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Abstract 13 

Aims This study aimed to explore the effects of increasing image texture features and removing soil background 14 

on the alfalfa salt stress diagnosis accuracy. 15 

Methods This study extracted spectral reflectance to construct 15 vegetation indexes, and used gray level co-occurrence 16 

matrix to calculate eight image texture features. The Canny edge detection algorithm was used to remove the soil 17 

background, and set T1 (vegetation index non-removed soil background), T2 (vegetation index+image texture features 18 

non-removed soil background), T3 (vegetation index removed soil background), T4 (vegetation index+image texture 19 

features removed soil background), as independent variables to construct salt stress diagnosis model based on the 20 

support vector regression algorithm, and determined the best salt stress diagnosis model. 21 

Results Compared with the T1, the modeling and validation accuracies of salt stress diagnosis model constructed based 22 

on the T2 increased by 13.39% and 13.36%, respectively, and those of salt stress diagnosis model constructed based on 23 

the T3 increased by 6.30% and 5.33%. The salt stress diagnosis accuracy constructed based on T4 was the highest, with 24 

the modeling set R2, RMSE, and RPD of 0.675, 0.2143, and 1.7735, respectively, and the validation set R2, RMSE, and 25 

RPD of 0.652, 0.2349, and 15749, respectively. The modeling and validation accuracies of the salt stress diagnosis 26 

model constructed based on crop salt stress index (CSSI) reached more than 0.564 and 0.549, respectively, which can be 27 

used as a new indicator for diagnosing salt stress. 28 

Conclusions Both increasing image texture features and removing soil background can significantly improve the 29 

accuracy of alfalfa salt stress diagnosis. 30 

Key words  UAV multispectral; Vegetation index; Texture feature; Soil background; Salt stress diagnosis 31 

1. Introduction 32 

Soil salinization seriously affects crop root respiration and soil structure, resulting in large-scale farmland degradation 33 

and crop yield reduction (Steinhorst and Kudla, 2019; Chen et al., 2022). Salt stress not only causes physiological 34 

drought of crops, but also inhibits the water conduction of soil-crop system, which seriously hinders the normal crop 35 

growth. It is highly important to quickly, accurately and extensively diagnose the salt stress of crops for effective 36 



monitoring of their health status and developing high water efficiency agriculture (Gupta et al., 2021; Zhao et al., 2022; 37 

Feng et al., 2023). Traditional crop salt stress diagnosis is mainly based on positioning monitoring, which is a complex 38 

process. Therefore, it is difficult to diagnose the salt stress status of crops in a large area (Tian et al., 2021; Behera et al., 39 

2022; Shen et al., 2023; Yue et al., 2023). Low-altitude remote sensing provides a scientific and effective technical 40 

means for crop growth monitoring. An unmanned aerial vehicle (UAV) is a type of low-altitude remote sensing platform 41 

equipped with spectral instruments and has unique advantages such as flexibility, high efficiency and repeatability. It 42 

can quickly obtain large-scale image information and realize rapid and large-scale monitoring of crop growth (Sunita et 43 

al., 2018; Maes et al., 2019; Maimaitijiang et al., 2020; Qi et al., 2021). 44 

The vegetation index has high correlation with growth parameters such as leaf area index, biomass, chlorophyll 45 

content, stomatal conductance and other growth parameters of crops (Mandal et al., 2020; Zhang et al., 2021; Zhang et 46 

al., 2023; Li et al., 2023). It can reflect the growth condition of crops that can provide a basis for monitoring their 47 

growth process; however, the monitoring accuracy of the growth condition of crops based on the vegetation index is 48 

low (Ryu et al., 2020; Ma et al., 2021; Zhang et al., 2021). The UAV multispectral images contain spectral as well as 49 

rich image texture information. As an extremely important attribute of remote sensing images, image texture features 50 

can effectively reflect the changes in the physical properties of the crop surface. Increasing image texture features can 51 

effectively improve the accuracy of crop growth monitoring (Kawamura et al., 2021; Liu et al., 2022; Sun et al., 2023). 52 

Freitas et al. (2022) constructed an estimation model of grassland aboveground biomass based on the spectral and 53 

texture information of UAV images, and pointed out that image texture information played an important role in 54 

aboveground biomass estimation. Ilniyaz et al. (2023) evaluated the potential of UAV imagery in estimating leaf area 55 

index in vineyards, and pointed out that texture features performed better than vegetation indices, and the combination 56 

of vegetation indices and texture features could improve the estimation results. Yue et al. (2019) evaluated the accuracy 57 

of ultra-high resolution UAV image texture and vegetation index, and their combination in the estimation of 58 

aboveground biomass of winter wheat. The authors concluded that the combination could improve the accuracy of 59 

biomass estimation by 22.63% compared to that without the addition of image texture. Zhou et al. (2021) studied water 60 

stress diagnosis in winter wheat based on UAV multispectral vegetation index and image texture, which proved to be a 61 

feasible and accurate method. Yuan et al. (2023) explored the effect of spectral and textural information fusion on the 62 

accuracy of the model for estimating the leaf area index of rice. The authors extracted the reflectance of the rice canopy 63 

and eight textural features calculated using the gray scale covariance matrix. Zhao et al. (2023) explored the effect of 64 

combining image texture information and spectral indices on the accuracy of soil salinity inversion model, and pointed 65 

out that this combination could effectively improve the inversion accuracy. The aforementioned studies achieved good 66 

research results in crop yield estimation, aboveground biomass estimation, leaf area index estimation and water stress 67 

diagnosis based on the vegetation index and image texture features. The combination of vegetation index and image 68 

texture features for salt stress diagnosis in crops is a useful area for further investigation. 69 

