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Abstract— Fish detection in water-land transfer has signifi-
cantly contributed to the fishery. However, manual fish detection
in crowd-collaboration performs inefficiently and expensively,
involving insufficient accuracy. To further enhance the water-
land transfer efficiency, improve detection accuracy, and reduce
labor costs, this work designs a new type of lightweight and
plug-and-play edge intelligent vision system to automatically
conduct fast fish detection with high-speed camera. Moreover, a
novel similarity-aware vision Transformer for fast fish detection
(FishViT) is proposed to onboard identify every single fish in a
dense and similar group. Specifically, a novel similarity-aware
multi-level encoder is developed to enhance multi-scale features
in parallel, thereby yielding discriminative representations for
varying-size fish. Additionally, a new soft-threshold attention
mechanism is introduced, which not only effectively eliminates
background noise from images but also accurately recognizes
both the edge details and overall features of different similar
fish. 85 challenging video sequences with high framerate and
high-resolution are collected to establish a benchmark from
real fish water-land transfer scenarios. Exhaustive evaluation
conducted with this challenging benchmark has proved the
robustness and effectiveness of FishViT with over 80 FPS. Real
work scenario tests validate the practicality of the proposed
method. The code and demo video are available at https:
//github.com/vision4robotics/FishViT.

I. INTRODUCTION

Intelligent vision systems can effectively solve the prob-
lems of low efficiency, low accuracy, and high cost associated
with traditional crowd-collaboration mode for fish detection
in water-land transfer. Water-land transfer, i.e., transferring
fresh fish from surface fish culture vessels to vehicles for
sale, while keeping fish alive and injury-free. Currently, as
shown in Fig. 1, numerous terminals still rely on manual
detection methods to detect fish during the process of water-
land transfer. However, due to the rapid expansion of the
fishery market [1], traditional manual fish detection has
gradually revealed its shortcomings of low efficiency, high
cost, and low precision. The specific reasons mainly include
the following aspects: 1) manual fish detection is prone
to fatigue and errors due to the prolonged attention and
concentration required; 2) this kind of detection is subject
to inconsistencies that arise from variations in individual
perception, training, and attention levels, leading to mix-
ups and misidentifications; 3) this way relies heavily on
human labor, which can be expensive, prone to fish injury,
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Fig. 1. Fish detection in water-land transfer and the proposed fish
detection method (FishViT). The picture with the dotted box represents
the traditional manual detection mode, which is inefficient and costly.
The proposed intelligent detection system significantly improves production
efficiency, enhances accuracy, and reduces costs. Fresh fish slide fast from
the pipeline into vehicles for sale and the intelligent detection device stand
detects above the pipeline. The proposed FishViT is embedded into the
intelligent detection system to effectively realize high-speed fish detection.
FishViT mainly consists of three components: Backbone, Similarity-aware
multi-level encoder, and Decoder & Head. The Similarity-aware multi-level
encoder is composed of three parallel soft-threshold attention (STAttention)
modules.

and challenging to scale up or down based on demand.
Therefore, how to design a high efficiency, high precision
and fish-injury-free intelligent fish detection system is of
great urgency.

With the development of deep learning, learning-based
fish detection has drawn considerable attention due to its
prosperous applications in fishery, e.g., fish economic benefit
estimation [2], feedstuff feeding [3], and culture density ad-
justment [4]. It can bring enormous economic benefits to the
fishery. Early learning-based detection methods are mostly
based on convolutional neural networks (CNNs) [5], [6].
However, since CNNs lack global information integration
ability, CNN-based detection methods struggle to identify
and locate the fish precisely in the presence of abundant
highly similar appearance interference.

Recently, Transformer-based object detection methods
have gained increasing popularity in the academic commu-
nity due to their ability for global modeling high robustness,
and detection accuracy. [7]. Despite remarkable advance-
ments, these techniques have difficulties to be applied for
efficient and accurate fish detection. Firstly, the fish slide
down at high speed in the pipeline for water-land transfer,
which makes it hard to meet real-time application needs
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because of the high computational complexity of classical
Transformer structures. Moreover, the presence of abundant
highly similar fish in the water-land transfer pipeline and
the frequent occurrence of challenging scenarios such as
occlusion and cluttered backgrounds disturb the global in-
formation integration of Transformer. Thus, how to develop
a lightweight, efficient, and robust Transformer-based de-
tector to handle fish detection challenges, thereby satisfying
the increasing demand for fish water-land transfer is an
urgent problem.

