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Abstract


Modern aquaculture utilizes computer vision technology to analyze underwater images of fish, contributing to optimized water quality and improved production efficiency. The purpose of this study is to efficiently perform underwater fish detection and tracking using multi-object tracking (MOT) technology. To achieve this, the FairMOT model was employed to simultaneously implement pixel-level object detection and re-identification (Re-ID) functions, comparing two backbone models: FairMOT+YOLOv5s and FairMOT+DLA-34. The study constructed a dataset targeting the popular black porgy in Korean aquaculture, using underwater video data from five different environments collected from the internet. During the training process, the FairMOT+YOLOv5s model rapidly reduced train loss and demonstrated stable performance. The FairMOT+DLA-34 model showed better results in ID tracking performance, with an accuracy of 44.1%, an IDF1 of 11.0%, an MOTP of 0.393, and an IDSW of 1. In contrast, the FairMOT+YOLOv5s model recorded an accuracy of 43.8%, an IDF1 of 14.6%, an MOTP of 0.400, and an IDSW of 10. The results of this study indicate that the FairMOT+YOLOv5s model demonstrated higher IDF1 and MOTP scores compared to the FairMOT+DLA-34 model, while the FairMOT+DLA-34 model showed superior performance in ID tracking accuracy and had fewer ID switches.
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1. Introduction


Fish are important components of marine ecosystems and human culture and industry. Worldwide, 3 billion people eat them in large quantities [1]. Efforts must be made to monitor and manage fish populations and species to maintain connected registers and fish stocks [2].



Modern aquaculture utilizes computer vision technology to analyze underwater images of fish, contributing to optimized water quality and improved production efficiency [3]. According to a 2014 report by the Food and Agriculture Organization (FAO), approximately 110 million tons of seafood are caught worldwide annually, providing about 20% of the animal protein intake for 3 billion people [4]. If overfishing due to global warming and ocean acidification continues, humans will no longer be able to consume seafood. In the long term, the best way to address seafood shortages and promote sustainable fishing is through aquaculture.



According to a report by Statistics Korea [5], the number of marine aquaculture workers decreased from 6236 in 2011 to 5524 in 2019, as shown in Table 1, and most of the aquaculture workers are over 60 years old, resulting in a severe labor shortage [5]. By introducing ICTs (Information and Communications Technologies) into the marine aquaculture industry, labor-intensive primary industries can be transformed into IT industries, enhancing competitiveness. Traditional aquaculture processes rely heavily on visual observations by managers, making them highly dependent on subjective experience and requiring significant time and labor to digitize the observed results.



Modern aquaculture mainly relies on sensors to acquire information about fish species, which is vast and complex, making it difficult to fully utilize. However, computer vision technology, based on image processing, pattern recognition, and artificial intelligence, is gradually advancing and can be widely applied in areas such as fisheries resource research, aquaculture, processing, and rare species protection through non-contact observation techniques [6]. Using computer vision technology to study underwater images of fish can enhance operational efficiency, refine data for aquaculture, optimize water quality, and achieve high production efficiency. Furthermore, this technology, combined with artificial intelligence, can enable intelligent task processing.



Previous research has explored various approaches to fish detection and tracking. For instance, Chuang et al. proposed a feature learning and object recognition framework for underwater fish images [7], Sadeghian et al. studied methods to track multiple cues with long-term dependencies [8], Wang et al. conducted research aimed at real-time multi-object tracking [9], and Yu et al. explored object detection through deep layer aggregation [10]. And Vishnu Kandimalla et al. conducted a study that integrated YOLOv3 and Mask-RCNN and YOLOv4 and Norfair tracking algorithms to track fish in video data. This integrated system continuously tracks the migration of the fish and is optimized to maintain high performance, especially in low-frame-rate video [11].



These studies have contributed to improving the efficiency of fish detection and tracking using computer vision and artificial intelligence technologies.



The purpose of this study is to efficiently detect and track underwater fish using Multiple Object Tracking (MOT) technology. To achieve this, we constructed a dataset focusing on rock bream, which is popular in Korean aquaculture, and utilized underwater video data collected from the internet in five different environments. The dataset was divided into Train and Test sets for training and evaluation. Each frame was labeled with the target fish object ID using the DarkLabel tool. Additionally, the FairMOT model was used to simultaneously implement pixel-level object detection and re-identification (Re-ID) functionality. We compared and analyzed two backbone models: FairMOT+YOLOv5s and FairMOT+DLA-34.




