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ABSTRACT: Temperature fluctuation commonly occurs in the cold chain leading to complete or
partial thawing and re-freezing of frozen products resulting in a multi-frozen product. Such
oscillation of temperature could cause significant quality reduction compared to single frozen
products. This study was designed to differentiate frozen Atlantic salmon fillets based on the
level of temperature fluctuation. Near-infrared spectroscopy (NIRS) coupled with chemometrics
was used to classify the frozen fillets stored at no fluctuation (NF), low fluctuation (LF), high
fluctuation (HF) and very high fluctuation (VF) temperature. Using spectral profiles obtained at
both frozen and thawed states, fillets were classified based on the level of temperature
fluctuation by partial least squares discriminant analysis (PLS-DA). The thawed samples showed
better classification accuracy (71 %) than frozen samples (66 %) in a four-class model.
Considering the small variation within the first two (NF, LF) and the last two (HF, VF) groups, a
two-class classification model was developed using thawed samples, and the obtained model
correctly classified the two groups (NF, LF) and (HF, VF) with 100 % classification accuracy.
Protein and water-related changes were found important to distinguish the fillets. Based on the
finding, the four-class prediction model is found insufficient to be used for nondestructive
determination of temperature history of frozen fillets. However, the two-class prediction model
with further external validation can be applied to determine the level of temperature

fluctuation particularly using fillets scanned at thawed state.

Practical Application: NIR spectroscopy can be used to evaluate the degree of temperature

fluctuation and thus related quality loss throughout the logistics of frozen Atlantic salmon



53 fillets. Researchers, food control authorities and the retail industry could be the primary

54  beneficiaries of this research output. -PAGE BREAK-
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1. Introduction

Fish and fishery products are extremely susceptible to deterioration. Hence, an extension of
shelf life is compulsory to avail fish for consumers in various parts of the world. To extend the
shelf life of these products, cold chain has been serving as an excellent choice for more than a
century. Cold chain is a temperature-controlled supply chain, using freezing and refrigeration
technologies to maintain the products in a specific temperature range during production,
storage, transportation, sales and consumption. However, it is not always practical to maintain
a defined range of temperature at all steps of the cold chain, leading to temperature
fluctuations (Mercier et al., 2017). Temperature fluctuation (TF) often occurs in cold chain,
resulting in complete or partial thawing and re-freezing of frozen products (Gutierrez et al.,
2017; Syamaladevi et al., 2011). Considerable losses in textural quality, nutritional value, and
functional properties of various agro-food products have been reported due to temperature
fluctuation. Even if the degree of fluctuation is too low to cause complete thawing, significant
differences were observed in the size of ice crystals in frozen products, which might
consequently lead to loss of quality attributes (Gutierrez et al., 2017; Stiles et al., 2013;
Syamaladevi et al., 2011).

Several studies indicated the occurrence of significant temperature abuse during cold transport
of fish and fish products. In a study on the air and sea transportation of fish, temperatures
higher than 0 °C + 1 °C were recorded (Martinsdottir et al., 2010). The temperature abuse was
observed in 35% and 18% of the transportation time, respectively for air and sea
transportations. In another study, temperature fluctuation above 5 °C was recorded for 17%

and 36% of total time during air and sea transportation respectively (Mai et al., 2012). Besides
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during transportation, temperature increase up to 10 °C was reported while truck loading and
unloading operations (Mercier et al., 2017).

Several aspects of fish quality are known to degrade as a result of cold chain breakage
throughout the logistics. Research on the impact of fluctuating temperature and constant
temperature on lipid composition of fish fillet showed high free fatty acid and peroxide values
for the fluctuating temperature regimes, while the lowest free fatty acids and peroxide value
were observed on the super freezing (Gormley, 2019). In other studies, increased freeze-thaw
cycles showed membrane disintegration, disruption of muscle cells, and an increase in
exudation of fluid (Benjakul & Bauer, 2000; R. Gormley et al., 2002; Hamm, 1979; Rayeni, 2016).
Furthermore, reduction in water holding capacity, reduction in protein solubility, and loss of
salt soluble protein were reported (Benjakul & Bauer, 2000). Therefore, multiple freezing-
thawing cycles caused by temperature abuses demonstrated detrimental effects on muscle
tissues via damage to cell membranes and organelles leading to significant effects on quality
attributes of fish muscle.

Considering the detrimental role of temperature fluctuation during frozen fish logistics, finding
a method to predict the temperature fluctuation history of the frozen product is worthful.
Several methods have been tested to evaluate quality related changes in fish. Enzymatic,
chemical, microbiological and sensory analysis are among the applicable and useful analytical
methods. These methods have been applied to differentiate fish based on freeze-thaw cycles
(Davis, 1982; Fernandez-Segovia et al., 2012; Howell et al., 1996; Kim et al., 1987, 1987; Li et al.,
2018; Nott et al., 1999). Recent analytical technigues that use metabolomics have also allowed

