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Abstract
Fish is an essential source of protein and many nutrients necessary for the welfare of human health.
However, the deliberate mislabeling in �sh �llet types of high similarity is common in popular markets to
make use of the relatively high price difference. This, of course, is a type of explicit food adulteration.
Therefore, in the present work, spectrochemical analysis and chemometric methods have been adopted
for disclosing this type of �sh species cheating for the bene�t of the customers and the market reliability.
As a spectrochemical analytical technique, Laser-Induced Breakdown Spectroscopy (LIBS) has been
utilized to differentiate between the �llets of the low-priced Tilapia and the expensive Nile Perch.
Currently, LIBS is available for in situ measurements, namely in the markets and �sh distribution centers,
making it a distinguished method for such tasks compared to other conventional analytical methods.
Furthermore, the acquired spectroscopic data have been analyzed statistically using principal component
analysis (PCA) and arti�cial neural network (ANN). The obtained results demonstrated the potential of
using LIBS as a simple, fast, accurate, and cost-effective analytical technique combined with a proper
statistical analysis method for the decisive discrimination between �sh �llets species.

1. Introduction
Balanced nutrition is essential for optimal health. Fish is a very healthy food containing vital proteins,
fats, and vitamins necessary for good nutrition, health, and immunity 1. Moreover, it is more available and
relatively inexpensive than the other animal protein sources in various countries2. However, the �shery
products' regional price, especially �sh �llets, varies according to the type and availability of the utilized
�sh. As a result, the �sh �llet is exposed to massive modi�cations in its shape and appearance,
increasing the probability of mislabeling or substitution with the aim of cheating for illegal economic
gains3,4. Tilapia (Oreochromis niloticus) and Nile Perch (Lates niloticus) are the most common �sh �llet
types in the Egyptian market 5,6. However, due to the vast production of Tilapia in Egypt with limited
exportation to the external markets 7, its price is almost half that of the Nile Perch �llet 8. Consequently,
substituting such high-priced �sh types with the cheaper ones mostly when sold as �sh �llet is
sometimes common. Therefore, it is essential to disclose the substitution and mislabeling, mostly
deliberate, which is an actual adulteration, in the species used in �sh �llet production.

Genetic and immunological assays methods 9–13 have been used for �sh substitution detection.
However, these destructive methods are costly, time-consuming, and require special laboratories with
many samples. On the other hand, multimode hyperspectral imaging14 and spectroscopic techniques
have been widely used in pharmacology15, biology 16, and the food industry to inspect the quality and
substitution probability of their products17,18.

Laser-Induced Breakdown Spectroscopy (LIBS) is a well-known spectrochemical elemental analysis
technique that has been utilized in many biological applications since more than twenty years ago. In this
technique, Q-switched nanosecond laser pulses are focused onto the sample surface, inducing a plasma
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plume that consists of a collection of ions and swirling electrons at enormously elevated temperatures (> 
6000 K). In cooling down the plasma plume, it gets rid of the previously absorbed laser energy by
emission photons at different wavelengths. The emitted light is collected by a suitable optical system
and fed to the entrance slit of a spectrometer equipped with a light detector (mostly ICCD) for dispersion
and detection of the light spectrum.

The obtained emission spectrum includes the characteristic spectral lines of the elements present in the
plasma plume and, thus, in the sample material in the case of stoichiometric ablation, considering the
self-absorption and the matrix effect. The LIBS technique is detailed experimentally and theoretically in
many books and review papers19–21

Laser-induced breakdown spectroscopy (LIBS) is characterized by being a simple, fast, and non-
destructive method; besides, it can be used in situ via the nowadays commercially available portable or
mobile LIBS systems. LIBS has already been utilized to detect adulteration in milk22, beef 23, and butter
24, in addition to investigating meat substitution25 and red wine classi�cation 26. Furthermore, LIBS data
has been statistically analyzed using chemometric techniques such as partial least squares, arti�cial
neural networks, and principal component analysis 27–30. Recently, neural networks, as a supervised
technique, have been considered e�cient classi�ers for many non-linear problems. Therefore, it has been
signi�cantly utilized to evaluate the classi�cation rate LIBS data31.

In the present work, laser-induced breakdown spectroscopy has been employed to discriminate between
samples of commercial Tilapia and Nile Perch �llets. Moreover, LIBS has also been used to test the
difference in tenderness between the two types of �sh �llets. The spectroscopic data has been validated
via conventional analysis of the investigated �sh �llet samples. In addition, the chemometric PCA and
ANN methods were exploited to analyze the obtained spectroscopic results statistically.

