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ARTICLE INFO ABSTRACT

Handling Editor: Dr. Xing Chen The polyunsaturated fatty acids (PUFAs), particularly eicosapentaenoic acid (EPA) and docosahexaenoic acid

(DHA), are critical determinants of the nutritional quality of fish. To rapidly and non-destructively determine the

Keywords: muscular PUFAs in living fish, an accuracy technique is urgently needed. In this study, we combined skin
PUFAs hyperspectral imaging (HSI) and machine learning (ML) methods to assess the muscular PUFAs contents of
ED;{: common carp. Hyperspectral images of the live fish skin were acquired in the 400-1000 nm spectral range. The

spectral data were preprocessed using Savitzky—Golay (SG), multivariate scattering correction (MSC), and
standard normal variable (SNV) methods, respectively. The competitive adaptive reweighted sampling (CARS)
method was applied to extract the optimal wavelengths. With the skin spectra of fish, five ML methods, including
the extreme learning machine (ELM), random forest (RF), radial basis function (RBF), back propagation (BP), and
least squares support vector machine (LS-SVM) methods, were used to predict the PUFAs and EPA + DHA
contents. With the spectral data processed with the SG, the RBF model achieved outstanding performance in
predicting the EPA + DHA and PUFAs contents, yielding coefficients of determination (R%) of 0.9914 and 0.9914,
root mean square error (RMSE) of 0.3352 and 0.3346, and mean absolute error (MAE) of 0.2659 and 0.2660,
respectively. Finally, the visualization distribution maps under the optimal model would facilitate the direct
determination of the fillet PUFAs and EPA + DHA contents. The combination of skin HSI and the optimal ML
method would be promising to rapidly select living fish having high muscular PUFAs contents.

Hyperspectral imaging
Machine learning

1. Introduction

Fatty acids (FAs) participate in many essential physiological func-
tions of organisms (De Carvalho, C., and Caramujo, M., 2018). Among
FAs, polyunsaturated fatty acids (PUFAs), such as eicosapentaenoic acid
(EPA, C20:5n-3) and docosahexaenoic acid (DHA, C22:6n-3), are
essential for the growth, metabolism and physiological processes of
humans (Zhang et al., 2019; Jamshidi et al., 2020; Rohman et al., 2021).
For humans, they play an important role in neuroimmunity, and neu-
roprotection and effectively contribute to the prevention of cardiovas-
cular disease, reducing blood cholesterol levels and decreasing the

* Corresponding author.

probability of blood clots (Petel et al., 2007; Djuricic and Calder, 2021).
Fish are among the main sources of PUFAs for humans. Therefore, it is
necessary to measure the contents of PUFAs in fish fillets. At present, gas
chromatography (GC) is the conventional method for assessing the FAs
contents (Ecker et al., 2012; Chiu and Kuo, 2020). However, GC analysis
involves cumbersome processing steps, including extensive sample
preparation, preparation of organic solvents, and time-consuming assay
procedures (Rohman et al., 2021; Xia et al.,, 2019). Therefore, it is
crucial to develop a rapid and noninvasive method to assess the PUFAs
contents in fish fillets.

Recently optical techniques including near-infrared spectroscopy
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(NIRS) and Raman spectroscopy have been widely used for identifying
food components (Abbas et al., 2012). NIRS, a rapid non-destructive
method with minimal sample preparation, is suitable for assessing
food quality (Chapman et al., 2020; Lintvedt et al., 2023). However, this
approach is limited to a single point in the preselected areas, the result of
which cannot represent the whole sample. Raman spectroscopy faces
challenges from weak Raman scattering signals (Afseth et al., 2022; Xu
et al., 2015). Raman spectroscopy is difficult to measure substances of
low content, which limits its wide application in the food industry
(Petersen et al., 2021). Additionally, its small focal volume meant that
the measurements may not represent the entire sample (Lintvedt et al.,
2023). Furthermore, the large equipment is not suitable for the field
detection. Hyperspectral imaging (HSI) integrates spectral and image
data, facilitating non-destructive acquisition of two-dimensional images
and one-dimensional spectral data from samples (Berhe et al., 2016; Ma
et al., 2018;Zhang and Abdulla, 2022 ). HSI has been used as a
non-destructive technique to assess meat nutrition and freshness (Cheng
et al., 2019, 2023; Wang et al., 2020; Lintvedt et al., 2023). However,
these studies focused on processed meat with the HSI technique.
Whether this technique could be used to assess the nutrition values of
living animal muscle has not been studied. If feasible, this technique
would assist in selecting living animals having high muscular nutrition
values in advance before the following process.

