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Using three deep learning models to analyze NIR data of tobacco-pectin, aiming to extract features for predictions of pectin
concentrations.

Public summary

m Applying deep learning (DL) to address the complex nonlinearity in NIR data has overcome the limitations of tradition-
al linear modeling methods like partial least squares (PLS), offering fresh approaches to analytical problems.

m Using DL techniques for in-depth quantitative analysis of key factors like pectin concentration in tobacco leaf enhances
our understanding of tobacco and provides references for future analyses of similar complex systems.

m Our research serves as another example for the effectiveness of DL models to yield accurate results in applications.
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Abstract: In the near-infrared (NIR) spectroscopic data of complex sample systems, such as tobacco leaves, nonlinearity is
fairly significant between the absorbance and concentration. This nonlinearity severely degrades the quantitative results of
traditional methods, such as partial least squares regression (PLS), which can be used to construct linear models. The prob-
lem was addressed in this study by using deep learning (DL). We employed three different DL models: a one-dimensional
convolutional neural network (1D CNN), a deep neural network (DNN), and a stacked autoencoder with feedforward neur-
al networks (SAE-FNNs). By carefully selecting and tuning the architectures and parameters of these models, we were
able to find the most suitable model for dealing with such nonlinear relationships. Our experimental findings reveal that
both the DNN and the SAE-FNN models excel in addressing the nonlinear issues of pectin concentration in tobacco, sur-
passing the performance of the classic linear model (PLS). Specifically, the DNN model stands out for its low average root
mean squared error of prediction (RMSEP) value and small standard deviation (SD) of RMSEPs, leading to a tighter and
more centered distribution of residuals in the prediction set. These DL models not only proficiently identify complex pat-
terns within NIR data but also boast high prediction accuracy and fast implementation, demonstrating their effectiveness in

analytical applications.
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1 Introduction

Near-infrared (NIR) spectroscopy features fast measurement,
high efficiency and low cost!”. Especially when combined
with chemometric analysis, NIR spectroscopy plays a signi-
ficant role in the quantitative analysis of complex sample sys-
tems in many fields, such as tobacco, petroleum, pharmaceut-
icals, and food" ™. For quantitative modeling of NIR data,
classical chemometric methods, which are mostly based on
principal component analysis (PCA) and partial least squares
(PLS) methods in conjunction with spectral preprocessing,
have been widely adopted with positive results®”. However,
the classical chemometric methods still have certain limita-
tions, including the inability to fully capture the complex non-
linearities inherent in datasets, potential overfitting issues, re-
liance on preprocessing techniques, limited scalability, and
reduced adaptability. Despite preprocessing advancements,
they struggle to fully simulate nonlinearities in complex
samples.

The Lambert—Beer law serves as the foundation for quantit-
ative NIR spectroscopy, offering a straightforward relation-
ship between the substance concentration and light absorp-
tion intensity. However, real-world conditions often deviate
from the idealized assumption of this law'. Factors such as
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sample heterogeneity”, nonlinear absorption characteristics”,
stray light"'!, and variations in temperature and pressure!'” can
introduce nonlinearities into NIR spectroscopy. Indeed, non-
linearity is a “fact of life” in NIR analysis, and nonlinearity
between the sample spectrum and the reference value is inev-
itable!”l. Traditional linear methods, e.g., PLS, may not be
able to adequately capture the complex underlying nonlinear
effects in data, leading to unsatisfactory prediction results.
Therefore, developing new methods that can address these
nonlinearities is highly practical.

Recently, deep learning (DL) has emerged as a powerful
approach for addressing nonlinearities in quantitative analys-
is, offering both modeling and feature extraction capabilities.
Currently, there are two DL approaches for spectral predict-
ive modeling. One is the supervised approach using convolu-
tional neural networks (CNNs)!*I and deep neural networks
(DNNs)!'*'". The other approach involves extracting deep
spectral features in an unsupervised manner, which are sub-
sequently used to predict target chemical concentrations in a
supervised manner. A typical method of this approach is the
use of stacked autoencoders with feedforward neural net-
works (SAE-FNNs)'*'". These nonlinear methods are not
only capable of more accurately capturing complex data
relationships but also minimize the need for manual feature
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selection™, thus offering a more objective and efficient
framework for data analysis.

