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Abstract: Evapotranspiration (ET) is an essential part of energy flow between the surface of the earth 

and the atmosphere, simultaneously involving the water, carbon, and energy cycles. It is mainly 

determined by climate change, land use, and land cover changes. Climate change is expected to 

intensify the hydrological cycle and alter ET. Land use affects ET within regional ecosystems mainly 

through vegetation changes and agricultural activities such as farmland reclamation, crop 

cultivation, and agricultural management. However, there is still a need for quantitative 

characterization of the impacts of climate change and human activities on ET and regional water 

resource efficiency in arid and semiarid regions. Based on Landsat-8 remote sensing imagery and 

land use data, the planting structure in the Liangzhou District of the middle reaches of the Shiyang 

River Basin was identified using a multiband and multitemporal approach in this study. 

Subsequently, the ET of major cash crops was inverted using the three-temperature model. This 

research quantitatively describes the responses of wheat and corn to the climate and human 

activities over a two-year period. Furthermore, the impact of planting structure and climatic factors 

on ET was elucidated. The results indicate that a combination of multitemporal green and shortwave 

infrared 1 bands is the optimal spectral combination to extract the planting structure. Compared to 

2019, the wheat area decreased by 23.27% in 2020, while the corn area increased by 5.96%. Both crops 

exhibited significant spatial heterogeneity in ET during the growing season. The typical daily range 

of ET for wheat was 0.4–7.2 mm/day, and for corn, it was 1.5–4.0 mm/day. Among the climatic 

factors, temperature showed the highest correlation with ET (R = 0.80, p ≤ 0.05). Our research 

findings provide valuable insights for the fine identification of planting structures and a better 

understanding of the response of ET to climatic factors and human activities. 

Keywords: planting structure; evapotranspiration; remote sensing; climate change 

 

1. Introduction 

Evapotranspiration (ET) is a crucial component of surface energy balance and water balance, 

consisting of soil evaporation and vegetation transpiration. It returns 58%–65% of terrestrial 

precipitation to the atmosphere and transports 51%–58% of surface energy from land through latent 

heat transfer [1,2]. Simultaneously, ET is regarded as the most important aspect of agricultural water 

allocation, with more accurate parameter values leading to more optimized farmland water strategies 

[3]. Traditional ET, primarily based on observations at stations, is obtained through point-scale field 

measurements, making it difficult to acquire regional-scale ET. However, remote sensing technology, 

with its wide coverage, periodicity, and timeliness, can effectively obtain large-scale ET [4]. Remote 
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sensing-based ET estimation methods overcome the limitation of “point” observation. By using 

satellite sensors with high spatial and temporal resolution to obtain surface reflectance and 

combining it with multispectral, hyperspectral, and thermal infrared sensors on unmanned aerial 

vehicle platforms, the accuracy of the ET estimation model can be effectively improved at the regional 

level. For instance, the three-temperature model (3T model) proposed by Qiu et al. [5,6] can effectively 

estimate ET and its components. The model requires fewer input parameters, which can be obtained 

through remote sensing inversion or meteorological stations. This model has been successfully 

applied for the quantitative characterization of ET at various scales in the northwest arid zone [7–9]. 

ET itself is affected by a variety of factors, such as crop type, crop growing conditions, soil 

conditions, and the climate. However, changes in ET are mainly determined by climate change, land 

use, and land cover change [10]. Regarding the driving mechanism of crop ET, the impact of climate 

change and human activities on ET has been a hot topic in the process of the terrestrial hydrological 

cycle [11–14]. Jin et al. [15] used the ET model to separate the effects of vegetation restoration and 

climate change on ET by controlling variables and found that vegetation restoration was the main 

driver of ET increase; He et al. [16] analyzed precipitation, potential ET, and ET based on the Budyko 

equation. They found that based on the average impact of vegetation restoration on ET changes, 

precipitation was the main driving factor for the ET changes. ET inversion and the hydrological 

models used by the above scholars can effectively evaluate the impact of climate and vegetation 

changes on ET changes. Still, there exist few studies on the effects of crop planting structure changes 

on ET under the broken and complex planting structure. 

Identifying crop planting structures is vital to efficiently using agricultural water resources and 

supporting food security. The accurate monitoring of farmland information is also one of the central 

themes of agricultural remote sensing [17–19]. The classification of land use types in existing research 

has primarily been macroscopic, mainly divided into forestland, grassland, cultivated land, and 

urban land. However, most of the Liangzhou District (LD) focuses on developing agriculture, and 

there needs to be more quantitative research on the impact of different crop types on regional ET 

changes. Remote sensing data contains rich spectral geometry and texture features, which can 

distinguish the phenological characteristics, leaf pigment, leaf water content, and canopy structure of 

different crops so that the unique spectral reflection characteristics of other crops can be used to 

identify the planting structure [20]. 

