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ABSTRACT: Aquaculture farming can help soften the environmental impact of
over�shing by ful�lling seafood demands with farmed �sh. However, maintaining
large scale farms can be challenging, even with the help of underwater cameras af-
�xed in farm cages, because there are hours' worth of footage to sift through, which
can be a laborious task if performed manually. A vision-based system therefore
could be deployed to automatically �lter useful information from video footage.
This work proposes to solve the above-mentioned problem using 2 methods for
�sh detection: 1) Extended UTAR Aquaculture Farm Fish Monitoring System
Framework (UFFMS), a handcrafted method, and 2) Faster Region Convolutional
Neural Network (Faster R-CNN), a CNN-based method. These two methods ex-
tract information about �sh from video footage. Experimental results show that
for well-lit footage, Faster R-CNN performs better than the extended-UFFMS.
However, the accuracy of Faster R-CNN drops drastically for poorly lit footage,
at an average of 28.57%, despite still having perfect precision scores. The average
accuracy of the extended-UFFMS and Faster R-CNN methods are 57.89% and
71.77% respectively.
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1. INTRODUCTION

The global demands for seafood have led to the
�shing-down phenomena. This has impacted the base
of the food chain, causing a decline in the entire ma-
rine food web [1]. Industrial-scale �shing farms or
aquaculture farms can stem over�shing in the long
run. Due to the various regulatory frameworks for
aquaculture, where monitoring is obligatory, various
monitoring systems are deployed to measure the qual-
ity of �sh and farming conditions [2]. However, main-
taining 24/7 monitoring systems for large scale farms
requires a lot of manpower to collect information and
analyse it. In response to this, vision-based systems
are used to assist the �sh farm industry in reduc-
ing their operational workload in monitoring �sh by
automating the monitoring process. However, the
data collected from these vision-based systems re-
quires manpower to sift through hours' worth of un-
derwater footage in order to extract meaningful infor-
mation such as the quantity and the quality of their

production. Therefore, most aquaculture farms re-
quire some form of automatic system to process ac-
quired images. Finding a better way to do this is be-
coming a pressing issue. An automatic vision-based
monitoring system can reduce production cost, which
could lower the retail prices, thus making farmed �sh
an a�ordable choice for consumers.

In 2018, Lukeºi£ et al [3] introduced a tracking al-
gorithm which utilizes channel and spatial reliability
concepts for discriminative correlation �lters (DCF),
resulting in enlarged search regions, which are useful
for the tracking of odd-shaped objects. In 2015, Tan
et al [4] proposed tracking both lobsters, using a par-
ticle �lter-based method, and burrows, using Lucas-
Kanade's optical �ow method, because the lobsters
move freely under the moving camera. Later in 2018,
Tan et al. [5], proposed an automatic approach to
estimate the abundance of Norway lobsters. In 2014,
Fier et al [6] proposed using a handcrafted algorithm
to detect �sh in highly turbid environments which
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Table 1: Description of video footage used in experiments.

Video Video Description of the Video Complexity Fish farms that relate to
Inform- conditions depicted in
ation the footages

(a) 596 • Grey reef sharks in backlight [12] • Foreground objects have • Mediterranean
× • Camera looking upwards similar color to the (island of Ibeza,

336 • Salient object in backlight condition background Spain) Bluefin Tuna
(50fps) • Dimly illuminated • Stark illumination gradient Farm
(15s) present • Open offshore cage,

supported with heavy
mesh net, 49 meter
diameter farm cage
[15]

(b) 596 • Large school of fish swimming in the • Background noise (coral, • Hong Kong (Lau Fau
× Red Sea in Egypt [13] reflection of water) present Shan) Giant Grouper

336 • Camera looking sideways • Illumination gradient Farm
(24fps) • Salient object in flat light condition present • Indoor recirculating
(29s) • Brightly illuminated aquaculture system,

(c) 596 • School of fish blue background [14] • Illumination gradient with artificial
× • Camera looking sideways present lighting [16]

336 • Salient object in butterfly light condition
(30fps) • Brightly illuminated
(11s)

involves using 2 background subtraction techniques
to utilize the strengths of each technique. Both of
the background subtraction algorithms are computed
independently, and then later combined with logical
operations

