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Abstract. Spectral detection technology can be used to identify different types of fish flesh and
determine the presence of ingredients in samples, which helps to control the authenticity and
conformity of products. The aim of this study was to develop and compare the effectiveness of
machine learning methods for the classification of different types of fish based on hyperspectral
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data. In this paper, hyperspectral technology was used to obtain spectral data of 328 sampling
points in the 400-1,000 nm band of four different fish, and the spectral curves were preprocessed
to obtain more accurate and efficient spectral curves. The study systematically compared
the preprocessing methods of Savitzky-Golay smoothing and multivariate scatter correction
(MSC), and combined the principal component analysis (PCA) method to optimise the k-nearest
neighbour (KNN) and support vector machine (SVM) classification models, in order to provide a
more effective solution for fish classification. The principal component analysis method was used
to reduce the dimensionality of the spectral data. The principal components after dimensionality
reduction were compared with the full components, and the training set and test set were
randomly generated. The SVM algorithm and the KNN algorithm were used in Python to predict
and determine the accuracy of the model. It was shown that the average accuracy of spectral
data after preprocessing and dimensionality reduction in the classification of SVM models can
reach 97.25%, and the average classification accuracy of KNN models can reach 97.48%, which
indicates that different types of fish flesh can be classified. Both models showed that overall,
the preprocessing method that combines MSC and PCA is better than the single preprocessing
method, highlighting the importance of PCA in removing redundant information and preserving
key classification characteristics. When comparing the model performance under the same
preprocessing conditions, the accuracy of SVM is higher than that of KNN, indicating that the SVM
has greater adaptability to spectral data classification. Through the development and application
of spectral detection technology, technological progress and innovation in food testing can be
promoted, guiding the entire industry to a safer and more reliable future

Keywords: spectrum; Savitzky-Golay method; multiplicative scatter correction; k-nearest
neighbours model; support vector machine algorithm

Introduction

As people’s awareness of food safety contin-
ues to grow, food quality and authenticity have
become the focal points of global concern.
The food industry faces issues such as adul-
teration and counterfeiting. Criminals might
seek profits by adding inexpensive or harmful
substances to products. Thus, it is essential to
develop reliable detection methods to prevent
and identify such counterfeiting behaviours.
However, traditional food quality detection
methods are destructive, cumbersome to op-
erate, and require trained professionals. With
the rapid development and integration of im-
age processing, spectral analysis, and food
intelligence technologies, the application of
hyperspectral imaging technology in food de-
tection has attracted growing attention (Wu et
al., 2025). The development and advancement

of spectral technologies, particularly the in-
creasing applications of near-infrared spec-
troscopy, Raman spectroscopy, fluorescence
spectroscopy, and other techniques, offer
faster, more accurate, and non-destructive ap-
proaches for food analysis and testing. L. He et
al. (2022) employed ultra-high performance
liquid chromatography - tandem mass spec-
trometry (UPLC — MS/MS) to identify serum al-
bumin target peptides in beef and horse meat.
The results demonstrated that this method ex-
hibited good linearity and excellent analytical
performance within a certain concentration
range. B. Li et al. (2024) utilised support vector
machine, random forest, and LSTM algorithms
to establish a classification model by fusing
hyperspectral reflectance and transmittance
spectral data, and combined with partial least
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squares regression to quantitatively analyse
the concentration of beef adulterants. They
found that the detection accuracy of chick-
en, duck, and pork adulterated in beef could
be improved. The scientific work by I. Pa-
lamarchuk et al. (2024) used the laser-induced
breakdown spectroscopy (LIBS) method for
spectroscopic assessment and quantitative
analysis of the trace element composition of
plant additives to meat products.

Spectral detection technology can an-
alyse numerous samples in a short time, en-
hancing detection and production efficiencies.
Through the development and application of
spectral detection technology, technological
progress and innovation in food testing can be
promoted, guiding the entire industry towards
a safer and more reliable future (Melnychuk et
al., 2016). Moreover, the importance of stand-
ardised quality metrics in food production was
emphasised by N. Kim (2021), who proposed a
generalised quality indicator method for as-
sessing various objects, including food prod-
ucts. This method integrates multiple qual-
ity metrics into a cohesive model, enabling
precise and rapid evaluation of food quality,
which is critical for ensuring consistency and
reliability in non-destructive spectral detec-
tion applications.