The method of crop identification using remote sensing data has been updated and matured, 

and different satellite remote sensing images have their own advantages for crop identification at 

different temporal and spatial scales [21–26]. At the regional scale, high-resolution remote sensing 

data have shown better results for the identification of broken and complex planting structures [27–

30]. Currently, crop remote sensing identification and classification methods can be distinguished 

based on the crop classification features and satellite image identification information used. The 

classification characteristics can mainly be divided into the following three categories: vegetation 

spectral information feature recognition [31], field texture feature recognition, and crop phenology 

information recognition [32]; meanwhile, the identification information can be divided into satellite 

image-based spectral information [33] and multitemporal information [34–36]. Using multisource 

remote sensing images (from Landsat-8 and Sentinel-2) based on supervised classification algorithms 

(the random forest algorithm and support vector machine algorithm) and an object-oriented 

segmentation algorithm (the recursive hierarchical segmentation algorithm), Xiong et al. [37] created 

a set of farmland distribution maps of 30 meters in Africa from 2003 to 2014, and the overall accuracy 

reached 94%. Based on the spatiotemporal data fusion model, Chen et al. [38] in the typical 

agricultural areas of Hebei, Heilongjiang, and Xinjiang, the major planting provinces in northern 

China, used Landsat and MODIS images to construct a high spatiotemporal resolution image data 

set to explore the applicability of the spatiotemporal data fusion model in the field of agricultural 

information extraction. 

The Shiyang River Basin, situated in the arid region of Northwest China, experiences limited 

rainfall, significant ET rates, extensive water resource development, and a delicate natural ecology. 

Oasis farmland comprises approximately 10% of the total area in the Shiyang River Basin, with 
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agricultural water being the foremost consumer of water resources within the basin. Irrigated 

agriculture is developed in the LD, which is located in the oasis area in the middle reaches of the river 

basin. The mismatch between the supply of and demand for agricultural water is the most prominent 

in this area. With the implementation of a water-saving reconstruction project, the ecological 

environment of the LD has been significantly improved, and the change in vegetation has had a direct 

or indirect impact on the regional hydrological cycle. Thus, under the combined effect of climate and 

planting structure changes, there is great significance to effectively evaluating the relative 

contribution rate of different influential factors on regional ET for the efficient use of water resources 

in the LD. However, the distribution of farmland in the LD has a certain complexity, with fragmented 

land plots and complex types. Therefore, it is necessary to find a method suitable for planting 

structure identification in the LD. 

The objectives of this study are to (1) provide methods applicable to extracting typical crop 

planting structures in the middle reaches of the Shiyang River basin based on Landsat-8 high-

resolution imagery, (2) quantitatively characterize the spatial and temporal variability of ET from 

typical crops under the influence of climate change and human activities based on the 3T model, and 

(3) investigate the driving factors of climate and planting structure for regional ET. 

2. Materials and Methods 

2.1 Study Area 

The LD is located in Wuwei City, Gansu Province, Northwest China (101 59ʹ-103 23ʹE, 37 23ʹ-38 

12ʹN), at the eastern end of the Hexi Corridor and the center of the Wuwei Oasis in the middle reaches 

of the Shiyang River Basin. The area is 5,081 square kilometers, and the agricultural land is about 

2,155 square kilometers, accounting for 42.9% of the total area. The distribution of cropland in the 

study area is concentrated, and the area of farmland is relatively large. The terrain of this area is high 

in the southwest and low in the northeast, with an altitude of 1,440–3,263 meters (Figure 1). This 

region belongs to the temperate continental arid climate, which is dry, with little rainfall and large 

temperature differences between day and night. The LD has typical dryland climate characteristics, 

with an average annual temperature of 7.7°C, annual evaporation of 2,020 mm, and average annual 

precipitation of 100 mm, which is far from sufficient to supply water for agricultural development. 

The area has 2,873.4 h of sunshine and 139.05 kcal/cm2 of total solar radiation. In recent years, the 

average temperature in the LD has exceeded the 1975–2015 average, making agricultural water use a 

more serious challenge in the context of climate change. 
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Figure 1. Study area of the Liangzhou District (LD).The LD is mosaicked by 2 Landsat-8 images. 

The development of agricultural resources dominates the LD. The main food crops are wheat 

and corn, which account for over 60% of the cropped area. These two types of bulk food crops are the 

main water-consuming crops, and their growth period is from April to September. In the cultivated 

land, a portion of vegetable cultivation area accounts for 1% to 4% of the land. However, due to the 

diverse types of cash crops and small and fragmented plots, this study categorizes them collectively 

as vegetables. The phenological stages of crops in the study area are listed as follows (Table 1). 

Table 1. Phenological information of crop types. 

Crop 

Type 
Apr. May Jun. Jul. Aug. Sept. 

 E M L E M L E M L E M L E M L E M L 

Wheat sow   grow    maturity   harvest       

Corn   sow     grow    maturity    harvest 

Veg.   sow          harvest   

2.2 Materials 

2.2.1. Remote Sensing Data 

Landsat-8 remote sensing images (Level 1T product, sourced from https://glovis.usgs.gov/) with 

a resolution of 30 m from NASA (the National Aeronautics and Space Administration) and the United 

States Geological Survey were used to collect satellite data, with a revisit period of 16 days. The 

acquired remote sensing data were first preprocessed, including radiometric calibration, atmospheric 

correction, and de-clouding. Then all available images for the crop birth period (April–September) 

with band numbers 131034 and 132034 were considered for selection (Table 2). Due to the large 

volume of clouds during this period, only dates with less cloud interference during the crop fertility 

period could be selected, resulting in a total of 15 days (Table 2). Six spectral bands (B2–B7) of the 
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Landsat-8 images, were classified as feature bands (Table 3) and used, including the blue, green, red, 

near infrared (NIR), shortwave infrared (SWIR) 1, and SWIR-2 bands. This study mainly focused on 

the farmland system, so a 30 m spatial resolution land use data mask was downloaded from the 

National Tibetan Plateau Scientific Data Center (http://data.tpdc.ac.cn/zh-hans/). 

