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Abstract: The success of near-infrared spectroscopy (NIRS) analysis hinges on the precision and
robustness of the calibration model. Shallow learning (SL) algorithms like partial least squares
discriminant analysis (PLS-DA) often fall short in capturing interrelationships between adjacent
spectral variables, and the analysis results are easily affected by spectral noise, which dramatically
limits the breadth and depth application of NIRS. Deep learning (DL) methods, with their capacity
to discern intricate features from limited samples, are progressively integrated into NIRS. In this
paper, two discriminant analysis problems including wheat kernels and Yali pears were used as
examples, and several representative calibration models to research the robustness and effectiveness
of the model. Additionally, this article proposed a near-infrared calibration model, which is based
on gramian angular difference field and coordinate attention convolutional neural networks (G-
CACNN). The research results show that, compared with SL, spectral preprocessing has a smaller
impact on the analysis accuracy of consensus learning (CL) and DL, and the latter has the highest
analysis accuracy in the modeling results of using the original spectrum. The accuracy of G-CACNN
in two discrimination tasks is 98.48% and 99.39%, respectively. Finally, This research compared the
performance of various models under noise to evaluate the robustness and noise resistance of the
proposed method.

Keywords: gramian angular difference field; convolutional neural networks; near-infrared
spectroscopy; coordinate attention; robust model

1. Introduction

Near-infrared spectroscopy (NIRS) analysis technology has been widely used in agriculture [1-
3], food [4-6], medicine [7-9], and other fields due to its fast and non-destructive characteristics [10].
Generally, the response of NIRS is characterized by weak absorption and overlapping peaks.
Therefore, it is necessary to use Principal Component Analysis (PCA), Partial Least Squares (PLS),
and other chemometrics methods to reveal the complex relationship between multiple variables and
targets [11]. Due to the susceptibility of NIRS to environment, instrument status, sample physical
state, etc., it is necessary to introduce spectral preprocessing such as denoising, smoothing, and
standardization to suppress or eliminate the interference before analysis [12]. To eliminate the
influence of interfering variables on model accuracy and robustness, several methods, including
monte carlo uninformative variable elimination (MC-UVE) [13], competitive adaptive reweighted
sampling (CARS) [14], iterative variable subset optimization (IVSO) [15], etc. are introduced to select
useful modeling variables [16]. Several recent studies on the use of NIRS in agricultural product
detection have demonstrated the effectiveness of multivariate calibration models. They include some
new model optimization algorithms such as genetic algorithm (GA), random frog leaping algorithm
(RFLA), particle swarm optimization (PSO), and some classic shallow learning (SL) models such as
PLS and support vector regression (SVR) [17-19]. In the above research, multiple preprocessing and
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data-cleaning methods were integrated into the SL methods. These improvements have to some
extent improved the performance of the model, but the shortcomings of the SL algorithm, such as
lack of non-linear ability and inability to capture the interrelationships between variables, have not
been well addressed. It is necessary to promote the updating of NIRS analysis algorithms.

In spectral analysis, the existence of outliers may lead to the instability of the analysis model and
an increase in prediction error. To overcome the negative influence of outliers in analysis model, the
consensus strategy is introduced in the model construction. Since the consensus learning (CL) uses
the integration results of multiple-member models, the existence of outliers will only affect individual
models and have relatively little influence on the final prediction. Chen, et al. [20] explored the
feasibility of adopting NIRS and consensus learning to improve the diagnosis of colorectal cancer,
multiple weak learners were integrated to construct diagnostic models, and a linear discriminant
classifier (LDA) was used as the random subspace method (RSM) for weak learners. Zhao, et al. [21]
analyzed the reflection spectra of ginseng, and the decision trees (DT) based random forest (RF)
machine learning method was successfully used to establish the model for identifying the growth
year of ginseng.

