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The market price of aquatic products is closely linked 
to their sensory freshness. This relationship is espe-
cially pronounced in fish: without timely post-harvest 
processing, microorganisms can rapidly proliferate, 
leading to spoilage, quality deterioration, and a sharp 
decline in freshness and marketability (Zhang and 
Jiao, 2021). Freezing is widely used to preserve the 
fish quality; however, repeated freeze-thaw cycles 

cause substantial degradation and significantly reduce 
product value (Cai et al., 2019; Hafezparast-Moadab 
et al., 2018). Because chilled fresh fish and frozen-
thawed fish often appear similar, some merchants sell 
thawed fish as fresh fish, violating consumer rights, 
disrupting market order, and potentially creating food-
safety risks (Lu, 2022; Sales et al., 2020). Studies 
have shown that freeze-thaw processes lead to juice 
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ABSTRACT

Background. Rapid and accurate identification of frozen-thawed fish remains a challenge in food quality as-
sessment. This study proposes a qualitative detection model based on near-infrared spectroscopy combined 
with a Directed Acyclic Graph Least Squares Twin Mahalanobis Distance-based Support Vector Machine 
(DAG-LSTMSVM). The model is designed to effectively classify fish meat subjected to different thawing 
methods.
Material and methods. A near-infrared reflectance spectroscopy system was employed to collect spectral 
data from fresh fish meat, ultrasonic-thawed fish meat, and microwave-thawed fish meat across the wave-
length range of 950–1700 nm. Various pre-processing methods were applied to the spectral data to evaluate 
their influence on model performance.
Results. The DAG-LSTMSVM model combined with Savitzky-Golay (SG) smoothing pre-processing 
achieved a detection accuracy of 97.8%, outperforming conventional support vector machine models. No-
tably, this high accuracy was maintained even when the sample size was substantially reduced, indicating 
strong robustness.
Conclusion. The integration of near-infrared spectroscopy with the DAG-LSTMSVM model provides 
a rapid and reliable approach for identifying thawed fish meat, offering a promising method for fish quality 
evaluation.

Keywords: near-infrared spectroscopy; freeze-thaw; twin support vector machine; fish; non-destructive 
testing
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loss, protein denaturation (He et al., 2025; Karoui et 
al., 2021; Vilkova et al., 2023), and accelerated micro-
bial growth-changes that markedly reduce fish quality. 
However, practical, quantitative, and on-site discrimi-
nation indicators remain insufficient, causing the value 
of frozen-thawed fillets to be substantially lower than 
that of fresh fish. Therefore, there is an urgent need 
for a simple, effective, and field-deployable method to 
distinguish fresh fish from thawed fish and to support 
quality product standards.

Several analytical methods have been used to dif-
ferentiate fresh from thawed meat, but most require 
complex procedures, long testing times, destructive 
sampling, or high costs, limiting their practical ap-
plication (Bouchendhomme et al., 2023; Pezzolato 
et al., 2020). Near-infrared reflectance spectroscopy, 
a vibrational spectroscopy technique, is highly ef-
ficient, non-destructive, easy to operate, and offers 
good reproducibility. It has shown clear potential for 
distinguishing fresh from frozen-thawed fish (Hardy 
et al., 2024; Ryu et al., 2024). For example, Reis et 
al. (2017) used near-infrared spectroscopy com-
bined with partial least squares discriminant analy-
sis to classify fresh and frozen-thawed tuna. Currò 
et al. (2022) developed a model to distinguish fresh, 
frozen-thawed, and hydrogen peroxide-treated squid. 
Zhang et al. (2024) assessed turbot freshness using 
hyperspectral imaging combined with a convolu-
tional neural network, while Sun et al. (2020) used 
hyperspectral imaging to distinguish between chilled 
and frozen-thawed salmon. Giró-Candanedo et al. 
(2024) evaluated portable low-cost near-infrared 
spectroscopy (NIR) devices for distinguishing be-
tween fresh and thawed mackerel subjected to one 
or two freeze-thaw cycles. Despite these advances, 
most studies have focused on a single thawing meth-
od or a fixed number of freeze-thaw cycles. System-
atic comparative analyses of fish thawed by different 
methods are still lacking. Ultrasonic thawing pro-
duces cavitation-induced micro-jets that disrupt the 
myofibrillar lattice and shift bound water to a free 
state (Cai et al., 2020), causing subtle structural al-
terations that may manifest as slight spectral shifts. 
By contrast, microwave thawing induces rapid dipole 
rotation, leading to localized protein side-chain dena-
turation, hydrophobic micro-domain formation, and 
potentially accelerated lipid and protein oxidation 

