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Introduction: Rapid and accurate detection of food-borne pathogens on
mutton is of great significance to ensure the safety of mutton and its products
and the health of consumers.

Objectives: The feasibility of short-wave infrared hyperspectral imaging (SWIR-
HSI) in detecting the contamination status and species of Escherichia coli (EC),
Staphylococcus aureus (SA) and Salmonella typhimurium (ST) contaminated on
mutton was explored.

Materials and methods: The hyperspectral images of uncontaminated and
contaminated mutton samples with different concentrations (108, 107, 105, 105,
104, 10% and 102 CFU/mL) of EC, SA and ST were acquired. The one dimensional
convolutional neural network (1D-CNN) model was constructed and the
influence of structure hyperparameters on the model was explored. The effects
of different spectral preprocessing methods on partial least squares-discriminant
analysis (PLS-DA), support vector machine (SVM) and 1D-CNN models were
discussed. In addition, the feasibility of using the characteristic wavelength to
establish simplified models was explored.

Results and discussion: The best full band model was the 1D-CNN model with
the convolution kernels number of (64, 16) and the activation function of tanh
established by the original spectra, and its accuracy of training set, test set and
external validation set were 100.00, 92.86 and 97.62%, respectively. The optimal
simplified model was genetic algorithm optimization support vector machine
(GA-SVM). For discriminating the pathogen species, the accuracies of SVM
models established by full band spectra preprocessed by 2D and all 1D-CNN
models with the convolution kernel number of (32, 16) and the activation function
of tanh were 100.00%. In addition, the accuracies of all simplified models were
100.00% except for the 1D-CNN models. Considering the complexity of features
and model calculation, the 1D-CNN models established by original spectra were
the optimal models for pathogenic bacteria contamination status and species.
The simplified models provide basis for developing multispectral detection
instruments.
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Conclusion: The results proved that SWIR-HSI combined with machine
learning and deep learning could accurately detect the foodborne pathogen
contamination on mutton, and the performance of deep learning models were
better than that of machine learning. This study can promote the application of
HSI technology in the detection of foodborne pathogens on meat.
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1 Introduction

Mutton is one of the most popular meats in the world due to its
unique flavor and rich protein content (1). Because of the rich
nutrients, it is a good substrate for the growth and reproduction of
various microorganisms. Pathogenic bacteria are important factors
that affect food safety and threaten human health. The current Chinese
national standard (GB 29921-2013) for Food Safety-Limits of
Pathogenic bacteria in Food stipulates the indicators, sampling
schemes, limits and detection methods of pathogenic bacteria in
different categories of food (2). Among them, the common pathogens
in raw meat include Escherichia coli (EC), Staphylococcus aureus (SA)
and Salmonella typhimurium (ST), etc. It is required that EC and ST
could not be detected in 25g of raw meat and that the SA content
should not exceed 1,000 CFU/g. Consuming foods contaminated with
these bacteria can cause vomiting, diarrhea or even death (3).
Therefore, rapid, sensitive and specific detection of foodborne
pathogens has become an urgent requirement in health safety, food
quality control and other aspects.

The two current standards used to detect bacterial foodborne
pathogens are conventional culture and polymerase chain reaction
methods (4). However, these methods have some problems such as
environmental pollution, time consuming, and strict requirements for
operators and operating environments. Optical rapid detection
technology can use the unique optical characteristics of microbial
samples to identify them, which opens up new avenues for microbial
research. Due to their fast, green and easy operation, they have shown
good application prospects in the detection of pathogenic bacteria in
recent years (5-7). Among them, hyperspectral imaging (HSI)
technology can simultaneously collect spatial, spectral and radiation
information of the object to be measured, and has become one of the
most powerful technologies for food quality and safety detection (8).
Currently, studies on the use of HSI to detect meat freshness (9),
adulteration (10, 11), the total number of colonies (12) and parasites
(13) have been widely reported. There are also many reports on the
use of HSI combined with machine learning for the detection of
foodborne pathogens. Kammies et al. (14) used HSI combined with
PLS-DA to effectively distinguish gram-positive and negative bacteria
such as EC, SA, and ST on agar plates. Feng et al. (15) used HSI and
multi-spectral imaging combined with invasive weed optimization
(IWO) to classify EC, Listeria monocytogenes, and SA on agar plates.
Bonah et al. (16) used HSI to classify foodborne pathogens growing
on agar plates, and combined with partial least squares regression
(PLSR) algorithm to rapidly detect the content of EC and SA in fresh
pork, and realized visual detection. Gu et al. (17) combined the HSI
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technique with commonly used optimization algorithms to classify
EC, SA, and ST on bacteriolytic broth, plate counting agar, and
tryptone soy agar. Unger et al. (18) developed and evaluated a low-cost
HSI system to identify single and mixed foodborne pathogen strains
in dairy products. The above studies were all based on the spectra of
pathogenic bacteria colonies on the culture medium. If the pathogenic
bacteria on the meat can be detected in situ, the process of isolation
and culture can be avoided, so as to shorten the detection time and
save the detection cost. However, only a few studies have examined in
situ pathogenic bacteria of meat. Bonah et al. (19) used visible near
infrared (Vis—-NIR) HSI and partial least squares regression (PLSR)
algorithm to rapidly monitor the content of foodborne pathogens (EC
and SA) in fresh pork longissimus muscle. Qiu et al. (4) explored the
feasibility of using hyperspectral imaging to establish an efficient
classification model for qualitative detection of SA in chicken breast
meat. When in situ detection of pathogenic bacteria in chicken and
pork was carried out in those studies, only the content prediction and
concentration division of a single strain were considered. In practice,
it is not certain whether mutton is contaminated with pathogenic
bacteria and the species of pathogenic bacteria. Therefore, it is very
important to detect the contamination status of pathogenic bacteria
in mutton and identify the species of pathogenic bacteria to ensure the
safety of mutton and its products.

At present, the processing of hyperspectral data is mainly using
traditional machine learning methods for preprocessing, feature
wavelength extraction and modeling. With the development of
computer technology and artificial intelligence, deep learning
methods have been developed rapidly. It can automatically extract and
continuously optimize features by pre-training the model, and can
quickly process a large number of data. Better performance and higher
accuracy make it show superior performance in spectral data
processing, and it has been widely used in spectral data processing
(20). Among them, convolutional neural network (CNN) is a typical
feed-forward neural network, which can automatically extract deep
features from the original data through convolution and pooling
structure (10, 21). In the aspect of spectral data processing, there are
numerous researches using one-dimensional convolutional neural
network (1D-CNN) (22-26). At present, the application of deep
learning in the field of rapid detection of pathogenic bacteria is mainly
based on the microscopic scale, and there are few studies on the
macroscopic scale. Kang et al. (27-30) used hyperspectral microscopic
imaging (HMI) combined with various advanced deep learning
frameworks such as long short term memory (LSTM) network, deep
residual network (ResNet) and 1D-CNN to do in-depth research on
pathogenic bacteria at the microscopic scale, and realized the rapid
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classification of foodborne pathogenic bacteria at the cellular level. An
artificial intelligence assisted HMI method was developed that directly
processes the spectra of five common foodborne pathogens from
different rois. In addition, Tao et al. (31) combined HMI technology
and Buffer Net deep learning algorithm to construct an Al assisted
system for automatic and rapid bacterial genus discrimination, which
can identify pathogenic bacteria at the single-cell level with high
accuracy in a cheap, fast, and automated manner. In addition, the
existing hyperspectral band in the field of pathogen detection is
mostly 400-1,000 nm (VNIR-HSI). The reflectance in the band range
of VNIR-HSI is greatly affected by color. Since mutton is red, the
influence of its own color on the spectra is large in this band range.
The contamination of mutton by pathogenic bacteria mainly causes
changes in the chemical composition of mutton. The spectra of
SWIR-HSI at 1000-2500 nm are more suitable for chemical analysis
and composition detection of substances. It can reduce the errors
caused by mutton itself. And in situ detection of pathogenic bacteria
in meat using SWIR-HSI has not been re-ported so far.