2. Material and Methods


In this study, we utilized the FairMOT model to efficiently detect and track underwater fish using Multiple Object Tracking (MOT) [9] technology. The research focused on three main components: Deep Layer Aggregation-34 (DLA-34), YOLOv5, and Fair Multi-Object Tracking (FairMOT). The roles and features of each component are detailed in the sections below.



2.1. Deep Layer Aggregation-34 (DLA-34)


Deep Layer Aggregation (DLA) is a fusion deep network used as a backbone, with the advantage of effectively aggregating information from various layers through deeper fusion. DLA-34 utilizes this structure to provide high accuracy and fewer parameters, and it was chosen as the backbone network to achieve multi-scale detection [11]. The difference between DLA-34 and the original DLA is the addition of more connections between the lower and upper layers, enabling more sophisticated feature extraction. DLA-34 is used as the backbone network for feature extraction, fusing features of different depths to generate high-resolution feature maps. These feature maps play a crucial role in accurately detecting the location and size of objects.



As shown in Figure 1, DLA-34 uses the DCNv2 (Deformable Convolution Network) for up-sampling during the feature extraction process. DCNv2 dynamically adjusts the receptive field according to the scale and pose of the target, helping to improve the anchor box alignment problem [11].



The DLA-34 backbone is designed to handle objects of various sizes and extract more sophisticated features through multi-layer aggregation.




2.2. YOLOv5s


YOLOv5 is an object detection model designed with both speed and accuracy in mind, consisting of four versions (YOLOv5s, YOLOv5m, YOLOv5l, and YOLOv5x). As the model version increases, accuracy improves, and the detection time for a single image increases. The network structure of YOLOv5s is shown in Figure 2. The backbone consists of Focus and C3 structures, and the neck is composed of the Feature Pyramid Network (FPN) and Path Aggregation Network (PAN) [12,13,14,15].



The backbone of YOLOv5 transforms input images into feature maps, and the neck connects the backbone and head, refining and reconstructing the feature maps. The backbone of the YOLOv5 network plays a very important role in feature extraction, and the complexity of the backbone significantly affects the overall algorithm’s processing time. The Focus module in the backbone generates low-dimensional feature maps by slicing the image, and the Spatial Pyramid Pooling (SPP) layer allows for the network to input images of any size. After passing through the SPP layer, feature maps of arbitrary size are output as fixed-length vectors used for subsequent classification and detection tasks.




2.3. Fair Multi-Object Tracking (FairMOT)


FairMOT is a model that simultaneously implements pixel-level object detection and re-identification (Re-ID), effectively tracking multiple objects in each frame. The structure of FairMOT is shown in Figure 3.



FairMOT uses the DLA-34 backbone to extract features from each frame and predict the object’s location and ID. This model exhibits excellent tracking performance, especially in highly dynamic underwater environments. FairMOT’s structure consists of several key components. First, the Detection Head detects the location of the fish. Second, the Re-ID Embeddings assign a unique ID to each object, enabling continuous tracking. Third, the backbone network plays a crucial role in extracting feature maps throughout the system. Finally, the up-sampling layers increase the resolution to generate refined feature maps.



FairMOT is a multi-object tracking model [16,17,18] with two homogeneous branches that simultaneously predict pixel-level object detection and Re-ID functionality. This model starts by inputting the video sequence into the DLA-34 network. The DLA-34 network fuses features of different depths and transmits the extracted multi-layer information to the detection model and the Re-ID model.



The high-resolution feature maps extracted from the DLA-34 network are divided into several components. First, heatmaps represent the position information of the top-left (min x, max y) and bottom-right (max x, min y) corners and the confidence information at those positions. Second, the bbox size indicates the size of the object. Third, center offsets solve the accuracy loss problem that occurs when the heatmaps are down-sampled again after being initially up-sampled to 1/n. Finally, Re-ID Embeddings assign a unique ID to each object, enabling continuous tracking.



Heatmaps, center offsets, and bbox size are used to detect objects and transmit them to the detection model, while Re-ID Embedding transmits the target’s Re-ID information to the Re-ID model.



This study compared and analyzed the performance of underwater fish detection and tracking using two backbone models of the FairMOT model. This research aimed to explore methods to implement efficient and accurate underwater organism detection.





