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Leaf nitrogen concentration (LNC) is a critical indicator of crop nutrient status.
In this study, the feasibility of using visible and near-infrared spectroscopy
combined with deep learning to estimate LNC in cotton leaves was explored.
The samples were collected from cotton’s whole growth cycle, and the spectra
were from different measurement environments. The random frog (RF),
weighted partial least squares regression (WPLS), and saliency map were
used for characteristic wavelength selection. Qualitative models (partial least
squares discriminant analysis (PLS-DA), support vector machine for
classification (SVC), convolutional neural network classification (CNNC) and
quantitative models (partial least squares regression (PLSR), support vector
machine for regression (SVR), convolutional neural network regression (CNNR))
were established based on the full spectra and characteristic wavelengths.
Satisfactory results were obtained by models based on CNN. The classification
accuracy of leaves in three different LNC ranges was up to 83.34%, and the root
mean square error of prediction (RMSEP) of quantitative prediction models of
cotton leaves was as low as 3.36. In addition, the identification of cotton leaves
based on the predicted LNC also achieved good results. These results indicated
that the nitrogen content of cotton leaves could be effectively detected by
deep learning and visible and near-infrared spectroscopy, which has great
potential for real-world application.

KEYWORDS
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1 Introduction

Cotton (Gossypium spp), as one of the important economic
crops in the world, is widely used in the textile industry because
of its excellent natural properties. Nitrogen is an essential plant
macronutrient, taking an important part in crop photosynthesis,
which provides necessary nutritional support for the growth and
development of crops (Ma et al., 2022). Observations have
shown that nitrogen fertilization has an important effect on
cotton yield. Rational nitrogen fertilization is beneficial to
increase cotton yield, while both deficit and excessive nitrogen
fertilization have a negative impact on cotton growth and
development (Liu et al., 2010; Gospodinova and Panayotova,
2019). Gospodinova and Panayotova (2019) summarized the
research on the effects of mineral fertilization on cotton yield
and concluded that nitrogen should be applied at different
development stages as needed. Optimizing the nitrogen
fertilizer application scheme is conducive to improving
nitrogen utilization efficiency and cotton yield. Knowing the
nutritional status of cotton is the prerequisite to realizing on-
demand nitrogen application. Therefore, rapid and accurate
evaluation and detection of cotton nitrogen is of great
significance for monitoring plant nutrition status, as well as
making fertilization decisions.

Leaf nitrogen concentration (LNC), a critical indicator of
nitrogen nutrient status, is widely used in crop nutrient status
evaluation (Wan et al,, 2022). A study conducted by Kergoat et
al. (2008) has shown that LNC is an essential factor affecting
canopy light utilization efficiency and photosynthetic rate.
Generally, LNC is determined by destructive analysis methods,
such as the Kjeldahl-digestion method. Although the destructive
approaches are objective, they have disadvantages such as being
time-consuming, labor-intensive, high cost and strong
destructiveness. It is also difficult to meet the actual needs of
rapid and real-time detection and diagnosis of LNC in a wide
range. In recent years, non-destructive techniques, such as
visible and near-infrared (VNIR) spectroscopy (Mishra et al.,
2021) and multi-spectral and hyperspectral imaging
(Tahmasbian et al., 2021; Guo et al., 2022), have been
developed to detect crop nutrition status. Multi-spectral and
hyperspectral images usually carry more information than
spectra data. However, the acquisition of spectral images
generally requires expensive and bulky sensors, the amount of
data is enormous, and there is more information redundancy,
which requires more storage space and tedious data processing.
Multi-spectral and hyperspectral imaging are not economically
feasible when many samples need to be examined and evaluated.
VNIR allows rapid acquisition of spectral information related to
samples’ physiological state and internal components at a
relatively low cost. In the past few years, VNIR has attracted
extensive attention and has been used in qualitative and
quantitative research in plants (Zhang et al., 2020a; Xia et al,
2021; Luo et al., 2022).
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For the studies aiming at employing VNIR for nitrogen
detection, Mishra (Mishra et al., 2021) et al. demonstrated the
feasibility of using VNIR to quantitatively predict the nitrogen
and potassium concentration in bell pepper leaves. The results
showed that VNIR allowed accurate prediction of nitrogen with
an RMSEP of 0.44%. Sun et al. (2013) used VNIR to identify the
fertilized nitrogen level of lettuce leaves and achieved a high
classification accuracy of 100%. Zhang et al. (2022a) explored the
performance of using spectra of different ranges to estimate
nitrogen content in cotton leaves and obtained a R*. = 0.794~
0.909 and R%p = 0.774 ~ 0.899. Relationships between cotton leaf
spectra curves (380-700 nm, 700-1300 nm, and 1300-2500 nm)
and nitrogen content contributed to satisfactory predictions for
nitrogen content detection. There are indeed many researches
on the detection of LNC (Sun et al., 2013; Wang et al., 2018; Gao
et al., 2022; Pourdarbani et al., 2022; Tang et al., 2022; Zhang
et al, 2022b). Although the studies focusing on the LNC
classification achieved good results (Sun et al, 2013; Wang
et al, 2018; Pourdarbani et al., 2022), the samples in these
studies were classified according to different nitrogen
fertilization levels or different nitrogen fertilization days. It
should be noted that there is a large difference between the
fertilization of nitrogen and its actual uptake for the plant.
Therefore, the adaptability of the classification models
according to the nitrogen fertilization division is greatly
limited by the uncertainty of the actual LNC. What’s more, in
practice, it is always hard to get accurate fertilization data and
estimate the fertilization condition. In addition, the studies
focusing on LNC prediction are mainly for a specific cultivar
or a specific spectral data collection environment (Rotbart et al.,
2013), which may limit the scope of the applicability of the
established models.

Deep learning is a method that simulates the human
brain for analysis and learning. It forms abstract features
to represent the data distribution. Deep learning has the
advantages of strong self-learning and feature-extraction
ability and great capability of processing spectra data (Xiao
et al,, 2020). In recent years, deep learning has been applied to
conduct various tasks in spectral and image data processing
(Steinbrener et al., 2019; Zhou et al., 2019). Convolutional neural
network (CNN) is one of the typical deep learning models. CNN
has been proven effective in processing spectra data and
establishing classification and regression models for various
agricultural tasks (Zhang et al, 2020b; Zhang et al., 2020¢;
Gai et al.,, 2022).