In the field of spectral combined deep learning (DL) algorithms, The most important benefit of
DL is automatic feature engineering, which reduces the burden of variable selection and
preprocessing. In addition, one-dimensional convolutional neural networks have poor generalization
and low accuracy. The research on converting one-dimensional (1D) signals into two-dimension (2D)
images by different methods including energy grayscale image [22], angle-amplitude image [23], and
binary images [24], etc., and then classifying and recognizing based on DL technology is rising. Hao,
et al. [25] established the DL model based on the NIRS stacked encoding of the Yali pear, which
realized the non-destructive online detection of Yali pear pests. Pu, et al. [26] encoded the terahertz
(THz) time-domain spectra of Pericarpium Citri Reticulatae (PCR) into Graham Angle Field (GAF)
images and Markov Transition Field (MTF) images.

The DL methods have exhibited great potential in qualitative and quantitative analysis of NIRS
due to its strong feature extraction ability and accurate analysis results. In this paper, to fully
understand the application considerations and operational guidelines of DL methods in the
construction of NIRS analysis models, two classification tasks of wheat kernels and Yali pears
browning identification are discussed. Firstly, the spectra are preprocessed, and the qualitative
analysis models of partial least squares discriminant analysis (PLS-DA), random forest (RF), and
convolutional neural network (CNN) are established. The effects of different spectral preprocessing
methods on the prediction accuracy of the above models are discussed. Secondly, the gramian
angular difference field (GADF) is used to convert the spectra of the above two datasets into images,
and four models including PLS-DA, RF, CNN, and coordinate attention convolutional neural
networks (CACNN) based on the images are established [27]. The advantages of GADF in
constructing spectral spatial domain information are determined. Finally, the noisy spectra are
constructed by adding random noise, and various discriminant models representing three modeling
strategies of SL, CL, and DL methods, respectively, were established to examine the robustness of
each model under different noise levels. This research work is expected to fully clarify and utilize the
advantages of DL methods in feature capture and simplify the construction process of DL models for
NIRS analysis.

2. Theory and Algorithm

2.1. Gramian Angular Field (GAF)

GAF is a coding method for converting 1D signals to 2D images [28], which can retain the mutual
difference or sum information of the original 1D signals. The specific calculation process is as follows.

First, the true value of the spectrum signal =0, %5, 003,

calculation formula is shown in Eq. 1.

is scaled into the range [0, 1]. The
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Among them, max(X) and min(X) represent the maximum and minimum values of the

spectrum, respectively, and " represents the scaled result of each element in the spectrum.

0 X=®,5.. 5}

Second, the arccosine value ”i of each element of the scaled spectrum
calculated, and the radius R of the polar coordinates is divided into N segments to mark the position

information of spectrum t at N sampling points. The calculation process is shown in Eq. 2.

6, =arccos®,) , 0<% <1, % e X

rl:i, with t, <N @
N

Finally, according to the definition of Eq. 3, the value of each pixel in the GAF image is obtained
by using the trigonometric function to identify the difference information in different sampling
intervals, where I is a unit row vector. A way to preserve structure dependency was provided, since
the spatial position of the image represents the position of the sampling point. The piecewise
proximate aggregation (PPA) of raw data during converting can be seen as a method of spectra

smoothing.
GADF =[sin(0,-0 )]=VI-X> X -X'\I1-X".
, ®)
GASF =[cos(0, +0,)]= X' X —1-%* 1-%°.
2.2. PLS-DA

PLS-DA is derived from PLS regression [29] and involves forming a regression model between
the X and Y. Assuming there is a decomposition of X and Y, as shown in Eq. 4.

Y=TQ"+F, X=TP'+E (4)

nxr
Where T (T ER™) jqther principal components composed of linear combinations of observed

X7 Ixr
values, PPER™) anq Q@ER™) are the coefficient matrix of r principal components,

nx nxl
E(EER"™) and F (FER™) 4ra the residual matrix. A set of vectors W (W=w1, ws, ..., wr)is found

under the condition of Eq. 4, and this process follows the optimization standard as Eq. 5.

- T T T
w, =argmax,w X YY Xw

®)

st ww=1, wSuw =0, j=0,1,A ,r-1

Where w is the linear combination coefficient of each row in X, and SXX is the sample variance
of X. The algorithm described above improves predictive performance in high-dimensional data by
reducing the dimensionality of the independent variables to capture the maximum common variance
with the response. The final model can be summarized as Eq. 6.

