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Abstract

Accurate detection of underwater objects is a key indicator technology to effectively
enhance the field of marine development and application, and is of great importance to var-
ious fields including marine military defense and seafood aquaculture. Efficient and rapid
detection of underwater targets is a crucial technological challenge in this field. To meet
the challenges posed by these issues, this study applies the convolutional omni-efficient
layer aggregation network (CO-ELAN) module to the detector backbone to improve the
ability of the network structure to acquire underwater objects from image information.
The module improves the feature representation of gradient branching through a multi-
dimensional dynamic convolution and attention mechanism. In terms of loss calculation,
the optimized normalized Wasserstein distance approach is used to predict the box distri-
bution probabilistic modelling method to determine comparable distances to the ground
box and obtain better samples of small target labels. Here, an underwater image enhance-
ment algorithm based on white balance and underwater blur fusion is used to obtain clear
images that enable improved detector performance. After the verification experiment on
the URPC2018 dataset, it is found that the detector has better underwater detection abil-
ity compared with other detectors in the complex underwater environment. The proposed
method achieves a 2.4% improvement over the YOLOv7 baseline model, while reducing
computation costs by 5%.

1 INTRODUCTION

Underwater object exploration is essential for various appli-
cations, including marine conservation, oceanography, and
national defense [1, 2]. Accurately detecting and classifying these
targets is one of the key steps in monitoring the health of
marine ecosystems and identifying potential threats to underwa-
ter infrastructure [3–5]. At present, underwater target detection
technology mainly consists of optical imaging, underwater
sonar, and LIDAR detection methods. While underwater optical
imaging has higher resolution and richer information, it has out-
standing advantages in short-range underwater target detection
tasks, but it is easily affected by the light in the water. The main
reason is that light will be scattered and absorbed by water when
propagating in underwater environment, resulting in attenuation
and blurring of the image content captured by the final camera
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to a considerable extent, which further increases the difficulty
of detecting underwater objects. In addition, the complexity
of lighting conditions further limits the visibility of underwa-
ter environments. Underwater objects come in various sizes and
shapes, encompassing various types such as marine organisms
and marine debris, and their structures are also very complex,
posing a challenge for target recognition and detection. Another
reason is that there is a lot of background interference in the
underwater environment, such as seaweed and rocks, which may
be confused with the target and increase the difficulty of detec-
tion. Therefore, it is a challenging task to accurately and quickly
detect objects in complex underwater environments with poor
image quality.

At present, optical image target detectors can be broadly clas-
sified into two categories: underwater object detection based
on traditional features, and underwater target detection using
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deep learning networks. The majority of underwater object
recognition algorithms that employ conventional features are
designed manually and are well suited for objects with dis-
tinct characteristics. Sun et al. [6] proposed a multi-level wavelet
transform method for underwater images to enhance the edge
information of targets. This algorithm, which involves region
comparison after preprocessing, demonstrates excellent per-
formance in detecting targets in large-size underwater images.
Feng et al. [7], considering the rapid decay of the R-channel in
underwater optical imaging, introduced an R-channel image cor-
rection detection algorithm. This algorithm performs effectively
for salient targets.

In recent years, the public have been enthusiastic about
learning computer vision and machine learning techniques to
detect underwater targets [8, 9]. One of the most promising
approaches to solve this problem is deep learning-based object
detection because of its generalization to feature extraction for
complex-shaped objects. [10–12]. Sun et al. [13] innovatively
introduced an underwater target detection model that utilizes
a mobile vision transformer as its core component. By employ-
ing MobileViT as the central skeleton network algorithm, the
model effectively enhances global feature extraction capabili-
ties while decreasing the number of required parameters for the
algorithm. However, this enhancement results in a significant
increase in training time and computational resource consump-
tion. To address issues of low target detection accuracy and poor
real-time performance in complex underwater environments,
Qiang et al. [14] proposed a fast object detection algorithm
based on an optimized lightweight deep learning network. While
this method improves these issues to some extent, it still falls
short in detecting small targets. On the other hand, Li et al.
[15] improved the underwater fish detection algorithm using
transfer learning techniques to provide it with strong detection
performance for tiny and hidden fish targets. Nonetheless, it is
noteworthy that the algorithm’s target detection effectiveness is
not satisfactory in ambiguous underwater scenes.

