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AbstraAbstraAbstraAbstractctctct    
    
In the present study, hyperspectral imaging and remote sensing of fluorescence were integrated to 

monitor the nitrogen content in leaves of drip-irrigated cotton at different growth periods in northern 
Xinjiang, China. Based on the spectrum and chlorophyll fluorescence parameters of nitrogen content in cotton 
leaves of different growth periods obtained through the shuffled frog-leaping algorithm (SFLA), the successive 
projection algorithm (SPA), grey relational analysis (GRA), and competitive adaptive reweighted sampling 
(CARS), a monitoring model of nitrogen content in cotton leaves was established via on hyperspectral imaging, 
chlorophyll fluorescence parameters, and spectral-fluorescence data fusion. The results showed that: (1) there 
were significant positive correlations between the chlorophyll fluorescence parameters Fv'/Fm', Fv/Fm, Yield, 
Fm, NPQ, and the nitrogen content at each growth period. (2) The effectiveness of chlorophyll fluorescence 
parameters in inversion of nitrogen content was the highest at the budding period and the blooming period, 
and the coefficients of determination (R2) of the validation sets were 0.745 and 0.709, respectively. (3) In the 
monitoring model for cotton leaf nitrogen in the blooming period that was established based on the decision-
level algorithm and spectral-fluorescence data fusion, the R2 value of the training set reached 0.961, and that of 
the validation set was 0.828. In conclusion, the findings of this study suggest that the feature-level fusion and 
decision-level fusion algorithms of spectral-fluorescence data can effectively improve the accuracy and 
reliability of cotton leaf nitrogen monitoring. 

    
Keywords:Keywords:Keywords:Keywords: characteristic parameter; chlorophyll fluorescence parameters; cotton leaf nitrogen; 

hyperspectral imaging; monitoring model 
 
 
IntroductionIntroductionIntroductionIntroduction    
 
Cotton, as a major economic crop of China, is a strategic material (Xu et al., 2021). Nitrogen fertilizer 

is the most widely used fertilizer in cotton cultivation; it plays an essential role in cotton growth and affects 
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both yield and quality (Wang et al., 2015; Li et al., 2016; Liu et al., 2021; Zhong et al., 2021). Studies have 
shown that proper application of nitrogen fertilizer can effectively increase the yield of crops, yet excessive 
application can lead to inconsistent growth, late flowering, low crop yield and quality (Barraclough et al., 2010; 

Jay et al., 2017). Moreover, excess usage also wastes resources and potentially damages the environment 
(Serrano et al., 2015; Halihash, 2016). Hence, it is important to achieve accurate and efficient monitoring of 
nitrogen demand during cotton growth, thereby determining nitrogen deficiency (Suo, 2016). An efficient 
nitrogen content monitoring method is necessary for formulating precise and efficient nitrogen fertilizer 
application plans. 

Conventional crop nutrition monitoring methods have the limitations of being slow, time-consuming, 
and labor-intensive (Li et al., 2016; Fei et al., 2021) and can damage the crop leaves. Hence, such methods are 
not suitable for long-term repeated crop monitoring and do not meet the requirements of precision agriculture 
for high reliability and rapid deployment (He, 2016). Individual monitoring methods such as those based on 
soil plant analysis development (SPAD) values to predict the nutritional status of crops have the problems of 
poor stability and low degree of fitting (Shi et al., 2018). Image features-based crop nitrogen monitoring 
methods involve destructive sampling processes and use heavy instruments that are not easy to carry (Yang et 

al., 2020). Therefore, there is an urgent need for innovative technologies that can overcome the limitations of 
conventional monitoring methods and quickly and accurately predict the nutritional demands of crops. In 
recent years, development of hyperspectral remote sensing and chlorophyll fluorescence technologies has 
provided solutions to these problems (Li et al., 2021; Xu et al., 2021). Hyperspectral remote sensing technology 
has the characteristics of high resolution and strong continuity between bands; it is able to obtain information 
that cannot be detected on the surface (Zdoan et al., 2021). Compared with the hyperspectral signal, the 
chlorophyll fluorescence parameters are more closely related to the physiological and ecological changes and 
photosynthesis of crops. Existing studies have shown that fluorescence signals can be detected before the 
chlorophyll content decreases, and hence can be used to predict the growth state of crops and explain the 
underlying physiological and biochemical changes, thereby achieving crop growth status monitoring (Zivcak et 

al., 2014; Feng et al., 2015), particularly regarding environmental stress. Therefore, it is important to integrate 
the hyperspectral remote sensing with chlorophyll fluorescence monitoring technology, thereby achieving 
rapid and accurate crop nitrogen content monitoring and facilitating efficient application of nitrogen fertilizer. 