(Zhuang et al., 2025). These different physical ef-
fects may alter characteristic near-infrared absorption 
bands associated with water (O-H) and proteins (N-H 
and C-H). Therefore, this study systematically exam-
ines spectral differences in fish subjected to different 
thawing methods, providing a scientific basis for ob-
jective quality evaluation.

Because the spectral profiles of fish samples are 
highly similar, model selection is crucial for accurate 
NIR-based classification. Support Vector Machines 
(SVMs), which rely on structural risk minimiza-
tion, have proven effective in multi-class problems. 
Among their extensions, Tomar and Agarwal (2015) 
proposed a novel directed acyclic graph (DAG) 
multi-class twin SVM (MTWSVM), which simpli-
fies decision paths and significantly reduces voting 
rounds. However, as the number of classes increas-
es, many sub-classifiers must be trained, and mis-
classification errors may accumulate along decision 
paths. To address these limitations, Zhang and Ding 
(2016) introduced DAG-LSTMSVM (Directed Acy-
clic Graph-least squares twin Mahalanobis-distance-
based support vector machine), which reformulates 
TMSVM using least squares, converts quadratic pro-
gramming into a linear system problem, and incorpo-
rates an inter-class separability measure to optimize 
DAG structure and reduce error propagation. To ad-
dress the challenges of high spectral overlap among 
different thawing methods and the sharp increase 
in misclassification under small-sample conditions, 
this study applies the DAG-LSTMSVM framework 
to near-infrared spectra for the first time to achieve 
three-class discrimination of fresh, ultrasonic-
thawed, and microwave-thawed fish. By dynamically 
optimizing decision paths, the model significantly 
improves classification accuracy and maintains ro-
bust performance even with limited data. The method 
requires no chemical reagents or specialized pretreat-
ment, enabling rapid, on-site, and non-destructive 
identification of freeze-thaw fish. It can be directly 
applied by processors for internal quality control, by 
inspectors for market supervision, and by consum-
ers for authenticity verification. Overall, this study 
provides the aquatic-products sector with a fast and 
reliable tool for fish-quality assessment and supports 
market oversight and food-safety management, deliv-
ering substantial economic and social benefits.

https://doi.org/10.17306/J.AFS.001443
http://www.food.actapol.net/


21

Jiang, W., Liu, Y., Zeng, S., Liu, Z., Liu, J., Wang, S. (2026). Identification of Thawed Fish Meat Based on Near-Infrared Spectroscopy 
Combined with DAG-LSTMSVM Model. Acta Sci. Pol. Technol. Aliment., 25(1), 19–28. https://doi.org/10.17306/J.AFS.001443

www.food.actapol.net/

MATERIALS AND METHODS

Sample preparation
Scomberomorus commerson samples were purchased 
from Dongfeng Seafood Market in Zhanjiang. All fish 
were caught on the same day, immediately slaugh-
tered, and frozen at –20℃ within 1 h of capture. The 
fish were then placed in a sealed plastic bag, packed 
in a foam box filled with crushed ice, and transported 
to the laboratory within 2 h to ensure freshness. In the 
laboratory, the fish were washed, beheaded, and evis-
cerated. Using an aseptic knife, slices (≈1 cm thick, 
≈2 cm long, 10 ± 1 g) were cut from the dorsal mus-
cle. A total of 180 slices were prepared and divided 
equally into three groups. Group A (fresh control) was 
analyzed immediately after transport. Groups B (ul-
trasonic thawing) and C (microwave thawing) were 
stored at –20℃ for 20 d before thawing and analy-
sis. For ultrasonic thawing (Group B), slices were 
immersed in a 25℃ water bath and treated using an 
ultrasonic cleaner (400 W, 40 kHz) for 10-15 min. For 
microwave thawing (Group C), slices were thawed in 
a domestic microwave oven (300 W, 2450 MHz) for 
2 min. After thawing, all samples were immediately 
used for spectral measurement. Before analysis, each 
slice was randomly assigned a code. The dataset (180 
samples) was divided into training and test sets at a 3:1 
ratio, and the randomization procedure was repeated 
three times to ensure robustness. Sample counts and 
set distributions are summarized in Table 1.