The essential component of the Transformer is the atten-
tion mechanism. The performance of attention mechanisms
has been greatly improved and innovated by state-of-the-
art (SOTA) works [8]. However, when facing fish detection
in water-land transfer with high similarity and density, tra-
ditional attention shows poor robustness due to a lack of
sufficient identification ability.

To address the aforementioned issues, the proposed
similarity-aware vision Transformer for fast fish detection
(FishViT) is deployed on the self-built intelligent vision
device to effectively recognize every single fish in a dense
and similar group, as indicated in Fig. 1. Specifically, the
similarity-aware multi-level encoder is designed to enhance
multi-scale features in parallel, generating discriminative
representations for fish of various sizes. Importantly, the soft-
threshold attention (STAttention) is introduced to suppress
background noise thereby accurately recognizing the edge
details of diverse, similar fish. The main contributions of
this work are as follows:

• A lightweight and plug-and-play intelligent system is
designed to automatically realize dense and fast fish
detection with the onboard camera, heat sink, and
processor. Compared with traditional manual detection,
it can improve efficiency and accuracy at lower cost.

• A similarity-aware vision Transformer for fast fish de-
tection is introduced for the efficient detection of indi-
vidual fish within dense and visually similar groups, de-
ployed on the self-built intelligent system. A similarity-
aware multi-level encoder is proposed to enhance multi-
scale feature representation capabilities in parallel.

• An innovative soft-threshold attention mechanism is
presented to effectively eliminate background noise
from images, thereby precisely discerning the edge
information of diverse yet similar fish. This mechanism
aims to clarify every boundary of similar fish, leading
to improved performance in fish detection.

• Comprehensive evaluations on the 85 high-quality video
sequences of real fish water-land transfer validate the
promising performance of FishViT compared with other
SOTA detectors. Work scenario tests have demonstrated
the superior practicability of the proposed FishViT.

II. RELATED WORKS

A. Fish Detection

Compared with early manual fish detection, the rapid de-
velopment of deep learning makes fish detection intelligent.

Categorized by application scenarios, fish detection can be
divided into two categories: underwater and overwater. Most
modern fish detection applications and datasets focus on
underwater scenarios and yield many impressive achieve-
ments [9]. Currently, there is little research has been done on
detectors for fish water-land transfer. In terms of detection
methods, fish detectors can be categorized as CNN-based and
Transformer-based detectors. CNN-based fish detectors, such
as Faster R-CNN [10] and YOLO [11], achieve promising re-
sults on various detection benchmarks. Compared with CNN-
based detectors, the Transformer-based detectors have higher
robustness and detection accuracy, such as DETRs [12],
[13]. However, due to the high computational complexity
of classical Transformer structures, the Transformer-based
detectors are difficult to achieve a trade-off between high
performance and real-time speed. Furthermore, due to the
presence of abundant highly similar fish in the water-land
transfer pipeline and the frequent occurrence of challenging
scenarios such as occlusion and cluttered backgrounds, ex-
isting fish detectors are difficult to apply effectively in water-
land transfer.

B. Attention Mechanism

The attention mechanism plays a crucial role in deep
learning with its outstanding capabilities for global feature
modeling [14]. However, the high computational complexity
of self-attention limits its application in visual tasks. There
have been many research attempts to address this problem
from multiple perspectives. One line of research is using
linear attention to address high computation complexity [15],
which replaces the Softmax function in self-attention with
separate kernel functions. K. M. Choromanski et al. [16]
propose Performers, approximating the Softmax operation
with orthogonal random features. EfficientViT [17] uses
depth-wise convolution to improve linear attention’s local
feature extraction capacity. W. Xu et al. [18] build on the
above work to design a factorized attention mechanism,
significantly enhancing computation efficiency. On the other
hand, in order to further improve the model performance,
M. Zhao et al. [19] add the soft-threshold [20] to deep
residual networks, which effectively helps the model to better
capture the key features and filter the noise. However, most of
the above works are based on generalized scenario datasets,
which are less robust when facing dense, occluded complex
scenarios with highly similar fish in water-land transfer.