Remote sensing images acquired using UAV remote sensing technology are prone to the problem of soil background 70 

interference. It has been shown that removing soil background from these images is an effective way to improve the 71 

crop growth monitoring accuracy, which has been widely used in crop nitrogen nutrition and water stress diagnosis (Pan 72 

et al., 2023; Wang et al., 2021). Almeida-Ñauñay et al. (2023) explored the effect of soil background on wheat yield 73 

estimation accuracy based on the optimization of vegetation index, where the soil background was removed using 74 

threshold optimization. Chen et al. (2019) explored the effect of removing soil background information on the inversion 75 

of nitrogen concentration in cotton plants using high spatial resolution UAV images. The authors concluded that the 76 

removal of soil background could improve the inversion accuracy. Zhang et al. (2018) used the binarized Ostu and 77 

Canny edge detection algorithms to mask thermal infrared images for soil background removal, pointing out that the 78 

removal was an effective way to improve the accuracy of crop moisture diagnosis. Liu et al. (2023) showed that the soil 79 

background present in UAV remote sensing images was an important factor affecting the estimation accuracy of crop 80 

leaf area index: by removing the soil background, the interference to the estimation of leaf area index could be reduced 81 



that would improve the estimation accuracy. Shu et al. (2021) comparatively analyzed the extent to which the 82 

background of UAV hyperspectral images affected the accuracy of leaf chlorophyll value estimation, and the study 83 

showed that the validation accuracy of the estimated model with the background removed was higher than that with the 84 

background. Wu et al (2022) pointed out that the soil background reduced the accuracy of leaf area index prediction for 85 

wheat. They showed that the soil background could be effectively removed using high-resolution UAV imagery, and 86 

consequently the prediction accuracy was significantly improved, increasing R2 by about 0.27. Previous research results 87 

confirmed that culling soil background could effectively improve the diagnosis accuracy in crop nitrogen nutrition 88 

diagnosis, water stress diagnosis and leaf area index estimation, but little research has been reported on crop salt stress 89 

diagnosis. Therefore, further exploration of the combination of spectral features and texture features of UAV 90 

multi-spectral images for crop salt stress diagnosis, which is helpful to improve the practical application ability of UAV 91 

remote sensing technology in crop salt stress monitoring. 92 

Considering the foregoing, taken alfalfa at the first flowering stage planted in saline and alkaline lands in arid oasis 93 

irrigation area of China as the research object, this paper extracted spectral reflectance to construct 15 vegetation 94 

indexes, and used gray level co-occurrence matrix (GLCM) to calculate eight image texture features based on UAV 95 

multispectral images and measured data from 2021-2023. The Canny edge detection algorithm was used to remove the 96 

soil background, and set T1 (vegetation index non-removed soil background), T2 (vegetation index+image texture 97 

features non-removed soil background), T3 (vegetation index removed soil background), T4 (vegetation index+image 98 

texture features removed soil background), as independent variables to construct alfalfa salt stress diagnosis model 99 

based on the support vector regression (SVR) algorithm by considering aboveground dry matter mass as a diagnosis 100 

indicator for salt stress in alfalfa. This paper aimed to: (1) explore whether the combination of UAV multispectral image 101 

texture features and vegetation index can improve the diagnostic accuracy of alfalfa salt stress, and the effect of soil 102 

background on the diagnostic accuracy of alfalfa salt stress. (2) compare and evaluate the accuracy of alfalfa salt stress 103 

diagnosis models under T1, T2, T3, and T4 schemes, and determine the optimal variable scheme and salt stress 104 

diagnosis model. (3) compare and evaluate the applicability and feasibility of the crop salt stress index (CSSI) 105 

constructed for diagnosing salt stress in alfalfa, and simplify the modeling process of crop salt stress diagnosis. To 106 

provide a new method for rapid, accurate, and large-scale diagnosis of crop salt stress conditions. 107 

2. Materials and methods 108 

2.1. Overview of the study area 109 

The study area is located at Bianwan Farm in the Taolai River Basin, Gansu Province (Fig. 1(a)). This region is located 110 

at 98°20′~99°18′E, 39°10′~40°15′N, with temperate continental arid climate, dry and little rain, strong evaporation, 111 

average precipitation of 72.6 mm and average evaporation of 2184.0 mm. These characteristics make it a typical "no 112 

irrigation, no agriculture" area. The main crops are grain economic crops such as alfalfa, wheat and corn, which provide 113 

an important grain production base in the Hexi Corridor. This study selected alfalfa as the research object, and the 114 

alfalfa planted in the study area were all perennial purple clover varieties. The distribution of UAV operation area and 115 

soil sampling points is shown in Figure1 (b). The sampling area is 54,000 m2, the soil texture is relatively uniform, the 116 

salt distribution is relatively uniform, and the spatial heterogeneity is small. According to the field survey, following the 117 

principle of uniform distribution, the location of sampling points is determined, and the location information of each 118 

sampling point is measured and recorded by hand-held GPS.  119 



  120 

(a) Location of the study area                                  (b) Experimental plots and ground samplings 121 

Fig.1 Location of the study area,the field for the observation of an UAV and ground samplings 122 

2.2. Data acquisition 123 

2.2.1. UAV multispectral data acquisition and preprocessing 124 

The UAV remote sensing platform used in this study is the DJI P4 multispectral version with a visible light camera and 125 

five multispectral cameras (blue 450 nm, green 560 nm, red 650 nm, near-infrared 840, and nmred edge 730 nm ) 126 

(Table 1). The UAV multispectral remote sensing data were collected on May 21-23, 2021, May 25-27, 2022 and May 127 

22-24, 2023, between 11:00-14:00 in the presence of clear and cloudless weather. The images were collected for three 128 

consecutive days each time, the image data of the sampling area was obtained by a single flight, and the sampling area 129 

is 54,000m2. The UAV flight altitude was 75 m, with a ground resolution of 4.0 cm, and heading and side-to-side 130 

overlap rate set to 75%. Standard whiteboards were used for calibration. The collected multispectral images were 131 

imported into DJI Zhitu for image correction, cropping and other pre-processing. 132 

Table.1 Parameters of the unmanned aerial multispectral remote sensing platform 133 

