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Abstract: Fishing has provided mankind with a protein-rich source of food and labor, allowing for
the development of an important industry, which has led to the overexploitation of most targeted
fish species. The sustainable management of these natural resources requires effective control of
fish landings and, therefore, an accurate calculation of fishing quotas. This work proposes a deep
learning-based spatial-spectral method to classify five pelagic species of interest for the Chilean
fishing industry, including the targeted Engraulis ringens, Merluccius gayi, and Strangomera bentincki
and non-targeted Normanichthtys crockeri and Stromateus stellatus fish species. This proof-of-concept
method is composed of two channels of a convolutional neural network (CNN) architecture that
processes the Red—Green—Blue (RGB) images and the visible and near-infrared (VIS-NIR) reflectance
spectra of each species. The classification results of the CNN model achieved over 94% in all
performance metrics, outperforming other state-of-the-art techniques. These results support the
potential use of the proposed method to automatically monitor fish landings and, therefore, ensure
compliance with the established fishing quotas.

Keywords: deep learning; fish; hyperspectral imaging; image processing; machine learning; VIS-NIR

1. Introduction

Fish have long been a crucial source of protein for human consumption. Unfortu-
nately, poor management has led to the overexploitation of most targeted fish species and
endangered the remaining ones [1]. The last monitoring report of the Food and Agriculture
Organization (FAO) stated that, in the last 40 years, the percentage of marine fish stocks
fished within biologically sustainable levels has decreased by 25%, while stocks fished at
biologically unsustainable levels have increased by 20% [2]. Furthermore, it is recognized
that 33% of fish stocks that are currently being overfished will not be recovered in the short
term [2]. In Chile, as in many developing and underdeveloped countries, the overfishing
problem is exacerbated by illegal fishing and the limited control of fish landings due to a
lack of manpower and technology [3].

The sustainable management of fishing stocks has proved to be challenging, and it
is a multivariate problem [4]. Researchers and the FAO agree that in order to achieve
sustainable fishing, developed countries must support developing nations in policymaking
and coordination and in deploying advanced management and control technologies [2,5].
Countries have made progress conserving and managing fish stocks; however, the current
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control measures for fish exploitation are input and out controls. Input control mechanisms
take the form of restrictions or closures of areas, while output controls are typically enforced
as catch quotas [4]. This paper focuses on contributing to the catch quota control stage to
provide a modern digital classification method.

One of the underlying problems of controlling catch quotas is the accurate identifica-
tion of the fish landed [6]. Without a fishing officer, by-catch is usually reported instead of
the under-quote specie. This leads to underestimating the targeted fish quota and, therefore,
imprecise biomass estimations [4]. Fish identification is challenging due to the diversity of
fish species and the large volume of fish landed. The Chilean authority, Servicio Nacional
de Pesca y Acuicultura (SERNAPESCA), is not capable of monitoring more than 5% of the
fish landed (by biomass), and no more than 20% of the landings are inspected on-site [7].
Thus, the remaining uncontrolled volume must be reported by fishermen. SERNAPESCA
argues that the actual fishing is misreported and estimates that approximately 60% of
the reported volume corresponds to illegal fishing [7]. Second, during catch controls, the
species classification is carried out by officers using “folk taxonomy”, i.e., officers judge
similarities among species based on sight and experience [8]. Therefore, classification
relies heavily on the level of expertise of the officers. Further errors are introduced, such
as biases, calculations, and transcription errors, as they are typed by hand and in situ.
Furthermore, the limited evidence could be further questioned by the fisherman. All of
these error sources have had a negative impact on the control measures taken by authorities
for managing fisheries.

Because the control process of pelagic fish species in Chile uses no digital technology
at all, SERNAPESCA states in its strategic roadmap that introducing digital technology
would greatly assist their efforts for the recovery and management of threatened and
endangered fish stocks [9,10].

Based on the above, this paper presents a Deep Learning (DL)-based classification
method for automatically controlling catch quotas in Chilean pelagic fisheries. This method
is a proof-of-concept to deliver a future production method for assisting SERNAPESCA’s
catch control processes. The proposed method classifies five different pelagic fish species,
differing in size, shape, and color, but all of which are of economic interest for both
the Chilean authorities and the fishing industry: Engraulis ringens, Merluccius gayi, Nor-
manichthtys crockeri, Stromateus stellatus, and Strangomera bentincki [11].

