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Abstract: At present, catch statistics in the pelagic fishery industry rely mainly on manual counting
methods. However, this method suffers from low statistical accuracy and insufficient timeliness. An
automatic tuna counting approach based on ByteTrack and YOLOv7-Tuna is presented in this research.
The method selects YOLOvV? as the base model, adopts DySnakeConv to obtain more temporal
features, combines it with CoordConv to enhance the location-awareness ability of the model, and
introduces DyHead to suppress the interference of complex backgrounds. The experimental results
show that YOLOv7-Tuna outperforms YOLOV? in terms of precision by 5.2%, recall by 3.1%, mAP@0.5
by 0.5%, and mAP@0.5:0.95 by 10%. Furthermore, the ByteTrack algorithm was employed to achieve
real-time tracking of targets, with specific counting areas added. The results indicate that the counting
error of this method decreased to 3.1%. It can effectively accomplish automatic counting tasks for tuna,
providing a new solution for the automatic quantification of catch in the offshore fishing industry.

Keywords: tuna detection; automatic counting; YOLOV7; ByteTrack

1. Introduction

The tuna fishing industry occupies an extremely important position in global offshore
fisheries due to its high efficiency and productivity characteristics. With the establishment
of regional fisheries management organizations and the decline of tuna resources, the
exploitation of high seas fisheries resources is subject to increasingly stringent regulation
and control [1]. Therefore, the orderly and efficient development of tuna fisheries resources
has become a focal issue of concern for participants from various countries. Accurate
capture data statistics aid fisheries managers in comprehensively understanding fishing
activities, enabling the formulation of scientifically sound management measures, thus
achieving sustainable development of the fisheries industry. However, human observers
struggle to maintain the accuracy of statistical data during sustained, high-intensity work.
Additionally, tuna longline fishing vessels typically operate continuously at sea for over a
year, leading to significant deficiencies in the timeliness of fishing logs [2]. Therefore, to
enhance the accuracy and timeliness of statistical data, this paper employs deep learning-
based object detection techniques along with target tracking and counting methods to
achieve real-time monitoring of fishing data.

In this paper, a target detection algorithm based on improved YOLOV? is proposed.
Firstly, to address the temporal characteristics of the dataset in this study, we introduce the
temporal dynamic convolution DySnakeConv into the backbone network. This enables
better extraction of temporal features from the data, thereby enhancing detection perfor-
mance. Secondly, integrating CoordConv into the head network incorporates coordinate
information into the convolutional neural network, enabling the network to better perceive
the spatial information of the input data and enhancing the model’s generalization ability.
Furthermore, to address the issue of complex backgrounds in tuna detection, the dynamic
detection head, DyHead, is introduced, enabling the model to focus attention and suppress
background interference. As a result, YOLOv7-Tuna achieves improved detection accuracy.
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Additionally, improvements were made to the ByteTrack algorithm by adding designated
counting areas, which enhanced the accuracy of tuna counting.

The structure of this paper is as follows. Section 2 discusses the current research status
of fish identification and target tracking counting. Section 3 provides a comprehensive
introduction to the improved YOLOvV? algorithm and the enhanced ByteTrack algorithm.
Section 4 describes the tuna dataset, experimental setup, and analysis of experimental
results. Section 5 provides a summary of the research findings of this study.