However, detector acquisition of object features in under-
water images is hampered by various environmental factors,
and these difficult factors pose a challenge for underwater
object detection tasks. Therefore, it is of practical significance
to design an effective detector based on the characteristics of
the underwater environment. In most mainstream deep learn-
ing detectors, the backbone network is an important structure
for extracting object features. With the continuous develop-
ment of detectors, various backbone network structures have
been developed, such as VGGNet [16], ResNet [17], ResNetXT
[18], ShuffleNet [19], and YOLOX [20]. However, underwa-
ter objects come in all shapes and sizes. And different sizes
of receptive field of view will also affect the feature extrac-
tion ability of the convolutional module on objects of different
scales [21–23]. General-purpose convolutional modules are
typically employed to extract image features using a single,
fixed-size convolutional kernel. However, the inherent limita-
tion of a fixed perceptual domain associated with such kernels
becomes evident when encountering underwater objects of
diverse and substantial size variations. The fixed nature of
the convolutional kernel’s dimensions constrains its receptive

field, thereby impeding the efficient extraction of meaningful
features for both larger and smaller objects. This limitation
hampers the thorough capture of critical object attributes,
such as fine-grained textures, intricate shapes, and spatial con-
figurations. Consequently, this design constraint undermines
the model’s capacity to accurately recognize and interpret
underwater objects across a wide size spectrum, ultimately com-
promising the model’s overall performance and versatility in
scenarios involving underwater scenes characterized by vary-
ing object scales. Therefore, it is an important topic to design
convolutional modules that can effectively capture and learn
features of underwater targets of different scales to improve
network performance. Furthermore, in complex and variable
underwater environments, small marine organisms tend to inter-
mingle and co-exist with various types of occlusions, resulting
in a very limited number of effective pixels occupied by a sin-
gle object during the imaging process. During underwater target
detection, a slight deviation in the position of an object with
fewer pixels often leads to a significant intersection over union
(IoU) drop, which further leads to more false-negative samples
in target detection [24], thus reducing the detector’s ability to
detect small underwater targets. On the other hand, the imaging
process in underwater environments is affected by the signifi-
cant light absorption and scattering effects of the water medium,
resulting in severe image quality impairments in the form of
blurred images, colour distortions (often characterized by a pro-
nounced greenish bias), and reduced contrast. This series of
degradation phenomena result in a large degree of distortion
or loss of biometric information captured by the underwater
camera, leaving less effective information for the detector to
utilize, which greatly increases the difficulty and challenge of the
underwater target recognition task.

To address the aforementioned challenges, this article pro-
poses the YOLO-UOD detection model, an improvement of
the first-order object detector based on YOLOv7 [25] for
detecting small underwater objects. Figure 1 depicts the gen-
eral framework of YOLO-UOD. In the underwater scene there
are many objects of different sizes, even for the same species
of organisms their interclass differences in size are also very
large, resulting in their extremely different sizes presented in
the image, coupled with the fact that they are often present
in complex underwater backgrounds, these factors lead to the
difficulty of the task of detecting multi-size targets in under-
water. The current standard convolution builds a deep network
by stacking and utilizes the feature maps of each layer to cap-
ture information about objects of different scales. However, the
limited and fixed perceptual field of view of the ordinary convo-
lution kernel makes it not sensitive enough to underwater targets
of different sizes, and it is difficult to extract the overall fea-
tures as well as the local details of these targets, which leads to
the poor detection effect of the network model. In contrast, the
multi-dimensional dynamic convolution mechanism can extract
features of underwater objects at different scales by using dif-
ferent sizes of convolution kernels in different branches, where
the small kernel convolution can capture the local details of sub-
tle underwater objects, while the large kernel convolution has
a larger field of view for recognizing large objects as well as
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FIGURE 1 The YOLO-UOD detector.

obtaining more global information of the underwater image. In
addition, learnable weight parameters are introduced in different
convolutional kernel branches to dynamically correct the con-
volutional kernel size according to the input data. As a result,
multi-dimensional dynamic convolution can flexibly adjust the
perceptual field of view according to the image input target size
in complex underwater scenes, to the extent that the detailed
local features of multi-scale underwater targets as well as the
global information (the information association between targets
and backgrounds) can be effectively extracted from the multi-
dimensional branches, thus improving the model’s recognition
accuracy of multi-scale underwater objects living in complex
underwater backgrounds. To this end, we design a convolutional
omni-efficient layer aggregation network (CO-ELAN) module
based on a multi-dimensional dynamic convolution mechanism,
which can flexibly adapt to objects of multiple sizes and effi-
ciently extract object features. It is particularly suitable for
underwater scenarios with complex and diverse objects, and
can improve the model’s ability to extract and learn multi-scale
underwater target features. The current IoU method determines
positive and negative samples by calculating the degree of over-
lap between two bboxes [26], but for small underwater targets,
due to the scarcity of pixels, small positional deviations can
lead to dramatic fluctuations in the IoU value, increasing the
missed detection rate and degrading the model performance.
The optimized normalized Wasserstein distance (ONWD) label
evaluation method, on the other hand, determines the simi-
larity between two bboxes by calculating the distance of their
probability distributions (instead of using a simple overlapping
region as the traditional IoU method), which can effectively
measure the similarity even in the case of low overlap, and
effectively increase the number of positive samples of the small
targets, thus improve the network’s ability to recognize dense
small underwater objects. Consequently, this experiment adopts
an optimized evaluation strategy, the ONWD label evaluation
method, which aims to reduce the localization accuracy of the
IoU for small target sensitivity, effectively classifies small targets
into positive and negative samples, and optimizes its metrics
for medium- and large-sized targets, which achieves a stable
detection of small underwater targets while also ensuring the
effective detection of normal-sized targets. Addressing the chal-