We hypothesize that spectral reflectance signatures are species-specific based on ex-
ternal differences in shape, color, scales, and mucus (spatial and structural morphology).
Therefore, they could be used to develop a highly accurate discrimination method. The
necessity of including spectral signatures and developing fish classification systems in-
corporating spectral information arises from many fish species having similar physical
appearance in terms of size, shape, and texture. We collected Hyperspectral (HS) cubes in
the Visible and Near-Infrared (VIS-NIR) spectral bands and created a database containing
5000 images. The hypercubes were processed and labeled to render Red—Green—Blue (RGB)
images and reflectance spectra for each species. We then designed a novel two-channel
DL architecture to classify pelagic fish species. The first channel, termed “the spatial chan-
nel”, uses a four-layer, two-dimensional Convolutional Neural Network (CNN) to analyze
the RGB images and extracts spatial classification features. The second channel, termed
“the spectral channel”, uses a four-layer, one-dimensional CNN and processes averaged
reflectance spectra to extract wavelength-dependent classification features. Next, the de-
signed architecture combines the features from each channel using dimension reduction
techniques and ultimately produces a classification function. The DL-based classification
method in a laboratory environment with controlled illumination conditions achieved an
average classification Accuracy (ACC) of 94.26%. For comparison, we also developed clas-
sifiers based on state-of-the-art techniques such as using Support Vector Machine (SVM),
Histogram of Oriented Gradients (HOG)-based features, and spatial (pixels-based features)
and spectral information. These models were outperformed by the DL-based spatial-
spectral classification method, with values being between 6% and 36% higher when the
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average classification ACC was used as a comparison metric. These results show the ability
of the CNN to extract representative patterns from the images, especially when considering
the spectral information of the fish, thus allowing us to discriminate between species that
may be physically similar but belong to different classes. Taking the above into account,
the main contributions of this study are:

* A database of spectral signatures of several fish species;
* A spatial-spectral classification method for the automatic identification of pelagic species

The rest of this paper is organized as follows. Section 2 briefly explores related studies.
Section 3 describes the fish sample preparation and main characteristics of the hyperspectral
imaging system, the pre-processing of information gathered by the acquisition system, and
the design of the classifiers of fish species. Section 4 presents the results of the classification
method. Finally, Section 5 states the main conclusions and delineates future directions.

2. Related Work

The most relevant scientific and technical work directly related to this paper has been
compiled in [12].

The automatic classification of fish species has been carried out, depending on the
application’s needs, under special laboratory conditions or in the fish’s natural environment.
In the laboratory, analyses of fish behavior for certain species have been reported; in the
field, techniques for estimating fish quotas have been investigated [13,14]. Spampinato et al.
proposed a classification system for recognizing a wide variety of deep-sea fish species [15].
The classification system used a combination of morphological characteristics, such as
shape and texture. These features were engineered to be invariant to transformations.
Images were then taken in the natural environment of the species of interest, wherein
the swimming trajectories were extracted and studied to analyze the behavior of the fish
species. Hu et al. presented a novel method for classifying fish species based on color
and texture characteristics [16]. By employing an SVM technique, they remotely classified
species and reported fish diseases in rural aquaculture farms in China. Interestingly, fish
images were acquired using smartphones, and data processing was conducted at remote
centers in a manner resembling a cloud computing environment.

White et al. proposed a computer vision method sped up using specialized hardware
to distinguish certain fish species and determine their length in real time [17]. To accomplish
this, fish orientations had to be determined first with high precision by using the method
of the moments. Next, species were identified using morphological characteristics, such
as flat or round shapes. Pixel calibration was used to compute the length of each fish.
Storbeck and Daan developed a fish species recognition system based on computer vision
techniques and neural network models [18]. The vision system measured several fish
features, including the width and height at various locations along the fish bodies. Such a
system could distinguish samples of new fish species moving on a conveyor belt.

Most vision systems have so far focused on the visible part of the electromagnetic
spectrum. These systems use off-the-shelf digital cameras to acquire images, sometimes
neglecting the characteristics of the fish that can be evaluated in other spectral bands. We
claim that the new Hyperspectral Imaging (HSI) techniques, which combine traditional
optical spectroscopy and computer vision, may obtain valuable spectral and spatial in-
formation, allowing for accurate fish species discrimination [19,20]. To the best of our
knowledge, some recently developed applications in aquaculture and fishing using HSI
are related to the analysis and evaluation of fish quality. Among them, we have found in
the literature parasite detection systems for measuring the physical properties of fish, as
well as discrimination systems for fish freshness [20—22]. Our group has also developed
fish classifiers based on SVM and Near-Infrared (NIR) HSI [23].

