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AbstractAbstractAbstractAbstract    
    
Nitrogen fertilizer levels significantly affect crop growth and development, necessitating precision 

management. Most studies focus on nitrogen nutrient estimation using vegetation indices and textural features, 
overlooking the diagnostic potential of color features. Hence, we investigated cotton nitrogen nutrition status 
using unmanned aerial vehicle (UAV) image features and the nitrogen nutrient index (NNI). Random frog 
algorithm - and random forest-screened image feature sets significantly correlated with the NNI, which were 
substituted into four machine learning algorithms for NNI estimation modeling. The composite scores (F) of 
optimal image feature sets were calculated using the coefficient of variation method for comprehensive cotton 
nitrogen nutrient diagnosis. Validation of the model for determining the critical nitrogen concentration in 
cotton yielded a coefficient of determination R2 = 0.89, root mean square error RMSE = 0.50 g (100 g)-1, and 
mean absolute error MAE = 0.44, demonstrating improved performance. Additionally, our novel NNI 
estimation model constructed based on the optimal image feature sets exhibited R2

c = 0.97, RMSEc = 0.02, 
MAEc = 0.02, R2

v = 0.85, RMSEv = 0.05, and MAEv = 0.04. Polynomial fitting of the composite index with 
NNI indicated that the model was reliable and yielded the following diagnostic criterion: 0.48 < F2 < 0.67 
indicated nitrogen overapplication, whereas F2 < 0.48 or F2 > 0.67 indicated nitrogen deficiency. This study 
demonstrates the superior effectiveness of using UAV RGB image feature sets for NNI estimation and the 
quick, accurate diagnosis of cotton nitrogen levels, which will help guide nitrogen fertilizer application. 

    
Keywords:Keywords:Keywords:Keywords: composite score; image features; machine learning; nitrogen nutrition index 
Abbreviation:Abbreviation:Abbreviation:Abbreviation: AB, adaptive boosting; AK, available potassium; AN, alkali-hydrolyzable nitrogen; AP, 

available phosphorus; CIVE, color index of vegetation; Con, contrast; Cor, correlation; Dis, dissimilarity; Ent, 
entropy; ExB, excess blue vegetation index; ExG, excess green vegetation index; ExR, excess red vegetation 
index; F, comprehensive score; GLCM, gray level co-occurrence matrix; GLI, green leaf index; GRVI, red-green 
vegetation index; H, hue; Hom, homogeneity; MAE, mean absolute error; MGRVI, modified green red 
vegetation index; NGRDI, normalized green-red difference index; NNI, nitrogen nutrient index; OM, organic 
matter; PLSR, partial least squares regression; R2, coefficient of determination; RFA: random frog algorithm; 
RF, random forest; RGBVI, red-green-blue vegetation index; RGRI, red green ratio index; RMSE, root mean 
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square error; S, saturation; SM, second moment; SVM, support vector machine; UAV, unmanned aerial 
vehicle; V, value; VAR, variance; VARI, visible atmospherically resistant index. 

 
IntroductionIntroductionIntroductionIntroduction    
 
Cotton is one of the largest fiber crops in the world in terms of cultivated area, dominates the global 

textile industry, and has high economic value (Jans et al., 2021; Li et al., 2022). China is the world’s largest 
cotton producer, accounting for one-quarter of the world’s total annual cotton production (FAOSTAT, 
2023). The rise in prices for nitrogen fertilizer, one of the main agricultural fertilizers in China, increases crop 
production costs and exacerbates the financial burden on agricultural practices (Jin et al., 2024). Furthermore, 
excessive application of nitrogen during cotton production wastes fertilizer resources, and the limited capacity 
for crop uptake of nitrogen results in soil nitrogen residues (Fenge et al., 2023), triggering problems such as 
increased soil salinization (Tsakmakise et al., 2019). Therefore, timely access to the nitrogen nutritional status 
of cotton is conducive to reducing cotton production costs and improving environmental protection. 

Critical nitrogen concentrations have been used to diagnose nitrogen nutrition throughout the crop life 
cycle (Soratto et al., 2022). The nitrogen nutrition index (NNI) is calculated based on measured and critical 
nitrogen concentrations. Many studies have shown that the NNI can be used to assess the nitrogen nutritional 
status of crops, and its diagnostic effect is better than that of a single crop agronomic parameter (Shi et al., 2021; 
Yang et al., 2016). Although RGB images acquired with unmanned aerial vehicle (UAV)-mounted visible-light 
cameras contain less spectral information, they have the advantages of high spatial resolution, low cost, and 
simple data processing, which make it easier to promote their use (Wang et al., 2013). Furthermore, combining 
the vegetation index and a machine learning algorithm can fully utilize UAV RGB image band information 
(Han et al., 2019). Many scholars have already combined spectral and texture information to estimate crop 
growth parameters (Yang et al., 2019; Zheng et al., 2020; Li et al., 2019), which not only enhances the 
utilization of spectral features but also mitigates the saturation phenomenon, thus addressing the shortcomings 
of the inversion of spectral features. Fu et al. (2020) found that combining vegetation indices and color features 
of UAV images to estimate plant nitrogen concentrations in winter wheat was effective. Therefore, the 
potential of combining vegetation indices, texture features, and color moments of UAV RGB images to 
estimate the NNI can be explored. Xu et al. (2021) used the coefficient of variation method to weigh 
chlorophyll content, plant water content, plant height, and biomass of winter wheat to construct a 
comprehensive growth monitoring index, indicating that the comprehensive index performed well in 
estimating the crop growth parameter. At present, most studies on cotton NNI estimation use multiple image 
features as model inputs (Fu et al., 2020) and rarely combine image features to construct comprehensive 
indicators. Therefore, in this study, the coefficient of variation method was used to construct comprehensive 
indicators to explore the feasibility of replacing NNI in nitrogen nutrition diagnosis. 

Ultimately, the purpose of this study was to (1) construct a critical nitrogen concentration dilution 
model to calculate NNI and explore its effect in diagnosing the nitrogen nutrient status of cotton; (2) use 
random frog algorithm (RFA) and random forest (RF) to screen image feature sets significantly related to the 
NNI, as well as partial least squares regression (PLSM), support vector machine (SVM), adaptive boosting 
(AB), and RF modeling, to obtain the optimal image feature set and optimal model for estimating the NNI; 
and (3) calculate the comprehensive score (F) of the optimal image feature set based on the entropy method 
and the coefficient of variation method, which will be used to explore its feasibility in nitrogen nutrition 
diagnosis and provide technical support for real-time and accurate diagnosis of cotton nitrogen nutrition status. 
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Materials and MethodsMaterials and MethodsMaterials and MethodsMaterials and Methods    
 
Experimental design 

This study was conducted in 2022 in Company II of the experimental field of Shihezi University, 
Xinjiang Uygur Autonomous Region (44º19′N; 85º59′E). The soil texture of the experimental site was loamy, 
and the basic physicochemical properties were as follows: alkali-hydrolyzable nitrogen (AN) = 60.88 mg kg-1, 
organic matter (OM) = 19.90 mg kg-1, available potassium (AK) = 134 mg kg-1, and available phosphorus (AP) 
= 17.95 mg kg-1. The previous crop was cotton. Additional work in 2023 was conducted at the Shihezi Institute 
of Agricultural Science, Xinjiang Uygur Autonomous Region (44º20′N; 86º3′E), where the soil texture was 
loamy and the basic physicochemical properties were as follows: AN = 50.90 mg kg-1, OM = 19.20 mg kg-1, AK 
= 151 mg kg-1, and AP = 18.52 mg kg-1. The previous crop at this site was maize. 

