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Abstract—Accurate fish counting is important in aquaculture
hatcheries because it supports production planning, inventory
monitoring, and fish dispersal management. Eels’ small size,
elongated body structure, transparency during the glass eel
stage, and overlapping movement make it difficult to count them
using image-based methods because, in contrast to other fish
species, eels are prone to occlusion. Counting mistakes, duplicate
detections, and missing detections are frequently caused by these
traits. This study used adaptive confidence and Intersection over
Union (IoU) threshold optimization to develop and evaluate an
improved YOLO-ONNX-based eel counting framework. 1,541
eel images made up of glass eel and elver samples were used
to train a YOLOv8n model, which was then exported to the
Open Neural Network Exchange (ONNX) format for use. For
threshold adjustment, a different set of 333 eel counting images
arranged according to manual ground-truth counts was used.
A confidence threshold of 0.25 and an Intersection over Union
(IoU) threshold of 0.70 were utilized in the baseline YOLO-
ONNX configuration. To find the optimal counting configuration,
the adaptive optimization method tried several combinations
of confidence and Intersection over Union. After selecting the
optimized threshold configuration, a separate 200-image eval-
uation set was used to compare the baseline and optimized
YOLO-ONNX configurations. Based on the results of the 200-
image evaluation set, the optimized setup increased the mean
counting accuracy by 11.29 percentage points, from 80.95%
to 92.24%, using a confidence threshold of 0.15 and an IoU
threshold of 0.40. The Mean Absolute Error decreased from 2.58
to 0.91, while the Root Mean Square Error decreased from 3.88
to 1.42. Based on the results, adaptive threshold optimization
enhances detection-based eel counting by lowering overcounting
and undercounting brought on by eel body overlap and occlusion.
The proposed YOLO-ONNX framework provides a practical
approach for improving eel counting accuracy through post-
processing threshold ptimization, without modifying the internal
structure of the YOLO model.

Index Terms—Adaptive Threshold Optimization; Aquaculture;
Eel Counting; Fish Counting; IoU; Object Detection; ONNX;
YOLOv8n

I. INTRODUCTION

Accurate fish counting plays an important role in aqua-
culture management [1] by supporting feeding control [2],
fish dispersal [3], and inventory monitoring [4]. Traditional
counting methods rely on manual counting and estimation [5],
which is time-consuming and also prone to human error,
especially in large-scale hatchery environments [6]. At present,
the Bureau of Fisheries and Aquatic Resources (BFAR) Region
02 hatcheries still rely on traditional counting of fish during
fish dispersal. Therefore, deep learning and object detection
models offer a practical solution, as these technologies have
been widely applied to automate counting tasks in images and
videos [7], [8].

Among these models in deep learning and object detection,
YOLO has gained popularity due to its real-time detection
capability and accuracy [9]. However, applying YOLO to eel
counting presents unique challenges. Eels exhibit elongated
and flexible body structures that often overlap or curve in
confined environments [10]. These characteristics can reduce
counting accuracy due to multiple detections for a single eel or
missed detections. Most existing fish detection-based counting
approaches rely on raw model outputs [11] without addressing
the issue regarding the characteristics of eels, thus limiting
their effectiveness in real-world conditions.

Thus, this study was conducted to address the limitations
of eel counting under occlusion and overlapping conditions
by introducing an optimized YOLO-ONNX-based eel count-
ing framework. The proposed framework uses ONNX-based
deployment to support real-time inference and adaptive thresh-
old optimization to improve counting accuracy. Specifically,
this study aims to: (1) develop an optimized YOLO-ONNX
counting pipeline for real-time eel detection and counting;
(2) apply a data-driven selection strategy for confidence and
Intersection over Union (IoU) thresholds; and (3) evaluate
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the counting performance of the optimized model using mean
absolute error (MAE), root mean square error (RMSE), and
counting accuracy.

II. RELATED WORK

A. Deep Learning-Based Fish Detection
Recent studies have already explored deep learning-based

methods for fish detection and counting in aquaculture envi-
ronments [8]. Object detection models such as YOLO have
been widely adopted due to their efficiency and real-time
capability [12], [13]. Several studies have also demonstrated
the effectiveness of YOLO in detecting fish species in con-
trolled environments, achieving high detection accuracy under
ideal conditions [14]. Recent studies also support YOLOv8
(especially improved variants) as a very strong and commonly
preferred base for fish detection and counting, often outper-
forming other versions of YOLO and non-YOLO methods on
tested datasets [12], [15].