In this study, the 1D CNN, which is appropriate for one-
dimensional spectral analysis, the DNN, and the SAE-FNN
were employed for the quantitative analysis of complex
sample systems combined with spectroscopy. The DL meth-
ods were compared with the PLS regression model, which
was preprocessed via multiplicative scatter correction (MSC)
and standard normal variate (SNV) techniques. The prepro-
cessing steps MSC and SNV were applied to the PLS model
to mitigate issues related to baseline shifts and scattering ef-
fects in the NIR data, ensuring a fair comparison of model
performance in handling nonlinearity and improving the ro-
bustness of the analysis. We have adapted appropriate archi-
tectures and hyperparameters for these three DL models,
which are the prerequisites for comparison. The findings
highlight that DNNs excel in prediction, offering robust per-
formance and a remarkably narrow range of distributions of
residuals. While the SAE-FNN does not match the perform-
ance of the DNN, it has notable strengths and serves as a vi-
able alternative. With respect to the 1D CNN, its perform-
ance is less desirable for modeling nonlinearity and is not re-
commended for quantitative analyses of the NIR spectra of
tobacco leaves.

2 Materials and methods

2.1 Data collection

The dataset comprises the NIR spectra of tobacco leaves and
their pectin concentrations from laboratory measurements.
There were 201 tobacco leaves from Yunnan, Guizhou,
Hubei, Chongqing, Fujian, and Anhui production areas in
2014-2015 provided by China Tobacco Chongqing Industrial
Co., Ltd., and China Tobacco Anhui Industrial Co., Ltd.

The tobacco leaves were maintained at 22 °C and 60% hu-
midity for 48 h. The tobacco leaves were then dried strictly
according to the standard operating procedures of YC/T31-
1996, ensuring a precise moisture measurement. Following
drying, the samples were ground and passed through a 40-
mesh sieve. At least 150 g of the processed tobacco powder
was compressed via a press, resulting in a smooth, crack-free
surface. The 3-minute compression process guaranteed a con-
sistent thickness of at least 10 mm.

The spectra of the tobacco leaves were collected on a
Thermo Antaris IT FT-NIR spectrometer (Thermo Scientific
Thermo Electron Inc., USA) according to the method spe-
cified in DB/T497-2013. As shown in Fig. 1, the wavenum-
bers of the tobacco leaves range from 10000 cm™ to 4000
cm', with an interval of 4 cm™, and each individual has 1557
absorbances.

The pectin mass percentage of the tobacco leaves was
measured via the standard m-hydroxydiphenyl method.

2.2 PLS method

PLS is known for its ability to establish a definitive relation-
ship between the spectra and the response variables’. PLS
achieves this by constructing new predictor variables, known
as latent variables, which are linear combinations of the ori-
ginal predictor variables. It is therefore a linear chemometric
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Fig. 1. NIR spectra of tobacco.

regression model.
2.3 DNN method

A deep neural network (DNN) is a feedforward, artificial
neural network with more than one layer of hidden units
between its inputs and outputs™*!. In the neural network,
each neuron performs a nonlinear transformation on the input
signal through an activation function. In the connection rela-
tionship, the connection between every two neurons indicates
that the passed data are weighted.

Compared with general artificial neural network (ANN)
models, DNNs, which are characterized by numerous hidden
layers and a large number of units per layer, are very flexible
models with a vast array of parameters. This makes them cap-
able of modeling highly complex and highly nonlinear rela-
tionships between inputs and outputs®!. Additionally, DNNs
include dropout layers to prevent overfitting, whereas ANNs
generally have fewer layers and neurons and may lack dro-
pout layers for controlling overfitting.

2.4 1D CNN method

Currently, CNNs are among the most popular types of DL
tools applied in analytical chemistry. Unlike traditional DNN
architectures with fully connected layers, the CNN™! relies
on convolution kernels to mutualize weights among a given
layer, leading to a substantial decrease in the number of train-
able parameters and a short learning time. Traditional CNNs
designed for high-dimensional data cannot be used directly
for the input data of one-dimensional sequences such as NIR
spectra. Thus, an improved 1D CNN is needed.