The experiment included five nitrogen application levels: N0 (0 kg hm-2), N1 (120 kg hm-2), N2 (240 
kg hm-2), N3 (360 kg hm-2), and N4 (480 kg hm-2). Throughout the entire life cycle of cotton, urea (containing 
46% nitrogen) and 160 kg hm-2 of phosphorus potassium fertilizer (potassium dihydrogen phosphate) are 
applied. Fertilization is set with 30% base fertilizer and the remaining 70% applied with water. Drip irrigation 
fertilization is conducted 8 times throughout the entire growth period. The experiment sets different fertilizer 
application ratios and amounts under different nitrogen gradients, as shown in Table 1. The experimental 
variety was Xinlu Early 53, the main cultivar in the surrounding area of Shihezi City, Xinjiang, and the planting 
pattern was “one film, three tubes and six rows,” with a plant spacing of 10 cm + 66 cm + 10 cm. Each nitrogen 
treatment was repeated three times, with a total of 15 plots in a randomized block design and protective rows 
around the perimeter. Other conditions were arranged according to the local large fields.  

 

 
Figure 1Figure 1Figure 1Figure 1. Map of the study area 
 
Acquisition of cotton agronomic parameters 

In 2022 (Zhang et al., 2022), samples were collected at the squaring stage (June 21), flowering stage 
(June 26), full flowering stage (July 3), flowering and boll stage (July 15 and July 25), and full boll stage (August 
4). Samples were collected in 2023 at the squaring stage (June 22), flowering stage (July 2), full flowering stage 
(July 11), flowering and boll stage (July 25 and August 2), full boll stage (August 10), and spitting stage (August 
22). Six representative cotton plants were selected from each plot on each sampling day, and the samples were 
divided into three organ types: stems, leaves, and buds. The samples were deoxidized at 105 ℃ for 30 min and 
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baked to constant weight at 80 ℃. The dry matter weight of each organ was determined as described previously 
(Tian et al., 2014). 

 
Table 1.Table 1.Table 1.Table 1. Application date, proportion, and amount of fertilizer in the experimental area 

DateDateDateDate    Fertilization ratioFertilization ratioFertilization ratioFertilization ratio    
Nitrogen Nitrogen Nitrogen Nitrogen application treatmentapplication treatmentapplication treatmentapplication treatment    Phosphorus and Phosphorus and Phosphorus and Phosphorus and 

potassium fertilizerpotassium fertilizerpotassium fertilizerpotassium fertilizer    NNNN0000    NNNN1111    NNNN2222    NNNN3333    NNNN4444    

2022 

June 8th 5% 0 4.20 8.40 12.60 16.80 5.60 
June 16th 11% 0 9.24 18.48 27.72 36.96 12.32 
June 21st 12% 0 10.08 20.16 30.24 40.32 13.44 
June 29th 12% 0 10.08 20.16 30.24 40.32 13.44 
July 5th 16% 0 13.44 26.88 40.32 53.76 17.92 

July 12th 16% 0 13.44 26.88 40.32 53.76 17.92 
July 20th 16% 0 13.44 26.88 40.32 53.76 17.92 
July 28th 12% 0 10.08 20.16 30.24 40.32 13.44 

2023 

June 13th 5% 0 4.20 8.40 12.60 16.80 5.60 
June 19th 7% 0 5.88 11.76 17.64 23.52 7.84 
June 29th 10% 0 8.40 16.80 25.20 33.60 11.20 
July 8th 15% 0 12.60 25.20 37.80 50.40 16.80 

July 22nd 18% 0 15.12 30.24 45.36 60.48 20.16 
July 30th 18% 0 15.12 30.24 45.36 60.48 20.16 

August 7th 15% 0 12.60 25.20 37.80 50.40 16.80 
August 19th 12% 0 10.08 20.16 30.24 40.32 13.44 

 
UAV data acquisition 

A DJI Phantom 4 Advanced UAV (China, DJI) was used to obtain RGB images of the experimental 
sites at the time of sampling. The flight time for image acquisition was selected under clear, windless, and 
cloudless weather conditions from 13:00 to 14:00. The UAV platform was equipped with a 20-megapixel 
image sensor, the lens was set straight down, the camera shutter was set at 1/240 s, and the shooting distance 
was 20 m above the ground. The front and side overlap properties of the image were set to 75%, and the size of 
the obtained JPG image was 5472 × 3648 pixels. The obtained original image was imported into DJI Intelligent 
Graph, and the reflectivity board photo was imported into the radiation correction interface, as well as the 
corresponding reflectivity. The rebuild function was used to generate an orthophoto, which was exported as a 
TIFF image. 

 
NNI calculation 

Lemaire et al. (2008) indicated that the minimum above-ground nitrogen concentration of a plant that 
maximizes the above-ground dry matter accumulation of cotton is the critical nitrogen concentration. The 
critical nitrogen concentration dilution curve was modeled as follows: 

 
N� = aW���	
                                                                                      (1) 
 
where Nc is the critical nitrogen concentration (g [100 g]-1), a is the critical nitrogen concentration of 

the cotton plant when the aboveground biomass of cotton is 1 t hm-2, Wmax is the maximum aboveground 
biomass of cotton, and b is the parameter controlling the slope of the dilution curve of the critical nitrogen 
concentration. 

The NNI refers to the ratio of the actual aboveground nitrogen concentration of crops to the critical 
nitrogen concentration and is used to determine the nitrogen nutrition status of the crops. The formula for 
calculating the NNI is as follows: 
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NNI = N�/N�                                                 (2) 
 
where NNI is the nitrogen nutrient index, Ni is the measured nitrogen concentration in the 

aboveground crop in g (100 g)-1, and Nc is the critical nitrogen concentration in the aboveground crop in g (100 
g)-1. If NNI is greater than 1, it indicates excessive nitrogen application; if NNI is less than 1, it indicates 
nitrogen deficiency; and if NNI is equal to 1, it indicates the optimal level of nitrogen nutrition (Fabbri et al., 
2020). 

 
UAV image processing 

Using ENVI software, the region of interest of the UAV RGB image was sketched, and the average values 
of the red, green, and blue channels of each region of interest were extracted and defined as R, G, and B, 
respectively. Following normalization, R, G, and B were defined as r, g, and b, which were calculated as r = R/(R 
+ G + B), g = G/(R + G + B), and b = G/(R + G + B). Eleven vegetation indices with good correlation with 
crop nitrogen nutrient status were selected based on previous studies: green leaf index (GLI), green red 
vegetation index (GRVI), modified green red vegetation index (MGRVI), excess red vegetation index (ExR), 
excess blue vegetation index (ExB), excess green vegetation index (ExG), visible atmospherically resistant index 
(VARI), red-green-blue vegetation index (RGBVI), red green ratio index (RGRI), color index of vegetation 
(CIVE), and normalized green-red difference index (NGRDI) (Table 2). 

 
Table Table Table Table 2222.... Vegetation indices used in this study 

Vegetation Vegetation Vegetation Vegetation 
indexindexindexindex    

FFFFormulationormulationormulationormulation    RRRReferenceseferenceseferenceseferences    

GLI (2*g-r + b)/(2*g + r + b) Louhaichi et al. (2001) 

GRVI (g-r)/(g + r) Tucker (1979) 
MGRVI (g2-r2)/g2 + r2) Bendig et al. (2015) 

ExR 1.4*r-g Meyer and Neto (2008) 
ExB 1.4b-g Qi et al. (1994) 

ExG 2*g-r-b Woebbecke et al. (1995) 

VARI (g-r)/(g + r-b) Saberioon and Gholizadeh (2016) 
RGBVI (g2-b*r2)/(g2 +b*r2) Possoch et al. (2016) 

RGRI r/g Verrelst et al. (2008) 

CIVE 0.441r−0.811g+0.385b+18.78745 Kataoka et al. (2003) 

NGRDI (g − r)/(g + r) Li et al. (2010) 
Abbreviations: CIVE, color index of vegetation; ExB, excess blue index; ExG, excess green index; ExR, excess red index; 
GLI, green leaf index; GRVI, green red vegetation index; MGRVI, modified green red vegetation index; NGRDI, 
normalized green-red difference index; RGBVI, red-green-blue vegetation index; RGRI, red green ratio index; VARI, 
visible atmospherically resistant index. 