lenges posed by image blurring is critical as the degradation
of the underwater environment results in limited valid image
information available to computers. We hope to recover the
characteristics of underwater targets, such as their shape, size,
colour, and texture. These features are often blurred or distorted
due to the detrimental effects of water absorption, scatter-
ing, and ambient light fluctuations. We would like to increase
the available image information for underwater detectors by
rendering these features more clearly in the image through
image enhancement techniques. Here, we propose an underwa-
ter image enhancement scheme that uses defogging and colour
reduction techniques to achieve this goal. The improvement of
this paper can be summarized into the following three parts:

1. The YOLO-UOD detection model is specifically developed
for complex underwater environments, and combined with
the CO-ELAN architecture, it flexibly adapts to various
object sizes and effectively extracts object features to cope
with underwater scenarios with complex and diverse object
shapes and sizes.

2. The model utilizes a labelling evaluation strategy that com-
bines IOU and the ONWD to enhance its ability to detect
small underwater objects, thereby reducing the likelihood of
losing them.

3. An image enhancement algorithm based on the fusion
of white balance and underwater dehazing has been pro-
posed to reduce image blur caused by light and improved
object detection performance in real-world underwater
environments.

2 RELATED WORK

Detecting underwater objects is a challenging computer vision
task because of the particularity and complexity of underwater
environment. With the continuous development and optimiza-
tion of deep learning technology in the field of computer vision,
and because deep learning-based detection algorithms extract
complex object features with strong generalization, detection
in real time, compared with traditional target detection algo-
rithms have a huge improvement in accuracy, more and more
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CHEN ET AL. 2493

excellent detection algorithms have been widely used in under-
water exploration task scenarios. Many excellent algorithms
are introduced into deep learning object detection model to
improve the performance of detectors [27].

One of the main research directions of current underwater
target detection algorithms is to enhance the poor image quality
to improve the detection effect. The second is to optimize the
feature extraction structure of the detector to obtain more fea-
ture information of occlusion and small objects and to make the
network structure lightweight to make the detector real time.

2.1 Underwater image enhancement

General image enhancement techniques such as histogram
equalization and contrast stretching have good results in rel-
atively simple environments. However, these methods are
sensitive to environmental factors and often fail to detect small-
or low-contrast objects, resulting in poor image quality. To over-
come these challenges, researchers have applied various image
restoration methods to the original images collected underwa-
ter, aiming to restore the original features of the environment
and enrich the image information. Specifically, Shi et al. [28]
and Yang et al. [29] use contourlet transform, multi-scale retinex
method, and contrast constraint adaptive histogram equaliza-
tion method to enhance underwater images. Fan et al. [30] used
generative adversarial networks [31] for image enhancement
and restoration.

Other techniques used for underwater image enhancement
include colour correction, image restoration, and fusion of
multiple images. Colour correction aims to adjust the colour
balance of the image, while image restoration aims to remove
the blur and noise caused by the underwater environment.
Fusion of multiple images involves combining several images
taken at different exposures or under different lighting condi-
tions to produce a high-quality image. Overall, many researchers
are conducting underwater image enhancement research and
have proposed many technologies to address the challenges of
underwater environmental imaging.

2.2 Efficient lightweight object detector

Most object detection applications primarily employ either
faster single-stage target detectors or higher-accuracy two-stage
target algorithms, with their performance varying due to the dif-
ferent methods and network structures utilized. While two-stage
detectors excel in detection and classification accuracy, they
fall short in real-time detection capabilities. Representative of
the two-stage detection model is R-CNN [32], which has since
inspired continuous algorithm optimization and development,
leading to excellent two-stage algorithms such as Fast-RCNN
[33] and Faster-RCNN [34]. On the other hand, the single-
stage model boasts a unique advantage in detection speed but
lacks detection accuracy. Notable among the one-stage detec-
tion models are the YOLO series [35] and the SSD model
[36].

In recent years, the YOLO series has undergone continu-
ous optimization, resulting in its detection accuracy surpassing
that of most two-stage detectors. Moreover, it is deployable
on mobile devices, making it a mainstream detector for real-
time mission scenarios. In the realm of underwater detection,
numerous researchers have undertaken research on underwa-
ter target detection using the YOLO algorithm. Liu et al. [37]
employed a novel network structure in the YOLOv3 backbone
to extract more effective image information, but this also sig-
nificantly complicated the network architecture. Shi et al. [38]
reduced the number of parameters in YOLOv4 and improved
the network structure for deployment in underwater environ-
ments, albeit with room for improvement in detection accuracy.
Huang et al. [39] introduced attention into YOLOv5, enhanc-
ing the network’s spatial feature extraction ability while also
increasing the model inference time.

