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ARTICLE INFO ABSTRACT

Handled by Jie Cao Fisheries regulations require detailed catch reporting on commercial fishing vessels. Vital components for the
sustainable management of fish stocks include a robust estimate of the number of fish caught and the species
composition. Catch recording is often done manually by human observers on fishing vessels. Human observers
are costly, and consistent data streams can be subject to observer availability and the weather. On-vessel cameras
(electronic monitoring, EM) are a growing alternative to human observers. However, on-land human auditors are
required to review hundreds of hours of videos recorded during fishing trips that can last for weeks. In this paper,
a framework is presented to automatically detect fish in EM videos, count the total fishing events, and classify the
fish species. For this purpose, a deep learning and computer vision-based model is developed to efficiently detect
fish and fishers onboard a vessel. Secondly, a vision-based tracking pipeline tracks the detected fish and counts
the total fishing events in the videos. Thirdly, the extracted fishing events are classified through a deep learning-
based fish species classifier, to provide the distribution of different fish species caught for a fishing trip. For our
experiments, the datasets were prepared using the electronic monitoring data of multiple fishing trips of a fishing
vessel. The videos were recorded on Australian longline vessels targeting tunas and billfish. For the fish detection
task, video frames were extracted and labelled manually to provide a digital ground-truth. For the fish species
classification task, hundreds of fish images of multiple species were cropped to provide a training dataset for the
fish classifier. For the fish counting task, manual counts for the fishing events of individual fish species were
generated for the test fishing trips. The developed fish and fisher detector achieves a mean Average Precision of
87.0 % for fish and 94.0 % for fishers on test video frames. The fishing event detection pipeline achieves an
Average Precision of 81.0 % and an Average Recall of 74.5 % on test videos. The fish species classifier achieves an
Accuracy (Top-1) of 91.11 % for the classification of cropped fish images and 89.05 % for the classification of
extracted fishing events from the videos. Experimental results show that our proposed computer vision and
artificial intelligence-based solution for video analysis has great potential to automate the auditing process from
electronic monitoring footage and contribute to the sustainable management of fish stocks.
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1. Introduction and non-target catches. However, on-vessel human observer programs
are expensive and as a consequence, only a fraction of vessel trips may
be covered (or none at all) (Benoi't and Allard, 2009; Depestele et al.,

2011; Poos et al., 2013). The use of electronic monitoring (EM) camera

The sustainability of harvested fish stocks and associated industries
is of prime importance for fishery regulators. Licensing and quota

management have been adopted by management authorities to address
the challenges of optimising industry profitability, reducing over-
fishing, and ensuring ecosystem impacts are acceptable. Observer pro-
grams assist these objectives by collecting independent data on target
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systems is becoming increasingly common for the recording of catch,
bycatch, and other fishing activities, encompassing tasks such as catch
composition counts, catch handling procedures, and fishing method
compliance. Monitoring such activities is of critical significance for
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operational adherence to licensing permits, stock management, and
assessing the broader ecosystem impact of fishing van Helmond et al.
(2020). However, the process of manually reviewing and analysing EM
data can be time-consuming, costly, prone to errors, and challenging
when dealing with large amounts of data captured over prolonged pe-
riods. Consequently, in Australia’s Commonwealth-managed fisheries, a
minimum of 10 % of video data is reviewed by experts Qiao et al. (2021),
even though footage may exist of all trips.

Recent advancements in deep learning and computer vision-based
methods have shown great potential for monitoring applications in
fishing (Khokher et al., 2022; Qiao et al., 2021; Probst, 2020). For
example, Salman et al. (2020) developed a method that used the com-
bined outputs from Gaussian mixture models and an optical flow algo-
rithm as inputs for a Convolutional Neural Network (CNN).

Similarly, underwater video analysis can be carried out using a
Region-based Convolutional Network (R-CNN). Miranda and Romero
Miranda and Romero (2017) proposed a fish detection-based approach
in a constrained environment with a fixed background. French et al.
(2020) proposed a segmentation-based system for identifying fish spe-
cies on trawler conveyer belts using Mask R-CNN (an image segmenta-
tion network). Additionally, Palmer et al. (2022) used Mask R-CNN with
a statistical model to automatically estimate the number and mean fork
length of dolphinfish from landings on the vessel. The system deployed
uses images for fish detection and statistical models to correct for biases
introduced by undetected fish. Furthermore, in a feasibility study,
Monkman et al. Monkman et al. (2019) explored the use of machine
vision to automate the identification and size estimation of fish using
Region-based Convolutional Neural Networks.

This paper explores deep learning techniques, specifically YOLOX
model Ge et al. (2021), to detect fishing events and track activities in
video footage captured by EM systems on longline commercial fishing
vessels. To address the issue of imbalanced data for certain fish species,
we approached fishing event detection as a two-class detection problem,
focusing solely on annotating fish and fishers during the detection stage.
Additionally, this approach ensures that the model can easily adapt to
new fish species by training the classification part of the pipeline to
accommodate any future changes, thereby enhancing its generaliz-
ability. The ultimate goal is to identify and store only those video seg-
ments containing “catch events”, which would reduce data storage
requirements and increase the percentage of video footage containing
activities of interest to fisheries managers. This will markedly improve
the efficiency of data analysis. Additionally, this study examines the use
of ConvNext (a Convolutional Neural Network architecture) for fish
species classification. By leveraging these Al technologies, this research
has the potential to enhance the utilization of EM data for fisheries
management and improve profitability and sustainability in the fishing
industry Xie et al. (2017).

1.1. Related work

Ensuring that the impacts on related bycatch species and habitats are
minimal has led to increased attention to regulations that promote
sustainable fishing practices. Implementing EM as a means of moni-
toring fishing activities and compliance with regulations began with a
pilot trial in British Columbia, where 50 vessels were equipped with EM
systems, and a 36,000 trap limit was implemented fleet-wide van Hel-
mond et al. (2020). Previously, in 2002, Alaskan longline fisheries began
using EM to test for compliance with regulations on seabird bycatch
(Ames et al., 2005; McElderry, 2004). Furthermore, a larger EM program
was introduced in British Columbia, Canada, involving 200 vessels to
monitor compliance. Similarly, New Zealand employed EM to monitor
seabird interactions in a gillnet fishery McElderry et al. (2007). In
Australia, EM trials were initiated in 2015 to monitor catch-in-line
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fisheries Emery et al. (2019). Despite EM’s potential for cost-efficient
monitoring of catch and compliance, its widespread deployment for
this purpose has yet to be fully realized, due to the need for human video
footage to be reviewed. However, with the advancements in deep
learning and computer vision, there is now a unique opportunity to
utilize onboard video recordings to analyse catch and bycatch, to pro-
mote sustainable fishing practices (Tseng and Kuo, 2020; Wu et al.,
2023). Another recent study used deep learning models such as YOLOv4
and Mask RCNN to detect and classify fish in high-quality visual and
acoustic data; however, this study did not use data captured onboard
vessels for event detection Kandimalla et al. (2022).