Table 1. Summary of the training and test sets

Datasets Fresh 
samples

Ultrasound-
thawed

Microwave-
thawed Total

Training set 45 45 45 135

Test set 15 15 15 45

Total 60 60 60 180

Spectral acquisition
A halogen-lamp-based near-infrared (NIR) system 
was used for spectral acquisition. The core component 
was an SW2520-050-NIRA spectrometer (OtO Pho-
tonics, Taiwan, China), with a resolution of 6.5 nm 
and an effective wavelength range of 950–1700 nm. 

A bifurcated Y-type fiber-optic probe was employed, 
with one branch positioned on the fish sample, and the 
other two connected to the spectrometer and halogen 
source. This configuration enabled non-destructive 
and stable spectral acquisition (Fig. 1).

Fig. 1. Near-infrared spectroscopy system

Prior to spectral acquisition, white and black refer-
ence calibrations were performed to eliminate system 
noise. Each fish slice was placed in a petri dish, and 
spectra were collected in reflectance mode. For each 
sample, the final spectrum was obtained by averaging 
five independent repeated scans. Spectral data were 
collected using the SpectraSmart software, and sub-
sequent data processing was conducted in MATLAB.

LSTMSVM binary-class model
Twin Mahalanobis Distance-Based Support Vector 
Machines (TMSVM)
Twin Support Vector Machines (TWSVM) extend tra-
ditional SVM by constructing two non-parallel hyper-
planes, each located close to the samples of one class 
and far from those of the other. To enhance generaliza-
tion, Peng and Xu (2012) introduced a Mahalanobis 
distance-based kernel that incorporates class covari-
ance information, resulting in the Mahalanobis dis-
tance-based TWSVM (TMSVM).

For binary classification, let there be m1 positive 
samples and m2 negative samples in an n-dimensional 
space Rn. These two classes are represented by matri-
ces Am1×n and Bm2×n, respectively, each row corresponds 
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to a single sample, and yi ∈ {–1,+1} denotes the asso-
ciated label vector. The two non-parallel hyperplanes 
of TMSVM are obtained by solving the following pair 
of quadratic programming problems (QPPs).
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where C = [A; B] ∈ R(m1+m2)×n.; e1 and e2 are column 
vectors whose dimensions correspond to the number 
of rows in A and B, respectively; c1 and c2 are pen-
alty parameters; ξ and η represent the slack variables; 
KA(x, y) and KB(x, y) are kernel functions based on the 
Mahalanobis distance.

Let SA denote the covariance matrix of the posi-
tive-class samples after they are mapped into the high-
dimensional feature space by the transformation φ(x);
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where K(xi, xj) = (φ(xi)·φ(xj)), γ is a regularization pa-
rameter used to ensure matrix invertibility, and I is an 
identity matrix of compatible dimension. The kernel 
KB(xi, xj) for the negative-class samples can be com-
puted analogously.

Least-squares TMSVM
To accelerate TMSVM, we apply the least-squares 
principle and replace the inequality constraints with 
equality constraints, thereby transforming the original 
QPPs into a nonlinear system of equations.

The least-squares TMSVM (LSTMSVM) model is 
formulated as follows:
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By substituting the equality constraints into the ob-
jective functions, the constrained problems in Eq. (5) 
and Eq. (6) are converted into the following uncon-
strained optimization problems:
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Setting the gradient of the objective function in Eq. (5)  
to zero yields the solution to the corresponding uncon-
strained problem:
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where H = [KA(A, C), e1] and G = [KA(B, C), e2]. The 
solution to Eq. (8) can be derived in an analogous 
manner.

