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Abstract: In recent years, with the development of pelagic fishing, the working environment and
monitoring of crew (squid jigger) members have become increasingly important. However, tradi-
tional methods of pelagic human observers suffer from high costs, low coverage, poor timeliness,
and susceptibility to subjective factors. In contrast, the Electronic Monitoring System (EMS) has
advantages such as continuous operation under various weather conditions; more objective, trans-
parent, and efficient data; and less interference with fishing operations. This paper shows how the
3DCNN model, LSTM+ResNet model, and TimeSformer model are applied to video-classification
tasks, and for the first time, they are applied to an EMS. In addition, this paper tests and compares
the application effects of the three models on video classification, and discusses the advantages and
challenges of using them for video recognition. Through experiments, we obtained the accuracy and
relevant indicators of video recognition using different models. The research results show that when
NUM_FRAMES is set to 8, the LSTM+ResNet-50 model has the best performance, with an accuracy
of 88.47%, an F1 score of 0.8881, and an 1), score of 0.8133. Analyzing the EMS for pelagic fishing
can improve China’s performance level and management efficiency in pelagic fishing, and promote
the development of the fishery knowledge service system and smart fishery engineering.

Keywords: deep learning; jigger behavior identification; squid fishing vessel

Key Contribution: This paper demonstrates the application of three different models (3DCNN,
LSTM+ResNet, and TimeSformer) in video-classification tasks for the Electronic Monitoring System
(EMS) used in China’s pelagic fishing industry. The paper compares the performance of these models
and evaluates their effectiveness in video recognition. The results showed that the LSTM+ResNet-
50 model achieved the highest accuracy of 88.47%, indicating its potential to improve the management
efficiency of pelagic fishing and contribute to the development of smart fishery engineering.

1. Introduction

In recent years, with the development of pelagic fishing, the working environment
and monitoring of crew members have become increasingly important. Through the
process of dataization and informatization, organizations can develop more comprehensive
methods and regulations for effective management [1]. According to research conducted
by Michelin, traditional methods of sea observation are expensive, have low coverage
rates, poor timeliness, and are influenced by subjective factors [2]. In contrast, the Electric
Monitoring System (EMS) can operate continuously under various weather conditions,
providing objective, transparent, and efficient data for extended periods [3].
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In some studies, researchers have attempted to combine traditional human observers
and Electronic Monitoring System(EMS) to monitor and obtain information from fishing
vessels in a more objective and intuitive manner (Ruiz et al., [4]). In a study conducted
by Ruiz et al. [4] that compared the effectiveness of human observers and EMS in tuna
purse seine operations, it was found that EMS can reliably determine the number of fishing
sets, similar to human observers. The study also revealed that the analysis results from
EMS were more reliable when dealing with larger fish catches. Nonetheless, the study
also highlighted that the effectiveness of EMS in identifying objects was highly dependent
on the location of the cameras, with identification rates ranging from 56.3% to 98.3% in
their experiments. Therefore, there is still considerable room for improvement in the data
processing of captured information on board using EMS [5].

In recent years, the advancement of deep learning technology has led to a continuous
improvement in the accuracy of image recognition. Consequently, it has become possible to
fully replace human observers with EMS. For instance, Wang et al. [6] achieved a detection
recall rate of 98.3% for target floats and tuna in the electronic monitoring system of tuna
fishing vessels using the YOLOvV5 network model. Zhang et al. [7] successfully identified
different fishing tools including floats, fish tanks, empty fish tanks, and fishing nets on
Scomber japonicus fishing vessels, with a recognition accuracy ranging from 75% to 96.5%.
Wang et al. [8], on the other hand, utilized 3DCNN to recognize the traveling status of
fishing vessels, achieving a model accuracy of up to 97% on the validation set. However,
solely identifying the presence or absence of targets for crew monitoring is not sufficient.
Determining the behavior of the crew, which involves video recognition, is also necessary.
Wang et al. addressed this issue by cropping videos into 100 frames and inputting them
into a neural network for calculation. Nonetheless, the convolutional kernels used in this
calculation method are specifically designed to capture local spatiotemporal information
and are incapable of modeling dependencies beyond their receptive fields, resulting in a
strong induction bias. Furthermore, training deep networks with a large amount of input
data necessitates substantial computational resources.

With the advancement of computer performance, the application of deep learning
models in video data has become increasingly widespread. Compared to image data,
video data contain more information. In 2012, Ji et al. [9] proposed a method that utilizes
3D convolution in video clips to learn features that exist in both space and time, extend-
ing the capabilities of convolutional neural networks (CNNs) into the temporal domain.
However, the development of deep learning in the field of video recognition has been
slower compared to other areas [10]. It is only in recent years, with the increase in model
parameters and the improvement in computing power, that researchers have started ap-
plying CNN models in sports videos and human-action recognition, achieving significant
results. In 2020, Rafiq et al. [11] compared the performance of various CNN models in
video recognition and found that their proposed AlexNet+CNN encoder model performed
the best. Furthermore, in 2017, Varol et al. [12] demonstrated the application of Long
Short-Term Memory (LSTM) in human-action recognition, highlighting the importance of
time sequences in such tasks. Subsequently, in 2021, Zengkai Wang et al. [13] compared
LSTM-ResNet and other models on motion datasets and discovered that LSTM+ResNet
achieved superior performance.

