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This study developed a real-time fish classification and counting system for six types of
fish using the YOLOv5 machine learning model with high accuracy. The system achieved
an Fl-score of 0.87 and a precision confidence curve with an all-classes value of 1.00
at a confidence level of 0.920, demonstrating the model’s reliability in object detection
and classification. Real-time testing showed that the system could operate quickly and
accurately under various environmental conditions with an average inference speed of
30 FPS. However, several challenges remain, such as sensitivity to low-light conditions.
Overall, this system has significant potential for applications in aquaculture, particularly
for automated and real-time fish monitoring. With compatibility through the ONNX
format, the system is also flexible for integration into IoT-based devices or cross-platform
applications, providing a solid foundation for further advancements in computer vision-
based fish monitoring technology.

Keywords: deep learning; YOLOvS; fish classification methods; computer vision; real-
time fish counting.
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1. Introduction

The advancement of real-time camera technology and artificial intelligence [1,2] has ushered in new
opportunities in the fisheries industry [3,4]. The combination of real-time cameras with artificial neural
networks (ANN) and deep learning techniques [5] promises an efficient and accurate solution for real-
time fish detecting [6]. The Artificial Neural Network (ANN) then indicate whether the object in the
camera’s image is a fish [7]. The real-time use of cameras combined with deep learning [8] will result
in an integrated approach to detect and classify fish in underwater videos 9] thus, in the future, this
research can be applied to underwater robot systems to analyze the behavior of various fish species [10].

This research aims to implement real-time camera technology in conjunction with deep learning
for direct fish counting in fisheries environments [4]. By harnessing the power of machine learning
algorithms [11], this study not only seeks an efficient alternative to manual counting methods but also
aims to pave the way for a more holistic and intelligent fisheries management approach.

One way to manually count the number of fish is by placing several fish on a container placed above
a water tank or pond, then pushing some fish into a channel and counting them one by one [12|. Mean-
while, fish counting using artificial intelligence technology, provides the implementation of Artificial
Neural Networks (ANN) [13]. Deep learning methods [14,15] are employed to classify fish species [9,16].
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Therefore, the use of real-time cameras combined with deep learning [17] can result in accurate and
real-time fish counting.

The results of fish classification can provide significant benefits in various aspects, including faster
and more accurate identification of fish species [18|, monitoring fish populations, and supporting fish-
eries resource management to maintain environmental sustainability and ensure an adequate supply of
fish for communities [19].

2. Theoretical background

Technological advancements have significant impacts on various sectors [20], including the cultivation
of flora and fauna. The use of artificial neural networks has achieved great success, particularly in
handling text, images, videos, etc. [21]. Furthermore, the artificial neural networks can be employed
in sorting machines and the classification of fruit ripeness [22]. Furthermore, the advanced artificial
intelligence can be applied in robotics systems to recognize human faces in real-time using cameras 23],
by embedding a database into the system, enabling the robot’s camera to recognize these facial patterns.

Deep learning is a subset of machine learning that employs artificial neural networks with multiple
layers (deep neural networks) to analyze data [24,25]. This method can capture complex patterns within
data and is widely used in applications such as image recognition, natural language processing [26,27],
and object counting [28].

2.1. You Look Only Once (YOLO) v5

YOLO (You Only Look Once) [29] is a renowned object detection model known for its high speed
and efficient approach to address issues found in conventional object detection architectures [30]. In
YOLO, object detection and class probability predictions are performed directly on the image with
a single evaluation [31], avoiding the complexity of conventional detection pipelines. YOLO v5, as a
recent version, continues to improve performance and accuracy by utilizing regression as the detection
approach and optimizing the network architecture. With 24 convolutional layers followed by 2 fully
connected layers [32], the model is capable of making global predictions about the image, resulting in
fewer false positive predictions. This is illustrated in Figure 1.
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Fig.1. The Architecture of YOLO.