B. Limitations in Real Hatchery Environments
Many existing study approaches still rely on datasets with

minimal occlusion and uniform backgrounds [16]. But in real
hatchery environments, fish often overlap, leading to multiple
detections for a single instance [17]. These conditions reduce
the reliability of detection-based counting systems when ap-
plied in real-world scenarios.

C. Post-Processing Approaches for Error Reduction
Some studies also attempted to address multiple detections

in a single instance using post-processing techniques such as
non-maximum suppression tuning or heuristic filtering. While
these approaches can reduce duplicate detections, they often
lack systematic parameter optimization and may not generalize
across different datasets [18]. This limitation highlights the
need for more adaptive and data-driven optimization methods.

D. Segmentation-Based Methods
Segmentation-based methods, such as Mask R-CNN and

U-Net, have been explored to improve instance separation.
Although these methods provide precise object boundaries,
they require higher computational resources and are less
suitable for real-time deployment [19], [20].

E. ONNX and Efficient Deployment
Open Neural Network Exchange (ONNX) enables efficient

inference across different platforms [21]–[23]. It allows mod-
els to be deployed in optimized environments, improving
performance without modifying the core architecture of the
neural network.

F. Research Gap and Contribution
Post-processing optimization can improve counting perfor-

mance and deployment efficiency [24] without modifying the
internal structure of the neural network [25], [26].

This study is conducted to improve detection-based counting
through adaptive parameter optimization while maintaining
real-time performance using Open Neural Network Exchange
(ONNX) deployment.

III. RESEARCH DESIGN AND METHODOLOGY

A. Research Design

This study used a quantitative experimental research design.
A quantitative experimental design is a research approach that
uses numerical data to test the effect of a specific intervention,
treatment, or condition on a measured outcome [27]. In this
study, the intervention was the adaptive selection of confidence
and Intersection over Union (IoU) thresholds, while the mea-
sured outcomes were counting accuracy, Mean Absolute Error
(MAE), and Root Mean Square Error (RMSE).

The study was conducted in two main phases. The first
phase was model development. In this phase, the YOLOv8n
detection model was trained using eel images and was ex-
ported to Open Neural Network Exchange (ONNX) format for
deployment. The second phase was counting optimization and
evaluation. In this phase, different confidence and IoU thresh-
old combinations were tested using a separate eel counting
dataset.

The best threshold configuration was selected based on
counting accuracy, mean absolute error (MAE) and root mean
square error (RMSE). This design allowed the researcher
to determine whether adaptive confidence and Intersection
over Union (IoU) threshold optimization could improve the
counting performance of the YOLO-ONNX model without
changing the internal structure of the trained neural network.

B. Model Development and Counting Optimization Workflow

Fig. 1 shows the processing pipeline of the YOLO-ONNX
eel counting framework with adaptive confidence and IoU
optimization. The workflow is divided into two main parts:
the model development branch and the counting optimization
and evaluation branch. This split is essential because the eel
detection dataset was used to train the YOLOv8n detection
model, but an additional eel counting image dataset with
folder-based manual counts was used for threshold adjustment
and counting evaluation.

In the model development branch, the prepared eel image
dataset was used to train the YOLOv8n detection model. By
recognizing bounding boxes surrounding visible eel bodies,
the model was able to recognize instances of eels. Following
training, the optimal YOLOv8n model was stored as a .pt
model or PyTorch model weight file. After that, the trained
model was exported as best.onnx in ONNX format.

After model training and ONNX export, a separate threshold
optimization was conducted using 333 eel counting images.
These images were arranged into manual-count folders ranging
from 1 to 20, with each folder name representing the manually
counted number of eels in the images. The model’s counting
performance was assessed using this folder-based count as the
benchmark. The YOLO-ONNX model’s predicted count and
the ground truth number were compared by the testing script,
which automatically read the folder names and assigned the
relevant manual count to each image.