Therefore, the SWIR-HSI was used to detect the presence of
pathogenic bacteria and discriminate the different species of EC, SA
and ST on mutton in situ. The specific work is as follows: (1)
hyperspectral images of uncontaminated mutton samples and samples
contaminated with different concentrations of EC, SA and ST were
collected, (2) the average spectral information of the region of interest
for each sample were extracted for modeling analysis, (3) the 1D-CNN
models which were suitable for the detection of pathogenic bacteria
contamination status and the discrimination of the pathogenic
bacteria species on mutton were constructed and the network
structure were optimized by the structural hyperparameters, (4) the
influence of spectral preprocessing on different models was explored,
(5) the detection models based on characteristic wavelengths were
established to explore the feasibility of using machine learning and
deep learning algorithms to establish simplified models for the
contamination status and species discrimination of foodborne
pathogens on mutton. The study explored the feasible of using spectral
information combined with machine learning or deep learning
algorithms to detect EC, SA and ST contamination status and types
on mutton and tried to provide a new idea for the detection of
pathogenic bacteria in food.

2 Materials and methods

2.1 Preparation of bacterial suspension and
inoculum

The bacterial strain of SA, ST and EC used in this study was
ATCC 25923, ATCC 14028, and ATCC 21520, respectively. All
strains were collected from the Microbiology Laboratory of Analysis
and Testing Center of Xinjiang Academy of Agriculture and
Reclamation Sciences. Nutrient broth medium (Beijing Land Bridge
Technology Co., LTD. Beijing, China) was selected as the culture
medium, while phosphate buffer solution (PBS) was used to prepare
the decimal dilutions at 19.0g/L and the medium for bacterial
counting was prepared by adding bacterial agar powder to the
nutrient broth. After autoclaving at 121°C for 15 min and cooling to
approximately 50°C, medium making was carried out in a biosafety
cabinet. About 15-20 mL of the cooled nutrient broth was poured
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into the Petri dish and allowed to solidify until set aside. Other
materials used in the experiment mainly included phosphate buffer
solution (PBS), Petri dishes with a diameter of 90 mm, inoculation
rings, pipetting guns and their tips, centrifuge tubes, coating rods
and distilled water. The EC, SA and ST stored at —80°C were
inoculated into nutrient agar medium and stored in a constant
temperature incubator at 37°C for activation and culture for 20 + 1 h.
The total number of colonies was determined according to
GB4789.2-2016. The single colonies with appropriate morphology
were inoculated in the broth and incubated at 37°C for 4h. The
bacteria solution was diluted 10 times gradient with PBS to obtain 7
different concentrations of bacteria solution (10%, 107, 105, 10°, 10%
10°, 10°CFU/mL). After sealing and packing, the bacteria solution
was stored at 4°C for later use.

2.2 Sample preparation

The fresh mutton (hind leg part) required for the samples was
purchased from Friendship Supermarket (China) in Shihezi City,
Xinjiang. After the meat was transported to the laboratory in an
incubator, obvious fascia and tissue were removed and divided to
make meat samples of about 50 x 30 x 10 mm. The weight of each
sample was guaranteed to be 25+ 1g. The labeled samples were placed
in a disk and sterilized for 30 min in a biosafety chamber using a
purple light. Then the hyperspectral image data of 210 uncontaminated
samples were collected. Different concentrations of bacteria solution
were repeatedly blown to mix well by using a pipette gun, and then
I mL of bacteria solution was absorbed and evenly spread on the
surface of meat. A total of 210 mutton samples contaminated with
different types (EC, SA and ST) and concentrations ((10%, 107, 10, 10°,
10%, 10%, 10* CFU/mL)) of pathogenic bacteria were collected. Among
them, 70 samples were inoculated with EC, SA and ST, respectively,
while 10 samples were used for each one of the inoculum levels. The
applied samples were left in a biosafety cabinet for 25 min to ensure
that the pathogenic bacteria were completely absorbed by the meat.
The hyperspectral image data of sample contaminated pathogenic
bacteria were collected after ensuring that the water remaining on the
sample surface evaporated.

2.3 Hyperspectral image acquisition and
spectral data extraction

The experiment was carried out at a temperature of 26 + 1°C and
a relative humidity of 30 + 5%. The line scan push-sweep acquisition
system SWIR-HSI mainly includes: Imaging spectrograph
(ImSpector N25E 2/3, Spectral Imaging Ltd. Oulu, Finland) with
288 bands in the wavelength range of 1,000-2,500nm, a CCD
camera (Zephir-2.5-320, Photon, Montreal, Canada), light source
(six halogen with 150 W), a positioning sample table driven by a
stepping motor, a computer equipped with data acquisition software,
a dark box, etc. Before sample collection, spectrometer was turned
on to preheat for half an hour. Then the operating software of the
spectrometer and the loading platform was opened, and the focal
length of the hyperspectral camera was adjusted to ensure that the
images were clear and not distorted. The motor platform was
controlled to move and the hyperspectral images of samples were
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collected. When samples were collected in this study, the lens height
from the sample surface was 25 cm, the displacement stage speed
was 70.38 mm/s, and the exposure time was 3.5 ms.

In order to reduce noise and interference factors, the collected
sample hyperspectral image data needed to be corrected in black and
white. In this study, the original image data (IR) was corrected in black
and white by using all-white calibration image data (IW) and all-black
calibration image data (IB), and the corrected image data (I) was
obtained. The Equation is as follows:

I = Ir=1p (1)
Iy —1Ip
The whole area of the obtained mutton sample was regarded as the
region of interest (ROIs). The ROIs of samples were extracted using
band subtraction by ENVI 5.3 spectral processing software (ITT
Visual Information Solutions, Boulder, CO, United States). The
schematic diagram of the data acquisition system and the spectral data
acquisition process is shown in

2.4 Preprocessing of spectral information

Since the original spectra of the samples were noisy at wavelengths
before 1,000 nm and after 2,400 nm, 223 spectra in the band range of
1,000-2,400 nm were selected for subsequent analysis. When spectral
data are obtained, the spectra may be affected by external factors and
contain a lot of noise and other interference information. The
interference of irrelevant information can be removed by
preprocessing the spectra. In this study, the methods of first derivative
(1D), second derivative (2D), mean center (MC) and multiplicative

10.3389/fnut.2024.1325934

scattering correction (MSC) were used to preprocess the original
spectral data, and their effects on different models were investigated.

2.5 Dataset construction

A total of 210 mutton samples were prepared in this study, and the
spectra information of all samples after sterilization was firstly
collected as uncontaminated samples. Then 210 mutton samples were
contaminated with different types and concentrations of pathogenic
bacteria and their HSI data were collected as contaminated samples.
A total of 420 mutton samples were used to establish the discrimination
model of pathogen contamination status. The 210 contaminated
samples were used to establish the discrimination model of pathogen
contamination species. When building the model, all data sets were
divided into training set, test set and external validation set. Firstly,
the training set was used to train the model, and then the model
parameters were adjusted according to the test set to obtain a more
accurate model. Finally, the stability of the model was verified by the
external validation set. When establishing the model, 1 contaminated
mutton sample with each concentration of each pathogen was
randomly selected as the external validation set, 2 samples were
selected as the test set, and the remaining 7 samples were selected as
the training set. The spectral data of each sample before
uncontaminated were divided into the corresponding dataset. The
number of samples in the training set, test set and external validation
set for the detection model of pathogen contamination status on
mutton was 294, 84 and 42, respectively. The number of samples in the
training set, test set and external validation set of species discriminant
model for mutton contamination pathogens pathogen was 147, 42 and
21, respectively.
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2.6 Characteristic wavelengths extraction

Characteristic wavelengths extraction can enhance the
explanatory power of the analysis by removing redundant and less
informative spectral features. It plays a crucial role in machine
learning, but their impact on deep learning is unclear. To explore the
feasibility of using four algorithms to establish simplified models for
bacterial contamination status and species discrimination, the
common characteristic wavelength extraction methods genetic
algorithm (GA), competitive adaptive reweighting algorithm
(CARS) and successive projections algorithm (SPA) (32, 33) were
used to extract the characteristic wavelengths closely related to the
bacterial contamination status and the species of pathogenic
bacteria, and the simplified models were established based on the
characteristic wavelengths.