The 1D CNN model® is composed of three types of
layers™”, namely, the convolutional, pooling, and fully con-
nected layers. The convolutional layer extracts features from
the inputs, the pooling layer reduces the dimensionality of the
input feature, and the fully connected layer connects the out-
puts from previous layers to the desired target outputs.

Neural networks represent a powerful nonlinear modeling
technique that uses neurons as an architectural structure. Each
neuron consists of a linear combination of all inputs, or neur-
ons from a previous layer, and transforms them via a nonlin-
ear activation function, for example, a rectified linear unit
(ReLU)[:x.zs].

2.5 SAE-FNN method
In this study, the DL method is composed of a stacked
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autoencoder (SAE) and a feedforward fully connected neural
network (FNN)®. The key steps of the developed SAE-FNN
model can be described in two stages: SAE pretraining and
FNN fine-tuning. In the first stage, an SAE is used to extract
deep spectral features from the NIR image. In the second
stage, an FNN layer is added to the last encoding layer of the
pretrained SAE. Finally, an SAE-FNN regression model is es-
tablished on the basis of the deep spectral features.

An SAEP is a deep neural network superimposed from a
simple autoencoder (AE) structure. The depth feature reduc-
tion extraction of the SAE is essentially an encoding process,
which nonlinearly maps a training input into hidden layers
through a mapping function. The mapping function in SAE
transforms input data into lower-dimensional feature repres-
entations through nonlinear transformations. The SAE stacks
AE layers to progressively reduce the dimensions, eliminat-
ing redundancy while preserving essential information. It op-
timizes the reconstruction error to retain key information, es-
pecially related to chemical compositions. Its deep structure
facilitates hierarchical learning, capturing multilevel critical
information.

2.6 Hyperparameters of the DL models

In machine learning, hyperparameters are parameters whose
values are set before starting the learning process. Setting hy-
perparameters usually depends on the experiences and trial-
and-error strategies of researchers.

The number of epochs defines the number of times the
complete training dataset will be propagated through the neur-
al network. The learning rate (LR) is one of the most import-
ant hyperparameters and controls the degree to which the
model weights are adjusted in response to the estimated error
each time. The batch size determines the number of training
samples used in each parameter update. A large batch size
may oversimplify the model, hindering its ability to capture
the complexity of the data and affecting its generalization
ability. To better capture the inherent relationships within the
data, small batch sizes were selected for this study. RMSProp,
as an optimizer, was first proposed by Tieleman and Hinton""
and is able to converge well in the presence of an unstable ob-
jective function. The Adam!™ optimizer has significant ad-
vantages, such as computational efficiency and few require-
ments for fine-tuning.

For the three DL methods used in this study, the outputs of
each hidden layer are transformed by the activation function
to capture nonlinearity. The ReLU introduces nonlinearity in
the neural network with its simple, piecewise-linear function.
This property allows the network to capture complex, nonlin-
ear patterns in the data. The PreLU introduces learnable para-
meters that allow the neural network to learn more complex
nonlinear features. The Leaky rectified linear unit (Leaky
ReLU) introduces a slight negative slope, enhancing the mod-
el’s capacity to manage negative inputs and enabling the net-
work to learn a broader spectrum of nonlinear patterns. The
exponential function of the exponential linear unit (ELU)
renders it nonlinear in the negative region, a crucial property
that enables the neural network to effectively learn and cap-
ture the intricate patterns and structures inherent in the data.
The continuously differentiable exponential linear unit
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(CELU), an extension of the ELU, incorporates learnable
parameters for fine-tuning the shape of the negative part. This
adaptability allows CELU to accommodate diverse data dis-
tributions, enhancing the network’s ability to model nonlin-
earity more effectively.