Due to the success of CNN-based methods for ob-
ject detection, some researchers have started to uti-
lize deep learning methods in fish monitoring sys-
tems. In 2016, Villon et al [7] detected fish in an
unconstrained environment using the GoogleNet [8]
architecture with 27 layers, 9 inception layers and a
soft-max classifier. The inception modules allow the
dimension of the picture to be reduced to one pixel,
solving the over-fitting issue and reducing computa-
tional expense. Jäger et al [9] proposed a method
where the novelty lies in the generation of initial
bounding box recommendations, instead of the usual
sliding window or selective search for object localiza-
tion in deep learning networks. The original footage
goes through a background subtraction algorithm, re-
sulting in a binary mask. Erosion is applied to the
binary mask to separate fish that are close together,
resulting in a secondary mask. Then, a blob detec-
tion algorithm is used to detect blobs from both bi-
nary and secondary masks to generate initial bound-
ing boxes, with boxes less than 100 pixels removed
due to them being too small for classification tasks.
In 2018, Mandal et al [10] experimented on the region
proposal network (RPN) found in Faster R-CNN, and
combined it with three different CNN-based classi-
fication models with different sizes (small, medium
and large) to obtain Faster R-CNN models of three
different sizes (i.e. the number of layers), and com-
pared each network’s performance. In 2019, Ling et
al. [11] proposed a hand-crafted method to automat-
ically count the number of fish in underwater video
footage. Each frame from the video footage will go

Fig.1: (a) Grey reef sharks in backlight; (b) A large
school of fish swimming in the Red Sea in Egypt;(c)
School fish blue background.

2. EXTENDED UFFMS FRAMEWORK

Fig.2: Extended-UFFMS Framework.
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through four modules: 1) pre-processing, 2) segmen-
tation, 3) classification, and 4) decision. Therefore, in
this paper, the goals of Ling are revisited with addi-
tional features considered, and this extended frame-
work is further compared with CNN-based methods.

The remainder of this paper is organized as fol-
lows. In Section 2 we describe the characteristic of the
video sequences. Subsequently, section 3 describes
the extended-UFFMS framework which extends the
previous research’s (UFFMS) framework with: 1) an
addition of a tracking module, and 2) an improve-
ment of a visual feature in the classification mod-
ule. Section 4 discusses the CNN-based method used
to detect fish in an underwater environment with an
overview of different CNN object detection architec-
tures. Section 5 shows the experimental results with
discussions and comparisons. Lastly, section 6 con-
cludes the paper and suggests possible future work.

3. VIDEO SEQUENCE CHARACTERIS-
TICS

The video sequences were obtained online from
varied environments. These videos are related to the
following conditions: 1) indoor recirculating aqua-
culture systems, 2) open offshore cages, or 3) large
schools of fish swimming in the ocean – see Table 1.
The sample frames can be seen in Fig 1, while the
details and descriptions of each video can be found
in Table 1. Due to having light sources coming from
only one direction, which was from above water, a
consistent issue found in the sample frames is uneven
illumination.

The UFFMS framework is a non-intrusive method
to monitor fish. Specifically, it is used to count and
calculate the sizes of underwater fish in varying envi-
ronments, especially where illumination is non-even
across the frame [11]. However, the method proposed
in the UFFMS framework could not (1) count oc-
cluded fish, or (2) differentiate certain non-fish fore-
ground objects due to ineffective visual features (eg.
coral is misidentified as fish). In order to decrease
the number of false negatives in detection, which is
mainly due to the failure to segment fish, the ex-
tended UTAR Aquaculture Farm Fish Monitoring
System (UFFMS) framework, has a 1) modification
for Step 3: (ii) Local Maxima, and 2) adds a track-
ing module, Step 5: Tracking – see Fig. 2. Indi-
vidual frames from video footage are extracted and
processed individually. Each selected frame will go
through the five main processing modules, namely:
preprocessing, segmentation, classification, tracking,
and decision.

Fig.3: (a)Acquired Frame; (b)Gaussian Mask;
(c)Subtracted Image.

A pre-processing method is employed to correct the
uneven lighting issue. First, Gaussian blur [17] is
used to create a Gaussian Mask, which defines the
gradient of illumination, also known as the illumina-
tion descriptor, see - Fig 3(b). The Gaussian Mask is
generated by blurring out the foreground objects (the
fish) of the acquired frame and retaining the uneven
background illumination. The equation of Gaussian
Blur is given in equation 1:

G(x, y) =
1

2πσ2
e
−
x2 + y2

2σ2 (1)

x represents the distance from the origin in the x-
axis, while y represents the distance from the origin
in the y-axis. σ stands for the standard deviation of
the Gaussian distribution.