In Figure 1, it can be observed that the alternating 1 x 1 convolutional layers are used to reduce
the feature space from the previous layers [29]. Pretraining is conducted on the convolutional layers for
the ImageNet classification task with half resolution (224 x 224 input images), and then the resolution
is doubled for the detection process [29]. In addition, YOLO can also be applied to detect objects in
water [33] and doing it in real-time object detection in videos on embedded devices [34].
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2.2. The fish classification method using YOLOv5

With the advancement of artificial intelligence, particularly in the field of computer vision [35], the
object classification process has significantly improved in efficiency and accuracy [36]. This study
adopts a classification method using the YOLOv5 algorithm, a renowned object detection model known
for its ability to detect and classify objects in real-time. The application of YOLOVS5 in classifying fish,
such as Koi fish and Goldfish [37], represents a significant step toward supporting various applications,
including aquaculture, environmental monitoring, and fishery-based industries. With this method, of
fish species identification can be automated, which delivers fast and accurate results while providing a
more efficient solution compared to manual methods. This research outlines systematic steps in utilizing
YOLOV5, ranging from data collection and annotation to model training and performance evaluation
using relevant metrics [38]. The outcomes of this study are expected to contribute meaningfully to the
development of computer vision-based classification technology [39], particularly in the fisheries sector,
and inspire further research.

2.3. Evaluation of model

The commonly used evaluation metric is accuracy, which measures how often the model provides
correct predictions in classifying images of an object. This accuracy approach is calculated by dividing
the number of correct predictions by the total number of samples [40]. The commonly used metrics in
cases of image classification when the number of positive and negative samples is imbalanced include
precision, recall, and F1-Score.

Precision is one of the essential evaluation metrics in assessing the performance of a classification
system. Precision provides an insight into how accurately the model identifies positive outcomes. The
precision formula is expressed as:

.. TruePositive
Precision = TruePositive + FalsePositive (1)
Precision measures, among all the model’s positive predictions, what percentage is truly relevant or
correct. High precision indicates that the model tends to provide accurate positive predictions and
minimizes false positive predictions.

Recall, also known as Sensitivity or True Positive Rate, is a crucial evaluation metric in assessing
the performance of a classification system. Recall provides an insight into how well the model can
recognize all positive outcomes that should be identified. The recall formula is expressed as:

TruePositive
Recall = . 2
eca TruePositive + FalseNegative 2)

Recall measures, among all the actual positive instances, what percentage is successfully identified by
the model. High recall indicates that the model can detect most of the actual positive instances.
TrueNegative

(3)

Specificity indicates the model’s ability to correctly classify all negative outcomes. Meanwhile, F1-
Score provides a balanced measurement between precision and recall by combining. F1-Score provides
a holistic overview of the model’s performance by considering both aspects. F1-Score is calculated
using the harmonic mean of precision and recall:
2 x (Precision x Recall) 4

(Precision + Recall) )
F1-Score has a range of values between 0 and 1, where a value of 1 indicates perfect performance with
optimal precision and recall. F1-Score is particularly valuable when there is an imbalance between
positive and negative classes in the dataset, as it can provide a more accurate representation of the
overall model performance.

In its application context, F1-Score is commonly used in various fields, including image processing,

object detection, and evaluation of classification model performance in imbalanced class scenarios.

Specificity = '
pectiicity FalseNegative + TrueNegative

F1-Score =
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3. Experimental method

3.1. The method and system for fish classification

The fish classification method in this study was carried out using a computer vision-based approach with
YOLOV5, an object detection algorithm known for its efficiency and high precision. The classification
process includes several key steps, namely, data annotation, model training, and result evaluation.
Figure 2 below shows the flow diagram of the classification process for six types of fish using YOLOv5.

Data Collection ) Dataset Spitting Model Spiting
‘Data @nalaction |, Moda.l neting  Mardel & Goldfisio

Confration

Model
Predictation

Model

Model Exper  Export M%‘,’ELE"W'*

Result Analysis

Fig. 2. Flowchart of the fish classification using YOLOV5.