the successful classification of fresh and frozen/thawed fish samples (Leduc et al., 2012;
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Massaro et al., 2021; Stella et al., 2022). However, these methods are destructive, time-
consuming, expensive and require expert knowledge, which limits their practical application.
Since recent decades, traditional methods of fish quality analysis have been replaced by
spectroscopic-based techniques due to the advantages of fast and non-invasive analysis,
simultaneous determination of numerous quality parameters, and applicability for online
measurements (Duflos et al., 2002; Karoui et al., 2017; Hassoun, 2021). Among the
spectroscopic techniques, hyperspectral imaging, nuclear magnetic resonance and near-
infrared spectroscopy have been investigated to distinguish between fresh and frozen-thawed
fish (Hassoun et al., 2020). NIR spectroscopy is a well-established method in both research and
food industrial applications (Wang et al., 2018). It relies on measuring the absorption of
photons in the near-infrared range by the vibrational modes of C-H, O-H, and N-H bonds (Prieto
et al., 2017). Measurement of the electromagnetic radiation absorbed by those molecular
bonds gives a unique spectral fingerprint that contains information related to the physical and
chemical properties of a sample. Several researchers have applied Vis/NIR spectroscopy-based
non-destructive techniques to distinguish between fresh and frozen-thawed fish (Fasolato et
al., 2012; Sivertsen et al., 2011; Uddin & Okazaki, 2004; Wang et al., 2018). Since temperature
fluctuation often occurs in the frozen fish supply chain, analytical methods capable of
distinguishing fillets based on the level of temperature fluctuation are required. However,
existing studies in this regard have considered complete freeze-thaw cycles, which are not
common in the frozen fish supply chain (Fasolato et al., 2012; Sivertsen et al., 2011; Uddin &
Okazaki, 2004; Wang et al., 2018). It is hypothesized here that near-infrared spectroscopy,

which showed successful classification between fresh and frozen-thawed fish could also be
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used to distinguish frozen fillets which have been subjected to minor temperature fluctuations.
Therefore, this study was designed to evaluate the potential of near-infrared spectroscopy for
the classification of frozen Atlantic salmon (Salmo salar) fillets subjected to minor temperature

fluctuations.
2. Materials and Methods

2.1 Samples

Frozen Atlantic salmon (Salmo salar) fillets supplied by a local retailer (Colruyt Group) were
used for the experiment. The fillets were generally rectangular with approximate sizes of 10 to
12 cmin length, 4 to 5 cm in width, and 2 to 3 cm in height. The fillet samples were individually
vacuum-packed and supplied avoiding the possibility of temperature fluctuation. The samples
were transferred into a freezer set at -18 °C for 24 hours until the start of the storage
experiment.

2.2 Frozen Storage Experiment

The storage experiment mimicked four purposely selected levels of temperature fluctuation
that represent actual conditions in frozen Atlantic salmon logistics. The storage conditions
simulated under the scope of this study included four conditions that represent temperature
fluctuation during loading, transportation, loading and transportation, and no fluctuation (ideal)
conditions. The experiment involved four groups of 20 fillets in which group one, no fluctuation
(NF) samples were stored at -18 °C for 18 days representing an ideal condition. Samples in the
second group, low fluctuation (LF) represented a bad loading condition. Samples in this group
were stored at 18 °C for 3 hours at the beginning of the storage experiment, resulting in partial

thawing on the surface. After 3 hours, the samples were transferred to a freezer set at -18 °C
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until the 18™ day of the experiment. Samples in the third group, high fluctuation (HF),
represented a bad transportation condition and were stored at -12 °C for 8 hours followed by -
18 °C for 16 hours every 24 hours, till the end of the experiment period. The last group, very
high fluctuation (VF), represented a condition in which both the loading and transportation are
bad. Fillets in this group were stored at 18 °C for 3 hours at the start of the storage experiment.
Then, the fillets were stored at -12 °C for 8 hours followed by -18 °C for 16 hours every 24 hours
for 18 days.

2.3 Reference Analysis (drip loss, pH and space between muscle fibres)

Drip loss was measured by calculating the weight difference before and after the storage
experiment. The final weight of the samples was taken after draining the fillet thawed
overnight at 4 °C.

Drip loss (%) = (Initial weight — Final weight) =+ (Initial weight) x 100
Measurement of pH was performed using a benchtop pH meter (Hanna Instruments, USA) by
directly inserting the electrode into the fillet (Thorarinsdottir et al., 2002). A duplicate
measurement was done on each fillet. Determining the space between muscle fibres was
performed using sub-samples sectioned at 20 um thickness using a microtome-cryostat
(Microm HM 560 Cryostat, Thermo Fisher Scientific, Waltham, MA, USA) in an optimum cutting
temperature environment, where the temperature of the medium was maintained at -27 °C. An
inverted light microscope (VWR international, USA) equipped with Visicam 5.0 digital camera
(VWR, Belgium) was used to acquire microscopic images. The images were recorded and
processed using Imagel software (National Institutes of Health, USA). The gap between muscle

fibres was calculated using the inbuilt tool in the software.
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2.4 NIRS Measurement

Diffuse reflectance measurements in the 800 to 2500 nm range were performed using a Bruker
optics multipurpose analyzer (MPA; Bruker Optics, Germany) by placing the fillets on the entry
port of the integrating sphere. Spectral acquisition and control of the instrument were
performed using OPUS software (v. 6.5, Bruker Optics, Ettlingen, Germany). For each
measurement, the spectrum was averaged over 32 scans.

All fillet samples were scanned at the end of the 18-day storage experiment in their frozen
condition. Scanning of fillets at thawed condition was done on 16 fillets from each group after
24 hours of thawing at 4 °C. The packaging material was removed and the surface of fillet
samples was directly scanned at two different positions by placing the fillet on the device.

