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AbstractAbstractAbstractAbstract    
    
Leaf nitrogen content (LNC) is an important index to measure the nitrogen deficiency in cotton. The 

rapid and accurate monitoring of LNC is of great significance for understanding the growth status of cotton 
and guiding precise fertilization in the field. At present, the hyperspectral technology monitoring of LNC is 
very mature, but it is interfered with by external factors such as shadow and soil, and data acquisition is still 
dependent on manpower. Therefore, on the basis of clarifying the correlation and quantitative relationship 
between physiological parameters and cotton LNC, the 400-2500 nm spectral curve was simulated based on 
PROSPECT-5 model. Combined with the measured spectra, the sensitive bands of leaf nitrogen content were 
screened, and four machine learning algorithms based on the reflectance of the sensitive bands were compared 
to construct a model for the estimation of LNC in cotton and determine the optimal model. The results show 
the following: (1) The parameter with the best correlation with nitrogen content was Cab, and the linear 
relationship was y=0.3942x+12.521, R2=0.81, RMSE=12.87 g/kg. (2) The shuffled frog leaping algorithm 
(SFLA) and the successive projections algorithm (SPA) were used to screen the relevant bands sensitive to 
LNC. SFLA selected nine characteristic bands, mainly distributed between 700 and 750 nm. SPA screened 
seven characteristic bands, mainly distributed between 670 and 760 nm. The characteristic bands of both 
screening methods were distributed near the red edge. (3) Based on the sensitive bands, the four machine 
learning algorithms were compared. Among them, the band modeling of SFLA screening under the random 
forest (RF) algorithm was the best (modeling set R2=0.973, RMSE=1.001 g/kg, rRMSE=3.41%, validation set 
R2=0.803, RMSE=3.191 g/kg, rRMSE=10.85%). In summary, this study proposes an optimal estimation 
model of cotton leaf nitrogen content based on the radiative transfer model, which provides a theoretical basis 
for the dynamic, accurate, and non-destructive monitoring of cotton leaf nitrogen content. 
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IntroductionIntroductionIntroductionIntroduction    
 
China is the world’s largest consumer and importer of cotton, and the world’s second-largest producer 

of raw cotton (Zhao et al., 2023). As the largest production base of high-quality commercial cotton in China 

(Kang et al., 2023), Xinjiang’s output and product quality are particularly important for the development of 

national trade. The growth and development of cotton are inseparable from fertilizer application, and nitrogen, 
as the most important mineral nutrient element of cotton, is the key limiting factor for cotton growth and yield 
formation (Rehman et al., 2019). The unreasonable application of nitrogen fertilizer will not only reduce 

fertilizer use efficiency, but also lead to environmental pollution (Kaushal et al., 2011; Cui et al., 2020). 

Therefore, the real-time and accurate monitoring of leaf nitrogen content in the process of cotton growth is of 
great significance for formulating scientific and efficient nutrient management measures and optimizing cotton 
fertilization management. Traditional crop nitrogen content monitoring methods include morphological 
methods, physiological and biochemical analysis methods, etc. (Lemaire et al., 2019; Feng et al., 2020). 

Morphological diagnosis is based on visual observation only, which is prone to misdiagnosis and has poor 
timeliness; although the results of physiological and biochemical analysis and diagnosis are more accurate than 
those of morphological diagnosis, the destructive sampling of plants is needed, which is time-consuming, labor-
consuming, and expensive. 

Hyperspectral technology, as a non-contact and non-destructive method for monitoring crop 
biochemical information (Li et al., 2012; Feng et al., 2014; Chen et al., 2022), can obtain narrow and 

continuous fine spectral information from crops (Li et al., 2019) and can better establish the relationship 

between spectral data and crop nutrient biochemical information to build a high-precision monitoring model, 
which has been widely used in recent years. In previous studies, hyperspectral technology has achieved 
considerable success in crop nutrient estimation. Ryu et al. (2011) used hyperspectral technology to collect rice 

spectral data and nitrogen content information at the heading stage for three consecutive years, and established 
a hyperspectral prediction model for rice nitrogen content at the heading stage. The model R2 reached 0.89. 
Liang et al. (2018) collected hyperspectral data from wheat leaves and established a new hyperspectral index 