The flow chart above illustrates the systematic steps for classifying fish using YOLOv5. The
process begins with data collection, which involves images of fish that include variations in pose, size,
background, and lighting. The images are then annotated using Roboflow to create bounding boxes
around the objects and label them according to their category. The types of fish classified in this study
are Angel Fish, Glow Fish, Golden Fish, Platy Fish, Kaviat Fish, and Koi Fish. The annotated data
set is then divided into three subsets: training set (60%), validation set (30%) and test set (10%) to
ensure the model’s generalization.

YOLOV5 configuration is performed by adjusting the configuration files to match the dataset, and
an appropriate model is selected based on the desired accuracy and speed. The model training process
is conducted with optimal parameters, such as batch size, learning rate, and number of epochs, followed
by evaluation using the validation set and test set to calculate metrics such as precision, recall, F1
score, and graphs such as the confusion matrix. Once training is complete, the best model is exported
in formats such as ONNX for cross-platform compatibility and then used to detect and classify fish
in new images or videos. The prediction results are analyzed to ensure that the model performs as
expected and, if necessary, retraining is carried out with an updated dataset. This diagram provides a
clear depiction of the entire fish classification process using YOLOvV5.

1) Image Annotations: The image annotation process was carried out to produce a high-quality
dataset used for model training. In this study, a total of 214 images of fish consisting of six different
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species were annotated using Roboflow, a platform that facilitates the creation of bounding boxes
around objects in images. Each image was accurately labeled to distinguish the six fish species, with
special attention given to bounding box accuracy to ensure the model could effectively learn the visual
characteristics of each class. The annotated dataset was then exported in the ONNX format, which is
compatible with YOLOV5, to proceed with the training process.
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Fig. 3. Recall confidence curve.

The Recall-Confidence Curve above illus-
trates the relationship between recall values and
the confidence level of the YOLOv5 model in
classifying six types of fish: Angel Fish, Glow
Fish, Golden Fish, Kaviat Fish, Koi Fish, and
Platy Fish. From the graph, it can be ob-
served that the highest recall reaches 0.97 at
a confidence of 0.000, indicating that the model
captures almost all objects when no confidence
threshold is applied. As the confidence level in-
creases, recall gradually declines until it drops
sharply beyond 0.8. This suggests that higher
confidence thresholds result in fewer detections
by the model, leading to more unidentified ob-
jects (an increase in false negatives). Perfor-
mance varies across classes, with Kaviat Fish
and Angel Fish maintaining higher recall values
compared to other classes, while Platy Fish ex-

periences a more rapid decline in recall. To balance recall and precision, selecting an optimal confidence
threshold - such as within the range of 0.4 to 0.7 is essential to ensure that the model can detect fish
accurately without sacrificing too many correct detections.
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Fig. 4. Precision-confidence curve.

The Precision-Confidence curve shows that
precision increases as the confidence threshold
rises, reaching 1.00 at 0.920 for all classes. This
indicates that at high confidence levels, the
model produces fewer detection errors. Angel
Fish and Golden Fish exhibit more stable pre-
cision compared to other classes, while Kaviat
Fish shows slight fluctuations. An optimal con-
fidence threshold of around 0.5—0.8 can balance
precision and recall for more accurate fish clas-
sification results.

2) The Model Training with YOLOv5: The
model training was conducted using YOLOVS5,
known for its efficiency and accuracy in object
detection tasks. The annotated dataset was di-
vided into three subsets: training set (60%), val-
idation set (30%), and test set (10%) to ensure
the model’s generalization. Training parame-