2. Related Work

In recent years, the rapid development of deep learning technology has brought new
opportunities for fish identification. Deep convolutional neural networks (CNNs) and other
deep learning models have achieved breakthroughs in tasks such as image classification
and object detection, providing powerful tools for fish identification. Researchers have
proposed various CNN-based methods for fish identification. Igbal et al. proposed a
simplified deep neural network based on AlexNet for fish species identification, achieving
an accuracy of 90.48% [3]. Cai et al. proposed replacing the backbone network of YOLOv3
with the lightweight ModelNetV1 to achieve fast detection of fish species [4]. Chen et al.
proposed optimizing the VGG16 network model using transfer learning, achieving a final
accuracy of 97.66% [5]. Li et al. compared the AlexNet [6], GoogLeNet [7], ResNet [8],
and DenseNet [9] models to explore the optimal network architecture. Ultimately, they
found that DenseNet performed the best for fish species identification tasks, achieving
accuracy and recall rates of 99.21% and 96.77%, respectively [10]. Muksi et al. proposed
two underwater fish identification models, YOLO-Fish-1 and YOLO-Fish-2. YOLO-Fish-
1 enhances YOLOV3 by fixing the upsampling stride issue, while YOLO-Fish-2 further
improves the model by incorporating spatial pyramid pooling into the first model. The final
average precisions of YOLO-Fish-1 and YOLO-Fish-2 in fish detection tasks are 76.56% and
75.70%, respectively, markedly superior to the unimproved YOLOv3 [11]. Ayuningtias et al.
proposed the use of YOLOVS for the identification of yellowfin tuna, mackerel tuna, and
skipjack tuna. The recognition achieved accuracy, precision, and recall rates of 98.1%, 93.9%,
and 96%, respectively [12]. These studies collectively demonstrate the excellent capabilities
of convolutional neural networks in fish identification tasks. However, the aforementioned
methods exhibit insufficient generalization ability when dealing with complex background
environments, necessitating further enhancement in the discriminative power between
foreground and background.

Building upon fish identification research, some scholars have further pursued studies
focused on fish object tracking and counting, offering methods for automated fish data
collection. Albuquerque et al. proposed a fish counting method that combines spot de-
tection with Gaussian mixture, incorporating a counting line design. Fish are counted
when they linger for a certain duration along the counting line, and Kalman filtering is
employed to mitigate duplicate counting [13]. Tseng et al. utilized Mask R-CNN for fish
detection and subsequently employed time and distance threshold methods to determine
the quantity of fish [14]. Yu et al. proposed a deep learning network model based on multi-
ple modules and attention mechanisms. The model comprises feature extraction, attention,
and density map estimation modules, achieving counting of cultured fish species [15].
Kibet et al. utilized the YOLOv3 and DeepSort algorithms to track abalone in a conveyor
belt system, achieving automated abalone counting. The highest accuracy achieved in
the test videos was 94.4% [16]. Zhang et al. proposed a fish automatic counting method
based on a hybrid neural network model, utilizing the Multi-column Convolutional Neural
Network (MCNN) as the frontend and the Dilated Convolutional Neural Network (DCNN)
as the backend [17]. Qian et al. proposed using the YOLOVS5 algorithm to detect zebrafish
and employed the ByteTrack algorithm to associate high-score and low-score bounding
boxes separately to address tracking errors caused by occlusion [18]. While the above
methods have achieved automatic counting of fish, they are prone to target loss when
encountering occlusion and irregular motion of the targets, leading to counting deviations.
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Liu et al. proposed an online multi-fish tracking model called FishTrack, which utilizes a
pyramid vision transformer as the backbone network to extract multi-level features. They
designed an encoder to encode the historical information of fish positions and employed
an autoregressive approach to automatically update spatiotemporal information. Finally,
parallel dual decoders were used to decode the motion and appearance features of fish.
Finally, on the multi-fish tracking dataset, the HOTA reached 71.4%, and the MOTA reached
94.8%, addressing the issue of tracking accuracy decline caused by foam occlusion and fish
deformation [19]. However, due to its high computational load, it is not suitable for use on
mobile devices. Therefore, further research is needed to develop methods that are suitable
for mobile devices and capable of recognizing and automatically counting multiple fish
species.