Novel data science techniques have also been used for fish classification. For exam-
ple, from a database known as Fish4Knowledge, different works have been proposed for
classifying fish species [24,25]. This database contains images of 20+ fish species inside
an aquarium. Similar to the Fish4Knowledge database, the Nature Conservancy Fisheries
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Monitoring, in conjunction with the Kaggle community, have launched a contest to develop
algorithms for automatically detecting and classifying sport fishing species such as albacore,
bigeye tuna, yellowfin tuna, mahi-mahi, opah, sharks, and other species [26]. Due to the
availability of these types of databases and the improvements in computational processing,
algorithms based on DL have been developed to classify fish species. In this sense, algo-
rithms based on CNNs allow for the automatic extraction of complex patterns from images,
such as those based on appearance (textures and colors among others) and those based
on geometry (length and fins among others) [27,28]. Some works have demonstrated that
combining spatial and spectral information improves image classification tasks by find-
ing relationships between the spectral signatures and pixels, even under high-dimension
problems, and the improvement is accomplished using fewer training examples [29,30].

3. Materials and Methods
3.1. Sample Preparation: Pelagic Fish

Samples of five different pelagic fish species freshly caught by fishermen in the Bio-Bio
region were provided by SERNAPESCA officers. Typically, fishing vessels left for fishing
grounds just after midnight, hauling/trawling until early morning and returning to shore
the following day. Fishing officers collected the pelagic species and delivered them to the
Laboratorio de Fisiologia Animal Comparada (Comparative Animal Physiology Lab) at the
Universidad de Concecpién (UdeC). Our experiments considered freshly caught samples
of the following Chilean pelagic species: Engraulis ringens, Merluccius gayi, Normanichthys
crockeri, Stromateus stellatus, and Strangomera bentincki. Table 1 shows the number of samples
per species.

Table 1. The scientific names and number of samples for each pelagic fish species considered in

this work.
Species Image Provided Augmented Number of
P & Samples Samples Samples
Engraulis ringens
(Anchoveta) 58 942 1000
Merluccius gayi
(Merluza) 75 925 1000
Normanichthys
crockeri (Mote) 341 659 1000
Stromateus
stellatus 42 958 1000
(Pampanito)
Strangomera
bentincki o 128 872 1000
(Sardina)
Total number of 5000

samples

Fish species were labeled, and the wet mass, length, species ID, and measurement
day were recorded. Fish samples were gently washed with filtered (300 um) seawater to
withdraw any residual impurities on the external surface, thus potentially altering skin
hyperspectral behavior.

3.2. Hyperspectral Imaging Setup and Acquisition

The fish samples were scanned by employing a RESONON Benchtop System for
reflectance measurements, consisting of a hyperspectral camera, a 4-fixed halogen lighting
assembly illuminating from the top, a horizontally moving platform, and a computer, as
shown in Figure 1. A hyperspectral camera Pika L model with 281 VIS-NIR channels in the
range of 400-1000 nm, 2.1 nm of spectral resolution (FWHM), 900 spatial pixels per line, and
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an acquisition speed of 100 frames per second was used. The hyperspectral camera and the
translation stage were controlled using a laptop with proprietary software ( SpectrononPro
Version 3.4.11, RESONON, Bozeman, MT, USA) to generate hyperspectral image cubes of
each fish. The moving platform was set to scan fish samples at 1.55 cm/s.

Hyperspectral images were collected on the same day samples arrived, and only fish
in good condition were used to collect HSI data. Fish missing scales, fins, or those having
any external damage were excluded from the analysis. Fish samples were placed on a
Teflon board that moved under the hyperspectral camera during scanning, as shown in
Figure 1. The lighting assembly and hyperspectral camera were positioned at 22 cm and
59 cm above the sample board, respectively.

Figure 1. Setup of the hyperspectral imaging system for reflectance measurements. Note that the
moving platform is indicated by the red arrows.