based on LNC for estimation. The results showed that the accuracy of this index in estimating LNC was 
improved fivefold compared with the traditional hyperspectral index. Chen et al. (2022) established an LNC 

estimation model based on sensitive spectral bands and the LNC spectral index by studying the spectral 
information of cotton LNC. The results showed that the R2 of the LNC estimation model based on the spectral 
index reached 0.72, but the stability of the model was greatly improved. The above research shows that 
hyperspectral technology can be used for crop nutrient monitoring, but at present, the acquisition of 
hyperspectral data is affected by factors such as light intensity, angle, soil, shadow, and human operation, and 
data acquisition is still dependent on manpower (Zhang et al., 2023). 

The development of the radiation transfer model provides a new idea for studying the interaction 
between solar radiation and plant leaves (Jacquemoud et al., 2009). The PROSPECT model, as a uniform leaf 

model, has been widely used to retrieve crop biochemical and structural variables. It can accurately simulate the 
surface reflectance of different types of vegetation with high simulation accuracy (Haboudane et al., 2002; 

Upreti et al., 2020). It can be applied to the data retrieval of different remote sensing sensors and vegetation 

retrieval in different geographical regions and has a wide range of applicability. FéRET et al. (2019) compared 
the PROSPECT model and machine learning model to retrieve leaf mass per area (LMA) and leaf equivalent 
water thickness (EWT) data from broad-leaved leaves. The results showed that the estimation errors of LMA 
and EWT were reduced by 55% and 33%, respectively, when using the PROSPECT model. Relevant research 
shows that the spectral curve of wheat is successfully simulated by the PROSPECT model, and the relationship 
between the simulated reflectance of PROSPECT and LNC can be established using partial least squares 
regression (PLSR) (Yang et al., 2015). Hao et al. (2023) proposed a hybrid inversion algorithm by combining 

the PROSPECT model with a multi-layer perceptron (MLP) algorithm to accurately retrieve carotenoids, and 
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the established model RMSE reached 3.14 g/kg. Many scholars have combined the PROSPECT model with 
simple empirical models to provide an accurate method for estimating leaf nitrogen content and improve the 
estimation accuracy (Wang et al., 2015; DeSa et al., 2021). Li et al. (2018) Constructed n-prosail model based 

on prospect model and sail model canopy model to retrieve crop nitrogen status at leaf and canopy scales. 
FéRET et al. (2021) Successfully retrieved the content of leaf protein and other carbon-based components 
using the prospect model, with an accuracy of 0.9. 

But at present, there are few studies on the estimation of cotton leaf nitrogen content. To sum up, the 
main objectives of this study are as follows: (1) On the basis of clarifying the correlation and quantitative 
relationship between physiological parameters and cotton LNC, the 400-2500 nm spectral curve was simulated 
based on PROSPECT-5 model; (2) to use the shuffled frog leaping algorithm (SFLA) and successive 
projections algorithm (SPA) to screen the bands sensitive to nitrogen content by comparing the measured and 
simulated spectra; (3) to use four machine learning algorithms to model and compare the selected characteristic 
bands, and determine the best model for estimating cotton LNC. Therefore, this study takes cotton under 
different nitrogen content treatments as the research object, analyzes the correlation between the physiological 
parameters and LNC, simulates leaf spectral reflectance based on the PROSPECT-5 model, and constructs a 
stable cotton LNC estimation model combined with machine learning algorithms, resulting in the monitoring 
of cotton LNC content being more convenient and providing a theoretical basis for the dynamic, accurate, and 
nondestructive monitoring of cotton leaf nitrogen content. 

 
 

Materials and MethodsMaterials and MethodsMaterials and MethodsMaterials and Methods    
 
Test area overview 

The experiment was carried out in Shihezi University’s teaching experimental field in Shihezi 
(85°59′41″E, 44°19′54″N), Xinjiang, in 2022. The area has an altitude of 429 meters, a frost-free period of 168-