3. Research Methods
3.1. The Network Structure of YOLOv7-Tuna

YOLOv7-Tuna is an enhanced network based on YOLOv? [20], as illustrated in
Figure 1, consisting of a backbone network and a head. During data input, the model
performs Mosaic data augmentation [21] and adaptively adjusts the images to 3 channels,
with a size of 640 x 640 feature maps. The backbone network is responsible for feature
extraction of tuna. The head network utilizes three layers of feature maps of different
sizes output from the backbone network. These feature maps are fused to produce three
detection layers, each tailored to detect small, medium, and large objects, respectively, in
descending order of scale. The final output includes confidence scores for the tuna class
and the positions of anchor boxes.
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In&)ut DBS = DysnakeConv BN  SiLu
CBS T T }
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Figure 1. Architecture of YOLOv7-Tuna network.

3.1.1. ELAN-DS Module

DySnakeConv (Dynamic Snake Convolution) is designed to process data with pe-
riodic and temporal characteristics [22]. DySnakeConv employs dynamic, deformable
convolution kernels to learn feature representations of input data, enabling the network
to better capture temporal information present in the input data and adapt to variations
in features across different time points or periods. This facilitates more effective feature
extraction of targets. Since the tuna dataset in this study is obtained by extracting frames
from monitoring videos of tuna fishing, it possesses evident temporal characteristics. There-
fore, DySnakeConv is suitable for the dataset under investigation in this paper. Within the
backbone network, the incorporation of DySnakeConv is achieved by embedding it within
the Efficient Layer Aggregation Network (ELAN), resulting in the ELAN-DS module.
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As depicted in Figure 2, ELAN-DS replaces the final 3 x 3 convolution layer in ELAN
with DySnakeConv, maintaining the same kernel size. Due to the deformable nature
of DySnakeConv, which adjusts based on the shape and boundary information of the
target, our proposed ELAN-DS can better adapt to the varying shapes of tuna during the
fishing process.

Input Input
Conv Conv Conv Conv
k=1 s=1 k=1 s=1 k=1 s=1 k=1 s=1
Conv Conv
k=3 s=1 k=3 s=1
v v

Conv Conv

k=3 s=1 k=3 s=1

Conv Conv

k=3 s=1 k=3 s=1

v v

Conv DysnakeConv

k=3 s=1 k=3 s=1

\4 A \4 A
Concat Concat
Conv Conv
k=1 s=1 k=1 s=1

(@) (b)
Figure 2. (a) ELAN module. (b) ELAN-DS module.
3.1.2. CBS-C Module

To enhance the detection accuracy of the model, the CoordConv [23] is introduced
into the head network. Firstly, the 1 x 1 convolution within the CBS module is replaced
with CoordConv to implement the CBS-C module, as illustrated in Figure 3. Secondly, the
RepConv [24] in the three target detection heads is replaced with CoordConv to enhance
the spatial positional awareness of the target detection heads.

CBS © CBS-C
| |
Conv CoordConv
savian e
Siiu Siiu
() ®)

Figure 3. (a) CBS module. (b) CBS-C module.

The structure of CoordConv is depicted in Figure 4. Figure 4a illustrates traditional
convolution, where H, W, and C denote the height, width, and channels of the traditional
convolution, respectively, which are mapped to H', W/, and C'. Figure 4b represents
CoordConv, which achieves mapping by incorporating additional channels containing
coordinate information. One channel is used to represent the i coordinate, and another
channel is used to represent the j coordinate. Concretely, the i-coordinate channel is an
h x w rank-1 matrix with its first row filled with 0’s, its second row with 1’s, its third with
2’s, etc. The j-coordinate channel is similar, but with columns filled in with constant values
instead of rows. Additionally, a linear transformation is applied to the i and j coordinates,
normalizing them within the range of [-1, 1]. For two-dimensional convolution, the two
coordinates (i, j) can represent any input pixel.
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Figure 4. (a) Convolutional layer. (b) CoordConv layer. The red part of the figure indicates
i, j coordinates.