However, most of the current research focuses on the classification of short videos. For
the classification of long videos, the effectiveness of CNN architecture is extremely limited,
and researchers have started to explore the use of Transformer architecture networks for
long video classification [14]. Compared to single-image-classification tasks, most methods
for video classification involve extracting multiple keyframes from the video and using
the motion features and temporal features between these keyframes to recognize human
behavior in the video [15]. However, current research mostly focuses on the differences
brought about by different frame numbers and model sizes, and lacks specific experiments
on factors such as frame numbers and model sizes.
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Currently, the EMS of ocean-going vessels has not applied deep learning technology
to the research of crew behavior recognition in videos. Although scholars have already
applied deep learning technology in the field of video recognition, the focus has mainly
been on the recognition of fishing equipment and vessel status, with limited research on
crew behavior.

This paper examines the application of deep learning techniques in video-recognition
tasks, drawing from existing research. Specifically, three deep learning models, namely,
3DCNN [8], LSTM+ResNet [13], and TimeSformer [16], are selected and applied to the
EMS for monitoring the behavior data of squid fishing vessel crew members. In order to
conduct this study, a squid fishing vessel crew behavior dataset is constructed using data
produced by the EMS. The focus lies on analyzing the actions of crew members during
fishing processes such as casting and reeling. However, it is important to note that in
practical scenarios, the annotation of crew members’ video actions may be subjective,
and the actions of crew members may extend beyond a single video segment where the
operations are performed. Additionally, the presence of numerous similar actions in
repetitive tasks presents challenges for the implementation of video-recognition technology
in crew member application scenarios. To address these issues, this paper performs tests
and comparisons of deep learning algorithms for classifying video segments. The objective
is to explore the advantages and challenges associated with the utilization of these three
methods for video recognition. Our main contributions are summarized as follows:

1. This study first constructed a dataset on the work behaviors of squid fishing boat
crew and proposed a division basis for their actions.

2. This study then utilized deep learning techniques in the fisheries EMS to classify the
work behaviors of crew members.

3. This study, for the first time, applied the LSTM-ResNet, TimeSformer models in
an offshore fishery EMS and improved the 3DCNN model used by Wang et al. in
identifying whether a fishing boat is moving by imitating the ResNet model, allow-
ing it to be applicable and maintain high accuracy on the EMS squid fishing boat
crew dataset.

4.  Based on previous scholars’ research, this study compared the effects of commonly
used 3DCNN, LSTM+ResNet, and TimeSformer models under different parameters
in the field of video recognition on the EMS squid fishing boat crew dataset. The
results indicate that the LSTM+ResNet model performs the best. It also provides a
detailed analysis of the performance and reasons for the performance of the three
models under different parameters and presents prospects for the future application
of deep learning models in offshore EMS crew behavior recognition.

This article is divided into four sections. Section 2 describes the construction of
the dataset and introduces the model used in this experiment. Section 3 presents the
experimental results. Section 4 comprises a discussion of the experiment and its results.
Lastly, Section 5 consists of the conclusions and future prospects of this research.

2. Materials and Methods
2.1. Data Collection

The EMS data used in this study were gathered from the Squid Fishing Vessel. The
vessel has a length of 44 m, a width of 7.8 m, a main engine power of 662 kilowatts, and
a total tonnage of 350 tons. In total, 30 TB of EMS data was collected from the system.
The camera used is the Hikvision DS-2CD7A47EWD-XZS, capturing video at a resolution
of 1280 (horizontal) x 720 (vertical) and a frame rate of 25 fps. The DVR model is the
Hikvision DS-7708NX-14, supporting 8 channels of H.264 and H.265 hybrid video inputs,
with a maximum capacity of 8 TB.

Squid fishing vessels catch squid by operating from a fixed position. Each fishing
vessel is equipped with a fixed pulley system and fishing lines. Each fishing line is
connected to 10 to 20 hooks, spaced approximately 30 to 50 cm apart. Typically, a fishing
vessel has a crew of around 28 members, whose main task is catching squid. Due to
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the need for individual operation in squid fishing, a marine observer is responsible for
observation. Nevertheless, the human observer method suffers from high costs, limited
coverage, delayed reporting, and subjective biases. Consequently, an EMS system is
required to overcome these challenges.