2.5 Data Analysis Tool

Statistical analyses of the reference quality measurements were performed using JMP software
(JMP, Version 13; SAS Institute Inc.). Spectral analysis was performed using PLS Toolbox
(Eigenvector Research, Inc., version 8.6).

2.6 Development of Classification Model

2.6.1 Principal Component Analysis (PCA)

Principal component analysis (PCA) was used to determine the main characteristics of the
spectra and highlight the relations among the absorbance values at different wavelengths.
Potential spectral outliers were detected by studying score plots using Hotelling’s T> and Q
residuals statistic.

2.6.2 Spectral Data Preprocessing
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In order to improve the informativeness of the spectral data, several data preprocessing
techniques were tested either individually or in combination with each other. Standard normal
variate (SNV), detrend (DT) and Savitzky-Golay (second derivative) were among the selected
data pretreatments based on the classification performance. For details on preprocessing
methods the reader is referred to (Martens & Stark, 1991; Thennadil & Martin, 2005; Saeys et
al., 2019).

2.6.3 Partial Least Squares Discriminant Analysis (PLS-DA)

The whole data matrix was split into a calibration set (70%) and a validation set (30%) using the
Kennard-Stone method. Venetian blinds cross-validation with 10 splits was applied to the
calibration data to optimize the number of latent variables during PLS-DA model development.
During the development of the model, the calibration data (Y) represented the class
membership using ones and zeros and then paired with the training matrix (X) (Barker &
Rayens, 2003; Saeys et al., 2019). The point at which the lowest number of false positives and
false negatives were achieved was selected as a threshold. Once the calibration model was
trained, independent validation data were used to test the model and a classification output
was generated.

2.6.4 Performance Evaluation

The overall performance of the individual models, in combination with the various pre-
processing techniques, was validated by calculating the classification accuracy (Equation 3.1),
false-positive rate (Equation 3.2), and false-negative rate (Equation 3.3). The efficacy of the
overall model was described by the classification accuracy. A false positive occurred when a

negative response (incorrect class) was incorrectly classified as a positive response (correct



208 class) and a false negative was when a positive response (correct class) was incorrectly

209 classified as a negative response (incorrect class). Consequently, the false-positive rate

210  describes the occurrence of misclassifications of an incorrect class in the model as a correct
211  class, while the false negative rate describes the occurrence of misclassifications of a correct

212 class to another incorrect class in the model (Payne, 2019):-

213 Classification accuracy (%) =(((TP+TN))/(TP+TN+FP+FN)) x 100% Equation 3.1
214  False positive rate (%) =(((FP))/(TP+TN+FP+FN)) x 100% Equation 3.2
215  False negative rate (%) =(((FN))/(TP+TN+FP+FN)) x 100% Equation 3.3
216  Misclassification rate (%) =(((FP+FN))/(TP+TN+FP+FN)) x 100% Equation 3.4
217  Where;

218  True Positives (TP) = Positive response correctly classified as a positive response; True
219  Negatives (TN) = Negative response correctly classified as a negative response; False Positives
220  (FP) = Negative response incorrectly classified as a positive response; False Negative (FN) =

221  Positive response incorrectly classified as a negative response.
222 3. Results and Discussion

223 3.1 Effect of Temperature Fluctuation on Quality of Frozen Atlantic salmon

224  Table 3.1, reproduced from another part of a similar study, indicates changes in quality related
225  parameters (drip loss, pH and space between muscle fibres) of fillets stored at varying levels of
226  temperature fluctuation (Bezuayehu, 2021). All quality attributes of fillets stored at the highest
227  level of temperature fluctuation (VF) were significantly affected (p<0.05) compared to fillets

228  stored at the lowest level of temperature fluctuation (NF).



229  Table 3. 1 Mean + standard deviation values of reference quality parameters: drip loss (%), pH
230 and space between fibers (%).

Group  Drip loss (%) pH Space between musglle

fibres (%) 232

Average = SD Average = SD Average + SD 233

NF 2.85+0.43° 6.12 + 0.05° 26.55 £ 8.77°¢ 234
LF 2.86 +0.42° 6.10 £ 0.06° 37.31+6.47°
HF 3.62 +0.51° 6.08 £ 0.07% 50.37 + 4.55°
VF 3.81+1.02° 6.04 + 0.06° 52.12 +2.81°

All values are mean + SD for measured quality attributes. Values in the same column with different superscripts are
significantly different (p<0.05)

235  Drip loss and the space between muscle fibres increased with increasing levels of temperature
236  fluctuation, while the pH of fillets decreased with increasing levels of temperature fluctuation.
237  The relation between the obtained results from the three quality indicators confirmed the

238  reduction of quality as a result of higher temperature fluctuation. Changes in drip loss and

239  space between muscle fibres were more intense in HF and VF groups compared to LF and the
240  control group. The difference within the two lowest temperature fluctuation groups (NF and
241  LF), and the two highest temperature fluctuation groups (HF and VF) were insignificant for all
242  quality attributes except for the space between muscle fibres, where NF and LF differ

243  considerably. This can be attributed to the small variation in the levels of temperature

244  fluctuation between the NF and LF, and HF and VF groups.