 
Eight texture features in the region of interest of the RGB image were extracted using ENVI software 

with a grayscale co-occurrence matrix (GLCM). The gray level-direction co-production matrix were obtained 
by averaging four values through the four generating directions of θ. The average value was recorded as the 
feature value. The eight texture features were the mean (Mean), variance (Var), homogeneity (Hom), contrast 
(Con), dissimilarity (Dis), entropy (Ent), second moment (SM), and correlation (Cor). The terms “_R”, “_G”, 
and “_B” were added to texture names to indicate textures based on different GLCM bands (for example, 
“Mean_R” indicates the mean of the R-band). 

The color moments do not need to quantize the color space, and the feature vectors have low dimensions 
and are mainly concentrated in the low-order moments; therefore, color information can only be expressed by 
the first-, second-, and third-order moments of the color. With the help of the nine color features of the low-
order color moments of the hue (H)-saturation (S)-value (V) color space to express the color information of 
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the image, the nine components (three color components and two low-order moments on each component) 
can cover the color moments of the image, no other color features are complex. The formulae for the color 
moments are as follows (Strickerand Dimai , 1996): 

 

�� = �
� ∑ ��,�����                                   (3)  

�� = (�
� ∑ (��,� − ��)����� )�

�                                                    (4) 

�� = (�
� ∑ (��,� − ��) ���� )�

!                               (5) 

 
where pi,j denotes the probability of a pixel with a gray value of j in the i color channel; N is the total 

number of pixels in the region of interest of each map; µi (1 ≤ I ≤ 3) denotes the average color in each color 
channel; and σi and si denote the variance and skewness of each color channel, respectively. 

 
Modeling method 

In this paper, the four machine learning algorithms used for model construction were PLSR, SVM, AB, 
and RF (Scornet, 2016). 

(1) Partial Least Squares Regression (PLSR) combines Principal Component Analysis and Typical 
Correlation Analysis (Jin et al., 2019) to simplify the characteristics of the independent variables, which can be 
calculated by regressing the independent variables with multicollinearity. The objective solution is calculated 
by minimizing the sum of squares of errors to find the best function with this set of data, which makes it easier 
to identify the system information and noise compared to traditional multiple linear regression models. 

(2) Support Vector Machines (SVM) is a powerful and versatile supervised machine learning algorithm 
that can be used for linear and nonlinear classification, regression, and even anomaly detection. Support Vector 
Regression (SVR) is proposed in the application of regression problems, and the kernel function linear in SVR 
is chosen in this study to deal with the nonlinear regression phenomenon of samples. 

(3) Adaptive Boosting (AB) algorithm does not screen features, there is no overfitting phenomenon in 
the training process, and the upper limit of the training error rate decreases gradually with the increase of the 
number of iterations. In this study, Ridge Regression (RR) is chosen as the base learner of the Adaptive Boosting 
algorithm, and then multiple weak classifiers are trained based on the same training set, and then multiple weak 
classifiers are combined into a strong classifier, and the final prediction result is determined by the number of 
votes. 

(4) Random Forest (RF) is a method that scores the importance of each variable and evaluates its role in 
classification while classifying data, integrates a large number of decision trees together, and utilizes multiple 
decision trees to train, classify, and predict sample data. In the construction of each decision tree, 2/3 of the 
training samples are used to train the model and 1/3 are called out-of-bag samples, which are determined in 
predicting the results by averaging all the trees. The random forest algorithm has been considered as one of the 
most accurate classification and regression prediction methods. In order to improve the operational efficiency 
and estimation accuracy, the number of decision trees and the input variables per node can be adjusted. 

 
Model evaluation 

In this study, the dataset was divided into modeling and testing sets at a ratio of 7:3, and the coefficient 
of determination (R2), root mean square error (RMSE), and mean absolute error (MAE) were used as criteria 
to evaluate the model performance. When the value of R2 was closer to 1, the value of RMSE was closer to 0, 
and the value of MAE was smaller, the model performance was better. These values were calculated as follows: 

 

R� = ∑ (#$% 	#&)�'()�
∑ (#(	#&)�'()�

                                             (6) 
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RMSE = -�
. ∑ (/0% − /&)�1���                                                                             (7) 

MAE = �
1 ∑ |/04 − /�|1���                                                                                 (8) 

where /�  represents the measured value of sample i, ȳi represents the predicted value of the sample, ȳ 
represents the average value of all the samples, and n is the number of samples. 

 
 
ResultsResultsResultsResults    
 
Construction of critical nitrogen concentration dilution model for cotton 

Effects of different nitrogen application levels on aboveground biomass and nitrogen concentration of 
cotton 

As shown in Tables 3 and 4, the aboveground biomass of cotton increased with the advancement of 
fertility and the increase of N application, and the aboveground biomass of cotton with N application of N3 
accumulated the most; the differences between N0 and N1 and N3 were significant, while the differences 
between N2 and N4 and N3 were not significant. 

 
Table Table Table Table 3333.... Significance test of cotton aboveground biomass under different nitrogen application levels 
(2022) 

Nitrogen Nitrogen Nitrogen Nitrogen 
rrrrateateateate    

Post emergence time (Post emergence time (Post emergence time (Post emergence time (dddd))))    
57575757    66662222    69696969    81818181    99991111    101010101111    

N0 1.95d 3.49b 4.98b 5.86c 6.96b 10.59c 
N1 2.29c 3.61b 5.45ab 7.07b 9.20a 11.21c 
N2 2.45b 3.74b 6.12a 7.57ab 9.52a 11.44c 
N3 2.93a 4.54a 6.13a 7.89ab 10.00a 14.95b 
N4 3.00a 4.80a 6.18a 8.00a 10.01a 16.10a 

Nitrogen application levels: N0 (0 kg hm-2), N1 (120 kg hm-2), N2 (240 kg hm-2), N3 (360 kg hm-2), and N4 (480 kg 
hm-2). 
Differences in letters between nitrogen application treatments (Duncan test, p<0.05). 

 
Table Table Table Table 4444.... Significance test of cotton aboveground biomass under different nitrogen application levels (2023) 

Nitrogen Nitrogen Nitrogen Nitrogen 
raterateraterate    

Post emergence time (Post emergence time (Post emergence time (Post emergence time (dddd))))    
57575757    67676767    76767676    90909090    98989898    106106106106    118118118118    

N0 1.92b 3.03b 4.67c 7.48b 8.82b 10.02b 12.15b 
N1 2.03ab 3.17b 5.14c 9.05a 10.03b 11.89b 12.51b 
N2 2.04ab 3.69a 6.17b 9.05a 10.29a 12.76a 15.62ab 
N3 2.22a 3.76a 6.69ab 9.28a 10.37a 12.39a 16.90a 
N4 2.27a 3.85a 6.78a 9.52a 10.86a 13.00a 16.12a 

Nitrogen application levels: N0 (0 kg hm-2), N1 (120 kg hm-2), N2 (240 kg hm-2), N3 (360 kg hm-2), and N4 (480 kg 
hm-2). 
Differences in letters between nitrogen application treatments (Duncan test, p<0.05). 

 
As shown in Figure 2, N concentration in cotton showed a decreasing trend during the reproductive 

process. The differences between N0 and N1 and N3 were significant, while the differences between N2 and 
N4 and N3 were not significant, indicating that these three N applications did not have a significant effect on 
the growth and development of cotton. 
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Figure 2.Figure 2.Figure 2.Figure 2. Trends and significance analysis of nitrogen concentration in cotton at different nitrogen 
application levels (Left: 2022, Right: 2023) 
Nitrogen application levels= N0 (0 kg hm-2), N1 (120 kg hm-2), N2 (240 kg hm-2), N3 (360 kg hm-2), and N4 (480 kg 
hm-2) 

 
Construction and verification of critical nitrogen concentration dilution model 
During the sampling period, the aboveground biomass of cotton ranged from 1.92 to 16.9 t hm-2. 