Fish, being a common food item, its qual-
ity and authenticity are of great significance
to consumers’ health and trust. Fish spectral
detection plays a crucial role in ensuring food
safety and quality. By analysing the spectral
characteristics of samples to identify their
components and quality attributes, consumers’
health and rights can be safeguarded (Wang et
al., 2019). T. Xu (2020) synthesised three gold
nanorods (Au NRs) with different aspect ratios
using the seed-growth method and, in com-
bination with SERS technology, detected in-
dustrial dye drug residues in four types of fish
flesh. Z. Chen et al. (2021) used these non-de-
structive methods to assess the freshness of
pearl gentian grouper under different storage
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conditions. G. Tsagkatakis et al. (2020) pro-
posed a new approach to fish freshness assess-
ment using information encoded in the spectral
profile obtained with a spectral imaging cam-
era. Experimental evaluation on individuals of
the Sparidae family (Boops sp.) confirmed that
the proposed approach is a valid methodology,
offering both accuracy and ease of application.
Spectroscopic technology can achieve fast and
non-destructive fish classification by analys-
ing the absorption or reflection characteristics
of biological tissues to electromagnetic waves
(Shi et al., 2022; Yuan et al., 2025). However,
the original spectrum is easily interfered with
by factors such as instrument noise and sample
surface scattering, and it is necessary to com-
bine dimensionality reduction techniques such
as principal component analysis (PCA) to im-
prove classification accuracy.

The aim of this paper was to provide a
more efficient study of fish classification based
on spectral analysis. The research objectives
included a systematic comparison of preproc-
essing methods, Savitzky-Golay (SG) smooth-
ing and multivariate scatter correction (MSC),
and a combination of PCA to optimise KNN and
SVM classification models.

Materials and Methods

All experimental procedures were conducted at
the Hyperspectral Imaging Laboratory, School
of Food Science and Engineering, Bengbu Uni-
versity (Bengbu, Anhui Province, China) during
March 2025. The experimental studies were
conducted in compliance with the requirements
of the European Convention for the Protection
of Vertebrate Animals used for Experimental
and other Scientific Purposes (1986), as well as
the Law of Ukraine No. 3447-1V “On Protection
of Animals from Cruelty” (2006).

Experimental materials. The fresh fish
samples for this experiment were purchased
from the Bengbu Fishery. The fish species in-
cluded Snakehead, Grass carp, Bighead carp,
Redfin culter, with 10 individuals of each type.
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The length of each fish ranged from 25 to 40 cm.
Samples were prepared from the mid-section
of freshly slaughtered and cleaned fish, with
2 cm thick cross-sectional slices divided into
four groups. Each container was labelled with
sample identification and preparation date.
Specimens were subsequently refrigerated at
3°C for 24 hours to stabilise physicochemical
properties whilst preventing interference from
trace microbial activity. Following this stabili-
sation period, samples were arranged on a mo-
torised stage for spectral acquisition in a con-
trolled-environment chamber maintained at
15°C to minimise wavelength-specific intensi-
ty variations caused by thermal effects. After
processing to eliminate the interference of ir-
relevant factors, the fish samples were detect-
ed using a hyperspectral imager. Hyperspectral
data of different types of fish in the wave-
length band from 400 nm to 1,000 nm were
collected. Following preprocessing to elimi-
nate extraneous factors, hyperspectral imag-
ing was performed using a GaiaField-V10 sys-
tem (Jiangsu Shuangli Hepu Technology Co.,
Ltd) as illustrated in Figure 1. The apparatus
comprised: a hyperspectral imager with inter-
nal push-broom scanning mode, a CCD camera
(696x658 pixels), four 200W halogen lamps,
a black background panel, a computer-con-
trolled translation stage, and a light-tight en-
closure. Samples were positioned centrally on
the motorised stage within the enclosure. Op-
erating within a 400-1,000 nm spectral range,
the system acquired data at 0.7 nm/s with 328
output wavelengths. Key specifications includ-
ed: spectral resolution — 2.8 nm, focal length —
25 mm, spectral sampling interval — 2.34 nm.
During acquisition via SpecView software,
parameters were set to: exposure time — 30
ms, gain — 1. Sample-to-camera distance was
maintained at 55 cm to ensure image clarity.
Radiometric calibration was performed using a
99% reflectance standard white reference prior
to daily measurements to ensure a linear re-
flectance response.