The objective of the present study was to explore the
feasibility of qualitative diagnosis and quantitative detection of
LNC based on VNIR combined with deep learning. The goals
include (1) exploring the laws of the spectra of leaves with
different LNGC; (2) classifying nitrogen levels according to the
measured LNG; (3) detecting LNC for two cotton cultivars under
the condition that the spectra were collected in different
measurement environments. The specific content includes (1)
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extracting characteristic wavelengths by random frog (RF),
weighted partial least squares regression (WPLS), and saliency
map for qualitative discrimination and quantitative detection
tasks, respectively; (2) building partial least squares discriminant
analysis (PLS-DA), support vector machine for classification
(SVC), and convolutional neural network classification (CNNC)
models based on full spectra and characteristic wavelengths to
identify cotton leaves with different LNC qualitatively; (3)
developing partial least squares regression (PLSR), support
vector machine for regression (SVR), convolutional neural
network regression (CNNR) models to quantitatively detect
LNC in cotton leaves.

2 Materials and methods
2.1 Sample preparation

Cotton was planted in an experimental field at the Hangzhou
Raw Seed Growing Farm (30°22’58.85” N, 119°56’7.80” E),
Hangzhou, Zhejiang province, China. Cotton cultivars
Lumianyan 24 (LMY24) and Xinluzao 53 (XLZ53) were
sampled in this experiment. Thirty-six experimental plots of
4x2 m were used with six nitrogen rates (0, 120, 240, 360, 480,
278 kg/hm®). Each nitrogen level was set with three replicates.
Leaf sampling was conducted during the whole growth stage.
Leaves at different leaf positions were selected from the
experimental plots. Finally, a total of 1400 leaves were
acquired. It is worth mentioning that the spectra of 648 leaves
were collected in the laboratory, and the spectra of the remaining
leaves were collected in the field. For the samples measured in
the laboratory, the leaves were cut, placed in the black bags and
stored in a cooler with a temperature of about 4°C. These
samples were transported to the laboratory immediately. The
time of transit was within one hour.

2.2 Spectra acquisition

Leaf spectra acquisition was conducted by a spectroradiometer
(Fieldspec4, Analytical Spectral Devices - ASD, Boulder, CO, USA)
system. This spectroradiometer consists of a leaf clip, which
provides a light source. During the measurement, the leaves were
clamped up for spectra acquisition. Three different positions of
each leaf were measured, and five scans were conducted for each
measurement. The spectra of five scans were averaged as the
spectra of the leaf region, and the average spectra of three leaf
regions were taken as the spectra of each leaf. The regions of
spectra acquisition for each leaf is shown in Figure 1. The collected
spectra cover the visible and near-infrared region (400 ~ 1000 nm)
and the short-wave near-infrared region (1000 ~ 2500 nm), and
the spectral resolution are 3nm and 8nm, respectively. Considering
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FIGURE 1
The regions of spectra acquisition for cotton leaves.

the noise in the beginning, spectra between 430-2500 nm were
used in this study.

2.3 Measurements of leave
nitrogen concentration

After finishing the spectra collection, the leaves were placed
in an oven, dried at 105°C for half an hour, and then cooled to
80°C until the sample weight recorded a constant weight. Then,
the dried leaves were ground into a fine powder and sieved
through a 40-mesh. A uniform dry leaf sample of fixed mass was
taken, and the nitrogen concentration was determined by the
Kjeldahl method after acid digestion (Ijeldahl, 1883). According
to the measured LNC (mg/g), cotton leaf samples were divided
into three categories: low-level LNC, medium-level LNC, and
high-level LNC. The detailed statistical information on sample
composition is presented in Table 1. Cotton leaves with different
LNC levels are shown in Figure 2. It can be seen that the leave
with high-level LNC has a deeper green color.

2.4 Data analysis methods

2.4.1 Convolutional neural network

In this study, two self-developed CNN architectures were
applied for building classification and regression models, and
their structures are shown in Figures 3A, B, respectively. For the
classification task, two convolution layers were set, both followed
by a max pooling layer and a batch normalization layer. The
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TABLE 1 Statistical information of composition of the cotton leaves.

LNClevel  total number of samples  Range of LNC (g/kg)
Low 230 14.99-25.00
Medium 601 25.02-34.96
High 569 35.02-52.46

cal/val/pre set means the calibration set, the validation set and the prediction set, respectively.

number of filters, kernel size, and strides of the two convolution
layers were both set as 16, 3, and 1, respectively. The rectified
linear unit (ReLU) was used as the activation for computing the
outputs of the convolutional layers. The max pooling layer
served as down-sampling and dimensionality reduction to
form the features of the next layer. Then, a fully connected
network with 64 neurons was added, followed by a batch
normalization layer. The dropout layer was used to avoid
overfitting. The fully connected layer at the end was used for
output. For the regression task, two batch normalization layers
followed by convolution layers were employed. The number of
filters, kernel size, and strides of the two convolution layers were
both set as 32, 3, and 1, respectively. Same as the proposed CNN
for classification, the rectified linear unit (ReLU) was used as the
activation. A batch normalization layer was added before the
features were outputting to the fully connected layer. In the end,
two fully connected layers with 64 and 16 neurons were used for
building non-linear regression models to predict the LNC of
different leaves. The fully connected layer at the end was used
for output.

For the training phase, the Softmax cross-entropy loss
function combined with stochastic gradient descent (SGD)
optimizer was applied to train the CNN developed for the
classification task. The L1 loss function and the adaptive
moment estimation (Adam) optimizer were used for the
regression task. The detailed information about SGD optimizer
and Adam optimizer could be found on the website https://
pytorch.org/docs/stable/optim.html . For both training tasks, the

10.3389/fpls.2022.1080745

Mean Standard number of samples incal/val/pre set
(g/kg) Deviation

21.73 237 138/46/46

30.09 2.84 360/120/121

40.19 3.60 341/114/114

batch size was set as 64, and a scheduled learning rate was used.
In the beginning, the learning rate was set to 0.05. The learning
rate was reduced ten times after every 200 epochs. According to
this rule, the training phase was terminated when the loss
was stable.

2.4.2 Conventional models

PLS-DA and SVC models were established to classify cotton
leaves with different LNC. PLS-DA is a linear discriminant
algorithm developed from PLSR (Yuan et al, 2021). PLS-DA
algorithm can effectively extract the variables helpful for
classification and realize data recognition. PLS-DA can deal
with irreversible matrices and select the number of latent
variables so that the model achieves the best balance between
underfitting and overfitting (Li et al., 2021). SVC is a pattern
recognition algorithm based on a support vector machine (SVM)
for classification. It achieves the classification goal by exploring
the hyperplane that maximizes the distance between different
classes (Xiao et al., 2020). In this study, the radial basis function
(RBF) was used as the kernel function. The regularization
parameter ¢ and kernel function parameter g were determined
through a grid-search procedure. The search range of ¢ and g
were both assigned as 2™ to 2%, PLSR and SVR models were used
to establish the quantitative analysis model of LNC. Detailed
information on PLS and SVR details can be found in our
previous article (Xiao et al, 2022). For both qualitative and

quantitative analysis models, five-fold cross-validation

was adopted.