Y =XWB" +b, )

Where Y is the predicted value, X (m x n) represents m samples, each with n features. B is the
transpose of P, and bo is the deviation. PLS will pay attention to the influence of the extracted
components on the dependent variable during principal component extraction. Therefore, PLS
considerably retains the useful information of the data while considering the decisiveness of the
independent variable to the dependent variable.
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In PLS-DA, Y is a set of discrete variables representing categories. Usually represented by +1, -1,
or +1, 0. However, the PLS is designed for continuous variables (regression tasks), and the predicted
output is continuous variables. Therefore, Decision Rules (DR) are used to accurately convert into
meaningful category labels. There are three popular DR methods: (a) naive (maximum value, Max);
(b) cut-off point; and (c) boundary line [29]. The DR method of the PLS-DA algorithm involved in
this article is naive (maximum value, Max).

2.3. Random Forest (RF)

RF method is one of the most widely used consensus learning models, which constructed an
ensemble model by integrating the results of multiple sub-models developed with different training
data subsets formed by using random sampling methods [30]. It consists of multiple decision trees
(DTs) generated based on a combination of bootstrap aggregation and the random subspace method.
Specifically, bootstrap aggregation is a method to construct multiple data subsets by extracting
samples from the original data set. The random subspace method is to randomly select a feature
subset as a candidate for splitting when constructing each split node of the decision tree. This further
increases the diversity of models and helps to prevent over fitting. Each decision tree is generated
based on CART (classification and regression trees). In this study Gini index minimization criterion
is used for feature selection, and the binary tree is generated, recursively. The calculation formula for
Gini index is shown in Eq. 7.

K
Giniindx(p) =) p,(1- p;) )

k=1

where pr is the frequency of category k appearing in the dataset. The DT can select features that
are more important for classification tasks by minimizing the Gini index [31].

In RF, each DT segments the data based on different features and generates a set of rules for
predicting the target variables. During the construction of DTs, randomness is introduced through
sampling with replacement from the original data and considering only a subset of features for node
division. Each DT in RF makes independent predictions during testing, and classification problems
are resolved by voting to select the category with the most votes as the final prediction result. Due to
differences in sample subsets selected by each DT and integration of multiple DTs prediction results,
the RF is relatively robust against missing data and outliers [32].

2.4. Coordinated Attention Convolutional Neural Networks (CACNN)

Convolutional neural network (CNN) is a variant of multi-layer perceptron (MLP), which uses
convolutional operations to capture the features of data. It has been widely used in the classification
of images, sound, and other datasets [33]. CNN is usually composed of three parts: convolution layer,
pooling layer, and fully connected layer. The convolution layer extracts different features from the
image through many different convolution kernels, and the features are kept in different channels.
Different activation functions (AFs) are used to filter out some of these features. The pooling layer is
adapted to retain an important part of the features extracted by the convolutional layer, reduce
parameters. The fully connected layers are used to classify the extracted features.

Many excellent CNN networks have emerged in the evolution of network structures. Among
these classic networks such as LeNet-5, VGG, GoogLeNet, and ResNet, etc., the VGG networks are
widely used in image recognition due to their concise structure, small convolutional kernels, small
pooling kernels, multiple channels, and feature maps with deeper and wider layers [34]. Each
convolution layer uses a 3x3 convolution kernel. Based on this network, a coordinate attention (CA)
module can help the model better locate and focus on important features. is added to CNN to form
CACNN. The network structure is shown in Figure 1.
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Figure 1. Network structure and CA internal structure.

The general attention module compresses the spatial information into the channel descriptor
through global pooling, and it isn't easy to save the position information. CA comprises two parts:
coordinate attention embedding (CAE) and coordinate attention generation (CAG). The spatial
information of crucial features is preserved and enhanced in the new feature map CAE encodes each
channel from two spatial ranges along horizontal and vertical coordinates using pooled cores,
obtaining a global acceptance field and encoding precise position information. The above results are
concatenated and then transformed using the convolutional transformation function. Another two
convolutional transformations change the encoded image into a tensor with the same number of
channels as input.

