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Abstract: Verticillium wilt is one of the main factors hindering cotton yield increase, the more 13 

severe the disease, the more severe the yield loss. In order to achieve early detection and pre- 14 

vention of Verticillium wilt, this study investigated cotton plants naturally affected by Verticil- 15 

lium wilt in the field. We analyzed the cotton canopy multispectral data under the stress of Ver- 16 

ticillium wilt and the leaf area index (LAI) data collected from the ground. Due to the low pre- 17 

diction accu-racy of traditional empirical models, this paper selected three different back 18 

propagation BP neural network models with 5, 10, and 15 hidden layer nodes (hln) and opti- 19 

mized them using four intelligent swarm algorithms: genetic algorithm (GA), particle swarm 20 

optimization (PSO), spotted hyena algorithm (SHO), and improved spotted hyena algorithm 21 

(ISHO) to estimate the cotton LAI under the stress of Verticillium wilt. Finally, BP algorithm 22 

with different node number of hidden layer was optimized by comparing four intelligent swarm 23 

optimization al-gorithms to estimate LAI of cotton under verticillium wilt stress. The findings 24 

indicated that GA-BP (hln15) was the best in the GA-BP algorithm; In the PSO-BP algorithm, 25 

PSO-BP (hln10) performed best; In the SHO-BP model, SHO-BP (hln5) had the highest model 26 

performance; In the ISHO-BP model, ISHO-BP (hln5) is the best, with a determination coeffi- 27 

cient(R2), root mean square error(RMSE), and prediction accuracy(PA) of 0.952, 0.235, and 28 

89.30%, respec-tively; The estimation results of ISHO-BP (hln5) model can better represent the 29 

distribution of Verticillium wilt plants than GA-BP (hln15), PSO-BP (hln10), and SHO-BP 30 

(hln5), and its estimation error range is (-0.8,0.5). Therefore, the application of ISHO-BP (hln5) 31 

model pro-vides a new method for estimating cotton LAI under pest and disease stress, and also 32 

provides technical support to meet the diversified needs of cotton farmers to increase their in- 33 

come and national economic development. 34 

 35 
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 37 

1. Introduction 38 

Cotton has an irreplaceable role in the development of global trade and economy (Zhang et 39 

al., 2018), and cotton also occupies an important position in China's agricultural economy (Liu 40 

et al., 2015). Xinjiang accounts for more than 90 percent of the country's cotton output (Chen et 41 

al., 2006). Cotton diseases are one of the main factors restricting cotton production, the most 42 

serious and widely distributed disease and pest of cotton is Verticillium wilt (Huanget al., 2004), 43 

known as the "cancer" of cotton (Chen et al., 2010).With the continuous increase in cotton 44 

planting area, the disease broke out on a large scale in various cotton planting areas in China (Lai 45 

et al., 2014), causing a loss of 100000 tons of cotton in 1993 alone (Ma et al., 2007). Later, 46 

disasters occurred frequently in the Yellow River Basin (Ma et al., 1994), resulting in economic 47 

losses of up to 1.2 billion yuan (Jian et al., 2003). Since 2009, about 2.667 million hectares of 48 

cotton planting areas in China are affected by Verticillium wilt every year (Zhang et al., 2013; 49 
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Aziguli et al., 2016). Last several years, there has been a large-scale outbreak of Verticillium wilt 50 

disease in the Tahe River Basin in southern Xinjiang. Especially in 2018, there was a large-scale 51 

outbreak of cotton wilt disease in the Alar Reclamation Area, which severely affected over 36% 52 

of cotton fields (Zhao et al., 2021) and caused serious economic losses to local cotton farmers. 53 

LAI is an important part of the study of terrestrial ecological processes, which can quanti- 54 

tatively describe the changes of leaf density and growth at the vegetation level (Waston et al., 55 

1947). Verticillium dahliae reduces cotton LAI by blocking xylem vessels, secreting toxins, and 56 

inducing water stress, directly impairing leaf function. Simultaneously, it suppresses photosyn- 57 

thesis, disrupts hormone balance, and depletes defense resources, leading to leaf yellowing, 58 

abscission, and reduced new leaf growth. Canopy structure deterioration further exacerbates 59 

disease cycling(Nie et al., 2024). The LAI defined by Monteith is not applicable to non-flat-leaf 60 

plants (Smith et al., 1990). On this basis, in order to make LAI more inclusive, it was further 61 

defined as the vertical projected area of leaves per unit area, but the projected area mainly de- 62 

pended on the shape of plant canopy (Monteith et al., 2013). Therefore, the LAI defined by Chen 63 

et al. included the definition of broadleaf vegetation and the characteristics of coniferous vege- 64 

tation (Chen et al., 1992). For relatively complex terrain (Maria et al., 2008), vegetation area 65 

defined by LAI can be transformed into each other through projection relationship (Gonsamo et 66 

al., 2008; Gao et al., 2015). Direct measurement method is destructive to plants and consumes a 67 

lot of manpower, resources and time, so it is not suitable for general data collection (Tan et al., 68 

2008). Dense vegetation canopy data were collected by indirect measurement method (Wilson et 69 

al., 1960). 70 

Due to the strict requirements of spatial and temporal resolution of cotton plants under 71 

verticillium wilt stress, traditional satellite remote sensing technology has been unable to provide 72 

high-quality data to meet the actual needs (Zou et al., 2006)]. Therefore, it is necessary to use 73 

UAV sensing technology to estimate cotton LAI under verticillium wilt stress. More and more 74 

studies have been accomplished to estimate crop LAI using UAV (Yang et al., 2019; Li et al., 75 