FIGURE 2

Cotton leaves with different LNC levels: (A) low-level LNC, (B) medium-level LNC, (C) high-level LNC
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FIGURE 3

The CNN structure for classification model (A) and regression model (B).

2.4.3 Wavelengths selection

Hyperspectral data contains massive amounts of
information, which also exists information redundancy,
collinearity, and noise that are not conducive to data
processing. To make effective use of data, characteristic
wavelengths extraction is a common strategy. In this study,
RF, WPLS and saliency map were used to extract characteristic
wavelengths. For the RF algorithm, based on the idea of
inversible-jump Markov Monte Carlo, PLS-DA and PLSR are
selected as modeling methods for classification and regression,
respectively. Models are established by constantly updating the
subset of variables according to the defined criteria. The
frequency of each variable selected in the modeling subset is
calculated after reaching the number of iterations (Yun et al,
2013; Sun et al., 2021). The top 40 wavelengths with the highest
frequency were selected as the characteristic wavelengths. When
using WPLS for wavelength selection, a PLS regression model is
first established, and each variable’s regression coefficient was
calculated. The wavelengths with the larger absolute value of the
regression coefficient at the crest and trough were selected
(Mehmood et al., 2012). Saliency map is a popular method for
computing the contribution of each variable to the model
performance. In this study, for classification tasks, CNNC
model was first established and calculated the saliency based
on the method proposed in Feng’s study (Feng et al., 2021).
Similarly, as for regression tasks, CNNR model was first
established and saliency map was applied following the way in
our previous study (Xiao et al, 2022). The first 40 critical
wavelengths with the highest frequency for both tasks were
selected as the characteristic wavelengths.
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2.4.4 Software and model evaluation

For model establishment, PLS-DA and PLSR were performed
in R2019b (The MathWorks, Natick, MA, USA). SVC, and SVR
were conducted in the scikit-learn 0.23.1 (Anaconda, Austin, TX,
USA) using python 3.1. The CNN models were conducted in
MXNet 1.4.0 (MXNetAmazon, Seattle, WA, USA). For feature
selection, RF was performed in R2019b (The MathWorks, Natick,
MA, USA). WPLS was carried out in the Unscrambler X 10.1
(Camo AS, Oslo, Norway). Saliency map was conducted in
MXNet1.4.0 (MXNetAmazon, Seattle, WA, USA).

It is critical to evaluate the model performance with
appropriate indicators. Classification accuracy is used for
assessing the qualitative analysis models. Classification
accuracy is calculated as the ratio of correctly classified
samples to the total number of samples. The closer it is to
100%, the better the model’s performance. The coefficients of
determination (R?) and root mean square error (RMSE) of
calibration, validation, and prediction set were applied to
assess the performance of quantitative analysis models. The
closer R* of the model is to 1, the closer RMSE is to 0,
indicating that the model performance is more satisfactory.

5 Results
3.1 Spectra features
The spectra of all the cotton leaves and leaves with different

LNC are shown in Figures 4A, B. As shown in Figure 4A,
the spectra of all the leaves present a consistent change tendency.
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Four peaks (550, 1650, 1820, and 2225 nm) and three valleys (670,
1432, and 1950 nm) were observed. The analysis of the chemical
bonds which may be assigned to the peaks and valleys can be found
in our previous study (Xiao et al,, 2022). Figure 4B presents the
spectral curves of cotton leaves with different LNC. It can be seen
that the reflectance of leaves with high LNC in the range of 430 ~
520 nm is slightly higher than that of leaves with low LNC. There is
a slight increase in the reflectance between 520 ~ 610 nm, and the
reflectance of leaves with low LNC becomes higher. After 700 nm,
the reflectance curves increase sharply and form a high reflectivity
plateau between 775 and 1300 nm, between which the reflectance
of leaves with high LNC is larger. The variation trend of the
reflectance with LNC between the range of 1400 ~ 1900 nm and
2000 ~ 2500 nm is the opposite from that in the range of 775-1300
nm. The variation of reflectance in different spectral intervals
makes it possible to identify leaves with different LNC content.
As the results demonstrated in our previous study (Xiao et al,
2022), the model based on the spectra processed by first derivative
(FD) and standard normal variate transformation (SNV)
demonstrated great generalization ability. Therefore, the method
of FD+SNV was used to preprocess the spectra and the processed
spectra were used for subsequent modelling. The transformed
curves are shown in Figure 4C.

3.2 Wavelengths selection

Hyperspectral data contains amounts of information such as
redundancy, collinearity, background, and other information

10.3389/fpls.2022.1080745

unrelated to LNC detection. The irrelevant information will
significantly increase the burden of data processing, affect the
analysis and extraction of effective data, and directly affect the
model’s performance. Therefore, in this study, RF, WPLS, and
saliency map were used to select the characteristic wavelengths.

The optimal wavelengths selected by different methods for
regression models and classification models are shown in Tables
2 and 3, respectively. It can be seen that the number and the
location of the selected wavelengths on spectral curves varied
from different methods. For the wavelengths selected for the
classification model, compared with full spectra, the number of
variables chosen by RF, WPLS, and saliency map was reduced by
98.07%, 98.02%, and 98.07%, respectively. For the wavelengths
selected for the regression model, the number of variables
selected by RF, WPLS, and saliency map was reduced by
98.07%, 97.73%, and 98.07%, respectively. Obviously,
wavelengths selection significantly reduces data computation
and alleviates the model dependence on high-performance
computing instruments, which will contribute to the
popularization and application of the model.

The position of the selected wavelengths in the spectral curve

-

is displayed in Figure 5. For specific wavelength selection
methods, the position of characteristic wavelength selected for
classification and regression is largely coincidental. It indicated
that the characteristic wavelengths related to nitrogen detection
selected by wavelength selection method were consistent even in
the tasks with different purposes. The specific number of selected
variables might be related to the calculation protocol of

wavelength selection method. Although there are differences in

Reflectance

0.0

1000 1500 2500

Wavelengths (nm)

LNC: 20.01 ghkg
LNC: 30.12 ghkg
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s
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Transformed spectra
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500 1000

FIGURE 4
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Spectra of cotton leaves: (A) the spectra of all the cotton leaves, (B) the spectra of leaves with different LNC, (C) the spectra transformed by FD +SNV.

