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Abstract—Fish farmers are likely to cultivate poor quality fish
to accommodate the rising demands for food due to the everincreasing population. Fish growth monitoring greatly helps on
producing higher quality fish products which leads to a better
impact in the aquatic animal food production industry. However,
monitoring through manual weighing and measuring stresses
them that affects their health resulting to poorer quality or even
fish kills. This paper presents a low-cost monitoring and Hough
gradient method-based weight prediction system for Nile Tilapia
(Oreochromis niloticus) using Raspberry Pi microcontroller and
two low-cost USB cameras. This study aims to improve fish
growth rate through monitoring the growth of the fishes with
image processing eliminating the traditional way of obtaining fish
measurements. By using paired t-test, the acquired values imply
that the weight algorithm used to measure the weight of the
fishes is accurate and acceptable to use. Growth performance of
10 Nile Tilapia was obtained in two intensive aquaculture setups
– one for automated fish weighing through image processing and
predictive analysis and the other setup for manual weighing. In
response to weight prediction application, the growth of the
fishes increased by 47.88%.
Keywords—Fish; growth; Tilapia; image processing; predictive
analysis; weight prediction

I.

INTRODUCTION

Due to the world’s ever-growing population, humans need
alternative food sources. With that, aquaculture is an essential
contributor when it comes to food safety and daily living. It is
the fastest growing sector in the food industry worldwide
having its economic significance greatly increasing at the same
time [1]. However, aquaculture is having difficulties in terms
of production resulting on problems settling in the market [2].
In order to accommodate the growing demands for food, fish
farmers tend to harvest poor quality fish. Thus, monitoring the
growth of the fish helps to a great extent on producing a higher
quality product.
Automated monitoring of the growth of the fish is a more
convenient way of measuring and weighing it. According to
the Florida and Wildlife Conservation Commission, manual
measurement takes much labor and is time consuming on fish
farmers as fishes are being captured and handled. Capture and
handling are stressors that affect fish growth resulting on lower
quality fish [3]. The quality of fish being lower is one of the
issues aquaculture industry faces these days. Hence, with the
advancement of technology, science is being used in various

fields including the factory-farm and is applied to aquaculture
especially in water quality monitoring [4]-[13] and fish growth
& detection [14]-[15]. This makes the monitoring of the system
automated, reduces time consumed by the farmers and less
stressful to the fishes.
The aim of this paper is to develop an aquaculture system
that monitors the growth of the fishes using image processing
to improve fish growth rate. The study specifically aims (1) to
develop a fish weight prediction system for an intensive
aquaculture setup that automatically predict the fish weight
without manually weighing it, (2) to implement an Internet of
Things framework for accessing the weight prediction system
through an Internet-based application that displays the average
length and weight to determine the growth of the fishes, and
(3) to assess the efficiency and reliability of the system, and the
difference in the rate of fish growth between the aquaculture
setup with weight prediction system and the conventional setup
which involves manual weighing.
The system focuses on monitoring the growth of the fishes
through image processing and predictive analysis. It utilizes
two low-cost USB camera and micro-computer. Preprogrammed in the micro-computer are the tested calibration
settings for the implementation of stereo-vision technology to
the cameras used and the weight prediction algorithm. This
method lessens the effort of fish farmers on determining the
growth of the fishes while minimizing the possibilities to have
a lower quality fish. Moreover, as the system utilized low cost
materials, the implementation of the study also benefits fish
farmers cultivating fishes on small-scale aquaculture system.
The data acquisition is only once per week and is set to occur
at a specific time in the day. This study is restricted to
cultivating one species in an Intensive Aquaculture Setup,
namely Nile Tilapia (Oreochromis niloticus). Tilapia is a fastgrowing fish and tolerant of various conditions in the
aquaculture environment. Due to its growth rate, low cost of
production, and inexpensive on the market, Nile Tilapia is
cultivated from extensive to intensive aquaculture systems in
any form.
The paper is presented as follows: Section II includes the
works related to the study and their gaps. The methodology and
system architecture are explained in Section III. The results and
discussion are presented in Section IV. Lastly, conclusion and
future work are stated in Section V.
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II. RELATED WORKS