ters, such as batch size, learning rate, and the number of epochs, were optimally configured to enable
effective learning. During the training process, YOLOV) iteratively learned patterns from the images
in the training set and validated its performance using the validation set. Upon completion of training,
the best model was selected based on evaluation metrics such as the F1-Score and exported in the
ONNX (Open Neural Network Exchange) format to support cross-platform inference. The F1-Score
from the fish classification using YOLOV5 is shown in Figure 5.
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In Figure 5, the F1-Confidence Curve graph
above illustrates the relationship between the
F1 score and the confidence level of the
YOLOvV5 model in classifying six types of fish:
Angel Fish, Glow Fish, Golden Fish, Kaviat
Fish, Koi Fish, and Platy Fish. The highest F1
score is achieved at a confidence level of 0.595,
with an F1 value of 0.87, indicating an opti-
mal balance between precision and recall across
all classes. FEach fish species exhibits slightly
different performance, with Angel Fish demon-
strating the best performance, as its F1 curve
remains more stable across various confidence
levels, while Golden Fish and Platy Fish expe-
rience a more rapid decline. The sharp drop in
the F1 score when confidence exceeds 0.8 indi-
cates an increase in false negatives, leading to a

decrease in recall and an overall reduction in the F1 score. Therefore, selecting a confidence threshold
in the range of 0.595 to 0.7 is considered ideal for maintaining a balance between precision and recall
in real-world model applications. Meanwhile, the confusion matrix results for the classification of Koi

fish and Goldfish are shown in Figure 6.
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Fig. 5. The F1-Score of fish classification
using YOLOVS5.
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Fig. 6. Confusion matrix.

Based on the displayed confusion matrix, the model performs quite well in classifying several types
of fish, such as Angel fish 95%, Glow fish 90%, Koi fish 89%, and Platy fish 86%. However, there are
some significant misclassifications, such as Golden Fish, which is classified as Koi fish in 14% of cases,
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and Glow fish, which is misclassified into the background category at a rate of 30%. These errors
are likely caused by visual similarities between fish species, an imbalanced training dataset, and the
complexity of the background in the images.

3.2. Experiments and real-time system testing

The experiments and system testing were conducted to evaluate the ability of the YOLOv5 model to
count the number of fish based on their classes in real-time using the ONNX file. The model was
implemented through a Python-based deep learning method to detect, classify, and count fish from
video or live camera feeds. The testing aimed to assess accuracy, response speed, and system stability
under various conditions, such as lighting, movement, and background diversity. The flow of the fish
classification and counting system testing process is illustrated in Figure 7.

Input Object Figure 7 above illustrates the workflow of a real-time
fish counting system using the YOLOv5 model imple-
mented with Python. The process begins with input
from a real-time camera that captures images or videos
of fish in an aquarium, serving as the system’s primary
input. The data is then processed using a Python-based
deep learning method, where the pre-trained YOLOv5
model, exported in ONNX format, performs detection,
classification, and counting of the fish. Each detected
fish is marked with a bounding box labeled with its cat-

Real-time Camera

L
|
"?\

Deep learning Python  Classification and fish egory: Angel fish, Glow fish, Goldfish, Kaviat fish, Koi
counting fish, and Platy fish. The final output is an accurate
Fig. 7. Experiment for fish counting method.  (]assification and fish count displayed live on a com-

puter screen, demonstrating an efficient real-time system implementation that can adapt to various
environmental conditions.

4. Result and discussion
4.1. Experimental results and system testing
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Fig. 8. Results of the fish counting test based on fish classification.
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The experimental results show that the YOLOv5 model successfully detects and classifies six types
of fish with relatively high accuracy. Based on testing on the test dataset, the model achieved an F1-
score of 0.87, reflecting a good balance between precision and recall. The confusion matrix indicates a
relatively low classification error rate, with only a few misclassified samples. Additionally, the precision
confidence curve shows an all-classes value of 1.00 at a confidence level of 0.920, confirming the accuracy
of the developed model in detecting objects with high confidence levels.

Real-time testing was conducted to evaluate the system’s reliability in detecting and counting fish
based on their classification. The system uses a real-time camera to capture video input, which is then
processed through the YOLOv5 model integrated with Python Deep Learning using an ONNX file.
This process produces real-time object detection with bounding boxes and labels indicating the fish
categories and confidence scores. The testing workflow is illustrated in Figure 8.