Frontiers in Plant Science

06

frontiersin.org


https://doi.org/10.3389/fpls.2022.1080745
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Xiao et al.

the number and location of wavelengths selected by RF, WPLS,
and saliency map, some bands were chosen as the optimal
wavelengths for LNC detection by more than one method,
such as the bands around 554 nm, 595 nm, 1179nm, 1490 nm,
1671nm, 1673 nm, 1746 nm, 2046 nm, 2154 nm, 2230 nm, and
2459 nm. These bands are likely to have a strong correlation with
nitrogen detection. Among the wavelengths selected by more
than one algorithm, the bands in visible range was related with
the color of the leaves (Malacara, 2011). The spectral response
near 1490 nm was associated with N-H amide with N-R group,
which can be connected with protein content (Salzer, 2008). The
reflectance around 1673 nm and 1746 nm were associated with
C-H methyl (Salzer, 2008). The bands around 2046 nm was due
to symmetrical NH stretching and amide II (Salzer, 2008).

3.3 Classification models

3.3.1 Classification models using full spectra

In this study, PLS-DA, SVC, and CNNC models were built
using full spectra. The results are shown in Table 4. All the
models obtained decent results, with the accuracy of the
prediction set exceeding 82%. Compared with PLS-DA and
SVC models, the CNNC model achieved a more satisfactory
result. The accuracy of the prediction set was 84.70%, which
illustrates the good performance of CNNC model. The
confusion matrix for all datasets of the CNNC model is
displayed in Figure 6. In three data sets, about 19-28% of leaf
samples with low LNC were easily confused with leaves with
medium LNC. Leaves with high LNC were easily confused with
those with medium LNC, and the proportion of misclassified
leaves was 8%-11%. Overall, leaves with high LNC and leaves

10.3389/fpls.2022.1080745
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FIGURE 5

The position of the optimal wavelengths selected for
classification and regression models (-C means for classification
tasks, -R means for regression tasks).

with low LNC can be accurately separated, as only one or two
leaves with low LNC were misclassified as high LNC, and none
samples with high LNC were distinguished as low LNC.

3.3.2 Classification models using optimal
wavelengths

Table 5 demonstrates the classification results of the PLS-
DA, SVC, and CNNC models based on the optimal wavelengths
selected by RF, WPLS, and saliency map. The overall
performance of the models based on wavelengths selected by
RF was superior to the performance of the models constructed
on the wavelengths selected by WPLS and saliency map, as the
accuracy for the prediction set was slightly higher. For the
models based on the optimal wavelengths selected by RF and
WPLS, the performance of the CNNC model was superior to
that of the PLS-DA and SVC model, accomplishing an accuracy
of 84.34% and 83.27% for the prediction set. Regarding the

TABLE 2 The optimal wavelengths selected by RF, WPLS, and saliency map for regression models.

Method Number

RF 40

Optimal wavelength (nm)

594, 602, 776, 1104, 1109, 1139, 1144, 1196, 1232, 1242, 1274, 1472, 1473, 1490, 1516, 1534, 1568, 1597, 1600, 1604, 1615, 1619, 1620, 1663,

1671, 1741, 1742, 1797, 1897, 1953, 1958, 1963, 1989, 2012, 2047, 2103, 2106, 2134, 2135, 2211

WPLS 47

436, 464, 535, 555, 565, 573, 594, 607, 638, 655, 688, 699, 755, 760, 845, 936, 957, 973, 1179, 1357, 1387, 1409, 1490, 1673, 1690, 1711, 1720,

1746, 1773, 1785, 1810, 1822, 1876, 1894, 2046, 2066, 2154, 2188, 2236, 2254, 2273, 2317, 2335, 2355, 2459, 2478, 2488

Saliency 40

461, 551, 552, 553, 554, 1177, 1178, 1179, 1670, 1671, 1672, 1673, 1674, 1675, 1676, 1677, 1678, 1679, 1680, 1681, 1682, 1683, 1684, 1699, 1700,

map 1701, 1702, 1710, 1783, 1784, 1785, 2151, 2152, 2153, 2227, 2228, 2229, 2230, 2458, 2459

TABLE 3 The optimal wavelengths selected by RF, WPLS, and saliency map for classification models.

Method Number

Optimal wavelength (nm)

RF 40 594, 595, 776, 1139, 1195, 1232, 1233, 1275, 1471, 1472, 1490, 1533, 1534, 1568, 1597, 1600, 1604, 1615, 1616, 1619, 1620, 1621, 1648, 1663,
1671, 1738, 1741, 1745, 1746, 1798, 1953, 1958, 2021, 2044, 2047, 2103, 2106, 2134, 2135, 2211
WPLS 41 432, 437, 444, 464, 525, 556, 564, 571, 595, 607, 638, 678, 688, 698, 755, 936, 963, 997, 1074, 1176, 1355, 1370, 1387, 1672, 1690, 1711, 1720,
1746, 1785, 1810, 1822, 1876, 1897, 2155, 2273, 2324, 2335, 2355, 2479, 2487, 2490
Saliency 40 957, 976, 977, 978, 1002, 1193, 1670, 1671, 1672, 1674, 1680, 1682, 1690, 1700, 1702, 1703, 1704, 1718, 1720, 1722, 1723, 1818, 2131, 2133,
map 2137, 2147, 2149, 2152, 2155, 2156, 2157, 2160, 2228, 2230, 2231, 2232, 2234, 2235, 2236, 2333
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TABLE 4 The results of the classification models based on full
spectra.

Model Accuracy

Calibration set  Validation set  Prediction set
PLS-DA 88.56% 77.14% 82.56%
SVC 85.10% 79.29% $3.99%
CNN 86.17% 82.86% 84.70%

models based on the wavelengths selected by saliency map, SVC
performed better than the PLS-DA and CNNC model, with the
accuracy of the prediction set reaching 79.36%. Although the
CNNC model based on full spectra achieved the best
classification accuracy of 84.70% for the prediction set, the
CNNC model based on the optimal wavelengths chosen by RF
obtained quite similar results. Considering the number of
variables used in modeling, the results of CNNC models
constructed on the optimal wavelengths selected by RF were
reasonably acceptable, which realized comparable performance
with the model based on full spectra with less computation.

3.4 Regression models

3.4.1 Regression models using full spectra

Figure 7 shows the results of different regression models
using full spectra for the nitrogen detection of cotton leaves.
All the models obtained satisfactory performance, with
R%. (coefficients of determination of calibration set), R?,
(coefficients of determination of validation set), and RZP
(coefficients of determination of prediction set) all exceeding
0.75. Compared with PLSR and SVR models, the CNNR model
performed slightly better, achieving the smallest RMSE for the
prediction set. These results indicated that VNIR combined with
the CNNR model was conducive to effectively characterizing the
LNC of cotton leaves.