171 days, an annual sunshine duration of 2721-2818 hours, and an active accumulated temperature of ≥ 10 ℃ 
of 3570-3729 ℃. The test soil texture in this area is mainly loam, and the basic physical and chemical properties 
are: alkali hydrolyzable nitrogen 60.88 mg/kg, organic matter 19.90 g/kg, available potassium 134 mg/kg, 
available phosphorus 17.95 mg/kg, and the previous crop was cotton. The tested variety was Xinluzao 53 (a 
tube-shaped plant with a dark green leaf color). Five nitrogen application levels were designed, namely, N0 (0 
kg/hm2), N1 (120 kg/hm2), N2 (240 kg/hm2), N3 (360 kg/hm2), and N4 (480 kg/hm2). The layout of the test 
area is shown in Figure 1. The experiment adopted a randomized block design. Each treatment was repeated 
three times with a total of 15 communities. The area of each community was 150 m2, and protective rows were 
set throughout the area. The planting mode was "one film, three tubes and six rows", and the plant spacing was 
10 cm + 66 cm + 10 cm. In the whole growth period of the cotton, urea (nitrogen content 46%) was applied 
with a water drip, and the phosphorus and potassium (potassium dihydrogen phosphate) was 150 kg/hm2. 
Other field management measures were carried out according to the local high-yield cultivation requirements. 
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Figure Figure Figure Figure 1111.... Layout of test area 

Data acquisition 

Reflectance measurement of cotton leaves 
Leaf spectrum: the hyperspectral data instrument used for cotton leaves was the SR-3500 portable 

Spectral Evolution spectrometer from a spectral evolution company in the United States, with a spectral range 
of 350-2500 nm and an interval of 1 nm. The parameter data are shown in Table 1. The spectrometer was used 
for in vitro acquisition. During data acquisition, the veins of the cotton leaves were avoided. Three positions 

were measured for each leaf, the average value of three repetitions for each position was recorded as the spectral 
value of this position, and the average data of every three positions were taken as the spectral data for that leaf. 
Whiteboard correction was conducted before measuring the cotton leaves of different plants. 

 
Table 1.Table 1.Table 1.Table 1. Technical parameters of SR-3500 portable full-spectrum surface feature spectrometer 

 
Acquisition of agronomic parameters of cotton 

All of the main stem leaves of the tested cotton plants were collected. Then, determination of cotton 
leaf area with Li-3100c instrument, the leaves were placed in an oven at 105 ℃ for 30 min, and baked at 80 ℃ 
to constant weight. The dry matter of the cotton leaves was weighed, and the total nitrogen content of the 
leaves was determined using Kjeldahl method after crushing (Bremner et al., 1960). Finally, the nitrogen 

content of the cotton leaves was calculated according to the dry matter weight. 
Chlorophyll content: After obtaining the fresh weight of the leaves, a hole punch with a uniform 

diameter was used to remove the functional leaves from the leaf stems. The same number of discs were taken 
(with weights of approximately 0.1 g), an extraction solvent (anhydrous ethanol: acetone: water=4.5:4.5:1 
mixture) was used as the blank for extraction, the absorbance values were measured under A470, A645, and 
A663 with a spectrophotometer, and the chlorophyll a, chlorophyll b, and other indicators were determined.   

�� � 12.21 ∗ 	663 � 2.81 ∗ 	645                                                                                         (1) 

�� � 20.13 ∗ 	645 � 5.03 ∗ 	663                                                                                         (2) 

�� �
����∗������.��∗������∗��

���
                                                                                                     (3) 

Note: Ca is the content of chlorophyll a (μ/cm2), Cb is the content of chlorophyll b (μ/cm2), and CX is 
the total content of chlorophyll (μ/cm2). 

The calculation of the equivalent water thickness (Cw) and dry matter content (Cm) of the blade is as 
follows:                                                                                                                                                                                                                                                        

� !（"/$%�
） �

&'()）�*'（)）

+�（,-²）
∗ 100%                                                                             (4) 

TTTTechnicalechnicalechnicalechnical    IndexIndexIndexIndex    Technical ParameterTechnical ParameterTechnical ParameterTechnical Parameter    TTTTechnicalechnicalechnicalechnical    IndexIndexIndexIndex    Technical ParameterTechnical ParameterTechnical ParameterTechnical Parameter    

Spectral range 350-2500 nm 

Spectral resolution 

3.5 nm (350-1000 nm) 

Number of spectral channels 2151 10 nm (1000-1900 nm) 

Wavelength repeatability 0.1 nm 7 nm (1900-2500 nm) 
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where FW is the weight of the fresh leaves, DW is the weight of the dried leaves, and LA is the leaf area. 
EWT stands for equivalent water thickness, Dm stands for dry matter content. 