The aforementioned research efforts significantly increase
the number and complexity of model parameters while enhanc-
ing the backbone network. Besides, there is a need to further
improve the accuracy of the detection model. To tackle these
challenges, we will also investigate and refine an efficient and
lightweight YOLO algorithm that achieves the dual effect of
improving model detection accuracy while reducing resource
consumption without excessively increasing the number of
model parameters.

3 PROPOSED METHODS

3.1 Overview of the proposed methodology

YOLO-UOD, a novel algorithm for target detection systems, is
introduced here. Built upon the YOLOv7 framework, it partic-
ularly addresses the challenge of detecting targets in underwater
environments. The network structure of YOLO-UOD com-
prises a backbone, neck layers, and detection heads. The
methodological advancements discussed here primarily focus
on the backbone. We have designed a new module that enables
the detector to efficiently learn local features of underwater tar-
gets of different shapes as well as sizes. Second, we introduce a
loss computation method tailored for small- and medium-sized
target bounding boxes, aiming to enhance detection accuracy
further. Finally, we present an underwater image enhancement
algorithm that can effectively augment the scene information of
underwater images to improve the detector performance. In the
following sections, we will provide detailed descriptions of these
proposed improvements.

3.2 Backbone layer with CO-ELAN

Due to the great variability in the size of underwater organisms
and the fact that they live in complex underwater environments,
these factors reduce the detection performance of most mod-
els. Here, we propose the CO-ELAN module to constitute the
backbone of the detector, which can effectively improve the
backbone’s ability to recognize underwater multi-scale objects

 17519667, 2024, 9, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/ipr2.13112 by SE

A
 O

R
C

H
ID

 (T
hailand), W

iley O
nline L

ibrary on [16/02/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



2494 CHEN ET AL.

FIGURE 2 Detailed structure of the convolutional omni-efficient layer
aggregation networks (CO-ELAN). Where (a) represents the CO-ELAN1
structure and (b) represents the CO-ELAN2 structure.

in complex underwater backgrounds. In the CO-ELAN mod-
ule, in order to enable the convolution module to dynamically
adjust the perceptual field of view according to the input infor-
mation and capture the overall and detailed features of the
multi-scale underwater target, we introduce multi-dimensional
dynamic convolution in the main branch part in order to obtain
the detailed local and overall multi-scale underwater target as
well as the information between the target and the background.
Finally, the features captured by the multiple superimposed con-
volution are separated and fused with the branch to obtain rich
information about the local and overall features of the multi-
scale target, as well as global information about the correlation
between the multi-scale target and the background. The struc-
ture of CO-ELAN is illustrated in Figure 2, where (a) and (b)
show two different forms of CO-ELAN. In the following, we
will first introduce the cross-stage effective feature fusion block
(CEF-block), a branch component of the CO-ELAN module.

Here, we introduced the CEF-block module and integrated it
into the efficient layer aggregation network (ELAN) module to
achieve the effect of branching structure to obtain more effec-
tive feature information. Our objective enables the network
to obtain effective feature information of various objects in
complex underwater scenes and detect small underwater targets
more effectively. Here, the CEF-block module is added after the
1×1 convolution branch in ELAN to strengthen the channel
information extraction capability of the branch part. Figure 3a
shows the structure of CEF block in detail, where C1 represents
the input module channel and C2 represents the final output
module channel. The input image feature vector is represented
as X ∈ RC 1×H 1×W 1. The input feature vector in the module will
first be processed by two 1×1 CBS (standard convolution, batch
normalization, and silu activation functions) convolutions. The
first convolution kernel outputs channel number C2 and gener-
ates two branch feature maps y1 and y2. Then y1 is input into
the second convolution kernel, the number of output chan-
nels is reduced to C2∕2, and input the output tensor into the
bottleneck structure for processing. The bottleneck output is
connected with y2, and 1×1 convolution kernel is input to adjust

FIGURE 3 Detailed structure of the CEF block and bottleneck. Where
(a) represents the CEF-block structure and (b) represents the bottleneck
structure.

the module output channel number to C2. In the convolutional
neural network, the processing flow of general standard con-
volutional units is as follows: First, the input feature vectors
will undergo convolution operation, and then batch normaliza-
tion processing will be performed to prevent overfitting and
achieve the effect of accelerated training. Finally, the normal-
ized feature vector is activated by SiLU function and the result is
output.

fCBS(xi, co) = s(bn(C (xi, co))) (1)

The input feature vector diagram is represented by xi, co rep-
resents the output channel after module processing, s represents
the SiLU function, which will activate the feature information,
bn represents the normalization operation, and C represents the
general convolution operation.

