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Abstract—Driven by the exponential growth of undersea
visual data and extensive exploration of the undersea world,
there is significant potential in related data analysis and
processing, among which marine animal detection is one of the
prevailing choices. Meaningful to the environment protection,
it remains a challenging task due to the limitation like high
complexity of underwater background, quality of images and
videos, diverse motions of marine animals. Aiming to provide
people with viable solutions to marine animal detection and
support for related research, this project utilized deep-learning
based techniques to detect the specific marine animals with
bounding boxes in the given images and videos. The basic
deep learning frameworks we applied were Faster-RCNN and
YOLOV3, which proved to achieve significant improvement in
mean average precision (mAP) and detection time. Our project
is open source and codes are available at: https://github.com/Di-
Gu/Detection.

I. INTRODUCTION

With increasingly advanced technologies, especially in
imaging systems, massive undersea visual data have been
collected. It is of great importance to efficiently make full
use of the exponential growth of undersea visual data so as to
promote related research, enhance marine animal protection
and meet the prominent demand of real-time marine scene
analysis. As analyzing the data of vast size manually is not
feasible, our project aims to offer new solutions to the marine
animal detection and hence facilitate the monitoring of their
existence and livings. The models we built for this project
can also benefit the related research and call for increasing
attention for marine animal protection.

Object detection, closely related to image understanding
and video analysis, is an influential and extensively studied
approach in computer vision. It helps to precisely estimate
the concepts and locations of objects and further demon-
strates their presence in given images or videos by drawing
bounding boxes around the objects of interest correspond-
ingly. Rather than well-studied and popular domains like
face recognition and pedestrian detection, we focused on the
marine animal detection with more complicated background
instead.

Different from the traditional object detection following
the three-stage pipeline, we utilized powerful deep learning
techniques in order to tackle the detection and localization
problems with higher precision and efficiency. The chal-
lenges foreseen by us for this project were primarily in the
following aspects.

o Large variations in viewpoints, pose, occlusions and

lighting conditions make object detection and localiza-
tion relatively hard.

o Complicated underwater background with lots of
oceanic flora increases the difficulty of marine animal
detection.

o Relatively limited amount of data and larger workload
of hand labeling, compared to those in well-researched
domains for object detection.

In order to implement the targeted task and cope with
the aforementioned challenges, we came up with a series
of scheme correspondingly. As shown in figure 1, detection
system for identifying and localizing the marine animals
would be constructed by us. Taking the input of either
images or videos with multiple marine animals belonging to
disparate classes in the scene, the system based on models
YOLOV3 and Faster R-CNN then detects the existence of
marine animals and makes classification based on the speci-
fied categories. As a consequence, the images or videos with
bounding boxes framing the animals in correct quantities and
appropriate sizes will be output by the system.

This paper will be based on the following arrangement. In
section II, representative works in object detection will be
discussed by different categories and their correlation with
our work will also be analyzed. After that, comprehensive
overview with full details of our dataset and features will
be given in section III. Moreover, both theoretical and
technical methodologies are introduced in section IV and
corresponding experiments as well as the results will be
detailed in the section V. In section VI, the conclusions and
future work will be correspondingly presented. You may find
the contributions and references at the end of the paper.
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Fig. 1: General view of proposed detection system

II. RELATED WORK

In recent years, exponentially increasing progress has been
made in field of object detection. Before the deep learning
method, detection algorithm often took use of low-level
information like texture, color and gradient, etc. There are
mainly two types of deep learning based object detection,
region based and classification/regression based.

A. Region Proposal Based

Region proposal based method, the 2-stage process, gives
a coarse scan of the whole scenario firstly and then focuses
on regions of interest. Extracting the region of the objects, it



then compute the features and classify the extracted region
to the categories the objects belong to. Among representative
frameworks summarized in figure 2, R-CNN [1] by Girshick,
Ross, et al is the cornerstone that intrigues extensive research
afterwards. It firstly adopts selective search to produce 2k
region proposals for each image and then conducts the CNN
(Convolutional Neural Network) based deep feature extrac-
tion to realize high-level, semantic and robust feature rep-
resentation for each region proposal. When labeled training
data is scarce, supervised pre-training for an auxiliary task,
followed by domain-specific fine-tuning, yields a significant
performance boost.