2.7 Evaluation metrics

In this study, the accuracy of the models was evaluated with
the root mean squared error of calibration (RMSEC) and
coefficient of correction determination (R?). To evaluate the
generalization performance of the models, we used the root
mean squared error of prediction (RMSEP) and coefficient of
predictive determination (R). We repeated the process of
training the DL models ten times and took the standard devi-
ation (SD) of ten RMSEPs as an indicator of model robust-
ness. Generally, larger values of R* and smaller bias and
RMSE values indicate better model performance. The defini-
tions are shown in Egs. (1), (2), (3), (4), and (5).

i P —yci)z
1 i=1

i (M
Z(yci_yc)z

2

where n. is the number of calibration spectra, i refers to the
ith measurement spectrum, Jei is the predicted value for calib-
ration, y,; is the actual calibration value, and y, is the mean of
the calibration values.

Z (3\)1:1( _ypk)2
=1t )

D bu-)

k=1

i (.)A/pk - ypk)z

—_— 4)

n,

RMSEP =

where n, is the number of prediction spectra, k refers to the
kth measurement spectrum, Jy is the predicted value for pre-
diction, y, is the actual prediction value, and y, is the mean
of the prediction values.

M

" (RMSEP, - RMSEP)

J
1 ; (&)
where RMSEP; is the jth RMSEP, RMSEP is the average
value of all RMSEPs and M is the number of RMSEPs, which
is 10 in this study.
The PRD" is the ratio of the standard deviation of the
measured value to the RMSEP. The PRD is commonly em-
ployed to evaluate prediction errors and is frequently utilized

SD =
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in analyzing a predictive model’s performance on a predic-
tion set. A PRD value less than 1.0 indicates a model with
very poor predictive capability, whereas a value between
1.0 and 1.4 suggests a model with poor predictive capability.
A range of 1.4-1.8 indicates limited predictive capability,
whereas a range of 1.8-2.0 suggests an average predictive
capability. A PRD value between 2.0 and 2.5 indicates good
predictive capability, and a value above 2.5 indicates
excellent predictive capability. The definition is shown in Eq.

(6).

1 < —o
—2,0u-3)
P k=1
— (6)
1 &,
n_ Z (ypk _ypk)z

P k=1

PRD =

where y is the average actual concentration of the prediction
set.

The models were trained and evaluated on Google Colab
(version “0.0.1a2”). PLS modeling was conducted with the
scikit-learn Python library (version “1.2.2”). For the DNN,
PyTorch (version “2.1.0”) was utilized and optimized for per-
formance on systems with CUDA 11.8 support. The 1D CNN
and SAE-FNN architectures were implemented through
TensorFlow (version “2.14.0”).

3 Results

The dataset contains the NIR spectra of 201 tobacco leaves
scanned by the FT-NIR spectrometer, each containing a total
of 1557 absorbances, alongside its corresponding pectin con-
centration obtained from chemical measurements. The data-
set was divided into calibration and prediction sets according
to the SPXY®! method on a 3 . 1 basis. The number of
samples in the calibration set was 151, and the number of
samples in the prediction sets was 50. Given the limitations of
the number of spectra, we did not use cross-validation in this
study to assess whether the models exhibited overfitting.
Instead, we relied on the performance of the calibration and
prediction sets to make a combined judgment regarding the
model’s generalization ability.

3.1 Modeling data

The prerequisite for comparing the modeling effects of differ-
ent models is to select the optimal hyperparameters for the
corresponding models.

3.1.1 PLS method

The number of latent variables is a key parameter of PLS,
which concerns the prediction capability of the PLS model.
We plotted the variation in the prediction residual error sum
of squares (PRESS) values against the number of latent vari-
ables in the PLS model and finalized 9 latent variables.

3.1.2 DL architectures

The DNN spectral model structure, illustrated in Fig. 2a,
consists of three fully connected layers. The input is a 1-
dimensional raw spectral segment, and the output is the
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predicted concentration of pectin. The first hidden layer is fol-
lowed by a dropout layer to minimize overfitting. The dro-
pout ratio is 0.5. Fig. 2b shows the network structure of the
1D CNN model. The network consists of three convolutional
layers, each followed by an activation function and a pooling
layer (or a flatten layer). The number of neurons in the convo-
lutional layers increases sequentially to 8, 16, and 32, all with
a kernel size of 3. The network ends with two fully connec-
ted layers. As shown in Fig. 2c, the SAE-FNN encoder con-
tains two fully connected layers, and each hidden layer em-
ploys a sigmoid activation function. The decoder also has two
fully connected layers, but different activation functions are
used.