Bottleneck(yi ) = yi + fCBS

(
fCBS

(
yi ,

C2

4

)
,

C2

2

)
(2)

Following the dimensionality reduction and expansion
through convolutional kernels, the resulting feature map will
have an output channel of C2/2. This feature map will be added
to y1, and the final output will be represented by Bottleneck, which
is the bottleneck’s output result.

CEF = f

(
concat

(
f (Xi ,C2),B

(
f

(
f (Xi ,C2),

C2

2

)))
,C2

)
(3)

The output result of the CEF-block module is represented
by CEF . The input feature vector diagram is represented by Xi ,
C1 represents the channel of the input module, and C2 repre-
sents the output channel processed by the module. B indicates
the final output of bottleneck structures, and concat indicates
that you fuse the characteristics of different channel numbers.
The CEF-block module can integrate channel information from
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FIGURE 4 The structure of ODConv.

different channels and enhance the ability of branch structure to
obtain valid information in the image.

The above is a detailed introduction of the CEF block in
the CO-ELAN branch. In the main branch of CO-ELAN, we
want to obtain more multi-dimensional spatial feature informa-
tion of the image and use the appropriate range of sensory
fields to deal with the feature information of different scales,
so this paper introduces the ODConv convolutional struc-
ture [40] instead of some of the original basic convolutional
units. ODConv is a new dynamic convolutional structure that
utilizes a multi-dimensional attention mechanism (the dimen-
sions of the number of input and output channels of the
convolutional kernel, the dimension of the convolutional ker-
nel’s own receptive field, and the dimension of the number
of convolutional kernels) to generate multi-dimensional spatial
convolutional kernels. This structure can significantly improve
the ability of the detector to acquire multi-dimensional feature
information and reduce the computational cost and latency. The
ODConv structure is shown in Figure 4. The use of ODConv in
this method improves the multi-dimensional feature extraction
capability and facilitates underwater target detection.Specifically,
CO-ELAN uses ODConv to replace the convolutional kernel
of size 3 and S, respectively, using CO-ELAN1 and CO-ELAN2
for the corresponding representations, as shown in Figure 2a,b.

Ultimately, the backbone layer portion of the detector con-
sists of one CO-ELAN module without dynamic convolution
and two CO-ELAN1 modules and one CO-ELAN2 module. In
order to further improve the object localization in the network
model and reduce the attention to the interference background,
this experiment adds the coordinate attention (CA) [41] atten-
tion mechanism after the CO-ELAN of the network backbone
to enhance the feature perception and position information of
small underwater objects over long distances.

3.3 ONWD applied to loss function

The optimal transport assignment (OTA) label assignment
strategy [42] is employed in YOLOv7, which treats label assign-
ment as a global optimal transport problem. However, this
method mainly measures the similarity between two bounding
boxes by calculating their IoU values. For small underwater tar-
gets, their limited pixel information and slight changes in scale
can result in drastic changes in IoU values. Moreover, it is diffi-
cult to find stable and effective thresholds as evaluation metrics
for general loss functions, making it challenging to provide high-

quality sample labels for model training. Figure 5 shows the
results of the IoU sensitivity analysis for both tiny and normal-
sized targets, and the comparison illustrates the ability of the
ONWD label evaluation method to perform an effective simi-
larity assessment despite the relatively large offset displacements
of small targets. ONWD label evaluation method changes the
image pixels in the bbox into the form of a two-dimensional
Gaussian probability distribution by assigning weights to the
image pixels in the bbox, the center pixel in the bounding box
has the highest proportion of weights, and the value of the
weights decreases from the center to the boundary. Finally, cal-
culate the Wasserstein distance between the two and normalize
it to better evaluate the similarity of the two small target objects.
With this approach, the similarity between the true labelled box
and the predicted box of an underwater microminiature target
can be effectively mapped to the Gaussian distance between
them. The similarity between the two can also be measured
when their overlap is relatively low, which effectively increases
the number of positive samples required for model training
and also performs well in similarity measurements of normal-
sized objects. Among them, the simplified formula for the
distribution distance is as follows:

W 2
2 (Na,Nb ) =

‖‖‖‖‖‖
([

cxa, cya,
wa

2
,

ha

2

]T

,

[
cxb, cyb,

wb

2
⋅

hb

2

]T
)‖‖‖‖‖‖

2

2

(4)

Na and Nb represent two-dimensional Gaussian distributions
of prediction and target bboxes, respectively. cx, cy represent the
center point, the width of the bboxes is indicated by w, and the
height by h.