Combined with the critical nitrogen concentration dilution modeling method proposed by Justes et al. (1994), 
the aboveground biomass of cotton under different nitrogen treatments increased significantly and non-
significantly, and nitrogen treatments with significant increases in aboveground biomass were set as nitrogen-
limited levels, while those with significant increases in aboveground biomass were set as non-nitrogen-limited 
levels, which resulted in the critical nitrogen concentration dilution model of cotton as Nc = 3.96Wmax

-0.19 

(Figure 3), with R2 = 0.93. 
 

 
Figure 3.Figure 3.Figure 3.Figure 3. Model of cotton nitrogen concentration dilution curve  
Nc, critical nitrogen concentration (g [100 g]-1); R2, coefficient of determination; Wmax, maximum aboveground 
biomass of cotton  

 
The data points from 2022 were selected to validate the model, analyze the simulated and measured 

values, and plot 1:1 histograms (Figure 4). The accuracy of the model was assessed by calculating R2, RMSE, 
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and MAE. As shown in Figure 4, R2 = 0.89, RMSE = 0.50 g (100 g)-1, and MAE = 0.44, indicating that the 
model performance was good and could be used for diagnosing nitrogen nutrition in cotton. 
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Figure 4.Figure 4.Figure 4.Figure 4. Model validation of the dilution curve for the critical nitrogen concentration in cotton  
MAE, mean absolute error; Nc, critical nitrogen concentration (g [100 g]-1); R2, coefficient of determination; RMSE, 
root mean square error  

 
In this study, NNI was calculated using equation (2) and was used to determine the nitrogen nutritional 

status of cotton. Table 5 shows the results of descriptive statistical analysis of NNI of cotton in 2022, and Table 
6 shows the results of descriptive statistical analysis of NNI of cotton in 2023. The NNI values of cotton in 
2022 and 2023 were inferred to be less than 1 at all nitrogen application levels after the full bloom stage, possibly 
because after entering the boll stage, the synchronization of cotton nutrient growth and reproductive growth, 
which resulted in a substantial increase in nitrogen demand, and the late stage of fertility, which did not show 
nitrogen overnutrition because the nitrogen level was not set high enough. The absence of nitrogen 
overnutrition was because the nitrogen level was not sufficiently high. 

 
Table Table Table Table 5555. Statistical analysis of cotton nitrogen nutrient index in 2022 

DateDateDateDate    (d)(d)(d)(d)    MinMinMinMin    MaxMaxMaxMax    MeanMeanMeanMean    SDSDSDSD    VarianceVarianceVarianceVariance    SkewnessSkewnessSkewnessSkewness    
57 0.710 1.110 0.888 0.073 0.005 0.367 
62 0.770 1.190 0.923 0.090 0.008 0.504 
69 0.660 1.070 0.824 0.078 0.006 0.734 
81 0.520 0.860 0.710 0.069 0.005 -0.412 
91 0.540 0.770 0.661 0.058 0.003 0.152 
101 0.410 0.80 0.599 0.077 0.006 0.118 

SD, standard deviation. 
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Table Table Table Table 6666. Statistical analysis of cotton nitrogen nutrient index in 2023 
DateDateDateDate    (d)(d)(d)(d)    MinMinMinMin    MaxMaxMaxMax    MeanMeanMeanMean    SDSDSDSD    VarianceVarianceVarianceVariance    SkewnessSkewnessSkewnessSkewness    

57 0.850 1.070 0.957 0.047 0.002 -0.129 
67 0.830 1.080 0.960 0.062 0.004 -0.132 
76 0.770 1.070 0.932 0.068 0.005 -0.267 
90 0.740 1.050 0.910 0.081 0.006 -0.647 
98 0.590 0.980 0.831 0.077 0.006 -1.082 
106 0.590 0.890 0.769 0.067 0.004 -0.757 
118 0.500 0.840 0.717 0.073 0.005 -1.002 

SD, standard deviation. 

 
Cotton nitrogen nutrition diagnostic model construction 

Cotton nitrogen nutrient diagnosis model based on vegetation index 
As shown in Figure 5, 11 vegetation indices extracted from the UAV images were significantly correlated 

with the NNI during the full fertility period, among which GLI had the best correlation with the NNI (r = 
0.56). As shown in Table 7, vegetation indices that were significantly correlated with the NNI and had the top 
five importance scores were selected using RFA and RF algorithms, among which GLI, ExB, and ExR appeared 
in the screening results of the two algorithms.  

 

 
Figure 5.Figure 5.Figure 5.Figure 5. Correlation between vegetation indices and NNI  
CIVE, color index of vegetation; ExB, excess blue vegetation index; ExG, excess green vegetation index; ExR, excess red 
vegetation index; GLI, green leaf index; GRVI, green red vegetation index; MGRVI, modified green red vegetation 
index; NGRDI, normalized green-red difference index; RGBVI, red-green-blue vegetation index; RGRI, red green 
ratio index; VARI, visible atmospherically resistant index. 
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Table Table Table Table 7777.... Importance of the top five vegetation indices and estimated nitrogen nutrient index for RFA and 
RF screening 

MMMModelodelodelodel    
RFARFARFARFA    RFRFRFRF    

CCCCharacteristicharacteristicharacteristicharacteristic    IIIImportancemportancemportancemportance    CCCCharacteristicharacteristicharacteristicharacteristic    IIIImportancemportancemportancemportance    

Vegetation index 

CIVE 0.9697 GLI 0.5267 
ExB 0.9418 ExB 0.1273 

RGRI 0.7243 ExR 0.0816 
GLI 0.1509 ExG 0.0540 
ExR 0.1127 VARI 0.0507 

CIVE, color index of vegetation; ExB, excess blue vegetation index; ExG, excess green vegetation index; ExR, excess red 
vegetation index; GLI, green leaf index; RFA: random frog algorithm; RF, random forest; RGRI, red green ratio index; 
VARI, visible atmospherically resistant index. 

 
A cotton NNI estimation model was constructed using four machine learning algorithms based on the 

screened image feature sets for diagnosing nitrogen nutrition in cotton. As shown in Figure 6, the optimal 
model based on the RFA screening algorithm was RF (modeling set: R2 = 0.95, RMSE = 0.03, MAE = 0.02; 
test set: R2 = 0.70, RMSE = 0.07, MAE = 0.05), and the optimal model based on the RF screening algorithm 
was RF (modeling set: R2 = 0.95, RMSE = 0.03, MAE = 0.02; test set: R2 = 0.70, RMSE = 0.07, MAE = 0.05). 
A comprehensive comparison of the eight-cotton nitrogen nutrient diagnostic models based on vegetation 
indices revealed that the optimal performance was achieved by the RF model constructed based on the RF 
screening algorithm. 

 
Cotton nitrogen nutrient diagnosis model based on texture characteristics 
As shown in Figure 7, the correlations between 24 texture feature parameters extracted from UAV 

images and the NNI during the whole fertility period were significantly correlated with NNI, except Ent_R, 
SM_R, Cor_R, Ent_G, SM_G, Cor_G, Mean_B, Hom_B, Ent_B, SM_B, and Cor_B. Among those that were 
significantly correlated, the correlations between Con_G and NNI were the best, with an r of -0.63. The top 
five texture feature parameters that correlated significantly with NNI were selected using the RFA and RF 
algorithms, among which two algorithms were selected based on the top five importance scores. The top five 
texture feature parameters with importance scores related to the significance of NNI were selected using the 
RFA and RF algorithms, and Dis_G appeared in the screening results of two of the algorithms (Table 8). 
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Figure 6.Figure 6.Figure 6.Figure 6. Estimation of the NNI based on vegetation index. RFA: (a) PLSR modeling; (b) SVM modeling; 
(c) AB modeling; and (d) RF modeling. RF: (e) PLSR modeling; (f) SVM modeling; (g) AB modeling; and 
(h) RF modeling   
AB, adaptive boosting; MAE, mean absolute error; NNI, nitrogen nutrient index; PLSR, partial least squares 
regression; R2, coefficient of determination; RFA: random frog algorithm; RF, random forest; RMSE, root mean 
square error; SVM, support vector machine 
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Figure 7.Figure 7.Figure 7.Figure 7. Correlation of texture features with nitrogen nutrient index  
B, blue; Con, contrast; Cor, correlation; Dis, dissimilarity; Ent, entropy; G, green; Hom, homogeneity; R, red; SM, 
second moment; Var, variance 

 
Table Table Table Table 8888.... Top 5 texture features and importance of estimating nitrogen nutrient index for RFA and RF 
screening 

ModelModelModelModel    
RFARFARFARFA    RFRFRFRF    

CCCCharacteristicharacteristicharacteristicharacteristic    IIIImportancemportancemportancemportance    CCCCharacteristicharacteristicharacteristicharacteristic    IIIImportancemportancemportancemportance    

Texture features 

Dis_G 0.9969 Mean_G 0.2648 
Hom_R 0.9927 Dis_G 0.2205 
Dis_R 0.9839 Con_G 0.1217 

Hom_G 0.9794 Var_G 0.1124 
Dis_B 0.9769 Mean_R 0.0532 

RFA: random frog algorithm; RF, random forest; B, blue; Con, contrast; Dis, dissimilarity; G, green; Hom, 
homogeneity; R, red; Var, variance.  