Then, the Gaussian Mask, which represents the
background, is subtracted from the Acquired Frame.
This process is also known as background subtraction.
The result of the background subtraction is an evenly
illuminated frame with the foreground object clear to
observe, as can be seen in Fig 3(c), Subtracted Image.

3.1 Step 2: Segmentation

The purpose of this step is to separate foreground
objects from the background. In Fig 3(c), along
the edges of the foreground objects there are reddish
black “smears” due to the blurring of Figure 3(a).
This is because, during the blurring a process, any
rapid change in pixel intensity that occurs from the
edge of the fish to the background is averaged out,
causing the pixels outside of the contour to have a
pixel intensity that represents the foreground object.
Therefore, thresholding is applied on Fig 3(c) to re-
move the “smears”, and to convert the frame into
a binary image, with white pixels representing the
background and black pixels representing the fore-
ground objects.
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Fig.4: (a)top- Result of thresholding with
jagged edges and unreliable pixel present;(a)middle-
morphological closing result; (a)bottom-contour ex-
traction result; (b) resulting frame after contour ex-
traction.

The result from the thresholding process are
“blobs” that have jagged edges. Unreliable and noisy
pixels are also present throughout the frame – see
Fig4 (a) top. Therefore, to remove jagged edges of
the “blobs” and to eliminate unreliable and noisy pix-
els, morphological closing is applied. The result after
morphological closing can be seen in Fig 4(a) middle,
where the edges of the blobs are smooth and the noisy
pixels are eliminated.

Then, contours are extracted from the binary
frame. Contours define edge information for the fore-
ground objects, which is needed for the next module-
Feature Extraction. An edge-based contour extrac-
tion algorithm [18] is applied to define each object’s
contours. The result can be seen in Fig 4(b), where
the 2D shape of the fish is clearly defined in the form
of a closed contour.

3.2 Step 3: Feature Extraction

In Step 3, five visual features are extracted to de-
termine whether a contour represents a fish object.
These five visual features are: F1) Elongated Struc-
ture, F2) Local Maxima, F3) Downward Convexity
Angle, F4) Upper Curve of Fish, and F5) Differenced
Pixel Value. Note that in the previous UFFMS frame-
work, feature 2 (F2) is Downward Curve of Fish,
while in this extended-UFFMS framework, this fea-
ture has been improved into Local Maxima. The fol-
lowing paragraphs explain each feature.

Fig.5: (a) F1 – Elongated Structure; (b) F2 – Local
Maxima output; (c) F3 – Downward Convexity Angle
output; (d) F4 – Upward Curve of Fish output.

Fig.6: F2 – Local Maxima explanation, P= y-
coordinate of current pixel, Pr = y coordinate of right
connected pixel, Pl = y-coordinate of left connected
pixel; (a) Example of non-peak; (b) Example of non-
peak; (c) Example of a peak.

F1 – Elongated Structure: Usually, the structure
of a fish has an elongated shape. In order to decide if a
contour has an elongated structure, the system first
creates a bounding box around the contour. Then,
the height and width of the bounding box are com-
pared. If one side of the bounding box is at least twice
the length of the other, regardless of which side, the
contour is said to have matched the Elongated Struc-
ture visual feature - see Fig 5(a).

F2 – Local Maxima: This feature in the previous
framework was called Downward Curve of Fish, which
only determined if part of the contour is curved. In
this extended framework, it is improved to find the
Local Maxima, which detects peaks in a curvature.
Local Maxima detects peaks by comparing the y-
coordinate of each pixel in a curve of a contour. If the
y-coordinate of a particular pixel is higher than the
y-coordinate of both its adjacent left and right pix-
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els, that particular pixel can be considered a peak.
An example of a peak can be seen in Fig 6(c). This
process is repeated until every pixel of the curve on
the contour has been iterated. If a detected curve has
less than 4 peaks, the contour is considered to have
matched with this visual feature -see Fig 5(b).

This Local Maxima visual feature enables the sys-
tem to eliminate noise caused by imperfect segmen-
tation (eg. coral reefs, water reflection). Those erro-
neous contours have more than 4 protrusions (peaks),
as can be seen in Fig 7.