Parameter PTZ rotation range/° Image resolution 
Band and bandwidth/nm 

B G R RE NIR 

Size -90°～+30° 1600×1300 450nm±16 560nm±16 650nm±16 730nm±16 840nm±26 

2.2.2. Field data acquisition 134 

(1) Soil salinity measurement 135 

The collection of soil salt samples was synchronized with the acquisition of UAV multispectral images. Sixty-four 136 

sampling points were evenly distributed in the sampling area, and soil samples from depths between 0-15 cm were 137 

collected using soil augers. The location information of each point was recorded. Each soil sample with weight equal to 138 

30 g was collected into an aluminum box, oven-dried for 8 h, cooled and then ground and sieved (pore size 2 mm). 139 

Distilled water of volume equal to 150 ml was added to the sieved soil samples and stirred thoroughly, and after a few 140 

hours of standing, the conductivity of the soil solution was determined using a Raymag DJS-1C (EC1:5, ms/cm). The 141 

soil salt content (SSC, %) was calculated according to the empirical formula SSC = 0.2882EC1:5 + 0.0183 (Zhao et al., 142 

2022). 143 

(2) Determination of aboveground dry matter quality of alfalfa 144 

Alfalfa aboveground biomass samples were collected simultaneously using canopy spectrometry. In this study, the data 145 

of the first flowering stage of alfalfa were selected for the diagnosis of salt stress in alfalfa. The main reason was that 146 



the first flowering stage was the key stage of the transition from vegetative growth to reproductive growth of alfalfa, 147 

which was most sensitive to salt stress, which can significantly reflect the effects of salt stress on its growth, 148 

development and physiological status (Yan et al., 2022; Xiong et al., 2017).The destructive sampling method was used 149 

to select four alfalfa plants with consistent and representative growth in a small area of each soil sampling point in the 150 

sampling area. The plants were heated at 105°C for 0.5 h, dried at 80°C to a constant mass, and weighed as dry mass 151 

(Yan et al., 2022). 152 

2.3. Research methods 153 

2.3.1 Technical route 154 

Using the UAV multispectral remote sensing data from 2021 to 2023, this paper studied the diagnosis of alfalfa salt 155 

stress based on vegetation index and image texture features. The technical details were as follows: First, 15 vegetation 156 

indexes were constructed by extracting alfalfa spectral reflectance, and eight image texture features are calculated using 157 

GLCM. Alfalfa salt stress diagnosis models based on the support vector regression (SVR) algorithm were constructed 158 

with the vegetation indexes and image texture features as the independent variables. These models enable a comparative 159 

evaluation of the effect of increasing image texture features on the alfalfa salt stress diagnosis accuracy, and improved 160 

the salt stress diagnosis accuracy. Second, the Canny edge detection algorithm was used to remove the soil background, 161 

and comparatively analyzed the effect of soil background and reduced its interference on the diagnosis accuracy of crop 162 

salt stress. Last, the CSSI was constructed on this basis by using gray correlation analysis (GRA) for variable screening 163 

combined with the principal component analysis, which simplified the modeling process of crop salt stress diagnosis. 164 

This provided a new method for rapid, accurate and large-scale diagnosis of crop salt stress. Figure 2 shows the 165 

technology roadmap. 166 

 167 

Fig.2 Sketch nap of the technical route 168 

2.3.2. Construction and calculation of vegetation index 169 



When the crop is subjected to salt stress, the canopy structure, leaf color, etc. will change, and the spectral reflectance of 170 

each band will also change. In order to enhance the interpretability of remote sensing images, this paper constructs 15 171 

kinds of vegetation indexes as input parameters according to the spectral reflectance in different bands. Table 2 shows 172 

the corresponding calculation formula. 173 

Table.2 Vegetation index and calculation formula 174 

Vegetation index Computing formula Reference Vegetation index Computing formula Reference 

Optimized soil 
adjusted 

vegetation index 
(OSAVI) 

1.16(NIR-R)/(NIR+R+0.16) (Zhang et 
al., 2019) 

Improved ratio 
index (MSR) (NIR/R-1)/(NIR/R+1)0.5 

(Zhang et al., 
2019) 

Greenness 
normalized 

vegetation index 
(GNDVI) 

(NIR-G)/(NIR+G) (Mwinuka 
et al., 2022) 

Canopy Salinity 
Response 

Vegetation Index 
(CRSI) 

[((NIR*R)-(G*B))/((NIR*R)+(G*B))]0.5 
(Zhang et al., 

2019) 

Transformed 
vegetation index 

(TVI) 
60(NIR-G)-100(R-G)) (Luo et al., 

2022) 

Improvement of 
chlorophyll 

absorption index 
(MCARI) 

[(RE-R)-0.2(RE-G)]*(RE/R) (Zhang et al., 
2022) 

Perpendicular 
vegetation index 

(PVI) 
(NIR-10.489R-6.604)/(10.4892+1)0.5 

(Luo et al., 
2022) 

Normalized 
pigment ratio index 

(NPCI) 
(R-B)/(R+B) (Zhang et al., 

2022) 

Ratio vegetation 
index (RVI) NIR/R 

(Luo et al., 
2022) 

Structure 
insensitive pigment 

vegetation index 
(SIPI) 

(NIR-B)/(NIR+B) (Zhang et al., 
2022) 

Normalized 
difference 

vegetation index 
(NDVI) 

(NIR-R)/(NIR+R) (Donovan et 
al., 2022) 

Conversion 
chlorophyll 

absorption index 
(TCARI) 

3[(RE-R)-0.2(RE-G)*(RE/R)] (Zhang et al., 
2022) 

Enhanced 
vegetation index 

(EVI) 
2.5(NIR-R)/(NIR+6R-7.5B+1) (Luo et al., 

2022) 
Green chlorophyll 

index (GCI) NIR/G-1 
(Wu et al., 

2012) 

Differential 
vegetation index 

(DVI) 
NIR-R 

(Luo et al., 
2022)    