C. Feature Fusion

Except for attention, another major challenge in object
detection is effectively utilizing multi-scale features, which
have been demonstrated to significantly improve perfor-
mance, especially for varying-size objects. In modern CNN-
based detectors [21], feature pyramid network (FPN) [22]
has become the primary solutions to exploit multi-scale fea-
tures. Analogously, many Transformer-based detectors also
attempt to improve DETRs by feature fusion. Deformable-
DETR [23] first introduces multi-scale features into DETR,
exchanging information among multi-scale feature maps
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Fig. 2. Overview of the proposed FishViT. The components from the left to right are Backbone, Similarity-aware multi-level encoder, Decoder & Head.
The last three feature maps extracted by backbone are fed to similarity-aware multi-level encoder with parallel structure, each branch of encoder contains
pooling positional encoding (PPE) and soft-threshold attention (STAttention). Finally, the feature map of each branch after multi-level aggregation are fed
into decoder & head for detection. Best viewed in color.

while improving the performance and convergence speed.
SMCA-DETR [24] achieves efficient multi-scale feature cod-
ing in the encoder by introducing multi-scale self-attention
and utilizes concatenate for feature fusion. CF-DETR [25] in-
tegrates the Transformer encoder within an FPN architecture
to generate feature pyramids. Iterative multi-scale feature ag-
gregation [26] designs a sparse sampling strategy for multi-
scale features to boost the performance of Transformer-based
object detectors significantly with only slight computational
overhead. Although the above methods enable the use of
multi-scale features in Transformer-based detectors, they
introduce huge computational overhead, making it difficult
to effectively realize end-to-end real-time object detection.

III. METHODOLOGY

The workflow of FishViT is shown in Fig. 2. It can
be divided into three modules: Backbone, Similarity-aware
multi-level encoder, Decoder & Head. The encoder mainly
consists of two novel parts, i.e., similarity-aware multi-level
parallel structure, and soft-threshold attention mechanism.

A. Backbone

To meet the real-time applications onboard the intelligent
vision system, FishViT uses a lightweight backbone known
as ResNet18 [27], which is used to extract multi-scale
features. Specifically, the last three output feature maps of the
backbone are utilized as the input to the subsequent process.
Remark 1: Given an image I ∈ RW0×H0×3, the backbone
network generates its feature maps. For descriptive purposes,
the last three output feature maps, which are further fed

to the Transformer encoder, are uniformly represented by
Fl ∈ RW×H×C in the following introduction (C, W, H
represent the channel, width, and height of the feature maps
respectively, and l ∈ {3, 4, 5}).

B. Similarity-aware Multi-level Encoder

The prime challenge to water-land transfer fish detection
is the high similarity of fish, which tends to result in
missed and false detections in high-density and occlusion
scenarios. To cope with this issue, a lightweight similarity-
aware multi-level encoder based on STAttention is designed.
Specifically, the multi-level parallel structure is designed to
enhance the multi-scale feature representation for addressing
the fish appearance similarity issues. Through the multi-
level patch embedding, feature maps of different levels are
obtained and fed to each branch in parallel. The self-attention
mechanism is utilized in every branch for global modeling
and establishing context relationships.
Remark 2: Through the design of the similarity-aware multi-
level encoder, different levels of features are fully extracted.
The proposed STAttention performs global modeling and
establishes context relationships at different levels, which
greatly improves the robustness of the model and increases
the detecting accuracy.

1) Pooling positional encoding: Positional encoding is
a critical component for the self-attention mechanism to
be able to understand and process sequence data. Inspired
by [18], the pooling positional encoding method (PPE) is
proposed to speed up the model while guaranteeing its effect.
As shown in Fig. 3, the process of PPE can be described by
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the formula as:

MP = AvgPooling(M) +M , (1)

where M represents the feature vector that after Multi-
level patch embedding (MPE), and MP represents the M
completed the positional encoding.
Remark 3: The use of the proposed pooling position encod-
ing effectively reduces redundant information and speeds up
computation. F ∈ RW×H×C and M ∈ RN×C represent
the input and output of the MPE separately in the following
introduction.