245  3.2. Spectral Interpretation

246  In Figure 3.1, the mean spectra of each group of fillet samples scanned at frozen (a) and thawed
247  (b) conditions are illustrated. High overall reflectance values were observed in frozen fillets

248  compared to thawed fillets. A similar result was reported on multi-frozen-thawed tilapia (Wang
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et al., 2018). The high overall reflectance could be due to water migration which occurs during
freezing or variation in the water status in frozen and thawed samples (Wang et al., 2018). In a
study on the effect of a freeze-thaw cycle in Cuttlefish muscle, migration of water from the
inside to the outside of fish muscle bundles was observed (Ying and Jing 2021). Scanning of the
fillet at their frozen state was therefore easily influenced by the increased water content at the
surface of the fillet muscle, thereby showing high overall reflectance. High absorption was
observed around 980 nm, 1210 nm, 1450 nm and 1950 nm. The dominating absorption peak
appearing at 980 nm is attributed to the water content (second overtone O-H stretching), while
the peak at 1450 nm originated from the first overtones of O-H stretching. The combination
tone O-H stretch forms the peak around 1950 nm (He et al., 2014b). This indicates that water is
a major absorbing constituent affecting the spectral characteristics of salmon flesh in the NIR
region because of the high-water content of the flesh (He et al., 2014b). The absorption peak
around 1210 nm can be attributed to C-H stretching, which is related to the presence of fat
(Fernandez-Segovia et al., 2012; He et al., 2014a). From the overall spectra and all the dominant
absorption peaks of samples scanned at a frozen state (Fig 3.1. a), it can be seen that sample
groups exposed to significant temperature fluctuation (HF and VF) had slightly higher
absorption than the other groups (NF and LF). Samples scanned at thawed state demonstrated
a similar profile of increased absorbance with an increasing level of temperature fluctuation
across the entire region except for the wavelengths where water absorption peaks arise (Fig.
3.1. b). On the contrary, the spectral profile at which water absorption peaks originate showed

a decreased absorbance with an increasing level of temperature fluctuation.

(a) (b)
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Figure 3.1. Average reflectance spectra of samples exposed to different temperature conditions
measured at frozen state (a) and after thawing (b): No temperature fluctuation (NF), low
fluctuation (LF), high fluctuation (HF) and very high fluctuation (VF) groups of fillets

3.3 Principal Component Analysis (PCA)

The spectral profiles were analyzed using PCA to evaluate the possibility of rapidly separating
the different groups of samples. The general overview of the spectral groups was observed
from the two datasets (frozen and thawed), plotted on a multivariate coordinate space where
the dimensions were ordered according to decreasing explained variance (Fig. 3.2). The first
two principal components explained more than 94% of the total variation among the samples in
both frozen and thawed samples, indicating a good representation. The major peaks in the

loadings plot (Fig. 3.3) correspond to the second and first overtone O-H stretching (980 and

1450 nm, respectively), and the second overtone of C-H stretching (1210 nm).

(a) (b)
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Figure 3.2. Principal component analysis (PCA) score plots for the mean centered spectra of fillets
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Figure 3.3. PCA loadings of the first two PCs for samples scanned at thawed state.
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As observed in Fig. 3.2., particularly in thawed fillets (b), the four groups demonstrated

grouping into two groups where NF and LF were closer to each other and HF was closer to the

VF group. As observed in Fig. 3.2 (b), samples in thawed state showed better separation

between the two groups compared to samples scanned in the frozen state (a). This could be
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due to the pronounced interference by specular reflectance in samples in frozen state. In
addition, the difference in the state of water in the frozen and, the thawed fillets could affect
the spectral characteristics, thereby influencing the separation between the groups.
Furthermore, the variation in water content of fillets in the frozen state and thawed state may
also affect the spectral characteristics.

3.4 Four Class Classification of Frozen Fillets

Several pre-processing methods including combinations of standard normal variate (SNV),
detrend and Savitzky-Golay derivatives were tested to improve the classification performance.
The best classification for samples in frozen state was obtained with a model using four latent
variables based on spectra preprocessed with a Savitzky-Golay 2nd derivative (2nd order
polynomial, 11 points). The PLS-DA model achieved 79% classification accuracy with 21%
misclassification rate in calibration, 55% classification accuracy with 45% misclassification rate
in cross-validation and 66% classification accuracy and misclassification rate of 34% on the
validation dataset (Table 3.2). The PLS-DA model using samples scanned in frozen state yielded
poor classification performance with an overall accuracy of 66 %. In addition, the overall
classification accuracy was reduced from 79% on the calibration set to 66% on the validation set
samples. The accuracy of classification reported in this study was lower compared to a related
study on tilapia (Oreochromis) fillet which obtained more than 80% classification accuracy using
samples scanned in frozen state (Wang et al., 2018). The difference could be due to the fact
that in their study samples were completely thawed and frozen several times before analysis,

which may have resulted in a more pronounced effect on the quality attributes of the fillets
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compared to the present experiment which tested temperature fluctuation without complete
thawing of samples.
Table 3.2. An overview of accuracies of the PLS-DA models with various pre-processing

techniques applied to distinguish samples scanned at frozen state based on the level of
temperature fluctuation

Pre-processing LV  Calibration Cross-validation Validation

CA(%) MR(%) CA(%) MR(%) CA(%) MR(%)

SNV 5 68 32 59 41 59 41
SNV + DT 5 67 33 58 42 59 41
SNV + DT + SGD,(7) 4 85 15 53 47 64 36
SGD(11) 4 79 21 55 45 66 34
SGD;(15) 7 83 17 60 40 58 42