The introduction of coordinate information into the input feature map implies that
each pixel contains its coordinates relative to the center of the image. By introducing coor-
dinate information, CoordConv can provide the network with additional spatial positional
information, thereby enhancing the network’s spatial structural awareness. Traditional
convolutional layers treat features at different positions equally, whereas CoordConv ad-
justs the weights of the convolutional kernels based on the coordinates of the pixels. This
enhances the network’s ability to perceive positional information, aiding in learning more
generalizable feature representations. Therefore, our proposed CBS-C module enhances
the network’s spatial awareness and ability to handle positional information, resulting
in improved accuracy in predicting target positions and shapes, as well as enhancing the
network’s ability to learn generalized features.

3.1.3. Detection Head

Addressing the complexity of background in the tuna dataset used in this study,
and aiming to further enhance the detection performance of YOLOv7-Tuna in complex
background scenarios, this paper introduces the dynamic detection head DyHead (Dynamic
Head) into the target detection head [25]. DyHead unifies scale-aware attention, spatial-
aware attention, and task-aware attention through attention mechanisms. This aids the
model in focusing attention on regions of interest, suppressing attention on the background.

In the detection layer, given a three-dimensional feature tensor, the formula is shown
in Equation (1):

W(P) = ﬂc(ﬂs(ﬂL(F)OF)OF)OF (1)

where F represents an input 3D tensor L x S x C. 717 (e), s(e) and 7t (e) respectively
denote the scale-aware attention module, spatial-aware attention module, and task-aware
attention module. The structure of DyHead is illustrated in Figure 5.
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3.2. Tuna Target Tracking Counting Based on ByteTrack Algorithm
3.2.1. ByteTrack Algorithm

The ByteTrack [26] multi-object tracking algorithm utilizes Kalman filtering to predict
the trajectories from the current frame to the next frame. It then uses the intersection over
union (IoU) between the predicted bounding boxes and the detected bounding boxes as the
similarity measure for a two-step matching process. The matching is performed using the
Hungarian algorithm. The detailed workflow of the ByteTrack multi-object tracking algo-
rithm is illustrated in Figure 6. First, based on the detection results, all detected bounding
boxes are divided into high-score detection boxes (D_high) and low-score detection boxes
(D_low). In the first matching step, the high-score detection boxes are matched with the
previous tracking trajectories. During the second tracking process, the low-score detection
boxes are matched with the remaining unmatched tracking trajectories (T_remain). Track-
ing trajectories that remain unmatched after both steps are retained for 30 frames. Finally,
new tracking trajectories are created for the high-score detection boxes (D_remain) that do
not match any existing trajectories.

—( Initialize new trajectory :

—{ Update Trajectory Kalman Filter ‘

Trajectory Matching, Detection
Frame Matching (Typ)

YOLOV7-tuna

Tracking Trajectory H Kalman filter

Collection trajectory prediction Trajectory match, detection

frame not matched (D, i)

Confidence threshoid Y | High score detection ToU matching Trajectory not matched,detection
~0.85 boxes(Dyy,) (first time) frame matched (Tremain)
T
Trajectory Matching, Detection |
Frame Matching (T,
Low score detection ToU matching Trajectory match, detection
boxes(Dy,,) (first time) frame not matched (D) | L detection box] |y

Trajectory not matched,detection
frame matched (Tremain)

aximum retained
frames <30

Delete
detection box

Figure 6. Flowchart of ByteTrack algorithm.

During tuna longline fishing, branch lines with hooks need to be detached from the
main line. When a tuna is caught on a branch line hook, workers hang the branch line on
the rail next to the water gate. Subsequently, each tuna is individually hooked and brought
onto the deck through the water gate using hooks. When the tuna is hauled from the water
surface onto the deck, an ID is assigned to the detected tuna. A number in the upper-left
corner of each bounding box is used to identify the unique target ID. In subsequent frames,
if the ID does not switch, the tracking is considered effective until the tuna disappears from
the field of view. The results of target tracking are shown in Figure 7, where the upper-left
corner of the tuna detection box displays the species and count of the tuna.

3.2.2. Area-Specific Tracking Counting Method

When using ByteTrack for tuna target tracking, the final count is affected by overesti-
mation due to occlusion by crew movements and the back-and-forth jumping of tuna on
the deck. Therefore, all tuna IDs generated by the ByteTrack algorithm are not directly used
as the statistical value for the total count of tuna.