During the dataset-construction process, we divided the recordings from the EMS
system into 5 s segments and marked the position of a fixed pulley separately. As shown in
Figure 1, the constructed samples consist of eight images captured in chronological order.
This designated area allows for a clearer demonstration of the actions of the crew and the
status of the fishing line on the deck.

Figure 1. Sample example.

The crew’s behaviors during the fishing process were defined. We categorized the
crew’s behaviors into 12 types based on the video evidence, and detailed descriptions
of these are provided in Table 1. For a better understanding of the crew’s work status
and job content, 8 frames were evenly extracted from the corresponding videos. These
8 frames clearly depict the crew’s current work status and job content. Analyzing the crew’s
behaviors becomes more accurate through careful observation of these images.

Table 1 presents a comprehensive breakdown of the names, guidelines, and impacts of
various action categories. Based on the categorization provided in Table 1, we collected
300 samples for each categorized action from the 30 TB of raw data we gathered. As a result,
a total of 3600 segments of 5-s videos were obtained as the primary data for constructing
the dataset. To account for variations in human behavior, we ensured that samples were
collected from multiple crew members. This approach allows for a more comprehensive
analysis of fishing operations and provides a broader representation of the actions involved
and the model’s predictions of crew fishing behaviors in different positions and conditions.
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Table 1. Sample classification criteria.

Serial Number Category Behavior Description
1 No crew There are no crew members at the pulley
2 Idle The crew is at the pulley but not working
3 Hands collect the line  The crew manually pulls the line through the pulley
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Table 1. Cont.

Serial Number Category Behavior Description Category Image

— s \ \ e

The crew releases the fishing line through their

4 Hands release the line hands and the pulley

Empty hands release ~ The line is automatically released with the help of
the thread ocean current

Use a wire winder to . . .
6 . The crew uses a wire winder to retrieve the cable
retrieve the cable
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Table 1. Cont.

Serial Number Category Behavior Description

7 Usea C.Oﬂ Wmd.er to The crew uses a coil winder to unwind the line
unwind the line

8 Un.tar}gling the The crew unties a knot
fishing line
9 Handling The crew deals with other tasks at the pulley

miscellaneous matters
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Table 1. Cont.

Serial Number Category Behavior Description
10 Pull up the squid The crew pulls the squid onto the vessel
11 The squid is placed in The crew members put the squid into the net
the frame

The crew alternates between pulling and releasing

12 Receive and release
the rope
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By combining data from multiple crew members, we aim to capture the range of
human behaviors that occur during fishing operations. These data were extracted from
14 randomly selected days of video recordings, during which five different crew members
were observed performing operations at the location. Through a comprehensive analysis
of their actions and the squid fishing process, we observed that the majority of actions
performed by these five crew members during fishing were quite similar. Additionally,
there was significant similarity in the sequence of their actions, with only a few actions
displaying slight variations in order. This presents notable difficulties for the model’s
learning and recognition process.

2.2. Dataset Generation

To accurately recognize fishing behaviors of crew members in different directions
and positions, we employed data-augmentation methods to handle data from various
positions. Data augmentation increases the diversity of the original data and enhances
the model’s robustness [17]. We chose the following three data-augmentation methods to
handle potential issues like camera blur on the fishing vessel, changes in camera position,
and adjustments in crew members’” working positions:

1.  Add salt-and-pepper noise: Simulate the possible blur of the camera by adding salt-
and-pepper noise, allowing the model to learn how to handle blurry images and
improve its ability to deal with such situations.

2. Vertical flip: Use the ability to vertically flip images to simulate situations that may
arise due to incorrect camera orientation.

3.  Horizontal flip: Simulate different camera and crew positions by horizontally flip-
ping the image, which can simulate fishing behaviors of crew members in different
positions on the vessel.

Through the above data-augmentation methods, we can better simulate situations
that may occur in real fishing environments, improving the accuracy and robustness of the
model’s predictions of crew fishing behaviors in different positions and conditions.

Table 2 presents examples obtained after applying data-augmentation techniques.
Initially, we randomly divided the dataset into training and test sets, maintaining an
8:2 ratio. Subsequently, we implemented three different data-augmentation techniques
alternately to augment the training set. As a result, the size of the training set expanded
by eight times its original size, yielding a dataset with a total of 23,760 video clips. Within
this dataset, the training set comprises 23,040 video clips, while the test set consists of
720 video clips. For dataset annotation, we employed an Excel spreadsheet to label the
video categories. The format of the annotation is displayed in Table 3.

Table 2. Data expansion method.

Processed Image

Processing method

Add salt-and-pepper noise Vertical flipping Horizontal flipping

Table 3. Label format.

Video Storage Path. Category
./path 1
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During the subsequent processing, the data are converted into the format “./path
1”7 and written in the standard data label format for the TimeSformer model in an Excel
spreadsheet. Furthermore, this calamari fishing crew behavior dataset is further utilized
for other model experiments in this paper.