The authors of Vilas et al. (2020) developed an electronic device
known as an observer that includes a camera and computer module for
automatic fish detection and identification onboard the vessel. The de-
vice is installed on a conveyor belt before species are sorted. Addition-
ally, the device is equipped with onboard sensors and magnets to detect
the movement of the conveyor belt. The camera module uses image
processing to detect fish species and estimate their length and weight
without the involvement of fishers. The image analysis data is combined
with vessel meta-data such as location and velocity and transmitted to a
shore-based data centre. Another study Marini et al. (2018) developed a
video-based automated procedure using genetic programming for image
analysis to effectively track and estimate the numbers of fish from un-
derwater video cameras without separating fish from different classes.
The system processed 20,000 images acquired in real-world coastal
settings to capture the temporal dynamics of fish abundance. The
automatic counting results were highly correlated with manual counts
for different fish species. Several recent studies have focused on
video-based hierarchical species classification that can predict
coarse-level groups of fish species and fine-level species at the same
time. The architecture allows the coarse-level prediction to be the final
output if the fine-level confidence score is too low and improves accu-
racy on tail-class species when training data follows a long-tail (imbal-
anced) distribution Mei et al. (2021b). Furthermore, in another similar
study, the Hierarchical Class Incremental Learning (HCIL) approach is
designed to provide both coarse-level and fine-level species predictions
concurrently, with the added advantage of the system gradually incor-
porating an increasing number of training classes for fish over time Mei
et al. (2022a). Other relevant studies focused on estimating the 3D po-
sition and size of the fish from a single camera under occluded scenarios.
Unlike other approaches that require costly data or multiple camera
angles, the proposed technique is based on a single image Mei et al.
(2021a). In similar other work, a template-based method is used to infer
3D shapes from a single-view image and apply the reconstructed mesh to
a downstream task, i.e., the absolute length of fish, in an unsupervised
manner Mei et al. (2022b). An unsupervised domain adaptation archi-
tecture is proposed, where a teacher network is used to enhance
pseudo-label accuracy using progressive mixup augmentation for in-
termediate sample generation between source and target domains. The
intermediate samples are used for fish classification under various do-
mains Zheng et al. (2023). Previous studies have primarily focused on
counting and characterizing catch and bycatch within a controlled
environment.

Our study introduces several advancements that distinguish it from
previous related work Qiao et al. (2021), enhancing the effectiveness
and applicability of deep learning models in real-time applications. The
YOLOX model used in our study has been optimized for real-time ap-
plications. We have focused on reducing computational complexity
while maintaining high accuracy, making our model particularly
well-suited for deployment in scenarios where processing speed is crit-
ical. Besides, we have incorporated a robust tracking model tuned to
recover lost tracks and create more stable and reliable detections before
classification. Unlike the previous studies that might have used more
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conventional convolutional networks, our work utilizes the ConvNeXt
model to classify the detected bounding boxes. This choice was moti-
vated by ConvNeXt’s improved efficiency and accuracy in handling
complex image features. Finally, our methodology involves a rigorous
evaluation method where the model is trained on data from three trips
and tested on the fourth trip of the same vessel. This four-fold cross--
validation approach ensures that our findings are robust and general-
izable across different trips and conditions, providing a more reliable
assessment of the model’s performance than single-trip studies. The
summary of different techniques and their evaluation on different
datasets is provided in Table 1. However, our proposed system aims to
detect, identify, and track fish within an unconstrained environment.
This poses significant challenges, such as frequent occlusions, motion
blur, changing illuminations (day and night), water drops on the camera
lens, poor lighting conditions, variations in weather conditions, and
complex and cluttered backgrounds.

1.2. Contributions
The following are the main contributions of this paper:

1. A robust fish and fisher detector is developed based on Darknet and
YOLOX deep learning architectures Ge et al. (2021). The developed
detector can handle complex lighting and weather variations, e.g.,
day and night, exposure to the sun, and sunny, cloudy, and rainy
weather conditions.

2. A tracking pipeline is developed based on the Kalman filter and
Hungarian algorithm to efficiently track the detected fish and extract
the fishing events with the start and end times in videos. The tracking
pipeline ensures no duplicate counting of the same fish, which can
happen when images are used instead of video sequences.

3. A multi-class fish species classifier is developed based on ConvNeXt
deep learning architecture Liu et al. (2022) to classify fish into
different species for the extracted fishing events.

2. Materials and methods
In this section, we propose a robust framework for the detection,

tracking, and classification of fish. Our solution’s overall architecture is
composed of three main modules. First, the detection module is

Table 1
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responsible for identifying and detecting the fish in video frames in
complex environments. Second, the tracking module ensures that
previously-detected fish continue to be tracked after they are moved
from the water to the sea door of a fishing vessel until they are landed in
the fish processing area. Third, the classification module is responsible for
classifying the extracted fish events and categorising the fish into
different species. The design and functionality of these modules are
further described in the following subsections.

2.1. Fish detection

Most current state-of-the-art object detectors, such as YOLOX Ge
et al. (2021), take inspiration from the YOLOv3 Redmon and Farhadi
(2018) architecture. The YOLOv3 algorithm is similar to YOLOv1 but
uses a stronger feature extractor backbone called Darknet-53, also used
in YOLOX model. An input image is passed through Darknet-53 for
feature extraction, and then a specialized architecture, known as the
head, is used to make predictions. The architecture also incorporates a
Feature Pyramid Network (FPN) to extract features from images at
different scales and aspect ratios.

Furthermore, the YOLOX model proposed a decoupled head design
that significantly improves the original YOLOv3 architecture. Instead of
a single output, the YOLOX model has three different outputs from each
head. The YOLOv3 uses anchor boxes for object detection and pre-
defined bounding box shapes that the model uses to predict the offset
from these anchors. In contrast, YOLOX uses the Fully Convolutional
One-stage (FCOS) Tian et al. (2019) object detection technique to split
the image into grids based on three scales. The model assigns predictions
to each intersection point on the grid, called anchor points and acts as an
offset to move the projections.

The YOLOX also uses a dynamic label assignment approach called
Simplified Optimal Transport Assignment strategy (SimOTA) to elimi-
nate bad predictions by separating the predictions that match the
ground truth as positive and those that match the background as nega-
tive during training. There are three outputs of the YOLOX model, each
with its loss function to optimize it.