2022; Ji et al., 2022). For example, Shao et al. established a relationship model between vege- 76 

tation index and LAI during the whole growth period of wheat under different irrigation condi- 77 

tions by using UAV and random forest method (Shao et al., 2020). Later, researchers began to 78 

use drone remote sensing technology to estimate and study crop pests and diseases to reduce 79 

farmers' production costs and relieve ecological pressure. Wang et al. estimated the LAI of wheat 80 

rust by UAV (Wang et al., 2023). Jing et al. constructed a study on estimating the severity of 81 

cotton single leaf blight based on hyperspectral image features (Jing et al., 2023). Dilixiati 82 

constructed a cotton pest monitoring algorithm based on multi-spectral remote sensing images 83 

(Dilixiati et al., 2021). Therefore, spectral imaging data can be used to construct cotton leaf area 84 

estimation model under verticillium wilt stress. On this basis, due to the high cost of hyper- 85 

spectral remote sensing technology, the UAV multi-spectral remote sensing technology was used 86 

to estimate cotton LAI under verticillium wilt stress. 87 

BP neural network is a mathematical tool for nonlinear prediction that can store and learn 88 

numbers of mapping relationships between input and output patterns without the need to reveal 89 

and describe these mapping relationships beforehand. Its network can learn the knowledge 90 

hidden in the data to provide predictive accuracy (Qi et al., 1998). Xin et al used BP neural 91 

network and meteorological data to generate spatiotemporal continuous LAI time series, and the 92 

result was that BP algorithm had better performance (Xin et al., 2021). Hong and Tang et al used 93 

BP neural network to estimate forest LAI, and the prediction accuracy of BP algorithm was 94 

relatively high (Hong et al., 2022; Tang et al., 2021) .Xue et al used BP neural network to esti- 95 

mate high-resolution leaf area index, and the model had a high accuracy(Xue et al.,2019). 96 

Therefore, this paper used BP neural network model to predict cotton leaf area index under 97 

verticillium wilt stress, which can learn the tacit knowledge between VI and LAI, so as to im- 98 

prove the estimation accuracy of cotton leaf area index under verticillium wilt stress. 99 



 

The optimization algorithm is a mathematical tool used to find the best solution to a given 100 

problem in order to find the best solution (optimal value). Optimization algorithms include par- 101 

ticle swarm optimization (PSO), genetic algorithm (GA), and so on. These algorithms iterate 102 

over the search space to constrain the objective function and obtain the optimal solution. GA is a 103 

search model that uses the evolution law of the biological world to find the best value (Li et al., 104 

2007) to solve the optimization problem. PSO is a simulated search algorithm derived from a 105 

simplified social model, inspired by the graphical simulation of beautiful scenes of flocks of 106 

birds (Bonah et al., 2020). Various intelligent swarm optimization algorithms have been devel- 107 

oped (Saremi et al., 2017). Compared with the traditional optimization algorithm, its conver- 108 

gence speed and optimization effect show the best results. The Spotted hyena algorithm (SHO) 109 

has higher problem-solving ability (Zhong et al., 2023).While the improved Spotted Hyena al- 110 

gorithm (ISHO) has better hunting ability and can find the optimal solution faster. ISHO algo- 111 

rithm is widely used in image segmentation, hyperspectral band selection and other fields (Dai et 112 

al., 2022). In some previous studies, the SHO-BP model was used to predict runoff, and its 113 

prediction accuracy was better than that of the SHO-SVM and PSO-BP algorithms (Li et al., 114 

2021). Previous studies have verified that the hyena algorithm can improve the prediction ac- 115 

curacy of BP neural networks in predicting runoff. The researchers also optimized the BP neural 116 

network based on the improved spotted hyena algorithm, and built the estimation algorithm of 117 

forest LAI estimation. The estimation effect of ISHO-BP is more accurate than that of BP neural 118 

network (Tao et al., 2020). 119 

In summary, the objectives of this study are: (1) to develop an estimation model for the LAI 120 

of cotton under Verticillium wilt stress; (2) to compare the performance differences of BP neural 121 

network models optimized by GA,PSO, SHO, and ISHO with varying numbers of hln in LAI 122 

prediction; (3) to explore the accuracy and stability of the ISHO-BP estimation model, thereby 123 

providing a novel approach for LAI estimation under biotic stress and offering technical support 124 

to enhance cotton yield and meet the demands of national economic development. 125 

2. Materials and Method 126 

2.1. Sample 127 

The study area is the 10 Tuan cotton experimental field in Alar City, Xinjiang, which is 128 

naturally affected by verticillium wilt. The test area is about 14000 square meters. Its geo- 129 

graphical coordinates are 40°37'3 "north, 81°20'39" East. Tahe No. 2 cotton variety was taken as 130 

the research object in this study. The growth period was about 135 days without water control or 131 

fertilization. The sowing method was 13-hole seeding, and the sowing date was April 3. As 132 

shown in Figure 1.  133 

 134 

Figure 1. Geographical location of the experimental field. 135 

2.2. UAV Image Acquisition and Pre-Processing 136 
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Cotton plots affected by natural verticillium wilt were selected as test areas, and the test 137 

area data were collected when verticillium wilt occurred in cotton fields. The data was collected 138 

on August 31and September 14, to ensure sufficient light and minimize data errors. Clear and 139 

windless weather was selected for data collection, and the solar light intensity was relatively 140 

stable during the period with good visibility. The data collection time was generally around 141 

11:00-14:00, and unmanned aerial vehicles were used. The flight altitude is 25m, the ground 142 

resolution is 3cm, the margin is 5m, and the takeoff speed is 5.3m/s. In order to ensure effective 143 

stitching of remote sensing images in the later stage, the lateral overlap rate and heading overlap 144 

rate in the route are both 80%. Before planning the route, it is necessary to ensure that the un- 145 

manned aerial vehicles in the route area are not affected by high-voltage power lines, trees, 146 

buildings, and signal towers. When collecting data, the multispectral camera lens should be 147 

vertically downward and capture six bands: near infrared1, red, green, blue, red edge, and near 148 

infrared2. The individual images captured by UAV remote sensing systems have limited spatial 149 

coverage. Therefore, image stitching  preprocessing is required to generate large-scale ortho- 150 

mosaic images of the experimental area. In this study, Pix4D mapper software was utilized for 151 

stitching  the UAV-acquired multispectral remote sensing imagery. 152 

 Vegetation index (VI) is a combination of spectral features obtained from different bands 153 

of multispectral remote sensing images, and is an important theoretical parameter that reflects 154 

crop growth information, providing multidimensional support for accurate LAI prediction 155 