To further reflect the correlation between the two bboxes,
map the distribution distance to a probability interval of 0 to
1, the original non-linear normalization function of NWD was
optimized here. ONWD loss formula is shown below,

LONWD = 1 −
⎛⎜⎜⎝𝛼 ∗ e

−

√
W 2

2 (Na ,Nb )

c + 𝛽 ∗ e
−

1+log(W 2
2 (Na ,Nb ))

c

⎞⎟⎟⎠
(5)

where 𝛼 and 𝛽 are proportionality coefficients, set at 0.5 in this
case. c is a constant, which is set to the average size in the dataset.

The default loss function used in YOLOv7 is CIOU loss.
Since the horizontal and vertical ratio of bbox is considered
in the calculation formula, the regression speed can be bet-
ter accelerated, and the regression accuracy is good and stable
for detection targets of general size. Its calculation format is as
follows:

LCIOU = 1 −

(
IOU −

d 2
o

d 2
c

−
v2

1 − IOU + v

)
(6)

Where, the distance between the center of the actual target
box and the prediction box is represented by do. dc is the diagonal
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2496 CHEN ET AL.

FIGURE 5 IoU sensitivity analysis for tiny as well as normal-sized targets, where A represents the real frame and B and C represent the predicted frames. (a)
Demonstrates the drastic change in IoU for small targets in fine positional deviation (88.7% reduction), whereas the IoU for normal-sized targets demonstrated in
(b) does not change so drastically (27.7% reduction). (c, d) Show the IoU as well as ONWD offset curves for four different sized targets, with the horizontal
coordinates denoting the diagonal offset distance between the centers of the A and B frames, and the vertical coordinates denoting the similarity of the two metrics.
It can be clearly seen that the smaller the target size, the faster the similarity curve of the IoU method decreases when offset by the same pixel distance, in contrast to
the ONWD method, which is smoother and still capable of similarity evaluation when offset by a larger distance.

distance of the actual target box; v is used to confirm the ratio
correlation between the target box and the prediction box.

Since CIOU does not consider the allocation of small tar-
get samples, ONWD can better solve such problems. Therefore,
here, we integrated the optimized wd strategy into the loss cal-
culation of the detector. We combined the evaluation results of
ONWD and CIoU in a certain proportion as a better evalua-
tion index of positive and negative label allocations. Below is
the mathematical expression of the final loss function:

LOSS = k × LCIOU + (1 − k) × LONWD (7)

Here, the fusion loss function employs a scale coefficient k

set at 0.7. This strategy enhances the precision and stability of
tag allocation, rendering it less susceptible to small target scale
variations, and more suitable for measuring similarity among
densely populated underwater objects. As a result, the detector’s
performance is further improved.

3.4 Underwater image enhancement

Here, how to change the poor quality images into better quality
images to be fed into the detector is also one of our concerns
and we hope to improve the performance of the detector in
this aspect. In this underwater inspection mission, underwater
visual signals are often affected by natural physical phenom-
ena, resulting in low contrast, strong colour distortion, and
high blurriness, thus posing significant challenges to underwater
image processing.

Here, we thought about how to solve the problems such
as the small amount of information that can be effectively
processed by underwater images and the fuzzy image, we
combine the white balance colour correction and defogging
algorithm as a better underwater image enhancement method.
The proposed method initially smoothes the image using a fil-
ter, followed by colour correction and white balancing, which
effectively removes the interference caused by blue-green light.
Subsequently, edge features of the image are enhanced by con-
trast stretching, and the channels are separated for defogging,
thereby eliminating the blurring effect and resulting in clear
and informative underwater images. The enhanced underwa-
ter image is illustrated in Figure 6. In our study, we applied
the above image enhancement strategy to URPC2018 dataset,
and re-divided the enhanced image into training set and test
set according to the original proportion. The improved images
were then evaluated using the YOLO-UOD detector proposed
here.

4 EXPERIMENTS

The following experimental platforms were used in this verifi-
cation experiment: Ubuntu 18.04 system, Intel Core i7-9700K,
NVIDIA RTX3060 graphics card, and CUDA framework ver-
sion 11.4. In our experiment study, the training iteration process
of each network model was 300 times. The SGD optimizer was
used in the research. All images are scaled to a 640 × 640 scale.
In order to ensure stable batch normalization and prevent over-
fitting, the training batch size was 8. In addition, Mosaic and
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CHEN ET AL. 2497

FIGURE 6 The figure below depicts the image enhancement process, wherein (a) represents the original input image and (b) shows the image after underwater
enhancement. The enhanced image exhibits a greater amount of informative details, thus validating the effectiveness of our proposed image enhancement technique.

data scaling techniques are used to enhance the stability of the
model in different situations.