2.7 Detection model construction

To explore the feasibility of using machine learning and deep
learning algorithms to establish detection and discrimination models
for EC, SA and ST on mutton using SWIR-HSI, the 1D-CNN network
structures suitable for the discrimination of pathogenic bacteria
contamination status and species were established in this study, and
the detection model was established. At the same time, the typical
linear modeling method partial least squares-discriminant analysis
(PLS-DA) and the nonlinear modeling method SVM were also used
to establish the corresponding models, and the different models
were compared.

2.7.1 One dimensional convolutional neural
network

The CNN network structure built in this paper is shown in
Figure 2, which is mainly composed of two one-dimensional (1D)
convolutional layers, two maximum pooling layers and two fully
connected (FC) layers. The spectrum of each sample contained 223
wavelengths, which were converted into a 1x 223 vector. After batch
normalization, it is used as the input of 1D-CNN convolutional layer.
The convolution kernel size and step size were set to 2 and 1,
respectively. It is very important to learn model by properly
configuring the number of convolution kernels (34). The number of
kernels in the two convolutional layers was set to 128, 64, 32 and 16,

10.3389/fnut.2024.1325934

respectively, and they were combined for model training. The optimal
number of convolution kernels in each convolutional layer was
determined according to the optimization results of model evaluation
indicators. The CNN models usually add activation functions to the
excitation layer to provide nonlinear modeling capabilities of the
network. The commonly used activation functions are sigmoid,
hyperbolic tangent function (tanh) and rectified linear unit (relu).
They were used to establish CNN models, and the appropriate
activation function was selected according to the model results.
Adding a batch normalization layer between the convolutional and
maximum pooling layers effectively avoids over-fitting and makes the
debugging of hyperparameters easier. The deep features after the last
pooling layer are flattened into one-dimensional vectors and then
transmitted to the fully connected layer to establish the classification
relationship between their features and the contamination status or
species of pathogenic bacteria by the Softmax function. All samples
were classified based on their probability for each category. To ensure
fairness of model comparison, all 1D-CNN model training parameters
were kept consistent. The batch size was set to 100, the maximum
number of iterations was 200, the initial learning rate was 0.001, the
learning rate decline was selected as ‘piecewise, the learning rate
decline factor is 0.1, and the ‘LearnRateDropPeriod” was 200.

2.7.2 Partial least squares-discriminant analysis

PLS-DA mainly performs multivariate statistical analysis of the
data. In PLS-DA analysis, the explanatory data sets X and Y of the two
data matrices are concatenated together for multi-source classification.
In this study, the PLS-DA can not only de-compose the spectral data
matrix, but also enhance the decomposition of the spectral data
matrix by using pathogen contamination status or species labels to
increase the spectral differences of different categories and improve
the classification ability of the model (35). Internal cross-validation of
PLS-DA was performed using leave-one-out and 10 fold cross-
over methods.

2.7.3 Support vector machine

As a supervised learning model, SVM can map the sample space
into a high-dimensional feature space, which enables it to
be transformed into linearly separable problems in the feature space
(36). When SVM was used to establish the model of contamination
status and species of pathogenic bacteria, the Radial Basis Function
(RBF) was selected as the kernel function, and the optimal parameter
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combination of kernel function parameter (g) and penalty factor
parameter (c) was sought by GA optimization algorithm.

2.8 Model evaluation and data processing
environment

The accuracy was used to evaluate the performance of the model.
Accuracy is the ratio of the number of correctly classified samples to
the total number of samples. Higher accuracy indicates better model
performance. The server environment used for model training is as
follows: The processor is Intel(R) Core(TM)i7-10700F CPU
@2.90GHz 2.90GHz, memory 16 GB, GPU graphics card is NVIDIA
GeForce RTX 2060, operating system is 64-bit Windows10, The
programming software was MatlabR2023a.

3 Results and discussion
3.1 Analysis of raw spectral data

Near-infrared spectroscopy (NIR) is used to detect the internal
quality information of samples by the consistent frequency doubling
and frequency joining absorption caused by the non-resonant
vibration of hydrogen-containing groups (C-H, O-H and N-H) in the
substance molecules (37). The average spectral reflectance curves of
210 uncontaminated mutton samples and contaminated mutton
samples with different species of bacteria are shown in Figure 3. The
spectral curves of uncontaminated and contaminated mutton samples
showed the same trend, and the average spectral curves of samples
showed the similar trend. There were significant absorption peaks at
1040, 1235, 1813 and 2,272 nm wavelengths, but there were some
differences in spectral reflectance. Among them, the absorption peak
at 1040 nm was closely related to the stretching vibration of the N-H
bond in the molecular structure of protein, and the ab-sorption peaks
at 1235nm and 1813 nm were related to the secondary and primary

10.3389/fnut.2024.1325934

frequency of the C-H bond in the molecular structure of meat organic
components, respectively. For the spectral absorption region of 2000-
2,500 nm, the large spectral ab-sorption region is mainly caused by the
combined frequency stretching vibration of the functional groups
O-H, N-H and C-H, so this region shows a low spectral reflection
value (38). For both uncontaminated and contaminated pathogenic
samples, the mean reflectance of the uncontaminated pathogenic
samples was higher than that of the contaminated samples. Samples
contaminated with EC showed the highest reflectance, followed by SA,
and ST showed the lowest. It is difficult to identify the pollution status
and type only from the spectral reflectance. Therefore, it is necessary
to combine ma-chine learning and deep learning algorithms to further
establish detection models for effective detection.

3.2 Detection of pathogenic bacteria
contamination status on mutton

The common foodborne pathogens on mutton are EC, SA and
ST. The Chinese national standard has clear requirements for the
contamination of pathogenic bacteria on fresh meat, among which ST
and EC are required not to be detected, and SA is required to
be controlled at 1000CFU/g (2). Therefore, it is an important
prerequisite to accurately distinguish whether mutton is contaminated
with pathogenic bacteria. In this study, deep learning algorithms
(ID-CNN) and machine learning algorithms (PLS-DA and SVM)
were used to detect the contamination status of pathogenic bacteria in
mutton based on the spectral information of 1,000-2,500 nm.

3.2.1 Optimization and determination of
hyperparameters of 1D-CNN model structure

To establish a 1D-CNN model suitable for the detection of
pathogenic bacteria contamination in mutton, the original spectra
were used to establish a classification model, and the effects of
convolution kernel number and activation function on the CNN
model were investigated. The appropriate number of convolution
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FIGURE 3
Spectral curves of different samples. (A) Average spectra of uncontaminated and contaminated pathogenic mutton samples. (B) Average spectra of
meat samples contaminated with different species of pathogenic bacteria.
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kernels was first determined according to the accuracy of the external
validation set. When the accuracy of the external validation sets of the
two models was the same, the appropriate number of convolution
kernels was determined according to the accuracy of the test set. The
appropriate number of convolution kernels enables the model to make
full use of local and global features when training samples (39). The
activation function was set as relu, and the optimal convolution kernel
number parameter was selected. The results of pathogen
contamination status detection based on full-band spectral data under
different convolution kernel numbers are shown in Table 1.

Table 1 shows that different numbers of convolution kernels have
an obvious im-pact on the results of the pathogen contamination
status detection model. When the number of first convolutional layers
is 64, the results of the external validation set outperform the models
with the number of convolution kernels being 32 and 128. When the
second layer convolution kernel is 16 and 32, the results of the external
validation set are the same, but the test set with the number of 16 is
better than the model with the number of 32. Therefore, when the
number of convolution kernels was (64, 16), the performance of
1D-CNN in detecting the contamination status of pathogenic bacteria
was the best, with the accuracy of 97.62% for the external validation
set and 90.48% for the test set, respectively. According to the reports
of previous studies, different activation functions can also affect the
model. When the convolution kernel of the 1D-CNN model is set to
(64, 16), the effects of three activation functions, sigmoid, tanh and
relu, on the detection model of pathogenic bacteria contamination
status were discussed, and the results were shown in Table 2.