3. Design of FairMOT Mixed Model


The development process of this study can be broadly divided into two stages, each consisting of a series of procedures, aimed at developing a model that can effectively perform multi-object tracking in underwater environments. This development process includes extracting data from underwater fish videos to create a dataset and using the related data to train and evaluate the model.



The first stage is the data collection stage, where videos of fish filmed in underwater environments are collected and stored on a hard disk. The collected video data form the basis for all subsequent processing steps.



The second stage involves processing the data and consists of several detailed procedures as follows: First, the collected video data are preprocessed to convert it into a form suitable for analysis. Each frame of the preprocessed video is labeled with the position and ID of the fish. This labeling process involves identifying and tagging the fish objects in each frame of the video. The labeled data are then used to train the YOLOv5s backbone model. At this stage, the YOLOv5s model is trained to improve its object detection capabilities. Based on the trained YOLOv5s model, FairMOT is then trained. FairMOT is trained using two backbone models. The first is the FairMOT + YOLOv5s backbone model, and the second is the FairMOT + DLA-34 backbone model. In this process, the model learns the ability to detect the position of objects and assign IDs. Finally, the trained model is used to perform underwater fish tracking tests. In this stage, the model’s performance is evaluated by using test data to track the position and ID of the fish. The test results are analyzed, and the tracking performance of the model is evaluated to derive the final results.



In Figure 4, the DeepSORT algorithm process consists of the following five stages: First, the initial frame of the video sequence is taken. This initial frame serves as the starting point for the subsequent process. At this stage, the Kalman filter is used to predict and update the state of the target’s movement. This involves predicting and updating the state variable xk and state covariance Pk.



In the prediction stage, the current state vector and covariance matrix are used to predict the next state vector and covariance matrix. The state transition matrix F transforms the previous state vector       x  ^    k − 1     into the current state vector       x  ^    k | k − 1    . The control input model B and control input     u   k − 1     reflect external inputs applied to the system. The covariance matrix     p   k | k − 1     represents the uncertainty of the state vector, which is updated by the state transition matrix F and process noise covariance Q.



In the update stage, the predicted state vector and covariance matrix are updated using the observation     z   k    . The observation model H represents the relationship between the actual observation and the predicted observation. The Kalman gain Kk corrects the difference between the predicted state and the actual observation. Finally, the updated state vector       x  ^    k     and covariance matrix Pk are calculated as shown in Equations (1) and (2).



Through this process, the DeepSORT algorithm can effectively track multiple objects in a video sequence.



The prediction stage is as follows:


      x  ^    k | k − 1   = F     x  ^    k − 1   + B   u   k − 1 ,         p   k | k − 1   = F   P   k − 1     F   T   + Q  



(1)







The update stage is as follows:


    K   k   =   P   k | k − 1     H   T   ( H   P   k | k − 1     H   T   + R   )   − 1   ,     x  ^    k   =     x  ^    k | k − 1   +   K   k   (   z   k   − H     x  ^    k | k − 1   )  



(2)






    P   k   = ( I −   K   k   H )   P   k | k − 1    











Here, F is the state transition matrix, B is the control input model, Q is the process noise covariance, H is the observation model, R is the observation noise covariance, and Kk is the Kalman gain [19]. The deep appearance descriptor and vector feature of the detected objects are extracted. The appearance features are represented by the vector f extracted through a CNN, and the motion features are represented by the state vector x obtained through the Kalman filter.



DeepSORT is an algorithm for multi-object tracking that utilizes both the appearance and position information of objects to track them. After extracting the appearance feature vector fi of each tracked object through a neural network, the minimum cosine similarity cos θ between the appearance feature vectors fi of the current frame and fj of the previous frame is calculated to determine the similarity as shown in Equation (3). The cosine similarity indicates the similarity between two vectors fi and fj based on the angle between them, with a value closer to 1 indicating higher similarity.


  c o s   θ =    ( f i · f j )   ( | f i | | f j | )     



(3)







The appearance information through cosine distance is effectively used to retrieve the ID of objects that have been occluded for a long time [19]. DeepSORT calculates the similarity of motion information between the detection bounding box d and the predicted bounding box e using the Mahalanobis distance, as shown in Equation (4).


    d   M     d , e   =     d − e     T     S   − 1   ( d − e )  



(4)







The Mahalanobis distance represents the distance between two vectors d and e, considering the data distribution using the covariance matrix S. A smaller value indicates higher similarity between the two vectors [16]. The final score is a combination of the cosine similarity and the Mahalanobis distance, using weights α and β to comprehensively evaluate the similarity between objects, as shown in Equation (5).