2.3. Network Structure
2.3.1. 3DCNN

The 3D Convolutional Neural Network (3DCNN) is a deep learning model specifically
designed for processing 3D data. It extends the 2D Convolutional Neural Network (CNN) to
accommodate the characteristics of 3D data. In our constructed squid fishing dataset, each
piece of sample data consists of a segment of a video. To process this data, we incorporate
the time dimension as the third dimension, in addition to length and width, and input the
sampled image data from a video segment into the 3SDCNN simultaneously. The 3DCNN
utilized in this paper is an altered version of the basic 3DCNN, with modifications to the
dimensions of its output layer. The network structure is illustrated in Figure 2.

t
w,

Input(hx wxt) —
h

3dcov A 3dcov B Max
pooling

F
3dcov Max pooling

1feame 3dkernel
Num class

unfold
>

Output(hxwxt)

3dcov 3dcov Max
A B pooling

3dcov  Max pooling FC1

3dcov 3dcov Max
A B pooling

Figure 2. Diagram of 3DCNN architecture.

Figure 2 illustrates the detailed architecture of the 3D CNN, which consists of multiple
layers designed to capture different levels of features from the input video data. The initial
two layers consist of 3D convolutional operations and MaxPooling structures, which aim
to capture intricate details. Subsequently, three additional layers with 3D convolutions and
MaxPooling are employed to gradually extract larger features.

The 3D Convolutional Neural Network (3DCNN) model is composed of convolutional,
pooling, and fully connected layers. The convolutional layers play a crucial role in extract-
ing spatial features from the input data, while the pooling layers serve to reduce the size of
the data. The fully connected layers are responsible for mapping the extracted features to
the appropriate output class. Specifically, the model employs multiple 3D convolutional
layers, denoted as 3DCov. The kernel size of these convolutional layers determines the
receptive field size, and the input and output channel numbers indicate the depth of each
convolutional layer.

In 3DCNN:Ss, the temporal sequence is directly learned as a receptive field. By stack-
ing multiple convolutional layers, higher-level features can be gradually extracted by the
model. The model utilizes pooling layers (MaxPooling) after the convolutional layers.
Downsampling the feature maps further reduces their size while preserving important fea-
tures. Finally, the features obtained from the pooling layers are mapped to the final output
classes through fully connected layers (FC). Non-linear transformations are introduced and
the model’s expressive power is increased by adding activation functions (ReLU) after each
linear layer.
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Prior to training the model, it is advantageous to initialize the convolutional layers
using the Xavier Gaussian method, as it significantly enhances the model’s stability and
convergence speed during training.

2.3.2. LSTM-ResNet

The LSTM-ResNet model, a commonly used recurrent neural network for modeling
sequential data, was utilized in this study. We chose ResNet as the encoding model, based
on the research conducted by Zengkai Wang et al. [13], which showed it to have the highest
accuracy. Initially, a pre-trained ResNet network is utilized to extract features from each
frame of the image [18]. To align with the input requirements of the LSTM model, an
additional convolutional layer is added at the end of the ResNet network to reduce the
dimension of the ResNet output to 128. The LSTM network is defined with an input
dimension of 128 and a hidden layer size of 512. By analyzing the sequence of feature
vectors extracted by ResNet, the LSTM outputs the hidden state of the last time step. Finally,
two fully connected layers are employed to output the prediction result. The structure of
this model is depicted in Figure 3.

feature t Ht_ll l Cies
t \ — >
w Xe a
Input(h xwx t)— Lz
()
| T |
/ ‘—_— OJeftanh| H l
H >| | Num class
b C
H t+1
Batch norm Batch | X >
+RelU atchnomi o t+1 a
1feame 1 H D — Output
2dcov 2dcov RelU unfold g
2d kernel
Baich norm
Batch norm Batch RelU +RelU FC2
+RelU ateh norm |
] +O—>
k FC1
2dcov 2dcov 2dcov pooling l
Hivi v

2dcov

Restnet LSTM

Figure 3. LSTM-ResNet Network Architecture Diagram.

The structure of the neural network model, which is a combination of ResNet and
LSTM, is illustrated in Figure 3. This model is a combination of ResNet and LSTM. The
ResNet component extracts features from input images and consists of multiple convolu-
tional layers that extract high-level semantic features to enhance the network’s understand-
ing of images. ResNet is used as a feature extractor, with parameters retrained and fully
connected layers removed, retaining only the convolutional part. After the convolutional
part, a convolutional layer is added to reduce the number of channels in the feature map
from 2048 to 128 to decrease the dimensionality of the input to LSTM. The LSTM component
is primarily responsible for modeling temporal features, capturing long-term dependencies
in the image sequence. Through the LSTM model, the network can effectively process
temporal information in the image sequence. Finally, a fully connected layer is used to
further map and process the output of LSTM, mapping it to the target class space to obtain
the final prediction result.