(Zhang et al., 2025a). Crop leaves exhibit strong absorption in the visible and red light spectral 156 

bands while demonstrating high reflectance in the near-infrared (nir) region. Consequently, 157 

various VI can be derived through mathematical combinations of spectral data from different 158 

bands. These VIs are typically constructed based on plant-sensitive spectral bands. For instance, 159 

NDVI effectively distinguishes vegetated areas from other land cover types by utilizing the 160 

differential reflectance between red and nir bands. Additionally, NDVI provides valuable in- 161 

formation regarding crop health status and canopy coverage (Feng et al., 2025). NDRE, calcu- 162 

lated using the red edge and NIR bands, offers more sensitive indicators of nitrogen content 163 

levels and plant health status(Zhang et al., 2025b). Building upon previous research and con- 164 

sidering the spectral band configurations of UAV-mounted sensors along with LAI estimation 165 

requirements, this study selected eight broadband-reflectance vegetation indices as multivariate 166 

input variables for model construction. The selected indices include: NDVI, Green Normalized 167 

GNDVI, NDRE, RVI, DVI, RDVI, RERDVI, and OSAVI. 168 

 169 

Table 2. The selected VI used in this study. 170 

VI Formula Reference 

NDVI (Rnir − Rred) (Rnir + Rred)⁄  (Gitelson et al.,1996) 

GNDVI (ܴ௡௜௥ − ܴ௚௥௘௘௡) (ܴ௡௜௥ + ܴ௚௥௘௘௡)⁄  (Fitzgerald et al.,1975) 

NDRE (ܴ௡௜௥ − ܴ௥௘ௗ−௘ௗ௚௘) (ܴ௡௜௥ + ܴ௥௘ௗ−௘ௗ௚௘)⁄  (Pearson et al.,1972) 

RVI ܴ௡௜௥ ܴ௥௘ௗ⁄  (Zheng et al.,2020) 

RDVI (ܴ௡௜௥ − ܴ௥௘ௗ) (ܴ௡௜௥ − ܴ௥௘ௗ)0.5⁄  (Gao et al.,2023) 

RERDVI (ܴ௡௜௥ − ܴ௥௘ௗ−௘ௗ௚௘) (ܴ௡௜௥ + ܴ௥௘ௗ−௘ௗ௚௘)0.5⁄  (Hunt et al.,2011) 

OSAVI (ܴ௡௜௥ − ܴ௥௘ௗ) (ܴ௡௜௥ + ܴ௥௘ௗ + 1)(ܮ + ⁄(ܮ  (Jordan et al.,1969) 

DVI ܴ௡௜௥ − ܴ௥௘ௗ (Rumelhart et al.,1986) ܴ௡௜௥, ܴ௥௘ௗ, ܴ௚௥௘௘௡ and ܴ௥௘ௗ−௘ௗ௚௘ represent the reflectance of the near-infrared band, red band, green 171 

band, and red edge band, respectively; L represents adjusting parameters, usually taking a value of 0.16.  172 

 173 

2.3. Ground Data Acquisition 174 

This study also collected the leaf area index of cotton under the stress of Verticillium wilt 175 

on August 31 and September 14 on ground. During the test, the leaf area index of cotton under 176 



 

verticillium wilt stress was collected by LAI-2200C instrument, and 75 representative samples 177 

were selected, a total of 150 samples were studied. Each plot was selected for uniform growth, 178 

with a range of 2 × 2m. During the collection process, each LAI was measured with 1 A and 4 B, 179 

that is, the upper surface was measured at a distance of more than 4 times the leaf width above 180 

the cotton, and the lower surface was measured at the bottom of the cotton leaf. After collecting 181 

A and B, the instrument automatically calculates LAI. 182 

 183 

2.4. BP Algorithm 184 

Back propagation (BP) neural network model was first proposed by a scientific team 185 

led by Rumelhart and MCCelland (Nkongolo et al., 2022). BP neural network can store and 186 

learn a large number of mapping relationships. It is the mapping relationship of input-output 187 

mode and does not need to reveal the mathematical formula of this relationship beforehand. 188 

2.4.1. GA 189 

Genetic Algorithm (GA) (Huang et al., 2008), which is a stochastic search method, is an 190 

approach evolved based on the laws of biological evolution. It has the characteristics of ro- 191 

bustness, efficiency and practicability. The accuracy of the training set under cross-validation 192 

(CV), which serves as a parameter for the fitness function of the genetic algorithm, is used to 193 

evaluate model performance, and the parameters of the BP model are optimized using the GA. 194 

 195 

2.4.2. PSO 196 

Particle swarm optimization (PSO) algorithm, an iterative technique grounded in swarm 197 

intelligence (Dhiman et al., 2017), was employed to optimize the parameters of the BP network. 198 

By leveraging its unique particle swarm mechanism, the algorithm continuously updated the 199 

fitness of particles until a global optimal solution was obtained. 200 

2.4.3. SHO 201 

The spotted hyena algorithm simulates the process of searching, surrounding, hunting, and 202 

attacking prey in a pack of hyenas to find the optimal solution (Li et al., 2021). The parameters 203 

of the BP model are optimized using the SHO model. Using the spotted hyena algorithm, con- 204 

tinuously update the average value of the hyena's optimal solution set until obtaining the optimal 205 

individual position, which is the optimal solution.  206 

 207 

2.4.4. ISHO 208 

Improve the spotted hyena optimizer to train a BP neural network, where individual fitness 209 

values can be used to represent the distance between potential and optimal solutions in the so- 210 

lution space, i.e., the error. Use an improved spotted hyena optimizer instead of stochastic gra- 211 

dient descent to train a BP neural network, and gradually search for the optimal solution through 212 

iterations of the hyena population (Wang et al., 2017). When the algorithm ends, the optimal 213 

individual position vector is transformed and solidified into the weights and bias values of each 214 

neuron node in the BP neural network. The network training is completed, and the network 215 

model can output effective estimation values through input sample data, as shown in Figure 2.  216 