 
A cotton NNI estimation model was constructed using four machine learning algorithms based on the 

screened texture features for the diagnosis of cotton nitrogen nutrition. As shown in Figure 8, the optimal 
model based on the RFA screening algorithm was RF (modeling set: R2 = 0.94, RMSE = 0.04, MAE = 0.02; 
test set: R2 = 0.56, RMSE = 0.08, MAE = 0.06), and the optimal model based on the RF screening algorithm 
was RF (modeling set: R2 = 0.95, RMSE = 0.03, MAE = 0.02; test set: R2 = 0.63, RMSE = 0.07, MAE = 0.05). 
A comprehensive comparison of the eight-texture feature-based nitrogen nutrition diagnostic models for 
cotton revealed that the optimal performance was achieved by the RF model constructed based on the RF 
screening algorithm. 

 
 
 

M
ea
n_
R

V
ar
_R

H
om
_R

C
on
_R

D
is
_R

En
t_
R

SM
_R

C
or
_R

M
ea
n_
G

V
ar
_G

H
om
_G

C
on
_G

D
is
_G

En
t_
G

SM
_G

C
or
_G

M
ea
n_
B

V
ar
_B

H
om
_B

C
on
_B

D
is
_B

En
t_
B

SM
_B

C
or
_B N

N
I

Mean_R

Var_R

Hom_R

Con_R

Dis_R

Ent_R

SM_R

Cor_R

Mean_G

Var_G

Hom_G

Con_G

Dis_G

Ent_G

SM_G

Cor_G

Mean_B

Var_B

Hom_B

Con_B

Dis_B

Ent_B

SM_B

Cor_B

NNI

Mean_R

Var_R

Hom_R

Con_R

Dis_R

Ent_R

SM_R

Cor_R

Mean_G

Var_G

Hom_G

Con_G

Dis_G

Ent_G

SM_G

Cor_G

Mean_B

Var_B

Hom_B

Con_B

Dis_B

Ent_B

SM_B

Cor_B

NNI

0.38 -0.16 0.35 0.25 0.15 -0.13-0.031 0.96 0.25 -0.13 0.21 0.14 0.15 -0.14-0.014 0.90 0.47 -0.21 0.46 0.37 0.16 -0.14-0.060 0.16

-0.51 0.99 0.97 0.35 -0.24 -0.40 0.19 0.97 -0.51 0.96 0.94 0.34 -0.24 -0.38 0.39 0.92 -0.52 0.92 0.93 0.35 -0.24 -0.42 -0.57

-0.49 -0.64 -0.95 0.93 0.92 -0.15 -0.49 0.99 -0.48 -0.63 -0.95 0.93 0.92 -0.059-0.48 0.98 -0.48 -0.61 -0.95 0.93 0.92 0.11

0.97 0.32 -0.22 -0.40 0.16 0.97 -0.49 0.96 0.94 0.32 -0.23 -0.38 0.38 0.92 -0.50 0.92 0.92 0.32 -0.22 -0.41 -0.58

0.48 -0.37 -0.58 0.085 0.95 -0.65 0.94 0.98 0.47 -0.37 -0.56 0.25 0.89 -0.64 0.89 0.94 0.47 -0.37 -0.59 -0.56

-0.97 -0.84 0.17 0.33 -0.95 0.31 0.47 1.00 -0.97 -0.86 0.051 0.33 -0.95 0.32 0.45 1.00 -0.97 -0.84-0.015

0.83 -0.18 -0.23 0.92 -0.21 -0.36 -0.97 1.00 0.86 -0.026-0.23 0.92 -0.23 -0.35 -0.97 1.00 0.83 -0.083

-0.066-0.41 0.92 -0.40 -0.59 -0.84 0.83 0.99 0.081 -0.38 0.90 -0.39 -0.54 -0.84 0.83 0.99 0.060

0.094 -0.12 0.051-0.00330.16 -0.18-0.049 0.84 0.31 -0.20 0.30 0.22 0.18 -0.19-0.092 0.33

-0.51 1.00 0.97 0.33 -0.23 -0.39 0.31 0.89 -0.50 0.89 0.90 0.33 -0.23 -0.41 -0.62

-0.49 -0.65 -0.95 0.92 0.93 -0.031-0.48 0.98 -0.48 -0.62 -0.95 0.92 0.93 0.14

0.97 0.31 -0.21 -0.40 0.29 0.88 -0.48 0.88 0.89 0.31 -0.21 -0.41 -0.63

0.47 -0.36 -0.57 0.17 0.86 -0.63 0.86 0.92 0.46 -0.36 -0.59 -0.60

-0.97 -0.86 0.046 0.32 -0.95 0.32 0.45 1.00 -0.97 -0.85-0.014

0.86 -0.026-0.23 0.92 -0.23 -0.35 -0.97 1.00 0.83 -0.082

0.082 -0.36 0.91 -0.37 -0.52 -0.86 0.86 0.98 0.056

0.56 -0.12 0.56 0.43 0.062-0.0300.0690.078

-0.52 1.00 0.98 0.33 -0.23 -0.40 -0.46

-0.52 -0.64 -0.95 0.92 0.91 0.11

0.98 0.32 -0.23 -0.41 -0.45

0.44 -0.35 -0.56 -0.47

-0.97 -0.84-0.011

0.83 -0.084

0.058

-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

**

** **

**** **

**** ** **

**** ** ** **

* ** ** ** ** **

**** ** ** ****

** ** * ** ** **

**** ** ** ** **** **

* ** ** ** ** ** ** ** **

**** ** ** ** **** ** ** **

* ** ** ** ** ** ** ** ** ** **

** ** ** ** ** ** ** ** ** ** **** **

* ** ** ** ** ** ** ** ** ** **** ** **

** ** ** ** ** ** ** ** ** **** ** **

** ** ** ** ** **** **

** ** ** ** ** ** ** ** ** ** **** ** ** ** ** **

** ** ** ** ** ** ** ** ** ** **** ** ** ** ** * **

** ** ** ** ** ** ** ** ** ** **** ** ** ** ** ** ** **

** ** ** ** ** ** ** ** ** ** **** ** ** ** ** ** ** ** **

** ** ** ** ** ** ** ** ** ** **** ** ** ** ** **** ** **

* ** ** ** ** ** ** ** ** ** **** ** ** ** ** ** ** **** **

** ** ** ** ** ** ** ** ** ** ** ** ** ** ** ** ** ** ** **

** ** * ** ** ** ** * ** ** ** ** **



Wang L et al. (2024). Not Bot Horti Agrobo 52(2):13728 

 

14 
 

 

 

 

 

 