In this study, the spectral and fluorescence parameters of cotton leaves at different growth periods were 
determined, and these were then used in combination with cotton nitrogen content parameters to construct 
an estimation model on the basis of spectral-fluorescence data fusion. It is expected that the model can provide 
technical support for high-efficiency utilization of nitrogen fertilizer and thereby improving cotton yield. 

 
 

Materials and MethodsMaterials and MethodsMaterials and MethodsMaterials and Methods    
 
Study area and study design 
The study area was located in the second plot of Shihezi University's experimental field (85°59'E, 

44°19'N), as shown in Figure 1. The soil in the study area is mostly loam; the average annual precipitation is 
125.9–207.7 mm, with a large temperature difference between daytime and nighttime. The previous crop was 
also cotton. The soil was a loam that contained organic matter at 19.12 g/kg, total nitrogen 12.76 mg/kg, 
available phosphorus (P) 20.68 mg / kg, and available potassium (K) 165.11 mg/kg at the depth of 0-20 cm. 

The cotton variety used in this study was ‘Xinluzao 53’. A randomized block design was used. The width 
of the study area was 7.05 m; the length of the plot was 25 m, and the area of the plot was 176.25 m2. The 
cotton planting pattern was 66 cm + 10 cm, with one film mulch, three pipes, and six rows. Six nitrogen 
application levels were used, 0, 120, 240, 360, 480, and 278 kg/ha, denoted as N0, N1, N2, N3, N4, and NC, 
respectively. At each level there were three replicates, resulting in a total of 18 test plots. Protective rows were 
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set between each plot, as shown in Figure 1. The plots were irrigated according to local standards, and the 
remaining management was carried out in accordance with local high-yield planting requirements. 

 

 
Figure 1. Figure 1. Figure 1. Figure 1. Study area plot layout map    

 
Data collection and analysis 
Spectral data of cotton leaves 
A portable ground object spectroradiometer (SR-3500, Spectral Evolution, USA) was used to collect 

hyperspectral reflectance data of cotton leaves and the parameters are shown in Table 1. The spectral range of 
the spectroradiometer was 350–2500 nm, and the interval was 1 nm. Each leaf was sampled at three different 
points, with three repetitions at each point. The average of the three measurements was taken as the spectral 
value of a point, and the average value of three points on a leaf was taken as the spectral datum of the leaf. Three 
plants were selected from each plot for spectral data collection, and the spectroradiometer was calibrated each 
time a new plant was measured. 

 
Table 1.Table 1.Table 1.Table 1. Technical parameters of SR-3500 portable full spectrum ground object spectrometer 

Technical indicators Parameter Technical indicators Parameter 

Spectral range 350-2500 nm Field of view 25◦; Integrating sphere 

Spectral resolution 

3.5 nm (350-1000 nm) 

Spectral bandwidth 

1.5 nm (350-1000 nm) 

10 nm (1000-1900 nm) 3.8 nm (1000-1900 nm) 

7 nm (1900-2500 nm) 2.5 nm (1900-2500 nm) 

 
Chlorophyll fluorescence data of cotton leaves 
The fluorescence parameters of living cotton leaves were measured using MultispeQ (PhotosynQ, 

USA). The measurements were carried out on clear and cloudless days at Beijing time (UTC+8) 12:00–16:00 
(light adaptation) and 00:00–05:00 (dark adaptation). Three cotton plants were measured in each plot. The 
parameters of maximum fluorescence yield of leaves in the light (Fm'), photochemical quenching 
coefficient(qP), non-photochemical quenching coefficient (NPQ), maximum fluorescence yield of leaves in 
the dark (Fm), Yield, and optimal/maximal photochemical efficiency of PS IIin the dark. (Fv/Fm) were used 
for analysis. 