2. Materials & Methods

2.1 Sample collection and preparation
One hundred �sh �llet samples (50 from each �sh species) have been purchased from different
commercial marketplaces in the vicinity of Cairo University. Fillets have been collected from various
�shes of the same species to have independent samples. Each sample weighs approximately 100–120 g
of muscle tissue. There are no treatments processes applied to the specimens before performing the
experimental measurements. The sample's transportation to the laboratory took about 60 min.

2.2 Laser-Induced Breakdown Spectroscopy (LIBS)
A standard LIBS setup has been used in the current work in which a Q-switched Nd: YAG laser (Brio,
Quantel, France) produces laser pulses of 50 mJ/pulse at a wavelength λ = 1064 nm of pulse width 5 ns
and repetition rate of 20 Hz. The laser pulses have been focused in the air under atmospheric pressure
onto the sample's surface using a 10 cm focal length plano-convex quartz lens. An x-y micrometric
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translational stage was used to control the sample holder's position in front of the focused laser beam. A
2-m length fused silica optical �ber having 600 µm core diameter was used to collect the light emitted
from the laser-induced plasma. The collected light is fed to the entrance slit of an echelle spectrometer
(Mechelle 7500, Multichannel, Sweden) coupled to an ICCD camera as a detector (DiCAM-Pro, PCO,
Computer optics-Germany). Accumulated 50 spectra were collected from 10 laser shots on each of 5 new
spots separated by 1 mm on the same �sh �llet specimen to compensate for any surface inhomogeneity
in the sample. Emission spectra treatment and identi�cation of the spectral lines have been performed by
the commercial software LIBS++. A detailed description of the used LIBS instrumentations is given
elsewhere32.

2.3 Laboratory determination of total protein and total Fats:
The �sh �llets samples total protein and fat have been estimated using a conventional meat analyzer
(food Scan TM Pro meat analyzer, Foss Analytical A/S, Model 78810, Denmark) at the Faculty of
Agriculture's science park center, Cairo University. The automated system gave the percentage of the total
protein, the fats, and the average in each Tilapia and Nile Perch �llets sample.

2.4 Statistical analysis

2.4.1 Principle component analysis (PCA)
PCA has been chosen as a multivariate statistical analysis method to reduce the dimensionality of the
data set and retain as much information as possible. PCA, therefore, simpli�es the visualization of the
distribution of samples, the observation of outliers' spectra and reduces the variables. Thus, score plots
elucidate similar, dissimilar, typical, or outlier data sets. Moreover, loading plots were used to indicate the
origin of the principal components' spectral information enclosed. To construct the principal components,
the �rst principal component (PC1) explains the maximum available variance, while the second principal
component (PC2) represents the following highest variance, and so on. In this work, the spectroscopic
data were analyzed statistically via PCA via the commercial software (OriginPro 2018 (64-bit) SR1 b9.5).
The �fty LIBS spectra of the two types of �sh �llet samples were used in the PCA analysis.

2.4.2 Arti�cial Neural Network (ANN)
Pattern Recognition Neural Networks (PRNN) are feed-forward networks trained to classify inputs
according to target classes. In the current implementation, the obtained LIBS spectra have been used as
the input of the PRNN, with two outputs (1 or 0) for tilapia or Nile perch �llet samples, respectively.
Additionally, the scaled conjugate gradient (SCG) algorithm has been used for training the neural
network33. In the Matlab platform, the network training function named "trainscg" has been used to
update the weight and bias values based on the SCG method34.

Due to the spectral lines' large number in the LIBS spectrum, the PCA technique minimizes the spectra'
dimensions. Furthermore, optimizing the input variable simpli�es the NN model and increases its
accuracy. Therefore, two NN models have been constructed; the �rst model has been fed with the whole
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spectra pixels (28207 input variable). The other model used a speci�c spectral range (from 300 to 500
nm) as recommended from the PCA results. 50 LIBS spectra for each �sh species (Tilapia and Nile Perch)
have been utilized to construct the network. The input data sets have been randomly divided into
percentages of 70%, 15%, and 15% for training, validation, and test; such a ratio is appropriate for the
relatively small dimensional datasets 35. The construction of the two models is illustrated in Fig. 1.

The utilized NN models have been initially implemented using 10 neurons in the hidden layer. Then, a
different number of neurons have been tested, 10, 15, 20, using the validation set to get the best
performance36.