III. METHODOLOGY

Aquaculture, also known as aquafarming, is the cultivation
of aquatic plants and animals under controlled or semicontrolled system [16]. It is the farming of aquatic creature
such as fish, mollusks, algae and other organisms. It provides a
living habitat for various aquatic creature with environment
conditions optimal for their growth [17]. With the growing fish
demand and declining production from fisheries, aquaculture is
acquiring further significance [18].
Tilapia as shown in Fig. 1 is very versatile and is tolerant to
different aquaculture environments. Tilapia are cultivated in
every method from extensive to intensive aquaculture system
[19]. Because of its growth rate, low production cost and
affordable in the market, Tilapia is being cultured in
aquaculture [20]. Moreover, they only have 5 basic needs: (1)
food (2) light (3) room to Swim (4) oxygen and (5) clean
water.
A study in [21] stated that approximation of fish size and
weight is important in fish farming. This provides data that are
essential for fish feeding and harvesting. However, manual
weighing and measurement are stressful to the fish.
According to a study [3], capturing and handling causes
stress. Provided by experiments, evidences are documented
that when handling the fish, its blood cortisol and/or glucose
levels increases which are intrinsically stressful.
A study in [22] stated that Tilapia shows isometric growth
patterns whenever they are culture in an environment condition
optimal for their growth. This study obtained the length-weight
relationship of Nile Tilapia.
Most previous works relating to aquaculture and fisheries
systems only considered to assess the effects of stress to fishes
due to manual weighing and determining the length and weight
relationship of Nile Tilapia. The researches and information
pertaining weight prediction specifically on the genus Tilapia,
species Oreochromis niloticus (Nile Tilapia) generally, have
not been applied or put to practical use. To further enhance the
study, it is also important to consider some of the other factors
that greatly affect the growth, as well as quality, of the fishes
thus, the proponents considered developing a weight prediction
system for Nile Tilapia. The incorporation of weight prediction
system suggests for a lesser possibility of the fishes to have a
poorer quality. It also reduces the effort and time consumed by
the fish farmers on determining the fish growth rate. Profound
research on fish growth issues show stress as one of the major
factors influencing fish growth, which is why the lack of direct
interaction with fish leads to a healthier fish.

A. Conceptualization and Design
The design and development of this study is mainly
concerned with the weight prediction system for Nile Tilapia.
Weight of the fish is the vital parameter that was considered in
this study.
Fig. 2 shows the process flowchart. Two low-cost USB
Camera were used. These cameras are programmed into a
Stereo-Vision camera for distance measurement. The camera
captured images which are processed in the Arduino Mega.
The system detects fishes and acquires different parameters
needed for predictive analysis. The then captured images are
processed through various filters to accurately calculate the
actual length of the fishes for the weight prediction through
length and weight correlation. From here, the data are sent to
the database via Long Range Wide Area Network (LoRaWAN)
IoT Protocol and are displayed to the Web Application.
B. Fish Weight Prediction System
Two aquaculture systems as shown in Fig. 3 were made to
culture 10 Nile Tilapia. The first system employs conventional
method of weighing Tilapia wherein the fishes are being
captured, handled and placed on a digital weighing scale while
the other system employs automated fish weighing where a
camera is used to predict the weight of the fish.
Fig. 4 shows the system flowchart of the proposed system.
The input parameter in the system includes the image of fish.
For the process it includes image processing that is composed
of various sections namely: cropping which is the division of
image into two regions of interest [23], grayscale used for
converting image into shades of gray with no apparent color,
blurring which is the relative motion between a camera that
is out of focus and a specific object [24], binary thresholding to
create binary images, erosion for removal of pixels on object
boundaries, dilation for adding pixels on object boundaries and
morphological closing for filling small holes from an image
without affecting the size and shape of the objects in the image.
Two low-cost USB camera were utilized to produce stereocamera, implementing stereo-vision technology. Multiple
images from both cameras were collected for calibration and
depth map tuning. Tested calibration settings were loaded to
attain accurate distance measurements.

Fig. 2. Process Flowchart.

Fig. 1. Tilapia (Oreochromis Niloticus).
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If a circle is parameterized by its radius 𝑟 and its center
coordinates (𝑎, 𝑏) , then these are correlated to the position of
edge points (𝑥, 𝑦), which create the circle by means of the
limitation:

(𝑥 − 𝑎)2 + (𝑦 − 𝑏)2 = 𝑟 2

Fig. 3. Conventional and Automated Aquaculture System.