*_Hypctspectml

camera

_. Light sourcR._
\\- —’I
Light controller
Background plate Sample =
1 == -
|— Camera  —
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Figure 1. Hyperspectral detection device
Source: developed by the authors

Data processing methods. Hyperspectral
image data of fish specimens were acquired
in this study. Spectral curves of samples were
extracted using ENVI (Environment for Vis-
ualising Images) software, yielding spectral
information across 328 bands. Subsequent
preprocessing of raw spectral data and curves
was conducted within the Python 3.9.21 soft-
ware environment. To mitigate noise and en-
hance the signal-to-noise ratio, Multiplicative
Scatter Correction (MSC) and Savitzky-Golay
(SG) smoothing algorithms were applied. The
preprocessed data were partitioned into two
subsets: one subset underwent dimensional-
ity reduction via Principal Component Anal-
ysis (PCA) to efficiently represent features in
a lower-dimensional space, while the other
subset retained its original dimensionality.
This process generated four distinct datasets
(MSC+PCA, MSC, SG+PCA, SG), which were
subsequently reimported into the Python envi-
ronment. During model training, each dataset
was split into training and testing sets at a 4:1
ratio, employing a cross-validation strategy.
Two classification algorithms - Support Vec-
tor Machine (SVM) and K-Nearest Neighbours
(KNN) - were utilised to classify spectral data
from four fish categories. To meet computation-
al and data storage requirements, the software
environment was configured as follows: Devel-
opment platform: PyCharm 2023.1.3 Profes-
sional Edition; Deep learning framework: Py-
Torch 1.12.0+cull3. Key dependencies: numpy
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1.23, pandas 1.5.3, matplotlib 3.7.1, scikit-learn
1.2.2, torchvision 0.15.2, tqdm 4.65.0, ten-
sorboard 2.12.2. Models were trained on the
training sets, with final performance evaluated
through confusion matrices and accuracy met-
rics on the test sets.

In the field of hyperspectral data preproc-
essing, two methods are widely used: Savitz-
ky-Golay smoothing and multidimensional
scattering correction, which are used to sup-
press noise and eliminate scattering inter-
ference, respectively. SG smoothing is a local
weighted average algorithm based on polyno-
mial approximation. By shifting an odd-length
window on the spectral curve, a polynomial
regression is performed on the data in the win-
dow, and the centre value of the approximation
curve is used to replace the original value. In
this study, the window size was set to 5 points
during SG data processing, and the polynomial
order was set to 3 order. During preprocess-
ing, a least-squares polynomial approximation
was performed on the data points in each win-
dow, and the smoothing value of the centre
point of the window was calculated. The edge
of the data was processed by mirror expansion.
In addition, to eliminate the scattering effect
caused by the physical surface characteris-
tics of fish samples (such as particle size and
roughness), the multidimensional scattering
correction (MSC) method was used to achieve
spectral baseline correction.

Fish hyperspectral data usually contains
hundreds of continuous bands (400-1,000 nm),
which is a typical high-dimensional data fea-
ture. Principal Component Analysis (PCA) is a
well-established linear dimensionality reduc-
tion method. It maps high-dimensional data to
a low-dimensional space through orthogonal
transformation. It effectively reduces dimen-
sionality while retaining the main information
of the data, and it has become an important
preprocessing technology for fish hyperspec-
tral data analysis. In this study, the PCA meth-
od was used to reduce the dimensionality of
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the data. First, the principal components
were extracted by calculating the covariance
matrix, and then the principal components
with a cumulative variance contribution ex-
ceeding 95% were selected. The data after di-
mensionality reduction were then trained by
KNN and SVM algorithms. This study estab-
lished eight comparative experimental groups
comprising the following specific combina-
tions: SG+PCA+SVM, SG+PCA+KNN, MSC+P-
CA+SVM, MSC+PCA+KNN, SG+SVM, SG+KNN,
MSC+SVM, and MSC+KNN. Among these, four
experimental sets required initial dimension-
ality reduction via PCA prior to input of the
data into SVM and KNN models for training.
After the 8 experimental groups were preproc-
essed by SG and MSC, 4 of them were subject-
ed to PCA dimensionality reduction and then
substituted into the SVM and KNN models for
training. The other 4 groups were not subject-
ed to PCA dimensionality reduction and were
directly substituted into the model training.
Finally, the accuracy rates obtained from the
training of the 8 model combinations were
compared and analysed.