Table 2. Summary of Landsat-8 images used in 2019–2020. 

Year Date Day of Year (DOY) Path/Row Transit Time 

2019 

May.12 132 132/034 11:49 

May.21 141 131/034 11:43 

May.28 148 132/034 11:49 

Jun.06 157 131/034 11:43 

Jun.13 164 132/034 11:49 

Jul.24 205 131/034 11:43 

Aug.09 221 131/034 11:43 

Aug.25 237 131/034 11:43 

Sept.01 244 132/034 11:49 

Sept.26 269 131/034 11:43 

2020 

Jun.24 176 131/034 11:43 

Jul.01 183 132/034 11:49 

Jul.10 192 131/034 11:43 

Jul.17 199 132/034 11:49 

Aug.18 231 132/034 11:49 

Table 3. Detailed information of 6 spectral bands 

Satellite Band Name Wavelength (nm) Spatial Resolution (m) 

Landsat-8 OLI Blue 450-515 30 

Landsat-8 OLI Green 525-600 30 

Landsat-8 OLI Red 630-680 30 

Landsat-8 OLI NIR 845-885 30 

Landsat-8 OLI SWIR-1 1560-1660 30 

Landsat-8 OLI SWIR-2 2100-2300 30 

2.2.2. Meteorological Data 

Daily meteorological data including temperature (Ta), precipitation (P), and relative humidity 

(RH) were taken from the China Meteorological Data Network (http://data.cma.cn). Meanwhile, we 

gathered meteorological data from the meteorological stations around the LD (Table 4). 

Table 4. General information about meteorological stations. 

Station No. Station Name Longitude Latitude Altitude (m) 

52681 Minqin 103°08’ 38°63 1367.8 

52674 Yongchang 101°97’ 38°23 1976.9 

52679 Wuwei 102°67’ 37°92 1531.5 

52787 Wushaoling 102°87’ 37°02 3045.1 
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52797 Jingtai 104°05’ 37°18 1630.9 

Figure 2 shows data on climatic variables for the crop growing season. The monthly average 

precipitation during the growing season was 24.17 mm and 27.51 mm in 2019 and 2020, respectively. 

In 2019 the peak was at 51.40 mm in July, while in 2020 the peak was at 55.60 mm in September. The 

monthly temperatures during the growing season ranged from 11.45°C to 21.89°C, with a mean value 

of 17.75°C in 2019 and 17.85°C in 2020. Meanwhile, the annual mean value of the vapor pressure 

difference (VPD) showed an increasing trend, with the lowest value of 0.82 KPa occurring in 

September 2020 and the highest value of 1.57 KPa occurring in June of the same year. In general, 

variations in the meteorological data from the LD represent the typical seasonal trend in the 

northwest arid zone. 

 

Figure 2. Monthly variations in temperature (Ta), precipitation (P), and vapor pressure difference 

(VPD) during the study period. 

2.2.3. Sample Data 

Sample plots were selected and identified to ensure the accuracy of crop classification by 

combining ground sampling points with the visual interpretation of high spatial resolution images 

on Google Earth Pro. During the experiment, a total of 247 sample plots were extracted in the study 

area, and a total of 5,632 pixels were used as ground truth datasets for model training and accuracy 

evaluation. The ground sampling points were randomly divided into two parts: 2/3 for model 

training and 1/3 for accuracy validation (Table 5). 

Table 5. General information about the sample plots. 

Crop Types 
Number of 

Training Plots 

Number of 

Testing Plots 

Number of  

Training Pixels 

Number of  

Training Pixels 

Wheat 72 37 2384 665 

Corn 96 42 3248 963 
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2.3 Data Analysis 

2.3.1. Crop Classification Method 

Two classification experiments were designed to study and analyze the effects of different 

spectral bands and temporal combinations on crop classification results: First, for single-band 

multitemporal combinations, crop classification was performed using single-band analysis based on 

multitemporal conditions, which were mutually validated with the results from Experiment 2. 

Second, for multiband multitemporal combinations, the aim was to investigate how combinations of 

different wavebands affect the performance of a classification model under multitemporal conditions. 

The band combinations were categorized into five groups. The first group comprised two band 

combinations randomly selected from the B2–B7 bands of the Operational Land Imager (OLI) images, 

with a total of 15 combinations. The second group included three band combinations, totaling 20 

combinations. The third group had four band combinations, with a total of 15 combinations. The 

fourth group comprised five band combinations with six possibilities. Finally, the fifth group 

included all bands in the OLI images, with only one combination. The classification effects of these 

57 band combinations differed, allowing us to determine the sensitive bands and the best 

classification combinations for crop classification. Because the sensitivity of crops to different band 

combinations varies, this experiment can identify the optimal band combinations for effective crop 

classification. The accuracy of the classification experiments was evaluated by a confusion matrix. 

Random forest classification was conducted using two Python modules: pandas and scikit-learn. The 

classification process was designed to have good noise immunity by following the random and put-

back principles during sampling. 

 

Figure 3. The workflow of crop classification using the random forest method. 

2.3.2. Evapotranspiration Remote Sensing Estimation Method 

The 3T model and satellite remote sensing images were employed in the study to calculate ET. 