In this study, the nonlinear kernel employed is 
the Gaussian radial basis function (RBF), defined as 
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DAG-LSTMSVM multi-class model
Mahalanobis-distance-based Inter-class separabil-
ity measure
To address the error-accumulation problem inherent 
in DAG structures, Zhang et al. (2016) proposed an 
inter-class separability metric based on the Mahalano-
bis distance to determine an optimal DAG topology. 
The Mahalanobis distance is used to quantify the spec-
tral overlap between each pair of classes: the larger the 
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distance, the earlier the corresponding node is placed 
in the DAG splitting sequence.

For a multi-class problem, assume there are m train-
ing samples belonging to l classes in the n-dimensional 
space Rn, and let Ai ∈ Rmi×n denote the sample set of 
class i (i = 1, 2, …, l), where mi is the number of train-
ing samples in Ai. After mapping any sample xik ∈ Ai 
into the high-dimensional feature space using the func-
tion φ, its Mahalanobis distance to class Aj is given by:
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where μj and Sj denote the mean vector and covariance 
matrix of the training samples of class j in the feature 
space, respectively. The separability measure Dij between 
class Ai and class Aj, which quantifies how easily the 
two classes can be correctly distinguished, is defined as:
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The formula above represents the average of the 
squared Mahalanobis distances from class Ai to class 
Aj and vice versa. Therefore, the larger the value of Dij, 
the more easily the samples from the two classes can 
be correctly separated.

DAG construction procedure
Algorithm description:

Step 1: Compute the pairwise class-separability 
measures {Dij} for all training classes using Eq. (11), 
and rank them in descending order.

Step 2: Select two classes at a time from the train-
ing set according to this ranking to train each LST-
MSVM binary classifier, generating a total of l(l – 1)/2 
binary LSTMSVMs.

Step 3: Construct the optimal DAG. Let Di0j0 de-
note the largest separability measure. The binary 
LSTMSVM trained on the i0-th and j0-th classes is 
placed at the root. From the remaining classifiers, the 
two nodes with the second-largest separability meas-
ures that involve the i0-th and j0-th classes, respective-
ly, are selected as the second-level nodes. This process 

continues level by level until the optimal directed acy-
clic graph is obtained.

Step 4: Multi-class prediction. The new sample is 
fed into the DAG-LSTMSVM obtained in Step 3. If 
the current classifier is a leaf node, its output is the 
final class label; otherwise, the decision directs the 
sample to the appropriate next-level classifier. The al-
gorithm flowchart is shown in Fig. 2.

Start

Compute the pairwise separability measures for all class pairs using Equation (9)

Train a binary classifier for each distinct pair of classes

Construct the optimal DAG using the separability measures as its nodes

Classify new samples using the resulting DAG-based multi-class classifier

Fig. 2. Algorithm flowchart

RESULTS AND DISCUSSION

Spectral analysis of fish samples
Fig. 3(a) presents the raw NIR spectra of all 180 Span-
ish mackerel samples, comprising three groups: fresh, 
ultrasound-thawed, and microwave-thawed. The spec-
tra exhibit similar overall trends; however, a noticea-
ble baseline shift appears in the 1200–1600 nm region, 
while substantial overlap occurs across the remaining 
wavelengths. This baseline drift is primarily attributed 
to the formation of ice crystals within fish muscle cells 
during freezing, which causes uneven moisture dis-
tribution. After thawing, moisture re-migration alters 
the light scattering behavior during spectral acquisi-
tion, resulting in the observed baseline drift. Conse-
quently, the spectral characteristics become closely 
related to the physicochemical mechanisms underly-
ing the freeze-thaw process. Fig. 3(b) shows the mean 
spectra of the three groups. In the 950–1000 nm and 
1100–1180 nm regions, the spectral reflectance of 
ultrasound-thawed and microwave-thawed samples 
is lower than that of fresh samples. This reduction 
is mainly due to increased internal scattering caused 
by ice-crystal–induced structural disruption, which 
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lengthens the effective photon path and enhances ab-
sorption by water and denatured protein polar groups. 
Fig. 3(b) also shows a distinct reflectance valley at 
960 nm, likely corresponding to the absorption bands 
of water O-H and organic C-H bonds in this region 
(Sanhueza et al., 2025). These wavelength-dependent 
variations generate absorption peaks of differing in-
tensities, providing a spectral basis for subsequent 
modelling. However, these differences are only quali-
tative and cannot be used directly for classification or 
detection. Therefore, an effective predictive modeling 
approach is required.