  F i n a l   S c o r e − α ·   cos  ⁡    θ     + β   ·   d   M    



(5)







The final results are obtained by assigning IDs to each object through the associated cost matrix using the Hungarian algorithm. The Hungarian algorithm finds the optimal matching between objects and tracks based on the cost matrix, with a time complexity of O(n3). The steps of this algorithm are as follows:




	
Subtract the minimum value in each row to perform row minimization.



	
Subtract the minimum value in each column to perform column minimization.



	
Find the minimum number of lines that cover all zeros in the minimized matrix.



	
Find the smallest uncovered element and subtract this value from all uncovered elements, adding it to all covered elements.



	
Repeat this process to find the optimal matching.








The Hungarian algorithm plays an important role in multi-object tracking by finding the optimal association between objects and tracks. This helps maintain consistent IDs for objects and improves the accuracy of tracking through optimal matching [16]. Through this process, the DeepSORT algorithm can effectively track objects. The Mahalanobis distance and the Hungarian algorithm play critical roles in maximizing the efficiency and accuracy of underwater fish detection and tracking by considering data distribution and optimal matching.




4. Implementation


4.1. Development Environment


In this study, the software environment for the experiment was developed using Python 3.10 version, the artificial intelligence library used the PyTorch-based MMDetection API, and the hardware environment was Windows 11 for the OS, i9-9900k for the CPU, 128 GB 280 for the RAM, and 128 GB for the GPU. NVIDIA RTX 6000 (NVIDIA, Santa Clara, CA, USA) was used, and a detailed environment is indicated in Table 2.




4.2. Dataset


In this study, an integrated dataset for detecting and tracking rock bream (Acanthopagrus schlegelii) in underwater environments was constructed. The data were collected using underwater videos filmed in various environments from the internet, including five different environments as shown in Figure 5. The purpose of this dataset is to evaluate the performance of fish detection and tracking models under consistent and diverse conditions.



The dataset includes five different environments, each consisting of five videos. Each video is composed of a certain number of frames, ensuring various scenarios for evaluation [20]. The environments and related details are as follows: (a) clear water, natural habitat (5000 frames per video), (b) fish farms with artificial structures (4500 frames per video), (c) fish farm with lighting (5200 frames per video), (d) cloudy water, inside the fish farm (4800 frames per video), and (e) natural habitat rich in seaweed (5100 frames per video). Table 3 summarizes the dataset configuration for each environment.



To ensure a fair and consistent evaluation of the MOTFish and YOLOv5s models, the dataset includes integrated annotations suitable for both detection and tracking tasks. The detection annotations provide bounding boxes around each fish in each frame, and the tracking annotations include unique IDs to track each fish across multiple frames. This integrated annotation approach allows for both models to be trained and evaluated on the same dataset, ensuring consistency in evaluation criteria.



The dataset was preprocessed and labeled to support both detection and tracking tasks. It was then divided into training and testing sets for model training and performance evaluation. The training set consisted of a full 7081 frames, and the testing set consisted of a full 1300 frames. Table 4 summarizes the integrated dataset configuration and quantity for training and testing data.



Specific metrics are used to evaluate model performance. Metrics such as precision, recall, and mean average precision (mAP) are used to evaluate detection performance. Metrics such as Multiple Object Tracking Accuracy (MOTA) and the ID F1 score are used to evaluate tracking performance. Using the same dataset and evaluation framework ensures a fair comparison of the performance of the MOTFish and YOLOv5s models, allowing for a comprehensive evaluation of their ability to detect and track fish in underwater environments. This approach ensures that performance differences are due to the models themselves rather than variations in the dataset.




4.3. Evaluation Metrics


In this study, several metrics were used to evaluate the performance of the Multiple Object Tracking (MOT) model. The main evaluation metrics used are MOTA (Multiple Object Tracking Accuracy), MOTP (Multiple Object Tracking Precision), and IDF1 (Identification F1 score).