Note: B, G, R, RE and NIR are the spectral reflectance at 450,560,650,730 and 840 nm, respectively. 175 

2.3.3. Image texture feature calculation 176 

The UAV multispectral remote sensing images contain not only spectral information, but also rich image texture 177 

information. This information can effectively indicate the physical properties of crop surface as it is an extremely 178 

important attribute of images. In this paper, image texture feature parameters are calculated by normalizing the GLCM, 179 

which is a statistical data-based image texture feature extraction method (Yue et al., 2019; Nguyen et al., 2023). In this 180 

paper, eight image texture feature parameters, namely mean, variance, homogeneity, contrast, dissimilarity, entropy, 181 

second moment and correlation, are used, which are calculated as shown in Table 3. 182 

Table.3 Image texture feature parameters and calculation formula 183 

Image texture feature parameters Computing formula Image texture feature parameters Computing formula 
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2.3.4. Canny edge detection algorithm 184 



Edge detection is an important process in image preprocessing, which mainly utilizes the collection of pixel points with 185 

step change in image gray level, reflecting the abrupt change in DN value of the image.Canny edge detection algorithm 186 

has three decision criteria for edge test, which has better application effect for edge extraction of image, and Canny 187 

edge detection algorithm has greater advantage in the detection of gradient change in both horizontal and vertical 188 

direction (Canny, 1986; Maini et al., 2009).Canny edge detection algorithm is smoothed with the help of Gaussian filter 189 

and its Gaussian function is: 190 

( ) 






 +
−=

2

22

2 2
exp

2

1
,


yx

yxG
                               (1) 191 

where   is the gaussian filter parameters. 192 

2.3.5. Gray relational analysis 193 

Gray correlation analysis (GRA) is a method that measures the correlation between various factors according to the 194 

degree of similarity or difference between the development trends of various factors (Wang et al., 2019). It is calculated 195 

as follows: 196 

( ) ( )  =
=

m

t i txtx
m

GRA
1 0 ,

1                                 (2) 197 

where ( ) ( )  ( ) ( )  ( ) ( ) maxkmaxmin, 00 ++=  ii txtx  and   is the discriminant coefficient, which is equal to 0.5. 198 

2.3.6. Construction of crop salt stress index 199 

To simplify the modeling process of crop salt stress diagnosis model, a comparative evaluation of the effects of adding 200 

image texture features and removing soil background on the diagnosis accuracy of alfalfa salt stress diagnosis is carried 201 

out. For this purpose, we adopt GRA to screen the vegetation index and image texture feature variables, and combine it 202 

with the principal component analysis method to propose the crop salt stress index (CSSI). The index can be calculated 203 

as follows: 204 

( ) ( )  ( ) ( )  ( ) ( )  MEARGRNIRRGRNIRGNIRGNIRBNIRBNIRCSSI 26.0267.0373.01.0
5.0 ++−++−++−=     (3) 205 

Where B, G, R, and NIR are the spectral reflectance at 450, 560, 650, and 840 nm wavelengths, respectively, and MEA 206 

is the mean value of the image texture features. 207 

2.3.7. Construction and accuracy evaluation of salt stress diagnosis model 208 

(1) Support vector regression algorithm 209 

The support vector regression (SVR) algorithm is a supervised class of machine learning algorithms that realizes 210 

regression by constructing a hyperplane or a set of hyperplanes in a high-dimensional or infinite-dimensional space. The 211 

algorithm has the characteristics of strong generalization ability, simple structure, etc., and has obvious advantages in 212 

overcoming problems associated with a small number of samples, nonlinearities, etc. Thus, it can be used as an effective 213 

algorithm for constructing the diagnosis model of crop salt stress (Yan et al., 2022). 214 

(2) Construction of salt stress diagnosis model 215 

In this paper, In this paper, 70% of the sample set is divided into modeling set and 30% into validation set, where 44 216 

samples are selected as the modeling set and the remaining 20 samples as the validation set. The vegetation index and 217 

image texture features are used as input independent variables, and the corresponding aboveground dry matter mass of 218 

alfalfa is the dependent variable. A total of four scenarios are set up to construct a SVR-based alfalfa salt stress 219 

diagnosis model, namely, T1 (vegetation index with soil background), T2 (vegetation index + image texture features 220 

with soil background), T3 (vegetation index without soil background) and T4 (vegetation index + image texture features 221 

without soil background). 222 

(3) Accuracy evaluation 223 

In this paper, the accuracies of the modeling and validation sets are evaluated using three indexes: the coefficient of 224 



determination (R2), root mean square error (RMSE) and performance deviation ratio (RPD). The closer the value of R2 225 

is to 1, the closer the RMSE values is to 0, the larger the RPD. This indicates that the smaller the deviation between the 226 

predicted and measured values, the better the predictive ability of the diagnosis model (Zhang et al., 2019). These 227 

indexes can be calculated as follows: 228 
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RMSE

SD
RPD =                                   (6) 231 

3. Results and analysis 232 

3.1. Statistical analysis of soil salt content 233 

The 64 soil samples used for salt content analysis were divided into three groups, namely, mild salinization soil (< 234 

0.4%), moderate salinization soil (0.4% - 0.6%), and severe salinization soil (0.6% - 1.0%) (Wang et al., 2018). The 235 

statistical analysis results of soil salt content are shown in Table 4. The percentages of mild salinization soil, moderate 236 

salinization soil, and severe salinization soils were 35.0%, 57.0%, and 8.0%, respectively, and their coefficient of 237 

variation was 0.202, indicating that the salt content of the soil surface had moderately weak variability. 238 

Table.4 The statistical analysis of soil salt content in alfalfa sampling sites 239 

Sampling 
area 

sampling 
time 

Number of samples Salt Content 

Data set 
Mild 

salinization 

soil 

Moderate 

salinization 

soil 

Severe 

salinization 

soil 

Maximum 

(%) 

Minimum 

(%) 