As shown in Table 2, when using thelD-CNN models with three
different activation functions to establish the detection models of
pathogenic bacteria contamination status on mutton, the accuracy of
all datasets was greater than 85%, indicating that three activation
functions can be used to construct the 1D-CNN models for the
detection of pathogenic bacteria contamination status on mutton.
However, when the activation function is sigmoid, the performance
of the model is significantly worse than that of tanh or relu. In
addition, the accuracy of the test set and the external validation set of

10.3389/fnut.2024.1325934

the sigmoid model was quite different, indicating that the stability of
the model was not good. The results of training set and external
validation set of tanh and relu models were the same, while the
accuracy of test set of tanh model was higher than that of relu model.
Therefore, tanh activation function is more suitable for establishing
the detection model of pathogenic bacteria contamination in mutton.
In the follow-up study, the number of convolution kernels in the
pathogen contamination status detection model built by 1D-CNN was
all (64, 16), and the activation function was tanh.

3.2.2 Influence of different spectral data
preprocessing on the model

The methods of 1D, 2D, MC and MSC were used to preprocess
full-band spectral data. The PLS-DA, SVM and 1D-CNN models for
the detection of pathogenic bacteria contamination on mutton were
established using the preprocessed spectral data, and the effects of
spectral preprocessing on different models were discussed. The results
are shown in Table 3.

Table 3 shows that for PLS-DA and SVM models, the models
established by the 2D preprocessed spectra are better than that of the
original spectra. Compared with the model without preprocessing,
the accuracy of test set of PLS-DA model was improved by 0.34%.
The accuracy of the test set and the external validation set of the
SVM model was increased by 5.28 and 10.38%, respectively, which
indicated that 2D processing can significantly improve the nonlinear
relationship between spectral data and contamination conditions.
For the 1D-CNN model, the model without preprocessing had the
best effect, and the accuracy of the model decreased after
preprocessing. The results showed that the 1D-CNN model was
easier to mine the spectral features related to contamination status
from the original spectral data. In conclusion, 2D preprocessing
could effectively achieve baseline correction of spectral data and
remove background interference to enhance the detection
performance of PLS-DA and SVM models. The spectral data used for
subsequent feature extraction were preprocessed spectra by the
2D method.

TABLE 1 1D-CNN models for pathogenic bacteria contamination status on mutton based on different numbers of convolution kernels.

Number of convolution kernels Accuracy
Training set Test set External validation set

(128,64) 99.66% 86.90% 97.62%
(128,32) 99.67% 88.10% 95.24%
(128,16) 98.64% 83.33% 92.86%
(64,32) 99.66% 88.10% 97.62%
(64,16) 100.00% 90.48% 97.62%
(32,16) 99.66% 90.48% 95.24%

TABLE 2 1D-CNN models for pathogenic bacteria contamination status on mutton based on different activation functions.

Activation function Accuracy
Training set Test set External validation set
Relu 100.00% 90.48% 97.62%
Tanh 100.00% 92.86% 97.62%
Sigmoid 94.90% 85.71% 95.24%
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3.2.3 Extraction of spectral characteristic
wavelengths

The methods of CARS, GA and SPA were used to extract
characteristic wave-lengths related to the contamination status of
pathogenic bacteria on mutton. Among them, the main parameters of
GA for feature wavelength extracting are set as follows: the initial
population is 64, the mutation probability is 0.005, the genetic
iteration number is 100, and the convergence rate is 0.5. The
distribution of the characteristic wavelengths extracted using different
methods in the full band is shown in Figure 4.

The number of characteristic wavelengths extracted using CARS,
GA and SPA was 33, 35 and 15, respectively. The characteristic
wavelengths extracted by GA were scattered in the range of 1,000-
1,600 nm, and were mainly densely distributed in the range of 1,687
1810nm, 1881-2007nm and 2,152-2,400nm. The characteristic
wavelengths extracted using CARS were also distributed in the

10.3389/fnut.2024.1325934

1,071-1,253nm and 1875-2,328 nm ranges, as well as in the vicinity
of 1,000, 1,020, 1,543, 1,586, 1,693 and 1712nm. The characteristic
wavelengths extracted by SPA were mainly distributed at 1008-
1385nm and 2,196, 2,252 and 2,284 nm. Although there are differences
in the distribution of spectral wavelength variables obtained from
screening by different methods, these bands contribute significantly
to the identification model for the presence or absence of pathogenic
bacteria in mutton. The main reason was that when mutton was
contaminated by pathogenic bacteria, the spectral curves obtained by
using HSI were the spectra under the joint action of pathogenic
bacteria and mutton. The bands with large differences in reflectance
between the spectral curves of pure mutton and mutton contaminated
by pathogenic bacteria were selected as the characteristic bands, and
these bands are mainly related to the intensity change of functional
group, including O-H, N-H and C-H, caused by pathogenic bacteria
(40, 41). Different characteristic wavelengths were used to establish

TABLE 3 Results of the detection model for pathogenic bacteria contamination status on mutton established by spectral data after different
preprocessing method.

Pretreatment method Accuracy
Training set Test set External validation set
None 100.00% 92.86% 97.62%
1D 99.98% 85.71% 95.24%
1D-CNN 2D 100.00% 89.26% 95.24%
MC 97.96% 90.48% 95.24%
MsC 99.66% 86.90% 90.48%
None 92.18% 90.14% 89.29%
1D 89.12% 85.71% 83.33%
PLS-DA 2D 92.85% 90.48% 89.29%
MC 86.73% 83.33% 79.76%
MSC 87.07% 85.37% 83.33%
None 93.20% 86.39% 79.76%
1D 98.30% 88.10% 88.76%
SVM 2D 99.32% 91.67% 90.14%
MC 83.33% 77.38% 74.83%
MSC 96.94% 78.57% 80.95%
A B C
0.003 0.003 - 0.003 -
Spectral curve of total wavelengths. Spectral curve of total wavelengths Spectral curve of total wavelengths
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FIGURE 4
Distribution of characteristic wavelengths extracted by different methods in the full band. (A) GA. (B) CARS. (C) SPA.
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simplified models for the detection of pathogenic bacteria  contamination on mutton is the 1D-CNN model established by the
contamination in mutton, and the effects of characteristic wavelength  original spectra. Due to the powerful ability to extract feature and
extraction on PLS-DA, SVM and 1D-CNN models were discussed. ~ handle both linear and nonlinear relationships of 1D-CNN model, it
The results are shown in Table 4. showed a significant detection advantage over PLS-DA and SVM
Table 4 shows that for PLS-DA, SVM and 1D-CNN models, the  models. At the same time, the original band was used to establish the
models constructed by the characteristic wavelengths extracted by GA  detection model, which omitted the preprocessing and feature
have the better effect. The results showed that GA was more effective  extraction process, and the detection efficiency was improved. This
than CARS and SPA in extracting the key spectral features related to  conclusion was similar to previous studies (42-44). In addition, the
contamination status of pathogenic bacteria on mutton. Compared  simplified model established by using the characteristic bands reduced
with the model established by full band, the accuracy of the training  the complexity of the characteristics. Although the accuracy was
set and test set of GA-PLS-DA and GA-SVM model decreased, while  slightly lower than that of the full-band model, the characteristic
the accuracy of the external validation set increased. This could  bands could provide some reference when developing a low-cost
be attributed to the fact that GA may lose a small amount of useful =~ multispectral detector. Low-cost multispectral detectors were more
information when extracting spectral features of uncontaminated and  suitable for real-time and rapid detection of large quantities of samples.
mutton samples contaminated with pathogenic bacteria. Compared
with the 1D-CNN model the Tanh activation function established by
full band (Table 2), the training set, test set and external validation set 3.3 Establishment of the discrimination
of the 1D-CNN model established by characteristic wavelengths were ~ Models of pathogenic bacteria species

reduced by 1.36, 8.34 and 2.38%, respectively. contaminated on mutton
3.2.4 Model comparison and optimal model After the detection of the contamination status of pathogenic
selection bacteria on mutton, the discrimination of the species of pathogenic

The methods of PLS-DA, SVM and 1D-CNN were used to  bacteria is particularly important. The limit requirements for different
establish the detection models of pathogenic bacteria contamination  types of pathogenic bacteria on mutton are different. Rapid and
on mutton. For the models established by the full band spectra, the  accurate discrimination of pathogenic bacteria can effectively realize
optimal model was the 1D-CNN model established by the original  the safety detection of pathogenic bacteria. In this study, PLS-DA,
spectra, and its training set, test set and external validation set were ~ SVM and 1D-CNN were used to establish the discrimination models
100.00, 92.86 and 97.62%, respectively (Table 3). For PLS-DA and  of pathogenic bacteria species contaminated in mutton.