Qiu et al. [5,6,39] proposed the 3T model to measure ET and evaluate environmental quality based 

on the surface energy balance equation in recent years. The model’s input parameters are three 

temperatures, net radiation, and soil heat flux, with all parameters except air temperature being 
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obtainable by direct inversion of remote sensing data. The 3T model consists of two submodels: the 

soil evaporation submodel and the vegetation transpiration submodel. For the mixed zone of 

vegetation and soil, the model assigns weights to soil evaporation and vegetation transpiration 

according to the vegetation cover values and calculates the total transpiration. This model has been 

widely used in arid and semiarid regions and has yielded favorable results in the northwest dry zone 

[40,41]. 

Submodel of Soil Evaporation 

When the surface is bare soil, the reference soil temperature (the temperature of dry soil with 

zero water evaporation) is introduced to calculate soil evaporation: 

asd

as
sdsdnssn

TT

TT
GRGRE

−

−
−−−= )( ,,λ , (1)

where λEs is the latent heat flux of soil evaporation (W·m−2), λ is the latent heat of the vaporization of 

water vapor, and Es is soil evaporation. Rn,s is the net radiation flux of the surface (W·m−2), Gs is the 

soil heat flux (W·m−2), Ts is the soil surface temperature (K), Ta is the air temperature (K), Rn,sd is the 

net radiation flux of the reference soil (W·m−2), Gsd is the reference soil heat flux (W·m−2), and Tsd is the 

surface temperature of the reference soil (K). 

Submodel of Transpiration of Vegetation 

When vegetation completely covers the land surface, soil heat flux G can be ignored, and the 

reference vegetation canopy temperature (vegetation canopy temperature with zero transpiration) is 

introduced to calculate vegetation transpiration: 

acp

ac
cpncnc

TT

TT
RRE

−

−
−= ,,λ , (2)

where λEc is the latent heat flux of transpiration (with λ being the latent heat of the vaporization of 

water vapor and Ec being the transpiration of vegetation), Rn,c is the net radiation of the vegetation 

canopy (MJˑm-2), Tc is the canopy temperature (℃), Ta is the air temperature (℃), Rn,cp is the net 

radiation flux absorbed by the reference vegetation (MJˑm-2), and Tcp is the canopy temperature (℃) 

of the reference vegetation. 

Vegetation-Soil Mixed Zone Model 

When the ground surface is a mixed area of vegetation and soil, vegetation coverage is 

introduced to calculate the total ET by combining the above two submodels: 

cs EfEfET ×+×−= )1( , (3)

where f is the fractional vegetation coverage. 

Vegetation Index and Fractional Vegetation Cover 

The ET inversion of mixed pixels is a difficult point in the application of this model. The 

normalized difference vegetation index (NDVI) is considered to be the most effective vegetation 

index for judging whether the underlying surface is a pure pixel. When the NDVI of a pixel is less 

than or equal to NDVImin, the area is a pure soil pixel; when the NDVI of a pixel is greater than or 

equal to NDVImax, the area is a pure vegetation pixel; and when the NDVI is between NDVImin and 

NDVImax, the area is a mixed pixel. Among them, NDVImin and NDVImax represent the NDVI of bare 

soil and complete vegetation coverage and generally take the mean value of 3% at both ends of the 

NDVI frequency histogram [42]: 
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RNIR

RNIR
NDVI

+

−
= , (4) 

min

max min

NDVI NDVI
f

NDVI NDVI

−
=

−

. (5) 

In the equation, the NIR and R represent the reflectance of Landsat-8 imagery corresponding to 

B5 (the NIR band) and B4 (the red band), respectively. 

Land Surface Temperature 

We used a single-channel algorithm for the inversion of surface temperature [43]: 

0ln)/(1 ελ AT

T
LST

sensor

sensor

+
= , (6)

where LST is the land surface temperature (K); λ is the central wavelength of the thermal infrared 

band (um); A is the product of the Planck constant and the speed of light divided by the Boltzmann 

constant (the value is 1.439×104 um K); Tsensor is the brightness temperature (K), which is obtained by 

direct calibration of the B10 band of the Landsat-8 image; and ε0 is the surface-specific emissivity. 

Net Solar Radiation 

The Rn refers to the radiation difference obtained after subtracting the part reflected by the 

surface from the total solar radiation reaching the surface. It is calculated by Equation (7): 𝑅௡ = 𝑅௦௪ௗ − 𝑅௦௪௨ + 𝑅௟௪ௗ − 𝑅௟௪௨, (7)

where Rswd and Rswu represent the absorbed and released shortwave radiation (W m-2), respectively, 

and Rlwd and Rlwu represent the absorbed and released longwave radiation (W m-2), respectively. All 

the above parameters can be obtained by remote sensing inversion. 

Soil Heat Flux 

Soil heat flux (G) is calculated from the relationship between vegetation and net solar radiation: 𝐺 = 𝑅௡ሾ𝛤௖ + ሺ1 − 𝑓ሻሺ𝛤௦ − 𝛤௖ሻሿ, (8)

where 𝛤௖ and 𝛤௦ are the empirical coefficients, which are respectively 0.05 and 0.315. [44,45]. 