Skin spectral images provide information on the spatial distribution
and concentration of biological components (He and Wang, 2019). In
humans, skin HSI data have been used to evaluate the body’s patho-
logical or physiological status (Yudovsky et al., 2011; Paul et al., 2015;
Ross et al., 2014; Zherebtsov et al., 2019). Although the skin HSI data
have not been employed in assessing the muscular nutrition values of
living animals, it provides an opportunity to generate a non-destructive
method combining the skin HSI data and the machine learning (ML)
method to predict the muscular PUFA contents of living animals. In this
study, we obtained the spectral information of fish skin and established
the optimal relationship between skin information and muscle PUFAs
contents using five machine learning (ML) methods with high prediction
accuracy. Our findings could facilitate rapid, efficient, and
non-destructive detection of PUFAs contents in living fish.

2. Materials and methods
2.1. Sample collection and preparation

We collected 400 healthy and uninjured live common carp from the
Experimental Fish Farm of the Chinese Academy of Fisheries Sciences
(Fangshan, Beijing). The samples were approximately one year old with
an average weight of approximately 607.20 g. For each sample, the skin
and corresponding muscle were collected from a region different from
the previous dorsal region (Cao et al., 2023). After removing the water,
the skin of each live fish was scanned using the HSI system. Then we
scraped the skin and incised the corresponding muscle to determine the
PUFAs contents. The sample preparation details are provided in our
previous study (Cao et al., 2023). The key steps in the process are
summarized in Fig. 1.

2.2. Determination of FAs contents

A gas chromatography (GC) system was employed to determine the
PUFAs contents in the muscle of common carp. Lipids were extracted
from common carp muscle, and the content of each muscle sample was
determined by the gravimetric method (Sushchik et al., 2007). Fatty
acid methyl esters (FAMEs) were obtained from lipids (Ma et al., 2018).
An Agilent 7890 A GC system (Agilent Technologies, Wilmington, DE,
USA) equipped with a flame ionization detector and an Agilent DB-23
capillary column (Agilent Technologies, Wilmington, DE, USA) was
utilized for the detection of FAMEs (Zhang et al., 2021). The initial
temperature of the GC was set at 60 °C for 1 min, then increased to
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Fig. 1. Flow chart of the main steps of data collection, analysis, and modeling.

150 °C at a rate of 10 °C/min, followed by 200 °C at 15 °C/min, and
finally to 230 °C at 30 °C/min. The final temperature was maintained for
5 min. The injection and detection temperatures were maintained at
300 °C. The carrier gas pressure was set at 40 kPa, with nitrogen used as
the carrier gas. The type of each FA was determined by comparing the
retention time of the samples with the peaks of a Supelco 37-component
FAME standard combination (Nu-Chek Prep, Inc., Elysian, USA). The
relative content of each FA was calculated using area normalization
(Sadeghin et al., 2018). The percentage of each PUFA was calculated as
(its area/total area of all FAs) x 100. The absolute level of each FA was
multiplied by the total lipid content of the sample to calculate the ab-
solute content of each FA. The absolute content of total PUFA was equal
to the absolute content sum of each detected PUFA. The absolute content
of EPA + DHA was the absolute sum of the contents of C20:5n-3 and
C22:6n-3.

2.3. Image capture using a hyperspectral imaging system

An HSI system consisting of a hyperspectral imager (FigSpec
Hyperspectral Camera FS-13, FigSpec Technology, Zhejiang) with a
spectral range of 400-1000 nm, a mobile platform, six 50 W fibre-optic
halogen lamps, a dark box (50 cm x 40 cm x 30 cm) for reducing
ambient light, and a LENOVO computer equipped with an image
acquisition card. The spectral resolution was 2.5 nm, the slit width was
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25 pm, and the transmission efficiency was >60%. The scaled common
carp was placed side up on a moving platform to obtain a hyperspectral
image of the skin. The original hyperspectral image was corrected to
eliminate the effects of dark current effects and uneven illumination
from the hyperspectral camera. The detailed image-scanning process
was described in our previous study (Cao et al., 2023). Briefly, the im-
aging speed was 128 Hz over the full wavelength range and the scanning
speed was 30 rows/second. The distance and intensity of the illumina-
tion source were adjusted to ensure the clarity of the hyperspectral
image before acquiring the hyperspectral image of each sample.

2.4. Extraction of the reflectance spectra of the region of interest

Following Kamruzzaman et al.‘s method (Kamruzzaman et al.,
2016), the regions of interest (ROIs) in the hyperspectral images were
identified and selected. A region of 200 pixels x 200 pixels with the
exposed skin at each corrected hyperspectral image was selected using
the rectangle tool in ENVI v5.3 software (Exelis Visual Information So-
lutions, Inc., Boulder, CO, USA). The background was eliminated by
subtracting the sample’s high reflection band from the sample’s low
reflection band, and then masking. The ROIs of the sample image was
extracted by setting a threshold (0.075). The reflectance spectra of all
the pixels were averaged as the spectral data of the ROL.