During the baseline detection stage, the YOLO-ONNX
model produced raw detection outputs using a confidence
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Fig. 1: Processing pipeline of the YOLO-ONNX eel counting
system with adaptive threshold optimization.

threshold of 0.25 and an IoU threshold of 0.70. However,
because eels are long and often overlap with one another,
this baseline setting produced some duplicate detections and
missed detections.

To address this issue, adaptive confidence and IoU opti-
mization were applied during the post-processing stage. This
process was performed outside the neural network; therefore,
it did not change the internal structure of the YOLO model.
Instead, it refined the detection results after inference by
adjusting the confidence and IoU thresholds. This made the
pipeline practical and lightweight for eel counting.

The optimization process tested confidence values of 0.10,
0.15, 0.20, 0.25, 0.30, 0.40, and 0.50, together with IoU values
of 0.30, 0.40, 0.45, 0.50, 0.60, and 0.70. The best configuration
was selected based on the highest mean counting accuracy,
lowest MAE, lowest RMSE, and lowest mean inference time.
After the optimization process, the enhanced detection output
was used to produce the final eel count by adding all valid
detected bounding boxes.

Fig. 2: Actual data-capture setup used for eel image acquisi-
tion.

The counting output from the 333-image dataset was com-
pared with the folder-based ground truth count to determine
the best confidence and IoU threshold configuration. The
counting performance during threshold optimization was eval-
uated using mean counting accuracy, standard deviation of
accuracy, MAE, RMSE, mean absolute difference, and mean
inference time. After the optimized threshold configuration
was selected, it was evaluated using an independent set of
200 images captured during separate sessions and contain-
ing different individual eels. These images were not used
for model training or threshold selection. The final outputs
included image-level results, summary results, results grouped
by manual-count folder, threshold optimization results, and
300 dpi graphs for accuracy comparison, error metrics, and
confidence–IoU performance visualization.

C. Experimental Setup and Implementation Details

The experimental setup was designed to evaluate the opti-
mized YOLO-ONNX eel counting pipeline under a controlled
image-capture environment. The model training and testing
were conducted using a workstation with an Intel Core i7-
10700F CPU at 2.90 GHz, 24 GB RAM, and an NVIDIA
GeForce GTX 1660 SUPER GPU with 6 GB of dedicated
memory. The computer used a 64-bit Windows 11 Home
Single Language operating system, Version 25H2.

Fig. 2 shows the actual data-capture setup used for eel
image acquisition. To capture and store images, an EMEET
4K webcam was mounted on a camera stand and connected
to a laptop. During image collection, a white Styrofoam box
was used as the container and the background to improve
contrast between the eel samples and the surrounding region.
The webcam was positioned above the box to capture the
top-view images of the eels. This controlled setup reduces
background noise and enables clearer images for annotation,
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(a) Elver samples (b) Glass eel samples

Fig. 3: Sample eel images captured using the controlled data-
capture setup.

model training, and counting evaluation. The dataset’s images
were captured at a resolution of 4K.

Fig. 3 shows sample eel images captured using the con-
trolled data-capture setup. The eel samples, measuring ap-
proximately 3 to 7 inches in length, represented the glass
eel and elver stages. The entire collection consisted solely
of images of eels since eels are the primary focus of the
research. Both the YOLOv8n model and the YOLO-ONNX
counting framework were trained using the images. Elver
samples with longer, darker bodies that contrast with the
white Styrofoam background are shown in Fig. 3(a). Glass
eel samples, which are more difficult to identify due to their
small size, transparent bodies, and poor contrast against the
backdrop, are shown in Fig. 3(b). Because of their elongated
bodies, eels can overlap, curve, and congregate together within
the container, eels are extremely susceptible to occlusion,
as demonstrated by these example photographs, which also
illustrate the visual variations between eel growth phases. This
circumstance explains why it can be challenging to detect and
count eels using images.

After image acquisition, the YOLOv8n detection model was
trained using 1,541 eel images composed of 770 glass eel
images and 771 elver images. Originally, approximately 2,000
images were captured. However, blurred images and images
that did not capture the full range of the white Styrofoam box
were removed during dataset cleaning. This screening process
ensured that only clear and usable images were included in
the final dataset for model training, validation, and testing.
The dataset was divided into 1,233 training images, 154
validation images, and 154 testing images using an 80:10:10
split. Training was conducted for 100 epochs with an image
size of 640 pixels, a batch size of 8, a patience value of
100, and 8 workers. The model was trained with the default
Ultralytics automatic optimizer, GPU device 0, and automatic
mixed precision enabled. The initial learning rate was 0.01
with a momentum of 0.937 and a weight decay of 0.0005. Data
augmentation included hue, saturation, and value adjustment;
translation; scaling; horizontal flipping; mosaic augmentation;
random augmentation; and random erasing.