Fm' is the maximum fluorescence under light, which is the fluorescence intensity when all PSII centers 
are open in the photo-adapted state; Fm is the fluorescence yield when the PS II reaction center is completely 
closed. It can reflect the electron transfer through PS II; Fv/Fm reflects the maximum light energy conversion 
efficiency in PS II system; qP reflects the proportion of open reaction centers in total PS II; NPQ reflects the 
change of heat dissipation. Yield is the PS II actual photochemical quantum efficiency, which reflects the 
primary light energy capture efficiency of the PS reaction center with partial closure. 
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Determination of nitrogen content in cotton leaves 
Cotton leaf samples were collected sequentially in the budding period, flowering period, blooming 

period, full boll period, and boll opening period. Specifically, the leaf on the third main stem (L3) was collected, 
and the nitrogen content of the leaves was determined by the Kjeldahl method. 

 
Screening of characteristic parameters 
Characteristic spectral parameters 
The hyperspectral data included 2150 bands. Due to homogeneity and redundancy in the spectral data, 

using full-band data can affect the accuracy of monitoring (Hansen et al., 2003; Feng et al., 2015). Therefore, 
it is necessary to reduce the data dimension and redundancy and only include sensitive bands. In this study, the 
shuffled frog-leaping algorithm (SFLA), the successive projection algorithm (SPA), grey relational analysis 
(GRA), and competitive adaptive reweighted sampling (CARS) were used to determine the characteristic 
bands with strong correlations with cotton leaf nitrogen content. 

Shuffled frog-leaping algorithm (SFLA) is a new heuristic population evolution algorithm with high 
efficiency and excellent global search ability. The basic principle of the hybrid leapfrog algorithm is described. 
Aiming at the problem that the individual spatial position changes greatly before and after the update operation 
caused by the local update strategy of the algorithm, which reduces the convergence speed, an improved leapfrog 
algorithm based on the threshold selection strategy is proposed. 

Successive projection algorithm (SPA) is a forward feature variable selection method. SPA uses vector 
projection analysis to project the wavelength onto other wavelengths, compare the size of the projection vector, 
take the wavelength with the largest projection vector as the wavelength to be selected, and then select the final 
characteristic wavelength based on the correction model. SPA selects the combination of variables with the 
least redundant information and the least collinearity. 

Grey relational analysis (GRA) is to quantitatively characterize the degree of correlation between 
multiple factors, thus revealing the main characteristics of the grey system. Correlation analysis is the basis of 
grey system analysis and prediction. 

Competitive adaptive reweighted sampling (CARS) is a feature variable selection method combining 
Monte Carlo sampling and the partial least squares (PLS) model regression coefficients. In the CARS, the 
points with larger absolute weight of the regression coefficient in the PLS model are retained as a new subset 
each time through adaptive weighted sampling (ARS), and the points with smaller weight are removed. Then 
the PLS model is established based on the new subset. After multiple calculations, the wavelength in the subset 
with the smallest root mean square error (RMSECV) of the PLS model is selected as the characteristic 
wavelength. 

 
Characteristic fluorescence parameters 
SPSS 24.0 software was used to analyze the correlation between chlorophyll fluorescence parameters and 

cotton leaf nitrogen content, and Duncan’s test was used to determine the significance of differences between 
samples. Then, correlation and regression between the chlorophyll fluorescence parameters and the nitrogen 
content were performed, and the parameters with significant correlations were selected. 

 
Model construction and validation 

Data fusion methods 
In this paper, two fusion algorithms of feature level and decision level are used to fuse the characteristic 

band and fluorescence characteristic parameters, and the monitoring model of cotton leaf nitrogen content is 
established. The two fusion algorithms are implemented in Python 3.9. 

Feature-level fusion is carried out at the feature level, that is, extracting features from different data 
sources, fusing them before training the final classifier, and fusing the extracted spectral features and 
chlorophyll fluorescence feature parameters using the cascade method. 
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Decision-level fusion uses spectral characteristics, chlorophyll fluorescence parameters and cotton leaf 
nitrogen content to model separately in two dimensions to make decisions on the results. The algorithm first 
inputs the extracted characteristic parameter values into the full connection layer and the classification layer 
for the establishment and prediction evaluation of the initial estimation model, and carries out machine 
learning on the prediction results under the two states, and obtains the final results of the nitrogen content of 
cotton leaves. 

 

Cotton leaf nitrogen content model 
In order to solve the collinearity problem in hyperspectral data, four machine learning algorithms, i.e., 

random forest regression (RFR), support vector regression (SVR), feature-level fusion, and decision-level 
fusion, were used to construct four cotton leaf nitrogen monitoring models based on spectral-fluorescence data 
fusion. 