 
Models and methods 

PROSPECT-5 model 
The PROSPECT-5 model (Feret et al., 2008) was used to simulate the spectral reflectance of the cotton 

leaves. The main input parameters include Cab, Car, Cw, Cm, and N. The basic assumption is that the blade 
is still regarded as a compact flat plate structure composed of N layers of the same material. In this model, the 
scattering part is represented by the refractive index n of light and the mesophyll structure parameter n, while 
the absorption part is mainly controlled by the concentration of chlorophyll, water content and other factors. 
The value range is shown in Table 2. 

 
Table 2. Table 2. Table 2. Table 2. Parameter ranges used in PROSPECT-5 model    

IIIInput nput nput nput PPPParameterarameterarameterarameter    NNNNameameameame    Value RangeValue RangeValue RangeValue Range    UUUUnitnitnitnit    

Cab Chlorophyll content 10.0–70.0 μg/cm2 

Car Carotenoid content 5-20 μg/cm2 

Cw Water content 0.001–0.1 g/cm2 

Cm Dry matter content 0.002–0.02 g/cm2 

N Leaf structure parameter 1.0–3.0  

 
Spectral feature screening 

For the simulated spectral curve, the shuffled frog leaping algorithm (SFLA) (Eusuff et al., 2003) and 

the successive projections algorithm (SPA) (Chen et al., 2023) were used to screen the characteristic bands, 

determine the characteristic wavelength of the parameter, calculate the correlation with LNC, and identify the 
characteristic bands sensitive to LNC. 

 
Model building 

In this study, four machine learning algorithms, adaptive boosting (AdaBoost) (Freund et al., 1997), 

random forest (RF) (Breiman, 2001), back propagation neural network (BPNN) (Rumelhart et al., 1986), and 

bootstrap aggregation (Bagging) (Breiman, 2001), were used to build the cotton LNC estimation model based 
on the radiative transfer model, and the optimal model was selected according to the model evaluation results. 
In this paper, 700 samples were randomly selected as the modeling set, and 300 samples were verified to 
establish the model. 

 

Evaluation of the model 

The determination coefficient (R2), root-mean-square error (RMSE), and standardized root-mean-
square error (rRMSE) were used as the accuracy evaluation indexes of the model. The closer the R2 of the 
calculated validation set is to 1, the better the fitting of the model is. The smaller the RMSE and rRMSE are, 
the smaller the deviation between the simulated value and the measured value is, and the higher the accuracy 
of the model is. The above index calculation formula is as follows: 

2� = 1 − ∑ (4̅6�786)1:6;<
∑ (76�786)1:6;<

          (7) 

2=>� = ?∑ (46�76)1:6;<
@             (8) 

B2=>� = CDEF
786

∗ 100%          (9) 
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where is the estimated nitrogen content (g/kg), is the measured nitrogen content (g/kg), and n is the 
number of samples. is the mean value of the estimated nitrogen content (g/kg), and is the mean value of the 
measured nitrogen content (g/kg). 

 
 
ResultsResultsResultsResults    and Discussionand Discussionand Discussionand Discussion    
 
Correlation analysis of agronomic parameters and nitrogen 

In the whole growth period, 80 sample sizes were used to find the correlation between leaf nitrogen 
content and agronomic parameters, as shown in Figure 2. Chlorophyll, carotenoid, equivalent water thickness, 
and dry weight were used as the characterization parameters of cotton leaf size. It can be seen that the 

correlation between Cab, Car, Cw, and nitrogen content is significant at p≦0.01; however, there was no 
significant correlation between Cm and nitrogen content. Among them, Cab had the best correlation with leaf 
nitrogen content (r=0.90), followed by carotenoid (r=0.76), and these two parameters were significantly 
positively correlated with nitrogen content. There was a significant negative correlation between equivalent 
water thickness and leaf nitrogen content (r=0.58). As shown in Figure 3, chlorophyll is in direct proportion 
to nitrogen, and the obtained equation is R2=0.81, RMSE=12.87 g/kg. 