The software environment was implemented using Python
3.11.9. The object detection model was trained using the
Ultralytics YOLOv8 framework, version 8.4.60, with Torch

2.5.1+cu121. The trained YOLOv8n model was exported to
Open Neural Network Exchange (ONNX) format and de-
ployed as best.onnx. The exported YOLO-ONNX model
was loaded and executed using the Ultralytics YOLO frame-
work, while ONNX Runtime version 1.26.0 was installed in
the software environment to support ONNX-based inference.
The threshold optimization and evaluation script used the
exported YOLO-ONNX model to perform detection under
different confidence and IoU threshold settings. NumPy was
used for numerical computation of counting accuracy, Mean
Absolute Error (MAE), Root Mean Square Error (RMSE),
mean, and standard deviation. Pandas was used for organizing
image-level results, summary results, and threshold optimiza-
tion outputs into Excel and CSV files. Matplotlib was used to
generate the accuracy comparison graph, error metric graph,
and confidence–IoU heatmap. The implementation also used
built-in Python libraries such as os for file and directory
handling and shutil for compressing the generated result
files.

The 1,541-image dataset was used for YOLOv8n model
training, validation, and testing, while the 333-image dataset
was used separately for threshold optimization, and a separate
200-image dataset was used for counting evaluation. There-
fore, the 333-image and 200-image datasets were not used to
train the model but were used to optimize and evaluate the
counting performance of the exported YOLO-ONNX model.

The dataset used in this study was collected for research pur-
poses. Due to institutional and operational considerations, the
dataset is not publicly available at this time. However, selected
sample images and experimental results may be made avail-
able upon reasonable request, subject to the approval of the
concerned institution. The source code and configuration files
of the optimized YOLO-ONNX eel counting model are pub-
licly available at: https://github.com/catleenglormadayag-del/
adaptive yolo onnx eel optimization.

D. Evaluation Metrics

The performance of the proposed eel counting system
is evaluated using counting accuracy, mean absolute error
(MAE), and root mean square error (RMSE).

Cpredicted = Nboxes (1)

The predicted eel count is computed as the total number of
detected bounding boxes in each image. This predicted value is
then compared with the ground truth count to evaluate system
performance using accuracy, mean absolute error (MAE),
and root mean square error (RMSE). The formulas used for
counting evaluation are presented below.

MAE =
1

N

N∑
i=1

|Cmanual,i − Cpredicted,i| (2)

Mean Absolute Error (MAE) measures the average dif-
ference between the predicted and actual counts, without
considering the direction of the error.

https://www.ijetaa.com/article/view/151/ 4.

https://github.com/catleenglormadayag-del/adaptive_yolo_onnx_eel_optimization
https://github.com/catleenglormadayag-del/adaptive_yolo_onnx_eel_optimization
https://www.ijetaa.com/article/view/151/


Volume 3, Issue 7 International Journal of Emerging Technologies and Advanced Applications July, 2026

TABLE I: Top Confidence and IoU Threshold Combinations

Rank Conf. IoU Accuracy
(%)

SD
Acc. MAE RMSE Time

(ms)
1 0.15 0.40 94.93 8.19 0.65 1.21 10.57
2 0.20 0.40 94.92 8.42 0.65 1.22 10.27
3 0.25 0.45 94.90 7.89 0.64 1.11 10.00
4 0.30 0.45 94.76 7.73 0.67 1.14 8.94
5 0.40 0.45 94.60 8.83 0.68 1.28 9.57

RMSE =

√√√√ 1

N

N∑
i=1

(Cmanual,i − Cpredicted,i)
2 (3)

Root Mean Square Error (RMSE) measures the average
size of counting errors and gives more weight to larger errors
by using a squared difference between predicted and actual
counts.

Accuracy =

(
1−

|Cmanual − Cpredicted|
Cmanual

)
× 100 (4)

Counting Accuracy measures how close the predicted count
is to the actual count, expressed as a percentage of correct
estimation.