In this way, long-range dependencies can be captured along one spatial direction, while precise
position information can be preserved along another spatial direction. The resulting feature maps are
then separately encoded into a pair of "direction-aware and position-aware attention maps", which
can be complementary applied to the input feature maps to enhance the representation of objects of
interest.

3. Datasets and Experiments
3.1. Datasets

3.1.1. Wheat Kernel Dataset

The wheat kernel datasets contain NIRS of various wheat kernels. The wheat kernels were
obtained from a seed company in Jiangsu Province, China, in 2019 [35]. They were kept under the
same environmental conditions after harvest (dried, packaged in woven plastic bags, and delivered
to the laboratory). Spectral images of the wheat kernels were collected by an NIR hyperspectral
system with a spectral range from 874 to 1734 nm, and the NIRS were extracted from the
hyperspectral images. The dataset can be found online at:
https://www.frontiersin.org/articles/10.3389/fpls.2020.575810.

The experiment in this article involve 200 samples were randomly selected from HM41 and
JMO919 respectively, totaling 400 samples to the analysis dataset. It is difficult to collect a large number
of spectral samples in actual detection tasks, and random sampling of the original dataset simulates
this situation. Therefore, this measure will be beneficial for the application of this research to other
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spectral datasets. The SPXY method was used to divide the training set and test set at a ratio of 2:1.
The training set contains 136 HM41 samples and 132 J]M919 samples, a total of 268; the test set contains
64 HM41 samples and 68 J]M919 samples, a total of 132 samples.

3.1.2. Yali Pear Dataset

Yali pear browning is a kind of pear heart disease caused by changes in temperature and long
storage time during storage and transportation. Yali pears samples were collected from an orchard
in Hebei Province, China. After picking, they were transported to the laboratory through cold chain
transportation. Before the experiment, these samples were stored at a constant temperature for 24
hours, which can reduce the influence of temperature on spectral acquisition [36]. The pears selected
in the experiment are about 65-75 mm in diameter, and the skin has no noticeable discoloration or
damage. The Vis-NIR of the samples were collected by Ocean Optics INC, QE-65Pro (Dunedin, FL,
USA) high-precision spectrometer. After the spectra collection, the samples were cut one by one along
the center line, and three experienced agricultural experts judged whether browning occurred. A total
of 495 pear samples were collected, and the spectral collection range was 370-1160 nm, with a total of
1024 data points, including 256 healthy pears and 239 browning pears. The SPXY method was used
to divide the training set and test set at a ratio of 2:1. The training set contains 152 healthy pear
samples and 178 browning pear samples, a total of 330; the test set contains 104 healthy pear samples
and 61 browning pear samples, a total of 165 samples.

3.2. Model Evaluation

The performance of the model is evaluated by classification accuracy (Accuracy), positive
sample classification accuracy (RP), and negative sample classification accuracy (RN). The closer the
values of the above three evaluation indicators are to 100%, the stronger the classification ability of
the model is. The calculation formulas of Accuracy, RP, and RN are as Eq. 8.

+
Accuracy=(1— ﬂ) x100%
P+N

P
RP = (1f?e)><100% (8)
RN = (1—Ne)><100%

N

Where P is the total number of positive samples; N is the total number of negative samples; Pe
is the number of positive samples misclassified as negative samples; N. is the number of negative
samples misclassified as positive samples. In the wheat kernel dataset, the HM41 is defined as
positive sample, and the is JM919 defined as negative sample. The positive sample in the Yali pear
dataset is healthy pear, and the negative sample is browning pear.

3.3. Experiments

The experimental process is shown in Figure 2. First, the raw spectra were pretreated with
different preprocessing methods, and the classification models including PLS-DA, RF, and CNN
were developed based on SL, CL, and DL modeling strategies, respectively. The preprocessing
methods involved in the experiment include no preprocessing (None), Savitzky-Golay filter (SG's),
standard normal variate (SNV), multivariate scattering correction (MSC), and continuous wavelet
transform (CWT). Secondly, GADF is used to convert the NIRS to images, and four models including
PLS-DA, RF, CNN, and CACNN were built based on the images and are used again for modeling.
The results of the above four models are analyzed and compared. Finally, the noisy datasets were
introduced by artificially adding noise, and based on the optimal preprocessing method, the PLS-
DA, RF, and CACNN models are established and compared, respectively. The robustness of the SL
model, CL model, and DL model under different noise influences were discussed. At the same time,
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the influence of GADF and CA attention on the models are analyzed by using the saliency
visualization method.