3.3. Data Prepossessing

Hyperspectral images are rich in spatial and spectral information that can be exploited
by feeding them to a classification method. Our data show that each fish species exhibited
a species-specific spectral and spatial signature, regardless of fish size within each species.
The procedures used to generate spectral signatures and RGB images from the hyperspectral
images were as follows.

3.3.1. Extraction of Spectral Signatures

The collected fish hypercubes were calibrated to reflectance values in the range of [0,1]
using a Spectralon® diffuse reflectance standard with a typical reflectance value of 99%.
The calibration procedure consists of capturing a hyperspectral frame of the reflectance
standard and using it to normalize the intensities of the fish hyperspectral images. Let
AW(i, j) be the intensity (digital counts) of a fish hyperspectral image at the ij-th spatial
pixel coordinates and wavelength A; the corresponding calibrated reflectance hyperspectral
image, S\ (i, ), is computed as:

M)y = 20
sM(i,j) = "=, 1)
where RW) is the intensity (digital counts) of the reflectance standard hyperspectral frame
at wavelength A.
The calibrated hypercubes are then further processed to isolate every fish in the image
via the 2-step segmentation procedure depicted in Figure 2. In this work, the whole fish
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Rol was employed for extracting the fish spectral reflectance features to ensure that the
resulting reflectance curve captured all spectral information of each fish sample. First, at
a high-contrast wavelength A;, a binary mask was generated for each fish in the image
(the masks were constrained to red boxes); second, each single fish image was extracted
by superimposing the masks onto the original image and cropping the area out of the box.
This last step was then repeated through all the remaining wavelengths of the hypercube.
The resulting hyperspectral fish images were then used to determine the reflectance curves
of each fish.

= T

- il
= i - -

=

Figure 2. Sample separation from an image of a set of fish.

The reflectance curve describes the percentage of light that the fish skin reflects at
each wavelength. The reflectance curves represent the so-called spectral features or optical
fingerprints specific to an object of interest.

Let K be the total number of samples of a single fish species; then, the spatial average
reflectance of the k-th fish sample is computed as:

1 ¥

i B L) @
wherei = 1,...,N,j = 1,...,M,A = Aq,..., A, and k = 1,...,K. Figure 3 shows
the average reflectance curves of the five species under study. These species-specific
spectral signatures are considered a differentiating feature in training the classifiers. From
examining Figure 3 it is intuitive to identify key features in the curves, such as valleys,
peaks, slopes, and plateaus. It is important to indicate that we did not use the mean
reflectance of the fish Region of Interest (Rol) to recognize species due to reflectance
variation within fish samples belonging to the same species and the similar reflectance
curves of different species.

To develop our classification models, we defined the spectral signatures for each
species as the spatial average of the hyperspectral images over an Rol. Some pixels are
randomly selected to define one or more Rols in the segmented image, as depicted in
Figure 4. The randomly generated Rols are not necessarily contiguous. Let us decompose a

5K(A) =

single hypercube into R Rols, with each one of them containing P pixels. Let ng ) (A) be the
reflectance of the p-th pixel in the r-th Rol. Then, the average spectral signature of the r-th
Rol is computed as:

1 & )
Z,(A) = P ler (A), ®)
=

wherer =1,...,R,p=1,...,P,and A = Aq,. ..,/\Lé. This procedure yields a set of R
spectral signatures associated with the sample, and the spectral dimensions are reduced to
L. < L.. Therefore, the spectral signatures of a single fish sample conform to an array of
dimensions R x L.
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Figure 3. Whole-body average reflectance curves of the five species studied.
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Figure 4. Extraction of average spectral signatures from a single fish hypercube. Note that the random
points of the Rols are indicated by numbers in the fish image.