 

 217 

Figure 2. ISHO optimized BP neural network architecture. 218 

To optimize the parameters of the BP neural network model, the parameter search time is 219 

reduced and improve prediction accuracy, optimization models such as GA, PSO, SHO and 220 

ISHO are used to enhance the ability of the BP neural network to invert cotton leaf area index 221 

under Verticillium wilt stress. And the prediction of BP neural network was completed in 222 

MATLAB R2023a software. Figure 2 shows the general completion process of optimizing the 223 

BP neural network model using GA, PSO, SHO, and ISHO optimization models. According to 224 

the flow chart, the data is first collected and preprocessed. Then, the data set was randomly di- 225 

vided into a training set and a test set in a 2:1 ratio. On this basis, four kinds of intelligent group 226 

optimization algorithms were proposed, namely genetic optimization algorithm, particle swarm 227 

optimization algorithm, hyena optimization algorithm, and improved hyena optimization 228 

method. When objective conditions are met, generate and output optimal parameters, and 229 

evaluate the BP neural network model using indicators such as R2, RMSE, and PA. Finally, de- 230 

termine the estimation model for cotton leaf area index under Verticillium wilt stress. 231 
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Figure 3. Process architecture of BP neural network algorithm optimized based on GA, PSO, SHO, and 233 

ISHO. 234 

 235 

2.5. Evaluation of Model Performance 236 

This study selected R2, RMSE, and PA to evaluate the prediction accuracy and performance 237 

of the constructed algorithm. The closer the coefficient of determination is to 1, the better the 238 

explanatory power of the joint influence of the independent variables on the dependent variable 239 
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in the fitting equation, and the higher the reliability and reference of the Estimation; RMSE is 240 

highly sensitive to outliers in measured values, reflecting the deviation between predicted and 241 

actual values. It can effectively represent the prediction accuracy of measurement. In this study, 242 

RMSE was used to verify the prediction accuracy of the algorithm established between cotton 243 

vegetation index and leaf area coefficient under Verticillium wilt stress. The smaller the value 244 

solved by RMSE, the smaller the data dispersion, indicating that the more accurate the data 245 

measurement and the higher the fitting accuracy. PA comprehensively reflects the accuracy of 246 

model prediction estimation (Zhao et al., 2022). The closer the prediction accuracy is to 100%, 247 

the higher the prediction accuracy of the constructed model in estimating leaf area index under 248 

Verticillium wilt stress. The model accuracy calculation is as follows:  249 ܴ2 = ∑ ௜ݔ) − ௜ݕ)2(ݔ̅ − ∑2௡௜=1(ݕ̅ ௜ݔ) − 2௡௜=1(ݔ̅ ∑ ௜ݕ) − 2௡௜=1(ݕ̅  250 

ܧܵܯܴ = √∑ ௜ݕ) − ௜)2௡௜=1ݔ ݊ ܣܲ 251  = (1 − ̅݉ܧܵܯܴ ) ×  are the ith predicted value and predicted average value of cotton LAI, n is the sample size, 254 ݕ̅ i and 253ݕ .i are the measured values and predicted values of cotton LAI, respectivelyݕ i andݔ 252 100%

RMSE is the root mean square error, ݉̅ and tests the average value of the sample data. 255 

 256 

3. Results 257 

3.1. Cotton VI under Verticillium Wilt Stress 258 

VI is a combination of spectral features obtained from different bands of multispectral 259 

remote sensing images. By combining spectral data from different bands, different vegetation 260 

indices can be obtained. The ROI tool in ENVI software is used to extract vegetation indices 261 

from the combination and stitching of multispectral remote sensing images from unmanned 262 

aerial vehicles. In order to observe the distribution of VI more intuitively, as shown in Figure 3, 263 

statistical analysis and probability density distribution maps of eight cotton vegetation indices 264 

under Verticillium wilt stress are presented. Due to the high RVI values, they have been nor- 265 

malized. GuiiyiRVI has higher frequencies around 0.2 and 0.8, GNDVI and OSAVI have higher 266 

frequencies around 0.6-0.7, NDRE and RERDVI have higher frequencies around 0.3, RDVI has 267 

higher frequencies around 0.65, DVI has higher frequencies around 0.4 and 0.5, and NDVI has 268 

higher frequencies around 0.7 and 0.9. This graph shows the distribution range and differences of 269 

various vegetation indices under the stress of Verticillium wilt, providing a reference for ob- 270 

serving the cotton canopy under the stress of Verticillium wilt. 271 



 

 272 

Figure 4. Statistical analysis and probability density distribution of cotton vegetation indices under 273 

eight types of Verticillium wilt stress. 274 

 275 

3.2. Correlation Analysis of Cotton VI and LAI under Verticillium Wilt Stress 276 

To demonstrate the correlation between cotton VI and LAI under Verticillium wilt stress, as 277 

shown in Figure 4, a correlation coefficient matrix was obtained between vegetation indices 278 

NDVI, GNDVI, NDRE, RVI, RDVI, RERDVI, OSAVI, DVI and LAI coefficient. *P<=0.05, 279 

which indicates significant correlation at a confidence level of 0.05. After checking the correla- 280 

tion coefficient significance test table, it was found that 8 vegetation indices were significantly 281 

correlated with LAI. Among them, NDVI, GNDVI, NDRE, RVI, RDVI, OSAVI were positively 282 

correlated with LAI, with correlation coefficients of 0.87, 0.83, 0.74, 0.82, 0.37, and 0.86, re- 283 

spectively. RERDVI, DVI, and LAI were negatively correlated, with correlation coefficients of 284 