Calibration set

300
240
180

120

Predicted label
Predicted label

60

0

True label

FIGURE 6

Validation set

True label

10.3389/fpls.2022.1080745

3.4.2 Regression models using optimal
wavelengths

Different regression models were constructed based on the
optimal wavelengths for LNC estimation. The results are shown
in Table 6. It can be found that the performance of the model
established using the optimal wavelengths selected by different
methods showed a difference. The models built on the optimal
wavelengths selected by WPLS performed slightly better than the
models based on the optimal wavelengths selected by RF and
saliency map, with higher R*p and lower RMSEP. In addition, it
can be found that the overall performance of CNNR models was
better than that of PLS and SVR models. All the CNNR model
achieved good results, with ch, sz, and R2p were over 0.779,
0.724, and 0.711, indicating the robustness of the CNNR model
based on optimal wavelengths. Specifically, the CNNR model
based on the wavelengths chosen by WPLS obtained the best
result. The R?, and RMSEP were 0.766 and 3.389, respectively.
Besides, a comparison was made between the models based on
full spectra and those using the selected optimal wavelengths.
Overall, the models established on the chosen variables
performed less well than those based on full spectra. The
performance of the CNNR model based on optimal
wavelengths selected by WPLS was quite close to that based
on full spectra. To some extent, the reduced computation
compensates for the slight performance deficit, indicating that
the CNNR model equipped with optimal wavelength selection
methods is effective for cotton LNC estimation.

3.4.3 Identification of leaf nitrogen status
based on the predicted LNC

The predicted LNC values of all samples were calculated by
regression model and then classified according to the rules
mentioned in section 2.3. Then, the identification accuracy
was calculated by comparing the categories corresponding to
the predicted and actual values to evaluate the model’s
effectiveness. The results are shown in Table 7. It can be seen
that the identification of cotton samples based on the predicted

Prediction set

100 100

80 80
60 60

40

Predicted label

True label

Confusion matrix of CNN model using full spectra. (Notes: Number 0, 1, 2 means leaf samples with low-level LNC, medium-level LNC and high-

level LNC, respectively.).
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TABLE 5 The results of the classification models based on optimal wavelengths.

10.3389/fpls.2022.1080745

Data type Model Accuracy
Calibration set Validation set Prediction set
RF PLS-DA 80.93% 75.71% 79.00%
SvC 88.08% 80.71% 83.99%
CNN 86.53% 79.64% 84.34%
WPLS PLS-DA 78.90% 77.86% 77.22%
SvVC 84.03% 80.36% 82.92%
CNN 82.84% 79.29% 83.27%
Saliency map PLS-DA 74.37% 71.89% 74.29%
SvVC 84.51% 78.21% 79.36%
CNN 83.08% 77.50% 77.58%
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The results of PLSR, SVR, CNNR models based on full spectra for LNC detection.
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TABLE 6 The results of the regression models based on optimal wavelengths.

Data Type Model Calibration set
R%c RMSEC
RF PLSR 0.76 3.67
SVR 0.80 330
CNNR 0.82 319
WPLS PLSR 0.78 352
SVR 0.80 337
CNNR 0.79 338
Saliency map PLSR 0.66 4.36
SVR 0.81 327
CNNR 0.78 350

value could achieve good results, similar to that of the results
based on classification models, which in turn reflects the
effectiveness of the regression model.

4 Discussion

Visible and near-infrared spectral techniques combined with
deep learning can be used for nitrogen-level estimation. Some
previous studies addressing the nitrogen-level classification of
plant leaves were discussed and compared with our results with
other spectral imaging works. It must be noted a rough
comparison is not rigorous as the papers relate to different
plants, techniques, and datasets. Pourdarbani et al. (2022)
investigated the feasibility of using hyperspectral imaging to
detect excess nitrogen content in tomato plants. Artificial neural
networks and the particle swarm optimization algorithm were
proposed and achieved a satisfactory classification accuracy of
92.6% for leaves at different nitrogen levels. The leaves in this work

Validation set Prediction set

Ry RMSEV R% RMSEP
0.75 3.95 0.74 3.59
0.73 3.62 0.73 4.12
0.74 4.02 0.75 3.53
0.76 3.93 0.76 3.42
0.76 3.42 0.77 3.83
0.76 391 0.77 3.39
0.60 2.02 0.67 4.03
0.71 3.77 0.72 417
0.72 417 0.71 3.76

(Pourdarbani et al., 2022) were classified according to different
days of nitrogen application. Sun et al. (2013) used VNIR to
identify the nitrogen level of lettuce leaves. Adaptive boosting was
applied with K nearest neighbor and SVM, which could achieve a
high classification accuracy of 100%. The samples in this study
were divided according to the fertilized nitrogen level. Wang et al.
(2018) employed hyperspectral imaging to discriminate nitrogen
fertilizer levels of the tea plant. The leaves from three nitrogen
fertilizer levels were sampled, and up to 100% accuracy was
achieved by the SVM model based on spectral data and textural
data. The excellent performance might benefit from the texture
information provided by the image. Although the methods
mentioned above achieved good results, the samples in these
studies were classified according to different nitrogen fertilization
levels or different nitrogen fertilization days (Sun et al, 2013;
Wang et al, 2018; Pourdarbani et al, 2022). There is a large
difference between the fertilization of nitrogen and its actual
uptake for the plant. Therefore, the adaptability of the
classification models according to the nitrogen fertilization

TABLE 7 The identification results of cotton leaves based on the predicted LNC.

Accuracy

Data type Model
Calibration set
Full spectra PLSR 83.81%
SVR 85.71%
CNNR 84.17%
RF PLSR 81.43%
SVR 85.00%
CNNR 83.57%
WPLS PLSR 81.07%
SVR 82.50%
CNNR 85.12%
Saliency map PLSR 75.60%
SVR 84.40%
CNNR 81.90%
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Validation set Prediction set

80.71% 85.00%
83.21% 79.29%
78.21% 83.21%
76.79% 83.21%
81.79% 80.00%
77.50% 81.43%
78.57% 81.79%
81.79% 78.21%
78.93% 81.07%
64.64% 73.93%
78.21% 78.21%
76.07% 77.14%

frontiersin.org


https://doi.org/10.3389/fpls.2022.1080745
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Xiao et al.

division is greatly limited by the uncertainty of the actual LNC.
Thus, in this study, the chemical analysis for nitrogen
measurement was conducted, and the leaves were divided into
three categories according to the true LNC value of three ranges.
Among similar studies which also measured actual LNC, Nativ
et al. (Rotbart et al, 2013) used VNIR to estimate the nitrogen
concentration in olive leaves. The leaves were divided into three
groups according to the measured nitrogen content, and an
overall accuracy of 83% was obtained. Du et al. (2016) explored
the feasibility of using hyperspectral LIDAR to detect nitrogen
content in rice leaves. The accuracy of 83% was obtained when 32
wavelengths were considered. The results in above studies
(Rotbart et al., 2013) (Du et al,, 2016) are slightly lower than the
accuracy of 84.342% achieved by RF-CNN model in this study. It
can be observed that although a perfect classification is not
achieved, the method used in this study has a relatively higher
accuracy of 84.342% in the best case. The performance is quite
close to and even higher than the result obtained by other existing
methods, which demonstrates that it is feasible to classify cotton
leaves with different LNC by VNIR and deep learning algorithm.