3.3.2. Extraction of RGB Images

Color RGB images were generated from the hyperspectral images by applying a
method based on emulating the spectral sensitivity of an RGB camera, as illustrated in
Figure 5. For this purpose, we employed the spectral sensitivity function of a Canon 1D
Mark III camera as reported in the database provided by [31]. Particularly, the spectral
sensitivity function of this camera model is described in 33 channels of 10 nm FWHM over
the 400-720 nm range. In our RGB image extraction method, the relationship between the
spectral sensitivity of the RGB camera and the RGB channels can be represented as a matrix
with the dimensions Lrgp X RGB, where Lrgp corresponds to the spectral dimensions
that integrate the 3 RGB channels and RGB represents the resulting red, green, and blue
channels, respectively. Hyperspectral images were converted to RGB images as follows.
First, the hyperspectral image of the dimensions N x M X L. is reordered into a matrix of
dimensions NM x L. Second, a projection matrix of dimensions L. X Lrgp is employed to
match the spectral dimensions of the hyperspectral system with the spectral dimensions
of the RGB camera spectral sensitivity. This projection matrix averages the hyperspectral
system output at all wavelengths A, in the intervals [Argp(i), Argp(i + 1)] and is used to
describe the spectral sensitivity of the RGB camera. In this manner, the projection matrix
averages the hyperspectral channels A. (281 channels, 2.1 nm FWHM) over the 33 channels
(400-720 nm, 10 nm FWHM) of the RGB camera model. Finally, the RGB image is formed
by (i) performing a matrix multiplication between the reordered hyperspectral image, the
projection matrix, and the matrix of spectral sensitivity vs. RGB; and (ii) reordering the
result. At the end of this stage, RGB images of 1070 x 260 pixels resolution in each R, G,
and B channel were generated.
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Figure 5. Generation of RGB images from the fish hypercubes.

3.4. Design of Classifiers for Pelagic Fish Species

A DL-based classification method was designed to automatically discriminate five dif-
ferent species of Chilean pelagic fishes. The RGB images and spectral signatures extracted
from the hyperspectral images were input into a CNN. Three models of this network were
evaluated, considering the following inputs: (i) RGB images; (ii) spectral signatures; and
(iii) both RGB images and spectral signatures. In all cases, the network can automatically
extract relevant features from the input data using convolution operations on the different
input data. These features are used to classify the different fish species, as schematically
shown in Figure 6. Specifically, we considered typical feature extraction steps for spatial and
spectral channels composed of two convolutional layers, each of which were followed by an
activation and pooling layer. We considered the widely used activation function Rectified
Linear Unit (ReLU) to introduce nonlinearity and a max pooling method because it does not
require tuning parameters. The spatial channel learns and automatically extracts morphologi-
cal features from the fish RGB images, obtaining a vector of 65,536 features. In this sense, the
initial CNN layers automatically allow for extraction of simple features (e.g., basic edges
and shapes) from the RGB images, while the later layers learn complex features [32]. On
the other hand, the spectral channel learns and automatically extracts attributes from the
average reflectance spectra of the fish, resulting in a vector of 100 features. Finally, the
features extracted from the two channels are combined in a regular dense multilayer neural
network to perform the multi-class classification using a softmax function.

3.4.1. Data Augmentation for Improving Classification

The training of a CNN requires many samples, which is difficult to achieve in practice.
To overcome this limitation, we augmented the spectral data of each fish hypercube by
extracting the reflectance curves of various random Rols as described in Section 3.3.1. Also,
we augmented the spatial data by randomly reorienting and rescaling the fish RGB images
as described below. Note that the original RGB images, i.e., the result directly obtained by
imaging the fish, have a dimension of 1070 x 260 x 3 pixels before rescaling (see Figure 7a).

Before augmenting the spatial data, the images are all rescaled to a size of 256 x 256 pixels,
and the background is replaced by a white one. In this sense, we considered a typical value
of 256 to reduce the dimensions of the original images, keeping a uniform size and reducing
the model complexity for the training of the classifiers [33-36]. The fish was rotated, trans-
lated, and randomly flipped to perform data augmentation. Thus, we aimed to increase
the number and variety of the samples, keeping the class distribution balanced [37,38].
Additionally, data augmentation allows models to learn the intrinsic features of the images,
regardless of the transformations involved, for better model generalization [38,39].
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Figure 6. Architecture of CNN for the classification of pelagic species. The CNN has two input
channels that independently extract features from the spatial and spectral channels (input data). The
dimension flow of the CNN network is also provided in bold text.

Figure 7a shows an example image of Engraulis ringens, Figure 7b shows the resulting
image after rescaling and background subtraction, and Figure 7c shows an example of an
augmented image, which is acquired after performing a flip followed by a rotation and
translation operation.