SVM models, the effects of the models established after 2D

preprocessing were all the best models, and the performance of SVM  3.3.1 Optimization and determination of

was better than that of PLS-DA. For the simplified models built by the ~ hyperparameters of 1D-CNN model structure
characteristic wavelengths, the models built by the 35 characteristic In order to establish a 1D-CNN model for the discrimination of
wavelengths extracted by GA were all the optimal models. According  pathogenic bacteria contaminated in mutton, the original spectra were
to the comprehensive results of the three datasets, the optimal model ~ used to construct a classification model, and the effects of convolution
was GA-SVM. The training set, test set and external validation set of ~ kernel number and activation function on the CNN model were
the optimal simplified model GA-SVM were 94.22,89.29 and 95.24%,  investigated. The activation function was set to relu, and the different
respectively (Table 4). Compared with the 1D-CNN model established ~ convolution kernel numbers in Table 5 were used to establish the
by the full band spectra, its training set, test set and external validation ~ pathogen species discrimination model.

set were reduced by 5.78, 3.47 and 2.38%, respectively. In conclusion, The results showed that the number of convolution kernels had no
the optimal model for the detection of pathogenic bacteria  significant effect on the results of the pathogen species discrimination

TABLE 4 Results of detection models for pathogenic bacteria contamination status on mutton established by characteristic wavelengths extracted by
different methods.

Method of feature Number of bands Accuracy
band screening Training set Test set External validation
set
CARS 33 96.94% 85.71% 92.86%
1D-CNN GA 35 98.64% 84.52% 95.24%
SPA 15 94.56% 75.00% 95.24%
CARS 33 86.73% 82.14% 83.33%
PLS-DA GA 35 89.12% 86.90% 92.86%
SPA 15 90.14% 82.14% 92.86%
CARS 33 98.98% 90.48% 90.48%
SVM GA 35 94.22% 89.29% 95.24%
SPA 15 93.57% 86.90% 92.86%
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model. The accuracy of all models was 100.00%. The results showed  The results showed that 2D preprocessing effectively strengthened the
that the 1D-CNN model was very suitable for establishing the  nonlinear relationship between spectral data and pathogenic bacteria
discrimination model of pathogenic bacteria in mutton. Accordingto  species. For the 1D-CNN model, the effects of all models were
the fact that the smaller the convolution sum, the smaller the 100.00%, indicating that preprocessing had no effect on the 1D-CNN
computational cost of the model, the 1ID-CNN with convolution = model. The above studies indicated that spectral preprocessing could
sum of (32, 16) was selected to establish the pathogen species  improve the performance of PLS-DA and SVM models (45), but
discrimination model. had no effect on the 1D-CNN models, when building species
When the convolution kernel of the 1D-CNN model was set to  discrimination models of pathogenic bacteria in mutton.
(32, 16), the effects of three activation functions (sigmoid, tanh and
relu) on the pathogen species dis-crimination model were investigated. ~ 3.3.3 Extraction of spectral characteristic
The results showed that all three activation functions could beusedto ~ wavelengths
establish the pathogen species discrimination 1D-CNN model, and The methods of GA, CARA and SPA were used to extract the
the type of activation function had little effect on the model (Table 6).  characteristic wave-lengths associated with pathogenic bacteria
When the activation functions were relu or sigmoid, the accuracy of  species in mutton. The distribution of characteristic wavelengths
the test set of the model was 97.62%, and the accuracy of other data  extracted using different methods in the full band is shown in Figure 5.
sets was 100.00%. Therefore, tanh activation function was selected to Figure 5 shows that that the characteristic wavelengths screened
establish the discriminant model of pathogenic bacteria in mutton. In by GA mainly include 1,030, 1,102, 1,340, 1,680, 1705, 1724, 1762,
the subsequent study, the number of convolution kernels in the 1960 and 1976 nm, and the distribution of characteristic bands is
pathogen species discrimination model established by ID-CNN was  relatively dense in the range of 1,203-1,266, 1,397-1,561 and 1831-

(32, 16), and the activation function was tanh. 1900nm. The characteristic wavelengths screened by CARS were

mainly distributed in the range of 1,033-1,064 and 1,649-2,158 nm,
3.3.2 Effects of spectral preprocessing on and also distributed around 1,115, 1,178, 1,222-1,335, 1,404, 1,529,
different models 1,542, 1,592, 2,350 nm. The characteristic wavelengths screened by

Different pre-processed spectral data were used to establish ~ SPA were mainly distributed in the vicinity of 1,310, 1,385, 2,240, 1820
discrimination models of pathogenic bacteria species contaminated  and 2,390 nm, and also distributed in the range of 1,002-1,052, which
in mutton, and the effects of different processing methods on PLS-DA,  contained most of the peaks and trough after the second derivative
SVM and 1D-CNN models were discussed. The results are shown in  treatment. The characteristic bands mainly related to the difference
Table 7. between different pathogenic bacteria. Then the characteristic bands

Table 7 shows that for the PLS-DA model, the model with 2D extracted by different methods were used to establish the pathogen
preprocessing has the best effect, and the model performance is  species discrimination model, as shown in Table 8.
slightly improved compared with no pre-treatment. For the SVM As shown in Table 8, the all datasets accuracy of PLS-DA and
model, the performance of the 2D pre-processing model was  SVM models con-structed with characteristic wavelengths extracted
significantly improved. Compared with the model based on the by GA, CARS and SPA for discriminating the species of pathogenic
original spectra, the accrary of the training set, test set and external ~ bacteria on mutton was 100.00%. It shows that all of three methods
validation set was improved by 11.56, 19.05 and 14.29%, respectively.  could effectively extract the key spectral features of different types of

TABLE 5 1D-CNN models for pathogenic bacteria species discrimination based on different numbers of convolution kernels.

Number of convolution kernels Accuracy
Training set Test set External validation set

(128,64) 100.00% 100.00% 100.00%
(128,32) 100.00% 100.00% 100.00%
(128,16) 100.00% 100.00% 100.00%
(64,32) 100.00% 100.00% 100.00%
(64,16) 100.00% 100.00% 100.00%
(32,16) 100.00% 100.00% 100.00%

TABLE 6 1D-CNN model for pathogenic bacteria species discrimination based on different activation functions.

Activation function Accuracy
Training set Test set External validation set
Relu 100.00% 97.62% 100.00%
Tanh 100.00% 100.00% 100.00%
Sigmoid 100.00% 97.62% 100.00%
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TABLE 7 Results of discrimination models for pathogenic bacteria species based on the spectra with different pretreatment methods.

Pretreatment method Accuracy
Training set Test set External validation set
1D-CNN None 100.00% 100.00% 100.00%
1D 100.00% 100.00% 100.00%
2D 100.00% 100.00% 100.00%
MC 100.00% 100.00% 100.00%
MSC 100.00% 100.00% 100.00%
PLS-DA None 99.32% 97.62% 100.00%
1D 98.64% 100.00% 100.00%
2D 99.32% 100.00% 100.00%
MC 98.64% 97.62% 100.00%
MSC 99.32% 97.62% 100.00%
SVM None 88.44% 80.95% 85.71%
1D 100.00% 92.86% 100.00%
2D 100.00% 100.00% 100.00%
MC 88.44% 85.71% 80.95%
MSC 98.64% 85.71% 80.95%
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FIGURE 5
Distribution of characteristic wavelengths extracted by different methods. (A) GA. (B) CARS. (C) SPA.

TABLE 8 Results of discrimination models for pathogenic bacteria species established with characteristic wavelengths extracted by different methods.