4.1 Dataset

In order to optimize the model for complex underwater envi-
ronment, the underwater target detection dataset URPC2018
[43] of the National Underwater robot Grasping Competi-
tion was selected as the training and testing dataset in this
experimental study. The dataset consists of underwater images
captured from the natural seabed of Zhangzi Island, Dalian,
China, and includes four distinct types of underwater crea-
tures: echinus, holothurian, scallops, and starfish. The number
and percentage of each type of label in the dataset are illus-
trated in Figure 7. In the underwater object detection dataset
URPC2018, the training set contains 2901 image photos with
marked information, while the test set contains 800 images
without marked information.

The distribution of label sizes in URPC2018 dataset is shown
in Figure 8. Most target labels in this dataset are small-size tar-
gets relative to the original image size, and the size scale is
concentrated between 0 and 0.3. Additionally, the targets are
distributed more dispersedly in the dataset. Furthermore, due
to the underwater environment, the dataset contains images
that are degraded with serious blurring. This degradation poses
challenges in detecting small and occluded objects.

4.2 Experimental evaluation index

During the experimental validation, we evaluated the perfor-
mance of the experiment, including precision, recall rate, mean

FIGURE 7 The URPC dataset contains multiple categories of underwater
creatures, including echinus, holothurian, scallops, and starfish. The figure
displays the number and proportion of each label category in the dataset.

average precision (mAP) under different IOU thresholds, com-
putational resource consumption cost, and model parameters.
In the target detection task domain, TP represents the true-
positive samples in the predicted samples whose original labels
are true being correctly categorized, FP represents the false-
positive samples whose original categories are false but are
predicted to be true, and FN represents the false-negative sam-
ples whose original categories are true but are judged to be false.
The precision rate is defined as TP∕(TP+FP), which represents
the proportion of correctly predicted positive target labels in
all correctly predicted categories. The recall rate is defined as
TP∕(TP+FN) and represents the proportion of correctly pre-
dicted labels to all real labels. By calculating the corresponding
precision and recall values based on different detection thresh-
olds, a corresponding set of precision and recall values can be
obtained, which are plotted in a two-dimensional coordinate
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2498 CHEN ET AL.

FIGURE 8 Object label size distribution in URPC2018 dataset.

system to form a precision-recall curve. This curve reflects how
the accuracy of the model changes as recall increases. The aver-
age precision (AP) is the integral of the area formed between
this PR curve and the recall axis and reflects the average preci-
sion of the model at all possible levels of recall. IOU is the ratio
of the intersection and concatenation of the predicted results
of a category in the data sample and the true values labelled in
its sample.

mAP is an object detection performance index in the field of
machine vision, which is used to evaluate the overall detection
accuracy of object detection model for some data. It is obtained
by calculating the AP value of all object classes that exist in the
dataset. Generally, mAP is evaluated based on two evaluation
criteria: mAP0.5 and mAP0.5∶0.95, where mAP0.5 represents the
mean value of AP for each category with an IOU threshold
of 0.5. mAP0.5∶0.95 indicates the average AP value of the IOU
threshold between 0.5 and 0.95. How to evaluate the cost of
computing resources consumed by the detection model can be
calculated by calculating GFLOPs required by the detector to
process the image. In general, the model size of the detector is
evaluated and confirmed by the parameters to be calculated in
the training of the model, which reflects the spatial complexity
of the model.

4.3 Comparison with other models

YOLOv7 is one of the most advanced stage target detectors
available today, known for its excellent performance and versa-
tility in target detection missions. Therefore, we chose it as the
baseline to verify whether our proposed YOLO-UOD model
is really effective. We also compared our approach to baseline
models on the underwater detection dataset URPC2018 and
other excellent probes for a more diverse experimental evalu-
ation. See Table 1 for detailed comparative experimental data.

In comparison with the baseline detector YOLOv7, the new
target detector we proposed achieved an impressive result in

TABLE 1 Model performance on the URPC2018 dataset.

Detectors mAP0.5 (%) mAP0.5∶0.95 (%) Param. (M)