(SNV) Standard normal variate; (DT) Detrend; (SGDx(y)) Savitzky-Golay, (x) derivative order (y) number of window
points; (CA) Classification accuracy, (MR) misclassification rate

3.5 Four Class Classification of Thawed Samples

The spectral dataset collected from the thawed samples was pre-treated with several
techniques to maximize the prediction performance of the PLS-DA model. SNV, detrend and
Savitzky-Golay derivatives (second-order polynomial, 5, 7, 9 and 11 points) were applied to the
absorbance spectra of the thawed samples. Table 3.3 summarizes the performance measures
with the obtained results after a pre-processing using Log (1/R), SNV, detrend and Savitzky-
Golay second derivative (second-order polynomial, 7 points). Accordingly, the model yielded a
correct classification rate of 80 %, 67 % and 71 % respectively on the calibration, cross-

validation and validation set samples.
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Table 3.3. Performance measures used to assess the four-class PLS-DA model based on thawed
samples after pre-processing using 1/R, SNV, detrend and Salvitzky-Golay (second derivative,
second-order polynomial, 7 points)

Class TPR FPR  TNR FNR CA (%) MR (%)
Calibration NF  0.78 0.13 0.7 0.22 82.16 17.84
LF 0.55 0.09  0.90 0.44 72.97 27.03
HF  0.89 011  0.88 0.11 88.68 11.32
VF 056 0.05 0.94 0.44 75.35 24.65
Cross NF  0.50 0.13  0.87 0.50 68.27 31.73
validation LF 0.33 021 0.79 0.67 56.09 43.91
HF  0.67 0.13  0.87 0.33 76.60 23.40
VF 0.50 0.18  0.81 0.50 65.74 34.26
Validation NF  0.78 0.15  0.85 0.22 81.20 18.80
LF 0.33 0.08  0.92 0.67 62.82 37.18
HF  0.89 023 077 0.11 82.94 17.06
VF  0.25 011  0.89 0.75 56.94 43.06

True positive ratio (TPR), false positive ratio (FPR), true negative ratio (TNR), false negative ratio (FNR), classification
accuracy (CA), misclassification rate (MR)

The PLS-DA score plot for the four groups of samples is given in (Fig. 3.4). In contrast to the
model for samples scanned in frozen state, the PLS-DA score plot LV1 (58%) vs. LV2 (3.03%) for
thawed samples demonstrates less overlap among the different classes, particularly between
the first two classes (NF, LF) and the remaining two classes (HF, VF). As the score plot
demonstrated, NF and LF were separated from HF and VF groups without any overlap. This
could be due to the fact that the temperature fluctuations in the first two groups (NF and LF)

did not cause a destructive change in the composition of fillets. In contrast, the HF and VF
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groups might have undergone significant changes during frozen storage which may have

resulted in a change in the spectral profile of the fillets.
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Figure 3.4. PLS-DA score plot for the thawed fillets based on spectra pre-processed with log (1/R),
SNV, detrend and Savitzky-Golay second derivative (second-order polynomial, 7 points). Legend:
No fluctuation (NF), low fluctuation (LF) high fluctuation (HF) and very high fluctuation (VF)
groups of thawed fillets.

Compared to a classification result using spectra of fillets at their frozen state, the model based
on thawed samples performed better and had a higher classification accuracy. This result is in
agreement with the report of Shimamoto et al. (2001), who showed a more precise prediction
for the fat content of mackerel using samples in thawed conditions suggesting a better
observation of changes in fillet constituents in thawed state than at the frozen state. However,
better classifications of once frozen-thawed from repeatedly frozen-thawed tilapia

(Oreochromis) fillets were obtained under frozen conditions (Wang et al., 2018). This could be

due to the fact that the previous researchers used fillets that were frozen in laboratory
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conditions and had flat surfaces. However, commercially frozen samples that had irregular
surfaces were used in this experiment. This could have led to measurement-related variations
despite the effort to reduce those variations, such as repeated scanning at different positions of
the fillet. Spectral measurements of samples in frozen state might have affected the accuracy of
the collected spectral data due to the fact that fillets with irregular surfaces cannot be scanned
properly compared to fillets with a flat surface. Additionally, the frost on the surface of fillets
measured in frozen conditions might have affected the light scattering conditions compared to
samples that were measured in the thawed state. In contrast, samples in thawed condition
allowed relatively uniform scanning, which provided more accurate information about the
composition-related changes that took place during frozen storage. One of the compositional
changes could be a difference in water content which is brought by the effect of different levels
of temperature fluctuation. In the samples scanned at thawed state, the HF and VF groups
might contain lower moisture than NF and LF groups, thereby resulting in easy classification
based on the difference in moisture content. Although measurement of moisture content was
not performed, it can be derived from the increased drip loss value that the moisture content in
HF and VF groups fillets was reduced compared to that of NF and LF groups.

Since the spectral features of the fillets in the first two groups and the other two groups were
closer to each other, the classification of fillets into four different classes demonstrated
insufficient performance (71 % of classification accuracy). From the reference analyses, it could
be noted that variation in quality related changes (pH, drip loss, space between muscle fibres)
within the first (NF, LF) and the last (HF, VF) two groups were found insignificant (p>0.05), while

the difference between the first and the last two groups was found significant (p<0.05).
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Moreover, the fact that temperature fluctuation is not totally avoidable in the cold chain, a
two-class classification model would provide a robust class prediction into the good (NF & LF)
that could represent ideally transported and/or stored fillets with a minimum level of
temperature fluctuation; and the bad (HF & VF) which represent potential temperature
fluctuation leading to a significant level of quality degradation.