 
Model validation 
In this study, 54 data samples were obtained in each growth period, and these were divided into a 

training set and a validation set with a 2:1 ratio, i.e., 36 samples in the training set and 18 samples in the 
validation set (Ma et al., 2022). The coefficient of determination (R2), the relative root mean square error 
(rRMSE), and the root mean square error (RMSE) were used to evaluate the accuracy of each model. A larger 
R2 value indicates better fitting performance of the model, and smaller rRMSE and RMSE values indicate 
higher accuracy of the model. The calculation equations are as follows:  

 

(1) 

 

(2) 

 

(3) 

where i is the i-th data point; xi represents the measured fluorescence or spectral value of the i-th data 

point; yi denotes the model predicted value of fluorescence or spectral data of the i-th data point. x  is the 

average measured fluorescence or spectral value, and y  is the predicted fluorescence or spectral value. 
 
 
ResultsResultsResultsResults    
 
Characteristic spectral and fluorescence parameters 

Dimensionality reduction of the hyperspectral data of the L3 leaf at five different growth periods was 
carried out using SFLA, SPA, CARS, and GRA, and the characteristic spectral bands were obtained (Table 2). 
The reflectance and nitrogen content of each characteristic band were significant at the 0.01 level, i.e., the bands 
were significantly correlated with cotton leaf nitrogen content. The results showed that the characteristic bands 
obtained by different algorithms were adjacent in both the visible light and near-infrared ranges. Hence, all four 
algorithms achieved dimensionality reduction of the spectral data to a certain extent. 
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Table 2. Table 2. Table 2. Table 2. Characteristic spectral parameters in different growth periods 

Growth period Method 
Number of 

characteristi
c bands 

Characteristic bands 

Budding period 

SFLA 10 713, 715, 568, 718, 567, 571, 705, 699, 700, 709 

SPA 15 
547, 573, 548, 574, 546, 572, 544, 549, 719, 575, 718, 543, 

570, 545, 708 

CARS 16 
553, 565, 567, 570, 571, 572, 704, 706, 707, 

708, 709, 710, 712, 714, 720, 721 

GRA 15 
704, 713, 546, 701, 545, 542, 571, 702, 707, 706, 543, 711, 

544, 565, 700 

Flowering period 

SFLA 10 
2035, 2090, 1466, 2047, 1540, 2089, 2046, 2005, 1510, 

2091 

SPA 15 
2076, 2247, 2091, 2395, 2043, 2033, 2237, 2381, 2377, 

2233, 2057, 2333, 2371, 1994, 1452 

CARS 19 
1461, 1521, 1530, 1898, 1999, 2006, 2012, 2225, 2329, 
2343, 2348, 2357, 2373, 2382, 2386, 2390, 2394, 2397, 

2400 

GRA 15 
1452, 1456, 1461, 1464, 1519, 1469, 1473, 1477, 1482, 

1486, 2096, 2081, 2085, 1491, 1453 

Blooming period 

SFLA 10 
1935, 1937, 2008, 957, 1936, 2339, 2366, 2362, 2363, 

2231 

SPA 15 
2368, 451, 406, 444, 412, 479, 1901, 1916, 450, 405, 1907, 

410, 1392, 1881, 418 

CARS 9 
966, 967, 968, 971, 973, 976, 978, 994, 1134, 1135, 1136, 

1137, 1138, 1139, 1140, 1409, 1410, 1411 

GRA 15 
402, 449, 405, 428, 403, 421, 408, 450, 435, 451, 440, 400, 

439, 417, 432 

Full boll period 

SFLA 10 517, 632, 515, 591, 631, 692, 685, 691, 647, 506 

SPA 15 
685, 692, 682, 633, 706, 507, 570, 718, 545, 540, 523, 501, 

504, 727, 652 

CARS 13 
596, 602, 604, 607, 642, 648, 650, 705, 706, 707, 708, 711, 

727 

GRA 15 
537, 521, 516, 545, 510, 532, 550, 524, 525, 502, 546, 527, 

529, 501, 542 

Boll opening period 

SFLA 10 517, 632, 515, 591, 631, 692, 685, 691, 647, 506 

SPA 15 
685, 692, 682, 633, 706, 507, 570, 718, 545, 540, 523, 501, 

504, 727, 652 

CARS 9 
596, 602, 604, 607, 642, 648, 650, 705, 706, 707, 708, 711, 

727 

GRA 15 
537, 521, 516, 545, 510, 532, 550, 524, 525, 502, 546, 527, 

529, 501, 542 

 
Duncan’s test was used to compare the differences between samples, and 13 characteristic chlorophyll 