Fig.7: top - Sample original frame; middle-ROI with
sample noise, in this case, coral; bottom-Contour of
the coral.

F3 – Downward Convexity Angle: Due to the po-
sition of a fish’s belly, the shape of a fish consists of a
downward convex from the fish’s contour. It is noted
that this visual feature is not useful for detecting fish
with thin proportions, such as Barracuda. This vi-
sual feature extracts 3 points from the contour in the
beginning, E1, E2, and CD1, - see Fig 5(c). A tri-
angle is drawn by connecting those 3 points with 3
separate lines. The resulting angle formed at CD1 is
then calculated with equations 2 and 3

cos θ =
ā · b̄

‖ā‖ · ‖b̄‖
(2)

ā = E1− CD1
b̄ = E2− CD1

(3)

Θ represents angle of CD1. The contour is said to
have matched the visual feature when equation 4 is

satisfied.

f3 = θL < θ < θH (4)

F4 – Upper Curve of Fish: The purpose of this
feature is to detect whether or not the shape of the
upper part of the fish is curved. First, points E1 and
E2 are plotted in the middle of the shorter edge of
the bounding box. Then a line is drawn to connect
the two points. This line, also known as the equator
line, cuts the fish horizontally in half. Five points,
arranged from left to right, P4,2,1,3,5, are then as-
signed on the Equator Line. After that, for each plot-
ted point on the Equator line, a direct perpendicular
line is drawn in an upwards direction until the con-
tour is reached. The points where each line intersects
with the contours are assigned as points, from left to
right, CD4,2,1,3,5 respectively. This can be seen in
Fig 5(d). The lengths of each perpendicular line are
measured to compute the standard deviation. If the
standard deviation is between 2 and 50, the contour
matches with the visual feature, as it shows that the
upper curve of a contour is indeed a curve.

F5 – Differenced Pixel Value. The average colour
value for the region of interest (ROI) which contains
a fish is different from the average colour value for
the whole input image. This can be seen in Fig 8 and
9.

Fig.8: top-Acquired Frame; middle- ROI with fish;
bottom- ROI without fish.
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Fig.9: (a)Acquired Frame colour histogram; (b) ROI
with fish colour histogram; (c)ROI without fish colour
histogram.

For the green colour value, the acquired frame has
a wider range of pixel intensity values compared to
the cropped ROI. The colour values of the ROI con-
taining a single fish and the acquired frame are av-
eraged and compared. If the averaged values exceed
a certain threshold value, in this case 20 which was
obtained after vigorous testing, the contour is said to
match this visual feature. The calculation of averaged
values can be summarized in equation 5, with R, G,
B representing the intensity values of the red, green,
and blue pixels respectively, and the ‘ori’ subscript
representing acquired frame, while the ‘roi’ subscript
represents region of interest, which is the region en-
capsulated by each contour’s bounding box.

AveCV =

Diff(Rori, Rroi) +Diff(Gori, Groi)
+Diff(Bori, Broi)

3
(5)

3.3 Step 4: Classification

In the classification step, for each contour, a counter
named RoI Score is initialized with value 0. The
purpose of the counter is to keep track of how many
visual features the particular contour matches. Each
contour will go through five visual features. For each
feature that the contour matches, the RoI Score will
be incremented by 1. After all of the 5 visual fea-
tures have been tested, if RoI Score is more than 3,
the contour is considered a fish and the results are
recorded. Through rigorous testing, the RoI Score
was set to 3, as any lower value caused more false pos-
itives, and higher values caused more false negatives.
A flowchart representing the classification process is
shown in Fig 10.

Fig.10: Classification flowchart.

3.4 Step 5: Tracking

The previous UFFMS framework has an issue with
occluding fish. When fish occlude one another, the
system will detect multiple fish as one big fish. This
is due to the edge-based contour detector which only
outlines the outer most edge of the contour, as can
be seen in Fig 11(b).

Fig.11: (a)Sample output; (b) Debug frame.