2) STAttention: Given an input feature F ∈ RW×H×C ,
the representation is first transformed into the embedding
space, denoted as M ∈ RN×C , with a feature dimension
of C. The generalized attention function can be computed
as [28]:

Att(M) =
∑ S(Q,K)∑

S(Q,K)
V , (2)

where S(·) denotes the function for measuring the similar-
ity between queries and keys, if S(Q,K) = exp(QKT),
then Eq. 2 simplifies to the scaled dot − product atten-
tion mechanism with softmax normalization. However, this
approach incurs a computational complexity of O(N2C),
rendering it unsuitable for real-time applications. The use
of decomposable similarity functions enables attentions to
be computed in a linear manner. Specifically, two functions
ϕ(·) and ψ(·) are used and the second matrix multiplication
is computed:

S(Q,K)V = (ϕ(Q)ψ(K)T )V = ϕ(Q)(ψ(K)TV) , (3)

the result leads to a O(NC2) computation complexity,
which greatly reduces its complexity in comparison for N
is generally much larger than C value for images. Factorized
attention (FactorAtt) is obtained when ϕ is the identity
function and ψ is the softmax [18]:

FactorAtt(X) =
Q√
C
(Softmax(K)TV) . (4)

In the face of high speed and high similarity dense fish
detecting scenarios, the means of denoising can convert
useful information into active and effective features while
turning noisy information into invalid or near-zero features,
which enables the detector to better discriminate the edge
information of the fish and improve the detection accuracy.
The combination of soft-threshold (ST) and deep learning is
a promising method for denoising [29], and soft-threshold
calculation formula can be expressed as follows:

ST(x) =

 x− τ , x > τ
0 , −τ < x < τ

x+ τ , x < −τ
, (5)

where x is the input feature, τ indicates the threshold.
Inspired by [19], a deep residual shrinkage network is
introduced to automatically determine the threshold. Firstly,
as shown in Fig. 3, the absolute operation and GAP layer
are used for the result of (K)TV to simplify the feature
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Fig. 3. Detailed workflow of the STAttention. The input feature maps
are processed through STAttention after pooling position encoding. The
result of Softmax(K)TV is used to generate a soft-threshold, and the
linear attention result is filtered by the soft-threshold. Specifically, the soft-
threshold mechanism consists of two main modules: ABS & GAP and
FS. ABS stands for Absolute Value, and GAP represents Global Average
Pooling, while the FS module refers to the operations within the dashed box.
Finally, V is added to the filtered result through the shortcut technique,
and the added result is used as the final output feature map. This soft-
threshold mechanism effectively suppresses background noise, enabling
precise identification of the edges of each individual fish within within dense
and visually similar groups. Best viewed in color.

mapping to 1-D vector, and then the feature dimension is
reduced through FS module. Eventually, the output feature of
FS is scaled to the range (0,1) by sigmoid layer, the formula
is described as:

αc =
1

1 + e−zc
, (6)

where αc is the scaling parameter of feature map cth
channel, zc is the feature at the cth neuron of 1-D vector.
Ultimately, the thresholds are calculated by the formula as:

τc = αc · average
∣∣((K)TV)i,j,c

∣∣ , (7)

where τc is the threshold for the cth channel of the feature
map, and i, j, and c are the indexes of width, height, and
channel of the feature map, respectively.

Meanwhile, the shortcut technique is introduced to solve
the problem of gradient vanishing or gradient explosion in
deep neural network training. In summary, the formula given
in STAttention is as follows:

STAttention(X) = ST(
Q√
C
(Softmax(K)TV)) +V .

(8)

11752



TABLE I
MAIN DETECTION RESULTS. RED REPRESENTS THE BEST RESULT AND BLUE REPRESENTS THE SECOND BEST RESULT. ↑ INDICATES THAT A HIGHER

VALUE FOR THIS METRIC IS BETTER, WHILE ↓ SIGNIFIES THAT A LOWER VALUE IS PREFERABLE FOR THIS METRIC. ALL REAL-TIME DETECTORS

SHARE A COMMON INPUT SIZE OF 640 AND ALL END-TO-END OBJECT DETECTORS SHARE A COMMON INPUT SIZE OF 800. OUR FISHVIT ACHIEVED

THE BEST PERFORMANCE ACROSS ALL METRICS.