fluorescence parameters highly correlated with cotton leaf nitrogen were obtained. The results showed that 
there were differences in the characteristic chlorophyll fluorescence parameters in L3 leaves at different growth 
periods. A range of 8–11 characteristic fluorescence parameters were significant (Table 3). In particular, 11 
parameters were significant in the blooming period. Five fluorescence parameters, Fv'/Fm', Fv/Fm, Yield, Fm, 
and NPQ, were significant in all five growth periods. 
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Table 3. Table 3. Table 3. Table 3. Characteristic chlorophyll fluorescence parameters in different growth periods 
Growth 
period 

Characteristic parameter 

Budding 
period 

Fv'/Fm'Fv'/Fm'Fv'/Fm'Fv'/Fm'    Fv/FmFv/FmFv/FmFv/Fm    YieldYieldYieldYield    qP qN FmFmFmFm NPQNPQNPQNPQ Fv/F0 Rfd   
0.69** 0.66** 0.82** 0.79** 0.87** 0.69** 0.75** 0.86** 0.86**   

Flowering 
period 

Fv'/Fm'Fv'/Fm'Fv'/Fm'Fv'/Fm'    Fv/FmFv/FmFv/FmFv/Fm    YieldYieldYieldYield    qN FmFmFmFm NPQNPQNPQNPQ Fv/F0 Fm/F0 Rfd   
0.58** 0.68** 0.65** 0.78** 0.60** 0.68** 0.76** 0.74** 0.75**   

Blooming 
period 

Fv'/Fm'Fv'/Fm'Fv'/Fm'Fv'/Fm'    Fv/FmFv/FmFv/FmFv/Fm    YieldYieldYieldYield    qP qN Fm' FmFmFmFm NPQNPQNPQNPQ Fv/F0 Fm/F0 Rfd 
0.84** 0.83** 0.82** 0.84** 0.69** 0.76** 0.76** 0.84** 0.59** 0.61** 0.87** 

Full boll 
period 

Fv'/Fm'Fv'/Fm'Fv'/Fm'Fv'/Fm'    Fv/FmFv/FmFv/FmFv/Fm    YieldYieldYieldYield    qP F0' Fm' FmFmFmFm NPQNPQNPQNPQ Fs Fm/F0  

0.74** 0.53** 0.67** 0.64** 0.62** 0.76** 0.80** 0.65** 0.58** 0.50**  
Boll 

opening 
period 

Fv'/Fm'Fv'/Fm'Fv'/Fm'Fv'/Fm'    Fv/FmFv/FmFv/FmFv/Fm    YieldYieldYieldYield    qP FmFmFmFm NPQNPQNPQNPQ F0' Fv/F0 Fm/F0 Rfd  

0.63** 0.67** 0.59** 0.68** 0.69** 0.66** 0.65** 0.74** 0.42** 0.63**  

 
Cotton leaf nitrogen monitoring model based on characteristic hyperspectral parameters 

RFR-based cotton leaf nitrogen monitoring model 
Based on the characteristic bands listed in Table 2, an RFR cotton leaf nitrogen monitoring model was 

created, and the effectiveness of the model was verified (Figure 2). The RFR-GRA model had the highest 
accuracy in the budding period. The R2 of the training set reached 0.812; the RMSE was 1.54; the R2 of the 
validation set was 0.757, and the RMSE was 1.29. The linear fitting showed a close to 1:1 ratio between the 
measured values and the predicted values. The RFR-CARS model in the full boll period had the lowest 
accuracy. The R2 of the training set was 0.619; the RMSE was 1.60, and the R2 of the validation set was only 
0.020, with an RMSE of 1.84. There was an over-fitting phenomenon that led to a poor generalization ability 
of the model, and hence affected the model performance. 
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Figure 2.Figure 2.Figure 2.Figure 2. RFR-based cotton nitrogen monitoring models 
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SVR-based cotton leaf nitrogen monitoring model 
The accuracy of the SVR-based cotton leaf nitrogen monitoring models varied among different growth 

periods, and the effectiveness of the model in the budding period was significantly better than that in other 
growth periods (Figure 3). Specifically, the SVR-GRA algorithm had the strongest modeling and inversion 
ability in the budding period; the R2 values of the training set and the validation set reached 0.852 and 0.810, 
with RMSE of 1.80 and 1.20, respectively. In contrast, the performance of the models was poor in the flowering 
period, and there was over-fitting in all four models, indicating that the results could not be used for cotton leaf 
nitrogen monitoring. In summary, among all the SVR-based models, the GRA model showed the best effect 
for the characteristic bands. 
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Figure 3. Figure 3. Figure 3. Figure 3. SVR-based cotton nitrogen monitoring models 
 
