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Abstract

Fish image classification is a fined-grained image classi-

fication challenge that can be more challenging than other

categories because of the low-quality and small-scale data.

In this paper, we implemented several machine learning

methods including Convolutional neural network, and im-

prove the performance using Transfer learning with a 97%

accuracy.
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1. Introduction
Fine grained object categorization is a challenging prob-

lem. It aims to classify subclasses of a certain category and
recognize objects that belong to the subclasses. Recent re-
search mostly focuses on the classification among species
such as cats and dogs, or well-distinguished categories, for
instance, plane and flowers. The difficulty of this problem
is mainly from the similarity of features among different
breeds of the same species.

Fish resources are of vital importance to the marine
ecosystem. However, the current illegal and disorderly fish-
ing seriously threatens the marine ecological environment
and the global sustainable supply of seafood. Researches
on fish classification pave way for real-time fish image pro-
cessing and will be of practical use in the development of
underwater digital hardware equipment.

2. Literature Review
2.1. Fish population monitoring

The monitoring of fish population has many benefits. For
example, it helps scientists to learn the habits of fish, their
population dynamics and also in a higher view, provide vi-
tal importance in making strategies about species protec-
tion. Traditionally, fish population monitoring was to tag
and track some of certain species manually. However, this
method is costly and low-efficient because it requires the

observation of divers, underwater fish counting tools and
echo sound equipment.

2.2. Machine learning in image classification

Considering the development of image classification re-
search, it is a reasonable choice to use techniques such as
SVM and CNN models, especially CNN models because
it has shown its capability in image classification for many
categories. A lot of CNN models such as vgg16, ResNet are
proven to be robust in image classification.

A lot of research has focused on automatic fish monitor-
ing and classification related to video and image process-
ing. For example, in research [5], the scientists applied sup-
port vector machine(SVM), Convolutional neural network
(CNN) models based on GoogleNet and achieved an over
80% accuracy.

2.3. Tranfer learning

The training of a robust and well performed CNN model
can be time and energy consuming and requires a large
amount of high quality images. However, with the technol-
ogy constraints, fish image data is usually low quality and
small scale. Transfer learning makes use of pre-trained ro-
bust CNN models, extracting weights and features from the
model, and with fine tuning we could obtain a model works
for a similar dataset efficiently.

3. Dataset
The dataset we used is Fish Recognition Ground-Truth

data, comes from university of Edinburgh, school of
informatics[1]. This dataset is acquired from a live video
that includes 27370 verified fish images. The whole dataset
is divided into 23 clusters and each cluster is presented
by a representative species, which is based on the synapo-
morphies characteristic from the extent that the taxon is
monophyletic[2]. One problem of this dataset is that it is
very imbalanced where the most frequent species is about
1000 times more than the least one. We dividing it into two
parts: 90 % for training and 10 % for testing. Among the
training data, 10 % is also used for validation.
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Figure 1. 23 fish species in Fish Recognition Ground-Truth dataset

3.1. Data Preprocessing

Next, let’s focus on data preprocessing part. Consider-
ing that the dataset we have is imbalanced, and also for
the purpose of improving the robustness and generality of
our model, we use image augmentation from imgaug li-
brary. Augmentation techniques we used includes ran-
dom rotation, affine transformation, superpixeling, blurring,
sharpening, embossing, flipping, adding Gaussian noise and
change of contrast to enlarge the dataset(figure 2). After
that, we resized all images to 150*150*3 for consistency.
Then, we use different strategy for deep learning models
and non-deep learning models. For non-deep learning ones,
we spread all pixels into a single vector so that for each im-
age it will have 67500 features. For deep learning models,
since we use pre-trained models as a start. Data generator is
used to extract features from pre-trained models. After fea-
tures are extracted, we still need to spread them into a single
vector for training purpose. The whole dataset is split that
90 % for training and the rest 10% for testing.