Methods Backbone GFLOPs ↓ Params ↓ FPSbs=16 ↑ APval
50 ↑ Ecls ↓ Eloc ↓ Emiss ↓

Real-time Object Detectors
YOLOv8-M 79 26 M 62.6 93.2 0.48 3.29 1.91
YOLOv8-L 165 79 M 30.3 93.6 0.27 2.85 1.47
YOLOv8-X 258 165 M 17.7 94.4 0.24 2.6 1.23
End-to-end Object Detectors

DETR-DC5 R50 187 41 M 5.1 84.1 13.38 10.92 2.36
DETR-DC5 R101 253 60 M 3.7 84.5 16.31 16.74 3.96
Anchor-DETR-DC5 R50 172 39 M 5.4 87.6 2.46 1.53 0.38
Anchor-DETR-DC5 R101 240 58 M 1.5 89.6 2.71 1.49 0.36
Conditional-DETR-DC5 R50 195 44 M 4.3 91.1 2.59 2.14 0.5
Conditional-DETR-DC5 R101 262 63 M 2.6 92.7 4.37 6.78 1.23
Real-time End-to-end Object Detectors
RT-DETR R18 56.9 20 M 64.7 93.6 0.29 1.85 0.61
FishViT (ours) R18 45.6 18 M 82.3 94.7 0.11 1.65 0.28

Remark 4: STAttention accelerates the model speed by
linearization of self-attention. Meanwhile, through the setting
of soft-threshold, the influence of background noise can be
better eliminated, thus precisely discerning the edge infor-
mation of diverse yet similar fish, improving the detection
accuracy. The specific process of Eq. 7 is:

STAttention(X) = ST(
Q√
C
(Softmax(K)TV)) +V

= Sign(FactorAtt(X))τc +V ,
(9)

where Sign(∗) represents the sign function.

C. Decoder & Head

As shown in Fig. 2, the similarity-aware multi-level en-
coder transforms multi-scale features into a sequence of
image features. In order to provide more encoder features
with accurate classification and precise location for object
queries, the output sequence of the encoder needs to go
through the IoU-aware query selection [30] to obtain a fixed
number of image features as initial object queries for the
decoder. Then, the selected object queries are optimized by
the decoder and mapped to classification scores and bounding
boxes by the prediction head. Finally, the proposed FishViT
uses a Transformer decoder with auxiliary prediction heads
to get fish detection results.
Remark 5: As shown in Fig. 4, in challenging scenarios such
as tumbling, flowing, and dense, FishViT is able to clearly
discriminate the edges of each fish in a dense fish group
by benefiting from the parallel multi-scale representation as
well as the denoising effect of STAttention.

IV. EXPERIMENTS

A. Implementation Details and New Benchmark

This work develops a new type of lightweight plug-
and-play intelligent vision system to implement high-speed
dense fish detection autonomously. The whole system mainly
includes the following two components: a pipeline with a
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Fig. 4. Visualization of the confidence maps of the Baseline and the
proposed FishViT. FishViT can effectively reduce background interference
and focus on the detailed representation of the fish to cope with extremely
complex situation such as high-speed tumbling, flowing water, and high
density. Best viewed in color.

total length of 16 meters and a retractable tail to match
different types of land sales vehicles. An intelligent de-
tection device with a high framerate camera (to capture
high-speed images of fish), a high-performance processor
(Intel i9-12900KF+NVIDIA RTX 3060), two bar lightings
(to avoid outdoor light interference), four SYS FAN (for
heat dissipation), a metal housing (for light resistant and
waterproof), and an indoor console. Utilizing the proposed
intelligent vision system, 85 challenging video sequences
with a high frame rate of 90 frames/s are collected in
real fish water-land transfer scenarios to comprehensively
assess FishViT’s effectiveness in fish detection. The video
sequences contain two fish species, i.e.: ’Black carp’ and
’Silver carp’, of which 50 sequences are used for training, 5
sequences are used for validation and 30 sequences for test-
ing. The sequences share six challenging attributes, including
’spume’, ’overexposure’, ’tumbling’, ’dense’, ’flowing’, and
’underexposure’. ResNet18 [27] serves as the backbone for
FishViT. FishViT is trained by AdamW optimizer with the
values of weight decay and base learning rate as 10−4

for 150 epochs.
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YOLOv8-MDETR Anchor-DETR Conditional-DETR RT-DETR FishViT (ours)

#30 #42 #90 #133

#180 #196 #213 #228

#870 #915 #1065 #1095

Sequence 1

Sequence 2

Sequence 3

Ground Truth

Fig. 5. Comparison of FishViT results with other SOTA detectors. YOLOv8-M has duplicate detection boxes due to post-processing, while other
Transformer-based detectors exhibit missed detections. Our FishViT achieved the best results. Best viewed in color.