2.3.3. Timescale Expansion of Evapotranspiration 

Satellite remote sensing images can only record instantaneous values at the time of transit, and 

the ET obtained by 3T model inversion is also an immediate value. In order to understand the actual 

water consumption during crop growth, daily ET values need to be obtained by extending the 

transient values on a daily scale. This study used the empirical formula of Jackson et al. [45,46] to 

extend the instantaneous ET values to daily ET values according to the time-step integration method 

as follows: 

)/sin(
)(2

ei

ie
d

Nt

ETN
ET

ππ
= , (9) 

where ETd is the daily ET; ETi is the instantaneous ET; Ne = N-2, with N being the time interval from 

sunrise to sunset; and ti is the time interval from the beginning of the ET process in the early morning 

to time i (the satellite transit time). 

2.3.4. Data Analysis 

To quantitatively characterize the impact of human activities, an analysis of spatial and temporal 

variation in ET was conducted using a mask of planting structure classification results, focusing on 
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two primary crop categories. Meanwhile, the impact of climate on ET variations was characterized 

through Pearson correlation analysis using spatial interpolation of meteorological factors Ta, P, and 

VPD. All analyses were pixel based, with a spatial resolution of 30 m. 

3. Results 

3.1. Crop Identification 

To demonstrate that incorporating multitemporal information can enhance classification 

accuracy, the efficacy of multitemporal information was initially assessed before constructing the 

classification model. A comparison was conducted between single-temporal, two-temporal, and 

multitemporal images using a random forest classification model with temporal data from day of 

year (DOY) 148, DOY164, and DOY244. The findings reveal that the classification accuracy of the 

multitemporal data combination surpasses that of the single-temporal data combination by 6.93% to 

9.53% and exceeds that of the two-temporal data combination by 2.93% to 5.44% (Table 6). 

Consequently, in subsequent classification Experiments 1 and 2, all classification analyses were 

performed based on multitemporal images. 

Table 6. The overall accuracy of different temporal combinations for crop classification. 

3.1.1. Classification Experiment 1: Single Band with Multitemporal 

In Experiment 1, images from three typical dates representing different crop fertility periods 

(DOY148, DOY164, and DOY244) were selected for the classification experiment. The accuracy of the 

results is presented in Figure 4. The results show that the green band has the highest accuracy, while 

the NIR band’s and SWIR-2 band’s classification accuracy is lower. 

 

Figure 4. Crop classification accuracy with single-band and multitemporal information. 

3.1.2. Classification Experiment 2 : Multi-Band with Multi-Temporal 

Figure 5 illustrates the overall accuracy of each band combination, with the abscissa representing 

the number of bands utilized in each combination. The experimental results reveal that as the number 

Number of 

Temporal 
Date 

Overall 

Accuracy 

Kappa 

Coefficient 

1 DOY148 90.00% 0.84 

1 DOY164 87.40% 0.79 

1 DOY244 89.95% 0.84 

2 DOY148, DOY164 91.49% 0.86 

2 DOY148, DOY244 92.60% 0.88 

2 DOY164, DOY244 94.00% 0.90 

3 DOY148, DOY164, DOY244 96.93% 0.95 
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of bands increases, the highest classification accuracy tends to decrease, while the lowest classification 

accuracy exhibits an increase. The peak value emerges in the B2 combination, reaching 97.77%. 

Although the overall accuracy of the B6 combination remains impressive at 96.93%, it does not 

represent the maximum value. The addition of band information does not effectively enhance 

classification accuracy. 

 

Figure 5. Crop classification’s overall accuracy with different band number combinations. 

Furthermore, it can be observed that the band combinations achieving the highest classification 

accuracy consistently include green bands. This finding aligns with the results presented in the 

single-band multi-temporal, as shown in Table 7. Consequently, the Green and SWIR-1 bands 

constitute the most sensitive combination for crop classification for the study area. 

Table 7. The best band combination of different band combinations for crop classification. 

3.1.3. Crop Classification Result in the Liangzhou District 

The aforementioned experimental analysis identified a combination of two spectral bands (green 

and SWIR-1) from three periods (DOY148, DOY164, and DOY244) as the optimal feature set to 

identify wheat and corn within the study area. The crop distribution map for the LD in 2019 was 

obtained using the classification model. The evaluation of the confusion matrix for the random forest 

classification using the optimal feature set is presented in Table 8. The overall accuracy reached 

97.77%. To further investigate the interannual adjustments in the planting structure of major crops 

and elucidate the annual variations in agricultural water consumption, the spatial distribution of 

wheat and corn in the study area for the year 2020 was extracted using the optimal classification 

feature set obtained. The results of the planted area for wheat and corn in 2019 and 2020 are presented 

in Table 9. In 2020, the planted area of wheat was 24.241 kha, which had decreased by 7.353 kha 

compared to 31.594 kha in 2019. The planted area of corn was 47.322 kha, which had increased by 

2.817 hectares compared to 44.505 kha in 2019. 

  

Number of Band 

Combination 
Band of Landsat-8 OLI 

Overall 

Accuracy 

Kappa 

Coefficient 

2 Green, SWIR-1 97.77% 0.96 

3 Blue, Green, Red 97.48% 0.96 

4 Blue, Green, Red, SWIR-2 97.39% 0.96 

5 Blue, Green, Red, SWIR-1, SWIR-2 97.16% 0.95 

6 Blue, Green, Red, NIR, SWIR-1, SWIR-2 96.93% 0.95 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 June 2023                   doi:10.20944/preprints202306.1518.v1

https://doi.org/10.20944/preprints202306.1518.v1


 12 

 

Table 8. Confusion matrix for random forest classification using green and SWIR-1 band combined 

features. 