3. Results And Discussion

3.1 Evaluation of LIBS spectra
Figure 2(a) shows the LIBS spectra of Nile Perch and Tilapia �sh �llet. Each spectrum is an average of 50
spectra for every species. It is evident from the �gure that there is a signi�cant difference between the two
�sh types' spectra, especially in the CN spectral band around 386 nm. Moreover, the carbon line at 247.8
nm and the molecular carbon band C2 at 516 nm show up clearly in the case of the Tilapia spectrum,
contrary to that of the Nile Perch. The Fe and Mg spectral lines' intensity difference could also
discriminate among the two �sh �llet species. 

Two primary mechanisms lead to the formation of CN and C2 spectral bands; the �rst is the
recombination of the molecular carbon present in the fatty acids in the �sh �llet tissues with the nitrogen
from the amino acids in the same tissues or ambient air. On the other hand, fragmentation is essential for
producing C2 in the molecules comprising double bonds carbon (the fatty acids) 37,38. Thus, the direct
ablation of native CN and C2 molecules from the �llet tissue samples represent the second mechanism
39,40. In this way, LIBS could be exploited to evaluate fats in the �sh �llet samples by detecting CN and C2

spectral bands in such samples' emission spectra, as illustrated in Fig. 3. 

The error bars represent the standard deviation of the experimental data of each group.

As shown in Fig. 2(b), the high intensity of the CN band in the LIBS spectrum of the Tilapia (The upper
graph) re�ects its high-fat content compared to the Nile Perch samples. Similarly, the C2 spectral band's
intensities and the strong atomic line of carbon at 247.8 nm shown in Fig. 2 (The middle and lower
graphs) con�rm the same results.

LIBS results cannot discriminate between different types of fats, but they can help evaluate the total fats
in different �sh samples. For example, Yvon G. et al.41 found a clear relationship between C2 emission
from the plasma and the concentration of saturated fatty acids in the oil via LIBS. Therefore, the �sh �llet
samples' total protein and fats content have been estimated conventionally using a classical meat
analyzer to con�rm the LIBS results as presented in Fig. 3.
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The results presented in Fig. 4 show that fat content in Nile Perch samples is much less than that in
Tilapia. However, protein percentage is almost the same in both �sh species. Such analysis results agree
with the LIBS results where the intensity of the CN and C2 spectral bands and the carbon atomic line at
247.8 nm in the LIBS spectra are higher in the Tilapia samples than in Nile Perch. Fatty acids, as
mentioned before, are the primary origin of the spectral bands of the molecular cyanide and carbon
bands, besides the atomic carbon spectral line.

Meat tissue tenderness and softness differ for different species of �sh �llet. As in the hardness of solids,
�sh �llets' tenderness can be estimated spectroscopically from the ratio of ionic to atomic spectral lines
intensities in the relevant LIBS spectra. Accordingly, the magnesium and iron spectral lines in the LIBS
spectra of the �sh �llet samples have been used to estimate the tenderness of the two �sh types' tissue.
The bar graphs in Fig. 3 show the values of the ratio MgII/MgI and FeII/FeI obtained for the different �sh
samples spices, Nile Perch and Tilapia. This �gure depicts that the intensity ratio of Tilapia spectral lines
is less, which means this �sh type's tenderness is higher than the other type. Hence, these results can
justify the above �ndings, which indicated the higher fat content of the Tilapia compared to the Nile
Perch, which makes its texture tenderer.

It is worth mentioning that freezing and thawing affect the sensory pro�le negatively and, therefore, the
quality of �sh �llets through the formation of ice crystals reducing tenderness and reduced water holding
capacity, which is the case for the imported Nile Perch contrary to the locally provided Tilapia42,43.

3.2 PCA of LIBS Spectra
It is well-known that PCA, as a chemometric method, can be used to convert high-dimensional
multivariate LIBS data to be evaluated on a low-dimensional scale. PCA has been applied frequently in
food analysis during the last two decades44. PCA was exploited in the discrimination between NILE Perch
and Tilapia �sh �llet by analyzing their LIBS spectra in the present work. The multivariate statistical
analysis results via the PCA are depicted in Fig. 6. PCA analysis was performed for the whole wavelength
range of the LIBS spectra from 200 to 900 nm. As mentioned before, �fty replicates were analyzed for
each sample species. Therefore, the spectra of all the �fty replicates were used in the PCA analysis.
Figure 4(a) shows that the samples were well-separated into two groups in the obtained score plot. The
�rst two principal components, PC1, and PC2, were chosen considering their highest cumulative variance.
The �rst two PCs' score plots for the whole spectral range (200–900 nm) provided excellent
discrimination between Nile Perch and Tilapia, explaining 92.7% of the total variance. The �rst and
second PCs captured 90.1% and 2.6% of the variance, respectively. The obtained score plot shows the
PCA method's potential in classifying the LIBS spectra of the two �sh types under investigation.