Fishes 2023, 8, 502

12 of 20

This study proposes a combination structure of ResNet and LSTM to harness the power
of both convolutional and recurrent operations. This approach enhances the network’s
modeling capability and improves its understanding of image sequences, consequently
boosting network performance [13].

2.3.3. TimeSformer

TimeSformer, a video-classification model proposed by Facebook researchers Bertasius
et al. in 2021 [16], is based on Transformers. Initially introduced for language translation
tasks [19], Transformers consist of two separate modules: an encoder and a decoder. Each
module is composed of multiple layers of Transformers that are stacked on top of each
other. A Transformer layer is made up of various components, including Multi-Head
Attention, Norm, and Feed-Forward layers, as depicted in Figure 4. The encoder generates
representations of input sequences, which are then processed by the decoder to translate
them into the target language [20].

: :

Imput —

Mulit-Head Feed
Attention Forward

—» Add&Norm L —» Add&Norm p—Output

Figure 4. Transformer layer architecture diagram.

For image-recognition tasks, the most commonly used method for the encoder is to
use a large pre-trained embedding network, which encodes the images using a pre-trained
image transformer (usually ViT [21]), generating a set of feature vectors. This method
further improves training efficiency because these networks have already undergone pre-
training [22]. Then, the TimeSformer layer is trained for downstream tasks based on these
feature vectors. Compared to training from scratch in an end-to-end manner, using State-of-
the-Art (SOTA) models is usually easier and more efficient, as these carefully tuned models
perform well on some supervised tasks [14].

TimeSformer’s design concept involves treating each frame image in a video se-
quence as a time step and converting it into a set of feature vectors usable by the Trans-
former network. The feature vectors are concatenated and linearly mapped to the em-
bedding vector Z(I-1), which is subsequently fed into the TimeSformer block based on
the Transformer layer for learning purposes. TimeSformer effectively captures long-term
dependencies in video sequences and demonstrates outstanding performance in various
video-classification tasks [16].

The TimeSformer block consists of multiple Transformer layers, while incorporating
time and spatial attention, as illustrated in Figure 5. Each layer consists of several self-
attention heads and a feed-forward neural network [23]. Within each Transformer layer,
the input embedding vector sequence is independently processed in the multi-head self-
attention mechanism and the feed-forward neural network. The multi-head self-attention
mechanism captures long-term temporal dependencies in the input sequence, while the
feed-forward neural network applies non-linear transformations to each embedding vector
at each time step. The output of each Transformer layer is then passed to the subsequent
layer, until the output of the final Transformer layer is fed into the global average pooling
layer. This pooling layer generates the ultimate representation of the video sequence [24].
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Figure 5. TimeSformer block structure with temporal and spatial attention added.

3. Results
3.1. Evaluation Indicators

For the evaluation of video-classification models, several commonly used metrics

are as follows. These metrics play a crucial role in assessing the performance of video-
classification models and determining the most effective models for specific tasks.

1.

Top — 1 acc and Top — 5 acc: Top — 1 acc represents the ratio of correctly predicted
videos (N1) to the total number of videos (N). Top — 5 acc represents the ratio of
correctly predicted videos (N1) to the total number of videos (N), where any of the
top five predicted results are considered correct.

Top —1 =—, 1
op acc N €))

N5
Top —5acc = —,

P N
Mean Average Precision (mgp): map is a widely used evaluation metric for assessing the
performance of a model in multi-class classification tasks. It represents the average
precision across all classes. The average precision for each class measures the model’s

precision on that class. It is calculated by computing the cross-entropy between the
model’s predicted confidence scores and the true labels [25].

@

Map = (i{) * ﬁ; AP(i), 3)
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where N represents the number of samples in the test set, indicating the targets that the
object-detection algorithm is required to detect. AP(i) represents the average precision
of the i-th target and serves as a metric to evaluate the accuracy of the object-detection
algorithm for that specific target.

3. F1: The F1 Score is a measure that represents the weighted average of precision and
recall, and it is commonly used to assess the performance of binary classification tasks.
Calculation of the F1 Score involves counting the occurrences of true positives, false
positives, and false negatives [26].

Fl— 2 x Precision x Recall
" DPrecision + Recal

, 4)

where Precision represents the ratio of correctly predicted positive samples to the total
number of predicted positive samples. The Precision parameter in the formula represents
the model’s accuracy, which is typically a value between 0 and 1. Recall represents the ratio
of correctly identified positive samples to the total number of positive samples. The Recall
parameter in the formula represents the model’s recall rate, indicating the proportion of
correctly recognized positive samples out of all positive samples.