Results and Discussion
The original spectral curves of the four fish
samples, the spectral curves after SG convo-
lution smoothing, and the spectral curves af-
ter multivariate scattering correction (MSC)
processing are shown in Figures 2, 3, and 4,
respectively. Through comparative analysis,
it can be observed that the Savitzky-Golay
convolution smoothing algorithm effective-
ly suppressed high-frequency random noise
while fully retaining the position and intensi-
ty information of the characteristic absorption
peak. This method achieved data smoothing
through local polynomial fitting. Under the
5-point sliding window parameter setting, it
successfully eliminated signal fluctuations
caused by instrument noise and environmen-
tal interference. Compared with SG processing,
the multivariate scatter correction technology
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demonstrated a more centralised optimisation
effect in spectral preprocessing. By regressing
each sample spectrum against the reference
spectrum, MSC processing not only effectively
eliminated the baseline drift caused by particle
scattering effects but also centralised the spec-
tral data. Experimental data indicated that both
preprocessing methods can enhance the quality
of spectral data.

Prior to model training, the fish hyper-
spectral data were subjected to both noise-re-
duction preprocessing and dimensionality re-
duction using PCA. Figures 5 and 6 show the
PCA two-dimensional projection results of fish
spectral data after SG and MSC preprocessing.
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In both figures, the horizontal axis PC1 ac-
counted for more than 86.0% of the variance.
In Figure 6, the vertical axis PC2 accounted for
6.2% of the variance, and in Figure 5, the ver-
tical axis PC2 accounted for 10.1% of the var-
iance. The cumulative variance contribution of
PC1 and PC2 was high, reaching over 94%. PC1
was the main dimension for differentiating fish
samples. Redfin culter showed the highest de-
gree of distinction from other species. However,
Bighead carp, Grass carp, and Snakehead had
relatively weak distinctions because of the par-
tial overlap of their spectral features. Further
refinement was required by combining more
dimensions or analysis methods.
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Figure 3. Spectrum after SG treatment
Source: developed by the authors
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Figure 4. Spectrum after MSC treatment

Source: developed by the authors
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PCA 2D Projection of Fish Species

°
15000 4 °
L]
o
10000 °
[ ]
;3 5000
=
=]
2
~
O
a
04
—5000 -
Species
® Snakehead
® Grass Carp
sl J @ Bighead Carp
10000 @ Redfin culter
—20000 —10000 0 10000 20000 30000 40000 50000

PC1 (86.8%)

Figure 5. SG-PCA two-dimensional projection of the fish flesh spectrum
Source: developed by the authors
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Table 1 and Table 2 present the cumulative
contribution variance statistics after perform-
ing PCA dimension analysis. They illustrate the

contribution rates of the first 5 principal com-
ponents when the fish spectral data were pro-
cessed using SG-PCA and MSC-PCA.

Table 1. Contribution rates of the top 5 principal components of SG-PCA

Principal component number

Percentage of variance (%)

Cumulative (%)

PCA1l 86.80 86.80
PCA2 10.10 96.90
PCA3 2.50 99.40
PCA4 0.30 99.70
PCA5 0.20 99.90

Source: developed by the authors

Table 2. Contribution rates of the top 5 principal components of MSC-PCA

Principal component number

Percentage of variance (%)

Cumulative (%)

PCA1 88.00 88.00
PCA2 6.20 94.20
PCA3 0.90 95.10
PCA4 0.40 95.20
PCAS5 0.10 95.30

Source: developed by the authors

As is evident from Table 1, in the SG-PCA
combination, the variance contribution rate of
the first principal component, PCA1, reached
as high as 86.80%. The cumulative contribu-
tion rate of the first two principal components
is 96.90%, and that of the first 5 principal com-
ponents was as high as 99.9%. This implied
that most of the variance information could be
accounted for by the first two principal com-
ponents, and the first 5 principal components
nearly covered all the information. In contrast,
in the MSC-PCA combination, the variance
contribution rate of PCA1 was 88.00%, which
was higher than that of PCA1 in the SG-PCA
combination. However, the cumulative contri-
bution rate of the first two principal compo-
nents was 94.20%, and the cumulative contri-
bution rate of the first 5 principal components
was 95.30%, both of which were lower than

those in the SG-PCA combination. This indi-
cated that, under the MSC-PCA combination,
the explanatory power of the first 5 principal
components for the data was slightly weaker,
yet the explanatory power of the first principal
component was stronger.