-0.53 and -0.69, respectively. It can be seen that there is a close relationship between VI and LAI 285 

under the stress of Verticillium wilt. The potential of using these VI to invert cotton LAI under 286 

the stress of Verticillium wilt is enormous. 287 

 288 

Figure 5. Correlation Matrix Between VI and LAI in Cotton Under Verticillium Wilt Stress. 289 
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3.3. Research on the Estimation Model of Cotton LAI under Verticillium Wilt Stress Based on 291 

Optimizing BP Algorithm Using Different Intelligent Swarm Algorithms 292 

To compare the Estimation ability of different intelligent swarm optimization algorithms 293 

for cotton leaf area index under Verticillium wilt stress, we used GA, PSO, SHO and ISHO to 294 

optimize a BP neural network with 5 hln, as shown in Figure 7(a). Through the analysis of the 295 

convergence curve of experimental data, we found that the PSO-BP (hln5) model has the ability 296 

to converge quickly in the calculation of cotton LAI under Verticillium wilt stress. Comparing 297 

the prediction accuracy of the 4 models, we evaluated the accuracy of the models using R2, 298 

RMSE, and PA, and evaluated the model performance using Best Verification Performance and 299 

Time, as shown in Table 3. Although the PSO-BP (hln5) model has a fast convergence ability, 300 

among the four models, its R2=0.839, RMSE=0.338, PA=84.61%, The accuracy is lower than 301 

that of ISHO-BP (hln5), so the comprehensive evaluation shows that the ISHO-BP (hln5) model 302 

performs better, R2=0.952, RMSE=0.235, PA=89.30%, Best Verification Performance is 7 and 303 

time is 3s. 304 

 305 

Table 3. The Estimation results of models with 5 hidden layer nodes based on BP algorithm. 306 

Model Dataset 
Best Verification Perfor-

mance（Round） 
R2 RMSE PA Time(s) 

GA-BP(hln5) 
Training set 

10 
0.968 0.186 91.53% 

10 

Testing set 0.871 0.357 83.74% 

PSO-BP(hln5) 

Training set 

10 

0.969 0.196 91.07% 

7 
Testing set 0.839 0.338 84.61% 

SHO-BP(hln5) 
Training set 

25 
0.957 0.213 90.30% 

5 

Testing set 0.919 0.289 86.84% 

ISHO-BP(hln5) 
Training set 

7 
0.948 0.239 89.12% 

3 

Testing set 0.952 0.235 89.30% 

The following is the regression process of the BP neural network training fit of the four 307 

models, in which 100 groups are trained as training samples for the model, and the remaining 50 308 

groups are evaluated as test sets for the accuracy of the experimental results. As shown in Figure 309 

5, it is the regression curve of testing set. It is not difficult to see that all the four models have 310 

good fitting effect, among which the regression overfitting effect of BP neural network training 311 

fitting of ISHO-BP (hln5) model is the best. 312 



 

 313 

Figure 6.It is the regression curve of the testing set. 314 

 315 

3.4. Comparison of Accuracy of Various Model Algorithms Based on the Number of Hidden 316 

Layer Nodes in BP Algorithm 317 

To further verify that the change in the number of hln in the BP neural network affects the 318 

estimation ability of the model, we set BP neural networks with 10 and 15 hidden layer nodes 319 

respectively, and optimized them using genetic algorithm, particle swarm algorithm, hyena al- 320 

gorithm, and improved hyena algorithm, as shown in Table 4 and Table 5. The results indicate 321 

that different numbers of hln do affect the Estimation ability of the model. When the number of 322 

hln is 10, GA-BP (hln10)'s Best Verification Performance is better, ISHO-BP (hln10)'s R2 is 323 

better, ISHO-BP (hln10)'s RMSE is less, ISHO-BP (hln10)'s PA is higher, and ISHO-BP 324 

(hln10)'s time is faster. Therefore, comprehensive evaluation shows that the ISHO-BP (hln10) 325 

model performs well, with relatively good R2, RMSE, and PA values of 0.919, 0.267, and 326 

87.84%, respectively.When the number of hidden layer nodes is 15, SHO-BP (hln15)'s Best 327 

Verification Performance is better, GA-BP (hln15)'s R2 is better, PSO-BP (hln15)'s RMSE is less, 328 

PSO-BP (hln15)'s PA is higher, and ISHO-BP (hln15)'s time is faster. Overall evaluation shows 329 

that the PSO-BP (hln15)'s model performs relatively well, with a high prediction accuracy of 330 

84.11%. 331 

 332 

Table 4. The Estimation results of models with 10 hidden layer nodes based on BP algorithm. 333 

Model Dataset 

Best Verifica-

tion Perfor-

mance

R2 RMSE PA Time(s) 

(a) (b) 

(c) (d) 

ISHO-BP(hln5) 

PSO-BP(hln5) GA-BP(hln5) 

SHO-BP(hln5) 

R2=0.871 R2=0.839 

R2=0.919 R2=0.952 



 

（Round） 

GA-BP(hln10) 
Training set 

1 
0.521 0.727 66.89% 

19 
Testing set 0.675 0.554 74.77% 

PSO-BP(hln10) 
Training set 

5 
0.917 0.294 86.61% 

10 
Testing set 0.912 0.307 86.02% 

SHO-BP(hln10) 
Training set 

30 
0.968 0.183 91.67% 

15 
Testing set 0.825 0.405 81.56% 

ISHO-BP(hln10) 
Training set 

16 
0.969 0.186 91.53% 

5 
Testing set 0.919 0.267 87.84% 

 334 

Table 5. The Estimation results of models with 15 hidden layer nodes based on BP algorithm. 335 

Model Dataset 

Best Verifica-

tion Perfor-

mance

（Round） 

R2 RMSE PA Time(s) 