To solve this issue, a tracking algorithm called Dis-
criminative Correlation Filter with Channel and Spa-
tial Reliability (DCF-CSR), from Lukežič et al [3], is
deployed. A brief explanation of DCF-CSR follows.
Channel Reliability weights and a Spatial Reliability
map are used to seamlessly integrate filter updates
with the tracking process. The Spatial Reliability
map is used to adjust filter support to the part of
the selected region from the frame for tracking, while
the Channel Reliability weights reduce noise of weight
averaged filter responses. A more detailed explana-
tion can be found in Lukežič et al’s [3] paper. The
tracker initialization is shown in Fig. 12. The pseudo
code for tracker initialization is shown in Fig.13. The
coordinates from the minimum bounding box of the
contour are used to determine if a tracker already ex-
ists for a particular contour. If no tracker exists, a
new tracker is initialized and assigned to that partic-
ular contour. If a tracker already exists, no action is
performed.
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Fig.12: Tracker initialization flowchart.

Fig.13: Tracker initialization pseudo code.

Fig.14: A fish successfully tracked for five consecu-
tive frames.

3.5 Step 6: Decision

A decision that a particular contour is a fish is made
when the tracker successfully tracks the fish for five
frames consecutively. Fig.14 shows a series of five
frames depicting a successfully consecutively tracked

fish. In contrast, Fig. 15 depicts a series of frames of
a misclassified contour, which have not been success-
fully tracked consecutively for five frames.

Fig.15: Unsuccessful consecutive tracking of 5
frames.

4. FASTER R-CNN METHOD

4.1 Review of different CNN-based object de-
tection architectures and their localiza-
tion methods

Underwater fish have different aspect ratios and sizes
when viewed in video footage. This makes the posi-
tion of the fish for computer vision algorithms unpre-
dictable. Also, the number of fish that appear in a
frame is also inconsistent. Therefore, a localization
method is needed.

CNN: Localization for a CNN involves “sliding
windows”. A window frame which has an arbitrary
size smaller than of the image is created and placed
at the corner of the image. Then, this window frame
is fed into a CNN to determine if the objects exist
in that area of the image. The window frame is then
moved to the next part to detect if an object exists
or not. This process is repeated for the entire image.
The “sliding window” method is computationally in-
tensive.

R-CNN: R-CNN [19] is an improvement from the
sliding window method, with a selective search algo-
rithm [20] responsible for selecting 2000 regions from
the image, also known as region proposals. Although
this method is an improvement compared to the slid-
ing window method, it is still computationally expen-
sive to classify 2000 regions per frame.

Fast R-CNN: Fast R-CNN [21] is an improve-
ment of R-CNN. The method is similar to the R-
CNN algorithm, but the region proposals are not fed
into the CNN. Instead, the original input image is fed
into the CNN to get the convolutional feature map.
From the convolutional feature map, only the region
proposals identified using selective search are selected
and warped into squares before being fed into a fully
connected layer.

Faster R-CNN: A neural network proposed by
Ren et al [22], named Faster R-CNN, is used to de-
tect fish in the footage. As the name implies, it is
faster than Fast R-CNN. Similar to Fast R-CNN, the
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input image is first fed into the convolutional network
which outputs a convolutional feature map. However,
instead of deploying a selective search algorithm on
the feature map to extract region proposals, a sepa-
rate network is used

YOLO:YOLO (You Only Look Once) [23] is fun-
damentally different from other algorithms in terms
of its region proposals and it is much faster. However,
the downside is that it is not suitable for detecting rel-
atively small objects, due to the spatial constraints of
the algorithm when determining the size of the grid
on input. YOLO is not suitable because underwater
fish can sometimes be relatively small.

SSD (Single Shot Detectors) [24] are faster than
Faster R-CNN and YOLO. (Inference speed of Faster
R-CNN = 425ms, SSD = 89 ms). This is achieved
by predicting bounding boxes after multiple convolu-
tional layers. However, the accuracy of SSD was not
acceptable when tested on our dataset, even when the
minimum score threshold had been reduced to as low
as 0.05. Examples can be seen in Fig 16.

Faster R-CNN’s RPN network enabled it to be
faster than its predecessors, R-CNN and Fast R-CNN,
which use selective search as the region proposal al-
gorithm, without compromising accuracy. SSD and
YOLO, on the other hand, are faster than Faster R-
CNN, but their accuracy could be compromised when
object sizes are small. This is because SSD predicts
box offsets from default bounding boxes by apply-
ing small convolutional filters to feature maps. This
process reduces the spatial dimension and resolution,
resulting in the high error rate when SSD is used for
detecting smaller objects. As for YOLO, due to the
spatial constraints of the algorithm when determining
the size of the grid on input, this method is also not
suitable to detect smaller objects. Therefore, due to
the fish’s unpredictable aspect ratios and sizes, which
can sometimes appear small, the Faster R-CNN ar-
chitecture was chosen for its better accuracy, despite
longer inference time when compared to YOLO and
SSD.