Figure 3(b) depicts the corresponding loadings plots of 230 to 650 nm spectral range. In the upper graph,
it is clear that the spectral features of C, CN, and C2 are in the positive sector of PC2, contributing to
Tilapia, as shown in Fig. 4(a). On the other hand, Fe, Mg, Ca, and Na lines are present in the positive
sector of PC1, con�rming the obtained Nile Tilapia results in Fig. 4(b). Ca and Na lines show up in the
negative sector of PC2, too, con�rming the part of the corresponding score plot of the Nile Perch.
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3.3 Arti�cial Neural Network (ANN) results
The accuracy rate of the constructed ANN models is presented in Table 1. As depicted in the table, when
using the LIBS spectrum's whole spectral lines as input variables for the ANN, the abstained accuracy rate
was 100%, 93.3%, 80%, and 96% for training, validation, test, and all data sets respectively. While all data
sets accuracy rate increased to 98% upon using the optimized input variables with the same number of
neurons.

 
Table 1

ANN implantations result at different input variables and the number of neurons
Spectral range Number of neurons Accuracy rate

Training Validation Test All

Whole spectrum 10 100% 93.3% 80% 96%

From 300 to 500 nm 10 100% 93.3% 93.3% 98%

From 300 to 500 nm 15 100% 100% 93.3% 99%

From 300 to 500 nm 20 100% 100% 100% 100%

Optimizing the number of neurons in the ANN model's hidden layer increases the accuracy rate
signi�cantly to 100% using 20 neurons. A sample of the error histogram obtained from the implemented
NN models is presented in Fig. 5. The error shows the difference between the desired and the real output
produced by the network. The "Instances" in the �gure refers to the number of training, validation, and test
sets samples. It is clear from the �gure that the �tting data errors are distributed near the zero-error region,
verifying the good performance of the implemented network.

4. Conclusions
LIBS has been utilized to disclose adulteration of similar �sh �llets from the low-priced Tilapia and the
high-priced Nile Perch. The obtained spectra of the two �sh types showed a pronounced difference
re�ecting the high-fat content in the Tilapia compared to the Nile Perch by the appearance of high CN, C2

bands, and atomic line at 247.8 nm in the Tilapia spectrum. The high-fat content in Tilapia has been
con�rmed by the conventional analysis of the samples using a classical meat analyzer. Moreover, the
ionic to the atomic ratio of the Fe and Mg spectral lines in both �sh �llets samples depicted the high
tenderness of the Tilapia. The obtained spectra have been evaluated using PCA and ANN methods.
Excellent discrimination has been achieved in the PCA score plot between Tilapia and Nile Perch. The
implemented ANN classi�cation accuracy rates reach 100% upon using LIBES spectral range (300–500
nm) with 20 hidden neurons. For the �rst time, to the best of our knowledge, this work demonstrates the
potential of using the commercially available compact and portable LIBS systems with the proper
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chemometric method for disclosing adulteration of looking similar �sh �llets species. These
measurements could be performed in situ, namely in markets and �sh distribution centers.
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Figures

Figure 1

The Implemented Neural Network Models, (a) using the whole LIBS spectrum, (b) using LIBS spectrum
from 300 to 500 nm only 
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Figure 2

(a) LIBS spectra of Nile Perch and Tilapia �sh samples. (b) Comparison between the violet CN band
(upper), the Swan C2 band (middle), and C 247.8 nm atomic line (lower) in Tilapia and Nile Perch �sh
samples.
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Figure 3

(a) A bar graph for the percentage of protein and fats in Nile Perch and Tilapia. The error bars represent
the standard deviation of the experimental data of each group (b) LIBS intensity ratios of ionic to atomic
spectral lines of Magnesium and Iron in Tilapia and Nile perch �sh samples. 
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Figure 4

(a) PCA score plot based on LIBS spectra. (b) PCA loadings plots PC1 vs. PC2
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Figure 5

Error histogram for one of the ANN executions. 