3.1.3 Selection of hyperparameters for the DNN Model

When adjusting and correcting errors of the DNN structure, a
comprehensive approach is indispensable. In addition to op-
timizing the model architecture by strategically adjusting the
number of layers and neurons, meticulous tuning of hyper-
parameters is crucial. In addition to these structural considera-
tions, selecting the appropriate optimization algorithm and
fine-tuning its internal parameters are vital for enhancing the
efficiency and stability of the model during the training phase.
These algorithms govern how the model updates its weights
and biases on the basis of the error gradients, thereby guiding
the learning process toward minimizing prediction errors.

In Fig. 3a and b, the epoch-RMSEC curves for ReLU are
notably higher than those for the other activation functions,
including ELU, PReLU, leaky ReLU and CELU. This find-
ing indicates that the ReLU is unsuitable for the DNN model.
The curves for LR=0.001 and LR=0.0005 sharply fluctuate
compared with those for LR=0.0001. The curve for
LR=0.0001 no longer decreases after 2500 epochs. Hence, we
determine the model’s initial learning rate to be 0.0001 and
the number of epochs to be 2500, resulting in more stable
performance.

The epoch RMSEC curves obtained by both the CELU and
ELU methods highly overlap, as shown in Fig. 3c. Further in-
vestigations revealed that CELU consistently produces more
stable results. Therefore, we select the CELU as the activa-
tion function. For the DNN model, we choose a small train-
ing batch size of 8. The model uses the mean squared error
(MSE) and the Adam optimizer, which increase the predic-
tion accuracy and training efficiency.

3.1.4 Selection of hyperparameters for the 1D CNN
Model

In Fig. 4c, the overall performance of the epoch-RMSEC
curves for LR=0.0001 is deemed unstable and therefore not
selected. Additionally, for Fig. 4a and b, the PReLU curves
indicate low RMSEC values, suggesting a good model fit. In
Fig. 4b, the PReLU curve exhibits minimal vibrational signi-
ficance, leading to the selection of LR=0.0005 as the initial
learning rate and PReLU as the activation function. In Fig.
4b, the PReLU curve does not exhibit a decreasing trend after
2500 epochs. Therefore, we opt for 2500 epochs. Our final
model configuration includes a batch size of 8, the Adam
optimizer, and MSE as the loss function.
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Fig. 2. Schematic structure of the three deep learning models. (a) Structure of the DNN model. (b) Structure of the 1D CNN model. (¢) Structure of the

SAE-FNN model.

3.1.5 Selection of hyperparameters for the SAE-FNN
model

As illustrated in Fig. 5, the curves at LR=0.0001 appear to be
stable and relatively smooth. Therefore, 0.0001 is chosen as
the initial learning rate. At LR=0.0001, the ReLU curve has
the smallest RMSEC values, indicating good model fit.
Therefore, we opt for ReLU. Additionally, at LR=0.0001,
after 10000 epochs, the ReLU curve no longer shows a de-
creasing trend; hence, the number of epochs is set to 10000.
The batch size is set at 256, and in the SAE-FNN model, we
employ RMSProp as the optimizer and MSE as the loss
function.
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3.2 Model performance

3.2.1 Evaluation of model performance

From Table 1, the RMSEP values for the PLS model, after
preprocessing with MSC or SNV, are unexpectedly worse
than those for the unprocessed model. This finding indicates
that MSC and SNV preprocessing, intended to correct
baseline shifts and scattering, actually degrades the PLS
model’s performance. These results suggest that these meth-
ods may introduce noise or artifacts, reducing the model’s ac-
curacy. In contrast, the unprocessed PLS model performed
better, highlighting that MSC and SNV may have been detri-
mental for this dataset. This underscores the need to carefully
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Fig. 3. Epoch-RMSEC relationship for different activation functions in the DNN model with varying learning rates. (a) LR=0.001. (b) LR=0.0005. (c)

LR=0.0001.

evaluate preprocessing techniques to ensure that they im-
prove, rather than impair, model performance. The sub-
sequent sections perform comparative analysis using the un-
processed PLS model, which demonstrated better predictive
performance.