Regarding the regression task, in a similar study on the LNC
prediction of cotton leaves, Zhang et al. (2022a) explored the
potential of using spectra of different ranges to estimate nitrogen
content in cotton leaves, and obtained a R2C = 0.794~ 0.909 and
R%p = 0.774 ~ 0.899. The prediction results of the best model are
better than those in this research. The possible reason was that the
samples used in this study (Zhang et al., 2022) were acquired at
the flower and boll stage of cotton, which only covered two
growing stages. The leaves used in our study cover the whole
growing stage. Different thicknesses and textures of leaf samples
would also cause spectral differences, which may affect the
accuracy of nitrogen detection. Besides, the spectra in this paper
were collected under two environmental conditions, covering the
laboratory environment and the field environment. The difference
in the measurement environment would also lead to the difference
in the spectra. When the measurement was conducted in the field,
there were more interference factors, which was also the reason for
the relatively less satisfactory results. However, in practice, due to
the diversity of application scenarios and the need for nutrient
monitoring over the whole growth cycle of plants, it is critical to
develop the models presented in this paper to enhance
their applicability.

Besides, deep learning with VNIR performed well in estimating
LNC in plant leaves. Table 6 and Figure 7 show that CNNR
outperformed PLSR and SVR models, achieving a relatively lower
RMSE for the prediction set. The study demonstrated that the
CNN model established for regression tasks could achieve good
results, which previous studies have confirmed. Weng et al. (2022)
combined CNNR and visible and near-infrared reflectance
spectroscopy to determine the behenic acid in edible vegetable
oils, with R”p = 0.8843 and RMSEP = 0.1182, outperforming PLSR
and SVR model. Wu et al. (2022) applied CNNR and Raman
spectroscopy to identify the amount of olive oil in a corn-olive oil
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blend, with R2p =0.9908 and RMSEP = 0.7183. In addition, one-
dimension deep learning regression models based on spectral data
are performed well in soluble solid content estimation in cherry
tomato (Xiang et al., 2022) and oil content prediction of single
maize kernel (Zhang et al., 2022¢). Hence, the spectral analysis
model developed by CNN can be expected to provide a simple,
rapid, and accurate analysis of LNC in cotton leaves.

5 Conclusion

In this study, visible and near-infrared spectroscopy
combined with deep learning was used to detect LNC in
cotton leaves qualitatively and quantitatively. RF, WPLS, and
saliency map were used to extract characteristic wavelengths,
classification models (PLS-DA, SVC, CNNC) and regression
models (PLSR, SVR, CNNR) were established based on full
spectra and characteristic wavelengths, respectively. Overall, the
models based on CNN architecture performed better than other
models for both classification and regression tasks. For the
classification task, CNNC model based on full spectra
performed best, with the classification accuracy reaching
84.70%. For the regression task, the performance of CNNR
model developed on full spectra was superior, achieving an
R%p of 0.77 and an RMSEP of 3.36. The good performance of
visible and near-infrared spectroscopy assisted by deep learning
demonstrated its effectiveness for nitrogen content prediction of
cotton leaves. This approach is helpful for farmers to accurately
identify the nutritional status of cotton plants in the field and

make reasonable fertilization decisions in time.

Data availability statement

The raw data supporting the conclusions of this article will
be made available by the authors, without undue reservation.

Author contributions

YH, LF, and NW, funding acquisition, conceptualization, and
supervision. QX, WT, and NW, data curation and validation. CZ,
LF, LZ, ZZ, and PG, formal analysis, and writing, project
administration review and editing. CZ and QX, investigation,
methodology, and software. JS, resources. QX, NW, and CZ,
visualization and writing, original draft. All authors contributed
to the article and approved the submitted version.

Funding

This research was supported by XPCC Science and Technology
Projects of Key Areas (2020AB005) and National Natural Science

frontiersin.org


https://doi.org/10.3389/fpls.2022.1080745
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Xiao et al.

Foundation of China (61965014), and the Shenzhen Science and
Technology Projects (CJGJZD20210408092401004).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

References

Du, L., Gong, W, Shi, S., Yang, P., Sun, J., Zhu, B,, et al. (2016). Estimation of
rice leaf nitrogen contents based on hyperspectral lidar. Int. J. Appl. Earth
Observation Geoinformation 44, 136-143. doi: 10.1016/j.jag.2015.08.008

Feng, L., Wu, B., He, Y., and Zhang, C. (2021). Hyperspectral imaging combined
with deep transfer learning for rice disease detection. Front. Plant Sci. 12.
doi: 10.3389/fpls.2021.693521

Gai, Z., Sun, L., Bai, H,, Li, X., Wang, J., and Bai, S. (2022). Convolutional neural
network for apple bruise detection based on hyperspectral. Spectrochimica Acta
Part a-Molecular Biomolecular Spectrosc. 279, 121432. doi: 10.1016/
j-5aa.2022.121432

Gao, Z,, Luo, N,, Yang, B., and Zhu, Y. (2022). Estimating leaf nitrogen content
in wheat using multimodal features extracted from canopy spectra. Agronomy-
Basel 12 (8), 1915. doi: 10.3390/agronomy12081915

Gospodinova, G., and Panayotova, G. (2019). Strategies for nitrogen fertilization
of cotton (gossypium hirsutum L.). a review. Bulgarian J. Agric. Sci. 25, 59-67.

Guo, Y., Chen, S,, Li, X, Cunha, M., Jayavelu, S., Cammarano, D., et al. (2022).
Machine learning-based approaches for predicting spad values of maize using
multi-spectral images. Remote Sens. 14 (6), 1337. doi: 10.3390/rs14061337

Kjeldahl, J. (1883). A new method for the estimation of nitrogen in organic
compounds. Analytical Chem. 22, 366-382. doi: 10.1007/BF01338151

Kergoat, L., Lafont, S., Arneth, A., Le Dantec, V., and Saugier, B. (2008).
Nitrogen controls plant canopy light-use efficiency in temperate and boreal
ecosystems. J. Geophys. Res. Biogeosci. 113 (G4), G04017. doi: 10.1029/
2007JG000676

Li, X,, Jiang, H., Jiang, X., and Shi, M. (2021). Identification of geographical
origin of chinese chestnuts using hyperspectral imaging with 1d-cnn algorithm.
Agriculture-Basel 11 (12), 1274. doi: 10.3390/agriculturel11121274

Liu, S., Zhang, S., and Zhang, L. (2010). Above-ground dry matter accumulation
of cotton genetics at different nitrogen applications. Cotton Sci. 22 (1), 77-82.