IV. RESULTS AND DISCUSSION

A. Data-Driven Selection Strategy for Confidence and IoU
Thresholds

The first objective of the study was to apply a data-driven
selection strategy for confidence and Intersection over Union
(IoU) thresholds. This was done by testing different confidence
and IoU threshold combinations and evaluating their effect on
the mean counting accuracy of the YOLO-ONNX eel counting
model using the 333-image dataset.

Table I presents the top five performing confidence and IoU
threshold combinations as a result of the adaptive threshold
optimization process. The full search tested was composed
of forty-two (42) combinations based on seven (7) confi-
dence thresholds and six (6) Intersection over Union (IoU)
thresholds. The highest mean counting accuracy was obtained
at confidence = 0.15 and IoU = 0.40, with an accuracy of
94.93%, MAE of 0.65, and RMSE of 1.21. This setting was
selected as the optimized configuration as it achieved the
highest counting accuracy while maintaining low error values.
The table provides the numerical support for the heatmap
shown in Fig. 4.

Fig. 4 shows the heatmap of mean counting accuracy across
different confidence and IoU threshold combinations. The
confidence thresholds tested were 0.10, 0.15, 0.20, 0.25, 0.30,
0.40, and 0.50, while the IoU thresholds tested were 0.30,
0.40, 0.45, 0.50, 0.60, and 0.70. The heatmap shows that
counting accuracy changed depending on the threshold values.
This confirms that the choice of confidence and IoU thresholds
affects the counting performance of the model.

The highest mean counting accuracy was obtained at confi-
dence = 0.15 and IoU = 0.40, with a mean counting accuracy
of 94.9%. This setting was identified as the optimized thresh-
old configuration. In comparison, the baseline setting of confi-
dence = 0.25 and IoU = 0.70 obtained a lower mean counting

Fig. 4: Heatmap of mean counting accuracy across different
confidence and Intersection over Union (IoU) threshold com-
binations.

TABLE II: Overall Performance of Baseline and Optimized
YOLO-ONNX Configurations

Method Conf. IoU Accuracy
(%) MAE RMSE Time

(ms)
Baseline YOLO-ONNX 0.25 0.70 80.95 2.58 3.88 8.48
Optimized YOLO-ONNX 0.15 0.40 92.24 0.91 1.42 8.54

accuracy of 83.1%. The result also shows that the baseline
threshold configuration was not the most suitable setting for
eel counting under overlapping and occluded conditions.

The result indicates that lowering the confidence threshold
allowed the model to retain more valid eel detections, while
adjusting the IoU threshold helped reduce duplicate detections
during post-processing. Therefore, the heatmap supports the
use of a data-driven threshold selection strategy instead of
relying only on default or manually selected threshold values.

B. Counting Performance of the Optimized Model Using MAE,
RMSE and Counting Accuracy

Table II presents the overall counting performance of the
baseline and optimized YOLO-ONNX configurations. The
evaluation was conducted using 200 eel images organized in
manual-count folders from 1 to 20. The optimized config-
uration improved the mean counting accuracy from 80.95%
to 92.24%, while the MAE decreased from 2.58 to 0.91 and
the RMSE decreased from 3.88 to 1.42. The mean inference
time slightly increased from 8.48 ms to 8.54 ms; however, the
difference was minimal and still indicates efficient real-time
inference performance. The overall result of the table indicates
that the optimized configuration improved counting accuracy
while maintaining efficient inference performance.

Note: The inference times in Tables I and II were obtained
from different evaluation sets and separate timing runs; there-
fore, minor differences are expected.

Fig. 5 shows the mean absolute counting error of the
baseline and optimized YOLO-ONNX eel counting model
across manual eel count groups from 1 to 20. The baseline
model showed increasing counting error as the number of eels
increased, particularly from 10 to 20 eels. The result indicates
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Fig. 5: Counting error comparison before and after adaptive
threshold optimization.

Fig. 6: Error metrics of baseline and optimized YOLO-ONNX
eel counting model.

that the baseline threshold setting had difficulty in handling
images with higher eel density, overlapping bodies, and oc-
clusion. After adaptive threshold optimization, the optimized
model maintained lower counting errors in most eel count
groups. This result reveals that in visually complicated aqua-
culture conditions, the chosen confidence and Intersection over
Union (IoU) parameters reduced missed and false detections,
leading to more reliable eel counting performance.