0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.2 1.3
0.4

0.5

0.6

0.7

0.8

0.9

1.0

1.1

1.2

1.3

0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.2 1.3
0.4

0.5

0.6

0.7

0.8

0.9

1.0

1.1

1.2

1.3

0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.2 1.3
0.4

0.5

0.6

0.7

0.8

0.9

1.0

1.1

1.2

1.3

0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.2 1.3
0.4

0.5

0.6

0.7

0.8

0.9

1.0

1.1

1.2

1.3

0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.2 1.3
0.4

0.5

0.6

0.7

0.8

0.9

1.0

1.1

1.2

1.3

0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.2 1.3
0.4

0.5

0.6

0.7

0.8

0.9

1.0

1.1

1.2

1.3

0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.2 1.3
0.4

0.5

0.6

0.7

0.8

0.9

1.0

1.1

1.2

1.3

0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.2 1.3
0.4

0.5

0.6

0.7

0.8

0.9

1.0

1.1

1.2

1.3

T
h

e 
p

re
d

ic
te

d
 v

al
u

e 
o

f 
N

N
I

The true value of NNI

y = 0.51x + 0.43

R²c = 0.51

RMSEc = 0.08

MAEc = 0.06

y = 0.47x + 0.48

R²v = 0.53

RMSEv = 0.08

MAEv = 0.06

a

y = 0.48x + 0.44

R²c = 0.51

RMSEc = 0.08

MAEc = 0.06

y = 0.50x + 0.42

R²v = 0.53

RMSEv = 0.08

MAEv = 0.06

y = 0.62x + 0.32

R²c = 0.66

RMSEc = 0.06

MAEc = 0.05

y = 0.53x + 0.39

R²v = 0.52

RMSEv = 0.08

MAEv = 0.07

y = 0.82x + 0.16

R²c = 0.94

RMSEc = 0.04

MAEc = 0.02

y = 0.56x + 0.38

R²v = 0.56

RMSEv = 0.08

MAEv = 0.06

y = 0.52x + 0.42

R²v = 0.50

RMSEv = 0.08

MAEv = 0.06

y = 0.50x + 0.43

R²c = 0.50

RMSEc = 0.08

MAEc = 0.06

y = 0.66x + 0.30

R²v = 0.60

RMSEv = 0.07

MAEv = 0.05

y = 0.70x + 0.26

R²c = 0.67

RMSEc = 0.07

MAEc = 0.05

y = 0.66x + 0.29

R²c = 0.72

RMSEc = 0.06

MAEc = 0.05

y = 0.62x + 0.32

R²v = 0.57

RMSEv = 0.07

MAEv = 0.06

y = 0.85x + 0.13

R²c = 0.95

RMSEc = 0.03

MAEc = 0.02

y = 0.70x + 0.25

R²v = 0.63

RMSEv = 0.07

MAEv = 0.05

T
h

e 
p

re
d

ic
te

d
 v

al
u

e 
o

f 
N

N
I

The true value of NNI

b

T
h

e 
p

re
d

ic
te

d
 v

al
u

e 
o

f 
N

N
I

The true value of NNI

c

T
h

e 
p

re
d

ic
te

d
 v

al
u

e 
o

f 
N

N
I

The true value of NNI

d

T
h

e 
p

re
d

ic
te

d
 v

al
u

e 
o

f 
N

N
I

The true value of NNI

e

T
h

e 
p

re
d

ic
te

d
 v

al
u

e 
o

f 
N

N
I

The true value of NNI

f

T
h

e 
p

re
d

ic
te

d
 v

al
u

e 
o

f 
N

N
I

The true value of NNI

g

T
h

e 
p

re
d

ic
te

d
 v

al
u

e 
o

f 
N

N
I

The true value of NNI

h

 
Figure 8.Figure 8.Figure 8.Figure 8. Estimating NNI based on texture features. RFA: (a) PLSR modeling; (b) SVM modeling; (c) AB 
modeling; and (d) RF modeling. RF: (e) PLSR modeling; (f) SVM modeling; (g) AB modeling; and (h) RF 
modeling  
AB, adaptive boosting; MAE, mean absolute error; NNI, nitrogen nutrient index; PLSR, partial least squares 
regression; R2, coefficient of determination; RFA: random frog algorithm; RF, random forest; RMSE, root mean 
square error; SVM, support vector machine 
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Cotton nitrogen nutrition diagnosis model based on color moment 
The correlations between the nine color moments extracted from the UAV images and the NNI during 

the entire fertility period are shown in Figure 9, except for H_ske, V_var, and V_ske. All other color moment 
parameters were significantly correlated with the NNI; among them, H had the best correlation with the NNI, 
with an r of 0.69. Table 9 displays the top five characteristics selected using the RFA and RF algorithms based 
on the five importance scores related to the significance of the NNIs. The texture feature parameters were 
selected using the RFA and RF algorithms, among which H, H_var, S, and V were included in the screening 
results of the two algorithms. 

 

 
Figure 9.Figure 9.Figure 9.Figure 9. Correlation of color moments with nitrogen nutrient index  
H, hue; NNI, nitrogen nutrient index; S, saturation; Ske, skewness; V, value; Var, variance. 

 
Table Table Table Table 9999.... Importance of the first five color moments and estimated nitrogen nutrient index for RFA and 
RF screening 

ModelModelModelModel    
RFARFARFARFA    RFRFRFRF    

CCCCharacteristicharacteristicharacteristicharacteristic    IIIImportancemportancemportancemportance    CCCCharacteristicharacteristicharacteristicharacteristic    IIIImportancemportancemportancemportance    

Color moment 

H 0.9999 H 0.6437 
H_var 0.9961 S 0.1523 
S_var 0.8310 S_ske 0.0751 

S 0.1297 V 0.0508 
V 0.0905 H_var 0.0465 

RFA: random frog algorithm; RF, random forest; H, hue; NNI, nitrogen nutrient index; S, saturation; Ske, skewness; 
V, value; Var, variance. 

 
A cotton NNI estimation model was constructed using four machine learning algorithms based on 

screened color moments to diagnose nitrogen nutrition in cotton. As shown in Figure 10, the optimal model 
based on the RFA screening algorithm was RF (modeling set: R2 = 0.97, RMSE = 0.02, MAE = 0.02; test set: 
R2 = 0.75, RMSE = 0.06, MAE = 0.04), and the optimal model based on the RF screening algorithm was RF 
(modeling set: R2 = 0.97, RMSE = 0.02, MAE = 0.02; test set: R2 = 0.78, RMSE = 0.05, MAE = 0.04). A 
comprehensive comparison of the eight color-moment based nitrogen nutrition diagnosis models for cotton 
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revealed that the optimal performance was achieved with the RF model constructed based on the RF screening 
algorithm. 
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Figure 10.Figure 10.Figure 10.Figure 10. Estimation of the NNI based on color moments. RFA: (a) PLSR modeling; (b) SVM modeling; 
(c) AB modeling; and (d) RF modeling. RF: (e) PLSR modeling; (f) SVM modeling; (g) AB modeling; and 
(h) RF modeling  
AB, adaptive boosting; MAE, mean absolute error; NNI, nitrogen nutrient index; PLSR, partial least squares 
regression; R2, coefficient of determination; RFA: random frog algorithm; RF, random forest; RMSE, root mean 
square error; SVM, support vector machine 
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Cotton nitrogen nutrient diagnosis model based on feature fusion 
Many studies have shown that the performance of a model built based on feature fusion is better than 

that of a model with a single class of features as the input (Fu et al., 2020). Therefore, in this study, the 
vegetation index, texture feature, and color moment, which are significantly related to the NNI, were taken as 
the image feature set, and the top five image feature parameters with importance scores in the image feature set 
were screened using the RFA and RF algorithms, among which the screening results of the two algorithms all 
contained Dis_G (Table 10). 