Impact of spectral pre-processing on detection 
performance
To minimize the influence of external conditions and 
other disturbances during spectral acquisition, seven 
pre-processing strategies were evaluated: Savitzky-
Golay (SG) smoothing, standard normal variate (SNV) 
(Jiang et al., 2023), quantile normalization (QN), de-
trending (DT), multiplicative scatter correction (MSC) 
(Liu et al., 2022), and first-order derivative (1st-Der) 
(Sun et al., 2021). Based on their impact on model per-
formance, an optimal method was selected for subse-
quent detection of frozen-thawed fish.

A DAG-LSTMSVM classifier was developed to 
discriminate fresh, ultrasound-thawed, and micro-
wave-thawed samples. For each group (60 samples), 
75% were randomly assigned to the training set and 

25% to the test set, and this procedure was repeated 
20 times. The mean accuracy across 20 runs was used 
as the performance indicator for each pre-processing 
method. To ensure an unbiased comparison, the same 
20 data partitions were applied across all pre-pro-
cessing techniques. Parameters ci and σ of the DAG-
LSTMSVM model were optimized using grid search 
within the ranges {10–6, 10–7, …, 102, 103} and {2–5, 
2–4, …, 29, 210} respectively. Fig. 4 displays the de-
tection performance of the DAG-LSTMSVM model 
under the different pre-processing methods.

Fig. 4. Performance of the detection model with different 
pre-processing methods

 
(a) Spectra of all individual samples	 (b) Mean spectra of the three groups

Fig. 3. Near-infrared reflectance spectra of fish samples
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As shown in Fig. 4, the detection accuracy of all 
pre-processing methods exceeds 85%. SG smoothing 
achieves the highest average accuracy at 97.8%. The 
optimal SG window width was determined to be 13: 
six window widths (5, 7, 9, 11, 13, 15) were tested, and 
the highest accuracy (97.8%) occurred at a width of 13, 
while accuracy decreased to 89.2% when the window 
width exceeded this value. The raw spectra produced 
the second-highest accuracy at 95.6%. In contrast, 
the average accuracy of the remaining pre-processing 
methods was slightly lower than that of the unpro-
cessed spectra. This phenomenon is closely related to 
the mechanisms of the individual pre-processing meth-
ods and their compatibility with the spectral character-
istics of the frozen-thawed fish. Multiplicative scatter 
correction (MSC), for example, is primarily used to 
remove scatter interference caused by particle size dif-
ferences. However, in this study, the fish meat samples 
were homogenized, resulting in minimal scatter ef-
fects. Applying MSC in such conditions may exces-
sively suppress spectral signals and remove subtle but 
informative variations associated with the freeze-thaw 
process, ultimately reducing detection accuracy. Simi-
larly, the first derivative can enhance the resolution 
of spectral absorption peaks, but it may also amplify 
high-frequency random noise. In this study, the ran-
dom noise in the original spectra was kept at a low 
level by optimizing the acquisition parameters (e.g., in-
creasing the number of scans). Under such conditions, 
the noise-amplifying effect of the first derivative can 
mask informative spectral features, ultimately reduc-
ing classification accuracy. Moreover, pre-processing 
may inadvertently remove spectral characteristics that 
are beneficial to the classifier while eliminating noise 
or irrelevant information. Therefore, pre-processing 
methods should be selected based on their demonstrat-
ed ability to improve classification performance and 
robustness, rather than applied indiscriminately.