Cotton leaf nitrogen monitoring model based on characteristic chlorophyll fluorescence parameters 
RFR-based cotton leaf nitrogen monitoring model 
Taking the characteristic chlorophyll fluorescence parameters obtained by the correlation analysis as the 

input variables and the cotton leaf nitrogen as the output variable, an L3 cotton leaf nitrogen model was 
constructed based on the RFR algorithm. There were 54 data points divided into a training set and a validation 
set with a ratio of 2:1. The results showed that the RFR models established based on characteristic fluorescence 
parameters had a good ability to estimate cotton leaf nitrogen content (Figure 4). Specifically, the monitoring 
model in the flowering period demonstrated the best performance, with R2 above 0.83 in both training and 
validation sets, and RMSE less than 1.5. The model performance in the flowering period was slightly inferior 
to that in the other growth periods. The error was small in the training set but larger in the validation set, 
indicating an over-fitting problem that affected the generalization ability of the model. 
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Figure 4. Figure 4. Figure 4. Figure 4. RFR-based cotton nitrogen monitoring models (blue: training set, red: validation set) 

 
SVR-based cotton leaf nitrogen monitoring model 
The results of the monitoring models created based on the SVR algorithm showed differences in the 

estimation of nitrogen content in different growth periods. The model in the blooming period had the highest 
accuracy. The RMSE values of the training and validation sets were 1.03 and 1.85, respectively, and the R2 was 
above 0.7. Moreover, the model in the flowering period had low accuracy. Compared to the R2 of the model in 
the blooming period, the R2 decreased by 13.95% and 119.50% in the training and validation sets, while the 
RMSE increased by 67.41% and 45.10%, respectively. Therefore, on the basis of the above results, the blooming 
period and the budding period are the best times to estimate cotton leaf nitrogen based on the chlorophyll 
fluorescence parameters. 
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Figure 5. Figure 5. Figure 5. Figure 5. SVR-based cotton nitrogen monitoring models (blue: training set, red: validation set) 
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Cotton leaf nitrogen monitoring model based on spectral-fluorescence data fusion 

Cotton leaf nitrogen monitoring model based on feature-level fusion 
L3 cotton leaf nitrogen models at different growth periods were constructed based on the RFR and SVR 

algorithms. The inversion results are shown in Figure 6. The RFR-CARS model in the blooming period had 
the best performance. In the training set, R2 = 0.800, rRMSE (%) = 2.48%, and RMSE = 0.80, while in the 
validation set, R2 = 0.871, rRMSE (%) = 4.45%, and RMSE = 1.43. The accuracy was higher than for the other 
models in the same growth period. The RFR-SPA model in the budding period had the lowest accuracy. In the 
training set R2 = 0.340, rRMSE (%) =7.45%, and RMSE = 2.46; in the validation set, R2 = 0.341, rRMSE (%) 
= 6.52%, and RMSE = 2.19. Compared with the models created based solely on spectral and fluorescence 
parameters, the accuracy of the fusion models was greatly improved. Compared with the best model based on 
the characteristic spectral parameters, the R2 in the training set and validation set was increased by 2.93% and 
5.79%, respectively, and the RMSE was reduced by 75.31% and 50.60%. Compared with the best model based 
on the characteristic fluorescence parameters, the R2 of the training set and validation set increased by −1.72% 
and 5.91%, respectively, and the RMSE decreased by −14.46% and 1.21%. 