3.6 Two-Class Classification of Thawed Samples

NF and LF group samples were modeled as one class while HF and VF group samples were
modeled as the other class after pre-processing the spectra using a previously selected
combination of spectral pre-treatment techniques: - SNV, detrend and Savitzky-Golay second
derivative (second-order polynomial, 7 points). This resulted in an overall classification
accuracy of 100% (calibration), 93.27% (cross-validation) and 100 % (validation), indicating the
effectiveness of the model to classify fillets based on the level of temperature fluctuation (Table

3.4).

Table 3.4. Overview of accuracies of two-class PLS-DA model using thawed samples

Pre-processing LV  Calibration Cross-validation Validation
CA (%) MR (%) CA (%) MR (%) CA (%) MR (%)
SNV, DT, SGD2(7) 3 100 0 93.2 6.7 100 0

(SNV) standard normal variate; (DT) detrend; (SGDx(y)) Savitzky-Golay, (x) derivative order (y) number of window
points; (CA) classification accuracy, (MR) misclassification rate
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Figure 3.5. PLS-DA calibration and prediction score plot for spectra of thawed samples pre-
processed with SNV, detrend and Savitzky-Golay second derivative (second-order polynomial, 7
points). Red indicates (NF & LF) group and green indicates (HF & VF) group. The plot indicates the
calibration samples on the left side & the validation samples on the right side.

This model appeared to be the best performing in overall classification accuracies compared to
the two models discussed above, and the two-class classification model using frozen samples,
which yielded 83 % overall accuracy (Table 3.5). The PLS-DA prediction score plot (Fig. 3.5)

demonstrates that all fillets from both (NF & LF) and (HF & VF) groups were correctly classified.

Table 3.5
4. Conclusions and Recommendations

Classification of fillets according to the level of temperature fluctuation was performed based
on their NIR spectra acquired in frozen and thawed state. The four-class classifier based on the
spectra of thawed fillets outperformed that on the spectra of frozen samples with a
classification accuracy of 70.9% compared to 66%, respectively. The classification model failed
to distinguish the fillets stored at no fluctuation (NF) from fillets stored at low fluctuation

condition (LF), and fillets stored at high fluctuation (HF) from very high fluctuation (VF). An
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alternative two-class classification model provided more efficient classification with 100%
accuracy on the spectra of thawed samples subjected to a combination of SNV, detrend and
Savitzky-Golay 2nd derivative (2nd order polynomial, 7 points) pre-processing. This two-class
classification model based on spectra of thawed fillets can be used to determine the level of
temperature fluctuation after further external validation involving a larger number of samples.
Future research is recommended to obtain more insight into the changes in the optical
properties of fish muscle. Particular focus should be given to the factors affecting the optical
properties during storage under fluctuating temperatures because this would allow to further
optimize the NIR-based prediction models.

Funding

Not applicable

Acknowledgments

The authors wish to thank the Colruyt Group for providing fish samples to carry out the

research.

Conflicts of Interest

The authors declare that there are no known conflicts of competing interests.
Data Availability

Data will be shared on request

Nomenclature

CA Classification Accuracy

cVv Cross-Validation



431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

DT

FP

FN

HF

KS

LF

Lv

MR

MSC

NIR

NIRS

NF

PC

PCA

PLS-DA

RMSE

RMSECV

RMSEP

SG

SNV

TN

TP

Detrend

False Positive

False Negative

High Fluctuation

Kennard Stone

Low Fluctuation

Latent Variable

Misclassification Rare

Multiplicative Scattering Correlation
Near Infrared

Near Infrared Spectroscopy

No Fluctuation

Principal Component

Principal Component Analysis

Partial Least Squares Discriminant Analysis
Root Mean Square Error

Root Mean Square Error of Cross-Validation
Root Mean Square Error of Prediction
Savitzky-Golay

Standard Normal Variate

True Negative

True Positive



453

454

455

456
457

458
459
460

461
462

463
464
465

466
467
468

469
470
471
472
473

474
475
476

477
478
479

480
481

482
483
484

VF Very high Fluctuation

-PAGE BREAK-
References

Barker, M., & Rayens, W. (2003). Partial least squares for discrimination. Journal of
Chemometrics, 17(3), 166—173. https://doi.org/10.1002/cem.785

Benjakul, S., & Bauer, F. (2000). Physicochemical and enzymatic changes of cod muscle proteins
subjected to different freeze—thaw cycles. Journal of the Science of Food and Agriculture, 80(8),
1143-1150.

Bezuayehu, G. A. (2021). Effect of Temperature Fluctuation on Quality of Frozen Atlantic
Salmon (Salmo Salar) Fillet. Journal of Food Technology, 19: 43-47.

Davis, H. K. (1982). Fluorescence of fish muscle: Description and measurement of changes
occurring during frozen storage. Journal of the Science of Food and Agriculture, 33(11), 1135-
1142.

Duflos, G., Le Fur, B., Mulak, V., Becel, P., & Malle, P. (2002). Comparison of methods of
differentiating between fresh and frozen—thawed fish or fillets. Journal of the Science of Food
and Agriculture, 82(12), 1341-1345.