To address the issue of duplicate counting mentioned above, a specific area tracking
counting method has been devised. As shown in Figure 8, at the entry point where a tuna
is captured and enters the fishing vessel, a rectangular box defined by the coordinates of its
top-left corner (x,,y,) and bottom-right corner (x;, ;) is utilized to delineate the specific
counting area. The dimensions of this rectangular box are 365 x 430. The counting results
are displayed in the top-left corner of the video.
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Figure 7. Example of target tracking results. The green box is the current target detection box, type
albacore and number 1.

Figure 8. Specific tracking count areas for tuna. The box is the current target detection box, type
albacore and number 1.

The process of the specific area tracking and counting method is shown in Figure 9. The
specific area tracking counting method begins by initializing the counter. Then, the tracking
algorithm is executed to obtain the detection boxes of tuna. Subsequently, the count is
updated based on the first appearance of the center coordinates of the tuna detection boxes
within the specific area. The addition of this specific area effectively mitigates the impact of
target occlusion and irregular movements, reducing the issue of repetitive counting.

Given the minimal worker activity near the water gate, incorporating a specific area
counting method in this location can effectively reduce the problem of target occlusion.
Additionally, since tuna exhibit less erratic movement in the area near the water gate before
entering the deck, incorporating a specific area counting method in this location can further
reduce the issue of double counting.
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| Run tracking algorithm |
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Figure 9. Flowchart of the region-specific tracking and counting method.

4. Experiment and Results
4.1. Dataset and Evaluation Metrics Introduction
4.1.1. Dataset Introduction

The dataset used in this study was obtained from monitoring videos of tuna longline
fishing vessels operated by CNFC Overseas Fisheries Co., Ltd. in the South Pacific. A total
of 952 images with a resolution of 2560 pixels x 1920 pixels were extracted. Among these
images, 319 were captured during daytime and 633 during nighttime. They were divided
into training, validation, and test sets in a ratio of 6:2:2. After annotating the images using
Labellmg software, TXT files were generated containing the class labels and corresponding
bounding box coordinates for the foreground objects. The categories for tuna include three
species: Yellowfin Tuna, Bigeye Tuna, and Skipjack Tuna, as shown in Figure 10.

(b) (€}

Figure 10. Diagram of tuna species. The figures (a—c) respectively represent the Atlantic bluefin tuna,
the yellowfin tuna, and the blackfin tuna.

4.1.2. Experimental Setup

All experiments in this study were conducted on the Ubuntu operating system, uti-
lizing an RTX 4090 GPU. The development environment consisted of Python 3.8, CUDA
version 11.3, and PyTorch version 1.10.0. To ensure the accuracy of the experiments, this
paper uniformly sets the hyperparameters used for training as follows: The weight decay
coefficient is set to 0.0005, and the learning rate is set to 0.01, the batch size is set to 16, and
the number of training epochs is set to 300.
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4.1.3. Evaluation Metrics

This study employs standard deep learning evaluation metrics: accuracy, recall, and
precision. To elucidate these metrics, we define key terms: False Positive (FP) refers to
instances that are actually negative samples but are erroneously classified as positive
samples; False Negative (FN) refers to instances that are actually positive samples but are
erroneously classified as negative samples; True Positive (TP) represents instances that are
actually positive samples and are correctly classified as positive samples.