Average 

(%) 

Standard 

deviatio

n 

Variance 
coefficient 

of variation 

Alfalfa 

covered 

land 

2021 

Total sample 64 22 37 5 0.762 0.350 0.472 0.091 0.008 0.192 

Modeling set 44 11 28 5 0.762 0.350 0.493 0.095 0.009 0.193 

Verification 

set 
20 11 9 0 0.583 0.376 0.427 0.059 0.004 0.137 

2022 

Total sample 64 22 38 4 0.758 0.301 0.457 0.095 0.009 0.207 

Modeling set 44 14 26 4 0.758 0.301 0.475 0.102 0.011 0.214 

Verification 

set 
20 8 12 0 0.582 0.331 0.417 0.061 0.004 0.145 

2023 

Total sample 64 24 35 5 0.732 0.306 0.449 0.092 0.009 0.206 

Modeling set 44 14 25 5 0.732 0.306 0.464 0.100 0.010 0.215 

Verification 

set 
20 10 10 0 0.599 0.323 0.415 0.062 0.004 0.149 

3.2. Correlation analysis of alfalfa aboveground dry matter quality and soil salt content 240 

Table 5 shows the correlation coefficients of alfalfa aboveground dry matter mass and soil salt content in 2021-2023 241 

over the study area. It can be observed that the alfalfa aboveground dry matter mass and soil salt salinity are 242 

significantly correlated at the p < 0.001 level, and the absolute values of correlation coefficients are all greater than 0.86. 243 

This signifies a high correlation, indicating that the aboveground dry matter mass can better characterize the real 244 

situation of alfalfa subjected to salt stress, and can be used as a diagnosis index of alfalfa salt stress, this is consistent 245 

with reference Li et al. (2022) and reference Liu et al. (2021). 246 

Table.5 Correlation between aboveground dry matter mass and soil salinity content 247 

Sampling year Correlation coefficient Average Standard deviation 

2021 -0.875** 5.51 0.565 

2022 -0.861** 5.62 0.367 

2023 -0.883** 5.65 0.244 



3.3. Correlation analysis between image texture features and aboveground dry matter quality 248 

When the crop is subjected to salt stress, the canopy structure and leaf size will change, thus affecting the spectral 249 

characteristics of the crop canopy. These changes will be reflected in the image texture features. Table 6 shows the 250 

correlation coefficients between the image texture features and aboveground dry matter mass. Figure 3 shows the 251 

absolute values of the correlation coefficients between image texture features and aboveground dry matter mass at the 252 

first flowering stage of alfalfa from 2021 to 2023. As Table 6 and Fig. 3 show, image texture features are significantly 253 

correlated with aboveground dry matter mass at the p < 0.01 level (except for COR), which means that image texture 254 

features can be used to indicate salt stress conditions in alfalfa. 255 

Table.6 Correlation coefficient between image texture features and aboveground dry matter quality 256 

Textural features of the 
soil background not 

removed 

Correlation coefficient Textural features of the 
soil background 

removed 

Correlation coefficient 

2021 2022 2023 2021 2022 2023 

Mean (MEA) -0.566** -0.559** -0.607** Mean (MEA) 0.633** 0.603** 0.656** 

Variance (VAR) -0.363** -0.333** -0.325** Variance (VAR) -0.535** -0.445** -0.498** 

Homogeneity (HOM) 0.399** 0.327** 0.382** Homogeneity (HOM) -0.433** -0.494** -0.451** 

Contrast (CON) -0.432** -0.444** -0.426** Contrast (CON) -0.542** -0.473** -0.456** 

Dissimilarity (DIS) -0.335** -0.462** -0.356** Dissimilarity (DIS) -0.442** -0.485** -0.403** 

Entropy (ENT) -0.405** -0.381** -0.399** Entropy (ENT) 0.502** 0.548** 0.531** 

Second moment (SEC) 0.372** -0.347** 0.302** Second moment (SEC) -0.542** -0.581** -0.478** 

Correlation (COR) -0.182* -0.229* -0.226* Correlation (COR) -0.242* 0.285* 0.271* 

Note : * indicates significance test p < 0.05, * * indicates p < 0.01. 257 

   258 
(a) Before removing the soil background                (b) After removing the soil background 259 

Fig.3 Absolute value of the correlation coefficient between image texture features and aboveground dry matter mass before 260 

and after removing soil background 261 

3.4. Effects of removing soil background on alfalfa canopy reflectance 262 

3.4.1. Soil background rejection 263 

The coverage of alfalfa in the early flowering stage or under severe salt stress is low, and the obtained image is prone to 264 

the soil background interference problem. In this paper, the Canny edge detection algorithm is used to remove the soil 265 

background. It has certain advantages in the detection of gradient changes in the horizontal and vertical directions, and 266 

can effectively remove the soil background. First, the image is reclassified and aligned using ArcGIS and ENVI. Second, 267 

the raster to line and line to surface in ArcToolbox tool are used to close the edge line image. Last, the image is cropped 268 

using the ENVI software and the feature values are selected using the mask tool and the mask statistics function. This is 269 

followed by the application of the Canny edge detection algorithm to achieve soil background rejection (Fig. 4). 270 



   271 

(a) 2021 image before soil background removal                      (b) 2022 image before soil background removal                   (c) 2023 image before soil background removal 272 

   273 

(d) 2021 image after soil background removal                        (e) 2022 image after soil background removal                     (f) 2023 image  after soil background removal 274 

Fig.4  Soil background removal based on Canny edge detection algorithm 275 

3.4.2. Effects of removing soil background on alfalfa canopy reflectance 276 

Figure 5 shows the changes of alfalfa canopy reflectance before and after the removal of soil background based on the 277 