Compared with the data in the Gansu Provincial Statistical Yearbook, the accuracy of the 

classification results for wheat in 2019 was 92.58%, the accuracy for corn in 2019 was 98.25%, the 

accuracy for wheat in 2020 was 85.82%, and the accuracy of corn in 2020 was 96.70%. 

  

(a) (b) 

Figure 6. Wheat and corn distribution map extracted from Landsat-8 Operational Land Imager (OLI) data in the 

Liangzhou District (LD): (a) is the result for 2019, and (b) is the result for 2020. 

Table 9. Changes in the wheat and corn planting area in the Liangzhou District (LD) from 2019 to 

2020. 

Crop Types 

2019 2020 
Change in 

Area 
Number of 

Pixels 
Area (kha) 

Number of 

Pixels 
Area (kha) 

Wheat 351221 31.594 269483 24.241 -7.353 

Corn 494747 44.505 526061 47.322 2.817 

Total 845968 76.099 795544 71.563 -4.536 

3.2. Evapotranspiration Estimation 

3.2.1. Key Model Parameters Inversion 

The input parameters of the 3T model were inverted for typical dates of the different growth 

stages (for May 12, May 28, June 13, and September 1, 2019), resulting in the spatial distribution of 

parameters such as the NDVI and LST based on crop mask extraction. 

The distribution diagrams for the NDVI highlight the distinctions in phenological stages among 

different crops (Figures 7 and 8). On May 12, the NDVI values in the wheat region were primarily 

Crop Types 
Classification Results 

Total 
Producer 

Accuracy Wheat Corn Others 

Wheat 646 0 0 646 97.14% 

Corn 19 963 29 1011 100.00% 

Others 0 0 493 493 94.44% 

Total 665 963 522 2150  

User 

Accuracy 
100.00% 85.25% 100   

Overall Accuracy = 97.77%         Kappa = 0.96 
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distributed between 0.5 and 0.7, while the NDVI values in the corn region were below 0.4. Over time, 

the NDVI values exhibited a gradual increase. On June 13, the wheat flourished, with the NDVI value 

reaching approximately 0.8. By September 1, the wheat had been harvested, and the NDVI in the 

original wheat distribution area had diminished. Concurrently, the corn area reached a peak of 0.95. 

  

(a) (b) 

  
(c) (d) 

Figure 7. Inversion results for the normalized difference vegetation index (NDVI): (a) is the result 

from May 12, 2019; (b) is the result from May 28, 2019; (c) is the result from June 13, 2019; and (d) is 

the result from September 1, 2019. 

  

(a) (b) 
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(c) (d) 

Figure 8. Inversion results for the land surface temperature (LST): (a) is the result from May 12, 2019; 

(b) is the result from May 28, 2019; (c) is the result from June 13, 2019; and (d) is the result from 

September 1, 2019. 

The LST exhibited pronounced spatial heterogeneity and is strongly correlated with vegetation 

coverage. In areas with low vegetation coverage, the temperature is higher due to the exposed surface. 

For example, in Changcheng town (102°54′, 37°54′), which is surrounded by desert, the LST remained 

elevated throughout the entire crop growth period, with the lowest value at 295 K and the highest 

value reaching 315 K. During these four periods, the wheat region showed lower LSTs than corn, 

mainly due to the influence of the leaf morphology of the two plants. 

3.2.2. Variation of Evapotranspiration 

Figures 12 and 13 depict the instantaneous ET obtained by substituting each parameter from the 

inversion into the 3T model, as well as the daily values of ET acquired through the daily scale 

expansion of ET as proposed by Jackson et al. [37,46]. Significant spatial and temporal heterogeneity 

exists in the ET values across the region. The ET frequencies (Figures 9 and 10e) reveal that the peak 

of the ET curve shifted backward with crop growth and approached a bimodal shape in each period, 

with the two peaks representing the wheat and corn zones, respectively. During May and June, ET 

was higher in the wheat distribution area, with the phenomenon being most pronounced in June. The 

daily ET peaks on May 28 and June 13 were 2.4 mm/d and 4.0 mm/d, and 2.0 mm/d and 5.2 mm/d, 

respectively. The left peak represents ET in the corn zone, while the right peak represents ET for 

wheat. 

  

(a) (b) 
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(c) (d) 

 
(e) 

Figure 9. Inversion results for evapotranspiration (ET, mm/h): (a) is the result from May 12, 2019; (b) 

is the result from May 28, 2019; (c) is the result from June 13, 2019; (d) is the result from September 1, 

2019; and (e) represents the instantaneous ET frequency map in each period. 

  

(a) (b) 
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(c) (d) 

 
(e) 

Figure 10. Inversion results for evapotranspiration (ET, mm/d): (a) is the result from May 12, 2019; (b) 

is the result from May 28, 2019; (c) is the result from June 13, 2019; (d) is the result from September 1, 

2019; and (e) represents the frequency of daily ET in each period. 

Figure 11 presents images from the same period in 2020, selected to illustrate the interannual 

variation of ET. The model parameters were obtained in the same manner and substituted into the 3T 

model to derive the daily ET values on June 24, 2020. This reveals an overall decrease in daily crop 

ET, with a maximum value of 4.0 mm/d compared to June 13, 2019. This decrease is significantly 

correlated with the later fertility of wheat and maize in 2020 as opposed to 2019. However, ET levels 

increased in the maize range compared to 2019, and the effects of changes in climatic factors such as 

temperature must be taken into account. Consequently, the following analysis examines the primary 

factors affecting ET in terms of both climate change and human activities. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 June 2023                   doi:10.20944/preprints202306.1518.v1

https://doi.org/10.20944/preprints202306.1518.v1


 17 

 

 

Figure 11. Daily evapotranspiration (ET) results for June 24, 2020. 