In the experiments conducted, the real-time detection results demonstrated excellent model perfor-
mance in identifying and counting the number of fish in an aquarium.

Figure 8 shows the analysis of fish classification and
counting results using the YOLOv5 model. It indi-
cates that the system performs quite well in detecting
six types of fish with varying counts, although there
are still some challenges in detection accuracy. The
model successfully identified 6 Angel fish, 8 Glow fish,
2 Golden fish, 0 Platy fish, 2 Kaviat fish, and 6 Koi fish,
with confidence scores ranging from 0.30 to 0.91. How-
ever, several factors affect the system’s performance, Fig.9. QR code to link video result
such as overlapping bounding boxes, visual similarities of the counting fish.
between fish, and complex lighting and background conditions. Some misclassifications were observed,
particularly with fish of similar colors, such as Golden fish occasionally being classified as Koi fish,
as well as some detections with low confidence scores, indicating model uncertainty in classification.
To enhance system accuracy, several improvements can be made, including improving dataset qual-
ity through data augmentation, adjusting the confidence score threshold, fine-tuning the model with
a more balanced dataset, and using a higher-resolution camera to reduce noise and blur caused by

fish movement. Overall, the system shows strong potential for real-time fish detection, with further
refinements its accuracy and reliability can be improved to achieve more precise fish classification and
counting. The results of the fish counting test can be accessed via the QR Code in Figure 9.

Figure 9 presents a video of the fish counting test results based on classification. From the results
obtained, only platy fish were not detected. This is due to the fish’s pattern, which closely resembles
the aquarium background, as well as the limited number of platy fish images during the annotation
process. Meanwhile, other fish species were successfully detected.

4.2. Real-time system performance evaluation
In real-time testing using a camera, the system accurately detected and counted the number of fish
with an average inference speed of 30 FPS (frames per second). Variations in environmental conditions,
such as lighting, background, and fish movement, did not significantly affect system performance,
although minor errors were observed under dim lighting conditions. The model exported in ONNX
format proved compatible with various devices, enabling implementation in IoT-based systems or
cross-platform applications.

The real-time system performance evaluation is linked to the results shown in Figures 8 and 9.
In Figure 8, the system successfully detected the number of fish based on their classification, with
confidence scores ranging from 0.595 to 0.70, while no platy fish were detected. As shown in the video
in Figure 9, this is due to the similarity of the platy fish’s pattern with the aquarium background.
These results indicate that the model is not yet highly accurate due to the limited number of images
for platy fish.
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4.3. Discussion and analysis

The combination of YOLOv5 with a learning dataset in the ONNX file format has produced a reliable
fish detection model. The fact that the precision confidence curve reaches its maximum value indicates
that the model has a high tolerance for prediction thresholds, making it suitable for scenarios requiring
high accuracy. Each detected fish is assigned a colored bounding box according to its classification,
with confidence scores ranging from 0.39 to 0.91. Some fish have low confidence scores, indicating
potential detection errors, while Platy Fish were not detected at all, possibly due to their patterns
resembling the aquarium background or the limited number of training data samples. Other factors
affecting detection accuracy include lighting conditions, fish movement, and the quantity and quality
of samples in the training dataset. To enhance system performance, additional training data should be
incorporated, especially for fish species that are difficult to detect, along with improved lighting during
image capture and the application of data augmentation techniques. Overall, this system is quite
effective in detecting and counting fish in real-time, although some aspects still need improvement to
achieve better accuracy and reliability.