Method of feature Number of bands Accuracy
band screening Training set Test set External validation set
1D-CNN CARS 4 100.00% 95.24% 100.00%
GA 42 100.00% 97.61% 100.00%
SPA 29 100.00% 92.86% 100.00%
PLS-DA CARS 4 100.00% 100.00% 100.00%
GA 4 100.00% 100.00% 100.00%
SPA 29 100.00% 100.00% 100.00%
SVM CARS 42 100.00% 100.00% 100.00%
GA 4 100.00% 100.00% 100.00%
SPA 29 100.00% 100.00% 100.00%

pathogenic bacteria. Compared with the full-band model, the
accuracy of PLS-DA and SVM was improved. Because the number of
characteristic wavelengths extracted by SPA was smallest, the PLS-DA
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and SVM models established by the characteristic wave-lengths
extracted by SPA were faster. Therefore, SPA combined with machine
learning can be effectively used to establish simplified models for the
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species discrimination of pathogenic bacteria contaminated in
mutton. On the contrary, for the 1D-CNN model, the accuracy of the
models based on the characteristic wavelengths extracted by different
methods was lower than that of the full-band model, indicating that
the feature extraction lost some features available (44).

3.3.4 Comparison of model preferences

The methods of PLS-DA, SVM and 1D-CNN were used to
establish the species discrimination models of pathogenic bacteria
in mutton. For the full-band model, the accuracy of all datasets of
2D-SVM and all 1D-CNN models was 100.00%, and the model effect
was satisfactory. For the model built by the characteristic
wavelengths, the PLS-DA and SVM models based on the
characteristic band had good effects, and the accuracy of all datasets
was 100.00%. However, the accuracy of the 1D-CNN model based
on the characteristic wavelengths was lower than that of the full
band. The results showed that for the machine learning model,
preprocessing could improve model accuracy, and feature extraction
could effectively remove the features that were not related to the
pathogen species in the full-band spectral information. Although the
model based on the characteristic wavelengths had a good effect, and
the simplified model could provide a basis for the development of
multispectral detection instruments, it needed to go through the
process of manual preprocessing and feature extraction, which
increased the complexity of establishing species discrimination
models of pathogenic bacteria in mutton using SWIR-HSI. When the
1D-CNN model was used, the effect of the model based on the
original spectrum was optimal, and its end-to-end detection mode
effectively improved the efficiency of model detection. In conclusion,
considering the computational complexity of features and models,
the 1D-CNN model based on the original spectra was the optimal
model when the SWIR-HSI was used for the discrimination the
species of pathogenic bacteria in mutton.

At present, the traditional culture method is the most common
and reliable means of pathogenic bacteria detection, but it needs
professional operators and strict testing environment, and the
detection time is long and the efficiency is low. Compared with the
traditional culture detection of pathogenic bacteria, HSI can be more
quickly used to rough select the contamination status of pathogenic
bacteria in mutton and discrimination their types. However, in the
early stage of the research, due to the small amount of data, the
generalization performance of the built model was not strong. In
the follow-up study, we should consider the influence of multiple
factors on the model, such as the presence of indigenous microbiota,
breeds and parts of mutton, etc., to enhance the generalization
performance of the model, so that the method proposed in this study
was more feasible.

4 Conclusion

The feasibility of using SWIR-HSI (1000-2,500 nm) combined
with traditional machine learning and deep learning methods to
detect the pathogenic bacteria contamination on mutton was
explored in this study. The 1D-CNN model which was suitable for
detection the contamination status and species of pathogenic
bacteria in mutton was constructed and optimized according to the

Frontiers in Nutrition

12

10.3389/fnut.2024.1325934

full-band spectra. The effects of different preprocessing methods
and characteristic wavelengths extraction on different models are
explored. The results showed that the number of convolution
kernels and the type of activation function in the 1D-CNN model
could significantly affect the detection model for contamination
status of pathogenic bacteria on mutton, but had little effect on the
discrimination model of the contaminated pathogenic bacteria on
mutton. For the detection of pathogenic bacteria contamination
status on mutton, 2D preprocessing could improve the accuracy of
PLS-DA and SVM, but it had no effect on the 1D-CNN model.
Using GA method to extract characteristic wavelengths could
simplify the input of the model and reduce the complexity of the
model. The overall results showed that the 1D-CNN model based
on the original spectra was the best model for the detection of
pathogenic bacteria contamination status on mutton. For the
species discrimination of pathogenic bacteria contaminated on
mutton, the spectral preprocessing affected the model in the same
way as the contamination detection model. The 2D preprocessing
method could effectively improve the accuracy of PLS-DA and SVM
models, while it had no effect on 1D-CNN model. When GA, CARS
and SPA were used to extract the characteristic wavelengths to
establish the simplified model, the performance of the 1D-CNN
model was reduced compared with that of the full-band model. But
the effects of PLS-DA and SVM models based on characteristic
wavelengths were satisfactory. In conclusion, the combination of
SWIR-HSI with traditional machine learning and deep learning
methods could effectively detect the contamination status and
identify the species of pathogenic bacteria in mutton, and the
performance of deep learning model was better than that of
machine learning. The results provide theoretical basis and technical
support for the effective realization of rapid nondestructive
detecting of pathogenic bacteria. For future research, the detection
limit of GB29921-2013 for different pathogenic bacteria will
be considered too quickly distinguish their concentration levels,
and the detection limit of SWIR-HSI for pathogenic bacteria
detection will be discussed.

Data availability statement

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

Author contributions

ZB: Conceptualization, Data curation, Formal analysis,
Investigation, Methodology, Software, Supervision, Visualization,
Writing - original draft. DD: Data curation, Investigation,
Methodology, Supervision, Writing - review & editing. RZ:
Conceptualization, Funding acquisition, Project administration,
Resources, Writing — review & editing. FX: Data curation, Software,
Validation, Visualization, Writing - review & editing. CY: Data
curation, Writing — review & editing. JY: Data curation, Writing —
review & editing. YZ: Data curation, Validation, Writing - review &
editing. LK: Funding acquisition, Resources, Writing - review &

editing.

frontiersin.org


https://doi.org/10.3389/fnut.2024.1325934
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org

Bai et al.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This research was
supported by the National Natural Science Foundation of China [grant
no. 31860465], the Bingtuan Innovation Leadership Program in
Sciences and Technologies for Young and Middle-aged Scientists [grant
no.2020CB016] and 2023 Corps Graduate Student In-novation Program.

Acknowledgments

The authors would like to thank their schools and colleges, as well
as the funding of the project. All support and assistance are sincerely
appreciated. Additionally, we sincerely appreciate the work of the
editor and the reviewers of the present paper.

References

1. Liu CC, Chu ZJ, Weng SZ, Zhu GQ, Han KX, Zhang ZX, et al. Fusion of electronic
nose and hyperspectral imaging for mutton freshness detection using input-modified
convolution neural network. Food Chem. (2022) 385:132651. doi: 10.1016/j.
foodchem.2022.132651

2. Commission NHAFP. National Standard for food safety - limits of pathogenic
bacteria in food. (2016).

3. Jones TE, Yackley J. Foodborne disease outbreaks in the United States: a historical
overview. Foodborne Pathog Dis. (2018) 15:11-5. doi: 10.1089/fpd.2017.2388

4. Qiu RC, Zhao YL, Kong DD, Wu N, He Y. Development and comparison of
classification models on VIS-NIR hyperspectral imaging spectra for qualitative detection
of the Staphylococcus aureus in fresh chicken breast. Spectrochim Acta A. (2023)
285:121838. doi: 10.1016/j.saa.2022.121838

5. Du YW, Han DP, Liu S, Sun X, Ning BA, Han T, et al. Raman spectroscopy-based
adversarial network combined with SVM for detection of foodborne pathogenic
bacteria. Talanta. (2022) 237:122901. doi: 10.1016/j.talanta.2021.122901

6. Zhang ], Gao P, Wu Y, Yan X, Ye C, Liang W, et al. Identification of foodborne
pathogenic bacteria using confocal Raman microspectroscopy and chemometrics. Front
Microbiol. (2022) 13:658. doi: 10.3389/fmicb.2022.874658