There are also some influential frameworks worth men-
tioning. SPP-net (spatial pyramid pooling) [4] proposed by
He, Kaiming, et al. equipped with another pooling strategy,
generates fixed-length representations regardless of image
size/scale and thus enhance all CNN-based image classifica-
tion methods in general. For tackling the drawbacks shared
by R-CNN and SPP-net that (1) training is a multi-stage
pipeline; (2) training is expensive in space and time; (3)
object detection is slow, Fast R-CNNJ[2] is thus proposed
to accomplish higher detection quality through single-stage
training by using a multi-task loss and update all network
layers. Subsequently, Region Proposal Network (RPN) was
introduce in [3] by Ren, Shaoqing, et al. which shares full-
image convolutional features with the detection network, thus
enabling nearly cost-free region proposals and further merges
RPN and Fast R-CNN into a single network. Region-based
fully-convolutional networks(R-FCN)[5], Mask R-CNN[7]
and feature pyramid networks (FCN)[6] are the represen-
tative successors after Faster R-CNN.
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Fig. 2: Development of region based methods

B. Regression/Classification Based

Regression/Classification based frameworks are based on
1 stage, mapping straightly from image pixels to bounding
box coordinates and class probabilities, which consequently
reduces time expense. The influential models belonging to
this category are demonstrated and listed in figure 3.

MultiBox[12], AttentionNet[13] and G-CNNJ[11] are three
pioneers. MultiBox[12] proposed a saliency-inspired neural
network model for detection, which predicts a set of class-
agnostic bounding boxes along with a single score for
each box, corresponding to its likelihood of containing any
object of interest. AttentionNet[13] quantizes weak direc-
tions pointing a target object and the ensemble of iterative
predictions from AttentionNet converges to an accurate ob-
ject boundary box. G-CNN, an object detection technique
based on CNNs which works without proposal algorithms
was introduced in [11] and made the problem of object
detection as finding a path from a fixed grid to boxes tightly
surrounding the objects. The series of methods You Only

Look Once, YOLO[8], YOLOv2[9] and YOLOvV3[10] are
the representatives of non-region based solutions after that.
Single Shot Detector, SSD[14] and Deconvolutional Single
Shot Detector, DSSD[15] is another series.
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Fig. 3: Development of regression/classification based meth-
ods

C. Correlation with our work

As stated in the design of detection system, the fun-
damental frameworks we intend to utilize are Faster R-
CNN and YOLOV3, which belong to the region proposal
based approach and regression/classification based approach
respectively. On the one hand, thanks to the instinct nature of
region proposal based approach, Faster R-CNN is expected to
enable us to realize ideal performance in terms of bounding
box generation. On the other hand, YOLOV3 inheriting the
great advantage in short training time and benefits in real-
time application will offer us new insights in leveraging the
training efficiency.

By implementing these two prevailing methods having
their own merits and drawbacks, we can thus make signifi-
cant comparison of them based on the factors like training
loss, mAP (Mean Average Precision), bounding box gen-
eration and etc. Based on the practical experiment results,
targeted suggestion on framework application can be made.

III. DATASET AND FEATURES

Significant details concerning the dataset and features are
all summarized in the table I

l [ Data [ Explanation [ l
Sources B C;oog}aeSIEnll:ges
Format JPEG images
Quantity over 1000

Image resolution 416 x 416
Training set 80% data
Testing set 20% data
Cross validation 5-fold
Datz 1. Image transform
ala preprocessing | 5 bounding box transform
Feature learning CNN

TABLE I: Details of dataset and features

A. Dataset

There are mainly two sources for us to collect the data.
First of all, we acquired the marine animal data scripted
from Google Images. In addition, we successfully obtained
the approval of using the underwater camera data from the
organization OBSEA (UPC)[17]. Some randomly chosen
images from our dataset are demonstrated in Figure 4.

After the data collection, we split the data into training
set and testing set, whose proportions were 80% and 20%



(a) Example 1: turtle

(c) Example 3: OBSEA  (d) Example 4: OBSEA

Fig. 4: Selected examples of our dataset

respectively. Moreover, the 5-fold cross validation was also
utilized with 20% of the training data used for validation set.

In order to gain better results, it was necessary for us to
pre-process the data before training our models. Since this
was an object detection task, image transform and bounding
box transform were applied.

B. Features

CNN is used to learn a hierarchy of features from low- to
high-level concepts.

IV. METHOD
A. CNN

We need to give a brief introduction to what is a convo-
lutional neural network. This network is similar to ordinary
Neural Network and popular used in image processing. CNN
can learn a hierarchy of features from low- to high-level
concepts. In CNN, some inputs are given to each neuron
and dot product method is used then applied non-linearity
activation functions for each neuron. We then can take back-
propagation method to learn weights and bias for each hidden
layer neurons based on loss function in the fully connected
layer. These parts are the same as ordinary neural network.
However, there are some special features. The first one is
there are three dimensions for each neuron. Except the width
and height of the input picture, the additional dimension
is called channel. Usually, there are two kinds of channel
selections. One is grey and the other is red, green and blue.
The other difference is there is a pooling layer in CNN.
This layer will perform a down-sampling operation along the
spatial dimensions (width, height), resulting in volume and
this layer don’t have bias or weights learn-able parameters.