 
Table Table Table Table 10101010.... Top five image features, based on vegetation index, texture feature, and color moment, and 
importance of the estimated nitrogen nutrient index using RFA and RF screening 

MMMModelodelodelodel    
RFARFARFARFA    RFRFRFRF    

CCCCharacteristicharacteristicharacteristicharacteristic    IIIImportancemportancemportancemportance    CCCCharacteristicharacteristicharacteristicharacteristic    IIIImportancemportancemportancemportance    

VIs+TFs+CMs 

MGRVI 0.9288 H 0.5612 
VARI 0.8968 S 0.0704 
RGRI 0.8605 GLI 0.0481 
Dis_G 0.8185 ExR 0.0385 
RGBVI 0.7596 Dis_G 0.0314 

Dis, dissimilarity; ExR, excess red vegetation index; GLI, green leaf index; G, green; H, hue; MGRVI, modified green 
red vegetation index; RFA: random frog algorithm; RF, random forest; RGBVI, red-green-blue vegetation index; 
RGRI, red green ratio index; S, saturation; VARI, visible atmospherically resistant index. 

 
The cotton NNI estimation model was constructed using four machine learning algorithms based on 

screened image feature parameters for diagnosing nitrogen nutrition in cotton. As shown in Figure 11, the 
optimal model based on the RFA screening algorithm was RF (modeling set: R2 = 0.96, RMSE = 0.02, MAE = 
0.02; test set: R2 = 0.81, RMSE = 0.05, MAE = 0.05), and the optimal model based on the RF screening 
algorithm was RF (modeling set: R2 = 0.97, RMSE = 0.02, MAE = 0.02; test set: R2 = 0.85, RMSE = 0.05, 
MAE = 0.04). The optimal model was the RF model based on the RF screening algorithm. 

Comparative analysis of the aforementioned 32 cotton nitrogen nutrient diagnostic models revealed, as 
depicted in Table 11, the following: the performance of the model constructed with the feature set of RF 
screening was better than that constructed with the feature set of RFA screening; the performance of the model 
constructed based on image features was ranked: all features > color moments > vegetation index > texture 
features; the ranking of modeling algorithms was: RF > AB > SVM > PLSR; and the optimal nitrogen nutrient 
diagnostic model was the RF model constructed based on all image features of RF screening (modeling set: R2 
= 0.97, RMSE = 0.02, MAE = 0.02; test set: R2 = 0.85, RMSE = 0.05, MAE = 0.04). Therefore, the image 
feature set derived from the screening of all image features using RF was considered the optimal image feature 
set. 
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Figure 11.Figure 11.Figure 11.Figure 11. Estimating nitrogen nutrient index based on vegetation index, texture feature, and color 
moment. RFA: (a) PLSR modeling; (b) SVM modeling; (c) AB modeling; and (d) RF modeling. RF: (e) 
PLSR modeling; (f) SVM modeling; (g) AB modeling; and (h) RF modeling  
AB, adaptive boosting; MAE, mean absolute error; NNI, nitrogen nutrient index; PLSR, partial least squares 
regression; R2, coefficient of determination; RFA: random frog algorithm; RF, random forest; RMSE, root mean 
square error; SVM, support vector machine 
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Table Table Table Table 11111111.... Indicators associated with the cotton nitrogen nutrient index estimation model 
Image 

features 
ML 

RFA RF 
R2

c RMSE c MAE c R2
 v RMSE v MAE v R2

 c RMSE c MAE c R2
 v RMSE v MAE v 

Vegetation 
Index 

PLSR 0.55 0.08 0.06 0.54 0.07 0.06 0.56 0.07 0.06 0.53 0.08 0.06 
SVM 0.65 0.06 0.05 0.71 0.07 0.05 0.67 0.06 0.05 0.66 0.07 0.06 
AB 0.79 0.05 0.04 0.72 0.06 0.05 0.80 0.05 0.04 0.71 0.06 0.05 
RF 0.95 0.03 0.02 0.70 0.07 0.05 0.95 0.03 0.02 0.72 0.06 0.05 

Texture 
Features 

PLSR 0.51 0.08 0.06 0.53 0.08 0.06 0.50 0.08 0.06 0.50 0.08 0.06 
SVM 0.51 0.08 0.06 0.53 0.08 0.06 0.67 0.07 0.05 0.60 0.07 0.05 
AB 0.66 0.06 0.05 0.52 0.08 0.07 0.72 0.06 0.05 0.57 0.07 0.06 
RF 0.94 0.04 0.02 0.56 0.08 0.06 0.95 0.03 0.02 0.63 0.07 0.05 

Color 
Moment 

PLSR 0.50 0.08 0.06 0.52 0.08 0.07 0.51 0.08 0.06 0.51 0.08 0.07 
SVM 0.72 0.06 0.05 0.71 0.06 0.05 0.74 0.06 0.05 0.71 0.06 0.05 
AB 0.84 0.05 0.04 0.75 0.06 0.04 0.84 0.05 0.04 0.73 0.06 0.05 
RF 0.97 0.02 0.02 0.75 0.06 0.04 0.97 0.02 0.02 0.78 0.05 0.04 

All 
Features 

PLSR 0.60 0.07 0.06 0.58 0.08 0.06 0.63 0.07 0.05 0.59 0.07 0.06 
SVM 0.70 0.06 0.05 0.74 0.06 0.05 0.72 0.06 0.05 0.75 0.06 0.05 
AB 0.76 0.05 0.04 0.76 0.06 0.05 0.83 0.05 0.04 0.81 0.05 0.04 
RF 0.96 0.02 0.02 0.81 0.05 0.05 0.97 0.02 0.02 0.85 0.05 0.04 

RFA: random frog algorithm; AB, adaptive boosting; MAE, mean absolute error; ML, machine learning; NNI, 
nitrogen nutrient index; PLSR, partial least squares regression; R2, coefficient of determination; RF, random forest; 
RMSE, root mean square error; SVM, support vector machine. 

 
Diagnostic study of nitrogen nutrition in cotton based on comprehensive indicators of UAV GRB images 

Calculate the weights corresponding to the optimal image feature set using the coefficient of variation 
method and entropy method, respectively (Table 12). The normalized image feature data were multiplied by 
the corresponding weights to obtain the composite scores of each image feature and then summed to obtain 
the total score (F), which was used as the comprehensive diagnostic index. Record the comprehensive scores 
calculated by entropy method and coefficient of variation method as F1 and F2, respectively, and perform 
polynomial fitting with NNI (Figure 12), and the correlation between the composite index and NNI was 
obtained with R2 = 0.66, which indicated that the model was reliable. According to the model formula, the 
values of F2 were 0.48 and 0.67 when the value of NNI was 1. Therefore, when 0.48 < F2 < 0.67, too much 
nitrogen was applied to the cotton, whereas when F2 < 0.48 or F2 > 0.67, the cotton was deficient in nitrogen 
nutrition, and fertilizer application should be increased. 

    
Table 1Table 1Table 1Table 12222.... Weights of each image metric 

Characteristic parameterCharacteristic parameterCharacteristic parameterCharacteristic parameter    GLIGLIGLIGLI    ExRExRExRExR    Dis_GDis_GDis_GDis_G    HHHH    SSSS    

Weight 
Entropy method 0.01 0.02 0.13 0.20 0.64 

Coefficient of variation method 0.05 0.07 0.18 0.22 0.49 
Dis, dissimilarity; ExR, excess red vegetation index; G, green; GLI, green leaf index; H, hue; S, saturation. 