Fasolato, L., Balzan, S., Riovanto, R., Berzaghi, P., Mirisola, M., Ferlito, J. C., Serva, L., Benozzo,
F., Passera, R., Tepedino, V., & Novelli, E. (2012). Comparison of Visible and Near-Infrared
Reflectance Spectroscopy to Authenticate Fresh and Frozen-Thawed Swordfish ( Xiphias gladius
L). Journal of Aquatic Food Product Technology, 21(5), 493-507.
https://doi.org/10.1080/10498850.2011.615103

Fernandez-Segovia, ., Fuentes, A., Alifo, M., Masot, R., Alcafiiz, M., & Barat, J. M. (2012).
Detection of frozen-thawed salmon (Salmo salar) by a rapid low-cost method. Journal of Food
Engineering, 113(2), 210-216.

Gormley, R., Walshe, T., Hussey, K., & Butler, F. (2002). The effect of fluctuating vs. Constant
frozen storage temperature regimes on some quality parameters of selected food products.
LWT-Food Science and Technology, 35(2), 190-200.

Gormley, T. R. (2019). Developments in fish freezing in Europe, with emphasis on
cryoprotectants. Processing Foods: Quality Optimisation and Process Assessment, 163—-174.

Gutierrez, M. S. C., Oliveira, C. M. de, Melo, F. R., & Silveira Junior, V. (2017). Limit growth of ice
crystals under different temperature oscillations levels in nile Tilapia. Food Science and
Technology, 37(4), 673—680. https://doi.org/10.1590/1678-457x.29416



485
486

487
488

489
490
491

492
493
494

495
496
497

498
499
500

501
502
503

504
505
506

507
508
509
510
511

512
513
514

515
516

Hamm, R. (1979). Delocalization of mitochondrial enzymes during freezing and thawing of
skeletal muscle. ACS Publications.

Hassoun, A. (2021). Exploring the Potential of Fluorescence Spectroscopy for the Discrimination
between Fresh and Frozen-Thawed Muscle Foods. Photochem, 1(2), 247-263.

Hassoun, A., Shumilina, E., Di Donato, F., Foschi, M., Simal-Gandara, J., & Biancolillo, A. (2020).
Emerging Techniques for Differentiation of Fresh and Frozen—Thawed Seafoods: Highlighting
the Potential of Spectroscopic Techniques. Molecules, 25(19), 4472.

He, H., Wu, D., & Sun, D. (2014a). Potential of hyperspectral imaging combined with
chemometric analysis for assessing and visualising tenderness distribution in raw farmed
salmon fillets. 126, 156—164. https://doi.org/10.1016/j.jfoodeng.2013.11.015

He, H.-J., Wu, D., & Sun, D.-W. (2014b). Rapid and non-destructive determination of drip loss
and pH distribution in farmed Atlantic salmon (Salmo salar) fillets using visible and near-
infrared (Vis—NIR) hyperspectral imaging. Food Chemistry, 156, 394—-401.

Howell, N., Shavila, Y., Grootveld, M., & Williams, S. (1996). High-resolution NMR and magnetic
resonance imaging (MRI) studies on fresh and frozen cod (Gadus morhua) and haddock
(Melanogrammus aeglefinus). Journal of the Science of Food and Agriculture, 72(1), 49-56.

Karoui, R., Hassoun, A., & Ethuin, P. (2017). Front face fluorescence spectroscopy enables rapid
differentiation of fresh and frozen-thawed sea bass (Dicentrarchus labrax) fillets. Journal of
food engineering, 202, 89-98.

Kim, J.-B., Murata, M., & Sakaguchi, M. (1987). A method for the differentiation of frozen-
thawed from unfrozen fish fillets by a combination of torrymeter readings and K values.
NIPPON SUISAN GAKKAISHI, 53(1), 159-164. https://doi.org/10.2331/suisan.53.159

Leduc, F., Krzewinski, F., Le Fur, B., N'Guessan, A., Malle, P., Kol, O., & Duflos, G. (2012).
Differentiation of fresh and frozen/thawed fish, European sea bass (Dicentrarchus labrax),
gilthead seabream (Sparus aurata), cod (Gadus morhua) and salmon (Salmo salar), using volatile
compounds by SPME/GC/MS. Journal of the Science of Food and Agriculture, 92(12), 2560-
2568.

Li, J., Xia, K., Li, Y., & Tan, M. (2018). Influence of Freezing—Thawing Cycle on Water Dynamics of
Turbot Flesh Assessed by Low-Field Nuclear Magnetic Resonance and Magnetic Resonance
Imaging. International Journal of Food Engineering, 14(1).

Lv, Y., & Xie, J. (2021). Effects of Freeze—Thaw Cycles on Water Migration, Microstructure and
Protein Oxidation in Cuttlefish. Foods, 10(11), 2576.



517
518
519

520
521
522

523
524
525
526
527

528
529
530
531

532
533
534
535

536
537

538
539

540
541
542

543
544

545
546
547

548
549
550

Mai, N. T. T., Margeirsson, B., Margeirsson, S., Bogason, S. G., Sigurgisladéttir, S., & Arason, S.
(2012). Temperature Mapping of Fresh Fish Supply Chains—Air and Sea Transport. Journal of
Food Process Engineering, 35(4), 622—656. https://doi.org/10.1111/j.1745-4530.2010.00611.x

Martens, H., & Stark, E. (1991). Extended multiplicative signal correction and spectral
interference subtraction: new preprocessing methods for near infrared spectroscopy. Journal of
pharmaceutical and biomedical analysis, 9(8), 625-635.