GA-BP(hln15) 
Training set 

11 
0.856 0.378 82.79% 

50 
Testing set 0.892 0.351 84.02% 

PSO-BP(hln15) 
Training set 

14 
0.927 0.286 86.98% 

18 
Testing set 0.866 0.349 84.11% 

SHO-BP(hln15) 
Training set 

3 
0.947 0.235 89.30% 

11 
Testing set 0.621 0.659 69.99% 

ISHO-BP(hln15) 
Training set 

33 
0.928 0.274 87.52% 

7 
Testing set -0.018 1.041 52.60% 

According to Tables 3, 4, and 5, it is not difficult to see that when the number of hln is 5, 10, 336 

and 15, the accuracy of GA-BP algorithm, PSO-BP model, SHO-BP model, and ISHO-BP model 337 

all exceed 52.60%. Overfitting occurs when the number of ISHO-BP model hidden layer nodes 338 

in the hidden layer is 15. This result proves that we should reduce the number of hln in BP 339 

neural network. In order to more intuitively represent the accuracy of the model, as shown in 340 

Figure 6, the determination coefficients, root mean square errors, and prediction accuracy his- 341 

tograms of the GA-BP model, PSO-BP model, SHO-BP model, and ISHO-BP model are pre- 342 

sented. By comparing Figure 6, Table 3, Table 4, and Table 5, it is not difficult to see that the 343 

GA-BP model has better accuracy in the test set when the number of hln in the BP neural network 344 

is 15. The R2, RMSE, and PA of GA-BP (hln15) are 0.892, 0.351, and 84.02%, respectively. The 345 

PSO-BP model has better accuracy in the test set when the number of hln in the BP neural 346 

network is 10. The R2, RMSE and PA of PSO-BP (hln10) d are 0.912, 0.307, and 86.02%, re- 347 

spectively. The SHO-BP model has better accuracy in the test set when the number of hln in the 348 

BP neural network is 5, and the R2, RMSE and PA of SHO-BP (hln5) are 0.912, 0.307 and 349 



 

86.02%, respectively. The R2, RMSE and PA are 0.919, 0.289 and 86.84%, respectively. The 350 

ISHO-BP model has better accuracy in the test set when the number of hln in the BP neural 351 

network is 5. The R2, RMSE and PA of ISHO-BP (hln5) are 0.952, 0.235 and 89.30%, respec- 352 

tively. By comparing four better models, it was found that the determination coefficient of the 353 

ISHO-BP (hln5) model increased by 6.72% compared to the GA-BP (hln15) model, 4.39% 354 

compared to the PSO-BP (hln10) algorithm, and 3.59% compared to the SHO-BP (hln5) algo- 355 

rithm. The RMSE of the ISHO-BP (hln5) model decreased by 33.05% compared to the GA-BP 356 

(hln15) algorithm, 23.45% compared to the PSO-BP (hln10) algorithm, and 18.69% compared to 357 

the SHO-BP (hln5) algorithm. The accuracy of the ISHO-BP (hln5) model improved by 5.28% 358 

compared to the GA-BP (hln15) algorithm, 3.28% compared to the PSO-BP (hln10) model, and 359 

2.46% compared to the SHO-BP (hln5) algorithm. Therefore, ISHO-BP (hln5) is the best model.  360 

 361 

Figure 7. Model accuracy histograms of GA-BP algorithm, PSO-BP algorithm, SHO-BP algorithm, and 362 

ISHO-BP algorithm for four Estimation models with 5, 10, and 15 hidden layer nodes. 363 

To further verify the performance of the four algorithms GA-BP (hln15), PSO-BP (hln10), 364 

SHO-BP (hln5), and ISHO-BP (hln5), the convergence curves of the four models were analyzed, 365 

as shown in Figure 8(b). It can be seen that the GA-BP (hln15) algorithm had the optimalcon- 366 

vergence speed, followed by the ISHO-BP (hln5) and SHO-BP (hln5) algorithm, and the 367 

PSO-BP (hln10) model had the worst convergence speed. Through comprehensive comparative 368 

evaluation and analysis, although convergence speed of ISHO-BP (hln5) algorithm is not as fast 369 

as that of the GA-BP (hln15) model, the ISHO-BP (hln5) algorithm shows the best prediction 370 

accuracy and can be determined as the cotton leaf area index Estimation model under Verticil- 371 

lium wilt stress. 372 

Based on the comparative analysis of the experimental results, as shown in Figure 9，the 373 

ISHO-BP model demonstrates the most outstanding performance across all metrics, with its 374 

average accuracy (46.50%±2.46) significantly higher than the other three models. It particularly 375 

excels in recall (96.67%±7.45) and F1-score (96.08%±3.91), showcasing stronger stability and 376 

predictive capability while maintaining high precision (96.00%±5.48). Although the GA-BP 377 

model closely approaches ISHO-BP in accuracy (45.94%±1.52) and precision (95.78%±4.26), 378 

its recall and F1-score (94.30%±2.17) are slightly lower, indicating slightly weaker generaliza- 379 

tion ability. The PSO-BP and SHO-BP models perform relatively poorly—PSO-BP exhibits 380 

highly unstable accuracy (31.37%±12.31) and F1-score (80.00%±44.72), while SHO-BP, de- 381 

spite its high precision and recall (95.00%±11.18), suffers from notably low accuracy 382 

(34.08%±3.42). In terms of training efficiency, SHO-BP is the fastest (0.38 seconds), while 383 

ISHO-BP requires only 0.51 seconds, achieving a good balance between performance and effi- 384 

ciency. Overall, ISHO-BP delivers the best comprehensive performance and is well-suited for 385 

scenarios demanding high accuracy and stability. 386 

 GA-BP Training set  GA-BP Testing set  PSO-BP Training set  PSO-BP Testing set
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(a)                                      (b) 388 