Influence of parameters on the detection 
performance of the DAG-LSTMSVM model
When constructing a DAG-LSTMSVM classifier 
to distinguish fresh, ultrasound-thawed, and micro-
wave-thawed fish, the model performance is strongly 
influenced by the hyper-parameters (c1, c2 and σ). Ap-
propriate parameter values can significantly improve 
detection accuracy. To reduce optimization cost, we 

set c1 = c2 = c and performed a grid search for c and σ 
within the ranges {10–6, 10–7, …, 102, 103} and {2–5, 2–4, 
…, 29, 210} respectively (Tomar and Agarwal, 2015). 
The reported accuracy represents the mean value over 
20 random training/testing splits (3 : 1). SG smoothing 
with a 13-point window was used for pre-processing. 
Fig. 5 illustrates how the average detection accuracy 
varies with these parameters.

Fig. 5. Variation in detection accuracy with different param-
eter values of the DAG-LSTMSVM model

Fig. 5 shows that the detection accuracy for freeze-thaw 
fish varies substantially with the parameters c and σ. 
When the kernel parameter σ is small, the model ac-
curacy falls below 80%. As σ increases, the accuracy 
becomes increasingly dependent on the value of c, in-
dicating that these two parameters jointly influence the 
performance of the DAG-LSTMSVM model. There-
fore, selecting the parameter combination that yields 
the highest accuracy is essential. The optimal perfor-
mance (100% accuracy) is obtained at c = 10–2 and 
σ = 25. This demonstrates that appropriate parameter 
tuning can significantly enhance the detection capabil-
ity of the DAG-LSTMSVM model.

Performance evaluation of the DAG-LSTMSVM 
model
To assess the performance of the DAG-LSTMSVM 
model in detecting frozen-thawed fish meat, the 
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proposed method was compared with several classi-
cal and state-of-the-art classification models (SVM, 
TWSVM, LSTWSVM, DAG-TWSVM), as shown 
in Table 2. The DAG-LSTMSVM model maintained 
100% detection accuracy as the sample size decreased 
from 180 to 60. When the sample size was further 
reduced to 60, the accuracy only slightly declined to 
97.8%, demonstrating strong robustness and generali-
zation capability.

Compared with existing studies, the proposed 
method exhibits clear advantages in both detection ac-
curacy and adaptability to sample size. For example, 
using Vis–NIRS combined with a PLS-DA model, Reis 
et al. (2017) reported recognition rates of 92% for fresh 
tuna and 82% for frozen-thawed tuna – considerably 
lower than achieved by the DAG-LSTMSVM model. 
Sun et al. (2020) identified the frozen-thawed state of 
salmon using hyperspectral imaging and the CARS-
ELM model, achieving a prediction accuracy of 95%, 
although the stability under small-sample conditions 
was not evaluated. Similarly, Giró-Candanedo et al. 
(2024) classified the frozen-thawed state of mackerel 
using a low-cost NIR device combined with PLS-DA, 
obtaining an accuracy of 90.3%–94.1%, still below the 
performance of the model proposed in this study.

The DAG-LSTMSVM model not only maintains 
high accuracy under small-sample conditions but also 
delivers strong classification performance despite the 
complex spectral characteristics of freeze-thaw pro-
cesses. This highlights its strong potential for practi-
cal applications. Moreover, the model offers notable 
improvements in design and generalization, providing 
a reliable technical solution for rapid and non-destruc-
tive detection of frozen-thawed fish meat.

CONCLUSIONS

This study employed near-infrared spectroscopy to in-
vestigate the spectral characteristics of fresh fish and 
fish subjected to different thawing methods. A DAG-
LSTMSVM model was developed for detecting fro-
zen-thawed fish, achieving an accuracy of 97.8%. 
We evaluated the effects of several pre-processing 
techniques on model performance, and found that 
Savitzky–Golay smoothing produced the best results. 
In addition, the relationship between detection perfor-
mance and model parameters was systematically ana-
lyzed. Comparative evaluations with multiple classical 
classifiers demonstrated that the proposed DAG-LST-
MSVM model offers high accuracy and strong robust-
ness, maintaining stable performance even when the 
number of training samples is substantially reduced.

The findings confirm the feasibility of using 
near-infrared spectroscopy combined with the DAG-
LSTMVM model to distinguish frozen-thawed fish. 
However, the current work remains limited to labo-
ratory-based, static identification. To achieve non-
destructive and online assessment of fish freshness, 
future research should focus on integrating the NIR de-
tection system with an automated hardware platform.
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