MOTA (Multiple Object Tracking Accuracy) is a metric that evaluates the accuracy of multi-object tracking by comprehensively considering the impacts of false negatives (FN), false positives (FP), and ID switches (IDSW). It measures the tracking accuracy of multiple targets in a single camera and is calculated using the following Formula (6):


  M O T A = 1 −      ∑  t    (   F N   t   +   F P   t   +   I D S W   t   )       ∑  t      G T   t         



(6)







Here, FNt represents the false negatives (undetected objects) at time t, FPt represents the false positives (incorrectly detected objects) at time t, IDSWt represents the ID switches (incorrect ID matching) at time t, and GTt represents the number of ground truth objects at time t.



MOTP (Multiple Object Tracking Precision) is a metric that evaluates the precision of multi-object tracking based on the distance error of each object and is calculated using the following Formula (7):


  M O T P =      ∑  i      ∑  t      d   t   i           ∑  t      c   t         



(7)







Here,     d   t   i     represents the distance error of object i at time t, and ct represents the number of matched objects at time t. Additionally,     d   t   i     indicates the overlap area between the bounding box of target i and the matched bounding box at frame t. An overlap area within the 50–100% range is considered a correct match, and a higher MOTP value indicates better location accuracy of the tracked objects.



IDF1 (Identification F1 score) represents the F-value for identifying the target ID in each frame and is calculated using the following Formula (8):


  I D F 1 =    2 · I D T P   2 · I D T P + I D F P + I D F N     



(8)







Here, IDTP (ID true positives) represents the number of correct object ID matches, IDFP (ID false positives) represents the number of incorrect object ID matches, and IDFN (ID false negatives) represents the number of missed object IDs. A higher IDF1 value indicates better consistency in maintaining object IDs, and this metric comprehensively evaluates the model’s performance in terms of detection accuracy and object identification consistency. Through these evaluation metrics, the performance of the proposed model in this study was comprehensively evaluated.




4.4. Comparison of Training Loss between FairMOT Models DLA-34 and YOLOv5s


Figure 6 compares the training results of the two backbones of the FairMOT model, FairMOT + DLA-34 and FairMOT + YOLOv5s. Both models were trained with an input image size of 128 × 64, a batch size of 8, and 60 epochs. This graph shows the change in train loss during the training process to identify the point where the training loss is minimized.



For the FairMOT-DLA-34 model, the initial training loss value starts at 1.955 and decreases sharply in the early stages of training, dropping rapidly until around 10 epochs. After that, it shows a gradual decrease, finally recording a loss value of 0.1067 at 60 epochs. The FairMOT model with the DLA-34 backbone shows a relatively low initial loss value and converges to a stable loss value quickly during the training process.



On the other hand, the FairMOT-YOLOv5s model starts with an initial training loss value of 2.348 and decreases sharply in the early stages of training, dropping rapidly until around 20 epochs. After that, it shows a gradual decrease, finally recording a loss value of 0.8541 at 60 epochs. The FairMOT model with the YOLOv5s backbone shows a higher initial loss value, a relatively slower training speed, and a higher final loss value.



The graph visually shows the difference in training speed and performance between the two models. The FairMOT-DLA-34 model shows faster training speed and lower final loss value compared to the FairMOT-YOLOv5s model, indicating superior performance. These results suggest that the DLA-34 backbone is more effective in feature extraction and has faster convergence during training compared to the YOLOv5s backbone. This graph plays an important role in determining the optimal number of epochs for model training and helps identify the optimal training point. This helps prevent overfitting and maximize the generalization performance of the model.




4.5. Results


The test results of the FairMOT-DLA-34 model proposed in this paper showed IDF1 11.0%, MOTA 44.1%, MOTP 0.393, and IDSW 1 as shown in Table 5. On the other hand, the test results of the FairMOT-YOLOv5s model showed IDF1 14.6%, MOTA 43.8%, MOTP 0.400, and IDSW 10. Comparing the test results of the two models, the FairMOT-DLA-34 model showed relatively good performance in IDF1, MOTA, and MOTP, but the FairMOT-YOLOv5s model showed more errors in ID switches (IDSW).



Figure 7 and Figure 8 show the test results using FairMOT-DLA-34 and FairMOT-YOLOv5s models. Figure 7 compares the fish detection results of the two models in the same frame. The FairMOT-YOLOv5s model accurately detected the fish in the 1290th frame, whereas the FairMOT-DLA-34 model failed to detect the fish in the same frame. This suggests that the model using the YOLOv5s backbone has higher detection accuracy.



Figure 8 compares the fish ID tracking results of the two models in the same frame [19,21]. The FairMOT-YOLOv5s model accurately tracked the fish ID until the 1137th frame, whereas the FairMOT-DLA-34 model failed in ID tracking in the same frame. This shows that the model using the YOLOv5s backbone has superior performance in ID tracking as well.