Figure 8. (a) Iterative curves of GA-BP(hln5), PSO-BP(hln5), SHO-BP(hln5), and ISHO-BP. (hln5) 389 

models. (b) Iterative curves of GA-BP(hln15), PSO-BP(hln10), SHO-BP(hln5), and ISHO-BP(hln5) 390 

models. 391 

 392 

 393 

Figure 9. The 5-Fold Cross Validation Metrics and Training Time per Fold of GA-BP(hln15), 394 

PSO-BP(hln10), SHO-BP(hln5)and ISHO-BP(hln5) models. 395 

3.5. Estimation of Cotton Leaf Area Index under Verticillium Wilt Stress Based on ISHO-BP 396 

Model 397 

Four optimization models were used to optimize the number of hln of different BP neural 398 

networks, and the optimal models corresponding to the four models were obtained, and the ac- 399 

curacy of the models was higher than that of the number of other hln. Therefore, the optimal 400 

models corresponding to the four models, GA-BP(hln15), PSO-BP(hln10), SHO-BP(hln5), and 401 

ISHO-BP(hln5), were used to estimate the LAI of cotton under verticillium wilt stress, and the 402 

comparison between the predicted and the true value was obtained, as shown in Figure 8. It is 403 



 

not difficult to see that the estimation result of ISHO-BP (hln5) model is the best. Furthermore 404 

the results showed that the ISHO-BP model indeed exhibited good prediction performance, with 405 

a prediction error range of (-0.8, 0.5) and relative errors of less than 1.25%. 406 

 407 

Figure 10. Estimation of cotton leaf area index under verticillium wilt stress based on four models 408 
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According to the above analysis results, the ISHO-BP (hln5) model had the best effect on 409 

estimating cotton leaf area index under verticillium wilt stress. The optimal model was used to 410 

estimate and map LAI of cotton under verticillium wilt stress, as shown in Figure 9. (a) was the 411 

spatial distribution map of LAI of cotton under verticillium wilt stress on August 31. (b) refers 412 

to the spatial distribution of LAI of cotton under the stress of verticillium wilt on September 14. 413 

From the perspective of spatial distribution, LAI on August 31 showed strip distribution, which 414 

was consistent with the cotton planting mode, while LAI was irregular on September 14 due to 415 

the influence of verticillium wilt. From the perspective of time distribution, LAI values on 416 

August 31 were on average greater than those on September 14, which was same with the onset 417 

of verticillium wilt when we collected the data. August 31 was the early stage of the disease, 418 

and September 14 was the middle stage of the disease.On August 31st, LAI values below 2.5 in 419 

partial cultivation areas indicated initial disease occurrence. By September 14th, most LAI 420 

values clustered around 3, while spatial distribution maps showed significantly expanded areas 421 

with LAI values below 2.5, exhibiting a "centrifugal diffusion" pattern that demonstrated sig- 422 

nificant correlation with increasing Verticillium wilt incidence. To further validate the univer- 423 

sality of the ISHO-BP (hln5) model, the leaf area index of healthy cotton plants was estimated. 424 

The results are shown in Figure (c), which presents the spatial distribution characteristics of the 425 

leaf area index (LAI) of healthy cotton on August 29. It can be observed that the LAI values 426 

are relatively uniform, generally maintained between 4 and 6.These results were consistent 427 

with ground measurements, confirming progressive worsening of Verticillium wilt severity.It 428 

has provided technical support for the field management of Verticillium wilt., confirming pro- 429 

gressive worsening of Verticillium wilt severity.It has provided technical support for the field 430 

management of Verticillium wilt. 431 

 432 

Figure 10. (a) was the spatial distribution map of LAI of cotton under verticillium wilt stress on Au- 433 

gust 31. (b) refers to the spatial distribution of LAI of cotton under the stress of verticillium wilt on 434 

September 14.(c) Spatial distribution map of leaf area index (LAI) for healthy cotton on August 29. 435 

 436 

4. Discussion 437 

4.1. Multispectral characteristic analysis of cotton under verticillium wilt stress 438 

The application of multispectral remote sensing technology in farmland has been increas- 439 

ing, making rapid acquisition of vegetation information a viable option can. By measuring the 440 

spectral reflectance of plants, the severity of crop diseases and pests can be observed. Re- 441 

searchers studying rice blast reports have confirmed that there are differences in the NIR spectral 442 

reflectance data presented by different severity of rice blast disease (Guo et al., 2019). If the 443 

blast disease is severe, the spectral reflectance of the leaves is low, and vice versa. The spectral 444 

reflectance of wheat stripe rust was also studied that different degrees of stripe rust damage has a 445 

"peak" on the "green edge" and a "valley" on the "red edge", and in the near-infrared spectral 446 

range (Ma et al.,2 021). The spectral reflectance of wheat will decrease significantly if the dis- 447 

ease severity increases(Song et al.,2022), a study on Verticillium wilt found that using hyper- 448 

spectral data to invert the disease severity of cotton single leaf resulted in a fitting value of over 449 

(c) Aug,29 



 

0.68 and a prediction accuracy of 83.56% (Chen et al., 2010). The UAV multi-spectral data was 450 

used to estimate the cotton LAI under verticillium wilt stress, and the goodness of fit of algo- 451 

rithm reached 0.952. In summary, the use of multispectral data has proved to be a viable method 452 

for estimating cotton leaf area index, especially under adverse conditions caused by verticillium 453 

wilt. 454 

 455 

4.2. Performance Comparison of Different Optimization Algorithms under Different Numbers of 456 

Hidden Layer Nodes 457 

The BP neural network model demonstrates strong nonlinear mapping capabilities and 458 

flexible architecture, yet suffers from slow convergence (often requiring hundreds to thousands 459 

of iterations) and susceptibility to local optima, prompting the need for metaheuristic optimiza- 460 

tion approaches. This study's comprehensive evaluation of GA-BP, PSO-BP, SHO-BP, and 461 