The weighted-average method is employed in this article for multi-class tasks. This
method estimates the weights by considering the true distribution proportions of the
classes. Subsequently, the Precision and Recall values for each class are multiplied by their
respective weights and aggregated. This approach addresses the issue of class imbalance.
The formulas for calculating weighted Precision and weighted Recall are presented below:

N

weighted — Precision =Y _ Precision (i) x weighted (i), (5)
i=1
N

weighted — Recall =Y _ Recall (i) x weighted (i), (6)

i=1
The calculation formula for the F1 score, after the implementation of the weighted-
average method, is as follows:

2 x weighted — Precision x weighted — Recalll
F1 = . — -
weighted — Precision + weighted — Recall

@)

3.2. Experimental Results

During the experiment, we trained and validated the three models discussed ear-
lier. For the software environment setup, we utilized Python 3.9 programming language,
PyTorch deep learning framework, CUDA 11.4 operating platform, and Anaconda envi-
ronment management software. We performed this experiment on a Ubuntu 18.04.5 LTS
system equipped with a Tesla V100S 32G graphics card.

In the examination of the TimeSformer model, a study conducted by Bertasius et al. [16]
revealed its superior performance in long-term sequence modeling. Based on this finding,
we opted to vary the NUM_FRAMES parameter to observe the impact of sampling rate on
the TimeSformer-L model for the sampled videos. For the 3DCNN model, we conducted a
comparison between two models of different parameter sizes, S (53 MB) and L (119 MB), in
order to target distinct receptive fields [18,27]. Additionally, in this paper, we compared the
parameter sizes of the LSTM-ResNet model and the experimental results of NUM_FRAMES.
We present the experimental results of these models on the squid fishing dataset in Table 4.
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Table 4. Experimental results.
Model Evaluation Criteria
Parameter size =~ NUM_FRAMES Top — 1 acc Top — 5 acc F1 Map
3DCNN S 3 88.06% 100.00% 0.8732 0.7835
L 87.08% 100.00% 0.8622 0.7763
Feature-
extraction NUM_FRAMES Top — 1 acc Top — 5 acc F1 Map
model
8 88.75% 100.00% 0.8865 0.8037
LSTM ResNet-50 16 82.36% 100.00% 0.8365 0.7290
32 75.69% 98.05% 0.7323 0.5973
8 79.58% 98.33% 0.8037 0.6743
ResNet-152 16 69.17% 96.80% 0.6854 0.5027
32 63.47% 96.25% 0.6184 0.4736
NUM_FRAMES Top — 1 acc Top — 5 acc F1 Map
TimeSF L 8 80.83% 100% 0.8632 0.7275
mestormer 16 79.72% 100% 0.8250 0.6630
32 78.19% 100% 0.8367 0.6179

Figure 6 shows the loss-reduction curves of the three models during the training
process. Figure 6a illustrates the loss-reduction curve of the 3DCNN model during training.
Figure 6b depicts the loss-reduction curve of the LSTM-ResNet model during training.
Figure 6¢ shows the loss-reduction curve of the TimeSformer-L. model during training.
The observed curves provide insight into the gradual decrease in loss for each model
during training. These graphs are valuable references for evaluating the effectiveness and
performance of the models.
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Figure 6. Training loss curve graph of (a) the 3DCNN model, (b) the LSTM-ResNet model, and
(c) the TimeSformer-L model.
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To assess the resilience of the model, we obtained 240 additional video clips from a
different location, which were used as the validation set. From each category, we carefully
selected 20 video clips as representative samples. The specific details of the sample data
are provided in Figure 7.

Figure 7. Sample example of the validation set.

We conducted experiments on a validation set that is completely independent from
the training and testing sets for the three models: 3DCNN-S-NUM_FRAMES-8, LSTM-
ResNet-50-NUM_FRAMES-8, and TimeSformer-L-NUM_FRAMES-8. The results of these
experiments are presented below.

Table 5 presents the experimental results on the validation set for the best-performing
parameters of the three models tested on the test set. The evaluation criteria for the models
remain the same: Top — 1 acc, Top — 5 acc, F1, and mp.

Table 5. Experimental results on the validation set.

Model Top—1lacc Top—>5acc F1 Mgy
3DCNN-5-NUM_FRAMES-8 83.75% 98.33% 0.7809 0.6856
LSTM-ResNet-50-NUM_FRAMES-8 84.58% 98.75% 0.8137 0.7563
TimeSformer-L-NUM_FRAMES-8 74.16% 99.58% 0.7636 0.6453

4. Discussion
4.1. Data Collection

This study initially examined the conduct of the crew and the condition of the fish-
ing lines on the deck, resulting in the creation of an EMS dataset. During the dataset-
construction process, a fixed pulley position was chosen as a boundary region to more
accurately exhibit the crew’s actions and the fishing lines’ condition. In comparison with
the EMS ship behavior dataset developed by Shuxian Wang et al. [28,29], comprising
nine distinct fishing vessel behaviors, the dataset constructed in this paper mostly demon-
strates similar sequences of fishing actions, with only a few actions varying in their order.
Consequently, this poses certain challenges for the model’s learning and recognition.