Luo, W, Tian, P, Fan, G., Dong, W., Zhang, H., Liu, X. J. I. P., et al. (2022). Non-
destructive determination of four tea polyphenols in fresh tea using visible and
near-infrared spectroscopy. Infrared Phys. Technol. 123, 104037. doi: 10.1016/
j.infrared.2022.104037

Ma, L., Chen, X,, Zhang, Q,, Lin, J., Yin, C,, Ma, Y, et al. (2022). Estimation of
nitrogen content based on the hyperspectral vegetation indexes of interannual and
multi-temporal in cotton. Agronomy-Basel 12 (6), 1319. doi: 10.3390/
agronomy12061319

Malacara, D. (2011). Color vision and colorimetry: Theory and applications. 2nd
ed (Bellingham, WA, USA: SPIE Press).

Mehmood, T., Liland, K. H., Snipen, L., and Saebo, S. (2012). A review of
variable selection methods in partial least squares regression. Chemometrics
Intelligent Lab. Syst. 118, 62-69. doi: 10.1016/j.chemolab.2012.07.010

Mishra, P., Herrmann, 1., and Angileri, M. J. T. (2021). Improved prediction of
potassium and nitrogen in dried bell pepper leaves with visible and near-infrared
spectroscopy utilising wavelength selection techniques. Talanta 225, 121971.
doi: 10.1016/j.talanta.2020.121971

Pourdarbani, R., Sabzi, S., Rohban, M. H., Garcia-Mateos, G., Molina-Martinez,
J. ML, Paliwal, J., et al. (2022). Metaheuristic algorithms in visible and near infrared
spectra to detect excess nitrogen content in tomato plants. J. near Infrared
Spectrosc. 30, 197-207. doi: 10.1177/09670335221098527

Rotbart, N., Schmilovitch, Z., Cohen, Y., Alchanatis, V., Erel, R., Ignat, T., et al.
(2013). Estimating olive leaf nitrogen concentration using visible and near-infrared

Frontiers in Plant Science

12

10.3389/fpls.2022.1080745

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

spectral reflectance. Biosyst. Eng. 114, 426-434. doi: 10.1016/j.biosystemseng.
2012.09.005

Salzer, R. (2008). Practical guide to interpretive near-infrared spectroscopy Vol.
47 (Boca Raton, FL, USA: CRC Press).

Steinbrener, J., Posch, K., and Leitner, R. (2019). Hyperspectral fruit and
vegetable classification using convolutional neural networks. Comput. Electron.
Agric. 162, 364-372. doi: 10.1016/j.compag.2019.04.019

Sun, H,, Feng, M., Xiao, L., Yang, W., Ding, G., Wang, C,, et al. (2021). Potential
of multivariate statistical technique based on the effective spectra bands to estimate
the plant water content of wheat under different irrigation regimes. Front. Plant Sci.
12. doi: 10.3389/fpls.2021.631573

Sun, ], Jin, X,, Mao, H., Wu, X, Tang, K., and Zhang, X. (2013). Identification of
lettuce leaf nitrogen level based on adaboost and hyperspectrum. Spectrosc. Spectral
Anal. 33, 3372-3376. doi: 10.3964/j.issn.1000-0593(2013)12-3372-05

Tahmasbian, I, Morgan, N. K, Bai, S. H.,, Dunlop, M. W., and Moss, A. F.
(2021). Comparison of hyperspectral imaging and near-infrared spectroscopy to
determine nitrogen and carbon concentrations in wheat. Remote Sens. 13 (6), 1128.
doi: 10.3390/rs13061128

Tang, R., Luo, X,, Li, C, and Zhong, S. (2022). A study on nitrogen
concentration detection model of rubber leaf based on spatial-spectral
information with nir hyperspectral data. Infrared Phys. Technol. 122, 104094.
doi: 10.1016/j.infrared.2022.104094

Wang, Y., Hu, X,, Hou, Z,, Ning, J., and Zhang, Z. (2018). Discrimination of
nitrogen fertilizer levels of tea plant (camellia sinensis) based on hyperspectral
imaging. J. Sci. Food Agric. 98, 4659-4664. doi: 10.1002/jsfa.8996

Wan, L., Zhou, W., He, Y., Wanger, T. C,, and Cen, H. (2022). Combining
transfer learning and hyperspectral reflectance analysis to assess leaf nitrogen
concentration across different plant species datasets. Remote Sens. Environ. 269,
112826. doi: 10.1016/j.rse.2021.112826

Weng, S., Chu, Z., Wang, M., Han, K., Zhu, G,, Liu, C, et al. (2022). Reflectance
spectroscopy with operator difference for determination of behenic acid in edible
vegetable oils by using convolutional neural network and polynomial correction.
Food Chem. 367, 130668. doi: 10.1016/j.foodchem.2021.130668

Wu, X, Gao, S., Niu, Y., Zhao, Z., Ma, R,, Xu, B,, et al. (2022). Quantitative
analysis of blended corn-olive oil based on raman spectroscopy and one-
dimensional convolutional neural network. Food Chem. 385, 132655.
doi: 10.1016/j.foodchem.2022.132655

Xiang, Y., Chen, Q. Su, Z., Zhang, L., Chen, Z., Zhou, G,, et al. (2022). Deep
learning and hyperspectral images based tomato soluble solids content and
firmness estimation. Front. Plant Sci. 13. doi: 10.3389/fpls.2022.860656

Xiao, Q., Bai, X, Gao, P., and He, Y. (2020). Application of convolutional neural
network-based feature extraction and data fusion for geographical
origin identification of radix astragali by visible/short-wave near-
infrared and near infrared hyperspectral imaging. Sensors 20, 4940. doi: 10.3390/
520174940

Xiao, Q., Tang, W., Zhang, C., Zhou, L., Feng, L., Shen, J., et al. (2022). Spectral
preprocessing combined with deep transfer learning to evaluate chlorophyll
content in cotton leaves. Plant Phenomics 2022, 9813841. doi: 10.34133/2022/
9813841