Figure 2. Demonstration of 16 types of data augmentation

Figure 3. Number of images before/after data augmentation

4. Methods
We applied 6 non-deep learning methods: Naive Gaus-

sian, Random Forest, MLP, KNN, Logistic Regression and
SVM. The general process for image classification includes
feature detection, feature extraction and feature recognition.
After that, we use several pre-trained models like ResNet50
and VGG19 to do transfer learning.

4.1. Non-deep learning Models
4.1.1 Naive Bayesian

Naive Bayes utilizes the Bayes conditional probability
model and applies the maximum a posterior decision rule
for class classification.

4.1.2 Random Forest

Random forest is an algorithm that generate small decision
trees of randomly chosen subset of data[3]. Each decision
tree will generate a classifier based on the subset of data that
capture certain feature of the whole dataset and the majority
vote is employed to classify a class.

4.1.3 KNN

The k-nearest neighbor classification assigns each object to
the class based on the class of its k nearest neighbors.[4]
The neighbors of a point is decided by the distance between
them and each neighbor might carry different weight in its
influence of the point.

4.1.4 Logistic Regression

Logistic regression uses logit function that take the features
of dataset as input and output the predicted class.[6]

4.1.5 SVM

Supporting vector machine is a technique that outputs
a hyper plane that separates the dataset into predefined
classes.[9]
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4.1.6 MLP

A multiple layer perceptron (MLP) consists of a group of
feedforward neural network. It has three types of layers:
an input layer, hidden layers, and an output layer. Each
node is processed through a nonlinear activation function
before sent into the next layer, and the weight of the node
is updated by gradient descent. The only purpose for using
this model is to make future comparisons with deep learning
models.

4.2. CNN
Convolutional neural network has been widely applied

to the research in fine grained image recognition. It con-
tains an input and output layer, and multiple hidden lay-
ers. The hidden layers of convolutional neural network typ-
ically consist of convolutional layers, pooling layers, fully
connected layers and normalization layers. Although con-
volutional neural network has been proven to be effective in
image classification, to achieve its best performance, a large
dataset is required. For example, AlexNet uses 1.2 million
high-resolution images for training, and the neural network
has 60 million parameters and 650,000 neurons. Compared
to the dataset used in AlexNet, the dataset for cat face classi-
fication is far too small to train a high-performance model.
Moreover, it would take much time to train such a model
even given a desired dataset. Hence, instead of extracting
features from our model, we use pre-trained models such
as VGG16 to extract features and classify images. In this
project, for Convolutional Neural Network method, we ap-
plied three pre-trained models: VGG16, VGG19, ResNet50
and InceptionV3.

4.2.1 VGG16

VGG16 network architecture was first introduced by Si-
monyan and Zisserman[8]. This architecture uses small
3 ⇥ 3 convolution filters with increased depth. The num-
ber of weight layers in the network is 16. The model con-
tains three fully connected layers, 13 convolutional layers
with rectified linear activation unit(ReLU) non-linearity, 5
max pooling layers and the soft-max layer as the final layer.
ReLU is a function that returns the value provided as input
or 0 if the input is not positive. It is defined as follows:

F (x) = max(x, 0)

The softmax function is defined as follows:

�(zi) = ezi/
X

(ezj )

i = 1, . . . , k z = (z1, . . . , zk)

It takes a vector of K real numbers as input and normalize
it into probability distribution. As a result, each component

will be in the interval (0,1) and the components will sum up
to 1. So the result can be interpreted as the probability of an
image be classified into a certain class. In general, VGG16
model achieves a high performance in its accuracy of clas-
sification to be 92.7% and it was in the top 5 test accuracy
in ImageNet, a dataset that contains 14 million images and
1000 target categories.

4.2.2 VGG19

The architecture of VGG19 is similar to VGG16. VGG19
consists of 19 layers of neural network while VGG16 con-
tains 16.

4.2.3 ResNet

The ResNet architecture was introduced by He Kaim-
ing et al. in 2015[7]. The characteristic of this network
is the stack of a specially designed structure named resdual
block. By introducing residual representation and shortcut
connections, it solved the degradation problem of deep net-
works, and achieved 3.57% error on the ImageNet test set,
and was the champion on the ILSVRC 2015 classification
task. ResNetV2 refined the structure of residual block to
ensure the information can be transmitted to the next block,
and got higher accuracy.