2.5. Spectral data analysis

2.5.1. Preprocessing the spectral data

The 400 samples were randomly divided into two groups using the
Kennard-Stone (KS) method (Sun et al., 2021). The first set consisted of
320 samples for the construction of the calibration model (calibration
set) and the other samples were used to validate the accuracies of the
models (prediction set). Preprocessing minimizes the adverse effects
caused by environmental factors such as light scattering. To compare the
effects of the preprocessing methods on the modeling and select the
optimal method, we employed three methods, including Savitzk-Golay
(SG) smoothing, multiplicative scatter correction (MSC), and standard
normal variate (SNV) (Ravikanth et al., 2017).

2.5.2. Selecting the optimal wavelength

The HSI provides a large amount of spatial and spectral information
about the sample. However, redundant data at certain wavelengths
might slow the modeling. Therefore, it is necessary to select the optimal
wavelengths to represent the full wavelengths and reduce the data
dimensionality to improve computational efficiency (Yu et al., 2021).
Competitive adaptive reweighted sampling (CARS) is effective in
reducing the dimensionality of wavelength information and selecting
key variables to improve the predictive performance of the model (Li
et al., 2009). CARS selects a subset of variables from Monte Carlo (MC)
sampling using iterative and competitive means (Cheng et al., 2020).
Herein, the MC sample size was set to 50. Using multiple subsets of
variables coupled with different sample sizes, the cross-validation
method was used to calculate the root means square error of the
cross-validation (RMSECV) for each subset. If one subset had the
smallest RMSECV, these variables in this subset were the optimal com-
bination. The fold of cross-validation was set as five.

2.5.3. Predicting the muscle with five machine learning methods

Five ML methods, the extreme learning machine (ELM), random
forest (RF), radial basis function (RBF), back propagation (BP), and least
squares support vector machine (LS-SVM) methods, were used to
develop a calibration model to predict the muscular EPA + DHA and
PUFAs contents of common carp. The ELM is an ML method based on a
feed-forward neural network (Chen et al., 2014). The ELM consists of an
input layer, a hidden layer, and an output layer. The input layer has N
neurons corresponding to N input variables. The hidden layer has one
neuron, and the output layer has M neurons corresponding to M output
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variables. The weights from the input layer to the hidden layer and the
deviation of the hidden layer can be randomly initialized without iter-
ative correction so that some computations can be reduced. The weights
from the hidden layer to the output layer can be obtained by solving the
matrix equations.

The RF is a supervised ML algorithm that uses a bootstrap statistical
resampling technique to create a collection of decision trees (Saha et al.,
2021). The training dataset of each tree in the forest is sampled with
replacement, and a random subset of features is used at each decision
split. The number of labels classified by all decision trees directly de-
termines the final prediction of a forest. The tree number and leaf nodes
of the model were set to 100 and 2, respectively.

The RBF is an artificial neural network that performs supervised ML
(Saha et al., 2021; Khan et al., 2022). It is a more complex process to
analyze a large amount of data than simple linear classifiers such as
logistic regression and linear discriminant analysis. The radial basis
function of the model was set to expand at a rate of 1000.

The BP is a classical feed-forward multilayer (i.e., an input layer, one
or more hidden layers, and an output layer) and is a unidirectional
connection (weight) from input to output (Saha et al., 2021). The
number of hidden layer nodes, the learning rate factor, the momentum
factor, the initial weight, and the number of iterations were set as 5, 0.1,
0.1, 0.3, and 1000, respectively. The scale function was set to the “tanh”
function.

The LS-SVM uses the radial basis kernel function (RBF), which is a
nonlinear function that reduces the complexity of the training process
(Saha et al., 2021). The regularization parameter gamma (y) and the
kernel parameter (c2) represent the width of the RBF kernel and can
reduce the complexity. The y and 62 were set to 10 and 2, respectively.

2.5.4. Model building and performance evaluation

The performance of the prediction model was evaluated with four
statistical parameters, including the calibration set coefficient of deter-
mination (R(Z;), prediction set coefficient of determination (R%), root
mean square error (RMSE), and mean absolute error (MAE). A predic-
tion model has excellent performance when R? is high and RMSE and
MAE are low (Zheng et al., 2019; Aiyelokun and Agbede, 2021). The R?,
RMSE, and MAE are calculated as shown in equations (1)-(3):

R=>" (x—%°0i—y)° / S a-%PY " i-y)° eb)

RMSE= |1 / Ky (=) )

MAE=Y"" |xi—yi / k 3

where n represents the number of samples, x; and y; represents the
estimated values and measured values, respectively, and X ¥ represents
the average estimated values and measured values, respectively.