From the principal component contribution
rates of the two preprocessing methods, it was
observed that when the preprocessed spectral
data underwent PCA analysis, more than 95% of
the original information was retained while the
data dimensionality was reduced to fewer than
ten. This demonstrated that the combination
of preprocessing and PCA effectively eliminat-
ed redundant spectral information. As a result,
it not only decreased the amount of training
data and shortened the training time but also
improved the analysis efficiency. The training
results are presented in Table 3 and Table 4.

Animal Science and Food Technology. 2025. Vol. 16, No. 3
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Table 3. SG classification model training results

Principal component number Accuracy

Average accuracy Average accuracy

(with or without PCA)
MSC 97.33% )
SG 96.20% 96.77% 07 25%
MSC-PCA 97.86% o7 73% a2
SG-PCA 97.59% o

Source: developed by the authors

Table 4. KNN classification model training results

Average accuracy

Principal component number Accuracy (with or without PCA) Average accuracy
MSC 97.59%
97%
SG 96.35% 96.91 97.48%
MSC-PCA 98.39% 97.99% e
SG-PCA 97.60% e

Source: developed by the authors

The results indicated that in the task of
fish spectral classification, the preprocessing
effects and classification performances of the
SVM and KNN models exhibited significant
differences. For the SVM model, the MSC-PCA
combined preprocessing demonstrated the best
performance, with an accuracy of 98.39% and
an average precision of 97.99%. This was signif-
icantly better than using MSC alone (97.59%),
SG alone (96.35%), or SG-PCA (97.60%), thus
verifying the synergistic optimisation effect
of MSC correction and PCA dimensionality re-
duction. When preprocessed individually, the
spectral correction effect of MSC (97.59%) was
better than that of SG (96.35%). The optimal
preprocessing scheme for the KNN model was
also MSC-PCA, with an accuracy of 97.86% and
an average precision of 97.73%. This was su-
perior to SG-PCA (97.59%), single-use of MSC
(97.33%), and SG (96.20%), further validating
the effectiveness of the feature extraction of
this combination. Both models showed that,
overall, the preprocessing method combining
MSC and PCA was better than a single preproc-
essing method, highlighting the importance of
PCA in removing redundant information and
retaining key classification features. In the
comparison of model performances, under the
same preprocessing conditions, the accuracy of

Animal Science and Food Technology. 2025. Vol. 16, No. 3

SVM was generally higher than that of KNN, in-
dicating that SVM had a stronger adaptability
to the classification of spectral data.

The results of the research are consist-
ent with the conclusions of other scientists
regarding the application of spectral analysis
with data processing methods for identifying
fish species and assessing the freshness of fish
products. M. Rahman et al. (2023) used prin-
cipal component analysis to differentiate the
spectra of mackerel meat using fluorescence
spectroscopy. Principal component analysis of
FFs spectra demonstrated clear discrimination
(PC1 + PC2 =91.7%) between white and dark
meat of frozen fish depending on the fresh-
ness state. Therefore, the principal component
analysis method of dense matter spectra could
instantly distinguish the freshness state of
white and dark meat in fish products, even in
the frozen state. The effectiveness of the fluo-
rescence fingerprinting method combined with
PCA for rapid and non-destructive monitoring
of fish quality had also been demonstrated in
the works of the aforementioned authors. In
particular, M. Rahman et al. (2022) proposed
a method using fluorescent fingerprints for
non-destructive prediction of pH in frozen fish
fillets. The results showed that the developed
method was accurate enough to predict pH




Xu et al.

79

changes in horse mackerel (R2=0.71) and spot-
ted mackerel (R?=0.90), therefore, it could be
used as a fast and non-contact alternative to
traditional pH electrodes.