Compared with the classical linear model PLS approach,
we evaluated the performance of three models: the 1D CNN
model, the DNN model, and the SAE-FNN model. The
results for the calibration and prediction sets are shown in
Table 1. The PRD values of all four models are between 2.0
and 2.5, which means that they are very good predictive mod-
els. Table 1 also shows that the 1D CNN has the longest
runtime, which is up to 20 min, whereas the DNN and SAE
models have runtimes of 3 min and 2 min, respectively.

Compared with the PLS model, the DNN model has a
smaller value of RMSEC and a larger R?, indicating that it is
a good model for the calibration set. Its performance is also
good for the prediction model. The average RMSEP for the
DNN is 0.43, indicating that it is one of the most effective
methods. Additionally, its low SD value of just 0.01 signifies
the model’s commendable robustness and consistency in per-
formance. The results show that the DNN model has a very
good ability to generalize, and the likelihood of overfitting is
low.

The performance of the 1D CNN method on the calibra-
tion set is better than that of the PLS method, with a larger R?
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and a smaller RMSEC. However, its performance on the pre-
diction set is inferior to that of the PLS method. The 1D CNN
results in an average RMSE value of 0.48, which is among
the largest values of all the models. Coupled with an SD of
0.02, there is a notable fluctuation in the range of results ob-
tained each time, indicating poor robustness in performance.
In comparison, the SAE-FNN method yields better results
than does the PLS method for the calibration set. However, in
the prediction set, the performance of the SAE-FNN is com-
parable to that of PLS. Given that PLS establishes a clear
quantitative relationship, it consistently yields definitive
RMSE results. In contrast, the SAE-FNN, with an SD of 0.02,
exhibits a certain degree of variability in its outcomes.

3.2.2 Distribution of residuals

The residual denotes the difference between the model’s es-
timation and the actual measurement. The presence of resid-
uals of approximately O signifies strong predictive ability.
Therefore, we calculated the 10% and 90% quantiles of the
distribution of residuals for each model, as listed in Table 2.
The upper quantile (90%) signifies that 90% of the residuals
are less than or equal to this upper quantile, thereby represent-
ing the upper boundary of the distribution of residuals.
Conversely, the lower quartile (10%) denotes the lower
boundary. The narrower the gap is between the upper quartile
(90%) and the lower quartile (10%), the more concentrated
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Fig. 4. Epoch-RMSEC relationship for different activation functions in the 1D CNN model with varying learning rates. (a) LR=0.001. (b) LR=0.0005.

(¢) LR=0.0001.

the distribution of the residuals becomes. This indicates that
the model makes more accurate predictions, resulting in a
smaller range of prediction errors. We also draw scatter plots
of the distributions of the residuals for the various models on
the prediction set, as shown in Fig. 6.

A narrow range of residuals and closeness to 0 for the SAE-
FNN and DNN models indicate that the predicted values are
close to the actual values, implying that the results predicted
by these models are more accurate, especially in the case of
the DNN model. Moreover, the residuals of the SAE-FNN
and DNN models being more aggregated at approximately 0
typically suggest that these models are better than the PLS
model at fitting the data in terms of capturing the primary
trends and patterns in the data. A small and aggregated distri-
bution of residuals indicates that the model neither overfits
the noise of the training data (overfitting) nor ignores import-
ant features in the data (underfitting).

4 Discussion

On the basis of the above results, we realized that the quantit-
ative results of the 1D CNN are unsatisfactory, and we identi-
fied possible explanations from related research”. The in-
puts of nonlinear functions are one-dimensional vectors, and
convolution is a local operator rather than a global operator.
This means that the convolution kernel affects only a portion
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of the sequence rather than the entire series. This contradicts
the aim of nonlinear regression. Therefore, the original
architecture of the 1D CNN is not suitable for nonlinear
regression.