2.6. Visualization of the DHA + EPA and PUFAs contents

The hyperspectral data of the samples were processed in a pixel-wise
format by inputting the spectra of each pixel into the best calibration
model. Subsequently, the predicted value for each pixel was visualized
through a distribution plot, representing the actual values concerning
their respective indices in the original hyperspectral image. This
approach allowed us to determine the distributions of PUFAs and EPA +
DHA in the muscle of live common carp. The visualized distribution
maps are depicted using linear color bars.
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2.7. Statistical analysis

The obtained data are expressed as mean + standard deviation.
Statistical analyses were performed using SPSS version 25 software (IBM
Corp, Armonk, NY). Student’s t-test was used in comparing the means of
two sets of continuous variables, assuming that the data were normally
distributed. P < 0.05 was considered statistically significant.

3. Results

3.1. Variable contents of PUFAs and EPA + DHA in the common carp
muscle

The PUFAs and EPA + DHA contents of the dorsal muscle of 400
common carp individuals were obtained (Table S1). The EPA + DHA
content in the calibration samples ranged from 0 to 2.38 mg/g, with a
standard deviation of 0.46 (Fig. 2a), indicating that there was variability
among the samples. The predicted samples exhibited a comparable
range of EPA + DHA contents, ranging from O to 2.03 mg/g with a
standard deviation of 0.44 (Fig. 2a). For PUFAs, the contents in the
calibration samples varied from 1.15 to 17.91 mg/g, while those in the
prediction set samples ranged from 1.36 to 18.89 mg/g (Fig. 2b). The
means and standard deviations of the calibration and prediction sets
were similar for both EPA + DHA and PUFAs, and the distributions of
these two indicators were not significantly different (independent
samples t-test, P values of 0.979 and 0.651, respectively; Table 1).
Hence, for these two parameters, the prediction set was applied to
validate the accuracy of the prediction model generated from the cali-
bration set.

3.2. Diverse preprocessed skin spectral characteristics obtained by
different methods

The spectral data of 400 live common carp skin samples in the
wavelength range of 400-1000 nm were documented in Table S2.
Although we selected different skin regions of the same samples from
our previous study, the raw spectra of live common carp skin exhibited
similar trends in these two studies (Fig. 3a). Furthermore, the reflec-
tance values from fish skin had a similar distribution to the muscular
reflectance data (Cheng et al., 2019). Since fish muscular reflectance
data have been widely used to predict muscular nutrient contents
(Cheng and Sun, 2017), it is possible that skin spectra could be used to
predict muscular nutrient contents in live fish.

The SG method smoothed spectra and eliminated the effect of noise
generated by relevant experimental factors. However, in general, the
spectral trends remained similar to those of the raw spectra (Fig. 3b). In
particular, the reflectivity between 500 and 900 nm ranged from 0 to 60

Calibration set
| Prediction set

Sample count
=

60

0.0 0.4 0.8 1.2 1.6 20 24
EPA+DHA content (mg/g)

(@)
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with a similar distribution in the raw spectra. In contrast, the reflectivity
of the fish skin spectra at 500-900 nm were compressed into the range
between 5 and 25 (Fig. 3c). Similarly, after applying the MSC method,
the reflectivity between 500 and 900 nm was further reduced to a range
from —2 to 1.5 (Fig. 3d). These data revealed that the reflectivity be-
tween 500 and 900 nm was greatly affected by different preprocessing
methods.

3.3. Common characteristic spectra of PUFA contents and EPA + DHA
contents using the CARS method

As the number of MC samples increased, using either the raw spectra
or the preprocessed spectra with SG, MSC, and SNV, the number of
characteristic wavelengths rapidly decreased in the initial stage (the first
10 sampling processes) and subsequently decreased slowly, revealing
the two phases of quick selection and fine selection (Fig. 4a-Sla, S2a,
and S3a).

The five-fold RMSECV value distributions of the raw spectra gradu-
ally decreased until the 22nd sampling. Then the RMSECV values were
stable along with more sampling (Fig. 4b). The minimum value of the
RMSECYV was obtained when the sampling time was run to 48. However,
the RMSECYV value distributions using the preprocessing data from three
methods were different from the above distribution. The five-fold
RMSECV values of the SG preprocessed spectra showed a decrease at
first and then an increase (Fig. S1b). The RMSECV values of the spectra
after MSC and SNV treatments gradually increased with the sampling
runs (Figs. S2b and S3b). With these three sets of preprocessed data, the
minimum values of RMSECV were obtained when the sampling time was
27, 11, and 12, respectively. The change process of the regression co-
efficients paths with an increase in sampling times was described in
Fig. 4c-Slc, S2c, and S3c.

