might be quite reasonable. Another possible reason
for the difference could be the values of Kc in the ETc method because Kc values are related to development growth stages. Put another
way, ETc calculations do not consider the stressed conditions, but direct methods for ETa estimation. A study by Koc & Kanber (2020)
estimated wheat evapotranspiration as 708 mm by using the water balance method under irrigated conditions in the Cukurova region in
the 2004 water year. The Kc values for wheat may be the reason behind the difference in values of the ETc method and a possible reason
to explain the difference between the ETc method (488.9 mm in this study) and the water balance method for wheat in the 2021 and
2004 water years. Akpolat (2011) estimated the ETa of wheat under rainfed conditions, by using BREB and lysimeter methods in the
Cukurova region in the 2010 water year. The seasonal ETa of rainfed wheat (between 19.11.2009 and 25.05.2010) was found to be 321
mm and 376 mm for the BREB and lysimeter methods, respectively. In the 2010 hydrological year, wheat was based only on rainfalls
and there was no irrigation. Therefore, the actual ETa for wheat in 2010 was less than the ETc of 488.9 mm in this study in the 2021
water year. Although ETc is crop water requirement, ETa is the water consumed actually by the crop. Hence, ETa is subject to stressed
conditions and the availability of water during the growing season. For example, a study for determining the ETa of wheat was
performed by Yildiz (2019) under rainfed conditions in the Cukurova region between the 2014 and 2015 growing seasons. Seasonal
rainfed wheat evapotranspiration was measured as 368 mm by the lysimeter method, 312 mm by the eddy covariance (EC) method, and
335 mm by using the water budget method. The rainfed wheat evapotranspiration value (2014-2015) was ~33% lower than the wheat
ETc method (488.9 mm) in the 2021 hydrological year. In other words, seasonal wheat evapotranspiration grown under natural rainfall
conditions is less than the ETc method which takes into consideration rainfalls and irrigation together. Unlu et al. (2011) estimated
cotton evapotranspiration by using a water balance model for drip-irrigated full (100%) and deficit (70% and 50%) irrigation from 2005
to 2008 in the Cukurova Region. Cotton evapotranspiration varied between 477 mm and 671 mm in full irrigation and from 376 mm to
398 mm under severe water-stressed conditions. Climate data in the 2021 water year and Kc values in the ETc method could be a reason
for the difference between the ETc method and the water balance model for full irrigation treatment results by Unlu et al. (2011). For
citrus, Unlu et al. (2014) estimated the ETa of grapefruit trees or a ‘Rio Red’ grapefruit (Citrus paradisi Macfad. ‘Rio Red”) orchard
through three different irrigation regimes in the Mediterranean environment (in Adana, Turkey) using three methods of EC, BREB, and
the water balance method in 2011 and 2012. Their results showed that the annual ET of grapefruit (for full irrigation) was measured as
810.5 mm and 892.9 mm (water balance) for 2011 and 2012, respectively. Moreover, annual grapefruit ET was measured as 716.9 mm
and 640.4 mm for the BREB method and EC method, respectively. As seen in Table 4, citrus evapotranspiration values (888.8 mm) are
slightly in agreement with yearly grapefruit ETa values obtained by Unlu et al. (2014). On the other hand, Golpinar (2017) estimated
the water budget elements, including the potential and ETa, in the AID by using the SWAT from 2009 to 2014. Based on the results,
actual ETa values generated by the SWAT model at the catchment level varied from 671.4 mm to 744.7 mm (Golpinar 2017). The
cumulative ETc value given in Figure 8, i.c., annual ETc at the irrigation district, in the 2021 water year was higher than the values of
ETa between 2009 and 2014 for the same study area (AID). As seen in Figure 8, the monthly ETc values are less than 35 mm per month
from November to February. However, it reaches its peak value as ETc=151.3 mm in July, indicating that July is the peak irrigation
season in the region. These changes in the value of ETc may be to the result of inherent temporal variability in the climate data from
year to year and/or spatial variation in cropping patterns over the years. For example, the difference between the monthly average
temperatures observed in 2021 and the monthly average temperatures observed in previous years varied between 1.0-4.4 °C, indicating
that monthly temperatures are higher in 2021 than in the previous years. On the other hand, the relative humidity increased at a rate of
6%. Furthermore, Cetin et al. (2020) pointed out that the annual total P (476.6 mm) of 2021 water year decreased by 183 mm (almost
28% less than normal) compared to the annual mean P of the basin. Despite all this, it might be possible that the SWAT model could
underestimate or overestimate the ET values based on the ETo estimation method selected.
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Table 4- Monthly and yearly ETc values (mm) for the crop types during the growing seasons (2020-2021)

Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Total
Wheat - 24.3 35.6 445 694 98.6 1114 912 13.9 - - - 488.9
Citrus 61.4 37.7 30.1 327 452 60.0 79.8 117.5  110.6 1229 1099 8l1.1 888.8
Corn-1 - - - - - 52.0 102.9 196.0 204.1 1804 91.6 14.5 841.4
Corn-2 66.6 - - - - - - - 334 131.3 1804 1442 5559
Cotton-1 42.6 - - - - 30.2 72.2 163.0 204.1 2269 1979 1189 1055.9
Cotton-2 76.7 - - - - - - - 29.9 129.8  193.1 149.7 579.2
Watermelon - - - - - - 64.0 160.3  187.1 188.9 - - 600.2
Fruit (pomegranate, 71.1 38.8 27.1 8.7 12.1 60.0 86.5 141.7 1463 162.6 1454 107.3 1007.5
apple, peach, plum,
etc)
Onion 439 32.5 40.3 458 585 40.6 - - - - - - 261.5
Potato - - 23.6 389 694 98.6 98.1 - - - - - 328.6
Peanut-1 - - - - - - 42.6 129.0 1885 2175 148.6 289 755.1
(groundnut-1)
Peanut-2 60.5 - - - - - - - 57.3 1294 1555 1185 5213
(groundnut-2)
Soybean-1 - - - - - - 52.6 1439 1956 184.7  66.0 - 642.9
Soybean-2 58.9 - - - - - - - 45.8 133.8  186.0 1375 562.1
Sesame-2 - - - - - - - - 115.7 199.7 1859 88.7 590.1
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Figure 8- Monthly ETc values and cumulative ETc during the 2021 water year
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Table 5- Measured ETa by direct methods, estimated ETa using the SWAT model from the existing literature, and calculated ETc
in 2021 water year (mm)

Crop type Measured ETa in the Cukurova region Ehimued
fv’;zilzl itudy Years B i Water bud. Eddy C. i - g%c?;‘gzzl
Lt balance (BREB) — method (O SWAT
Wheat 2004 708.0 488.9
Koc & Kanber
(2020)
2010 376.0 321.0
Akpolat (2011)
2015 368.0 335.0 312.0
Yildiz (2019)
Citrus 2011 716.9 810.5 640.4 888.8
Unlu et al. (2014)
2012 892.9
Unlu et al.
(2014)
Corn-1 2012 618.2 488.8 841.4
Nur (2019)
Cotton-1 2005 671.0 1055.9
Jor full 2006 477.0
irrigation
2007 587.0
2008 601.0
Unlu et al. (2011)
Soybean-2 2009 354.0 405.0 562.1
Unlu et al. (2010)
Study area 2009 Golpinar (2017) 744.7 890.0
2010 671.4
2011 713.2
2012 670.9
2013 730.0
2014 730.2

4. Conclusions

This study applied up-to-date technologies for remote sensing and ANNSs jointly to classify crop types by using the Sentinel-2A-2B
and ground truth data obtained by field campaigns conducted in the study area in the 2021 hydrological year. In addition, daily ETc
by the “two-step” procedure and ETo using the PM model were estimated. Based on crop type classification results and the confusion
matrix by the ANN model, the use of Sentinel-2A-2B showed high compatibility with ground truth data. Validation results showed that
the estimation accuracy was 100% for lettuce, watermelon, palm, and sesame-2, more than 93% for citrus in both winter and summer
seasons, and over 80% for other crops-with the exception of fruit trees. In addition, the discrimination capability of the ANN algorithm
for citrus and fruit trees did not achieve a high degree of accuracy in the winter and summer seasons when compared with other crops.
The ANN approach helped us to generate sufficiently accurate classified crop distribution maps over large irrigation catchments. In
turn, citrus plantations were preponderant in the winter and summer seasons of the 2021 water year with coverages of 39.4% and 43.4%,
respectively. Bare soils, i.e., fallow areas, made up 38.61% of the study area in the winter, while first-crop corn (Corn-1) constituted
nearly 17% of the study area in the summer. The annual total of ETc and ETo was around 890 mm and 1308 mm in the 2021 water year,
respectively. ETc values (Soybean-2, Corn-1, wheat, and citrus) are (to some extent) compatible with previous studies in the literature
in the same study area. Essentially, inconsistencies among ETa and ETc values obtained by different methods have been attributed
to the inherited spatio-temporal variability in the meteorological data, climate change phenomena, and spatial variations in cropping
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patterns over the study area, etc. Moreover, research findings led us to conclude that the use of remote sensing data in cropping pattern
determination is promising for providing information frequently and freely with high spatial resolution. RS images and ANNs could be
confidently used to classify crop types accurately in different growth stages throughout the growing seasons. As freshwater resources
are very limited in the changing world, particularly in Mediterranean countries, disagreements often occur on how to allocate them
to water-demanding sectors. For this reason, the proposed method, simple but effectively applicable, for classifying crop types and
determining ETc may be a pragmatic remedy to assist water authorities in apportioning irrigation water among both irrigation schemes
and, if needed, farmers optimally and equitably in a realistic manner. Furthermore, water user associations, water authorities, and others
may adapt the methodology followed in this study to other large-irrigation schemes where cropping patterns are difficult to obtain.
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