(1)

Equation 1 also specifies that “every certain edge point
(𝑥, 𝑦) could be a point on any circles” where “their limitations
lie on the plane of a right circular cone in the (𝑎, 𝑏, 𝑟)
parameter space.” All image points which are on the circle
interpreted by those three parameters if the cones
corresponding to several edge points cross at an only point
[24].
Actual length was measured using the contour of fish,
converting its pixel length to an actual measurement following
pixel/metric conversion. Lastly, actual length was used for
weight prediction through predictive analysis.
The weight prediction which is derived using polynomial
regression is represented as:
𝑤 = 0.1017𝑥 3 − 4.8944𝑥 2 + 93.44𝑥 − 583.06

(2)

Where: w = weight of the fish predicted
x = length measured

Fig. 5 shows the image processing once the fish is detected.
Once the contour was drawn, circle detection takes place to
detect the eye of the fish for basis of distance measurement.
Fig. 6 shows the actual fish detection with length
measurement and weight prediction.
C. Distance Measurement
A stereo-vision camera has two or more lenses with a
distinct image sensor for every lens and have the ability to
perceive depth. Instead of using costly depth camera, two lowcost USB cameras are calibrated to act as a stereo-vision
camera.
The cameras are calibrated in order to calculate the
disparity value between frames captured from left and right
camera as shown in Fig. 7.

Fig. 4. System Flowchart.

After reading the camera feed, object detection and depth
map creation were processed simultaneously. Frames, with
detected images of Nile Tilapia, undergone series of image
processing techniques to filter only the contour of fish, as well
as removal of noises and unwanted data for more accurate
measurements.
Once the contour was drawn, eye-tracking technique
through circle detection was performed to pin-point consistent
part of fish as basis of its distance from the camera. Hough
Gradient Method of the OpenCV is implemented to detect
circles. This method utilizes the gradient information of edges.

Fig. 5. Image Processing.
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Fig. 6. Weight Prediction.

Fig. 7. Calibration Settings.

Fig. 8 shows the Regression analysis between the actual
distance and disparity value. The acquired equation for the
distance of the fish in terms of pixel is calculated as:
𝐷 = 0.1017𝑧 3 − 4.8944𝑧 2 + 93.44𝑧 − 583.06

(3)

D. Examined Trendlines
Fig. 10 shows the relationship between length and weight
in a polynomial trendline. The acquired R2 value is 0.9324
while the equation for weight computation is 0.1017x3 4.8944x2 + 93.44x - 583.06.

Where: D = distance in terms of pixel
z = disparity value

To identify the actual distance of the fish from the camera,
the obtained virtual length (in terms of pixel) is calculated
following pixel/cm conversion using regression analysis as
shown in Fig. 9. The acquired actual distance is used to
calculate the length of the fish that is needed for weight
prediction.
The actual distance of the fish following pixel/cm
conversion is represented as:
𝑝𝑝𝑐𝑚 = 0.0017𝑧 2 − 0.1601𝑧 − 10.18

(4)
Fig. 8. Actual Distance vs Disparity Value
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Fig. 9. Distance vs. Pixel/cm.
Fig. 11. Length in Cm vs. Weight in grams (Exponential).

Fig. 10. Length in Cm vs. Weight in Grams (Polynomial).
Fig. 12. Length vs Weight (Linear).

Fig. 11 shows the correlation of length and weight in a
Exponential trendline. The value of the R2 acquired is 0.9286
while the equation for weight computation is 4.7915e0.1661x.
Fig. 12 shows the correlation of length and weight in a
Linear trendline. The value of the R2 acquired is 0.8741 while
the equation for weight computation is 23.212x - 315.08.
Fig. 13 shows the correlation of length and weight in a
Logarithmic trendline. The value of the R2 acquired is 0.8125
while the equation for weight computation is 435.58ln(x) 1149.1.
Various trendlines were examined to determine the most
suitable to the data gathered such as Polynomial, Exponential,
Linear and Logarithmic. The value of the R2 was used to
determine the fitness of the line. The closer to the value of 1,
the best fit trendline to the dataset.
E. Web Application
The TeamLapia web application as shown in Fig. 14 is
made to organize all the data gathered and display the most
recent status of the fishes. The web application exhibits the
numerical values of the essential parameters including the
average length and weight to determine the growth of the
fishes. Through the use of various JavaScript and php codes,
data are transmitted from the database to the UI. On the other
hand, using html, CSS and JavaScript scripts, the graphs and
dynamic design of the application are made to make it more
suitable for end-users.

Fig. 13. Length in cm vs Weight in grams (Logarithmic).