The optimal wavelengths selected by the CARS method for EPA +
DHA and PUFAs prediction are summarized in Table 2. The SG-CARS
screened 14 optimal wavelengths including 395, 411, 427, 655, 711,
968, 987, 989, 1000, 1004, 1028, 1030, 1033, and 1035 nm for the
prediction of the EPA + DHA content. For the MSC-CARS, four optimal
variables (395, 405, 993, and 1013 nm) were selected. The SNV-CARS
chose 20 optimal wavelengths (393, 395, 398, 414, 421, 499, 501,
504, 506, 508, 510, 513, 515, 957, 976, 983, 985, 1026, 1028, and 1033
nm) for determining EPA + DHA content. Intriguingly, two spectral
regions of 390-420 nm and 950-1000 nm were selected by all three
methods, suggesting that these two regions might reflect the spectral
characteristics of the EPA + DHA content.

To estimate the PUFAs content, 11 optimal wavelengths (936, 968,
1013, 1017, 1019, 1024, 1026, 1028, 1030, 1032, and 1035 nm) were
selected by the SG-CARS method. The MSC-CARS method revealed 26
optimal wavelengths (418, 421, 423, 432, 446, 477, 479, 482, 495, 519,

140 I Calibration set
[ Prediction set

120

100

Sample count
=

60

40+

20

2 4 6 8 012 20
PUFA content (mg/g)

(b)

Fig. 2. Comparison of sample distributions of EPA + DHA (a) and PUFAs (b) contents between the calibration and prediction sets. The numbers on the Y-axis

represent the value of the sample count.
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Table 1
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Descriptive statistics of absolute EPA + DHA and PUFA contents (mg/g) of common carp muscle.

Fatty acids Calibration set

Prediction set t-test

N Mean Max Min SD N Mean Max Min SD P
EPA + DHA 320 0.47 2.38 0 0.46 80 0.56 2.03 0 0.44 0.979
PUFA 320 7.10 17.91 1.15 4.10 80 7.01 18.89 1.36 3.63 0.651

Note: N: number of samples; SD: standard deviation.
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Fig. 3. Mean spectra of common carp obtained with different preprocessing methods: (a) original mean spectra; (b) mean spectra preprocessed by SG; (c) mean
spectra preprocessed by MSC; (d) mean spectra preprocessed by SNV. The different colored curves represent the average spectra of 400 samples. The numbers on the
X-axis represent the Wavelength. The numbers on the Y-axis represent the value of the reflectivity.

528, 550, 561, 584, 591, 655, 657, 661, 674, 726, 757, 974, 1017, and
1024 nm). The optimal wavelengths chosen by the SNV-CARS method
were the fewest with only ten wavelengths (951, 972, 983, 993, 998,
1002, 1009, 1026, 1030, and 1032 nm). Intriguingly, reflectance values
ranging from 950 nm to 1000 nm were selected by all three methods,
suggesting that the data in this range might reflect the spectral charac-
teristics of PUFAs content.

The reflectance in the 950-1000 nm region corresponds to C-H and
O-H bonds in FAs (Wu and Sun, 2013; Kamper et al., 2020). Hence, the
950-1000 nm spectra could be used to predict the FAs contents
(Tahmasbian et al., 2021). Furthermore, the spectra ranging from 916
nm to 1000 nm were applied to predict the contents of EPA and DHA in
the fillets of salmon and grass carp (Cheng et al., 2019). Our optimal
wavelengths were consistent with those used in previous studies.
Although we used three different preprocessing methods, the CARS
method identified the common characteristic spectra of the PUFAs and
EPA + DHA contents.

3.4. High prediction accuracies of the contents of PUFAs and EPA + DHA

With the selected optimal wavelengths, we first estimated the

prediction accuracy of different modeling methods for the EPA + DHA
content (Table 3). With the SG data, the LS-SVM and RBF models
demonstrated superior performance, achieving R2 values of 0.9913 and
0.9914, respectively, with RMSE values of 0.3398 and 0.3352 for the
prediction set. Using the MSC data, the LS-SVM and BP models per-
formed relatively well, with R3 values of 0.7526 and 0.7413, respec-
tively. Using the SNV preprocessed data, only the ELM prediction model
achieved an R3 greater than 0.88. The results suggested that even when
using the same preprocessing method, the prediction accuracies of the
modeling methods were very different.

The effects of various preprocessing models on the prediction accu-
racies were also compared with those of the same modeling method
(Table 3). For the LS-SVM and RBF models, the SG data exhibited better
prediction performance (R} values of 0.9913 and 0.9914, respectively)
than did the other two preprocessed datasets (MSC: R values of 0.7526
and 0.7395, respectively; SNV: Rl% values of 0.6220 and 0.5086,
respectively). For the ELM model, the SNV model (R;Z, = 0.7312) out-
performed the SG (RZ = 0.5104) and MSC (R = 0.6401) models. The
spectral data preprocessed by MSC fit well with the BP model (R3 =
0.7413), which yielded superior predictions compared to those obtained
using SG (R% = 0.6626) and SNV (R% = 0.5517). The results suggested
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Table 2
The optimal wavelengths for EPA + DHA and PUFAs contents prediction in the
different preprocessing methods selected by the CARS method.

