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Abstract. In this paper, a system for aquarium family fish species identification
is proposed. It identifies eight family fish species along with 191 sub-species.
The proposed system is built using deep convolutional neural networks (CNN).
It consists of four layers, two convolutional and two fully connected layers.
A comparative result is presented against other CNN architectures such as
AlexNet and VggNet according to four parameters (number of convolution and
fully connected layers, the number of epochs in training phase to achieve 100%
accuracy, validation accuracy, and testing accuracy). Through the paper, it is
proven that the proposed system has competitive results against the other
architectures. It achieved 85.59% testing accuracy while AlexNet achieves
85.41% over untrained benchmark dataset. Moreover, the proposed system has
less trained images, less memory, less computational complexity in training,
validation, and testing phases.
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1 Introduction

Fish species observation and identification in the aquarium are considered very
informative for tourists. The aquarium is equipped with a camera and when a fish
passes in front of it, an identification system is triggered to classify the fish and display
information on the screen as illustrated in Fig. 1 and considered one of the main
motivation of this research. Also, this research area is important for academic
researchers like ocean scientists and biologists. Commercial applications like fish
farming depend on fish species observation to achieve their benefits. This involves
time-consuming and destructive measures to get physical samples and visual census.
However, these approaches are still common.

Fish species recognition is a challenging issue for research. Great challenges for
fish recognition appear in the special properties of underwater videos and images. Prior
fish recognition, researchers were limited to constrained environments before fish
recognition [1]. The focus of the most recognition research is on ground objects.
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However, there is a great demand for underwater object recognition. In the last two
decades, many machine learning and image processing algorithms have been proposed
for underwater species classification [2].

Convolution operation is famous in the computer vision and signals processing
community. The convolutional operation is frequently used by conventional computer
vision, especially for noise reduction and edge detection [3].

The idea of a Convolutional Neural Network (CNN) is not recent. In [4], CNN
achieved great results for handwritten digit recognition. However, they slowly fell out
of favor due to memory and hardware constraints, besides the lack of a large amount of
training data. They were unable to scale to much larger images. With the huge increase
in the processing power, memory size and the availability of powerful GPUs and large
datasets, it was possible to train larger and more complex models. The machine
learning Researchers had been working on learning models which included learning
and extracting features from images. This leads to the start of the first deep learning
model. AlexNet [5], Vgg-16 and Vgg-19 [6] are considered the famous deep convo-
lutional neural networks.

Deep Learning has achieved significant results and a huge improvement in visual
detection and recognition with a lot of categories [7]. Raw data images are used be deep
learning as input without the need of expert knowledge for optimization of segmen-
tation parameter or feature design.

Prior researchers do not achieve satisfying results. Firstly, most of the fish images
were under constrained conditions. Secondly, the datasets were probably small.
Thirdly, the accuracy is very unsatisfying under constrained and unconstrained
conditions.

Early methods for fish species classification were performed in controlled envi-
ronments only. In [8], dead fish samples in the laboratory were used for classifications
based on color and shape. Storbeck and Daan in [9], proposed the use of laser light for
3D modeling of fish to measure fish features like height, length, and thickness of some
species. Unconstrained classification of underwater fish is a very difficult and chal-
lenging task. The similarity in color, shape, and texture of different fish is considered

Fig. 1. The design of aquarium family fish species identification system
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another challenge in the classification of species. [9, 10] proposed two classical
methods for fish species classification in unconstrained environments, based on texture
and shape in nature.

2 Deep Convolutional Neural Networks

Deep learning is a data-driven method. Both the distinctive features and the classifier
are trained simultaneously. Deep neural networks can learn the hierarchical represen-
tation of data. Besides that, data representation is improved with the increase in the
number of layers [11].

A filter bank layer, a nonlinear transformation, and a feature pooling layer are the
main stages of feature extraction. They are very common in several object recognition
systems [12].

CNN typically consists of several layers that act as the layers mention before in
object recognition systems. The convolutional filter bank can be used for local patterns
extraction. Each convolutional layer in the CNN is followed by a nonlinearity pro-
cessing layer [13]. A nonlinear processing layer works on forming a nonlinear complex
model through capturing the nonlinearity dynamics of input data. The goal of feature
pooling layer is to decrease the resolution of feature maps [14].