Comparing the models in different growth periods, the models based on the characteristic bands 
obtained by SFLA and CARS had the highest accuracy, followed by GRA and SPA. Except for the boll opening 
period, the best models in all growth periods (i.e., budding period, flowering period, blooming period, and full 
boll period) were RFR-based models, suggesting that the RFR algorithm had a higher generalization ability and 
inversion accuracy, and better stability compared to other methods. Hence, it is suitable for estimation of 
cotton leaf nitrogen content. 
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Figure 6. Figure 6. Figure 6. Figure 6. Cotton leaf nitrogen monitoring models based on feature-level fusion (A:Boll opening period; 
B:Full boll period; C:Blooming period; D:Flowering period; E:Budding period) 
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Cotton leaf nitrogen monitoring model based on decision-level fusion 
Decision modeling was carried out according to the results based on spectral and fluorescence 

parameters. The fitting results are shown in Figure 7. For the RFR model in the blooming period, the R2 of the 
training set reached 0.961, significantly higher than that of the models created in previous sections, and the 
RMSE was greatly reduced. The R2 was further increased by 5.7% from the model of feature-level fusion. In 
terms of the estimation ability of the models for nitrogen content, RFR-CARS had the best estimation ability 
in the blooming period (training set: R2 = 0.945, RMSE = 0.58, validation set: R2 = 0.921, RMSE =1.60). RFR-
SPA had a poor estimation ability ((training set: R2 = 0.749, RMSE = 1.76). In conclusion, based on the 
progressive increase of the R2 value from 0.269 (spectral data), 0.833 (fluorescence parameter), 0.907 (feature 
set fusion) to 0.921 (decision-level fusion), the decision modeling exhibited outstanding performance in 
inversion of cotton leaf nitrogen content. 

Similarly, the accuracy of the monitoring models based on the SVR algorithm showed that except for 
the SVR-SPA in the budding period, all models had an R2 value of over 0.870 and an RMSE below 1.30. The 
model in the blooming period had the best accuracy (R2 = 0.945, RMSE = 0.57). The values of R2 were 
253.93%, 7.39%, and 4.78% higher than those of the models based on spectral parameters, fluorescence 
parameters, and feature-level fusion, and the RMSE values were 75.83%, 50.49%, and 51.89% lower. The 
validation results showed that SVR-GRA was the best in the budding period (R2 = 0.808 and RMSE = 1.30). 
Compared with the model based on spectral parameters and feature-level fusion, the model accuracy did not 
improve significantly. When compared with the model based on the fluorescence parameters, the R2 was 
improved by 12.85%. However, for the SVR-GRA model in the flowering period that had the lowest decision 
modeling accuracy, the R2 was 21.97% and 15.17% higher than that based on spectral and fluorescence 
parameters, and the RMSE was reduced by 11.29% and 20.77%, respectively. However, the R2 of the feature-
level fusion model was 35.48% higher than that of the decision fusion model, indicating that decision-level 
fusion was unsuitable for models in all growth periods. 
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Figure 7. Figure 7. Figure 7. Figure 7. Parameters of the cotton leaf nitrogen monitoring models based on feature-level fusion (A:Boll 
opening period; B:Full boll period; C:Blooming period; D:Flowering period; E:Budding period) 
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DiscussionDiscussionDiscussionDiscussion    
 
Due to redundancy, how to extract characteristic spectral bands has always been a key research topic in 

crop remote sensing monitoring (Blackburn, 1998; Hansen et al., 2003; Zhu et al., 2007). In conventional 
multispectral data, researchers usually perform regression on individual bands one by one in order to obtain 
characteristic bands that are sensitive to crop physiological and biochemical characteristics (Niu et al., 2000; 

Ma et al., 2020). However, for hyperspectral information, it is necessary to use algorithms to effectively and 
accurately extract characteristic information that is highly correlated with the target. In this study, four 
methods, i.e., SFLA, SPA, CARS, and GRA, were used to screen the characteristic bands, thereby achieving 
rapid extraction and analysis of spectral information. The selected characteristic spectral bands can effectively 
improve the accuracy of cotton leaf nitrogen monitoring models. However, when different machine learning 
algorithms are used to screen characteristic bands, some of the effective spectral information may be excluded. 
Moreover, bands with low correlation with nitrogen content may be selected. Although we analyzed the 
correlations between the bands with cotton leaf nitrogen content before screening (significance at the 0.01 
level), their physical significance remains to be explored. Two machine learning algorithms were used in this 
study to construct L3 cotton leaf nitrogen monitoring models. Among these, SVR-GRA in the budding period 
had the best performance. However, the accuracy for the flowering period and full boll period was lower than 
the canopy spectral models employed in previous studies (Wen et al., 2016; Ma et al., 2020), a result that may 
be due to differences in the data collection environment. The human and meteorological factors were more 
complicated in this study, and these may have affected the model accuracy. 