7. Xu Y, Kutsanedzie FYH, Sun H, Wang MX, Chen QS, Guo ZM, et al. Rapid
Pseudomonas species identification from chicken by integrating colorimetric sensors
with near-infrared spectroscopy. Food Anal Method. (2018) 11:1199-208. doi: 10.1007/
512161-017-1095-8

8. Nazir A, AlDhaheri M, Mudgil P, Marpu P, Kamal-Eldin A. Hyperspectral imaging
based kinetic approach to assess quality deterioration in fresh mushrooms (Agaricus
bisporus) during postharvest storage. Food Control. (2022) 131:108298. doi: 10.1016/j.
foodcont.2021.108298

9. Dong K, Guan YE, Wang Q, Huang YH, An FP, Zeng QB, et al. Non-destructive
prediction of yak meat freshness indicator by hyperspectral techniques in the oxidation
process. Food Chem X. (2023) 17:100541. doi: 10.1016/j.fochx.2022.100541

10. Zhang YX, Zheng MC, Zhu RG, Ma R. Adulteration discrimination and analysis
of fresh and frozen-thawed minced adulterated mutton using hyperspectral images
combined with recurrence plot and convolutional neural network. Meat Sci. (2022)
192:108900. doi: 10.1016/j.meatsci.2022.108900

11. Zheng XC, Li YY, Wei WS, Peng YK. Detection of adulteration with duck meat in
minced lamb meat by using visible near-infrared hyperspectral imaging. Meat Sci.
(2019) 149:55-62. doi: 10.1016/j.meatsci.2018.11.005

12. Wang Haoyun SJ, Leiging P. Improving hyperspectral detection accuracy of total
bacteria in prepared chicken using optimized BP neural network. Trans Chin Soc Agric
Eng. (2020) 2020:1-9. doi: 10.1155/2020/6682296

13. Sai Xu HL, Fan C, Qiu G, Ference C, Liang X, Peng J. Visible and near-infrared
hyperspectral imaging as an intelligent tool for parasite detection in sashimi. LWT.
(2023) 181:114747. doi: 10.1016/j.1wt.2023.114747

14. Kammies TL, Manley M, Gouws PA, Williams PJ. Differentiation of foodborne
bacteria using NIR hyperspectral imaging and multivariate data analysis. Appl Microbiol
Biot. (2016) 100:9305-20. doi: 10.1007/s00253-016-7801-4

15. Feng CH, Makino Y, Oshita S, Garcia-Martin JE Hyperspectral imaging and
multispectral imaging as the novel techniques for detecting defects in raw and processed
meat products: current state-of-the-art research advances. Food Control. (2018)
84:165-76. doi: 1041016/j.f00dc0nt.2017407.013

Frontiers in Nutrition

13

10.3389/fnut.2024.1325934

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.

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.

16. Bonah E, Huang XY, Yi R, Aheto JH, Yu SS. Vis-NIR hyperspectral imaging for the
classification of bacterial foodborne pathogens based on pixel-wise analysis and a novel
CARS-PSO-SVM model. Infrared Phys Techn. (2020) 105:103220. doi: 10.1016/j.
infrared.2020.103220

17. Gu P, Feng YZ, Zhu L, Kong LQ, Zhang XL, Zhang S, et al. Unified classification
of bacterial colonies on different agar media based on hyperspectral imaging and
machine learning. Molecules. (2020) 25:1797. doi: 10.3390/molecules25081797

18. Unger P, Sekhon AS, Chen XZ, Michael M. Developing an affordable hyperspectral
imaging system for rapid identification of Escherichia coli O157:H7 and Listeria
monocytogenes in dairy products. Food Sci Nutr. (2022) 10:1175-83. doi: 10.1002/
fsn3.2749

19. Bonah E, Huang XY, Aheto JH, Yi R, Yu SS, Tu HY. Comparison of variable
selection algorithms on Vis-NIR hyperspectral imaging spectra for quantitative
monitoring and visualization of bacterial foodborne pathogens in fresh pork muscles.
Infrared Phys Techn. (2020) 107:103327. doi: 10.1016/j.infrared.2020.103327

20. Zhang XL, Lin T, Xu JE Luo X, Ying YB. DeepSpectra: An end-to-end deep
learning approach for quantitative spectral analysis. Anal Chim Acta. (2019) 1058:48-57.
doi: 10.1016/j.aca.2019.01.002

21. Hu W, Huang YY, Wei L, Zhang E, Li HC. Deep convolutional neural networks for
hyperspectral image classification. J Sensors. (2015) 2015:1-12. doi: 10.1155/2015/258619

22.Hu YT, Ma BX, Wang HT, Zhang Y], Li Y], Yu GW. Detecting different pesticide
residues on Hami melon surface using hyperspectral imaging combined with 1D-CNN
and information fusion. Front Plant Sci. (2023) 14:1105601. doi: 10.3389/
fpls.2023.1105601

23.Huang JD, He HY, Lv RL, Zhang GT, Zhou ZX, Wang XB. Non-destructive
detection and classification of textile fibres based on hyperspectral imaging and
1D-CNN. Anal Chim Acta. (2022) 1224:340238. doi: 10.1016/j.aca.2022.340238

24.Liu J, Fan S, Cheng WM, Yang Y, Li XH, Wang Q, et al. Non-destructive
discrimination of sunflower seeds with different internal mildew grades by fusion of
near-infrared diffuse reflectance and transmittance spectra combined with 1D-CNN.
Food Secur. (2023) 12:295. doi: 10.3390/foods12020295

25. Mansuri SM, Chakraborty SK, Mahanti NK, Pandiselvam R. Effect of germ
orientation during Vis-NIR hyperspectral imaging for the detection of fungal
contamination in maize kernel using PLS-DA, ANN and 1D-CNN modelling. Food
Control. (2022) 139:109077. doi: 10.1016/j.foodcont.2022.109077

26. Tian SJ, Wang S, Xu HR. Early detection of freezing damage in oranges by online
Vis/NIR transmission coupled with diameter correction method and deep 1D-CNN.
Comput Electron Agr. (2022) 193:106638. doi: 10.1016/j.compag.2021.106638

27.Kang R, Park B, Chen KJ. Identifying non-O157 Shiga toxin-producing Escherichia
coli (STEC) using deep learning methods with hyperspectral microscope images.
Spectrochim Acta A. (2020) 224:117386. doi: 10.1016/j.saa.2019.117386

28.Kang R, Park B, Eady M, Ouyang Q, Chen K]J. Classification of foodborne
bacteria using hyperspectral microscope imaging technology coupled with
convolutional neural networks. Appl Microbiol Biot. (2020) 104:3157-66. doi: 10.1007/
500253-020-10387-4

29.Kang R, Park B, Eady M, Ouyang Q, Chen KJ. Single-cell classification of
foodborne pathogens using hyperspectral microscope imaging coupled with deep
learning frameworks. Sensor Actuat B Chem. (2020) 309:127789. doi: 10.1016/j.
snb.2020.127789

frontiersin.org


https://doi.org/10.3389/fnut.2024.1325934
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org
https://doi.org/10.1016/j.foodchem.2022.132651
https://doi.org/10.1016/j.foodchem.2022.132651
https://doi.org/10.1089/fpd.2017.2388
https://doi.org/10.1016/j.saa.2022.121838
https://doi.org/10.1016/j.talanta.2021.122901
https://doi.org/10.3389/fmicb.2022.874658
https://doi.org/10.1007/s12161-017-1095-8
https://doi.org/10.1007/s12161-017-1095-8
https://doi.org/10.1016/j.foodcont.2021.108298
https://doi.org/10.1016/j.foodcont.2021.108298
https://doi.org/10.1016/j.fochx.2022.100541
https://doi.org/10.1016/j.meatsci.2022.108900
https://doi.org/10.1016/j.meatsci.2018.11.005
https://doi.org/10.1155/2020/6682296
https://doi.org/10.1016/j.lwt.2023.114747
https://doi.org/10.1007/s00253-016-7801-4
https://doi.org/10.1016/j.foodcont.2017.07.013
https://doi.org/10.1016/j.infrared.2020.103220
https://doi.org/10.1016/j.infrared.2020.103220
https://doi.org/10.3390/molecules25081797
https://doi.org/10.1002/fsn3.2749
https://doi.org/10.1002/fsn3.2749
https://doi.org/10.1016/j.infrared.2020.103327
https://doi.org/10.1016/j.aca.2019.01.002
https://doi.org/10.1155/2015/258619
https://doi.org/10.3389/fpls.2023.1105601
https://doi.org/10.3389/fpls.2023.1105601
https://doi.org/10.1016/j.aca.2022.340238
https://doi.org/10.3390/foods12020295
https://doi.org/10.1016/j.foodcont.2022.109077
https://doi.org/10.1016/j.compag.2021.106638
https://doi.org/10.1016/j.saa.2019.117386
https://doi.org/10.1007/s00253-020-10387-4
https://doi.org/10.1007/s00253-020-10387-4
https://doi.org/10.1016/j.snb.2020.127789
https://doi.org/10.1016/j.snb.2020.127789

Bai et al.