Index Preprocessing Wavelength Feature wavelength
method number
EPA + SG 14 395, 411,427, 655, 711, 968,
DHA 987, 989, 1000, 1004, 1028,
1030, 1033, 1035
MSC 4 395, 405, 993, 1013
SNV 20 393, 395, 398, 414, 421, 499,
501, 504, 506, 508, 510, 513,
515, 957, 976, 983, 985, 1026,
1028, 1033
PUFAs SG 11 936, 968, 1013, 1017, 1019,
1024, 1026, 1028, 1030, 1032,
1035
MSC 26 418, 421, 423, 432, 446, 477,
479, 482, 495, 519, 528, 550,
561, 584, 591, 655, 657, 661,
674, 726, 757, 974, 1017, 1024
SNV 10 951, 972, 983, 993, 998, 1002,

1009, 1026, 1030, 1032

Note: SG: savitzk-Golay. MSC: multiplicative scatter correction. SNV: standard
normal variate.

that even when using the same modeling method, the prediction
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accuracies of the preprocessing methods were much different. The SG-
CARS-LV-SVM combination (R% value of 0.9913; Fig. 5a) and the SG-
CARS-RBF combination (R% value of 0.9914; Fig. 5b) had the highest
accuracies in predicting the muscle EPA + DHA contents using the skin
optimal spectra.

We also estimated the prediction accuracy of different modeling
methods on the PUFAs content with the same preprocessing method
(Table 4). With the SG method, the LS-SVM and RBF models exhibited
the best prediction performances, with RE values of 0.9910 and 0.9914,
respectively. Both RMSE values were less than 0.346. With the MSC
method, the LS-SVM and BP models exhibited superior predictive per-
formance, achieving R3 values of 0.7387 and 0.7583, respectively.
Conversely, the highest prediction accuracy (LS-SVM model with an R3
value of 0.6408) of the five prediction models using the SNV processed
data was lower than the best accuracies using the processed data from
the former two methods. This result demonstrated that the modeling
method also affected the prediction accuracy of PUFAs content.

Finally, we examined whether the preprocessing methods affected
the accuracies of the prediction models on the PUFAs contents (Table 4).
With the MSC processed data, the ELM prediction model demonstrated
superior performance (R12> = 0.6604) compared to the SG (R12> = 0.4588)
and SNV (R = 0.4541) models. When employing the SG data, the LS-
SVM, RF, RBF, and BP prediction models achieved higher RE values
(0.9910, 0.6909, 0.9914, and 0.9782, respectively) than those data
obtained with the MSC method (0.7387, 0.0329, 0.0739, and 0.7583,
respectively) and SNV method (0.6408, 0.5751, 0.5708, and 0.5108,
respectively). The results confirmed the preprocessing methods as
another key factor affecting the prediction accuracies of PUFAs content.
The SG-CARS-LS-SVM, SG-CARS-RBF, and SG-CARS-BP exhibited higher
R3 values (0.9910, 09914, and 0.9782; Fig. 5¢, d, and 5e) and lower
RMSE values (0.3452, 0.3352, and 0.5326, respectively). Intriguingly,
the SG-CARS-RBF combination had the best prediction accuracy for the
contents of both EPA + DHA and PUFAs with the highest R3 values
(0.9914 and 0.9914).

3.5. Visualization for determination of fillet PUFAs content and EPA +
DHA content

The RBF model was selected as the best prediction model for these
two nutrient traits. The predicted values were used to visualize the EPA
+ DHA and PUFAs contents. We selected the samples with EPA + DHA
contents at the lower quartile, median, upper quartile, and the highest
quartile for visualization. In the distribution map, along with the
increasing EPA + DHA contents, the number of red areas representing
the high EPA + DHA content was rising (Fig. 6a). We also selected the
samples for the PUFAs content visualization using the same strategy. The
increasing content trend was observed to be represented with more red
areas (Fig. 6b).

Using the distribution maps, we found that the muscles were split
into multiple irregular blocks with intervals of low nutrient contents.
The contents of the blocks determined the overall level of the ROL
Furthermore, the contents of the blocks in one ROI were greatly
different. Visualization could be useful for directly determining the
nutrient contents and facilitating the selection of fish with high nutrient
levels.