Fig.16: (a) Sample detection result of Faster R-
CNN; (b)Sample detection result of SSD.

4.2 Faster R-CNN

Anchor boxes are important for the Faster R-CNN
architecture. The default setting for Faster R-CNN
has 9 anchors for a position in an image. The number
of positions and the stride can be arbitrarily set. Fig.

17 [25] shows the 9 anchors at position (320,320) in
an image.

Fig.17: Anchor boxes visualization at a particular
position (320,320), with height and width ratio of 1:1,
1:2, and 2:1, in an image of size (600, 800).

Three colors represents three different scales: 128
× 128, 256 × 256, and 512 × 512. The anchors have
height to width ratios of 1:1, 1:2, and 2:1. The compu-
tational resources needed to classify all the spawned
anchor boxes are similar to that of sliding windows.
However, the region proposal network (RPN) shares
computational resources with the object detection
network. RPN predicts the probability of an anchor
box being a background or a foreground, and refines
the anchor. Therefore, RPN greatly reduces the num-
ber of regions that need classifying in an image. The
output of RPN is a set of proposed regions with in-
consistent sizes. This means that CNN feature maps
will be inconsistent as well. ROI Pooling is imple-
mented to reduce inconsistent feature maps of the
same size. This is done by splitting input feature
maps into an arbitrary number of equal regions, and
then Max-Pooling is applied on every region.

4.3 Model details

This section describes the details and hyper parame-
ter set used when training and setting up the model.
The Open Images Dataset v4 (OID v4) [26] was
used for ResNet [27] model training. The dataset
includes 600 classes, with 1743042 training images,
of which 23195 are training images of various types
of fish in different environments. A csv files contain-
ing annotations of bounding boxes and their labels
of training (1743042 images), validation (41620 im-
ages), and testing (125436 images) was used. It can
be downloaded from the official OID v4 website di-
rectly. ResNet does not perform well when the net-
work depth increases, due to the vanishing gradient
problem. As the gradient is back-propagated to pre-
vious layers, repeated multiplication with local gra-
dients will make the gradient infinitely small. This
causes the network performance to saturate and de-
grade. ResNet solves the vanishing gradient prob-
lem by performing skip connections by stacking iden-
tity mappings, which does not degrade the network
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performance. As a result, ResNet was able to train
deep networks without the vanishing gradient prob-
lem. First of all, data preparation is needed. Random
horizontal flips are applied as a data augmentation
step to increase system robustness. Then the csv file,
which contains annotation information, and the cor-
responding image files are converted into TFRecord,
a binary file format that contains both annotation
and image information.

Before training begins, weight initialization is
needed. This is to prevent loss gradients from being
too large or too small, where both cases will cause
the network to take more time to converge, or in the
worst case it may not converge at all. Variance scal-
ing is used for the initializer together with the average
numbers of input and output units. Thus it is ca-
pable of scaling adaptation to the shape of weights.
The number of training steps was arbitrarily set at
10000000 before the model stops learning. The initial
learning rate was set at 0.00006. After the 6000000th

step, the learning rate was decreased to 0.000006. At
the 7000000th step, the learning rate was further de-
creased to 0.0000006. This decrease in learning rate
is made so that the network will converge faster.

In order to avoid overfitting the data during train-
ing (weight updates), an L2 regularizer, also known
as Ridge Regression, is applied at the convolutional
layers without weight decay. Regularizers are used
to avoid the overfitting problem by adding biases
through penalty. The L2 regularizer is used instead
of L1 because it does not reduce features quickly. In
order for the network to converge more efficiently, an
optimizer named Momentum [28], is used. This is
because high variance oscillations in Stochastic Gra-
dient Descent (SGD) make convergence hard to reach.
Therefore, Momentum accelerates SGD convergence
by softening oscillations when it navigates in irrele-
vant directions.

During localization for the generation of the initial
bounding boxes, aspect ratios are kept at a minimum
dimension of 600 and maximum of 1024. Anchor cen-
tres have a stride of 6 for both height and width. A
total of 125,436 images provided by OID v4 were used
for testing. The mean average precision achieved was
54After training, the classifier can be used in the ob-
ject detection architecture. A flowchart of how Faster
R-CNN makes its inferences can be seen in Fig.18.
The detection results from the deep learning method
will later be compared with the results from the hand-
crafted method.