30. Kang R, Park B, Ouyang Q, Ren N. Rapid identification of foodborne bacteria with
hyperspectral microscopic imaging and artificial intelligence classification algorithms.
Food Control. (2021) 130:108379. doi: 10.1016/j.foodcont.2021.108379

31. Tao CL, Du J, Tang YX, Wang JJ, Dong K, Yang M, et al. A deep-learning based
system for rapid genus identification of pathogens under hyperspectral microscopic
images. Cells-Basel. (2022) 11:237. doi: 10.3390/cells11142237

32. Wu X, Zeng S, Fu H, Wu B, Zhou H, Dai C. Determination of corn protein content
using near-infrared spectroscopy combined with A-CARS-PLS. Food Chem X. (2023)
18:100666. doi: 10.1016/j.fochx.2023.100666

33. Qiu YY, Zhu RG, Fan Z], Yao XD, Lewis E. Comparison of models and visualization
of total volatile basic nitrogen content in mutton using hyperspectral imaging
and variable selection methods. Spectrosc Lett. (2018) 51:226-35. doi: 10.1080/
00387010.2018.1452268

34. Yang J, Xu JE, Zhang XL, Wu CY, Lin T, Ying YB. Deep learning for vibrational
spectral analysis: recent progress and a practical guide. Anal Chim Acta. (2019)
1081:6-17. doi: 10.1016/j.aca.2019.06.012

35. Jimenez-Carvelo AM, Martin-Torres S, Ortega-Gavilan F, Camacho J. PLS-DA vs
sparse PLS-DA in food traceability. A case study: authentication of avocado samples.
Talanta. (2021) 224:121904. doi: 10.1016/j.talanta.2020.121904

36. Cervantes J, Garcia-Lamont F, Rodriguez—Mazahua L,Lopez A. A comprehensive
survey on support vector machine classification: applications, challenges and trends.
Neurocomputing. (2020) 408:189-215. doi: 10.1016/j.neucom.2019.10.118

37. PuHB, Kamruzzaman M, Sun DW. Selection of feature wavelengths for developing
multispectral imaging systems for quality, safety and authenticity of muscle foods-a
review. Trends Food Sci Tech. (2015) 45:86-104. doi: 10.1016/j.tifs.2015.05.006

Frontiers in Nutrition

14

10.3389/fnut.2024.1325934

38. Zou XB, Zhao JW, Povey MJW, Holmes M, Mao HP. Variables selection methods
in near-infrared spectroscopy. Anal Chim Acta. (2010) 667:14-32. doi: 10.1016/j.
aca.2010.03.048

39.Zhu R, Yang D, Li Y. Learning improved semantic representations with tree-
structured LSTM for hashtag recommendation: An experimental study. Information.
(2019) 10:127. doi: 10.3390/info10040127

40. He HJ, Sun DW, Wu D. Rapid and real-time prediction of lactic acid bacteria
(LAB) in farmed salmon flesh using near-infrared (NIR) hyperspectral imaging
combined with chemometric analysis. Food Res Int. (2014) 62:476-83. doi: 10.1016/j.
foodres.2014.03.064

41. Gowen AA, Amigo JM, Tsenkova R. Characterisation of hydrogen bond
perturbations in aqueous systems using aquaphotomics and multivariate curve resolution-
alternating least squares. Anal Chim Acta. (2013) 759:8-20. doi: 10.1016/j.aca.2012.10.007

42. Cao XQ, Zhang L, Wu ZC, Ling ZC, Li JL, Guo KC. Quantitative analysis modeling
for the ChemCam spectral data based on laser-induced breakdown spectroscopy using
convolutional neural network. Plasma. Sci Technol. (2020) 22:115502. doi:
10.1088/2058-6272/aba5f6

43. Padarian J, Minasny B, McBratney AB. Using deep learning to predict soil
properties from regional spectral data. Geoderma Reg. (2019) 16:¢00198. doi: 10.1016/j.
geodrs.2018.e00198

44.Li Y], Ma BX, Li C, Yu GW. Accurate prediction of soluble solid content in dried
Hami jujube using SWIR hyperspectral imaging with comparative analysis of models.
Comput Electron Agric. (2022) 193:106655. doi: 10.1016/j.compag.2021.106655

45. Diwu PY, Bian XH, Wang ZF, Liu W. Study on the selection of spectral preprocessing
methods. Spectrosc Spect Anal. (2019) 39:2800-6. doi: 10.3390/agronomy13041123

frontiersin.org


https://doi.org/10.3389/fnut.2024.1325934
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org
https://doi.org/10.1016/j.foodcont.2021.108379
https://doi.org/10.3390/cells11142237
https://doi.org/10.1016/j.fochx.2023.100666
https://doi.org/10.1080/00387010.2018.1452268
https://doi.org/10.1080/00387010.2018.1452268
https://doi.org/10.1016/j.aca.2019.06.012
https://doi.org/10.1016/j.talanta.2020.121904
https://doi.org/10.1016/j.neucom.2019.10.118
https://doi.org/10.1016/j.tifs.2015.05.006
https://doi.org/10.1016/j.aca.2010.03.048
https://doi.org/10.1016/j.aca.2010.03.048
https://doi.org/10.3390/info10040127
https://doi.org/10.1016/j.foodres.2014.03.064
https://doi.org/10.1016/j.foodres.2014.03.064
https://doi.org/10.1016/j.aca.2012.10.007
https://doi.org/10.1088/2058-6272/aba5f6
https://doi.org/10.1016/j.geodrs.2018.e00198
https://doi.org/10.1016/j.geodrs.2018.e00198
https://doi.org/10.1016/j.compag.2021.106655
https://doi.org/10.3390/agronomy13041123

	Establishment and comparison of in situ detection models for foodborne pathogen contamination on mutton based on SWIR-HSI
	1 Introduction
	2 Materials and methods
	2.1 Preparation of bacterial suspension and inoculum
	2.2 Sample preparation
	2.3 Hyperspectral image acquisition and spectral data extraction
	2.4 Preprocessing of spectral information
	2.5 Dataset construction
	2.6 Characteristic wavelengths extraction
	2.7 Detection model construction
	2.7.1 One dimensional convolutional neural network
	2.7.2 Partial least squares-discriminant analysis
	2.7.3 Support vector machine
	2.8 Model evaluation and data processing environment

	3 Results and discussion
	3.1 Analysis of raw spectral data
	3.2 Detection of pathogenic bacteria contamination status on mutton
	3.2.1 Optimization and determination of hyperparameters of 1D-CNN model structure
	3.2.2 Influence of different spectral data preprocessing on the model
	3.2.3 Extraction of spectral characteristic wavelengths
	3.2.4 Model comparison and optimal model selection
	3.3 Establishment of the discrimination models of pathogenic bacteria species contaminated on mutton
	3.3.1 Optimization and determination of hyperparameters of 1D-CNN model structure
	3.3.2 Effects of spectral preprocessing on different models
	3.3.3 Extraction of spectral characteristic wavelengths
	3.3.4 Comparison of model preferences

	4 Conclusion
	Data availability statement
	Author contributions

	References