In this study, the fluorescence parameters Fv/Fm, Fv'/Fm', Fv/F0 and Yield of L3 cotton leaves showed 
decreasing trends with the growth period, consistent with the results of existing studies (Zhang et al., 2003; Li 

et al., 2020; Ding et al., 2020). Under different levels of nitrogen application, the fluorescence parameters 
Fv/Fm, Fv'/Fm', and Fv/F0 were greater in the high nitrogen application groups (N3, N4) and lesser in the low 
nitrogen application groups. The results suggest that with insufficient supply of nitrogen, cotton leaves are 
prone to photoinhibition, and increasing nitrogen fertilizer application can effectively enhance the 
photosynthesis of cotton leaves and reduce photoinhibition. Similar results have been reported for corn and 
wheat (Khamis et al., 1990; Zhang et al., 2003). In this study, by analyzing the relationship between the 
fluorescence parameters and cotton nitrogen content at different leaf positions, we found that there were 
differences in the model accuracy for L3 cotton leaves at different growth periods. Research has shown that 
stronger photosynthesis is associated with older leaf age at the top and higher reliability of leaf nitrogen content 
inversion by different fluorescence parameters (Dong et al., 2000). Therefore, the L3 leaf can be used as a 
functional leaf for cotton nitrogen monitoring. In addition, the models in this study were different from the 
linear models constructed by Chen et al. (2007) and Ma et al. 2006), suggesting that the correlation between 
fluorescence parameters and nitrogen content is different for different crops, and that crop nitrogen 
monitoring based on different fluorescence parameters is feasible. 

To monitor the severity of wheat leaf rust, Bai et al. (2020) took fused spectral index and canopy SIF as 
independent variables to build a monitoring model. The results showed that regardless of the modeling 
method, the model accuracy based on data fusion was better than when the data were used alone. Jing et al. 
(2019) used random forest to build a wheat rust monitoring model based on SIF-spectral data fusion and found 
that compared with single data type modeling, the R2 of collaborative modeling was increased by 4%, and the 
RMSE decreased by 22%, indicating that data fusion effectively enhanced the monitoring accuracy of the 
model. In this study, the fluorescence-spectral data were fused to build a cotton leaf nitrogen monitoring model. 
The model accuracy was greatly improved, and the accuracy of decision-level fusion was higher than that of 
feature-level fusion, consistent with the findings of previous studies. 

Although the models based on feature-level fusion and decision-level fusion had better accuracy for the 
L3 leaf in all growth periods, the accuracy in some growth periods was still inferior to that of the models based 
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on spectrum and fluorescence data alone. For example, SVR-GRA had the best performance in the budding 
period. However, most fusion models achieved better results than the models based on a single data source, and 
the stability and accuracy for all leaf positions in the whole growth period were much higher than with other 
modeling methods. The application of the model in the estimation of vegetation physicochemical parameters 
needs to be further analyzed. 

 
    
ConclusionsConclusionsConclusionsConclusions    
 
In this study, hyperspectral reflectance and chlorophyll fluorescence data were integrated, and based on 

different characteristic bands screening methods, RFR, SVR, feature-level fusion, and decision-level fusion were 
used to estimate the nitrogen content of L3 leaves at different growth periods. The main findings are as follows: 

(1) In the cotton leaf nitrogen monitoring models based on hyperspectral characteristic bands, the 
accuracy and stability of SVR-GRA was the best (R2 = 0.852, RMSE = 1.20). 

(2) The fluorescence parameters Fv/Fm, Fv'/Fm', Fv/F0, and Yield under different nitrogen 
applications gradually decreased with the progression of the growth period. Based on the characteristic 
fluorescence parameters, cotton leaf nitrogen monitoring models were constructed, and the accuracy in the 
blooming period was the highest, with R2 in both the training set and the validation set above 0.85, suggesting 
good estimation performance. 

(3) Among the cotton leaf nitrogen monitoring models based on spectral-fluorescence data fusion, the 
RFR-CAR model based on feature-level fusion had the best performance in the blooming period; in the 
training set, R2 = 0.800, rRMSE (%) = 2.48%, and RMSE = 0.80; in the validation set, R2 = 0.871, rRMSE (%) 
= 4.45%, and RMSE = 1.43. The results of decision modeling showed that the RFR-CARS model had the best 
inversion ability for the L3 leaf nitrogen content in the blooming period, with R2 in the validation and training 
set both above 0.920, indicating that feature-level fusion and decision-level fusion significantly improved the 
accuracy and stability of the models. 
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