F. Statistical Analysis
The results obtained between the measured and predicted
weight of the samples were evaluated statistically using t-test:
Paired Two Sample for Means.
The test statistic is calculated as:
𝑡=

𝑑�

(5)

�𝑠 2 /𝑛

Where: d’ = mean difference
s2 = sample variance
n = sample size
t = t quantile with n-1 degrees of freedom
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IV. RESULTS AND DISCUSSION
To test the accuracy of the Weight Prediction Algorithm, a
comparison was made between the actual measured weight of
the fishes and the predicted weight. Table I shows the recorded
weights of ten fish samples and their corresponding percentage
error. With the data assimilated, it was inferred that the
measured and predicted weight were almost the same as it only
has a mean percentage error of 2.82%. With that in mind, to
further test the accuracy of the device, a hypothesis test was
also conducted.
The p-value for two-tailed test is greater than the
significance level of 0.01 which means that we have to accept
the null hypothesis that there is no significant difference
between the measured and predicted weight of the samples,
Table II. This implies that the weight prediction algorithm used
to measure the weight of the fishes is accurate and is
acceptable to use.
TABLE I.

EXPERIMENTAL DATA FOR PREDICTED AND MEASURE
WEIGHT OF SAMPLE FISHES

Fish
Sample

Weight (g)
Measured

Predicted

1

105.5

2

97.5

3

Difference

Error (%)

110

-4.5

4.09%

105

-7.5

7.14%

148.4

150

-1.6

1.06%

4

141.6

150

-8.4

5.6%

5

152.4

150

2.4

1.6%

6

104.7

105

-0.3

0.28%

7

147.5

150

-2.5

1.67%

8

134.8

135

-0.2

0.15%

9

108.4

110

-1.6

1.45%

10

104.3

110

-5.7

5.18%

Mean Percentage Error

2.82%

TABLE II.
TWO SAMPLE FOR MEANS PAIRED T-TEST OF EXPERIMENTAL
DATA FOR PREDICTED AND MEASURED WEIGHT OF SAMPLE FISHES

Fig. 14. Web Application Interface.

Measured

Predicted

Mean

124.51

127.5

Variance

491.8232222

445.8333333

Observations

10

10

Pearson Correlation

0.988461845

Hypothesized Mean Difference

0

df

9

t Stat

2.736983041

P(T<=t) one-tail

0.011480323

t critical one-tail

2.821437925

P(T<=t) two-tail

0.022960645

t critical two-tail

3.249835542
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The weight of Nile Tilapia was monitored in both
conventional and automated aquaculture setup. Initially, the
weight of the fishes on both setups are equal and the growth of
the fishes is observed for two weeks. The fish growth rate
based on weight in the automated setup which uses camera for
weight prediction was 17g (from 24g to 41g) while the
conventional system which employ manual weighing of fish
only obtained an average of 11g (34g to 35g) as shown in
Fig. 15.
Table III shows the measured weight of the fish cultured in
the automated setup which employs camera for weight
prediction.
Table IV shows the measured weight of the fish cultured in
the conventional setup which uses the manual way of weighing
fish that involves, catching, handling and measuring on a
digital weighing scale.

Based on the data shown, the growth rate in the automated
aquaculture setup is 30.70% each week and is greater
compared to the conventional setup which has 20.76% growth
rate per week. The automated aquaculture setup which employs
weight prediction through camera improves the growth of the
fishes in terms of weight by 47.88%.
V. CONCLUSION
The authors developed an automated aquaculture setup
with weight prediction technology that makes use of image
processing techniques and predictive analysis which yields to a
higher growth and survival rate for Nile Tilapia. By avoiding
stressors to fishes, such as capturing and handling to manually
measure its weight and monitor its growth, the data gathered
shows beneficent results to the rate of fish growth. The growth
rate of the fishes in terms of weight improves by 47.88% with
only 2.82% mean percentage error on the weight prediction.
For future work, this study can be applied for growth
monitoring of other animals on various environment.
For future work, this study can also be applied in predicting
the weight and length of other aquatic animals in different
aquaculture systems to determine its growth. This lessens the
effort of the fish farmers and minimizes the possibilities of the
fish to have a lower quality. Moreover, the acquired length and
weight measurements may also be used to determine the
number of fishes to cultivate in a given area to prevent space
and food deprivation.
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Fig. 15. Conventional vs Automated Aquaculture Setup Fish Growth
measured Every Week.
TABLE III.

FISH WEIGHT IN AUTOMATED SETUP MEASURED USING
CAMERA

Fish No.

Initial

Week 1

Week 2

1

20

25

35

2

20

30

35

3

25

35

40

4

25

35

45

5

30

40

50

Average

24

33

41

TABLE IV.
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