K. Omwange et al. (2021) proposed a rapid
and non-destructive method for assessing the
freshness of Tribolodon hakonensis using mul-
tispectral imaging combined with multivariate
analysis methods. The results achieved an R>
of 0.94 and an RMSE of 2.42%. Multispectral
fluorescence imaging was found to be a power-
ful tool for non-destructive monitoring of fish
freshness during storage. The multispectral
imaging method was appropriate for non-de-
structive detection of quality characteristics
not only of fish, but also of other white meat
products, such as shrimp, chicken, duck, and
goose. Non-destructive methods for examin-
ing food products also included fluorescence
spectroscopy and colour imaging. Based on
machine learning and convolutional neural
networks, these techniques could not only be
used to determine the freshness and category
of white meat through imaging and analysis,
but could also be used to detect various harmful
substances in meat products (Fan & Su, 2022;
Fan et al., 2024).

In the work of Y. Hu et al. (2023), a method
for fish species authentication based on Raman
spectroscopy was proposed. In this case, the
PCA method was applied to analyse the data us-
ing KNN and SVM models to study the spectral
features. At the initial stage of spectrum anal-
ysis, SVM models were selected to classify the
sample into the group of salmon or non-salm-
on fish. Secondary classification models based
on the PLS-DA or KNN algorithm were applied
to classify the sample into one of four salmon
species or one of seven non-salmon fish spe-
cies. The classification model at the first level
provided almost 100% accuracy, which allowed
for confident identification with an accuracy of
>93% at the second level for both fish groups.
This fast and reliable fish authentication meth-
od was another useful tool for controlling the

authenticity of fish, and therefore, for protect-
ing consumer benefits.

In the work of J. Qin et al. (2020), a study
was conducted to differentiate six types of
fish fillets and evaluate the freshness of fro-
zen-thawed fillets. Four types of spectra were
obtained - visible and near-infrared reflectance,
fluorescence, short-wave infrared reflectance,
and Raman spectroscopy. The hyperspectral
images of fish fillets were analysed using six
models, including KNN and SVM. The highest
accuracy was achieved at 100% when using the
full VNIR reflectance spectra for species clas-
sification and 99.9% when using the full SWIR
reflectance spectra for freshness classification.
This method was proposed to quickly detect
substitution and mislabelling of fish fillets (Do
& Wong, 2025). Similarly, H. Li et al. (2022) de-
veloped rapid detection methods (RPA, RPA-
LFD, and real-time RPA) targeting the serC gene
of Edwardsiella ictaluri in yellow catfish, achiev-
ing a detection limit of 10? copies/ul within 30
minutes at 38°C. These methods, particularly
RPA-LFD, demonstrated high sensitivity and
specificity without requiring specialised equip-
ment, offering a practical solution for on-site
fish pathogen detection in aquaculture settings.
R. Wang (2022) proposed a quantitative detec-
tion method for fish paste adulteration based
on hyperspectral technology. By comparing and
analysing the full-wavelength and simplified
regression models, the optimal fish paste adul-
teration detection model was determined. The
results indicated that both the full-wavelength
model and the simplified model could effective-
ly detect fish paste adulteration, with the pre-
diction coefficient R? greater than 0.90, and the
root mean square error of calibration (RMSEC)
and root mean square error of prediction (RM-
SEP) being 1.9989% and 1.7983%, respectively.

In the paper of Y. Feng et al. (2023), surimi
adulteration detection was used as an example
for in-depth research on the performance of
different spectral reconstruction algorithms. In
the spectral reconstruction process, two main