 

 
Figure 2.Figure 2.Figure 2.Figure 2. Correlation between nitrogen content and physiological parameters 
Note: Cab (chlorophyll content, μg/cm2), Cw (equivalent water thickness, g/cm2), Cm (dry matter content, g/cm2), 
Nitrogen (leaf nitro gen content, g/kg). 
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Figure 3.Figure 3.Figure 3.Figure 3. Linear relationship between chlorophyll and nitrogen content 

 
Spectral simulation of cotton leaves based on PROSPECT-5 

According to the measured parameters in this study and references, a total of 1000 sets of simulation 
parameters were generated using chlorophyll 17-67 (μg/cm2) as the range to simulate the spectrum, and the 
model parameters of these sets were input into PROSPECT-5 to obtain a simulated canopy spectral dataset 
with a spectral interval of 1 nm. The spectral reflectance of 200 leaves collected from the 2022 field fertilizer 
experiment was used as the measured data, and 1000 simulated spectra and measured spectra were obtained. As 
shown in Figure 4, the spectral curves of the maximum, average, and minimum values were selected in the 
measured spectral set and compared with their simulated values, respectively. The maximum RMSE reached 
0.0327, R2=0.987; the average RMSE reached 0.024, R2=0.993; and the minimum RMSE reached 0.035, 
R2=0.987. When the PROSPECT model simulated single-leaf spectra, the trend of the simulated spectra was 
consistent with the measured spectra, and the reflectance was also consistent. The RMSE of the simulated 
spectra were all less than 0.05, indicating that the simulation accuracy was high. 
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Figure 4.Figure 4.Figure 4.Figure 4. Comparison between measured spectra and PROSPECT-5-simulated spectra 
Note: The solid line represents the measured spectrum, the dotted line represents the simulated spectrum, R2 is the 
determination coefficient between the measured and simulated spectra, and RMSE is the root-mean-square error 
between the measured and simulated spectra. 

 
Screening of characteristic bands 

By calculating the correlation coefficient between the reflectance and chlorophyll content in each band, 
it can be seen that the absolute value of the correlation coefficient between the reflectance and chlorophyll 
content in the bands at 430-560 nm and 650-750 nm is greater than 0.9, indicating that the reflectance of the 
bands is strongly correlated with chlorophyll content in these two bands. Since there are 220 bands with an 
absolute value of correlation coefficient greater than 0.9, in order to reduce the calculation amount, feature 
bands were screened using a continuous projection algorithm. Seven feature bands were finally screened out, 
and nine feature bands were screened out using the random leapfrog algorithm. The screening results are shown 
in Table 3. 

 
Table 3.Table 3.Table 3.Table 3. Characteristic bands screened using different algorithms 

Selection methodsSelection methodsSelection methodsSelection methods    Select band/nmSelect band/nmSelect band/nmSelect band/nm    Number of bandsNumber of bandsNumber of bandsNumber of bands    

SPA 762、710、693、700、685、678、441 7 

SFLA 747、743、742、707、518、751、746、761、754 9 

 
Construction and verification of nitrogen content estimation model 

The bands and nitrogen content selected based on the continuous algorithm were modeled. Each model 
established was validated, and the accuracy of each model was evaluated via computational modeling and 
predicting the RMSE. Four machine learning algorithms, AdaBoost, bagging, BPNN and RF, are used for 
analysis. Figure 5 shows a scatter plot of the predicted and true values of the model. It can be seen that the 
modeling accuracy of the RF algorithm is higher than the other three modeling methods; the modeling set R2 
reaches 0.965, RMSE=1.119 g/kg, rRMSE=3.77%, and the verification set R2 reaches 0.782, RMSE=3.881 
g/kg, rRMSE=14.50%. Secondly, the modeling set R2 of BPNN algorithm reached 0.769, RMSE 2.603 g/kg, 
rRMSE 8.78%; Validation set R2 reached 0.837, RMSE 2.974g/kg, rRMSE 10.03%. In the modeling of bands 
screened by the random leapfrog projection algorithm, as shown in Figure 6, the modeling accuracy of RF is 
higher than that of the other three modeling methods. The modeling set R2 reaches 0.973, RMES=1.001 g/kg, 
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rRMSE=3.41%, and the verification set R2 reaches 0.803, RMSE=3.191 g/kg, rRMSE=10.85%. The method 
of band screening using random leapfrog is superior to the continuous projection algorithm on the verification 
set. 