 
After calculating the weights of the five image features, it can be obtained that GLI and ExR accounted 

for a relatively small proportion (Table 12), and the weights were recalculated after removing GLI and ExR 
(Table 13), and then the weights were assigned to calculate the total score as a composite index for polynomial 
fitting with the NNI (Figure 13), and the model constructed by the entropy method had unchanged R2, and 
the model constructed by the coefficient of variation method had reduced R2 after the removal of GLI and ExR. 
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Figure 12Figure 12Figure 12Figure 12. Polynomial fitting of comprehensive scores F1 and F2 with NNI 
NNI, nitrogen, nutrient index; R2, coefficient of determination 

 
Table 1Table 1Table 1Table 13333.... Weights of each image metric 

CCCCharacteristic parameterharacteristic parameterharacteristic parameterharacteristic parameter    Dis_GDis_GDis_GDis_G    HHHH    SSSS    

Weight 
Entropy method 0.13 0.21 0.66 

Coefficient of variation method 0.20 0.25 0.55 
GLI, ground level image index; H, hue; S, saturation. 
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Figure 1Figure 1Figure 1Figure 13333. Polynomial fitting of comprehensive scores F1 and F2 with NNI 
NNI, nitrogen, nutrient index; R2, coefficient of determination 

 
    
DiscussionDiscussionDiscussionDiscussion    
 
Nitrogen nutrition diagnostic study for crops based on the NNI 

Studies have shown that the NNI calculated with the help of the critical nitrogen concentration dilution 
model can accurately quantify the nitrogen nutrition level of crops and can be used for the diagnosis of crop 
nitrogen nutrition (Cheng et al., 2022; Pei et al., 2023), as the NNI value increases with an increase in nitrogen 
application. This study showed that the overall NNI value decreased with the advancement of cotton growth 
and development processes, indicating that cotton requires more nitrogen for growth and development in the 
late reproductive stage, which is consistent with the results of Hou et al. (2021). Currently, studies have applied 
remote sensing technology to estimate crop NNI. For example, Liu et al. (2020) constructed a model to 
estimate the NNI of winter wheat at the flowering stage based on UAV hyperspectral images (RMSE = 0.074). 
Hui et al. (2019) concluded that drone type and flight altitude had no effect on the estimation of the NNI, and 
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the R2 values of the NNI estimation model were 0.47-0.86, indicating that drone multispectral images can be 
used to estimate crop NNI. Qiu et al. (2021) used six machine learning algorithms based on UAV RGB images 
to construct a model for estimating the NNI of rice at key fertility periods, and the results showed that the RF 
algorithm performed best at all fertility periods, with R2 values ranging from 0.88 to 0.96 and RMSE values 
ranging from 0.03 to 0.07. Therefore, the use of UAV image features is feasible for estimating the NNI level of 
a crop. 

 
Nitrogen nutrition diagnosis in cotton based on UAV image characterization 

In this paper, the modeling comparison of four machine learning algorithms found that the NNI 
estimation model constructed by the RF algorithm was the most effective (modeling set: R2 = 0.94~0.97, 
RMSE = 0.02~0.04; test set: R2 = 0.56~0.85, RMSE = 0.05~0.08), likely because the machine learning 
modeling process is prone to the overfitting phenomenon, whereas the RF algorithm has stronger robustness 
and generalization ability (Zheng et al., 2018). Crop nitrogen nutrient status is closely related to canopy color, 
and texture features provide information related to structural features (Colombo et al., 2003). Many studies 
have estimated crop NNIs based on crop canopy spectral, structural, and color information (Maresma et al., 
2016), but most studies that estimated NNIs based on image features considered only vegetation indexes and 
texture features; the potential of color moments for estimating the NNI was overlooked, despite the close 
relationship between the depth of color of crop leaves and nitrogen content (Haider et al., 2021). This study 
showed that the superior performance ranking of the model constructed on the basis of image features was all 
features > color moments > vegetation index > texture features, demonstrating that color moments have 
greater potential in estimating the NNI. The reason for this phenomenon is that the UAV acquires image data 
20 meters from the ground, and changes in color features are easier to obtain than changes in texture features, 
so the performance of vegetation index and color moments in estimating cotton nitrogen nutrient index is 
better than that of texture features, which is consistent with the results of the study by Pei (2023), the 
vegetation index is calculated based on the homogenization of the mean of the R, G, and B band, which loses 
most of the information about the color of the image, and there is a saturation phenomenon that leads to a 
reduction in estimation accuracy. And there is a saturation phenomenon leading to a reduction in estimation 
accuracy, while the color moments in H is the hue, S is the saturation, V is the brightness, if the image appears 
uneven lighting conditions, the impact is only V. The third-order moments can represent the color distribution 
of the image, and the color information of the acquired image is more complete and more stable (Yang and 
Sun, 2020). Yang et al. (2020) combined the image index and texture features of UAV digital images to 
construct a "map-spectrum" fusion index and used the partial least squares method to construct an NNI 
estimation model based on the image index, texture features, and fusion index, respectively. The results of their 
work showed that the fusion index constructed a model with the highest accuracy (R2 = 0.6443) and that the 
fusion index could improve the accuracy of NNI inversion (Yang et al., 2020). In this study, the vegetation 
index, texture features, and color moments were used to estimate the crop NNI, and the results showed that 
the model fused with multiple data points performed better than the single data model, which was similar to 
the results of previous studies (Maimaitijiang et al., 2020). 

Most studies have used evaluation models to assign weights to crop growth indicators to calculate 
comprehensive growth evaluation indexes, which also provide new ideas for crop nitrogen nutrition diagnosis 
(Hao et al., 2022; Xu et al., 2021). Most current studies on estimating the NNI in cotton use multiple image 
features as model inputs, and few image features are combined to construct a comprehensive index. Therefore, 
in this paper, using the coefficient of variation method to obtain the total composite score of the optimal image 
feature set as a composite index, we constructed a NNI estimation model based on the composite index, y = - 
1.66x2 + 1.90x + 0.47, R2 = 0.66, which is better than the modeling accuracy of the "map-spectrum" estimation 
model constructed using the partial least square regression algorithm by Yang et al. (2020) and has a simpler 
model structure. Finally, a diagnostic standard for cotton nitrogen nutrition based on the integrated index was 
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proposed to provide technical support for the rapid and nondestructive diagnosis of crop nitrogen nutrition. 
The diagnostic criteria were that when 0.48 < F2 < 0.67, cotton was over-applied with nitrogen; when F2 < 
0.48 or F2 > 0.67, cotton was deficient in nitrogen.  

This study had some limitations. The experimental data in this study came from two years of field 
experiments with the same cotton variety, and the accuracy of the estimation model was affected by a variety of 
factors, such as the cotton variety, planting area, and field management program. Therefore, in future studies, 
field experimental data from different areas should be accumulated over the years to improve the accuracy of 
the estimation or diagnostic models. 

 
    
ConclusionsConclusionsConclusionsConclusions    
 
In this study, three feature parameters–vegetation index, texture feature, and color moment–were 

obtained based on UAV RGB images, and the optimal image feature set was determined using two feature-
screening methods: RFA and RF. The NNI estimation model was constructed using four machine learning 
algorithms–PLSR, SVM, AB, and RF–to diagnose nitrogen nutrition. The optimal feature parameter set was 
determined by comparing the aforementioned models. The coefficient of variation method was used to 
calculate F as a comprehensive index, and polynomial fitting was performed using NNI. The nitrogen nutrition 
status of the cotton plants was determined using the F value.  

Two essential implications were drawn from the findings of this study. First, the modeling effect of the 
image feature set screened by RF was better than RFA, and the performance of the model constructed based on 
image features can be ranked in terms of superiority: all features > color moments > vegetation index > texture 
features. Furthermore, the optimal image feature sets are H, S, GLI, ExR, and Dis_G, and the optimal NNI 
estimation model is the one constructed on the basis of the optimal image feature set using the RF algorithm 
(modeling set: R2 = 0.97, RMSE = 0.02, MAE = 0.02; test set: R2 = 0.85, RMSE = 0.05, MAE = 0.04). These 
findings demonstrate that the performance of the model constructed by combining multiple image features 
was superior. Second, the F of the optimal image feature set was calculated by the coefficient of variation 
method as a composite index, and polynomial fitting with NNI resulted in the model equation: y = -1.66x2 + 
1.90x + 0.47, R2 = 0.66. Furthermore, the model was reliable. The values of F2 were 0.48 and 0.67 when the 
NNI value was 1. Therefore, when 0.48 < F2 < 0.67, cotton was over-applied with nitrogen, and when F2 < 
0.48 or F2 > 0.67, cotton was nitrogen-deficient, indicating that the amount of fertilizer applied should be 
increased. This study demonstrates that the composite index F2 can effectively diagnose nitrogen nutrition, 
proposing a new diagnostic standard for crop nitrogen levels. 
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