B. Evaluation on Detection Benchmarks

To fully assess FishViT’s fish detection capabilities, the
crucial detection accuracy must be evaluated. The evaluation
metric used is the standard COCO AP metric with a single
scale image as input [31]. In object detection tasks, Average
Precision (AP) is usually used as an indicator to measure the
performance of a model. However, in different application
scenarios, it is not appropriate to just look at the value of
AP [32]. In the water-land fish transfer scenario, classifi-
cation error (Ecls) is intolerable because it directly relates
to the selling price. In addition, detection tasks are often
performed to serve downstream tasks, such as fish counting
and fish size recording. Localization error (Eloc), and missed
GT error (Emiss) can easily degrade the performance of
downstream tasks. Therefore, the above three error types
need to be comprehensively evaluated.

Real-time detectors have received widespread attention
and applications due to their excellent performance as
well as superior efficiency. YOLOs are the cutting-edge
CNN-based real-time detectors, thereby YOLOv8 [33]
with SOTA performance is selected as a representative
for comparative experiments. DETRs are Transformer-based
cutting-edge end-to-end detection method, and representative
DETR [12], Anchor-DETR [34], Conditional-DETR [35],
and RT-DETR [30] are selected for comparison experiments.
For fairness, all real-time detectors adopted the same training
strategy, and end-to-end object detectors are only fine-tuned
according to official recommendations. TABLE I shows the
overall detection performance. FishViT achieves a maximum
FPS of 82.3, which is fully meets the real-time require-
ments for fish detection in water-land transfer. Attributed
to the excellent multi-scale feature expression ability of the
similarity-aware multi-level encoder and the high similarity-
aware capability of STAttention, FishViT yields the best
AP50 (94.7). Meanwhile, FishViT reaches a minimum of

0.11 on the most concerned Ecls, and a minimum of 1.65 and
0.28 on the Eloc and Emiss, respectively. Figure 5 visualizes
the results of FishViT and of other SOTA detectors, with
FishViT demonstrating superior performance.

C. Evaluation on Attributes

To exhaustively evaluate the performance of FishViT in
fish detection, attribute-based detection accuracy evaluation
experiments are conducted based on 30 sequences used for
test. AP50 is used as the evaluation metric of the selected
videos for each challenging attribute. As shown in Fig. 6,
FishViT can consistently achieve satisfactory performance
with optimal detection accuracy in all six challenging sce-
narios. Compared to other attributes, FishViT’s benefits are
most evident in the challenging scenario of dense. This is
the primary factor considered in FishViT design, i.e., to
discriminate every single fish in the dense group with highly
similar appearances. STAttention mechanism can effectively
eliminate background noise from images, while precisely
discerning the edge information of diverse yet similar fish.
This mechanism aims to clarify every boundary of similar
fish and, as a result, improves detection accuracy in challeng-
ing scenarios. Furthermore, multi-scale feature representation
capability is enhanced by introducing similarity-aware multi-
level encoder with parallel structure, which further improves
the detection accuracy of similar fish.

TABLE II
ABLATION STUDY OF VARIOUS PARTS OF THE PROPOSED FISHVIT. ∆

SYMBOLIZES THE IMPROVEMENT OVER THE BASELINE METHOD.

Detecting Methods AP50 ∆AP50
Ecls ∆Ecls

Baseline 89.1 - 1.42 -
Baseline+ST 92.6 +3.5 0.30 -1.12
Baseline+ML 93.2 +4.1 0.23 -1.19
Baseline+ST+ML (FishViT) 94.7 +5.6 0.11 -1.31
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0.8

0.85

Fig. 6. The detection accuracy of FishViT and other SOTA detectors under
six challenging attributes. Our FishViT achieves the best performance across
all six challenging attributes. Best viewed in color.