 

 
Figure 5.Figure 5.Figure 5.Figure 5. Comparison diagram of modeling and validation of different algorithms based on continuous 
projection 
Note: (a) AdaBoost, (b) Bagging, (c) BPNN, (d) RF. 

 



Xu F et al. (2024). Not Bot Horti Agrobo 52(1):13565 

 

10 

 

 

 

 

 

 

 
Figure 6.Figure 6.Figure 6.Figure 6. Comparison diagram of modeling and validation of different algorithms based on random frog 
jumps 
Note: (a) AdaBoost, (b) Bagging, (c) BPNN, (d) RF. 

 
 
DiscussionDiscussionDiscussionDiscussion    
 
Based on the quantitative relationship between the input parameters in the PROSPECT-5 model and 

the nitrogen content in cotton leaves, this study selected spectral bands sensitive to nitrogen content changes 
in cotton leaves based on a continuous projection algorithm and random leapfrog algorithm. The estimation 
model of the nitrogen content in cotton leaves was constructed based on the selected bands and four machine-
learning algorithms to provide a basis for nutrient management in cotton. 

In terms of the relationship between chlorophyll and nitrogen content, nitrogen is a structural element 
of chlorophyll and the protein molecules that affect the formation of chloroplasts and the accumulation of 
chlorophyll in them. Many researchers have proven that there is a very close relationship between chlorophyll 
and nitrogen content (Evans, 1983; Sims and Gamon, 2002; Tucker, 2022). The total nitrogen necessary in 
leaves is 50% to 70% for chloroplast formation (Bohman et al., 2021), and the content of chlorophyll increases 

with the increase in nitrogen application (Tremblay et al., 2012). Relevant studies have shown that the nitrogen 

content in rice leaves is positively correlated with chlorophyll content (Wang et al., 2022). Based on this fact, a 

large number of studies have explored the feasibility of estimating crop nitrogen content by leaf chlorophyll 
content and achieved good definite research results (Eugenio et al., 2023). Therefore, measuring the 

chlorophyll content can indicate the real-time nitrogen nutrition status of plants (Knapp and Carter, 2023), 
and these results are consistent with the research results in this paper. 

In terms of the simulation spectrum of the PROSPECT-5 model, PROSPECT-5 can simulate the 
spectra of leaves with different biochemical content and mesophyte structure based on the radiation transfer 
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model within the leaves. On the one hand, it can provide a large number of datasets and improve the robustness 
of modeling. On the other hand, the input parameters of the model are controllable, which reduces the 
interference factor of the reflection spectrum and can be used for the spectral inversion of leaf structure 
parameters and chlorophyll and other chromatosomes (Berger et al., 2018). Yi et al. (2014) estimated the water 

content of cotton leaves and canopy based on the hyperspectral index and radiative transfer model, and the 
results showed that the estimation of cotton leaf spectral index combined with the radiative transfer model had 
high accuracy. Yu et al. (2019) simulated wheat canopy reflectance with a radiative transfer model, and the 

research results showed that the method of combining wavelet coefficients and partial least squares based on 
the radiative transfer model to invert chlorophyll had the highest accuracy. Wang et al. (2015) used 

PROSPECT-5 model results to invert leaf traits and indirectly estimate leaf nitrogen content. In this paper, 
when the PROSPECT-5 model was used to simulate cotton spectra, the RMSE was less than 0.05, the 
simulated spectra at 650-750 nm and 1450-2000 nm were consistent with the measured spectral reflectance, 
and the simulation effect in the near-infrared band was not good. However, with the development of the 
growth period, the changes in the hormones in the leaves are more complex, and the simulation accuracy and 
stability are reduced. There is a saturation effect similar to the previous empirical statistical model on the 
estimation of physiological and biochemical parameters such as chlorophyll and equivalent water thickness, 
which is represented by an underestimation of reflectivity. This conclusion is similar to that of a previous study 
on the spectral simulation of silage maize and winter wheat using a radiative transfer model (Danner et al., 