Canny edge detection algorithm. It can be observed that in the alfalfa primordial flowering stage, the canopy spectral 278 

reflectance in the red, green, blue, near-infrared and red-edge bands before the removal of soil background is greater 279 

than that after the removal of soil background. This behavior occurs because alfalfa in the early flowering stage or 280 

severe salt stress state has a low crop cover and there are more bare ground surfaces. The vast majority of these areas 281 

are directly illuminated by light, causing the soil background to affect the alfalfa canopy spectral reflectance. 282 

   283 

(a) Before and after removing the soil background in 2021        (b) Before and after removing the soil background in 2022        (c) Before and after removing the soil background in 2023 284 

Fig.5 Variation of reflectance before and after removing soil background 285 

3.5. Construction and evaluation of alfalfa salt stress diagnosis model based on spectroscopy image texture feature 286 

extraction and soil background removal 287 

Table 7 shows the evaluation results of the proposed alfalfa salt stress diagnosis model based on UAV multispectral data 288 

and measured data from 2021-2023. 289 

Table.7 Evaluation results of salt stress diagnosis models in alfalfa under different programs 290 

Scheme Year Modeling set Validation set 
R2 RMSE RPD R2 RMSE RPD 

T1 

2021 0.564 0.3766 1.4339 0.546 0.3899 1.4363 

2022 0.566 0.2769 1.4807 0.552 0.1524 2.2966 

2023 0.550 0.1939 1.7019 0.539 0.1500 1.8667 

Average 0.560 0.2825 1.5223 0.546 0.2308 1.7334 

T2 

2021 0.633 0.2925 1.4701 0.628 0.3871 1.4208 

2022 0.628 0.2489 1.5669 0.603 0.1385 2.3105 

2023 0.643 0.1506 2.0584 0.627 0.1139 2.3705 

Average 0.635 0.2307 1.6474 0.619 0.2132 1.7826 



T3 

2021 0.589 0.3486 1.4630 0.577 0.3137 1.5301 

2022 0.592 0.2772 1.6234 0.586 0.0857 2.5671 

2023 0.581 0.1665 2.1021 0.566 0.1132 1.5901 

Average 0.587 0.2641 1.6660 0.576 0.1709 1.6972 

T4 

2021 0.677 0.2667 1.4623 0.653 0.3536 1.4140 

2022 0.664 0.2325 1.8925 0.647 0.2661 1.7663 

2023 0.684 0.1436 2.2284 0.657 0.0851 1.7626 

Average 0.675 0.2143 1.7735 0.652 0.2349 1.5749 

It can be observed that the modeling results of the alfalfa salt stress diagnosis model based on the T1 scheme show R2 291 

ranging from 0.550-0.566, RMSE ranging from 0.1939-0.3766, and RPD ranging from 1.4339-1.7019. The validation 292 

results show R2 ranging from 0.539-0.552, RMSE ranging from 0.1500-0.3899, and RPD ranging from 1.4363-2.2966 293 

(Figs. 6(a), 6(b), 6(c), 6(d), 6(e) and 6(f)). The modeling results of the alfalfa salt stress diagnosis model based on the 294 

T2 scheme have R2 ranging from 0.628-0.643, RMSE ranging from 0.1506-0.2925, and RPD ranging from 295 

1.4701-2.0584. The validation results show R2 ranging from 0.603-0.628, RMSE ranging from 0.1139-0.3871, and RPD 296 

ranging from 1.4208-2.3705 (Figs. 6(g), 6(h), 6(i), 6(j), 6(k) and 6(l)). Compared with the results of the T1 scheme, the 297 

modeling and validation accuracy values of the alfalfa salt stress diagnosis model under the T2 scheme improve by 298 

13.39% and 13.36%, respectively, indicating that the addition of image texture features can significantly improve the 299 

accuracy of alfalfa salt stress diagnosis. 300 

As further shown in Table 7, the modeling results of the alfalfa salt stress diagnosis model based on the T4 scheme 301 

have R2, RMSE and RPD ranging from 0.664-0.684, 0.1436-0.2667, and 1.4623-2.2284, respectively. The validation 302 

results have R2, RMSE and RPD ranging from 0.647-0.657, 0.0851-0.3536, and 1.4140-1.7663, respectively (Figs. 6(s), 303 

6(t), 6(u), 6(v), 6(w) and 6(x)). Thus, compared with the results based on the T2 scheme, the modeling and validation 304 

accuracies improve by 6.30% and 5.33%, respectively after the removal of soil background. This improvement indicates 305 

that the removal can effectively reduce the interference of soil background on the salt stress diagnosis process, and 306 

further improve its accuracy. 307 

    308 
(a)                                (b)                                   (c)                                   (d) 309 

    310 
(e)                                (f)                                   (g)                                   (h) 311 

    312 
(i)                                (j)                                   (k)                                   (l) 313 



    314 
(m)                                (n)                                   (o)                                   (p) 315 

    316 
(q)                                (r)                                   (s)                                   (t) 317 

    318 
(u)                                (v)                                   (w)                                   (x) 319 

Fig.6 Diagnosis of salt stress in alfalfa under different programs. (a) T1 scheme modeling in 2021, (b) T1 scheme verification 320 

in 2021, (c) T1 scheme modeling in 2022, (d) T1 scheme verification in 2022, (e) T1 scheme modeling in 2023, (f) T1 scheme 321 

verification in 2023, (g) T2 scheme modeling in 2021, (h) T2 scheme verification in 2021, (i) T2 scheme modeling in 2022, (j) 322 

T2 scheme verification in 2022, (k) T2 scheme modeling in 2023, (l) T2 scheme verification in 2023, (m) T3 scheme modeling 323 

in 2021, (n) T3 scheme verification in 2021, (o) T3 scheme modeling in 2022, (p) T3 scheme verification in 2022, (q) T3 scheme 324 

modeling in 2023, (r) T3 scheme verification in 2023, (s) T4 scheme modeling in 2021, (t) T4 scheme verification in 2021, (u) 325 