(a)

< |

(b) (€)

Figure 7. Example of image data augmentation for Engraulis ringens. (a) Original: 1070 x 260 x 3 pixels.
(b) Rescaling: 256 x 256 x 3 pixels. (c) Final image: 256 x 256 x 3 pixels.
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As mentioned above, the spectral signatures are augmented by generating different
Rols over an image to spatially average the reflectance associated with different zones of
the fish. In this way, the resulting spectral signature is a good representation of the whole
sample. Figure 8a,b show the spectral signatures of the same fish sample after generating
two different sets of Rols for performing the spatial averages.

Spectral signatures

0.7
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(@)
Spectral signatures
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3
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0.45 ‘ | ‘ .
400 500 600 700 800 900
Wavelength [nm]
(b)

Figure 8. Example of spectral data augmentation for Engraulis ringens. (a,b) Spectral signatures
(average reflectance) using two different sets of Rols, respectively.

Finally, at the end of this stage, a total number of 1000 images per class were obtained,
as shown in Table 1.

3.4.2. Convolutional Neural Network (CNN)

The proposed CNN automatically extracts key features from both the spatial (RGB
images) and the spectral channel (curves of spectral signatures) independently, then con-
catenates these relevant features into a single feature vector that is used as an input to the
classification stage, which is shown in Figure 6 [40]. Note that each input is evaluated
independently and in combination, i.e., by using the spatial and spectral channels [41-43].

In a practical way, the network architecture is inspired by a simpler acquisition system
composed of an RGB camera and a spectrometer, both of which deliver the input data to a
classification method. This approach was employed because the hyperspectral data is large
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and redundant. By using this type of simpler architecture, the dimensions of the input
data are reduced by the rescaling operations and extraction of spectral signatures from a
subset of all available wavelengths. Also, this approach directly benefits the training of
the CNN as the training time significantly decreases by reducing the dimensions of the
input tensors. Each convolutional layer of the proposed architecture has a subsequent
batch normalization stage and an ReLU activation layer. Also, after each MaxPooling
stage, there are DropOut layers with a 0.25 probability [44]. After feature extraction, a fully
connected network with a softmax layer was used to classify the images. Finally, we trained
the network, considering the following hyperparameters: 4000 epochs, batch size = 32,
50 epochs for early stopping to avoid overfitting, considering 33% of the training data for
validation, and Stochastic Gradient Descent (SGD) algorithm (learning rate = 0.05) [41-43].
Thus, the CNN network will evaluate and stop its training in a maximum of 4000 epochs if
the validation error does not decrease in 50 consecutive epochs to avoid overfitting.

3.4.3. Performance Evaluation

The training and testing of the classifiers were performed using a 5-fold cross-validation
procedure to finally average the performance metrics [45]. During each of the five itera-
tions of the cross-validation, 4000 data points were used to train the classifiers, while the
remaining 1000 were used for performance evaluation purposes. Thus, it is possible to
evaluate multiple times (k-fold) the generalization error of the classifiers on data not seen
during the training stage [46]. This method also allows for a more detailed evaluation of the
goodness-of-fit as opposed to a single evaluation, as when using the holdout technique (e.g.,
66% for training and 34% for testing) [47]. The performance metrics selected for studying
the classification results were Accuracy (ACC), Precision (PRE), Recall (REC), and F1-value
(F1). These metrics are commonly used to assess classification algorithms’ performance. In
this sense, Accuracy specifies the number of correctly classified examples, while Precision
and Recall provide information on the number of positive predictions correctly classified
and the number of positive cases that were classified, respectively [48]. In this regard, the
F1 metric allows us to evaluate in a value the balance between Precision and Recall metrics,
especially when multi-class problems are handled. Mathematically, ACC, PRE, REC, and
F1 are defined as follows:

ACCZTP+§£1§£+FN’ @)
TP

PRE = 5 Fp’ ©)

REC = Tpiipm )

- AR

where TP and TN are the True Positives and Negatives, respectively, while FP and FN are
the False Positives and Negatives, respectively. Additionally, for each classifier, training and
testing error curves were evaluated according to the performance in terms of the number
of training examples and the Zero-One-Loss (L) metric between the predictions (y;) and the
actual classes (/) [49]:

L(yi,y}) = { 1 yi#y, ®)

0 otherwise
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4. Results and Discussion

The performance of the proposed classification method was assessed by analyzing
the impact that spectral and spatial features have on it and by comparing its performance
against an SVM classification method. A linear kernel is considered to keep the rest of the
parameters by default [50]. The performance of the SVM was studied using the total pixels
of each RGB image and the features extracted using HOG. The most important parameters
of this descriptor are the orientations, pixels per cell, and cells per block, which control
the resulting number of extracted features. In this sense, the following parameters were
considered: orientations = 8 (bins per histogram), pixels per cell = (16,16), and cells per
block = (4,4) [51,52].