In ResNet, each residual block can be defined as:

y = F (x,Wi) + x

Here F (x,Wi) is the residue function ,which is fit by two
ReLu layers. If the optimal case for the block is an identi-
cal mapping, it is easier to fit F than y by simply setting all
weights Wi to zero. In this way, the output of the block can
be identical to the input, and the deeper model should pro-
duce no higher training error than its shallow counterpart.

4.2.4 InceptionV3

The Inception architecture was introduced by Szegedy et
al. in 2015[10]. With several improvement and refinement,
the third version Inception V3 achieved an accuracy greater
than 78.1% on the ImageNet dataset. The network has 42
layers, including convolutions, average pooling, max pool-
ing, concatenates, dropouts and fully connected layers. Dif-
ferent from other models, it applies different sizes of filters
on one layer, and the output is then concatenated and sent
to the inception module.

5. Experiment
For CNN model,we construct a three-layer model with

dropout to train the fish images for classification. The first
layer is fully connected with 512 units, a ReLU activation
function and dropout 0.5; the second layer is again fully
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connected with 256 units, a ReLU activation function and
0.25 dropout, and the last layer uses softmax function for
classification. The model summary is as follows:

Method CNN-VGG16 model
Layer 1:512 units Relu with dropout 0.5
Layer 2:512 units Relu with dropout 0.5
Layer 3:34 classes Softmax
Optimization SGD
Learning rate 0.01
Batch size 32
Input size 150*150*3

Table 1. CNN-VGG16 model parameters

Then, we use stochastic gradient method with learning
rate 0.01 as optimizer and set batch size to be 32. Af-
ter we extract features from pre-trained models, the model
is trained based on the features. We achieved a result of
over 90% accuracy after 30 epochs. The following plots are
model loss and accuracy for ResNet152V2.

Figure 4. ResNet152V2 accuracy

To investigate the prediction performance, we plot the
confusion matrix and the table below.

Figure 5. ResNet152V2 confusion matrix

Model Training Accuracy Testing Accuracy
Naive Bayesian 0.30 0.24
Random Forest 0.97 0.58
MLP 0.79 0.76
KNN 0.88 0.84
Logistic Regression 0.95 0.81
SVM 0.94 0.90
CNN-VGG16 0.99 0.93
CNN-VGG19 0.98 0.94
InceptionV3 0.97 0.93
ResNet50V2 0.99 0.95
ResNet152V2 0.99 0.96

Table 2. Accuracy table for different models

ResNet152V2 has the highest prediction accuracy
among all pre-trained models. For all other non-deep learn-
ing models, best prediction accuracy and training accuracy
are listed in Table 2

6. Result

After experimenting with these machine learning meth-
ods, the highest accuracy is 96%, achieved by convolutional
neural network of pre-trained ResNet152V2 model. Naive
Bayesian method perform worst, with only 24% of testing
set is correctly classified.In addition, several methods like
Random Forest and Logistic Regression gain nearly 100%
training accuracy but significant lower testing accuracy. The
divergence increases with more iterations.

7. Conclusion

Experiments results show the outstanding performance
of convolutional neural network in fine-grained image clas-
sification. Transfer learning from ResNet152V2 gained the
highest accuracy among all models. However, several clas-
sical method such as MLP, KNN and SVM do not perform
that well. The large gap between training accuracy and test-
ing accuracy indicates the overfitting. Early stop could be a
wise choice to solve the problem.

Although we implemented data augmentation, our ex-
periment is still retricted by imbalanced dataset and it can
negatively affect the performance of the model. Without
a dataset that can cover each species extensively, the ex-
periment result can be biased. In addition, our dataset is a
relative small dataset with only 23 species. To realize the
pratical usage, another dataset with more species is in need.

For future works, our target is to use another dataset with
more species classification for general purpose. Also, de-
signing more efficient CNN structure after transfer learning
to reduce the divergence of training and testing loss is also
in consideration
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