3.3. The Response of Evapotranspiration to Planting Structure Factors 

In order to better understand the difference in emission caused by different crop types in each 

period, the study extracted wheat and corn areas for mask analysis. Significant spatial heterogeneity 

is observed in the ET of both wheat and maize, which correlates with the NDVI and LST. 

The spatial distribution in May is significantly different. The daily ET value of the wheat area 

was 0.4–2.0 mm/d on May 12 and 2.0–5.5 mm/d on May 28. The difference in spatial distribution 

decreased in June, and the ET of the whole area was relatively concentrated. The daily ET on June 13 

was 4.2–7.2 mm/d. According to the time distribution characteristics, the wheat ET increased from 

May to June and showed a gradual deepening of color from the spatial distribution map. On May 12, 

May 28, and June 13, the average daily ET in the study area was 1.16 mm/d, 3.44 mm/d, and 5.02 

mm/d respectively. 

In May, the spatial difference in ET distribution in the corn area is slight compared with the 

wheat area. On May 12, the daily ET value of the corn area was 1.5~2.5 mm/d, and the value was 

1.5~2.6 mm/d on May 28. In June and September, the spatial difference increased. The daily ET in the 

corn area was 1.5~4.0 mm/d on June 13 and 2.0~4.4 mm/d on September 1. On May 12, May 28, June 

13, and September 1, the average daily ET of corn in the study area was 1.87 mm/d, 2.03 mm/d, 2.8 

mm/d, and 3.2 mm/d, respectively. From the frequency distribution plots, it can be observed that both 

wheat and corn exhibit a rightward shift in their peak values over time. Additionally, there are 

notable differences in ET among different crops during the same period, which can effectively 

distinguish them. The findings considering the crop structure provide a scientific basis for precise 

irrigation. 

   
(a) (b) (c) 
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(d) (e) (f) 

Figure 12. Daily evapotranspiration (ET) extracted by mask in the wheat area (mm/d): (a) is the result 

from May 12, 2019; (b) is the result from May 28, 2019; and (c) is the result from June 13, 2019. Since 

the wheat was harvested in September, no date from the month is analyzed here. Finally, (d–f) 

represent the frequency of daily ET on the corresponding dates. 

 
 

 

(a) (b) 

 
 

 

(c) (d) 

  
(e) (f) 

  

(g) (h) 
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Figure 13. Daily evapotranspiration (ET) extracted by mask in the corn area (mm/d): (a) is the result 

from May 12, 2019; (b) is the result from May 28, 2019; (c) is the result from June 13, 2019; (d) is the 

result from September 1, 2019; and (e), (f), (g), and (h) represent the frequency of daily ET on the 

corresponding dates. 

3.4. The Response of Evapotranspiration to Climatic Factors 

The Pearson correlation analysis was conducted using the remotely sensed ET obtained during 

the typical days of the crop growing seasons in 2019 and 2020 and the corresponding climatic factors 

of the respective years (Figure 14). From the results of the color-coded correlation matrices for 

interannual variation, it can be seen that Ta is the main factor affecting the change in ET and the 

correlation reaches 0.80 (R = 0.80, p < 0.05). Moreover, P also has a certain impact on ET, but the 

correlation is only 0.57 (R = 0.57, p < 0.05). This is because the agricultural fields in the study area are 

irrigated croplands, where crop growth relies entirely on artificial irrigation. Additionally, the study 

area is located in the Shiyang River Basin, which is characterized by limited and highly localized 

precipitation. Meanwhile, the correlation between the VPD and ET was only 0.21 (R = 0.21), which is 

consistent with the findings of Jin et al. [25]. They observed that VPD has only a slight influence on 

transpiration, while solar radiation plays a dominant role in atmospheric exchanges and serves as the 

primary driving force behind the spatial distribution of ET. 

 

Figure 14. The color-coded correlation matrices for ET interannual variation. 

4. Discussion 

4.1. The Influence of Input Spectral Bands on the Inversion of Planting Structures 

The choice of spectral bands for the satellite inversion of planting structures in watersheds 

should depend on several factors, including the resolution and availability of data, the types of crops 

being analyzed, and the goals of the analysis. Our results suggest that a more efficient band 

combination can improve the inversion accuracy of crop classification. The evidence indicates that 

combining the green and SWIR-1 bands is often a practical choice for the inversion of cropping 

structures in a watershed [47]. 

The green band is sensitive to chlorophyll and leaf area, providing information on the vegetation 

cover and its structure. The SWIR-1 band, on the other hand, is sensitive to the water and structural 

properties of vegetation, providing information on the water content and structure of the canopy [48–

50]. Such a combination of bands can provide more practical information about vegetation and water 

content and is a crucial input for the inversion of planting structures. Meanwhile, increasing the 

number of bands or features in the classification does not necessarily improve the classification 

accuracy. Prior researchers have found that the information redundancy between variables increases 
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the computational complexity and limits any improvement in accuracy, which is consistent with our 

findings [51]. 