The following are the algorithm optimization methods and parameter settings involved in the
experiment. For the PLS-DA, the cross-validation method is used to search for the components within
1-30. For the RF, the grid search method was used to optimize the number of decision trees and the
maximum depth of decision trees. The search interval of the former is 50-300, with a step size of 50;
The search interval for the latter is 10-100, with a step size of 20. In the training of deep learning
models, the initial learning rate is 0.0005 and decays by 50% every 200 iterations, for a total of 600
iterations. To prevent overfitting, a dropout optimization method was added after the fully connected
layer, with a dropout rate set to 0.25. The structure and parameter settings of CNN are shown in
Table 1. The structure of the CACNN network is roughly the same as that in Table 1, with the CA
attention layer inserted between Convl and Conv2.

Table 1. The structure and parameters of CNN.

Layers Size Number Activation ~ Output
Input 64*64*1 - - -
Convl 3*3 32 ReLU 64*64*32
Conv2 3*3 32 ReLU 64*64*32
Max-Pooling1 2*2 - - 32*32%32
Conv3 3*3 64 ReLU 32*32%64
Max-Pooling2 2*2 - - 16*16*64
Conv4 3*3 128 ReLU 16*16*128
Max-Pooling3 22 - - 8*8*128
GlobalMaxPooling2D - - 128
Densel 128 - ReLU 128
Dense2 2 - Softmax 2
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Figure 2. Experimental flow chart.

All data processing and modeling experiments were performed on the personal computer (CPU:
intel i5-12400f, GPU: GeForce RTX 2060 Super). The software environment is Python3.7.0, and the DL
model is built using the TensorFlow architecture.
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4. Results and Analysis

4.1. Spectral Analysis and GAF Converting

The average spectra of the two categories of wheat kernels are shown in Figure 3a. The difference
between the average spectra of the two categories of samples in the 870-1100 nm and 1200-1400 nm
band is more significant. Absorbance peaks at different bands in the following wavelengths were
most noteworthy: 965-985 nm N-H stretching second overtone band associated with proteins, 1130-
1200 nm second overtone of C-H stretching, which was related to carbohydrates, 1330-1385 nm
combination of C-H stretching and C-H deformation [37].

L5¢ 8000
1.4+ —— HM41 7000 + Healthy
L3F 12 6000 | Browned
g MAr w 5000+
2 LIt g
g g 40001
£ K
: 2 3000
2 09¢ g i
0.8} 2000
0.7} 1000 -
06 ot
0.5 L L L " ) -1000 L " L L L
800 1000 1200 1400 1600 1800 400 600 800 1000 1200
Wavelength (nm) Wavelength (nm)
(a) o)

Figure 3. Average spectra. (a) The average spectra of wheat kernel. (b) The average spectra of Yali
pears.

The average spectra of the two categories of Yali pears are shown in Figure 3b. The average
spectrum of healthy pears is higher than that of browned pears on the whole, and the band of 600-
800 nm is the most obvious, which may be due to the strong absorption of transmitted light by
browning tissue inside the fruit. As the spectra show, there are two absorption peaks at
approximately 700 and 800 nm. The absorption peak at around 700 nm may result from the stretching
and contraction of the fourth overtone of the C-H functional group, while that at around 800 nm may
be related to the stretching and contraction of the third overtone of the N-H functional group [38].