3 Related Works

Training on datasets with large variations of background and objects in the images
gives the CNN ability to extract information for objects of interest based on their color,
texture, and shape. So, any visual pattern could be captured and learned easily by the
suitable network. As the number of example for specific object increases, the network
generalization capability increases. This capability of generalization gives the trained
network the ability to classify information that is not used for training [15]. AlexNet,
Vgg-16, and Vgg-19 are examples of pre-trained deep CNN. The knowledge inside
each of those deep CNN can be used by researchers for training and testing on more
datasets. Knowledge transfer of deep CNN is one of the main advantages that improve
the usability and accuracy of the deep neural [16].

3.1 Alexnet

Alexnet is considered one of the most famous high-performing deep convolution neural
networks. It has been trained on 1.2 million images. It can classify 1000 different object.
The network has nearly 60 million parameters with about 650,000 neurons [5]. Alexnet
structure consists of five convolution layers in addition to two fully connected layers.

The first layer is a convolutional layer. It filters the 224 � 224 � 3 input images
with 96 kernels. The size of each kernel is 11 � 11 � 3 with a stride of 4 pixels. After
pooling and normalizing the output of the first layer, it becomes input to the second
convolutional layer. It filters the input with 256 kernels of size 5 � 5 � 48 then applies
pooling and normalization on the output. The third layer has 384 kernels of size
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3 � 3 � 256. It takes the response of the second layer after pooling and normalization
on it. There are no pooling or normalization between the third, fourth and fifth layers.
They are connected one to another. The fourth and fifth convolutional layers have 354
kernels of size 3 � 3 � 192 and 256 kernels of size 3 � 3 � 192 respectively. The
output from the fifth layer is pooled and become input for the sixth layer. The sixth and
seventh layers consist of 4096 fully connected neurons. The last layer has 1000 fully
connected neurons.

3.2 VGG-16 and VGG-19

VGG-19 [6] is another famous example of a deep CNN. Stacks of smaller sized
convolutional filters are considered interesting features in VGG design. The use of very
small same size convolutional filters in all network layers is the unique thing in its
architecture. VGG network depth was increased by adding more convolutional layers.
The philosophy of deeper-is-better is applied in the VGG net design. One disadvantage
of these very deep networks is that they become very difficult to train [17].

4 Fish Dataset

The dataset used in this research are taken from QUT Robotics fish dataset [18]. This
dataset consists of 3,960 images and contains real-world images of fish captured in
conditions defined as “controlled”, “out-of-the-water” and “in situ.” The “controlled”
images consist of several types of fish specimens, with their fins spread, taken against a
constant background with controlled illumination. The “in situ” images are taken
underwater in the fish natural habitat with no control over background or illumination.
The “out-of-the-water” images consist of fish specimens, which are taken out of the
water with a varying background and limited control over the illumination conditions.

In this research, eight family species of fish were selected according to the avail-
ability of the captured images. The size of the images varies in width and height.
Table 1 illustrates the fish dataset description with some sub-species. Also, some
training, validation, and testing images were provided. Testing images are taken from a
different benchmark dataset LifeClef2015 [19]. LifeClef’15 dataset contains more than
20,000 images of fish divided into 15 classes of species, details of which is given in
[19]. For each species, this dataset has a different number of available images. In this
research, the same eight training classes were selected.

5 The Proposed Deep CNN System

The architecture of the deep network proposed for the aquarium family fish species
identification is introduced in detail in Figs. 2 and 3. Figure 2 illustrates an abstract
graphical representation of the proposed system, while Fig. 3 provides a detailed
architecture. The proposed system is a simple version of the AlexNet [5]. The selection
of AlexNet as it contains a minimum number of layers and accepted accuracy for
training and validation over 90%.

350 N. E. M. Khalifa et al.



The proposed new version is adapted and reduced from AlexNet to limit the
number of parameters, computational complexity (in training, validation and testing
phases), and memory. It consists of 10 layers, made up of two convolutional layers for
features extraction, followed by two fully connected layers for classification.

The first layer is the input layer. The second layer is considered the convolution
layer. The third layer, a Rectified Linear Unit (ReLU) is which used as nonlinear
activation function, followed by the fourth layer (convolution layer). A moderate
pooling is performed, with subsampling applied after the previous convolution. The
fully connected layer has 256 neurons, respectively, with ReLU activation function,
while the last fully connected layer has 8 neurons and uses a soft-max layer to obtain
class memberships as illustrated in Fig. 3.

Visualizing the feature extraction phase in the proposed deep neural architecture
will give a better understating, Fig. 4 shows the different images resulted from applying
first convolution layer and RELU to the input image. The second Visualizing the
feature extraction phase in the proposed deep neural architecture will give a better
understating, Fig. 4 shows the different images resulted from applying first convolution

Table 1. Fish family species distribution for training, validation, and testing with sample
images.