Precision is the ratio of the number of samples correctly predicted by the model to
be in a particular category to the total number of samples predicted by the model to be in
that category:

TP

TP+ FP

Recall is the proportion of positive samples correctly predicted by the model among
all results predicted as positive in the validation set:

()

Precision =

TP

Recall = 7575

)

Average Precision (AP) is a comprehensive evaluation of a model’s prediction accuracy
and recall across different categories. It assesses the overall performance of an algorithm by
computing the average precision across different categories. Firstly, for each category, the
detection results are sorted based on their confidence scores. By calculating the precision—
recall curve, the average precision (AP) for that category is obtained. Subsequently, the
average precision for all categories is summed up and divided by the number of categories
to derive the mean Average Precision (mAP). mAP@0.5 denotes the mean average precision
when the Intersection over Union (IoU) threshold is set to 0.5. mAP@0.5:0.95 represents the
average precision across the confidence score thresholds, ranging from 0.5 to 0.95 for the
detection results.

1 N
mAP = 5} AP, (4)
i=1

In the equation, N represents the number of categories, and AP; denotes the average
precision of the i-th category.

4.2. Analysis of Experimental Results
4.2.1. Efficiency on the Depth of DyHead

We evaluate the efficiency of the dynamic detection head by controlling the depth
(number of blocks). As shown in Table 1, we varied the number of DyHead blocks used
(e.g., 1,2, 3,4 blocks) and compared their performance with computational costs.

Table 1. Efficiency on the depth of DyHead.

Block FLOPs/G Precision Recall mAP@0.5 mAP@0.5:0.95
1 101.1 94.6% 98.5% 98.7% 65.6%
2 102.4 93% 98.9% 98.5% 64.1%
3 103.6 92.5% 98.8% 98.6% 67.7%
4 104.9 92.2% 96.7% 98.5% 62.6%

From Table 1, it can be observed that as the number of DyHead blocks used increases,
the computational cost of the model also gradually increases, while the precision of the
model gradually decreases. The model’s recall rate peaks at 98.9% when using 2 blocks,
and is slightly lower than this when using 3 or 1 block. The model’s mAP@0.5 remains
similar across the four conditions, with the highest mAP@0.5 value of 98.7% observed when
using 1 block. The model achieves the highest mAP@0.5:0.95 of 67.7% when using 3 blocks.
However, this is accompanied by a significant difference in precision compared to when



Appl. Sci. 2024, 14, 5321

10 of 14

using 1 block. Therefore, overall, the efficiency of the dynamic detection head is highest
when using one DyHead module, resulting in optimal model performance.

4.2.2. Ablation Experiment

To validate the effectiveness of the improvements to YOLOV?7, the following ablation
experiments were designed: maintaining consistent training parameters and data for
each model, DySnakeConv convolution, CoordConv, and the dynamic detection head
DyHead were gradually incorporated into the YOLOv7 model. Models were then trained
individually for comparison, as outlined in Table 2.

Table 2. Ablation Experiment.

Test DySnakeConv CoordConv DyHead Precision Recall mAP@0.5 mAP@0.5:0.95
1 X X X 91.1% 95.8% 98% 58.5%
2 V4 X X 92.9% 99% 98.5% 63.5%
3 X Vv X 95.9% 97.4% 98.3% 66.8%
4 X X v 94.6% 98.5% 98.7% 65.6%
5 Vv Vv Vv 96.3% 98.9% 98.5% 68.5%

Through the analysis of Table 2, the following conclusions can be drawn:

1.  Adding DySnakeConv, CoordConv, and DyHead to the YOLOv7 model resulted
in YOLOv7-Tuna. Compared to the original YOLOV7, the precision increased from
91.1% to 96.3%, marking a 5.2% improvement; The recall rate increased from 95.8%
to 98.9%, marking a 3.1% improvement; The mAP@0.5 increased from 98% to 98.5%,
representing a 0.5% improvement; The mAP@0.5:0.95 increased from 58.5% to 68.5%,
marking a 10% improvement. Therefore, YOLOv7-Tuna demonstrates improvements
across all metrics, validating the effectiveness of the proposed algorithm in this study.