In conclusion, the FairMOT-DLA-34 model generally showed superior performance in detection and ID tracking but had relatively more errors in ID switches. In contrast, the FairMOT-YOLOv5s model showed relatively good performance in detection accuracy and ID tracking, and fewer errors in ID switches. Therefore, this paper suggests that the FairMOT-YOLOv5s model is more suitable when ID tracking performance is more important.





5. Conclusions


In this study, the FairMOT model was used to detect and track underwater fish using Multiple Object Tracking (MOT) technology. The performance of two backbone models, DLA-34 and YOLOv5s, was evaluated and compared.



The experimental results showed that the FairMOT-DLA-34 model performed well in IDF1, MOTA, and MOTP metrics, but had relatively high error rates in ID switches (IDSW). In contrast, the FairMOT-YOLOv5s model showed relatively better performance in IDF1 and IDSW and satisfactory results in MOTA and MOTP. Especially, the FairMOT-YOLOv5s model showed superior performance in detection accuracy and ID tracking.



Comparing the performance of the two models through video samples, the FairMOT-YOLOv5s model showed better performance in accurately detecting and tracking fish IDs in the same frame. In contrast, the FairMOT-DLA-34 model showed relatively lower performance in fish detection and ID tracking in specific frames.



Through this study, the strengths and weaknesses of the two backbone models of the FairMOT model for underwater fish detection and tracking were clearly identified. The FairMOT-YOLOv5s model is more suitable when ID tracking performance is important, while the FairMOT-DLA-34 model may be advantageous when considering detection accuracy and overall tracking performance.



Future research can contribute to the development of more efficient and accurate underwater fish detection and tracking systems by conducting additional experiments in various environments and comparing them with other backbone models.
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Figure 1. Structure of DLA-34 backbone. 
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Figure 2. Structure of YOLOv5s backbone. 
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Figure 3. Structure of FairMOT network. 
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Figure 4. Process FairMOT mixed model. 
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Figure 5. Data extraction in five environments. 
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Figure 6. Comparison of training loss between FairMOT models DLA-34 and YOLOv5s. 
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Figure 7. Comparison of test results between FairMOT-DLA-34 and FairMOT-YOLOv5s. 
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Figure 8. ID detection comparison for FairMOT-DLA-34 and FairMOT-YOLOv5s. 
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Table 1. Status of aquaculture workers.






Table 1. Status of aquaculture workers.





	Year
	2011
	2012
	2013
	2014
	2015
	2016
	2017
	2018
	2019





	Number of Workers
	6236
	5816
	5760
	5637
	5550
	5438
	5408
	5635
	5524










 





Table 2. Configuration of development environment.






Table 2. Configuration of development environment.





	Division
	Specification





	Operating system (OS)
	Windows 11



	Central processing unit (CPU)
	Intel i9 9900K (Santa Clara, CA, USA)



	GPU
	NVIDIA QUADRO RTX6000



	Memory
	128 GB



	Storage
	Samsung M.2 1 TB (Suwon, Republic of Korea)










 





Table 3. Dataset configuration by environment.






Table 3. Dataset configuration by environment.





	Environment Description
	Number of Videos
	Number of Frames





	(a) Clear water, natural habitat
	5
	5000



	(b) Fish farms with artificial structures
	5
	4500



	(c) Fish farm with lighting
	5
	5200



	(d) Cloudy water, inside the fish farm
	5
	4800



	(e) Natural habitat rich in seaweed
	5
	5100










 





Table 4. Dataset configuration and quantity.






Table 4. Dataset configuration and quantity.





	
Division

	
Train Data

	
Test Data






	
(a) Clear water, natural habitat

	
528

	
1300




	
(b) Fish farms with artificial structures

	
344




	
(c) Fish farm with lighting

	
181




	
(d) Cloudy water, inside the fish farm

	
4737




	
(e) Natural habitat rich in seaweed

	
1291




	
Total

	
7081

	
1300











 





Table 5. Test results of FairMOT.






Table 5. Test results of FairMOT.





	Model
	IDF1
	MOTA
	MOTP
	IDSW





	FairMOT-DLA-34
	11.0%
	44.1%
	0.393
	1



	FairMOT-YOLOv5s
	14.6%
	43.8%
	0.400
	10
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