Animal Science and Food Technology. 2025. Vol. 16, No. 3
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methods were investigated: the multivariate
polynomial least squares regression (PMLR)
algorithm and the hierarchical deep learning
regression network (HRNet). Experimental re-
sults showed that the support vector regression
model with standard normal transformation
(SNV) preprocessing achieved the best results
with a prediction correlation coefficient (R,) of
0.9830 and a root mean square prediction er-
ror (RMSE,) of 3.9544% in the model based on
the spectrum reconstruction by the PMLR algo-
rithm. In the model based on the reconstructed
spectrum of the HRNet deep learning network,
the support vector regression model, also using
SNV preprocessing, achieved the best perfor-
mance with a prediction correlation coefficient
of 0.9987 and a root mean square prediction
error of 4.0808%. Thus, the PMLR algorithm
and the HRNet network reconstruction method
based on RGB images not only realised efficient
spectral reconstruction but also provided a reli-
able solution for surimi adulteration detection.
Furthermore, Z. Deng et al. (2024) reviewed the
application of deep learning models, such as
convolutional neural networks (CNNs) and mul-
tilayer perceptrons (MLPs), in food authenticity,
emphasising their superior performance over
traditional machine learning for complex data
analysis. Their work highlighted the potential
of deep learning combined with spectroscopic
techniques for rapid and accurate fish authen-
ticity detection, aligning with the high accuracy
achieved in the SVM-based spectral classifica-
tion. In the studies by J. Zhou et al. (2019) it
was found that after spectral preprocessing and
CARS characteristic wavelength optimisation,
the correlation coefficients of the model were
0.961,0.881, 0.955, and 0.946, respectively, and
the cross-validation root mean square errors
were 0.049, 1.659, 0.047, and 2.558, respectively,
verifying the good predictive ability of the mod-
el and providing an effective method for rapid
and non-destructive detection of freshwater
fish freshness. P. Tian (2023) used spectral and
hyperspectral imaging technology, combined
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with various chemometric methods and image
processing techniques, to conduct chemomet-
ric analysis on frozen and refrigerated salmon
meat and established a prediction model for
qualitative analysis. It was found that the cor-
rect identification rate of the test samples could
reach 97.92%. The use of CARS and SPA feature
wavelength extraction could reduce the data di-
mension, and the correct identification rate of
the CARS-CNN model could still reach 93.75%,
effectively realising the identification of fresh
and frozen-thawed salmon meat.

The study confirmed that combining mul-
tivariate scatter correction with principal
component analysis yields the most effective
preprocessing pipeline for hyperspectral fish
classification, achieving the highest accuracy of
98.39% with the SVM model and demonstrating
superior performance in noise reduction, fea-
ture extraction, and classification compared to
SG and individual preprocessing methods.

Conclusions
Aiming at the classification problem of fish
spectral data, this study proposed a dimension-
ality reduction method based on principal com-
ponent analysis (PCA). The original spectral
data were optimised by integrating two data
preprocessing techniques, Savitzky-Golay (SG)
and multiplicative scatter correction (MSC).
This approach effectively enhanced the data
quality. The high-dimensional spectral features
were reduced to fewer than 10 dimensions while
retaining a cumulative variance contribution
rate of over 92%, which verified the effective-
ness of the dimensionality reduction method in
preserving spectral feature information. Based
on the dimensionally reduced data, K-nearest
neighbours (KNN) and support vector machine
(SVM) classification models were constructed
separately. The experimental results indicated
that when the nearest neighbour parameter
of the KNN algorithm was optimised to k=4,
it achieved an average classification accuracy
of 97.25% on the test set. The KNN algorithm
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demonstrated stability on the dataset with a
balanced category distribution, but was more
sensitive to noise. Through the selection of the
radial basis function (RBF) kernel and parame-
ter tuning, the SVM algorithm achieved a clas-
sification accuracy of 97.48%. By comparing the
combinations of the two preprocessing meth-
ods and dimensionality reduction strategies, it
was discovered that the choice of the preproc-
essing method had a significant influence on

to identify the differences in spectral features
among some fish species, or the generalisation
ability under extreme lighting conditions re-
mains to be verified. In the future, it would be
possible to further explore the combination of
a convolutional neural network (CNN), a deep
learning model, with spectral features, or intro-
duce multimodal data to improve the classifica-
tion performance.