D. Ablation Study

To verify the effectiveness of each module in the proposed
method, FishViT with different modules enabled is studied.
This work considers Baseline as the model with only factor-
ized attention encoder [18]. ST represents the STAttention
and ML represents the parallel structure in similarity-aware
multi-level encoder. The most important error in this fish
detection task is the classification error, as it is directly linked
to the revenue. Therefore, the ablation experiments used only
AP50 and classification error as evaluation metrics.

Discussion on STAttention: As shown in TABLE II,
with the addition of the soft-threshold (Baseline+ST), AP50

directly increased by 3.5, indicating that STAttention can
effectively improve the accuracy of the model. In addition,
the classification error directly decreased by 1.12, indicating
that STAttention is able to remove the noise interference to
a great extent and improve the classification accuracy under
the condition of highly similar fish.

Discussion on Similarity-aware Multi-level Encoder:
As shown in TABLE II, adding two extra Baseline branches
(Baseline+ML) increases AP50 by 4.1, demonstrating the
multi-branch structure’s positive impact on detection accu-
racy. Additionally, the classification error decreases by 1.19,
suggesting that the parallel structures help the model better
capture edge information and improve classification accuracy
by integrating multi-scale semantic data.

By combining ST and ML, FishViT (Baseline+ST+ML)
efficiently learns the edge information while further enhanc-
ing the fish edge discrimination through the noise reduction
effect of STAttention, which makes the AP50 rises by 5.6 and
reducing classification error by 1.31, fully demonstrating the
strong robustness and high accuracy of FishViT.

E. Real Work Scenario Test

The practicability of FishViT is further validated in real
water-land transfer work scenario. FishViT achieves an av-
erage speed of over 80 FPS during the test, meeting real-
time requirements. The unique software interface for fish
detection and two real-world test sequences are shown in

Open Camera

Enable

Disable

Close Camera

Record Video

Browse Video

Detection

Monitor Configuration 2024-02-19 07:50:59

a. Human-computer interface

b. Real work scenario test
#00555 #00585 #00615

#00330 #00360 #00660

log in log outReady

Control Panel

Fig. 7. Visualization of the real-world scenario test. a. The specially
designed fish detection software interface. b. The detection results are
marked with red boxes. The detection error rate (DER) is defined as
1−AP50 per frame. A DER score below the blue dotted line is considered
accurate and reliable detection in the real-world test. Best viewed in color.

Fig. 7. Real-time images will be displayed in the interface’s
main window. A series of functions such as detection and
recording can be achieved by clicking the button on the
right, which is simple but efficient. The two tests contain
several typical fish detection challenges, including dense and
flowing. Test 1 demonstrates that high accuracy detection is
maintained even as fish flipping and water velocity affect
detection performance. In Test 2, FishViT encounters chal-
lenging, complex scenes. Nevertheless, FishViT manages to
get remarkably elevated detection accuracy, which can be
ascribed to STAttention’s outstanding ability to identify sim-
ilar objects. In conclusion, FishViT can accurately identify
every fish in complex and challenging scenarios, which is
incredibly convenient for real-world fish water-land transfer.

V. CONCLUSION

A new type of lightweight, low-power, environmentally
independent, and high-speed intelligent detection system
deployed with the proposed FishViT is designed to automat-
ically conduct high-speed fish detection in this work. The
objective is to solve the problem of low efficiency and high
cost of fish detection in traditional crowd-collaborative water-
land transfer mode. To cope with the high similarity, high
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speed, and high density problems of fish water-land transfer,
a novel real-time end-to-end detector for fish detection is
proposed. Additionally, STAttention with soft-threshold and
similarity-aware multi-level encoder with parallel structure
are presented. Extensive experiments prove that FishViT is
capable of detecting fish at high speeds while delivering
outstanding performance. FishViT will significantly enhance
subsequent critical tasks in the field of water-land transfer,
including the tracking, segmentation, sizing, and counting of
fish, providing robust academic support for these processes.
In conclusion, we firmly believe that the intelligent vision
system with FishViT can aid in the advancement of fish
detection in water-land transfer.
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