2019). 
In terms of band screening, previous studies have shown that the absorption band center of nitrogen in 

the spectral curve is mainly 430, 460, 640, 660, 910, 1510, and 2350 nm, including the red edge spectrum and 
SWIR spectrum range (Duanr et al., 2019). Due to the influence of environmental conditions and the 

phenological changes of the vegetation itself, the characteristic bands of nitrogen absorption often shift (Zeng 
et al., 2022). Fava et al. (2009) collected the hyperspectral high-resolution spectral reflectance data of grassland 

in the Mediterranean area and found that the ratio index of the near-infrared band (775-820 nm) and red edge 
spectrum range (740-770 nm) had the best performance in predicting nitrogen concentration. Feng et al. 
(2009) monitored nitrogen accumulation in wheat leaves using the red edge characteristic parameter. In this 
study, the feature bands were mainly screened near the red edge, similar to the NNI reference ratio index of 
winter wheat obtained by Wang et al. (2014), which also indicated the close relationship between the red edge 

parameters and agronomic components (Zheng et al., 2018). In this paper, sensitive bands for leaf nitrogen 

content are screened based on the simulated spectrum, and the influence of some environmental factors on the 
measured spectral curve is eliminated to find a more stable spectral curve and sensitive band for leaf nitrogen 
content. 

Some studies have shown that the RF algorithm has the best prediction effect in predicting nitrogen 
content in cotton (Abdel-Rahman et al., 2012; Yin et al., 2022; Zhou et al., 2023). This paper shows that RF 

has the best modeling accuracy no matter which band is selected by the continuous projection algorithm or the 
band selected by the random leapfrog algorithm. RF is a combinatorial classification algorithm belonging to 
ensemble learning; the core idea of ensemble learning is to combine several weak (base) classifiers to obtain a 
strong classifier with significantly superior classification performance. It performs well and has great advantages 
compared with other algorithms. For unbalanced datasets, random forest can balance out errors. When there 
is a classification imbalance, random forest can provide an effective method to balance the errors of datasets. 
The random forest algorithm has a strong anti-interference ability, and its anti-overfitting ability is also strong. 

In summary, this study was based on PROSPECT-5 simulation data to expand the amount of data and 
avoid the measured spectra affected by the external influences of inaccurate measurement, small modeling data, 
and other problems, to screen the characteristic bands and construct a cotton leaf nitrogen content estimation 
model. The verification effect was good. However, this study only conducted spectral simulation based on the 
quantitative relationship between chlorophyll content and leaf nitrogen content. In future studies, the effects 
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of other physiological and environmental factors and noise on spectral reflectance, as well as the quantitative 
relationship with nitrogen nutrition, will be considered to improve the accuracy of the simulation spectrum. 

 
    
ConclusionsConclusionsConclusionsConclusions    
 
In this study, a combined feature screening and machine learning method based on the PROSPECT-5 

model was established to construct a mixed model for cotton leaf nitrogen estimation. The conclusions are as 
follows: 

(1) It was determined that the best correlation between physiological parameters and cotton LNC was 
cab, and the linear relationship was established (y=0.3942x+12.521 R2=0.81, RMSE=12.87 g/kg). Based on 
the prospect-5 model, the spectral curve of 400-2500 nm was simulated. The simulation results showed that 
the reflectance of measured and simulated leaves was sensitive to the nitrogen content of leaves near the red 
edge, but not sensitive to chlorophyll. 

(2) SFLA and SPA were used to screen the relevant bands sensitive to LNC. SFLA screened out nine 
characteristic bands, mainly distributed in the range of 700-750 nm. SPA screened out seven characteristic 
bands, mainly distributed between 670-760 nm. The characteristic bands of the two screening methods were 
distributed near the red edge to predict the leaf nitrogen content. 

(3) In this paper, four machine learning algorithms were used to model the selected feature bands, and 
the conclusion is drawn that the RF algorithm is the most accurate in modeling the selected feature bands 
regardless of the continuous projection algorithm or the random leapfrog algorithm. Among them, the band 
selected by the random jumping frog algorithm had the best modeling effect (modeling set R2=0.97, RMSE=1 
g/kg, rRMSE=3%; verification set R2=0.80, RMSE=3.20 g/kg, rRMSE=10%). 
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