T4 scheme modeling in 2022, (v) T4 scheme verification in 2022, (w) T4 scheme modeling in 2023, (x) T4 scheme verification 326 

in 2023. 327 

3.6. Comprehensive evaluation of salt stress diagnosis models 328 

Figure 7 shows the effects of the salt stress diagnosis models under different schemes were evaluated comparatively. It 329 

can be observed that the salt stress diagnosis models under different schemes have good robustness (Rc
2/Rv

2>1.0, Rc
2 is 330 

the modeling set coefficient of determination, and Rv
2 is the validation set coefficient of determination), indicating that 331 

the constructed salt stress diagnosis model can effectively diagnose the salt stress condition of alfalfa. In summary, it is 332 

shown that increasing image texture features as well as removing soil background can improve the diagnosis accuracy 333 

of crop salt stress. The alfalfa salt stress diagnosis model constructed based on T4 scheme is the best, with R2, RMSE 334 

and RPD of 0.675, 0.2143 and 1.7735, respectively, over the modeling set, and R2, RMSE and RPD of 0.652, 0.2349 335 

and 1.5749, respectively, over the validation set. 336 



 337 

Fig.7 Modeling effects of salt stress diagnosis under different scenarios 338 

3.7. Evaluation of alfalfa salt stress diagnosis based on CSSI 339 

This paper uses the CSSI to compare and evaluate the applicability and accuracy of alfalfa salt stress diagnosis model 340 

under T1, T2, T3, and T4 schemes with UAV multispectral data and measured data from 2021 to 2023. The evaluation 341 

results are provided in Table 8. 342 

Table.8 Evaluation results of alfalfa salt stress diagnosis model constructed based on CSSI 343 

Scheme Year Modeling set Validation set 
R2 RMSE RPD R2 RMSE RPD 

T1 

2021 0.546 0.3578 1.4626 0.533 0.3704 1.4506 

2022 0.551 0.2824 1.4955 0.542 0.1554 1.9521 

2023 0.549 0.1997 1.7274 0.541 0.1515 1.8853 

Average 0.548 0.2853 1.5527 0.538 0.2262 1.6987 

T2 

2021 0.564 0.3877 1.4186 0.549 0.4042 1.4102 

2022 0.573 0.3051 1.4422 0.565 0.1764 1.9274 

2023 0.569 0.1879 1.8627 0.553 0.1276 1.9592 

Average 0.569 0.2936 1.5329 0.556 0.2361 1.6097 

T3 

2021 0.552 0.3347 1.4776 0.545 0.3074 1.4995 

2022 0.561 0.2800 1.6721 0.553 0.1114 2.3104 

2023 0.558 0.1715 1.9129 0.547 0.1245 1.8286 

Average 0.557 0.2615 1.6910 0.548 0.1965 1.7227 

T4 

2021 0.593 0.2895 1.6235 0.577 0.3640 1.4286 

2022 0.586 0.1802 1.8868 0.562 0.1200 1.9167 

2023 0.598 0.1706 1.9343 0.581 0.1527 1.8991 

Average 0.592 0.2134 1.7804 0.576 0.2122 1.6491 

Taking T2 and T4 schemes as examples, it can be observed from Table 8 that under the T2 scheme, the modeling 344 

results of the alfalfa salt stress diagnosis model based on the CSSI have R2, RMSE and RPD ranging from 0.564-0.573, 345 

0.1879-0.3877, and 1.4186-1.8627, respectively. The validation results have R2, RMSE and RPD ranging from 346 

0.549-0.565, 0.1276-0.4042, and 1.4102-1.9592, respectively (Figs. 8(a), 8(b), 8(c), 8(d), 8(e) and 8(f)). Compared with 347 

the T2 scheme, the modeling and validation accuracies of the alfalfa salt stress diagnosis model based on the CSSI 348 

under the T4 scheme is further improved: the modeling results exhibit R2, RMSE and RPD ranging from 0.586-0.598, 349 

0.1706-0.2895, and 1.6235-1.9343, respectively. The validation results exhibit R2, RMSE and RPD ranging from 350 

0.562-0.581, 0.1527-0.3640, and 1.4286-1.9167, respectively (Figs. 8(g), 8(h), 8(i), 8(j), 8(k) and 8(l)). 351 

In summary, the alfalfa salt stress diagnosis model based on the CSSI has high diagnosis accuracies under T2 and T4 352 

scenarios. Thus, the CSSI can be used as a new index to diagnose salt stress condition. 353 
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(a)                                  (b)                                   (c)                                  (d) 355 
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(e)                                  (f)                                   (g)                                  (h) 357 

    358 
(i)                                  (j)                                   (k)                                  (l) 359 

Fig.8 Diagnosis results of alfalfa salt stress under different strategies based on CSSCI. (a) T2 scheme modeling in 2021, (b) T2 360 

scheme verification in 2021, (c) T2 scheme modeling in 2022, (d) T2 scheme verification in 2022, (e) T2 scheme modeling in 361 

2023, (f) T2 scheme verification in 2023, (g) T4 scheme modeling in 2021, (h) T4 scheme verification in 2021, (i) T4 scheme 362 

modeling in 2022, (j) T4 scheme verification in 2022, (k) T4 scheme modeling in 2023, (l) T4 scheme verification in 2023. 363 

4. Discussion 364 

This work utilizes UAV remote sensing technology to obtain rich spectral and image texture information. Using this 365 

information, it proposes an alfalfa salt stress diagnosis model based on vegetation index and image texture features, 366 

significantly improving the salt stress diagnosis accuracy. By removing the soil background, crop canopy spectral 367 

information is optimized, reducing the interference of soil background on crop salt stress diagnosis and further 368 

improving the alfalfa salt stress diagnosis accuracy. At the same time, the constructed CSSI simplifies the modeling 369 

process of crop salt stress diagnosis, which can effectively diagnose the salt stress status of alfalfa. This study provides 370 

a new method for rapid, accurate and large-scale diagnosis of crop salt stress conditions. 371 

It has been shown that canopy images can be used as an effective tool for diagnosing soil salt stress, not only 372 

reflecting the physiological changes of crops, but also revealing the dynamic characteristics of their spatial structure 373 