Better quantitative outcomes were achieved through model-
ing with the SAE-FNN method. SAE-FNN models often have
strong generalizability because they can learn a generalized
feature representation of the data. For SAE-FNN, the stack-
ing of self-encoders usually involves layer-by-layer pretrain-
ing, which helps the model initialize the weights without la-
bels. Afterwards, a small amount of labeled data can be used
to fine-tune the entire network, which allows the knowledge
gained from unsupervised learning to be utilized in super-
vised learning tasks. Self-encoders are usually robust to noise
and outliers in the input data during the feature learning pro-
cess because of their ability to reconstruct key features from
noisy data. During the SAE training process, after artificially
adding noise to the input data, the SAE reconstructs the ori-
ginal and clean data from the noisy input, with a focus on
learning the key features. These features are progressively ab-
stracted in the hidden layers, removing noise while pre-
serving the information necessary for accurate reconstruction.
The FNN receives the key features extracted by the SAE and
performs precise feature mapping and regression. As a result,
SAE-FNN integration significantly enhances the system’s ro-
bustness to noise and outliers.
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Table 1. Regression parameters of the three DL models and the PLS model.

Method Calibration Prediction Av.erage timei for
R? RMSEC RZ RMSEP (Mean + SD) PRD modeling operations (s)
None-PLS 0.77 0.58 0.76 0.44 2.1 3
SNV-PLS 0.79 0.56 0.73 0.50 1.8 3
MSC-PLS 0.79 0.56 0.51 1.00 0.9 3
DNN 0.74 0.63 0.78 0.43+0.01 2.1 180
1D CNN 0.81 0.53 0.76 0.48+0.02 2.0 1200
SAE-FNN 0.81 0.53 0.78 0.44+0.02 2.1 120

Table 2. Lower and upper quantiles (10% and 90%) for the scaled distri-

bution of residuals.

Model Lower quantile (10%) Upper quantile (90%)
PLS —-0.95 1.14
1D CNN —0.85 1.33
DNN -0.74 0.85
SAE-FNN —0.98 1.02

On the basis of the above findings, employing the DNN
method for nonlinear quantitative modeling yields impressive
outcomes. For the fully connected layer of the DNN model,
each neuron is connected to all the neurons in the previous
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layer, and each connection has a weight. This indicates that
neural networks have the ability to learn various combina-
tions of weights, including nonlinearity. Each neuron can
weigh and combine inputs, introducing nonlinearity through
an activation function. Furthermore, by stacking multiple
fully connected layers, neural networks can learn multiple
levels of feature representation, allowing them to better cap-
ture complex relationships in the data. The layer-by-layer
structure of neural networks allows them to gradually extract
and combine features, thus better adapting to nonlinearity.
Overall, the DNN model trained with large numbers of
NIR spectra has stronger nonlinear fitting ability and
generalization ability. It adeptly extracts features from NIR
spectra, thereby enhancing the accuracy of predictive analys-
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Fig. 6. Prediction residual plots for the three DL models and the PLS
model.

is. The SAE-FNN model, developed through unsupervised
learning, effectively manages nonlinearity in NIR spectra and
shows a commendable generalization ability. However, in
terms of the predictive power and robustness of the model,
the SAE-FNN falls short of the DNN. Therefore, for nonlin-
ear modeling based on NIR spectra, the DNN model is highly
recommended for its efficacy, with the SAE-FNN as a viable
alternative. Conversely, the 1D CNN, owing to its limited
generalization ability and prolonged analysis duration, is not a
choice for the quantitative regression of nonlinearity in NIR
spectra.

5 Conclusions

This study explores three DL methods for modeling and ana-
lyzing nonlinearity in NIR spectra. Traditional linear meth-
ods are often ineffective in capturing complex and multidi-
mensional relationships presented in chemical datasets. DL
models, such as the DNN and the SAE-FNN, are able to learn
and recognize these complex data structures through their
multilayer and nonlinear processing capabilities. The DNN
and SAE-FNN methods not only improve the accuracy and
reliability of the analysis but also broaden our understanding
of the intrinsic structure of the data. In particular, the DNN
demonstrates outstanding predictive capabilities, supported by
a significantly narrower range of distributions of residuals.
They also exhibit a high level of generalizability and robust-
ness, making them the choice for quantitative modeling of
nonlinearity. These findings provide new perspectives on
nonlinear quantitative regression analysis, especially its po-
tential and application in dealing with complex chemical data.
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