In terms of sampling frequency, Wang et al. [8] conducted a study where their SDCNN
extracted 100 frames from each 30 min video as input. More specifically, they opted to
sample one frame every 18 s. Given the repetitive nature and high repetition rate of crew
actions, we established the duration of each sample to be 5 s. Different sampling fre-
quencies (8, 16, and 32) were employed to construct the temporal sequence image dataset
of input samples. By utilizing lower sampling frequencies, we could precisely capture
the action details in the process of squid fishing, thereby extracting features with greater
accuracy [30]. Furthermore, selecting a shorter sample duration enables us to concen-
trate more extensively on specific actions, reducing interference from irrelevant actions in
the samples.

By observing and analyzing the actions of the crew and the state of the fishing line,
researchers can gain a deeper understanding of the EMS’s performance. The construction
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process of the dataset offers a standardized foundation for assessing and comparing the
learning and recognition performance of various models. However, the model might face
challenges in distinguishing minority actions due to the high similarity in the order of most
fishing actions. Therefore, future research should investigate potential solutions to enhance
the model’s accuracy and robustness in distinguishing these actions [31].

During the dataset-construction process, several data-augmentation techniques were
employed to enhance the dataset’s diversity and generalization ability. This involved
applying operations such as salt-and-pepper noise, vertical flipping, and horizontal flipping
to augment the image data. Salt-and-pepper noise, a common image noise, was utilized to
simulate various environmental conditions and interferences encountered during maritime
navigation, including sea fog and rainy weather. By introducing salt-and-pepper noise, the
dataset could encompass samples under different specific conditions, thus improving the
model’s adaptability in rainy and foggy weather. As a result, the model achieves stability
and robustness in practical applications. In addition to incorporating environmental noise,
vertical and horizontal flipping operations were performed to simulate different camera
placements in ship operations. These data-augmentation techniques made the dataset more
comprehensive and capable of handling various environmental and operational conditions.
With such a dataset, it becomes possible to better evaluate and compare the performance of
different models in recognizing crew actions and fishing line states.

4.2. Analysis of Model Performance

The 3DCNN is a conventional video-classification model that employs a 3D convo-
lutional neural network to extract spatial and temporal features from video sequences.
Based on the findings presented in Table 4, it is evident that the 3DCNN-S model out-
performs the 3DCNN-M model in terms of Top — 1 acc, Top — 5 acc, F1 score, and i,
value. This suggests that augmenting the parameters of the 3DCNN model results in
reduced accuracy, likely attributable to overfitting. Nevertheless, an examination of the
loss curves (c3ds_losses and c3dl_losses) depicted in Figure 6 indicates no substantial
divergence in the learning pace and ultimate loss magnitude between the 3DCNN-S and
3DCNN-L models. Hence, it can be deduced that augmenting the parameter count failed
to enhance the performance of the 3DCNN model and further implies that the learning ca-
pability of the 3DCNN-S model adequately addresses the squid fishing dataset established
in this investigation.

In contrast to Wang et al.’s [8] 3DCNN, the 3DCNN in this study incorporates Max-
Pooling as the pooling layer choice. This enhancement enables the network to decrease
its emphasis on details and, instead, concentrate more on individuals” actions in videos,
thereby improving classification accuracy and effectiveness. The input data are down-
sampled using MaxPooling, thereby reducing the size of feature maps and, consequently,
reducing computation and memory. Moreover, MaxPooling can extract salient features by
selecting the most prominent features in the feature map for pooling, effectively capturing
the key actions of people in videos. This feature selection and downsampling operation
help the network better focus on individuals’ actions, reducing interference from details
and enhancing classification accuracy. Additionally, MaxPooling also possesses translation
invariance, meaning that features in the feature map can be accurately captured regardless
of their position. This translation invariance is crucial for recognizing human actions;
individuals may appear in various positions in different video frames. However, their
actions should remain consistent. By employing MaxPooling, the network can disregard
the position information in the feature map and solely focus on the presence or absence of
features, thereby improving its ability to recognize actions.