The convolutional layer is the core building block of a
convolutional network that does most of the computational
heavy lifting. The convolutional layer’s parameters consist
of a set of learnable filters including bias and weights. Each
filter is small spatially, but extends through the full depth
of the input volume. In CNN, the weights are 2-dimensinal
matrix and are called filters. During forward process, each
layer’s input volume is fixed. So we will use pre-established
filters to manage the input values. Each output element is

computed by element-wise multiplying input volume (take
same size as filters) and filters, summing it up.

Pooling layer is commonly used in-between successive
convolutional layer periodically. The most important function
of pooling layers is to reduce the spatial size of the repre-
sentation and then reduce the amount of parameters in the
following hidden layers. The most common downsampling
operation is max which gives rise to max pooling. And
usually, the pooling layer filer size is a 2 by 2 filter.

Fully-connected layer is the output layer of a CNN. It
has the same functional form as convolutional layer which
should compute dot products between input and weight
parameters. The only difference is that the neurons in the
convolutional layer are connected only to a local region in
the input. However, neurons in a fully connected layer have
full connections to all activation functions in the previous
layer.

B. Faster RCNN

In Faster RCNN, there are 3 main networks. First is pre-
trained CNN (ResNet101) which is used to generate a feature
map of images. The feature map is the output from the last
fully-connected layer from a CNN which contains important
features of the image like edges and shapes.

Then the map is fed into a region proposal network
(RPN) which contains a classifier and a regressor. The key
concept in RPN is anchor. Anchor is used to put bounding
box with fixed size to reshaped image which is used as a
reference for objection localization. For this task we used
default anchor ratio [0.5,1,2] with scale [8,16,32]. With the
set anchors, RPN takes reference bounding box, then output
two parameters, one is the target score for if the proposed
bounding box contains possible object or not, the other one
is the regressed coordinates of the proposals. To be more
specific, the classifier will output the score of the target
as foreground or background for each proposals and the
regressor will output Ax, Ay, Aweight, Aheight to get a
final proposal for the bounding box. Additionally, RPN is
designed on fully-connected convolutional layer to achieve
high performance.

After RPN, the proposals without desired class are fed into
Rol-pooling model. In this step, the feature map from CNN
is used. Since the proposed bounding boxes have different
size, the feature map is cropped according proposals, then
bilinear interpolation is used to change each cropped map to
a fixed size and use max-pooling to get final feature map,
where a classifier is designed based on fully-connected layer
to output the score for target object.

Combine all the models together, we have four different
losses, 2 for RPN and 2 for Rol-pooling. For RPN regressor,
smooth L1 loss is used:

Leeg (1)) = smoothi, (4 &) ()
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for the classifier in RPN, the log loss (L¢js) over two classes
(foreground and background) is used.
The combined loss definition for a image is:
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, where p; is the probability of anchor as object, p; =
0 negative label
1 positive label
ty; ty; tw; t is the coordinates for predicted bounding box
and t] is the ground truth coordinates.
Similarly loss is used on Rol-pooling model with slight
modification, where L¢js is a log-softmax function and Lreg
still used smoothed-L1 loss.

is the ground truth label, t; =

Algorithm 1: Faster RCNN

repeat
Feature_map  pre_trained_CNN(image)
Rols  region_proposal_network(Feature_map)

for Rol in Rols do
patch  roi_pooling(Feature_map, Rol)
classification_loss, bbox_loss detector(patch)
end
until loss converage

Figure 5 below shows the overall structure of a Faster
RCNN model.
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Fig. 5: Structure of Faster RCNN

C. YOLOv3

YOLOV3 model is established combining with the whole
darknet53 model. As a total, YOLOv3 model has 105 con-
volution layers, followed by 3 fully connected layers. The
actviation function for each hidden layer is ReLU function
which is a function takes the maximum value in between
input x and 0. Alternating convolution layers reduce the
features space from preceding layers, and finally get the final
output of our work.

YOLOV3 is used to predict multiple bounding boxes per
grid cell. For the purpose of computing the loss for the
true positive, we can select the one with the highest IoU
(intersection over union) with the ground truth. This strategy
leads to specialization among the bounding box predictions.
Each prediction gets better at predicting certain sizes and
aspect ratios.