2.1.1. Class optimization loss
The first loss function in our proposed framework is focused on class
optimization. The YOLOX model’s output feature map has the shape of

A summary of different computer vision and artificial intelligence approaches for fish detection and tracking along with datasets used, camera setups, and No. of

species classified.

Method Year Detection and Segmentation Tracking Dataset and camera setup No. of
species
Vishnu et al. 2022  YOLOv3 and Mask-RCNN Norfair Alori etal. ~ DIDSON McCann et al. (2018) high resolution visual 8
Kandimalla et al. (2023) acoustic data Rol overlapped by optical camera and visual
(2022) sonar camera
Palmer et al. (2022) 2022  Mask-RCNN for segmentation - Dataset curated for dolphins for length and weight -
estimation
Khokher et al. 2022  ResNext with Cascaded RCNN IoU based Private dataset obtained from commercial vessels 5
(2022) tracking
Vilas et al. (2020) 2020  Background removal/morphological - Dataset curated from camera installed on conveyor beltand 18
operations for segmentation, and color, shape, Rol defined on conveyor belt
and texture for identification
Salman et al. (2020) 2020  GMM, Optical flow and Raw image as inputto ~ — Fish4Knowledge with Complex Scenes underwater dataset 15
ResNet—152 for detection Fisher et al. (2016) and LifeCLEF 2015 Fish Joly et al.
(2015) dataset - publicly available
Qiao et al. (2021) 2020  YOLOV5 network for detection and Hungarian Private dataset obtained from commercial vessels for class 2

classification

algorithm for

of fish and fisher

tracking

ResNet—50 with Mask RCNN for fish detection — —
and classification

ResNet—101 with RCNN for fish detection for -
fish length measurements

French et al. (2020) 2019

Monkman et al. 2019
(2019)

Private dataset-video obtained from commercial vessels for 6
annotation on conveyor belt
Dataset curated from various public datasets -
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H x W x C, where H, W, and C represent height, width, and the number
of classes, respectively. Each element in the C vector represents the
model’s confidence in predicting a specific class. During the optimiza-
tion process, the YOLOX model employs a one-hot encoded represen-
tation for each ground-truth bounding box. This approach can predict a
distribution of all classes rather than just a single class. The Binary Cross
Entropy (BCE) loss function is employed to optimize the class pre-
dictions when applied to both the predictions and ground truth. Nega-
tive predictions are not utilized in this loss function.

2.1.2. Regression loss

The YOLOX model employs the Intersection-over-Union (IoU) loss
function to compare the predicted bounding box with the ground-truth
box. The IoU metric ranges from O to 1, where a higher value indicates a
better match between the predicted and ground-truth boxes.

0<IoU<1 (€)]

The goal is to maximize the IoU metric to ensure the predicted box
matches the ground-truth as closely as possible. To optimize the model
by minimizing the IoU loss, the sum over all positive predictions is
calculated and minimized.

2.1.3. Objectness loss

The loss term for objectness optimization aims to determine the
probability of an object existing within the bounding box, with a score of
1 indicating that the model is certain of the presence of an object.
Similar to the class loss optimization, the objectness score uses the Bi-
nary Cross Entropy (BCE) loss function to optimize. The YOLOX model
employs SimOTA to assign positive labels to the ground truth, calculate
the IoU and objectness score, and incorporate them into the BCE loss
function for optimization. However, negative predictions that do not
match the ground truth are optimized differently by assigning them an
IoU value before being input into the BCE loss function.

The final loss is the sum of all loss terms for positive labels, as shown
below:

Joy
N, 'pos

lcls lreg

ltoml = + (2)

+ weight,, X
pos e N, pos

Where Liowt, Npos, Leis; lregs lonj represent the total loss, the number of
positive predictions, classification loss, regression loss, and objectness
loss, respectively. The term weight,,, is a trade-off parameter that em-
phasizes the importance of the regression loss over the other loss terms.

Fishing Events

-
|
|
> N
|
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|
|
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T
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2.2. Fish tracking and catch event detection

Fish tracking enables the framework to match previous detections
with current ones to improve the performance and speed of the detection
and classification processes. Since we are concerned with detecting the
presence of fish within the Region Of Interest (ROI), we only focus on
tracking the fish within the ROI. A block diagram of the tracking pipe-
line is shown in Fig. 1.

The tracking step begins with calculating the centre point and the
size of each detection and then checking whether these detections are
within the ROI or not. After that, these detections are matched with
existing trajectories concerning the distances between their centre
points. Meanwhile, trajectories that cannot be matched to the latest
detections are removed since they either represent noisy detections or
objects stationary for a long time. When matching is complete, each
moving object’s trajectory is independently tracked: If the direction of
an object changes too frequently, it is removed from the matching
process as noise with an adequate probability of occurring. As it is more
important not to miss moving objects than to eliminate noise, we set a
threshold to ensure that radically different noise sources are eliminated:
the trajectory of an object is removed if it changes direction at least
twice in three consecutive frames on average. The Kalman filter Kalman
(1960) is employed to track moving objects after excluding abnormal
detections. The Kalman filter is a useful tracking tool when objects
disappear or temporarily stop. The framework keeps track of existing
moving objects for ten seconds and labels them passive if they do not
appear again.

Based on frame-by-frame detection results, we need to associate
detection with the same object, i.e., tracking. We first use a Kalman
Filter to predict new detections in consecutive frames and associate
those predictions to the track’s location in each frame. Then, we assign
detections to tracks in the process of tracking multi-objects using James
Munkers’s variant of the Hungarian assignment algorithm Kuhn (1955),
to ensure the matching score is maximized. Finally, we obtain the
tracking results (i.e., the trajectories) for both fish and fishers. The
detailed tracking process of fish and fishers is summarized in Algorithm
1. We define a fishing event as fish and fishers detected in the same
frame. Meanwhile, the targeted objects (fish and fishers) are detected
from consecutive video frames and last for a certain length (we only
consider the fishing events that occurred on the Cutting Deck camera
view, each with at least a fish and a fisher). Based on the obtained tra-
jectories using the Hungarian assignment algorithm, we further define
that a fishing detection event happens when the trajectory length of the

Fish Tracking

Fig. 1. A block diagram of the tracking pipeline.
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fish going through an ROI on the cutting deck is larger than a specified
threshold. Here, the threshold is the number of consecutive frames, and
its value depends on the distance between the sea door and the fish
processing area of a fishing vessel.

-

: Input: Videos with T frames.

©

: Output: Fish trajectories and count.

: Initialize the detections, trajectories, and counts for the first frame, i.e.,

@w

t = 0, denoted by DET(0), Traj(0), and count = o, Traj_live flag = o,
and a number of unmatched frames len unm = o.
4:fort=1,---,T do
5 Detectlocations of the fishes and fishers by the YOLOX model for the
t-th frame, denoted by DET (t).
6. if length(DET(t)) = o then
7: if Traj_live flag = o then

8 len_unm = len_unm + 1.