The LSTM model is a classic recurrent neural network utilized for processing se-
quential data [32]. In our experiment, we employed the LSTM model to extract temporal
features from each frame of the ResNet model and input them into a fully connected
layer for classification. Zengkai Wang et al. [13] have confirmed that LSTM+ResNet-
152 performs the best on a publicly available sports dataset. In this study, we conducted
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experiments on LSTM+ResNet-50 and LSTM+ResNet-152 with varying parameters on
the squid fishing dataset that we constructed. Our findings reveal that LSTM+ResNet-
50 outperforms LSTM+ResNet-152 when NUM_FRAMES=8. Based on the experimental
results presented in Table 4, it is evident that the LSTM-ResNet-50 model performs better
than the LSTM-ResNet-152 model when the NUM_FRAMES value is the same. Increasing
the NUM_FRAMES for the ResNet-50 and ResNet-152 feature-extraction models leads to
a decrease in both accuracy and recall rates of the classification. Figure 6 demonstrates
that during the training phase, when NUM_FRAMES=S8, the loss curve exhibits a signif-
icantly steeper slope, and the loss value is lower compared to higher NUM_FRAMES
values. Generally, utilizing ResNet-50 as the feature-extraction model outperforms the
employment of ResNet-152. This suggests that a larger model is not necessarily superior
when dealing with specific datasets. This could be attributed to the strong capabilities of
ResNet-152 in extracting image details. However, in the case of action-recognition tasks,
judgment and classification heavily depend on the overall sequence of the crew’s actions.
Excessive focus on details for this type of task can potentially impact recognition accuracy,
leading to a decrease in precision. The selection of NUM_FRAMES and the size of ResNet-
152 have a substantial impact on the model’s performance. Consequently, careful adjust-
ment of hyperparameters is necessary when utilizing the LSTM-ResNet model to attain
optimal performance.

The TimeSformer model is built upon Transformer architecture. According to the
experimental results in Table 4, TimeSformer achieves a maximum Top — 1 acc of 80.01% on
the squid fishing dataset. Bertasius et al. [16] achieved accuracies of 80.7% and 82.2% using
TimeSformer-L on the Kinetics-400 and Kinetics-600 datasets, respectively (Bertasius et al.,
2020). Despite the comparatively smaller size of the squid fishing dataset compared to the
Kinetics-400 and Kinetics-600 datasets, TimeSformer demonstrates the capacity to learn and
classify various actions, thus highlighting its ability to attain accurate classifications in short,
similar videos. The four different configurations of the NUM_FRAMES parameter have a
minimal effect on the Top — 1 acc and Top — 5 acc, as both metrics consistently maintain
high values. However, as the NUM_FRAMES parameter increases, there is a slight decrease
in the m,, metric. This phenomenon may be attributed to the model’s heightened focus on
details and motion in the video sequence, which may not be decisive for certain categories
of target objects. Based on the experimental results in Ref. [33], we can conclude that
increasing the NUM_FRAMES parameter has a negligible impact on the Top — 1 acc and
Top — 5 acc accuracies in the TimeSformer model, but it does affect the 1,, and F1 metrics
to some extent. Furthermore, the training loss curve of the TimeSformer model (Figure 6)
demonstrates a significant increase in the final stable loss value as the NUM_FRAMES
parameter increases, suggesting that an appropriate NUM_FRAMES parameter can enhance
model performance. To select an appropriate setting for the NUM_FRAMES parameter, one
can comprehensively consider the aforementioned metrics, catering to specific requirements.

Based on the results obtained from the validation set, the accuracy and F1 scores of
the three models have shown a slight decrease. This indicates that these models exhibit
robustness in recognizing crew actions and have effectively learned the characteristics
of various crew actions. However, due to variations in behavior habits and working
environments among crew members in different positions, this has led to a decrease in the
accuracy of all three models. To further enhance the performance of the models, collecting
a larger-scale dataset is necessary, as well as training more stable models to mitigate this
issue. Collecting more data enables a better understanding of the behavior habits and
characteristics exhibited by crew members in different positions and environments, thus
resulting in models with improved generalization ability.

5. Conclusions

This study analyzes EMS data records from squid fishing to categorize the crew
members’ workflow into 12 distinct behaviors. Using these behaviors as a basis, we
constructed a dataset of EMS records in squid fishing and evaluated the performance of
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three models: 3DCNN, LSTM-ResNet, and TimeSformer. Upon comparing the experimental
results, the following conclusions were made:

1. In this article, the squid fishing dataset was constructed. The LSTM-ResNet-50 model,
with NUM_FRAMES set to 8, achieved an accuracy of 88.47%, an F1 score of 0.8881, and
an 1,y score of 0.8133. In comparison to other parameters, increasing the depth of the
ResNet model did not improve the overall performance of the LSTM-ResNet model.

2. The 3DCNN-S model outperformed the 3DCNN-L model in terms of the 3SDCNN
architecture. Nevertheless, the small-scale 3DCNN-S model exhibited a negligible
difference compared to the 3DCNN-L model, illustrating its competence in effectively
handling the classification task of the squid fishing dataset built in this study.

3.  Inthe TimeSformer model, the NUM_FRAMES parameter had minimal impact on
the Top — 1 acc and Top — 5 acc, but it did influence the m,, and F1 metrics. Nev-
ertheless, the TimeSformer model exhibited poor performance on the squid fishing
dataset, which consists of short videos. Nonetheless, it possesses an advantage in
training speed compared to the LSTM-ResNet and 3DCNN models. The transformer
architecture has significant potential for video-recognition applications.
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