Fig.18: Steps for Faster R-CNN processing.

5. EXPERIMENTAL RESULTS AND DIS-
CUSSION

To evaluate the performance of the extended-
UFFMS system, the three different sets of footage
described in section 2 were used in the experiments.
The implementation for both methods is similar.
In both, the video footage is fed into the algo-
rithm and bounding boxes representing a fish are
drawn. For the Faster R-CNN method, it can be
said that each frame is processed separately without
any information from the previous frame. For the
extended-UFFMS method, pixel information enclos-
ing the bounding box is brought forward when pro-
cessing the next frame to track the fish. For each
of the footages’ output, five frames are selected ran-
domly to be analyzed. For each selected frame, the
ground truth of the number of fish was manually
counted and recorded. Note that fish in the back-
ground that are too small are not counted as ground
truth. The system’s output for the selected frames
was recorded as well. Table 4 shows the experimen-
tal results for the extended-UFFMS framework.

Table 2: UFFMS [11] result.

Video Avg Recall Preci- F-score
(accura- (R) sion (P) ((2×P×R)/P
cy of 5 (TP/TP+ (TP/TP+ +R)
frames) FN) FP)
(%)

(a) 63.86 0.86 0.90 0.88
(b) 76.27 0.90 0.86 0.88
(c) 78.42% 0.90 0.91 0.91
Total 74.59% 0.89 0.89 0.89
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Table 3: Extended-UFFMS result.
Video Avg Recall Preci- F-score

(accura- (R) sion (P) ((2×P×R)/P
cy of 5 (TP/TP+ (TP/TP+ +R)
frames) FN) FP)
(%)

(a) 53.64 0.64 0.91 0.73
(b) 53.53 0.70 0.84 0.75
(c) 66.53 0.69 0.99 0.79
Total 57.89% 0.68 0.91 0.76

Table 4: Faster R-CNN result.

Video Avg Recall Preci- F-score
(accura- (R) sion (P) ((2×P×R)/P
cy of 5 (TP/TP+ (TP/TP+ +R)
frames) FN) FP)
(%)

(a) 28.53 0.29 1.00 0.44
(b) 92.00 0.92 1.00 0.95
(c) 94.80 0.95 1.00 0.97
Total 71.77% 0.72 1.00 0.79

A description of the dataset used in the experi-
ments can be found in Section 2. According to Tables
4 and 5, deep learning method’s average accuracy rate
is 13.88% higher than the extended-UFFMS frame-
work. However, the grey highlighted column shows
that even though deep learning methods have a higher
accuracy rate, and are able to detect occluded fish,
under low light conditions as can be seen in the Grey
reef sharks with backlight footage, the deep learning
method’s accuracy dropped by 28.57% compared to
the extended-UFFMS method.

Note that for the extended-UFFMS framework,
there exists an average of 10.53% error rate in the
detection phase. The result of the detection phase is
passed on to the tracking module, which will contin-
uously track the wrong region, thus reducing the ac-
curacy of the framework compared to UFFMS. How-
ever, the precision rate for the extended-UFFMS is
higher than UFFMS-see Tables 3 and 4.

The black highlighted column shows that the deep
learning method, using a minimum threshold score
of 0.5, did not have any false positive fish count.
Note that a minimum threshold score of 0.5 was used.
Whereas for the extended-UFFMS network, with a
total precision score of 0.91, the system sometimes
erroneously classified the background as a fish.

As can be seen in the result tables, for the
footage with low lighting conditions, the deep learn-
ing method does not perform well. This is due to the
lack of training data that represents underwater fish
in low light conditions. Training the network with
datasets representing underwater fish in low lighting
conditions could help improve detection results for
Faster R-CNN. However, it is not an easy task to
acquire large sets of such specific data.

In particular, the extended-UFFMS methods were
able to detect foreground objects in footage with poor

lighting (Grey reef sharks with backlight) better than
Faster R-CNN. See – Fig 19.

Fig.19: (a) Successful detection for extended-
UFFMS framework; (b) Unsuccessful detection for
Faster R-CNN method.

The tracking module for the extended-UFFMS
framework also successfully tracked and separated
fish that occluded one another. This can be seen
in Fig 20. Before the tracking module was imple-
mented, the system erroneously categorized groups
of occluded fish as a single big fish.