9: if len.unm > FORW _THRE then

10: Traj live flag = o.

1 else

12: Traj_live flag = 1.

13: end if

14: Update Traj(t) by copying the previously detections DET (t—1).
15: end if

16:  else if length(Traj(t — 1)) > o then

17: Calculate the cost matrix using the cosine distance between the pre-
vious trajectory Traj(t — 1) and the current detection DET(t), de-
noted by COST(¢).

18: if COST(t) = o then

19: Obtain the current association results of matching cascade using

the Hungarian algorithm based on the cost matrix, i.e., match(t);

20: Update the current and previously unmatched trajectory indexes,

unmatch(t) and unmatch(t — 1).

21 end if

22:  else

23: Initialize the trajectory Traj(t).
24:  endif

25:  for idx in match(t) do

26: Update the trajectory Traj(t) by appending the current matching
detections.

27 length(Traj(t)) = length(Traj(t — 1)) + 1.

28:  end for

29: foridxin match(t — 1) do

30: Update the previously unmatched detections by copying the previous
trajectory Traj(t — 1).

31 length(Traj(t)) = length(Traj(t — 1)) + 1.

32: if len.unm > FORW THRE then

33: Traj live flag = o.

34: else

35: Traj live flag = 1.

36: len.unm = len.unm + 1.

37: Update the trajectory Traj(t) by appending the previously un-

matched detections.
38: end if
39:  end for
40:  foridx in unmatch(t) do

4t Update the trajectory Traj(t) by appending the currently unmatched
detections.
42: count = count + 1.

43:  end for

44: end for
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2.3. Fish species classification

In this section, the fish species classification model is presented.
From the event detection segment of the overall pipeline, the detected
fish images for a fishing event or trajectory are automatically cropped
from the video frames. The cropped images are then used to classify
them into different fish species. The training and inference modules for
fish classification are shown in Fig. 2. During the training process, the
input (training) fish images are augmented or pre-processed first. The
image pre-processing includes resizing, flipping, rotation, blur, noise,
affine transformation etc. The purpose of the image augmentation step is
to increase the number of training images to capture more variation that
may be present in the test images. A deep learning-based image classifier
is trained to learn the image features and classify images into different
fish species. During inference/testing, the test images are resized and
classified through the trained image classifier.

The fish species classifier is built using a deep learning framework
called ConvNeXt Liu et al. (2022). It takes advantage of both ResNet and
Transformer CNNs. It gradually ‘modernizes’ a standard ResNet archi-
tecture towards the design of a vision-transformer deep learning archi-
tecture and discovers several key components that contribute to the
performance difference. The outcome of this exploration is a family of
pure ConvNet models dubbed ConvNeXt. Constructed entirely from
standard ConvNet modules, ConvNeXts compete favourably with
transformers regarding accuracy and scalability. For more details, refer
to Liu et al. (2022).

For a fishing trip, there exist many videos containing fishing events
with trajectories of fish as they are processed. Each trajectory can spread
over frames ranging from 10 s to 100 s. The bounding-boxes for each
trajectory are automatically cropped from the videos and classified. The
following filters are then applied to the classification results of each
trajectory.

i. In a trajectory, two types of bounding-boxes are present: those
coming from the fish detector and those resulting from the tracker
predictions. Sometimes the tracker predicted bounding-boxes are
empty with no fish. The first filter discards such bounding-boxes.

ii. The classification score is used as a threshold to discard classified
bounding-boxes with low confidence. The classification score
threshold is set to 0.5, which retains the bounding-boxes with
confidence 50 % or above.

iii. The fish class appearing most in the remaining trajectory images
is selected as the final class for that trajectory.

iv. If most of the trajectory is classified as unknown, which can
happen if the video quality is poor due to blur, fog, water drops
on the camera lens, poor lighting etc., the second-highest occur-
rence of a fish class is selected as the final class. If the whole
trajectory is classified as unknown, then the final class remains
unknown.

2.4. Dataset

In this study, EM videos from four trips of a commercial fishing vessel
were analyzed. The annotations, including images extracted and
labelled with the species name, were completed for all the trips. The
problem was formulated as event detection with two objects in the
event, fish and fisher in the same frame. Therefore, the detected objects
were tagged as either fish or fisher. The following section will provide
more details of the annotations.

2.4.1. Dataset for fish detection

Many commercial fishing vessels take extended trips that can last for
weeks. For this study, a dataset was created from videos recorded by a
camera focused on a fishing vessel’s deck area and sea door. These
videos and corresponding ground-truth annotations provided by domain
experts were made available by the Australian Fisheries Management
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* Image resizing
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Test images
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* Image flip, rotation, blur,
noise, affine transform

Trained
network

Species: YFT

Confidence score

Fig. 2. The training and inference pipeline for fish species classification (YFT: Yellowfin tuna).

Authority (AFMA). EM trials began in the Australian Eastern Tuna and
Billfish Fishery (ETBF) in 2010 and in 2015 EM was introduced to
replace human observers. The video segments are in MP4 format with a
resolution of 1280 x 720 pixels and a frame rate of 10fps. Most video
segments have a duration of either 30 or 60 min. However, many of
these video segments do not contain any catch events. Therefore, as the
first step in the video selection process, only videos with catch events
were selected. In the second step, 30-40 s of video clips were extracted
based on timestamp information for all the species caught on the vessel.

We utilized the Computer Vision Annotations Tool (CVAT) CVAT.ai,
Corporation (2022) for annotations in the Pascal-VOC Everingham et al.
(2010) and COCO format Lin et al. (2014). A total of 5198 images were
annotated from four trips of a commercial fishing vessel, with 20,019
annotations for fish and 19,274 for fishers, respectively, as shown in
Table 2. The annotations in a video frame can be quite dense in some
cases, with as many as 45 annotations per frame, depicting the cluttered
scenario of many fish stacked on the deck. The objects in the dataset are
divided into small, medium, and large based on the area covered by the
object bounding boxes. Small objects cover an area of fewer than 32 x
32 pixels, medium objects cover an area of less than 96 x 96 pixels and
greater than 32 x 32 pixels, and large objects cover an area of more than
96 x 96 pixels. The ground-truth analysis of our dataset shows that most
of the objects characterized are either large or medium based on the
COCO analysis as shown in Fig. 3.

The fish and fishers are annotated in the video segment of every
catch event. The ground-truth analysis of our dataset identified that the
dataset is highly imbalanced for some target species. We formulated and
changed the dataset into two categories to avoid the detector being
biased towards the majority class’s species. The main reason for this
decision is to classify correctly, not miss any catch event, and balance
the dataset for the two-class classification problem (fish and fisher).