Martinsdottir, E., Lauzon, H., Margeirsson, B., Sveinsdttir, K., orvaldsson, L., Magnusson, H.,
Reynisson, E., Jnsdttir, A. V., Arason, S., & Eden, M.-M. (2010). The effect of cooling methods at
processing and use of gel-packs on storage life of cod (Gadus morhua) loins: Effect of transport
via air and sea on temperature control and retail-packaging on cod deterioration.
Report/Skyrsla Matis.

Massaro, A,, Stella, R., Negro, A., Bragolusi, M., Miano, B., Arcangeli, G., ... & Tata, A. (2021).
New strategies for the differentiation of fresh and frozen/thawed fish: A rapid and accurate
non-targeted method by ambient mass spectrometry and data fusion (part A). Food Control,
108364.

Mercier, S., Villeneuve, S., Mondor, M., & Uysal, I. (2017). Time-Temperature Management
Along the Food Cold Chain: A Review of Recent Developments: Food preservation along the
cold chain.... Comprehensive Reviews in Food Science and Food Safety, 16(4), 647-667.
https://doi.org/10.1111/1541-4337.12269

Nott, K. P., Evans, S. D., & Hall, L. D. (1999). Quantitative magnetic resonance imaging of fresh
and frozen-thawed trout. Magnetic Resonance Imaging, 17(3), 445—-455.

Payne, K. (2019). Rapid differentiation of South African game meat using portable near-infrared
(NIR) spectroscopy [Graduate Thesis]. Stellenbosch University.

Prieto, N., Pawluczyk, O., Dugan, M. E. R., & Aalhus, J. L. (2017). A review of the principles and
applications of near-infrared spectroscopy to characterize meat, fat, and meat products.
Applied spectroscopy, 71(7), 1403-1426.

Rayeni, M. F. (2016). Quality-related changes in frozen fish muscle. IntJ Multidiscip Res Dev, 3,
194-197.

Saeys, W., Do Trong, N. N., Van Beers, R., & Nicolai, B. M. (2019). Multivariate calibration of
spectroscopic sensors for postharvest quality evaluation: A review. Postharvest Biology and
Technology, 158, 110981.

Shimamoto, J., Hasegawa, K., Ide, K., & Kawano, S. (2001). Nondestractive determination of the
fat content in raw and frozen horse mackerel [Trachurus japonicus] by near infrared
spectroscopy. Bulletin of the Japanese Society of Scientific Fisheries (Japan).



551
552
553

554
555
556

557
558
559
560

561
562
563

564
565
566

567
568
569

570
571
572
573
574
575
576

577

Sivertsen, A. H., Kimiya, T., & Heia, K. (2011). Automatic freshness assessment of cod (Gadus
morhua) fillets by Vis/Nir spectroscopy. Journal of Food Engineering, 103(3), 317-323.
https://doi.org/10.1016/j.jfoodeng.2010.10.030

Stella, R., Mastrorilli, E., Pretto, T., Tata, A., Piro, R., Arcangeli, G., & Biancotto, G. (2022). New
strategies for the differentiation of fresh and frozen/thawed fish: Non-targeted metabolomics
by LC-HRMS (part B). Food Control, 132, 108461.

Stiles, B., Kagan, A., Lahr, H., Pullekines, E., & Walsh, A. (2013, August). Why you may be paying
too much for your fish Americans are Eating More Seafood [Oceana.org]. Seafood Sticker
Shock. https://oceana.org/reports/seafood-sticker-shock-why-you-may-be-paying-too-much-
your-fish

Syamaladevi, Roopesh, M., Sablani, & Shyam, S. (2011). Glass transition influence on ice
recrystallization in Atlantic salmon (Salmo Salar) during frozen storage [Graduate Thesis,
Washington State University]. https://research.libraries.wsu.edu/xmlui/handle/2376/2937

Thennadil, S. N., & Martin, E. B. (2005). Empirical preprocessing methods and their impact on
NIR calibrations: a simulation study. Journal of Chemometrics: A Journal of the Chemometrics
Society, 19(2), 77-89.

Thorarinsdottir, K. A., Arason, S., Geirsdottir, M., Bogason, S. G., & Kristbergsson, K. (2002).
Changes in myofibrillar proteins during processing of salted cod (Gadus morhua) as determined
by electrophoresis and differential scanning calorimetry. Food Chemistry, 77(3), 377-385.

Uddin, M., & Okazaki, E. (2004). Classification of Fresh and Frozen-thawed Fish by Near-infrared
Spectroscopy. Journal of Food Science, 69(8), C665—C668. https://doi.org/10.1111/j.1750-
3841.2004.tb18015.x

Wang, W.-L., Chen, W.-H., Tian, H.-Y., & Liu, Y. (2018). Detection of Frozen-Thawed Cycles for

Frozen Tilapia (Oreochromis) Fillets Using Near Infrared Spectroscopy. Journal of Aquatic Food
Product Technology, 27(5), 609—618. https://doi.org/10.1080/10498850.2018.1461156

-PAGE BREAK-