Table 2 shows the overall classification results of the CNN- and SVM-based algorithms
on the test set. As noted, the performance of the CNN classification model that combines
the RGB images and spectral signatures outperformed the others, obtaining values of over
94% in all performance metrics. In the case of SVM, using spectral information improved
the performance of this classifier, especially when combined with HOG features.

Table 2. Overall classification results.

Classifier Accuracy (%)  Precision (%)  Recall (%) F1-Value (%)
CNN (Spectral) 92.90 95.11 92.90 93.99

CNN (RGB) 57.10* 55.53 * 57.10 % 56.30 *

CNN (RGB + Spectral) 94.26 95.58 94.26 94.92

SVM (Spectral) 87.10 87.13* 87.10 87.11

SVM (RGB) 57.66 * 59.02 * 57.66 * 58.33 *

SVM (RGB + Spectral) 74.94* 76.90 * 74.94* 75.91*

SVM (HOG) 62.58 * 64.52 % 62.58 * 63.54 %

SVM (HOG + Spectral) 87.68 87.71*% 87.68 87.69

* symbol denotes that statistically significant differences (p < 0.05) appeared between CNN (RGB + Spectral) and
the rest of the models (Wilcoxon signed-rank test). In the case of SVM, RGB indicates using all pixels as features.

Figure 9 shows the training and test error as the number of training examples increases,
considering the best models as indicated in Table 2. Thus, we aimed to evaluate the
classifiers’ generalization error to determine if good training was performed, avoiding
underfitting and overfitting problems; in other words, we assessed whether the models
fitted too closely to the training data or if they were too simple [53]. As expected, it is
possible to observe that in most cases, the training error curve is lower than the testing one.
In this sense, no over-fitting tendency is observed in the classifiers as the curves decrease
as the number of training samples increases. In the case of the best CNN model, although
the training error curve increases around sample 2000, it then decreases towards the end of
the curve.

Figure 10 shows the classification results of the CNN- and SVM-based algorithms for
each one of the five fish species. In most cases, the performance of CNN was better than
the rest of the SVM-based algorithms, mainly when spectral signatures were used. The best
classification performance reported by the proposed method was achieved for Merluccius
gayi. This result could be attributed to its distinctive reflectance signature (refer to Figure 3)
compared with the other fish species, especially at 600 [ nm ].
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Figure 9. Comparative results of the training and test error for the best model using each feature
type (input).
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5. Conclusions

A spatial-spectral method based on Deep Learning (DL) was developed and tested
for the classification of five different pelagic fish species that are common and intensively
fished by the Chilean fishing industry: Engraulis ringens, Merluccius gayi, Normanichthys
crockeri, Stromateus stellatus, and Strangomera bentincki. The proposed method contributes to
accurately and automatically controlling fishing quotas. Because many fish species have
similar physical appearances (e.g., size, shape, and texture), we included the VIS-NIR
reflectance signatures of the species for more accurate classification. Thus, we demon-
strated the feasibility of using spectral information on fish species of comparable size
and morphology.

Although we only used a total of 1000 images per species to generate the training and
testing datasets in this work, the proposed method achieved accuracy rates of over 94%,
outperforming the classifiers described as state of the art (refer to Table 2) with no problems
of over-fitting because the training is stopped early if necessary (refer to Figure 9). This
high performance was also seen in the classification results for each one of the classes under
study (refer to Figure 10). The high performance levels show the feasibility of implementing
this classification methodology in an industrial environment.

Future work from our research team will focus on refining our classifiers by acquiring
more images of the pelagic species included in this study and other fish species (e.g.,
the Fish4Knowledge database) along the Chilean coast. Designing a model to estimate
the size and weight of the landed fish is also desired, as it would contribute to better
fish management; however, it is heavily conditioned to solid fish size-mass curves. The
results show that developing a fully automated method capable of controlling fish landings
in a real scenario is undoubtedly feasible and much needed under our current global
over-fishing scenario.
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FAO Food and Agriculture Organization

HOG Histogram of Oriented Gradient
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NIR Near-Infrared

RGB Red-Green—Blue
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