The distribution of video frames across different weather conditions
in both the training and testing splits is comprehensively detailed in
Table 3. For the training split, sunny or clear sky conditions comprise

Table 2

Details of the dataset used for the fish detection task, including the number of
images labelled, total annotations of fish and fishers, minimum and maximum
annotations per image, and the number of images used for training and testing.

Trip #  Total frames  Annotations per Annotations Dataset splits
class per image
Fish Fishers Min Max Training  Testing
1 403 394 403 2 9 4795 403
2 2114 3068 8167 2 9 3084 2114
3 1157 6730 4572 3 45 4041 1157
4 1524 9827 6312 1 28 3674 1524

35.0 % of the frames during the day and 15.0 % at night. Rainy condi-
tions account for 17.5 % during the day and 7.5 % at night, while cloudy
conditions represent 19.5 % during the day and 5.5 % at night. The
testing split, designed to evaluate the model’s performance under
various conditions, includes 24.0 % sunny frames during the day and
16.0 % clear sky frames at night, 18.0 % rainy frames during the day and
12.0 % at night, and 20.0 % cloudy frames during the day and 10.0 % at
night. This balanced distribution across different weather conditions
and times of day ensures that the model is both trained and tested on a
diverse set of environmental scenarios, enhancing its robustness and
generalizability.

2.4.2. Dataset for fish species classification

The fish detection dataset described in the previous section was
refined for species classification. The fish instances were labelled using
bounding boxes. Those bounding boxes were automatically cropped
from the video frames and organised for the following fish species: Al-
bacore (ALB), Bigeye Tuna (BET), Escolar (ESC), Mahi Mahi (MAH),
Ray’s Bream (RBM), Southern Bluefin Tuna (SBT), Shark (SHK), Skip-
jack Tuna (SJT), Striped Marlin (SMN), Swordfish (SWD), Unknown
(UKN) and Yellowfin Tuna (YFT). From the fish species distributions in
the prepared dataset, there is a high imbalance in the frequencies of
certain classes. The species like Blue Shark and Hammerhead Shark were
merged into one category as SHK. Sample cropped images of the above
fish species are given in Table 4.

More than 30,000 cropped images were extracted for the fishing
trips. The images were checked manually to fix the following issues.
Firstly, the annotations were done in consecutive video frames, resulting
in many redundant images. An image should not be repeated in the
training dataset to avoid class biases. Secondly, due to human error,
some images were annotated incorrectly during labelling; such images
should not be used. Thirdly, due to noise, water droplets on the camera
lens, and fog, many images were not identifiable by a human observer.
Such images were also removed. Lastly, as the event detection is per-
formed within a predefined ROI, the images outside the ROI, where the
fish were stacked together or bagged, were removed.

After applying the above filters, we reduced the number of usable
images to between 28 and 520 for each species, given in Table 4. To fix
the problem of class imbalance and increase the number of samples for
the underrepresented classes the following image augmentations, i.e.,
horizontal flip, vertical flip, rotation 90°, rotation 270°, Gaussian noise,
motion blur and elastic transformation, were applied so that each class
has an equal number of images (same as YFT in our case, i.e., 520). The
above image augmentations can be visualised in Fig. 4. After manually
selecting images and performing image augmentations, all the images
were unique, and the number of instances was the same for each fish
species, i.e., 520. Although we could do it through the data loader, we
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Fig. 3. The graph shows a ground-truth analysis conducted on bounding box areas. Each bar in the graph represents the count of annotations for four specific trips
(Trips # 1, 2, 3, and 4). The annotations are further categorized into three distinct groups, namely small, medium, and large, based on the respective bounding

box areas.

Table 3

Distribution of video frames across different weather conditions and times of day
in the training and testing splits, demonstrating a balanced approach to ensure
model robustness and generalizability.

Condition Training Split (%) Testing Split (%)

Day Night Day Night
Clear/Sunny 35.0 % 15.0 % 24.0 % 16.0 %
Rainy 17.5% 7.5% 18.0 % 12.0 %
Cloudy 19.5% 5.5 % 20.0 % 10.0 %

chose to do this manually so that there is no ambiguity left in the dataset
quality.

2.5. Experimental setup

Several experiments were conducted to fine-tune the different
modules in the proposed framework. The Fishing Event Detection and
Classification modules are validated separately to facilitate analysis and
improvement. The framework is optimized by selecting the best per-
formance on each module based on the experimental results.

2.5.1. Fishing event detection

We use 140 video segments, in.MP4 format, with a resolution of
1280 x 720 pixels and a frame rate of 10fps, provided by the AFMA. All
these segments are captured by a camera covering the Deck area of the
commercial fishing vessel over four trips. Each segment lasts 30 or
60 min and is reviewed and annotated by an EM analyst. The annotation
contained details from each fish captured, including date, time, location,
and species. We prepare a dataset that uses videos from three trips for
training and the videos from the remaining trip for testing. To achieve a
stable result, the leave-one-out cross-validation (LOOCV) method is
adopted. We split the videos from three trips for training and videos
from the remaining trip for testing and repeated this four times.

2.5.2. Fish species classification
The dataset was divided into training (80 %) and testing (20 %) sets
randomly for each class. The image classifier was implemented using a

Table 4

Number of selected images for different fish species.
Species  Sample image No. of Species  Sample image No. of

images images

ALB 297 BET 66
ESC 98 MAH 110
RBM 35 SBT 236
SHK T 28 SJT 104
SMN 56 SWD 98
UKN 360 YFT 520

toolbox called -‘MMclassification’ from the OpenMMLab MMClassifi-
cation, Contributors (2020). The toolbox uses PyTorch, MMCYV, Python,
and many other libraries to implement deep learning-based classifica-
tion models. The ConvNeXt-based fish classifier was trained on our
image dataset for 300 epochs. The ConvNeXt architecture makes use of
layer normalization instead of batch normalization, GeLU activation
function instead of ReLU, and the ‘AdamW’ optimizer from the
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Fig. 4. Distinct types of image augmentations applied to make the number of images the same for each fish species.

vision-transformers, which makes it quite robust in extracting deep
features from images. The input images were resized to a fixed size of
128 x 128 pixels. The batch size of 16 was used for a single GPU for
training. The training took nearly two hours, whereas the testing of 20 %
images took around 3 s

2.6. Evaluation metrics

2.6.1. Fishing event detection

For the fishing event detection, metrics like Precision and Recall are
used to evaluate the performance of our algorithms, we define Precision
and Recall, p and r, as follows:

TP

P=Tpivp &)
TP

"TTPrEN Q)

where TP denotes the true positive, which is the number of the correctly
detected fishing events within the ROIL; FP denotes the false positive,
which is the number of the incorrectly detected fishing events within the
ROL and FN denotes the false negative which is the number of the missing
fishing events not being detected within the ROI. Precision provides a
percentage that shows how accurately the detection network detects the
targets, and Recall provides a percentage that shows how many actual
targets are detected out of the total number of targets.