The GAF encoding process of the average spectra of the two datasets are shown in Figure 4. and
the color change from blue to red corresponds to the increment of the value in the pixel. After the
polar coordinate transformation, the NIR numerical fluctuations are transformed into angular
changes. The encoded GASF image is symmetrical along the main diagonal, and the main diagonal
represents the original 1D NIRS sequence. In the GADF image, the main diagonal is always 0, and
the pixel values of two symmetrical points along the main diagonal are opposite to each other, which
is caused by the exchange of the difference order. The spectral feature information is enriched with
GADF by exploring the difference in the value of different positions in a single spectral sequence.
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Figure 4. Schematic diagram of GAF converting process.
4.2. Spectra Discriminative Model Analysis

4.2.1. Wheat Kernel Dataset

The results of the PLS-DA, RF, and CNN discrimination models for wheat kernels are shown in
Table 2, and the influence of different spectral preprocessing methods on the modeling results of the
above various models is analyzed. The standard deviation (SD) between each set of evaluation
indicators is used to measure the impact of preprocessing methods on modeling results. From the
table, it can be seen that different preprocessing methods have the greatest influence on the PLS-DA
model, and the SD of the accuracy is 1.27%. The average accuracy of the three modeling methods is
96.67%, 96.82%, and 97.27%, respectively. The SD of the training accuracy of several preprocessing
methods for the RF model is 0.64%. The CNN model is less affected by different preprocessing
methods, and the SD of the accuracy is only 0.42%. For the PLS-DA model, the optimal model result
of spectra pretreated by SNV or MSC is 97.37%. The analysis results of RF and CNN models varied
slightly with the different spectral preprocessing methods and had good stability. Moreover, the
CNN model of the original spectra can obtain similar analysis results to the optimal SNV-PLS-DA
model. The spectral preprocessing methods had little influence on the analysis results of the DL
model, and the model shows better robustness. The results of the deep model on the original spectra
were still good.

Table 2. Wheat kernel dataset modeling results.

Classifier Pretreatment Accuracy (%) RP (%) RN (%)
None 94.70 96.88 92.65
SG-1st 96.21 96.88 95.59
SNV 97.73 98.44 97.06
PLS-DA
MSC 97.73 98.44 97.06
CWT 96.97 96.88 97.06
- 96.67+1.27 a 97.50+0.85 95.88+1.92
None 96.21 96.88 95.59
RF

SG-1st 96.97 98.44 95.59
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SNV 97.73 98.44 97.06
MSC 96.97 96.88 97.06
CWT 96.21 96.88 95.59

- 96.82+0.64 97.50+0.85 96.18+0.81
None 96.97 98.44 95.59
SG-1st 96.97 98.44 95.59
CNN SNV 97.73 98.44 97.06
MSC 97.73 98.44 97.06
CWT 96.97 96.88 97.06

- 97.27+0.42 98.13+0.70 96.47+0.81

a: Mean=SD of evaluation indicators

4.2.2. Yali Pear Dataset

The results of the PLS-DA, RF, and CNN discrimination models for Yali pears are shown in
Table 3, Similarly, spectral preprocessing methods have different effects on model analysis results.
Among them, the preprocessing methods had the greatest influence on the analysis results of the
PLS-DA model, and the SD of the accuracy of the modeling results with different preprocessing
methods is 4.74%. The RF model and the PLS-DA model are less affected, and the SD of the accuracy
of varying preprocessing methods are 0.69% and 0.52%, respectively. The average accuracy of the
three modeling methods is 91.58%, 87.51%, and 95.65%, respectively. For the task of identifying Yali
pears browning, the accuracy of CNN modeling is significantly better than the other two models.
Moreover, the result of CNN without any spectral preprocessing methods is much higher than that
of the other two models, which is close to the optimal result of 95.78% of the PLS-DA. The results
show that the DL model can complete the qualitative analysis of sampsles based on NIRS without
complex spectral preprocess.

Table 3. Yali pears dataset modeling results.