4. Discussion

Our study revealed that the fish skin spectra detected with the HSI
system could be utilized to predict the muscular contents of PUFAs and
EPA + DHA with very high accuracy. Traditional GC methods are less
representative because they take a long time and analyze only one
sample (Rohman et al., 2021; Xia et al., 2019). The traditional GC
method makes it difficult to measure the PUFAs contents of the entire
samples. Additionally, the GC method is time-consuming and destruc-
tive for sample preparation (Rohman et al., 2021; Xia et al., 2019). Our
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Table 3
Performance of modeling models to predict EPA + DHA contents using different preprocessing methods and characteristic wavelength screening methods.
Preprocessing Method Band Selection Modeling Method Calibration Prediction
RZ RMSE MAE R3 RMSE MAE
SG CARS ELM 0.6463 1.6606 0.8311 0.5104 2.0423 1.4061
LS-SVM 0.9934 0.3337 0.2692 0.9913 0.3398 0.1155
RF 0.8185 1.7442 0.8434 0.7038 1.9537 1.3497
RBF 0.9934 0.3326 0.2704 0.9914 0.3352 0.2659
BP 0.6834 1.8302 1.5312 0.6626 0.2560 0.2035
MSC CARS ELM 0.6959 2.6919 1.5749 0.6401 1.6974 0.8313
LS-SVM 0.7580 2.0983 1.6008 0.7526 1.9720 1.5583
RF 0.5654 2.6994 1.5699 0.0582 3.5016 2.7627
RBF 0.7719 1.9555 1.4909 0.7395 1.8417 1.4403
BP 0.7834 1.9054 1.4729 0.7413 1.8351 1.4423
SNV CARS ELM 0.8823 2.7017 1.4989 0.7312 2.0423 1.4061
LS-SVM 0.7044 2.2394 1.7338 0.6220 2.2871 1.7466
RF 0.6455 0.2724 0.1936 0.0621 0.4268 0.3337
RBF 0.7778 1.9300 1.5280 0.5086 2.5293 2.0673
BP 0.7542 2.0298 1.4307 0.5517 2.4157 1.9926

Note: SG: savitzk—Golay. MSC: multiplicative scatter correction. SNV: standard normal variate. CARS: competitive adaptive reweighted sampling. ELM: extreme
learning machine. LS-SVM: Least squares support vector machine. RF: random forest. RBF: radial basis function. BP: back propagation. R2: the calibration set coef-
ficient of determination. R3: the prediction set coefficient of determination. RMSE: root mean square error. MAE: mean absolute error. The bold line represented the

high prediction accuracy.
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Fig. 5. Optimal prediction model for the contents of the EPA + DHA and PUFAs
in common carp. (a) Muscle EPA + DHA prediction results using SG pre-
processing method, CARS optimal wavelength screening method and LS-SVM
model; (b) Muscle EPA + DHA prediction results using SG + CARS + RBF;
(c) Muscle PUFA prediction results using SG + CARS + LS-SVM; (d) Muscle
PUFA prediction results using SG + CARS + RBF; (e) Muscle PUFA prediction
results using SG + CARS + BP. The numbers on the X-axis represent the
observed values. The numbers on the Y-axis represent the predicted values.

method had very high consistency with the GC method and therefore
offered a quick, non-destructive, and simple detection tool for
measuring PUFAs in live fish fillets.

Although recent studies have reported the use of spectroscopic
techniques and ML methods to predict muscle FAs contents, many dis-
advantages are still unsolved. Firstly, previous studies predominantly
relied on fish muscular spectra to predict the muscular levels of FAs
(Cheng et al., 2019; Ma et al., 2018; Wang et al., 2020; Lintvedt et al.,
2023). Therefore, these methods also require the removal of the fish skin
and are destructive. Secondly, most studies have concentrated on pre-
dicting the FAs content of meat using NIRS (700-2500 nm) and Raman
spectroscopy (Xu et al., 2015; Ma and Sun, 2020; Wang et al., 2020;
Afseth et al., 2022; Lintvedt et al., 2023). However, the detectable re-
gions of the NIRS device were much smaller and the result could not be
representative of the whole sample. Raman spectroscopy faces the
challenge of being unsuitable for operation on the spot (Petersen et al.,
2021; Lintvedt et al., 2023). In addition, most of the existing studies
utilizing hyperspectral image data of the skin have focused on real-time
monitoring of human skin characteristics for clinical assessment of dis-
eases. However, these studies lacked quantitative analysis of the data
(Rosen et al., 1990; Yudovsky et al., 2011; Ross et al., 2014; Paul et al.,
2015). Zherebtsov et al. (2019) quantitatively assessed blood volume
fractions and oxygen saturation by acquiring skin spectral information,
but this process lacked the ability to provide an accurate fit coefficient
for quantitative analysis. Thirdly, the prediction accuracy of muscle FAs
contents could be improved, although the reported accuracy reached
0.9237 (Cheng et al., 2019; Ma et al., 2018; Wang et al., 2020). Our
method overcomes these three disadvantages. To our knowledge, this is
the first study to utilize skin spectral information to predict muscular
PUFAs in fish. The HSI system could detect larger muscular regions than
the NIRS device and is more suitable for detection on the spot than
Raman spectroscopy. Finally, we obtained higher prediction accuracies
for muscular PUFAs and EPA + DHA contents (both 0.9914) than did
previous studies.