(Habure et al., 2020; Shi et al., 2023). The vegetation index constructed by extracting the spectral reflectance of the crop 374 

canopy can effectively diagnose the growth condition of crops, which can provide a theoretical basis for soil 375 

management and salt stress monitoring in precision agriculture. (Zhang et al., 2021; Zhang et al., 2023). Ma et al., (2021) 376 

and Zhang et al., (2021) confirmed the efficacy of using vegetation index for estimating cotton leaf area index and 377 

wheat growth parameters. The authors pointed out that the vegetation index could quantitatively monitor the growth 378 

status of crops through differences in crop and soil backgrounds within different bands. Although the monitoring of crop 379 

growth status based on vegetation index was proved to be feasible, its diagnosis accuracy was relatively low. The 380 

monitoring accuracy could be effectively improved by adding image texture features (Zhou et al., 2021; Zhao et al., 381 

2023; Ma et al., 2022; Qiao et al., 2022). Freitas et al. (2022) showed that the R2 of the aboveground biomass estimation 382 

model based on vegetation index was only 0.60, and it could be improved to 0.70 by adding image texture features. 383 



Similarly, Zhou et al. (2021) pointed out that the addition of image texture features improved the diagnosis accuracy of 384 

water stress diagnosis in winter wheat by 24% compared to that without image texture features. This study also 385 

confirms that adding image texture features can significantly improve the accuracy of alfalfa salt stress diagnosis. The 386 

modeling and validation accuracies improve by 13.39% and 13.36%, respectively, compared to those without any image 387 

texture features. This improvement is possible mainly because image texture can quantify the changes in pixel values 388 

between adjacent pixels, effectively reflecting the changes in physical properties of crop surfaces. Adding image texture 389 

features will improve the correlation of vegetation index and image texture features with crop growth parameters, 390 

thereby improving the monitoring accuracy of crop growth status. 391 

Meanwhile, the presence of soil background interference in the obtained UAV multispectral remote sensing images 392 

can affect the monitoring accuracy of crop growth status (Liu et al., 2023; Wu et al., 2022; Ma et al., 2022; Zhang et al., 393 

2021). Chen et al. (2019) pointed out that the modeling coefficients of determination of the inversion model of plant 394 

nitrogen concentration were 0.33 and 0.38 before and after the removal of soil background, respectively. This difference 395 

confirmed that the removal of soil background could improve the accuracy of the inversion of nitrogen concentration in 396 

cotton plants. Shu et al (2021) analyzed the accuracy of chlorophyll value estimation before and after removal of soil 397 

background. The R2 of the estimation model increased by 60.87% after removing the soil background. This study also 398 

confirms that removing soil background could reduce its interference in the establishment of crop salt stress diagnosis 399 

models. Compared with the results without any soil background removal, the modeling and validation accuracies 400 

improve by 6.30% and 5.33%, respectively. This improvement is possible because removing soil background could 401 

reduce the interference of soil background, optimize crop canopy spectral information, and thus improve the crop salt 402 

stress diagnosis accuracy. However, Xiang et al. (2023) pointed out that removing soil background could reduce the soil 403 

salinity inversion accuracy, which was contrary to the research results presented in (Chen et al., 2019), (Yan et al., 2022) 404 

and this paper. This difference may be due to the different effects of soil background on the spectral characteristics of 405 

different crop canopies, resulting in certain differences between the extracted spectral information and image texture 406 

information. Removal of soil background will reduce the correlation between the vegetation index and image texture 407 

features of sunflowers, corn and soil salt content. 408 

Crop canopy image provides an efficient remote sensing method for soil salinity monitoring, and the relationship 409 

between soil salinity and crop growth can be revealed by extracting and analyzing spectral and texture features. In the 410 

follow-up study, further crop salt stress diagnosis research will be carried out from multi-scale and multi-dimension to 411 

enhance the robustness of the model, and improve the diagnostic accuracy and generalization ability. So as to construct 412 

a crop salt stress diagnosis model with higher accuracy and stronger applicability. 413 

5. Conclusion 414 

This paper considered alfalfa in saline alkali irrigated areas of arid oases in China as the research object. Based on UAV 415 

multispectral images and measured data from 2021-2023, the spectral reflectance of alfalfa was extracted to construct 416 

15 vegetation indexes. A total of eight image texture features were obtained by GLCM. The Canny edge detection 417 

algorithm was used to eliminate the soil background, and the diagnosis of alfalfa salt stress based on vegetation index 418 

and image texture features was carried out. The main conclusions are as follows: 419 

(1) The UAV multispectral image texture features had a good application effect in alfalfa salt stress diagnosis, and the 420 

addition of these features could significantly improve the salt stress diagnosis accuracy. The modeling and validation 421 

accuracies improved by 13.39% and 13.36%, respectively, compared with those without image texture features, thus 422 

providing a feasible and accurate method for alfalfa salt stress diagnosis. 423 

(2) Removing the soil background could further improve the salt stress diagnosis accuracy. The modeling and 424 

verification accuracies increased by 6.30% and 5.33%, respectively, compared with those in the presence of soil 425 

background. The accuracy of alfalfa salt stress diagnosis model based on vegetation index and image texture features 426 



after the removal of soil background was the highest. The modeling set R2, RMSE and RPD were 0.675, 0.2143 and 427 

1.7735, respectively and the validation set R2, RMSE and RPD were 0.652, 0.2349 and 1.5749, respectively. 428 

(3) The constructed CSSI simplified the modeling process of crop salt stress diagnosis, which could result in 429 

effective diagnosis of the salt stress status of alfalfa. The modeling set R2, RMSE and RPD of alfalfa salt stress 430 

diagnosis model based on the CSSI were 0.592, 0.2134 and 1.7804, respectively, and the validation set R2, RMSE and 431 

RPD were 0.576, 0.2122 and 1.6491, respectively. 432 
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