5. Conclusion

This study successfully developed a real-time classification and counting system for six types of fish
using the YOLOvV5 machine learning model with high accuracy. The system achieved an F1l-score of
0.87 and a precision confidence curve with an all-classes value of 1.00 at a confidence level of 0.920,
demonstrating the model’s reliability in object detection and classification. Real-time testing showed
that the system could operate quickly and accurately under various environmental conditions with an
average inference speed of 30 FPS. However, several challenges remain, such as sensitivity to low-light
conditions. Overall, this system has significant potential for applications in aquaculture, particularly
for automated and real-time fish monitoring. With compatibility via the ONNX format, the system
is also flexible for integration into IoT-based devices or cross-platform applications, providing a solid
foundation for further advancements in computer vision-based fish monitoring technology.
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Po3pobka rnnbuHHoro Has4aHHa i3 BukopuctaHHam Python 3.9 ta
YOLOVS: npuknag nigpaxyHky pubun B peasibHOMY 4Haci Ha OCHOBI

Knacundikauii

Mynabrapkam P.L Ao A. @. M.', JTxxamamynin 1111, Maga Cammxas B. C.2,
Cambac A.>* Pycun B.?, Cenux FO. A8

I Vinieepcumem Manatizis Tepeneeany, Kyana Hepyc, 21030, Manatsis
2 Vuisepcumem Icaam Hezepi Cynan Dynyme Jorcami, Bandyne, 40614, Indonesia
3 Yuisepcumem Cyaman 3atinan A6idin, Kamnyc Becym, 22200, Tepeneeany, Manatisis
4 Vuisepcumem Myzammadia Tacixmanas, Tacixmanas, 46196, Indonesis
5 Yepniseyvruti nayionasvrut ynisepcumem imeni FOpisa @edvkosuua,
eys. Kouroburcvroezo, 2, Yepnisui, 58012, Yxpaina
8 Hauionarvnuti aicomexnivnud ynisepcumem Yrpainu,
eya. Ten. Qynpuwxu, 103, 79057, Jlveis, Yxpaina

Y npoMy JoCTiIzKeHHI po3pobseHo cucTeMy Kiacudikaliil Ta miapaxyHKy pud y peaabHO-
My 4aci JIjIs IIeCTH TUIB pub 3 BUKOPUCTAHHAM MOJesi MamuaHoro Hap4yanus Y OLOv5 3
Bucokor TounicTio. Cucrema nocsria 3aadenns Fl-mipu 0.87 Ta mokaszaja TOYHICTH Kita-
cudikarii #a piai 1.00 3a ycima kiacamu npu moposi Briesaenocti 0.920, mo miareepmxKye
HaIIHHICTD MOJIeTi ¥ BUsBJIEHHI Ta Kaacudikarii 06’ektis. I1ig gac TecTyBanus B peaabHO-
My dYaci BCTAHOBJIEHO, II[0 CACTEMa 3JaTHA IIBUIKO Ta TOYHO IIPAIIOBATU 33 PI3HUX YMOB
CEpeJIOBUINA i3 cepeHboIo MBUAKICTIO 00pobku 30 Kajpis 3a cexkyumay. [Ipore 3asmmra-
IOTHCS TIEBHI BUKJIUKH, 30KPEMa, Iy TJUBICTD /10 YMOB HEJOCTATHBOI'O OCBIT/IEHHS. 3arajoMm
crucTeMa Ma€ 3HAYHUIl MOTEHIHAJ /I BUKOPUCTAHHS B aKBaKyJIbTYPi, OCODJIUBO IjIsd aB-
TOMAaTU30BAHOI'O MOHITOPUHIY pub y peajabHOMY Yaci. 3aBIsKu CyMICHOCTI 3 dpopMaTom
ONNX, cucreMy TakoxK MOXKHa I'HYYKO iHTerpyBaTH B IIpUCTPOI Ha 6a3i IarepHeTy peueil
(IoT) abo mixkiuiardopMHi 3aCTOCYHKH, 110 CTBOPIOE HAJIIIHE IiI'PYHTS JJIs HOJAJIBIIOrO
PO3BUTKY TEXHOJIOTii KOMIT FOTEPHOTO 30py y cdepi MOHITOpUHTY pubd.

Knwouosi cnoBa: zaubunne naswanns; YOLOvS; memodu waacudixauii pubu;
KoM romeprutl 3ip; NidPATYHOK PUOU 6 PEANLHOMY UACT.

Mathematical Modeling and Computing, Vol.12, No.2, pp. 682—-692 (2025)