Fig. 6 presents the error metrics of the baseline and
optimized YOLO-ONNX eel counting model using mean
absolute error (MAE) and root mean square error (RMSE).
The optimized model has a lower MAE of 0.91 and RMSE
of 1.42 compared to the baseline model’s 2.58 and 3.88,
respectively. Adaptive threshold optimization enhanced the
agreement between the manual and predicted eel counts, as
seen by the decrease in both error measures. Larger counting
mistakes, which are frequently seen in figures with higher eel
density, overlap, and occlusion, were also decreased by the
adaptive threshold optimization, as evidenced by the lower
RMSE.

Fig. 7 shows the counting accuracy comparison before and
after adaptive threshold optimization across manual eel count
groups from 1 to 20. In lower-count images, the baseline
YOLO-ONNX model demonstrated great accuracy; however,
as the number of eels increased, its performance declined.

Fig. 7: Counting accuracy comparison before and after adap-
tive threshold optimization.

Fig. 8: Overall counting accuracy before and after adaptive
threshold optimization.

In higher-density images, when eel bodies were more likely
to overlap and lead to missing and false detections, this de-
crease was more evident. The optimized YOLO-ONNX model
maintained higher and more consistent counting accuracy
throughout the majority of eel count groups during adaptive
threshold tuning. This implies that the model’s capacity to
count eels in challenging and occluded settings was enhanced
by choosing the optimal confidence and Intersection over
Union (IoU) thresholds.

Fig. 8 shows that the baseline YOLO-ONNX model ob-
tained a mean counting accuracy of 80.95% while the op-
timized YOLO-ONNX model obtained a mean counting ac-
curacy of 92.24% after adaptive threshold optimization. This
shows an improvement of 11.29 percentage points, indicating
that the eel detection model’s counting performance was
enhanced via adaptive threshold optimization.

The result reveals that, when compared to the baseline
parameter, the optimized threshold configuration enhanced the
model’s counting performance. Due to missing and false de-
tections in obstructed situations, the baseline model generated
more counting errors since eels have elongated bodies and
frequently overlap. The modified confidence and Intersection
over Union (IoU) thresholds enhanced eel detection under
overlapping and visually complex conditions, as evidenced by
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Fig. 9: Sample bounding box detection comparison of the YOLO-ONNX eel counting model before and after adaptive threshold
optimization.

the model’s increased mean counting accuracy and decreased
error rate following adaptive threshold adjustment.

The test images were chosen based on eel count variation
rather than model output quality to reduce selection bias. Im-
ages with varying eel counts, lighting settings, and eel growth
stages—specifically, glass eel and elver—were included in the
examination.

Fig. 9 presents sample bounding box detection results before
and after adaptive threshold optimization of the YOLO-ONNX
eel counting model. To further test the model’s counting
accuracy, the sample images used in this figure were not
included in the training dataset or in the threshold optimization
dataset. The comparison shows the difference between the
baseline detection output and the optimized detection output
using the selected confidence and Intersection over Union
(IoU) thresholds.

In the first sample image, the manual count was 14. The
baseline model produced a raw count of 16, resulting in
an error of 2 eels. After adaptive threshold optimization,
the enhanced model produced a count of 13, resulting in a
lower error of 1 eel. This shows that the optimized threshold
configuration reduced the counting difference and produced a
prediction closer to the manual count.

In the second sample image, the manual count was 30.
With a raw count of 41, the baseline model generated an
error of 11 eels. The enhanced model reduced the error to 3
eels after adaptive threshold optimization, yielding a count of
27. Because the eels are heavily overlapped and concentrated
in a particular area, this sample shows a more challenging
counting condition. The model produced more bounding boxes
under the baseline setup, showing over-detection brought on by
occlusion, crossing body shapes, and dense eel arrangement.
The number of identified boxes decreased and approached the

actual count during adaptive threshold optimization.
Because eels have elongated bodies and frequently overlap,

the results indicate that threshold optimization is essential
while counting eels. If the threshold is not adjusted, the model
might generate duplicate bounding boxes or false detections,
which would lead to overcounting. The optimized model
produced more consistent counting and decreased detection
errors by choosing the best confidence and Intersection over
Union (IoU) thresholds.