The loss of YOLOV3 is mainly using the sum-squared
error between the predictions and the ground truth bounding
boxes, and it contains:

1) Localization loss: It represents the errors between the
predicted boundary box and the ground truth, in YOLOV3,
the square root of the bounding box width and height are
predicted instead of the direct coordinates. It is described
as:

ﬁk obj . AYA . 2
coord ij xi R)+Wi )
i=0 j=0
XX _ _ Y-
+  coord ?jbj (p-r| I:))-"i)z"'(I:)hi ﬁi)2
i=0 j=0
4)
o_bj

where ;7 denotes that Jth bounding box predictor in cell
i is “responsible” for that prediction.

2) Confidence loss: This is related to the object of the
box, once an object is obtained, the confidence loss is
described as:

obj
ij (Ci
i=0 j=0

Gi)? (5)

If an objected in not detected in this box, then this loss
is:

XX noobi
noobj ij (Ci
i=0 j=0

Gi)? (6)

3) Classification loss: In each cell, it is the squared error
of the class conditional probabilities[2] for every classes and
it can be described as:

X o < ,
i (pi(c)  Pi(c)) @)

i=0 ceclasses

obj

where ;- denotes if object appears in cell i.

Finally, we can have the whole loss function by adding



the previous loss together:
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Fig. 6: Structure of YOLOV3

V. EXPERIMENT AND RESULTS
A. Experiment

1) Evaluation Metric: The most common evaluation met-
ric that is used in object detection is 'mAP’, which stands
for *mean average precision’. It is a number from 0 to 100
and higher values are better, but its value is different from
the accuracy metric in classification.

We first calculate a score for each bounding box. The score
is computed by using the area of overlap between predicted
bounding box and ground truth box divided by the area of
union of these two boxes. Then, based on the scores for each
class, a precision-recall curve is computed by varying the
score threshold. The average precision (AP) is the area under
the precision-recall curve. Next, the AP is computed for each
class and finally averaged over the different classes to get
mAP. The mAP metric avoids having extreme specialization
in few classes and thus weak performances in others. Note
that a detection is a true positive if it has an ’intersection
over union’ (IoU) with the ground truth box greater than
some threshold. In this project, we use mAP@0.5.

For classification, we need to use the evaluation metric
called accuracy. During the validation process, soft-max
function is used to classify different classes. Each class will
have their own percentage to justify category in a validation
image. The output of soft-max function will compare with
the result of ground truth value, and the total number of
different features between ground truth and predicted will
be stored for each image. And finally, the total number we
get above will be divided by the total number of each class

in all validation images. In this way, we can get classification
accuracy percentage for each class by computing one minus
the percentage of error.

2) Hyper Parameters: In this project, a shuffled mini-
batch size training dataset combined with stochastic gradient
descent method is used. We want to learn more different
features of each given training dataset, so a shuffled method
is applied. Usually, a mini-batch contains 50 to 256 data
points is applied. Mini-batch gradient descent is not only
faster, but also finds better solutions. In this project, we
use a mini-batch size 8. Stochastic gradient descent method
can make training faster if the gradient of each sample is
a good proxy for the total gradient. Additionally, SGD can
get out of local minima as it explores the space in random
fashion. Mini-batch stochastic gradient descent can smooth
noise but require adaptive learning rate. The calculation
method of adaptive learning rate is shown in 9. Base on the
formula, there is a Adam function in pytorch that we can
use in training process. It will use larger rates for directions
that remain flat and smaller rates if they keep changing.
In this way, the initial choice of learning rate won’t be a
strict criteria. Normalized initialization is applied randomly
to prevent unit from learning the same thing. Normalize the
inputs with zero-mean and unit variance is applied in this
project.
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B. Results

Generally, we have achieved satisfactory progress in model
training and appealing results concerning bounding box
generation.

1) Model training and validation: The training and vali-
dation procedures can be observed in Figure 7, in which there
are two plots representing the training loss and validation
Mean Average Precision (mAP) as well as Average Precision
(AP) during 150 epochs respectively. As for the growth
tendency of training loss, it started from around 150 firstly
and soon decreased remarkably , dropping below the level of
25 at the 50th epoch. After that, it continuously experienced
the descent trend with a smaller decrease rate and eventually
reached the level close to 0. The aforementioned decreasing
tendency of training loss also indicates our model based on
YOLOV3 is capable of realizing fast convergence.

In order to evaluate the performance of model, we intro-
duced two factors mAP and AP during validation. AP is
defined as the under the precision-recall curve (PR curve),
the x-axis and y-axis of its figure will be recall and precision
respectively. Any detection with score lower than the score
cutoff was regarded as the false positive. After getting all the
precision-recall value pairs corresponding to the score cutoff,
the AP/PR curve can be plotted. As can be seen from the
graph, its increase was not monotonic but with fluctuation.
After 150 epochs, it finally exceeded 0.92. Furthermore,
mAP, computed by averaging all AP values over classes,
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