Classifier Pretreatment Accuracy (%) RP (%) RN (%)
None 84.24 80.26 87.64
SG-1st 89.70 90.79 88.76
SNV 95.78 94.73 96.63
PLS-DA
MSC 95.15 94.08 98.07
CWT 93.03 93.42 92.70
- 91.58+4.74a 90.66+6.00 92.76+4.62
None 87.27 86.84 87.64
SG-1st 86.67 87.50 85.69
SNV 88.48 88.16 88.76
RF
MSC 87.27 86.84 87.64
CWT 87.88 88.81 87.08

- 87.51+0.69 87.63+0.86 87.36+1.12
CNN None 95.15 95.39 94.94
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SG-1st 95.78 94.74 96.63
SNV 96.39 96.71 96.07
MSC 95.15 96.05 96.63
CWT 95.78 94.74 96.63

- 95.65+0.52 95.53+0.86 96.18+0.73

a: Mean+SD of evaluation indicators

4.3. Advantages of Image in Modeling

For images, CNN and CACNN are used for modeling and prediction, respectively. And flatten
the images into a one-dimensional vector. For vectors, RF and PLS-DA are used for modeling and
prediction, respectively. Table 4 shows the results of all models developed with GADF images.
Compared with the results with spectra, the accuracy of both PLS-DA and CNN were improved,
which shows that GADF can effectively enhance spectral feature information. For several modeling
methods, the ability of CNN to process images is superior to that of traditional PLS-DA and RF
models, and the CA module can further improve the modeling results of CNN. The method proposed
in this paper has achieved the best results in a series of experiments; the accuracy of Wheat kernel
classification is 98.48%; the accuracy of Yali pear classification is 99.39%.

Table 4. Modeling Results Based on GADF Images.

Wheat kernel Dataset Yali pear Dataset
Model Accuracy (%) RH (%) RB (%) Accuracy (%) RH (%) RB (%)
G-PLS-DA 95.45 96.88 94.12 90.91 92.31 88.24
G-RF 94.96 95.31 95.45 96.88 94.12 88.52
G-CNN 96.97 97.06 96.35 97.98 98.46 97.06
G-CACNN 98.48 98.44 98.53 99.39 100 98.36

4.4. Optimal Model Analysis

The convolution kernels are used to scan images and extract different features, which have a
receptive field. The regional scanning makes the different variables (pixels) no longer independent,
which means the different arrangements of variables are bound to affect modeling results. When the
spectra are convoluted and scanned, only small-span spectral information can be displayed in the
local area. When the convolution operation is performed on the image encoded by the GADF, the
small span can reflect the long-range spectral information. CNN is not sensitive to the global position
of features, and it is generally agreed that it is biased toward whether there are decisive features in a
small range. From this point of view, the dataset encoded by GADF is more suitable for CNN feature
capture preferences.

Gradient-weighted Class Activation Mapping (Grad-CAM) is used to visualize the attention
distribution of the network: The CAM is obtained according to the different contributions of each
channel of the feature map to the decision and combined with the prediction result and the gradient
between the feature maps, it shows the important area for the network to make a judgment. The first
line of Figure 5 shows the grayscale image input into the network, the grayscale image facilitates
coverage of the attention heat map. The second line shows the Grad-CAM of the four methods of
CNN, CACNN, G-CNN, and G-CACNN before adding the CA module, and the second line shows
the Grad-CAM of the four methods after adding the CA module. The yellow area is paid attention to
by the network, and the blue area network lacks attention. The ratio of attention (ROA) refers to the
ratio of the area in the entire image where the attention weight exceeds a certain threshold. In this
paper, the ROA is used to evaluate the degree of network attention concentration.
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Figure 5. Grad-CAM of deep learning model.

CNN perceives particular features of the uncoded spectrum through the complex mechanism
and makes relatively correct judgments but cannot reasonably explain them. However, the attention
area of the network on the GADF spectral image is interpretable. Taking the spectra of different
samples in the Yali pears dataset as an example, there are differences in the shape of NIR absorption
peaks between different types of samples. These differences are encoded by GADF and fall into
specific areas of the image. In particular, the network attention area coincides with the different
information areas. The CNN can effectively extract different characteristics of absorption peaks from
different samples and make judgments, which has been proven. Compared with the DL model of
unencoded spectral images, the model trained with GADF spectral images is more interpretable and
has higher accuracy (section 4.3).

For the wheat kernel dataset, the ROA of the G-CNN network decreased from 0.3635 to 0.2124
after adding the CA module. For the Yali pear dataset, the ROA of the G-GACNN network decreased
from 0.3255 to 0.3081 after adding the CA module. The G-CACNN pays more attention to information
regions.