4.2. The Influence of the Spatial Heterogeneity of Planting Structures on Evapotranspiration 

In agriculturally complex regions with diverse planting structures, higher spatial and temporal 

resolution inputs are needed to study the dynamic variations of water-use efficiency factors, such as 

ET [52]. In many irrigated agricultural areas, different crops are staggered and the fields are irregular 

and fragmented, resulting in sharp spatial fluctuations in parameters such as ET, soil moisture, and 

LST [28]. Most existing inversion models neglect the physiological characteristics arising from 

significant differences in water conditions among different crops [53–55]. According to the results of 

the planting structure analysis, the planted area of major cash crops decreased by 4.536 kha in 2020 

compared to 2019, which contributed to the reduction in ET in 2020. From the input parameters of 

the 3T model, notable differences in key ET inversion features were observed between wheat and 

corn. In May and June, wheat exhibited higher ET levels in its distribution area due to being in the 

middle to late stages of the growth period, with a maximum vegetation coverage of 1.0. Meanwhile, 

corn was still in the early stage of the elongation period in mid-June, with a plant height ranging from 

0.8 to 1.0 meters. Wheat in the LD is harvested around July 20, after which the wheat area is fallowed 

or rotated with crops such as baby bok choy by September 1 while corn reaches its maturity stage. At 

this time, corn exhibits the highest levels of ET throughout its growth period, with a daily value of 

3.6 mm/d. These results emphasize the importance of crop species’ influence on ET inversion and 

quantitative characterization. More importantly, the findings demonstrate the significance of 

conducting crop classification with remote sensing inversion for crop moisture status monitoring. 

In section 3, as a representative crop of typical crops with significant differences in water 

consumption, we performed a mask analysis for the wheat and maize zones, respectively, and found 

that the ET inversion results were most influenced by the crop type based on the image element 

properties. However, the ET distribution of wheat and maize in different periods is distributed in all 

zones, and the proportion is more pronounced (more pixels, > 5000), so there are errors in the 

inversion results. Two main factors are causing the errors: first, there are some discrepancies between 

the wheat and maize planting structure extracted from the remote sensing images and the field 

planting situation, and the fragmented plots that do not belong to both have been mistakenly 

identified as well. Second, due to the limitation of the resolution of Landsat-8 data, there is a 

phenomenon of mixed pixels, and the inversion results of the fragmented plots will have errors 

compared to the actual values. Therefore, the values with a more concentrated frequency were 

selected when analyzing the inversion results for practical application. The anomalous marginal 

values were discarded to reduce the interference of the anomalous values. 

4.3. The Influence of Meteorological Factors on the Inversion of Evapotranspiration 

In the arid area of Northwest China, high ET is caused by high temperatures and low humidity. 

Ta is a relatively stable environmental factor, and this study considers it as the main meteorological 

factor influencing the spatiotemporal variation of ET. The increase in temperature promotes the 

evaporation rate of soil moisture from the crop surface and the topsoil, resulting in more water 

entering the atmosphere through faster evaporation. In the study conducted by Jun et al. [56] in 

Lanzhou, the meteorological factors considered were net radiation, air temperature, and relative 

humidity. Their results reveal a significant relationship between air temperature and crop 

evapotranspiration, with an R2 of 0.789. Meanwhile, Gao’s study indicates a strong correlation 

between temperature variations and field ET during the crop growth period, with a coefficient of 

determination exceeding 0.9 [57]. In addition, Rigden et al. [58] demonstrated that on longer time 

scales, variations in precipitation among meteorological factors had the most prominent impact on 

the partitioning of ET. The changes in soil moisture resulting from P also exerted a significant 

influence on ET. Precipitation also affected ET, but the correlation was lower (about 0.57). A typical 

feature of the Shiyang River Basin is low precipitation, and the precipitation events are highly 

localized, especially in the crop-growing season. ET is influenced by precipitation because it 
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replenishes soil moisture. However, for the irrigated farmland in the LD, the supply of precipitation 

is far from sufficient to support crop growth. 

5. Conclusions 

Planting structure identification in the LD was investigated in this study using multispectral and 

multitemporal Landsat-8 images. A novel quantitative characterization of the response of ET to 

climate and planting structure changes was achieved, and the detailed conclusions indicate the 

following: 

（1）The accuracy of planting structure identification can be improved by efficiently selecting 

spectral information. Using a random forest classifier, a combination of the green and SWIR-1 bands 

from multitemporal Landsat-8 images was found to be the optimal feature set to extract the planting 

structures in the LD. The wheat planting areas in the study area were 31.594 kha and 24.241 kha in 

2019 and 2020, respectively, while the corn areas were 44.505 kha and 47.322 kha for those same years. 

The accuracy of the planting structure classification results ranged from 85.82% to 98.25%. 

（2）After considering the spatial heterogeneity of the crop planting structure, the accuracy of 

the inversion results for the model input parameters such as NDVI and LST significantly improved. 

The integration of crop planting structure with the 3T model enhanced the realism and reliability of 

ET inversion. 

（3）Concerning the climatic factors considered in this study, ET’s spatiotemporal variations 

were primarily driven by Ta (R = 0.80, p ≤ 0.05). The research quantified the contributions of changes 

in crop planting structure and climatic factors to variations in ET, providing a basis for better 

understanding the impact of crop planting structure on remote sensing-based ET estimation. 

However, this study focused on major cash crops, and further exploration is needed to investigate 

the effects of more refined and diverse crop planting structures on ET using remote sensing 

techniques. 
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