C. Development of the Optimized YOLO-ONNX Counting
Pipeline for Real-Time Eel Detection and Counting

The third objective of the study was to develop a YOLO-
ONNX counting pipeline for real-time eel detection and count-
ing. The objective was achieved through YOLOv8n detection
model training using the eel image dataset and exporting the
best model to ONNX format for deployment purposes. The
exported YOLO-ONNX model was used to detect eel instances
from input images and live camera frames.

The developed pipeline generates bounding boxes around
detected eel bodies. Each bounding box represents one de-
tected eel instance, and the final predicted count is computed
by summing all valid detections after post-processing. The
pipeline was designed to use IoU optimization and adaptive
confidence after inference. In other words, with no modifica-
tion to the internal structure of the trained YOLOv8n model,
the optimization technique improves the detection output.

Algorithm 1 presents the main steps of the optimized
YOLO-ONNX eel counting pipeline. The algorithm shows
how an input image or live camera frame is processed by the
trained YOLO-ONNX model, which then employs confidence
and IoU-based post-processing to provide the final projected
eel count. The model first finds eel instances, filters the de-
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Algorithm 1 Optimized YOLO-ONNX Eel Counting Pipeline

Require: Eel image or live camera frame; trained YOLO-
ONNX model; optimized confidence threshold; optimized
IoU threshold

Ensure: Predicted eel count
1: Load the YOLO-ONNX model.
2: Read the input eel image or live camera frame.
3: Run YOLO-ONNX inference on the input image.
4: Generate bounding box detections for visible eel instances.

5: Filter the detections using the optimized confidence
threshold.

6: Apply Intersection over Union (IoU)-based post-
processing to reduce duplicate detections.

7: Retain the remaining valid bounding boxes.
8: Count the number of valid bounding boxes as the predicted

eel count.
9: Display the bounding boxes and predicted eel count.

10: Save or return the final predicted count.

Fig. 10: Sample fish counting interface using the optimized
YOLO-ONNX eel counting model.

tections using the best confidence threshold, reduces duplicate
detections using IoU-based post-processing, and finally counts
the remaining valid bounding boxes as the final predicted eel
count.

Fig. 10 shows a sample interface output of the optimized
YOLO-ONNX eel counting model using live video frames for
demonstration purposes. The interface presents the software-
side counting display, including the detected eel bounding

boxes, target total, counting status, and predicted count. The
quantitative performance evaluation reported in Table II was
conducted using a separate set of 200 saved eel images,
while the live video interface was included to demonstrate the
possible real-time deployment of the optimized YOLO-ONNX
counting pipeline in a controlled setup.

V. CONCLUSIONS

This research enhanced a YOLO-ONNX counting pipeline
for real-time eel identification through the implementation of
adaptive confidence and Intersection over Union (IoU) thresh-
old optimization. The findings indicated that the suggested
method enhanced counting performance relative to the baseline
YOLO-ONNX setup.

Based on the 200-image evaluation set, the mean counting
accuracy increased from 80.95% to 92.24%. The mean ab-
solute error (MAE) decreased from 2.58 to 0.91, while the
root mean square error (RMSE) decreased from 3.88 to 1.42.
The findings indicate that adaptive threshold optimization can
reduce the issues of overcounting and undercounting caused by
overlapping eel bodies, a common challenge in image-based
eel counting.

The findings also demonstrate that detection-based counting
performance is enhanced by choosing suitable Intersection
over Union (IoU) and confidence levels. While a balanced
Intersection over Union (IoU) threshold reduced duplicate
detections, a lower confidence threshold helped keep small
or partially visible eel detections. Extreme occlusion may
still have an impact on accuracy, though, indicating that
segmentation-based methods may enhance accuracy even fur-
ther.

The counting interface demonstrated the possible deploy-
ment of the optimized YOLO-ONNX framework using live
video frames in a controlled environment. However, the quan-
titative performance evaluation reported in this study was con-
ducted using a separate set of 200 saved eel images. To further
confirm the model’s effectiveness and generalizability, future
studies should use larger independent test sets, continuous live-
video evaluation, and a wider range of hatchery conditions.
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