2. The models with DySnakeConv, CoordConv, and DyHead added individually show
improvements over the original YOLOV? in various metrics, including precision,
recall, mAP@0.5, and mAP@0.5:0.95. Furthermore, by comparing the enhancement
effects of the three models, it can be observed that the model with DySnakeConv
added exhibits the highest improvement in recall rate, increasing from 95.8% to 99%,
marking a 3.2% improvement; The model with CoordConv added shows the most
notable improvement in precision, increasing from 91.1% to 95.9%, marking a 4.8%
improvement. The model with DyHead added exhibits the best performance in
terms of mAP@0.5, increasing from 98% to 98.7%, marking a 0.7% improvement.
Therefore, the three modules added in this study effectively enhance the performance
of YOLOvV?7, each demonstrating advantages in three different aspects. This confirms
the effectiveness of the added modules in this study.

In summary, the modules added in this study effectively enhance the performance
of the YOLOvV7 model, with each module exhibiting its own advantages in three distinct
aspects. The algorithm proposed in this paper, YOLOv7-Tuna, integrates the advantages
of the three modules, resulting in superior overall performance. Compared to the orig-
inal YOLOvV7 model, the precision increased by 5.2%, the recall rate increased by 3.1%,
mAP@0.5 increased by 0.5%, and mAP@0.5:0.95 increased by 10%. Experimental results
indicate that YOLOv7-Tuna achieved a significant improvement in accuracy compared to
the original model, enabling better tuna identification and thereby enhancing the accuracy
of tuna counting.

4.2.3. Contrast Experiment

To further validate the reliability of the YOLOv7-Tuna model for tuna detection, we
conducted comparative experiments with Faster-RCNN and YOLOVS5, popular current
object detection algorithms. The experimental results are shown in Table 3, and the perfor-
mance advantages of YOLOv7-Tuna can be concluded in comparison with these algorithms.
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Table 3. Algorithm Comparison.

Algorithm Precision Recall mAP@0.5
Faster R-CNN 81.6% 83.4% 86.7%
YOLOv5 90.7% 95.2% 98.1%
YOLOv7 91.1% 95.8% 98%
YOLOvV7-Tuna 96.3% 98.9% 98.5%

Comparing the detection performance with Faster R-CNN, YOLOv5, and YOLOv?,
it can be observed that YOLOv7-Tuna excels in precision, recall, and mAP@0.5 across all
aspects. In terms of precision, it surpasses Faster R-CNN by 14.7%, which is 5.6% higher
than YOLOVS5, and 5.2% higher than YOLOvV?. In terms of recall, it is 15.5% higher than
Faster R-CNN, 3.7% higher than YOLOVS5, and 3.1% higher than YOLOV?. In terms of
mAP@Q.5, it is 11.8% higher than Faster R-CNN, 0.4% higher than YOLOvVS5, and 0.5%
higher than YOLOV?7. Therefore, compared to other object detection algorithms, YOLOv7-
Tuna exhibits significant advantages in terms of precision, recall, and mAP, leading to a
noticeable improvement in the accuracy of tuna detection.

4.2.4. Counting Method Comparison Experiment

To verify the effectiveness of the counting method proposed in this paper, we compared
the experimental results before and after the addition of the specific region counting method.
The experiments kept the detection model consistent and utilized the same dataset for
training. The dataset contains 32 instances of tuna. All training parameters were set
identically. The experimental results are presented in Table 4.

Table 4. Counting methods comparison.

. Repeated Missed Total Total Countin
Counting Method Cr())unt Count Miscount Count Error s

DOYOLOVS + ByteTrack +9 —4 13 37 15.6%
@YOLOVS5 + ByteTrack + ours +5 -3 8 34 6.3%
®YOLOvV7 + ByteTrack +6 -3 9 35 9.4%
@YOLOV7 + ByteTrack + ours +3 -1 4 34 6.3%
®YOLOv7-Tuna + ByteTrack +4 -1 5 35 9.4%
®YOLOv7-Tuna + ByteTrack + ours +1 0 1 33 3.1%

Firstly, let us analyze the impact of different detection models on the counting results.
The data in rows @@ G and @®(® indicate that the performance of the detection models
also has a significant impact on the counting results. YOLOv7-Tuna demonstrates superior
detection performance compared to YOLOv5 and YOLOv?7. Moreover, when utilizing the
same ByteTrack algorithm, it also achieves better counting results.