the classification results. The accuracy of the Acknowledgements
MSC method for the SVM classifier was 0.53%  None.
higher than that for the KNN classifier. PCA not
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AHoTtanis. CriekTpa/ibHa TEXHOJIOTISl BUSBIEHHS MOKe OyTY BUKOPMCTaHA IS PO3ITi3HABaHHS
pi3HMX BMIIB M’sica pubM Ta BM3HAUEHHS HASIBHOCTI Y 3pa3Kax iHIPeNi€HTIB, IO JOIIOMAara€
KOHTPOJIIOBATY aBTEHTUYHICTh Ta BifIIOBiAHICTb TpOAYyKIii. MeTOI0 AOCTimKEeHHS Oy/1a po3po6Ka Ta
MOPiBHSIHHS e()EeKTMBHOCTI METO/IiB MalllMHHOIO HaBYaHHS IJ1s1 Kiacudikailii pisHux BUaiB puou
Ha OCHOBI rimepcrekTpaabHuX AaHuX. Y po6oTi rinepcrnekTpaabHy TEXHOJIOTiI0 BUKOPUCTAHO ISt
OTPUMAaHHS CIIEKTPATbHUX JaHUX 328 TOuoK BUGipkM y cMy3i 400-1000 HM YOTUPBOX Pi3HUX PUO,
a CIeKTpaJIbHi KpUBi Oy TToTrepeaHbo 0OPOOJIEHI AJIs1 OTPMMAaHHS GiTbIII TOUHMX Ta €(PEKTUBHUX
CIIEKTPaAIbHMX KPUBMUX. Y MAOCTIIKEHHI CHCTEMATUMYHO IIOPiBHSIHO METOOM IIOTIEPEIHBOTO
06po6enHs CaBulbKOro-T'ojies 3rafKyBaHHS Ta 6araToBUMMipHOi Kopekilii po3scitoBaHHs (MSC)
Ta MOEHAHO METO, aHAJTi3y TOIIOBHMUX KoMIIOHeHTiB (PCA) yist ontmMisariii Mmogesneii kacudikaii
k-Hait6mskumx cycigiB (KNN) i MammHu omopHOro BekTopy (SVM) 3 MeTo10 3a6e3meunTy GibIin
edekTUBHe pileHHs 11 Kiacudikaii pu6. MeTo aHali3y FOJIOBHUX KOMITOHEHTIB BUKOPUCTAHO
[T 3MEHIIIeHHST PO3MipHOCTi CeKTpadbHMUX OaHuX. OCHOBHI KOMITIOHEHTM IiC/ISI 3MEHIIEeHHS
PO3MipHOCTi MOPiBHSIHO 3 MMOBHMMM KOMIIOHEHTaMM, TPeHYBaJIbHUII Habip Ta TecToBuit Habip
3reHepOBAHO BUMAAKOBUM UMHOM. Anroputm SVM ta anroputm KNN Buxkopucrado y Python pist
MPOTHO3YBaHHS Ta BU3HAUEeHHs TOYHOCTI Mozerni. [TokazaHo, 1[0 cepefHsl TOYHICTb CIIEKTPaIbHUX
JAHMX ITiCJIs TOTIepeJHbOTO 06PO6IEHHS Ta 3MEHIIIEHHS PO3MipHOCTi y Kiacudikariii momeneit SVM
Moxke gocsrat 97,25 %, a cepenHs TouHicTh Knacudikailii momeneit KNN - 97,48 %. Ile cBigunTh
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TIpO Te, IO PisHi Buay mM’sica pubu MOXyTh 6yTH KinacudikoBaHi. O6MaBi Momeri mokasanu, Mo B
IIiJIOMY METO[I, TIoTIepeHbOT0 00pobIeHHS, sikuit moeanye MSC i PCA, € Kpamym, HiXK OAVH MEeTOZ,
rorepeHbOro 06pobIeHHs, IiAKpPecInuy BaskanuBicTs PCA mjia BugaaeHHs 3aiiBoi iHpopmairii
Ta 30epeXeHHS KIIUOBUX XapaKTepuCTUK kiaacudikauii. ITin yac mopiBHSIHHS NPOLYKTUBHOCTI
MOZeNi 32 OJHAKOBMX YMOB IIONEPEIHbOIO OOpPOOJEHHS BCTAHOBJIEHO BUINY TOYHICTH SVM,
Hixk KNN, mo BKasye Ha 6inbiry aganTtuBHicTb SVM mo kimacudikailii CrieKTpaJbHUX MaHUX.
3aBIsKM PO3POOTEHHIO Ta 3aCTOCYBAHHIO CIIEKTPAIbHOI TEXHOJIOTiI BUSBIEHHS MOKHA CIIPUSITU
TEeXHOJIOTIYHOMY IIPOrpecy Ta iHHOBAIlisSIM Y TeCTyBaHHI XapuOBMUX MTPOAYKTiB, HAIIPABIISIOUM BCIO
raay3b 10 6e3MevHilIoro Ta HaiifHioro Mai6yTHOTO
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