Fig.20: However, when a contour is erroneously
classified as a fish, the tracker continues to track the
non-fish object in the footage. An example can be seen
in Fig. 21.

However, when a contour is erroneously classified
as a fish, the tracker continues to track the non-fish
object in the footage. An example can be seen in Fig.
21.
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Table 5: Comparison with other works.

Method Scenario Data Computation Automatic F-
Information (Light/Heavy) (Yes/No) Score

Fier et al. [6] -Darkened appearance of not known Moderate Yes 0.74
fish (100 1 minute (runtime NA)
-Highly turbid environment video, fps not (Processor information

known) NA)
Villon et al. [7] -Unconstrained environment 400 Heavy Yes 0.63

-Highly textured natural (runtime NA)
background (Processor information

NA)
Faster R-CNN -Unconstrained environment 15 Heavy Yes 0.79

-Uneven illumination (40.0s per frame)
Extended- -Unconstrained environment 15 Moderate Yes 0.76
UFFMS -Uneven illumination (0.8s per frame)

Fig.21: (a) Tracking imperfection due to imperfect
segmentation of fish edges; (b) Tracking imperfection
due to occluding effect of fish coinciding with the de-
tection phase.

Faster R-CNN had no occluding fish issue. The
deep learning network was able to accurately differ-
entiate fish instances despite fish objects being oc-
cluded. This can be seen in Fig 22.

Fig.22: Successful detection of partially overlapping
objects for Faster R-CNN method.

6. CONCLUSIONS AND FUTURE WORK

This paper can be seen as having 2 parts: 1)
Extended-UFFMS Framework, and 2) Faster R-CNN
method. Both methods are non-intrusive ways of au-
tomatically monitoring underwater fish to count the
number of fish in different types of environments.
Such an automated system aims to benefit fish farm
industries where the monitoring of the fish is fre-
quently done manually.

In the experiments to compare the performance of
the extended–UFFMS framework and the Faster R-
CNN method, the Faster R-CNN method performed
better for well-lit footage than the extended-UFFMS
framework. The reason the accuracy rate for the

extended-UFFMS framework is lower by 13.88% lies
in the tracking module. Erroneously detected re-
gions that have been passed on to the tracking mod-
ule will continue to be tracked, lowering accuracy of
the framework. However, accuracy of the extended-
UFFMS framework is higher by 25.11% than Faster
R-CNN for non-well-lit footage. Faster R-CNN was
able to achieve a perfect precision score of 1, which
means there were no false positives in detecting fish.

A comparison for a few fish monitoring methods
can be seen in Table 6. Experiments for the Faster
R-CNN method were run using Google Collab’s de-
fault processor, which is the default-n1-highmen-1
instance, 2vCPU@2.2GHz, with 13GB RAM. The
extended-UFFMS framework was run on Intelr
CoreTM i5-4210U 1.7GHz with Turbo Boost up to
2.7GHz, with 4GB DDR3 L Memory. The aver-
age time taken to process a frame for the extended-
UFFMS framework was 0.8s, which is 50 times faster
than the Faster R-CNN method, at an average of
40.0s. However, note that different processors are
used. The extended-UFFMS method’s main compu-
tation lies in the visual feature matching section. For
Fier et al’s method [6], the main computation lies in
the two background subtraction techniques that are
computed independently. The F-score for Faster R-
CNN method is highest among all of the fish mon-
itoring methods, at 0.79. However, note that the
datasets used for the fish monitoring methods are dif-
ferent. The challenge faced when using Villon et al’s
[7] dataset lies in the highly textured background,
which is not prevalent in the rest of the dataset. The
challenge in the dataset used in Fier et al is the highly
turbid environment. For Villon et al’s method, mis-
classification of the dataset’s textured background as
a fish is reported to be the main reason for lowering
their F-score, which totals up to 0.63.

There is still room for improvement for the pro-
posed frameworks in this paper. In extended-
UFFMS, there are faulty regions generated by the
detection module that got passed on to the tracking
module. In the Faster R-CNN method, insufficient
training data, especially in low-light environments,
caused a degradation in performance. Therefore, fu-
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ture work could aim to improve detection results and
simulate or collect more data of fish in different en-
vironments to train a better classifier for the Faster
R-CNN architecture.
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