We demonstrated that the preprocessing method was an important
factor affecting the prediction accuracy. The accuracies of the SG pro-
cessed data were better than those of the other two methods. Pang et al.
found that Raman spectroscopy combined with the SG method and
employing the partial least squares (PLS) model yielded an R value as
high as 0.9836 (Pang et al., 2022). One possible reason for the better
performance of the SG method is that it rateins useful spectral infor-
mation with the noise eliminated (Fig. 3). However, the latter two
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Table 4
Performance of modeling models to predict PUFAs contents using different preprocessing methods and characteristic wavelength screening methods.
Preprocessing Method Band Selection Modeling Method Calibration Prediction
R2 RMSE MAE R3 RMSE MAE
SG CARS ELM 0.5880 2.6282 1.4887 0.4588 3.6383 2.7785
LS-SVM 0.9935 0.3312 0.2692 0.9910 0.3452 0.1192
RF 0.8270 1.7028 0.8401 0.6909 2.0060 1.3649
RBF 0.9934 0.3326 0.2704 0.9914 0.3346 0.2660
BP 0.9934 0.3314 0.2651 0.9782 0.5326 0.4473
MsC CARS ELM 0.6813 5.3420 1.2082 0.6604 4.8777 1.3804
LS-SVM 0.9005 1.3111 0.9815 0.7387 1.8902 1.5006
RF 0.5718 2.6792 1.5713 0.0329 3.5483 2.7738
RBF 0.7675 1.9743 1.5055 0.7339 1.8614 1.4585
BP 0.7653 1.9834 1.5308 0.7583 1.7739 1.3745
SNV CARS ELM 0.5880 2.6282 1.4887 0.4541 3.6383 2.7785
LS-SVM 0.7498 2.0689 1.5974 0.6408 2.2369 1.7221
RF 0.5880 2.6282 1.4887 0.5751 2.6689 1.4959
RBF 0.7341 2.1115 1.6624 0.5708 2.3639 0.2365
BP 0.6796 2.3177 1.6897 0.5108 2.5237 1.9471

Note: SG: savitzk-Golay. MSC: multiplicative scatter correction. SNV: standard normal variate. CARS: competitive adaptive reweighted sampling. ELM: extreme
learning machine. LS-SVM: Least squares support vector machine. RF: random forest. RBF: radial basis function. BP: back propagation. R%: the calibration set coef-
ficient of determination. R3: the prediction set coefficient of determination. RMSE: root mean square error. MAE: mean absolute error. The bold line represented the

high prediction accuracy.
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Fig. 6. Visualization of the distribution of EPA + DHA (a) and PUFAs (b) contents in common carp. The numbers on the right indicate the contents of the EPA + DHA
and PUFAs and were scaled with different colors. The values under the samples indicate the EPA -+ DHA and PUFAs contents measured by the GC method. The color
from blue to red represents the values from low content to high content. The percentages meant that the samples had the contents at the lowest quartile, median,
upper quartile, and highest. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

methods greatly compressed the spectral data ranging from 500 to 900
nm, resulting in the loss of spectral data.

The modeling method was the second factor affecting the prediction
accuracy. The RBF model performed optimally in the prediction of both
PUFAs and EPA + DHA contents (R% =0.9914). The data is similar to the
result of Yang et al. (2023) where they applied HSI (400-1000 nm) and
the RBF prediction model to predict the FAs contents of camellia seed oil
with an R§ of 0.8437. Therefore, RBF modeling is possibly suitable for

predicting nutrient contents.

In summary, our method presents several advantages. Firstly, it
collected the fish skin spectral information, eliminating the requirement
for muscle preparation. Hence, it is rapid, non-destructive, and inex-
pensive. Secondly, the equipment is portable for on-site assessment.
Thirdly, it has another feature of high prediction accuracy. Finally, vi-
sual distribution maps are beneficial for intuitively assessing the nutri-
tional quality of fish muscle. Overall, our method combining the skin
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HSI and ML method is very promising for the massive, rapid, and non-
destructive determination of PUFAs and EPA + DHA in fish fillets on
the spot.

5. Conclusion

This study investigated the potential of utilizing the HSI technique
and ML method for measuring muscular PUFAs contents with skin
spectra. The combination of the SG preprocessing method and the CARS
dimensionality reduction method effectively increased the prediction
accuracy. The results demonstrated that the RBF model with SG pre-
processing based on selected characteristic wavelengths achieved
optimal predictive power for estimating the EPA + DHA (R = 0.9914
and RMSE = 0.3352) and PUFAs contents (R% = 0.9914 and RMSE =
0.3346). Furthermore, the distributions of the EPA + DHA and PUFA
contents provide more detailed and intuitive information about common
carp fillet quality. Compared with the GC method and previous spec-
troscopic techniques, our method generated many improvements and is
suitable for the massive, rapid, and non-destructive determination of
fish fillet nutrients.
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