2.6.2. Fish species classification

Image classification is widely performed across many vision-based
applications. The same evaluation metrics as those used in most image
classification applications were adapted to evaluate our fish classifier.
The evaluation measures, like Precision, Recall, Accuracy, F1-score, and
confusion matrix, were used for the evaluation of the classifier. Precision
and Recall are given in Eq. (3) and Eq. (4), respectively. Fl-score is
calculated as:
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where p and r represent Precision and Recall, respectively.

Accuracy gives a percentage of how many images were classified
correctly out of the total number of images. Finally, a confusion matrix is
used to evaluate the performance of individual classes in terms of Ac-
curacy, e.g., whether the Accuracy is affected by other classes due to
inter or intra-class similarities or not.

3. Results and discussion

In this section, we present the details about how the inflorescence
detector is trained, followed by the analysis of both visual and quanti-
tative results, including average precision, recall, and Fl-score. The
tracking and counting results for the test dataset are also discussed. The
overall and panel-wise inflorescence counts are presented and discussed.
In addition, the counting results are quantitatively evaluated using MAE,
RMSE, and R? measures when compared to the ground-truth. Based on
the automatic counting results for the test videos, an estimate of the
yield is provided and compared with the actual yield after harvest.

3.1. Fish detection results

To evaluate the performance of our detector, we employed the COCO
evaluator metrics Lin et al. (2014). The COCO evaluator utilizes a range
of IoU thresholds, with ten threshold values, to calculate Average Pre-
cision and Recall values. Additionally, the COCO evaluator calculates
the Average Precision across different scales, including small, medium,
and large objects.

Table 5
The experimental settings for all the detection experiments.

Model Batch size Weight decay Momentum No. of epochs

YOLOX 4 0.9 5¢* 300
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To train our model, we utilized transfer learning from pre-trained
weights on a COCO dataset and trained the YOLOX model for 300
epochs with the experimental settings outlined in Table 5. We employed
a k-fold cross-validation strategy with k=3, training the model on three
trips of vessel data and validating on the fourth trip.

Our results demonstrate that the model performs well when evalu-
ated on Trips # 1, 3, and 4 in Fig. 5. However, a drop in Recall value is
observed for Trip # 2, likely attributed to poor data quality and many
occlusions. Table 6 presents a comprehensive analysis of the mean
Average Precision for the detection of fish and fishers at an IoU of 0.5 for
all trips. Additionally, the table includes the mean Average Precision
based on the size of bounding boxes. In some trips, most objects are
larger, and small objects are missing, as indicated by a value of 0.00 in
the Table 6. The analysis shows that the model performs well for large
objects.

The analysis of errors in the object detector for four different trips is
depicted in Fig. 5(a), (b), (c), and (d). A comprehensive examination of
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the detection performance has been conducted, utilizing the metrics
C75, C50, Loc, Sim, Oth, BG, and FN. C75 and C50 represent the results
at the IoU of 0.75 and 0.50, respectively. The localization errors (Loc),
false positives of super categories (Sim), category confusions (Oth), all
false positives (BG), and all false negatives (FN) reveal areas for po-
tential improvement towards achieving a flawless model. As demon-
strated in Fig. 5(b), localization errors, false positives, and false
negatives hinder the model’s performance. Conversely, in Fig. 5(a), (c),
and (d), the model’s performance is commendable and only minor ad-
justments are necessary to rectify the false negatives depicted by the
orange portions of the graphs.

3.2. Fishing event detection results

In the first experiment, we evaluate the performance of the YOLOX-
based event detector and YOLOv5-based event detector in terms of
Average Precision and Recall under cross-validation, as shown in
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Fig. 5. Error analysis during inference for four different fishing trips.

Table 6

Fish detection results for different fishing trips with Average Precision (AP) at different intersections over Union (IOU) thresholds and object sizes (pixel square).

Trip # mean Average Precision (Fish) IoU=0.5

mean Average Precision (Fisher) IoU=0.5

All area  Small area ~ Medium area Large area  Allarea  Smallarea  Medium area  Large area
1 0.87 0.60 0.78 0.93 0.95 1.00 0.83 0.96
2 0.74 0.00 0.59 0.75 0.83 0.00 0.50 0.84
3 0.90 0.00 0.88 0.97 0.99 0.00 1.00 0.99
4 0.97 0.95 0.96 0.99 0.99 0.00 0.99 0.99
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Table 7
Evaluation of YOLOX vs. YOLOV5 for fishing event detection using Average
Precision (AP) and Average Recall (AR).

Trip # YOLOX for detection YOLOVS5 for detection
AP AR AP AR

1 0.92 0.90 0.82 0.82

2 0.83 0.82 0.79 0.84

3 0.66 0.61 0.56 0.54

4 0.83 0.65 0.72 0.66

Average 0.81 0.75 0.72 0.72

Table 7. We observe that our proposed YOLOX-based fishing event de-
tector has higher Average Precision and Recall (i.e., 81 % and 74.5 %)
than that based on the YOLOV5 (i.e., 72.25 % and 71.5 %). This is
because YOLOX adopts a decoupled head and achieves higher accuracy,
while a classic coupled head is used in the YOLOV5. In Table 7, Trip # 1
has a much higher Average Precision and Recall than the other three
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trips, which is likely due to its better video qualities relative to the other
three trips. Since the testing videos are noisy or blurry for the other three
trips, the fishing event detection results are not as good as Trip # 1.
Nevertheless, the Average Precision and Recall are 81 % and 74.5 %
over the four trips using the YOLOX-based fishing event detector, which
means a more than 12.1 % and 4.2 % improvement in Average Precision
and Recall over the YOLOv5-based event detector, as shown in Table 7.

In the second experiment, the fish detection results are presented in
Figs. 6 and 7 for visual analysis. The images show fish detection results
on four different fishing trips. In each image, the green rectangle box is
the region of interest (ROI), the red bounding box identifies the fish, the
red trajectory (i.e., a red line with dot points) denotes the fish movement
trajectory, and the blue trajectory denotes the movement trajectory of a
fisher. We consider only fish trajectories within the ROI when detecting
and counting fishing events to reduce the number of repeated counts.
These figures show that the proposed algorithms perform well for all the
considered trips, especially when the quality of the videos is good (Trip

(b) Trip # 2

Fig. 6. Fish detection results on video frames of the first two fishing trips. The green rectangles represent the ROI, and the red bounding-boxes represent the
detected/tracked fish with confidence values in the format (track-id: object category, confidence value). The red dots inside the bounding boxes represent the

trajectories.