4.5. Robustness Analysis of the Models

To evaluate the robustness of the models, the artificial noise was added to the original spectra,
and the signal-to-noise ratio (SNR) was used to evaluate the noise level. The SNR calculation formula
is shown in Eq. 9.

P
SNR =10 Ig =
£p

n

)
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Where Ps is the power of the useful signal, P, is the power of the noise signal, and lg represents
the logarithm based on 10. This work simulates spectra data acquisition with additive noise under
harsh acquisition conditions. Figure 6 shows the average spectra before and after adding noise.

1.5 6000 -
1.4 Noise
5000 + Original
1.3¢F
1.2+ B
3 R 4000
5 Lt g
£ 1ol 5 3000f
2 <]
< 09} £ 2000}
0.8
B 1000 F
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05 1 L L 1 I} 1 1 1 1 1
800 1000 1200 1400 1600 1800 400 600 800 1000 1200
Wavelength (nm) Wavclength (nm)

(a) (b)

Figure 6. Schematic diagram of additive noise of spectra. (a) Wheat kernel dataset. (b) Yali pear
dataset.

The confidence index (CI) is the basis on which networks are ultimately classified. The higher
the CI, the greater the likelihood that the unknown sample belongs to the class. Figure 7 illustrates
the Grad-CAM and confidence index of No. 7 healthy pear noise (SNR=20) spectral encoding map
modeled with G-CNN and G-CACNN. Before using the CA module, the CI is 0.8324. The attention
of the network is focused on a few points after adding the CA module and the Cl increased to 0.9024.
The introduction of the CA module makes CNN achieve better performance. At the same time, the
noise immunity of the model is also enhanced.

Bef.CA Aft.CA

CI=0.8324 CI =0.9204
(a) (b)

Figure 7. Grad-CAM results with noise spectrum. (a) G-CNN. (b) G-=CACNN.

The models were constructed using PLS-DA, and RF after SNV of the noise spectra in the
presence of additive noise. Figure 8 shows the comparison of the modeling influence of the
preprocessed SL model, the CL model, and the DL model proposed under different levels of noise.
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Figure 8. Results of different methods under different levels of noise. (a) Robustness test of the models
based on the wheat kernel dataset. (b) Robustness test of the models based on the Pears dataset.

As the Figure8 shows, with the improvement of the SNR, the prediction accuracies of the three
types of models have different improvements. The PLS-DA is very sensitive to noise in data, so the
preprocessing method cannot eliminate the influence of spectral noise on its analysis results. Under
the same level of noise conditions, PLS-DA always has the lowest prediction accuracy among the
three models. In contrast, the EL model SNV-RF performs better, which demonstrates its robustness
to noisy data. The result of GADF-CACNN is better than SNV-RF at all noise levels. For the wheat
kernel dataset, they are 88.64%, 92.42%, 96.21%, and 98.48%. For the Pears dataset, they are 84.85%,
92.12%, 96.97%, and 98.79%. That means the method has good noise immunity and the best
robustness when dealing with spectral data with additive noise. At the same time, from the
perspective of the changing trend of accuracy, the effect of the change of noise level on the DL model
and ensemble model is less than that on the SML model, and the influence of GADF-CACNN is the
least, that is also an important feature to demonstrate the robustness operation of the model.

5. Conclusion

In this paper, a robustness NIRS modeling method based on GADF and CACNN methods is
proposed. The GADF method converts 1D spectral signals into 2D images, enriching and highlighting
the spectral characteristics. The CACNN network is designed to make full use of the excellent feature
extraction ability of the DL model, and the CA module is added to improve the prediction accuracy
of the deep structure model. Without using the preprocessing, the GADF-CACNN model has an
accuracy of 99.39% in the Pear browning classification and an accuracy of 98.48% in the wheat kernel
classification. In addition, the robustness analysis of the traditional shallow structure model and the
GADF-CACNN model is carried out, and the experimental results show that the result of the DL
method is better than that of the SML model and the EL model. The method proposed in this paper
has the characteristics of simple modeling steps and good model interpretability with good accuracy
and robustness for NIRS analysis
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