ISHO-BP algorithms (Figures 6-9, Tables 3-5) reveals that while ISHO-BP (hln5) achieves su- 462 

perior predictive performance (R2=0.952, RMSE=0.235, PA=89.30%), this comes with nuanced 463 

tradeoffs: GA-BP (hln15) shows faster iteration but poorer generalization (17% lower R2) and 464 

longer runtime, suggesting an accuracy-efficiency paradox in hidden layer configuration. The 465 

results confirm (Ma et al., 2010) findings while extending them through three critical insights: 466 

(1) hybrid optimization (ISHO-BP) effectively mitigates BP's traditional limitations but intro- 467 

duces marginal computational overhead (0.51s vs GA-BP's 0.44s); (2) the optimal hln5 config- 468 

uration challenges conventional wisdom about node quantity-performance relationships; (3) 469 

algorithm performance exhibits nonlinear interactions with network architecture, where 470 

PSO-BP's instability (F=5.97, P>0.05) and SHO-BP's moderate results underscore the im- 471 

portance of balancing exploration and exploitation. These findings suggest that while ISHO-BP 472 

represents the most balanced solution for precision-critical applications, GA-BP may still hold 473 

value for scenarios prioritizing rapid prototyping, highlighting the need for context-aware algo- 474 

rithm selection based on specific operational constraints and accuracy requirements. 475 

Compared with Chen Bing and others who used empirical models to inverse the pigment 476 

content of cotton leaves under pest and disease stress using hyperspectral, the error was in- 477 

creased by 0.05% (Chen et al., 2024); According to Table 3, using the ISHO-BP model com- 478 

pared with the linear model applied by (Jing et al., 2009). In the high-yield crop research area of 479 

Xinjiang crop field in Shihezi University, this method represents a significant improvement in 480 

accuracy. Ma et al. evaluated the severity of wilt by combining the Verticillium wilt index, color 481 

index, and texture features. Their results showed that using multiple data sources for collabora- 482 

tive modeling had the highest accuracy (R2: 0.65-0.88) (Ma et al; 2024). Compared with this 483 

study, the estimation accuracy is similar, but slightly lower. The main reason why our research 484 

results are better than others is: (1) the degree of matching between multispectral remote sensing 485 

data and ground data collection (Ma et al., 2024; Zou et al., 2006;); (2) The selection of multiple 486 

vegetation index combinations for estimating LAI has played a complementary role (Ji et 487 

al.,2022). 488 

 489 

4.3. Limitations and perspectives 490 

Multispectral data of the canopy of cotton verticillium wilt plant Tahe No. 2 were collected. 491 

The inverse model of cotton leaf area index under verticillium wilt stress based on BP algorithm 492 

and several optimization algorithms was established by preprocessing multi-spectral data. The 493 

results are shown in Figure 6, Figure 7, Figure 8, Table 3, Table 4 and Table 5. The research 494 

results show that the ISHO-BP (hln5) algorithm obtains the best estimation performance with the 495 

shortest algorithm running time. The spatial distribution diagram of LAI obtained by using the 496 

ISHO-BP (hln5) algorithm is shown in Figure 9. The results show that the distribution of LAI 497 

observed both spatially and spatially is consistent with the actual cotton growth status.  498 

(1)However, this study only examined multispectral data under verticillium wilt stress of 499 

specific cotton varieties. Therefore, to ensure the reliability and precision of the ISHO-BP al- 500 



 

gorithm in estimating cotton leaf area index under Verticillium wilt stress conditions, future 501 

studies should consider more cotton varieties, planting methods and cotton growth periods. 502 

(2) Under Verticillium wilt stress, the cotton leaf area index estimation was the central focus 503 

of this research. The studies afterwards, the multi-spectral data obtained by UAV can be used for 504 

accurate estimation and identification of cotton leaf area index under disease and pest stress 505 

based on ISHO-BP model. The farmland can be monitored in real time, and the corresponding 506 

management plan can be formulated to meet diverse needs s of cotton farmers, increase the in- 507 

come of cotton farmers, and promote economic development. 508 

 509 

5. Conclusions 510 

How to quickly understand the crop disease situation and implement corresponding 511 

measures is the key to promote the high-quality development of agriculture in southern Xinjiang. 512 

Multispectral data of cotton canopy affected by verticillium wilt were analyzed. The correlation 513 

between vegetation index and leaf area index of cotton was analyzed and four models, GA-BP, 514 

PSO-BP, SHO-BP and ISHO-BP were established. By setting different number of hidden nodes 515 

in BP neural network, the determination coefficient, root mean square error and prediction ac- 516 

curacy of 12 models are obtained with good results. The more hln in the BP neural network, the 517 

better the accuracy of the algorithm is not necessarily. The more nodes in the hidden layer, the 518 

overfitting phenomenon may occur, such as ISHO-BP (hln15).The best algorithm in the GA-BP 519 

algorithm is GA-BP (hln15), the best algorithm in the PSO-BP algorithm is PSO-BP (hln10), the 520 

best model in the SHO-BP model is SHO-BP (hln5), and the best model in the ISHO-BP model is 521 

SHO-BP (hln5). Compared with the prediction accuracy of the four optimal models, the error 522 

range of ISHO-BP (hln5) model estimation is (-0.8,0.5), R2, RMSE and PA are 0.952, 0.235 and 523 

89.30%, respectively and the best results are obtained and the running time is short.Under the 524 

ISHO-BP (hln5) model, the spatial distribution patterns of leaf area index (LAI) in cotton—both 525 

under Verticillium wilt stress and in healthy plants—exhibit high consistency with actual field 526 

observations.It is confirmed that the estimation with the ISHO-BP (hln5) model is satisfactory. 527 

Therefore, the ISHO-BP (hln5) model is suitable for high-precision estimation of cotton LAI 528 

under verticillium wilt stress in this study. It is expected that the model can also obtain satis- 529 

factory results in crop LAI estimation under pests and diseases stress other than this study. 530 
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