10
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(b) Trip # 4

Fig. 7. Fish detection results on video frames of the third and fourth fishing trips. The green rectangles represent the ROI, and the red bounding-boxes represent the
detected/tracked fish with confidence values in the format (track-id: object category, confidence value). The red dots inside the bounding boxes represent the

trajectories.

#1).

In the above two experiments, we also investigated issues such as
false positives and missing fishing detections due to missed fish detec-
tion or falsely detected fish and fishers. False object detections (low
Precision of fish detection) may cause false positives (ground truth: 0,
predicted: 1) on fishing event detection, which is mainly from the al-
gorithms wrongly recognizing background or fish as targets in the cut-
ting deck camera, as illustrated in Fig. 8(a) and (b). These resulted from
several factors, including:

1. Video quality: If the video quality is poor, the frames extracted from
the video for fish detection and tracking are also in poor quality,
reducing the detection and tracking accuracy. Even with good video

11

quality, the selected frames may be blurry or occluded, which may
lead to false positives or missed detections.

. Occlusion:An occlusion happens when one or more key attributes

used in the fish recognition or tracking are unavailable while the fish
is still present at the scene. Occlusions can occur for various reasons,
including inter-object occlusion, background scene occlusion, and
blurry or noisy image frames due to the poor quality of the videos.
The occlusion may result in either false positives or missed
detections.

3. Fish size:The duration of a fishing event varies with the fish size. It is

much easier and faster to move a fish of a smaller size. Consequently,
it can be challenging to select an optimal threshold of trajectory
length (or the number of consecutive video frames) to identify fish-
ing events, as the threshold may change with the size of the fish.
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Fig. 8. Examples of false-positive detections. (a) A fisher is detected as a fish due to inter-class similarities. (b) Cutting deck with false-positive fish detections due to

bad video quality.

Table 8
Evaluation metrics for the fish species classification task on the test set.
Accuracy (Top-1) Accuracy (Top-5) Precision Recall F1-score
91.11 % 99.76 % 91.30 % 91.11 % 90.58 %

3.3. Fish species classification results

In the first experiment, the performance of the fish species classifier
is evaluated using different quantitative measures (refer to Section 2.6)
calculated for the validation dataset. The classifier took each image as
input and generated a label with a confidence score. The label indicated
the fish’s class. The evaluation metrics calculated for the validation
dataset are given in Table 8. The proposed classifier achieved an Ac-
curacy (Top-1) of 91.11 % which is also represented by Recall, Accuracy
(Top-5) of 99.76 % (which is high because there are only 12 classes),
Precision of 91.30 %, and an F1-score of 90.58 %. Here, Top-1 repre-
sents that the top prediction matches the ground-truth, whereas Top-5
represents that one of the top five predictions matches the ground-

12

truth. These show that the classifier has excellent potential in classi-
fying different fish species.

In the second experiment, the performance of the classifier is ana-
lysed for individual fish species in terms of classification accuracy. For
this purpose, confusion matrices were calculated to determine where the
inter-class similarities affected the accuracy. Figs. 9 and 10 show the
confusion matrices obtained for each fish species. Nine out of twelve
classes achieved more than 95 % classification accuracy, with four
having 100 % accuracy. Three classes (ALB, UKN, and YFT) have been
confused with other classes because of inter-class similarities present
(similar shape or image representation). YFT achieved 85.4 % classifi-
cation accuracy which is reasonable, however, it was occasionally
classified incorrectly as ALB and other species of tuna. The classification
accuracy for ALB was about 65 % which was often incorrectly classified
as YFT and SBT, two species that are quite similar in appearance and
shape. UKN with 57.3 % accuracy was confused with almost all other
classes because the UKN class was created by taking unrecognisable
images of all classes. The UKN class was built from the fish images that
humans could not identify, however, the classifier was still able to
classify them into different fish species and vice-versa.
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In the third experiment, the trained fish classifier was tested on the
videos acquired from the commercial fishing vessel. Four fishing trips
were evaluated for the task of fishing event classification. In the ex-
periments, the fishing events were given as input in terms of trajectories
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in the videos. The trajectories were cropped out of the videos, and each
cropped fish image from the trajectories was classified using the trained
fish species classifier. Confusion matrices were calculated for each of the
four fishing trips to analyse the classification accuracy of individual fish
species that appear in the trips.

Actual Values
SWD SMN SHK MAH ESC YFT BET ALB

i. In the first fishing trip (Fig. 11), around 75 % of the fish caught

ii.

iii.

were YFT (50 %) and ALB (25 %). Other species caught were
BET, ESC, MAH, SHK, SMN, and SWD, representing the remain-
ing 25 %. These six classes achieved 100 % accuracy each. For
YFT, 31 out of 33 were classified correctly with 93 % accuracy.
Only the ALB class has a lower accuracy than others i.e., 62 %.
This is likely because ALB is sometimes incorrectly classified as
SMN or SWD due to poor video quality; and YFT or BET, due to
inter-class similarities. The mean accuracy of fish species classi-
fication achieved for this trip was 94.3 %. The classes RBM, SBT,
SJT, and UKN were not identified in this trip.

In the second fishing trip (Fig. 12), the majority of catch events
belonged to YFT (58 %) and SJT (36 %). The remaining 6 % of
catch events belonged to MAH, SMN, and SWD, with these three
species classified with 100 % accuracy. Although these three
classes had 100 %, there were relatively few catch events so their
high accuracy may not be statistically significant. SJIT was clas-
sified with 96 % accuracy (25 out of 26 events correctly classi-
fied), while YFT, achieved 80 % accuracy (33 out of 41 events
correctly classified); a few events were classified incorrectly as
SJT because the YFT and SJT in this trip were of similar size. In
addition, the water droplets on the camera lens likely added noise
to the processing and affected accuracy. The mean accuracy of
fish species classification achieved for this trip was 95.2 %. The
classes ALB, BET, ESC, SBT, SHK and UKN were not identified in
this trip.

In the third fishing trip (Fig. 13), similar to Trip # 1, YFT and ALB
have the highest numbers of catch events, i.e., 54 % and 24 %,
respectively. The catch events of RBM were nearly 10 %, and the
remaining 12 % of catch events belonged to BET, ESC, and SMN.
SMN and ESC have only a few events with 100 % and 66 %
classification accuracy, respectively. BET and RBM (with slightly
more catch events than SMN and ESC) were classified with 80 %
and 100 % accuracy, respectively. The highest number of catch
events were for YFT, and 39 out of 41 were classified correctly
(95 % accuracy), which is promising. The classifier achieved
66 % accuracy for ALB classification, with a few incorrect clas-
sifications likely due to inter-class similarities with YFT and other
classes due to noisy/blurry images. There were also issues like
trajectories jumping from one fish to another, and therefore
containing more than one species in a trajectory. This is because
multiple fish were stacked together within the ROI. In addition,
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Fig. 12. Confusion matrices for Trip # 2 as actual vs. predicted values: (a) percentage % and (b) the number of catch events.