Xia, J., Zhang, W., Zhang, W, Yang, Y., Hu, G., Ge, D,, et al. (2021). A cloud
computing-based approach using the visible near-infrared spectrum to classify
greenhouse tomato plants under water stress. Comput. Electron. Agric. 181, 105966.
doi: 10.1016/j.compag.2020.105966

frontiersin.org


https://doi.org/10.1016/j.jag.2015.08.008
https://doi.org/10.3389/fpls.2021.693521
https://doi.org/10.1016/j.saa.2022.121432
https://doi.org/10.1016/j.saa.2022.121432
https://doi.org/10.3390/agronomy12081915
https://doi.org/10.3390/rs14061337
https://doi.org/10.1007/BF01338151
https://doi.org/10.1029/2007JG000676
https://doi.org/10.1029/2007JG000676
https://doi.org/10.3390/agriculture11121274
https://doi.org/10.1016/j.infrared.2022.104037
https://doi.org/10.1016/j.infrared.2022.104037
https://doi.org/10.3390/agronomy12061319
https://doi.org/10.3390/agronomy12061319
https://doi.org/10.1016/j.chemolab.2012.07.010
https://doi.org/10.1016/j.talanta.2020.121971
https://doi.org/10.1177/09670335221098527
https://doi.org/10.1016/j.biosystemseng.2012.09.005
https://doi.org/10.1016/j.biosystemseng.2012.09.005
https://doi.org/10.1016/j.compag.2019.04.019
https://doi.org/10.3389/fpls.2021.631573
https://doi.org/10.3964/j.issn.1000-0593(2013)12-3372-05
https://doi.org/10.3390/rs13061128
https://doi.org/10.1016/j.infrared.2022.104094
https://doi.org/10.1002/jsfa.8996
https://doi.org/10.1016/j.rse.2021.112826
https://doi.org/10.1016/j.foodchem.2021.130668
https://doi.org/10.1016/j.foodchem.2022.132655
https://doi.org/10.3389/fpls.2022.860656
https://doi.org/10.3390/s20174940
https://doi.org/10.3390/s20174940
https://doi.org/10.34133/2022/9813841
https://doi.org/10.34133/2022/9813841
https://doi.org/10.1016/j.compag.2020.105966
https://doi.org/10.3389/fpls.2022.1080745
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Xiao et al.

Yuan, R, Liu, G, He, J., Wan, G., Fan, N,, Li, Y., et al. (2021). Classification of
lingwu long jujube internal bruise over time based on visible near-infrared
hyperspectral imaging combined with partial least squares-discriminant analysis.
Comput. Electron. Agric. 182, 106043. doi: 10.1016/j.compag.2021.106043

Yun, Y., Li, H,, Wood, L. R. E,, Fan, W., Wang, J., Cao, D,, et al. (2013). An
efficient method of wavelength interval selection based on random frog for
multivariate spectral calibration. Spectrochimica Acta Part a-Molecular
Biomolecular Spectrosc. 111, 31-36. doi: 10.1016/j.5a.2013.03.083

Zhang, D., Chen, G, Yin, X,, Hu, R,, Gu, C,, Pan, Z, et al. (2020c). Integrating
spectral and image data to detect fusarium head blight of wheat. Comput. Electron.
Agric. 175, 105588. doi: 10.1016/j.compag.2020.105588

Zhang, J., Cheng, T., Shi, L, Wang, W., Niu, Z., Guo, W., et al. (2022b).
Combining spectral and texture features of uav hyperspectral images for leaf
nitrogen content monitoring in winter wheat. Int. J. Remote Sens. 43, 2335-2356.
doi: 10.1080/01431161.2021.2019847

Zhang, ], Liu, Y., He, Y., Hu, G., and Bai, N. (2020a). Characterization of deep
green infection in tobacco leaves using a hand-held digital light projection based

Frontiers in Plant Science

13

10.3389/fpls.2022.1080745

near-infrared spectrometer and an extreme learning machine algorithm. Analytical
Lett. 53 (14), 2266-2277. doi: 10.1080/00032719.2020.1738452

Zhang, J., Yang, Y., Feng, X., Xu, H., Chen, J., and He, Y. (2020b). Identification
of bacterial blight resistant rice seeds using terahertz imaging and hyperspectral
imaging combined with convolutional neural network. Front. Plant Sci. 11.
doi: 10.3389/fpls.2020.00821

Zhang, L., Wang, Y., Wei, Y., and An, D. (2022c). Near-infrared hyperspectral
imaging technology combined with deep convolutional generative adversarial
network to predict oil content of single maize kernel. Food Chem. 370, 131047.
doi: 10.1016/j.foodchem.2021.131047

Zhang, Q., Ma, L., Chen, X,, Lin, J,, Yin, C,, Yao, Q,, et al. (2022). Estimation of
nitrogen in cotton leaves using different hyperspectral region data. Notulae
Botanicae Horti Agrobotanici Cluj-Napoca 50 (1), 12595. doi: 10.15835/
nbha50112595

Zhou, L., Zhang, C,, Liu, F,, Qiu, Z, and He, Y. (2019). Application of deep
learning in food: A review. Compr. Rev. Food Sci. Food Saf. 18, 1793-1811.
doi: 10.1111/1541-4337.12492

frontiersin.org


https://doi.org/10.1016/j.compag.2021.106043
https://doi.org/10.1016/j.saa.2013.03.083
https://doi.org/10.1016/j.compag.2020.105588
https://doi.org/10.1080/01431161.2021.2019847
https://doi.org/10.1080/00032719.2020.1738452
https://doi.org/10.3389/fpls.2020.00821
https://doi.org/10.1016/j.foodchem.2021.131047
https://doi.org/10.15835/nbha50112595
https://doi.org/10.15835/nbha50112595
https://doi.org/10.1111/1541-4337.12492
https://doi.org/10.3389/fpls.2022.1080745
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

	Visible and near-infrared spectroscopy and deep learning application for the qualitative and quantitative investigation of nitrogen status in cotton leaves
	1 Introduction
	2 Materials and methods
	2.1 Sample preparation
	2.2 Spectra acquisition
	2.3 Measurements of leave nitrogen concentration
	2.4 Data analysis methods
	2.4.1 Convolutional neural network
	2.4.2 Conventional models
	2.4.3 Wavelengths selection
	2.4.4 Software and model evaluation


	3 Results
	3.1 Spectra features
	3.2 Wavelengths selection
	3.3 Classification models
	3.3.1 Classification models using full spectra
	3.3.2 Classification models using optimal wavelengths

	3.4 Regression models
	3.4.1 Regression models using full spectra
	3.4.2 Regression models using optimal wavelengths
	3.4.3 Identification of leaf nitrogen status based on the predicted LNC


	4 Discussion
	5 Conclusion
	Data availability statement
	Author contributions
	Funding
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