Next, to demonstrate the effectiveness of the specific area counting method added
in this study, the comparison between rows @ @), ® @, as well as ¢ (o) in the table
reveals that maintaining the detection algorithm constant while incorporating the specific
area counting method yields superior counting results. The improvement addresses both
the undercounting caused by occlusion issues and the overcounting resulting from the
tuna’s resistance movements. The counting error has been reduced to 3.1%, and the total
erroneous count has been effectively decreased.

The experimental results indicate that the detection model proposed in this study
performs optimally, resulting in more accurate counting. It is suitable for automating the
task of quantifying catch in tuna longline fishing.
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4.2.5. Target Tracking Algorithm Comparison Experiment

In order to verify the effectiveness of the ByteSort target tracking algorithm, the
DeepSort target tracking algorithm is selected for the same experiment in this paper, and
the experimental comparison results are shown in Table 5.

Table 5. Target Tracking Algorithm Comparison.

. Repeated Missed Total Total Counting
Counting Method Count Count Miscount Count Error
OYOLOV7 + DeepSort +11 -5 16 38 18.8%
@YOLOV7 + DeepSort + ours +4 -2 6 34 6.3%
®YOLOv7-Tuna + DeepSort +5 -1 6 36 12.5%
®YOLOv7-Tuna + DeepSort + ours +1 0 1 33 3.1%
®YOLOv7-Tuna + ByteTrack + ours +1 0 1 33 3.1%

It can be similarly concluded from Table 5 that the counting error can be effectively
reduced by using our proposed region-specific counting method, proving the effectiveness
of our proposed YOLOvV7-Tuna algorithm. And by comparing the results in Tables 4
and 5, it can be seen that the counting error is smaller using the ByteTrack target tracking
algorithm. It is worth mentioning that after using our proposed tracking region-specific
counting method as well as the YOLOv7-Tuna algorithm, the counting error is similarly
reduced to 3.1%, proving the effectiveness of our proposed method.

4.2.6. Model Validation

To understand the classification accuracy and counting performance of the proposed
counting algorithm, a segment of daytime fishing video and a segment of nighttime
fishing video were selected for video detection and counting. The results are shown in
Table 6, where “day” and “night” represent the fishing time of tuna during the day and
night, respectively.

Table 6. Tuna Counting Experiment.

Fish Species Count Quantity Actual Quantity Miscounted Quantity
Albacore-day 12 11 +1
Albacore-night 8 7 +1
Yellowfin-day 4 4 0
Yellowfin-night 2 3 -1
Blackfin-day 1 1 0
Blackfin-night 2 2 0
Sum 29 28 +1

From Table 6, it can be observed that the counting accuracy has reached 96.4%. One
albacore tuna caught during daytime fishing was accidentally released back into the sea,
resulting in its being counted twice. Due to poor visibility at night, one yellowfin tuna
caught during nighttime fishing was incorrectly classified as an albacore tuna. The results
indicate that the model proposed in this study is capable of effectively counting multiple
categories of tuna.

5. Conclusions

This study aims to enhance the accuracy of tuna detection and achieve automated
statistical analysis of tuna catch quantities. To achieve this goal, a method for automated
tuna detection and counting based on YOLOv7-Tuna and incorporating a specific region
counting technique into ByteTrack is proposed. To address the characteristics of the tuna
dataset, the YOLOV7 model is augmented with DySnakeConv, CoordConv, and DyHead
modules. This augmentation enhances the model’s ability to extract temporal features,
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perceive spatial positions, and suppress complex backgrounds, thereby improving its
accuracy. Furthermore, the inclusion of a specific region counting method effectively
addresses issues such as occlusion and irregular movements during tuna counting. This
method reduces counting errors and enables the possibility of automated statistical analysis
of tuna catch quantities.
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