Confusion Matrix for Trip # 3

100
3 16 5
| 80
& 0
[ 0
Pea - 60
ERS)
ki 0
T s - 40
8D 0
g
g
3 0 -20
o
ER 0 0 0 0 0 0
n

YET ESC RBM SMN SWD

Predicted Values (%)

(@)

BET

Actual Values
SWD SMN RBM ESC YFT BET ALB

Confusion Matrix for Trip # 3

12 0 B 0 2 0 1

-35
0 4 1 0 0 0 0 30
0o 2 o o o o0 - 25
o 0o 1 2 0 0 0 - 20
o o o 0o 8 0 0 -15

-10

0 0 0 0 0 1 0
0 0 0 0 0 0 0

YET ESC RBM SMN SWD
Predicted Values

(b)

ALB  BET

Fig. 13. Confusion matrices for Trip # 3 as actual vs. predicted values: (a) percentage % and (b) the number of catch events.

there were a few trajectories of bagged fish and sometimes mul-
tiple trajectories for the same fish. The mean accuracy of fish
species classification achieved for this trip was 84.5 %. The
classes MAH, SBT, SHK, SJT and UKN were not identified in this
trip.

In the fourth fishing trip (Fig. 14), most of the catch events
belonged to SBT (i.e., 199 out of 244; 82 %). The second highest
number of catch events belonged to ALB which was 16 %. The
remaining 2 % of the catch events were for YFT and SWD. SBT
was classified with 94 % accuracy, and the classifier achieved
67 % accuracy for ALB with some incorrect classifications as SBT,
due to noisy and blurry images and when fish were stacked
together. The stacking of fish causes multiple trajectories and
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multiple fish in a single trajectory. The image quality of some
events was poor, resulting in trajectories being classified as UKN.
In this case, the second-best class is selected as the final class. If
the whole of the trajectory is classified as UKN, the final class
remains UKN. The mean accuracy of fish species classification
achieved for this trip was 82.2 %. The classes BET, ESC, MAH,
RBM, SHK and SMN were not identified in this trip.

The fish species classification results presented for the four fishing
trips here show the great potential of computer vision and deep learning
approaches to augment human review of EM videos. The overall fishing
event classification accuracy for the four fishing trips was 89.05 % with
high and consistent accuracy for most of the fish species.
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Fig. 14. Confusion matrices for Trip # 4 as actual vs. predicted values: (a) percentage % and (b) the number of catch events.
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4. Conclusions

In this work, a fishing event detection and species classification
framework is presented for automated analysis of EM videos of fish
species captured from a commercial fishing vessel. The contributions are
four-fold: first, a comprehensive imagery dataset was curated from the
electronic monitoring videos with thousands of fish and fishers anno-
tated by marine science experts to provide a digital ground-truth for the
detection and classification tasks. Second, a robust fish and fisher de-
tector was developed based on the Darknet and YOLOX deep learning
architectures. The detector was able to handle complex lighting and
weather variations, e.g., day and night, exposure to the sun, and sunny,
cloudy, and rainy weather. Experimental results show that the devel-
oped fish and fisher detector achieved a mean average precision of
87.0 % for fish and 94.0 % for fishers. Third, to track the detected fish
and extract the fishing events from videos, a tracking pipeline based on
the Kalman filter and the Hungarian algorithm was developed. The
tracking was performed within a region of interest and multiple pa-
rameters were tuned to efficiently track the fish trajectories and provide
the start and end times of fishing events. There were challenges such as
fast-moving fish, multiple or stacked fish, and false positives. The
pipeline achieved an Average Precision of 81.0 % and an Average Recall
of 74.5 % for the task of fishing event detection on the test videos.
Fourth and final, a multi-class fish species classifier was developed based
on ConvNeXt deep learning architecture. We performed multiple image
augmentations to balance the dataset, as rare fish species had only a
handful of images. The fish species classifier achieves a fish species
image classification Accuracy (Top-1) of 91.11 % and an F1-score of
90.58 % on the validation fish image dataset. For the classification of
fishing events extracted by the tracking pipeline, there were issues
where trajectories were too short due to fish being obstructed by fishing
equipment and infrastructure, water droplets on the camera lens
affecting the image quality, and trajectory identity switching due to
multiple or stacked fish. These issues made the catch event classification
more difficult. Multiple filters were deployed to handle such issues and
an overall fishing event classification accuracy of 89.05 % was achieved
on extracted catch/fishing events from video of multiple fishing trips.

The study has faced many limitations. Firstly, many videos collected
during the trips were not of good quality. Severe weather conditions are
a prevalent issue that can deteriorate the quality of video data and
require the implementation of video enhancement modules before
applying our detection algorithms. Such enhancements are crucial for
mitigating the effects of rain, fog, and other environmental factors that
obscure visibility. Secondly, to use the video data to develop the ma-
chine learning models, we need to spend a significant amount of labour
and time annotating the images and videos. This is a critical stage where
we can not afford mistakes because only good annotated data would
result in good models. Thirdly, the study faced challenges related to
severe occlusions, particularly instances where the fisherman might
obscure the fish on deck. This, coupled with the suboptimal camera
positioning that offers a limited view of the deck, complicates the task of
accurate object detection. Fourthly, the high speed of carrying the fish
across the deck often results in blurry imagery during their trajectory,
further complicating the detection process. We suggested our industry
partners deploy a fishing mat where the fishers put down a fish for a few
seconds before processing. This would give us an edge where ML and Al
models can work better. Lastly, the present model is a single-vessel
model. In our future studies, we aim to develop a unified model that is
robust and generalizable across multiple vessels. This approach involves
training a single model on a diversified dataset that captures various
scenarios, including different weather conditions, vessel layouts, and
operational procedures. By ensuring a comprehensive distribution in the
training dataset from multiple vessels, we aim to enhance the model’s
adaptability without retraining it for each vessel.

We have shown that computer vision and artificial intelligence have
great potential to automate the analysis of electronic monitoring video
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for fisheries management. The substantial amount of manual work to
view and record catch can be reduced through automation and efficient
models can be developed to provide on-vessel analysis of the fishing
activities. Currently, we are developing a working product as a web
portal for consumers to upload their fishing vessel videos and generate
reports with fish detection results, fish counts per species, and fishing
event timings. This will help human reviewers audit hundreds of hours
of videos quickly and with less effort, thereby reducing management
costs.
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