Fish Family 
Species Sample Image

Number 
of Sub-
Species 

Total 
Images

Training 
Set 

Validation 
Set 

Testing 
Set 

------------ QUT dataset ------------ LifeClef
’15

Bodianus 9 111 64 18 29

Coris 8 96 67 19 10

Epinephelus 29 286 188 54 44

Halichoeres 16 215 132 38 45

Lethrinus 12 143 91 26 26

Lutjanus 20 325 204 58 63

Pseudanthias 16 201 133 38 30

Thalassoma 9 144 89 25 30

Total 119 1521 968 276 277
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layer and RELU to the input image. The second convolution layer and its RELU would
produce more details (more features) from the output images after the first convolution
and RELU layer as illustrated in Fig. 5.

Fig. 3. Detailed component architecture for the proposed deep CNN system

Fig. 2. Abstract view of the proposed deep CNN architecture
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6 Experiment Environment

The proposed system was implemented using a commercial software package
(MATLAB), the implementation was GPU specific. All experiments were conducted
on a server with Intel Xeon E5-2620 processor (2 GHz) and 96 GB Ram with Titan X
GPU.

7 Experimental Results

To evaluate the proposed system, a different untrained fish benchmark dataset (Life-
Clef’15) was used for testing. It was compared against AlexNet, Vgg-16, and Vgg-19.
The parameters used for comparison were (the number of convolution and fully con-
nected layers, the number of epochs in training phase to achieve 100% accuracy,
validation accuracy {QUT training dataset} and testing accuracy {LifeClef’15}).
Table 2 illustrates the comparative results for family fish species identification.

The first comparative parameter is the number of convolution and fully connected
layers; the proposed system has the least number of layers against other architectures
that means less computational complexity (in training, validation and testing phases),
and memory.

Fig. 4. Typical first convolutional and RELU layer features visualization

Fig. 5. Typical second convolutional and RELU layer features visualization.
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The second comparative parameter is the number of epochs in training phase to
achieve 100% accuracy, the proposed system has the maximum number of epochs but
the large number of epochs was expected as the proposed system network never trained
before unlike the other architectures, so it takes more epochs to achieve 100% accuracy
in training phase.

The third comparative parameter is the validation accuracy (QUT training dataset)
which was used in training phase. The proposed system achieved 97.10%, this accu-
racy is very competitive with AlexNet which achieved 98.63% accuracy, but Alexnet
was already trained before in a million images, same as vgg-16 and vgg-19.

The fourth comparative parameter is testing accuracy on (LifeClef’15 benchmark).
The proposed system achieved 85.59% accuracy for untrained testing data. This
accuracy outperforms AlexNet accuracy which achieved 85.41%. It is a small margin,
but again all the other architectures were trained before and took a long time running
their architectures for days in Matlab to build their network learning weights.

Although the proposed system doesn’t outperform the other architectures validation
accuracy, also, it doesn’t outperform vgg-16 and vgg-19 in testing accuracy (as those
architectures already loaded with learning), but it achieved better testing accuracy
against AlexNet. The proposed system had less number of layers and tailored for fish
family species identification and take less time in classification process and used in real
time applications for fish family species identification in aquarium.

8 Conclusions

Real time aquarium fish identification system according to family species is an
important topic. It will help tourists to know more information about fish pass in front
of them. In this research, a proposed system for the deep neural network is introduced.
The proposed system is a simple version for AlexNet. It consists of 4 layers, two
convolution layers, and two fully connected layers. It can identify and classify eight
family fish species with 119 sub-species. A comparative result is introduced, and it
shows that the proposed system could not outperform vgg-16 and vgg-19 in validation

Table 2. Comparative results for fish family species identification

Model Number of
convolution and
fully connected
layers

# Epochs in
training phase to
achieve 100%
accuracy

Validation
accuracy (QUT
training
dataset)

Testing
accuracy
(LifeClef’15)

AlexNet 7 Epoch 13 98.63% 85.41%
Vgg16 16 Epoch 10 99.04% 87.86%
Vgg19 19 Epoch 8 99.64% 89.89%
Proposed
system

4 Epoch 21 97.10% 85.59%
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and testing accuracy as they considered a large deep neural network with already
trained million images while the proposed system trained on 1521 image. The proposed
system outperforms AlexNet with a small margin in testing accuracy. It achieves
85.59% while AlexNet achieves 85.41% and have less trained images, less memory,
less computational complexity in training, validation, and testing phases.
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