Faster R-CNN 69.8 35.8 33.6

SSD 64.7 32.4 24.2

Sparse R-CNN [44] 61.2 30.9 106.1

Libra R-CNN [45] 68.8 36.0 41.4

FCOS [46] 69.7 34.7 32.0

ATSS [47] 62.1 29.3 32.1

RetinaNet [48] 65.3 32.2 36.2

Dynamic R-CNN [49] 66.9 35.8 41.5

Cascade R-CNN 69.2 37.0 68.9

HTDet [8] 76.3 38.5 7.7

YOLOv3 70.6 33.8 61.5

YOLOv4 76.9 39.2 52.5

YOLOv5-l 79.5 45.5 46.5

YOLOX 81.2 46.7 54.2

YOLOv7 81.5 46.1 36.9

YOLOv8-l 80.1 47.0 43.6

Deformable DETR [50] 69.9 33.8 40

DINO [51] 48.5 23.9 47

RT-DETR [52] 80.5 47.7 32

PPYOLOE+l [53] 82.9 48.6 52.2

YOLO-UOD(ours) 83.1 48.5 37.3

the experiment, reducing the computational cost by 5% after
reducing 100.2G while only increasing the parameter count by
0.05%. Furthermore, precision increased by 1.6% and recall rate
increased by 0.2%. In terms of the evaluation criteria mAP0.5
and mAP0.5∶0.95, our model showed an improvement of 1.6%
and 2.4%, respectively, indicating that it enhances detection
performance in underwater environments with occlusion and
dense small objects, while also reducing computational costs.
In addition, we evaluate several advanced two-stage detectors,
including the faster and classical detection model faster R-CNN,
and further algorithm improvement cascade R-CNN [54] and
sparse R-CNN [44] detection network. The experimental results
revealed that these second-stage detectors performed poorly in
underwater scene applications compared to our model, which
not only has fewer parameters and lower computational costs
than these detectors but also exhibits superior performance.

Compared to other one-stage detectors, our model exhib-
ited a significant 10% improvement over both YOLOv3 and
YOLOv4. Moreover, we achieved a 3% improvement over the
widely used YOLOv5-l model and a 2% improvement over
the high-performing YOLOX model. The performance of the
detector proposed in this experiment is better than that of
the above detection model in terms of detection accuracy and
saving computing resource cost.

We also compared YOLO-UOD with YOLOv8-l,
PPYOLOE+l, and RT-DETR, which are top perform-
ers in real-time detection tasks and demonstrate strong
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CHEN ET AL. 2499

FIGURE 9 The figure includes the detection results of YOLOv7 baseline model and YOLO-UOD on the underwater dataset URPC2018. The differences
between YOLOv7 and YOLO-UOD identification results are highlighted in red. The identification boxes in different colours correspond to the four categories in
the URPC2018 dataset.

performance in underwater object detection. In this underwater
detection task, our model outperforms YOLOv8-l significantly.
The leading real-time single-stage detector is RT-DETR, a
real-time fast visual transformer-based detector, which has
excellent performance on the underwater task. In comparison,
our model improves by 0.8% on mAP0.5∶0.95 and nearly 2.5%
on mAP0.5. The increase in the number of parameters is within
acceptable limits and the overall performance has improved
nicely. PPYOLOE+l exhibits surprisingly good performance
on underwater small target detection. Our model reaches the

same level of mAP as PPYOLOE+l on this task while requiring
a significantly smaller number of parameters. Additionally, we
compared YOLO-UOD with DINO and deformable DETR,
both based on visual transformers. Our model outperformed
them in detecting objects in complex underwater environments.
We speculate that the difference in performance is due to the
complexity of underwater environments and their reliance on
richer data for further improvement.

As shown in Figure 9, YOLO-UOD detected fuzzy objects
and small objects that YOLOv7 did not detect, and made
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2500 CHEN ET AL.

FIGURE 10 The figure shows the results of a comparative experiment between the more classical detector YOLOv5-l and YOLO-UOD models on the
URPC2018 dataset. The differences between the YOLOv5-l and YOLO-UOD identification results are highlighted in red. The identification boxes in different
colours correspond to the four categories in the URPC2018 dataset.

TABLE 2 Comparison of different models with CEF block.

Models Precision (%) Recall (%) mAP0.5 (%) Param. (M) FLOPs (G)

YOLOv5-l 80.5 74.9 79.5 46.5 109.1

YOLOv5-l + CEF block 81.4 72.0 80.1 46.4 150.1

YOLOv7 81.2 75.6 81.5 36.9 105.2

YOLOv7 + CEF block 80.6 76.8 82.2 38.3 111.7

accurate classification. For example, the obscured echinus and
the scallop with a similar colour to the background can both
have better detection effect, which also shows the superiority of
YOLO-UOD compared with the baseline.

Upon inspection of Figure 10, it is evident that our proposed
model is capable of detecting obscured and blurred objects in
complex underwater environments, demonstrating the practical
effectiveness of our method when compared to YOLOv5.

4.4 Ablation experiment

In Table 2, we inserted the CEF-block module into both
YOLOv7 and YOLOv5-l to verify its effectiveness. The valida-
tion method was to insert the CEF-block module into YOLOv7
and replace the C3 module with the CEF-block module in
YOLOv5-l. The experimental results show that the CEF-block
module increases a small amount of parameter volume but
brings performance improvement.

We conducted comparative experiments on YOLOv7 and
added several attention mechanism modules commonly used
and effective in machine vision at present. Table 3 shows the
experimental results of adding different attention mechanism
modules into the baseline model. We find that introducing CA
module into the baseline model can improve the identification
accuracy of target detectors and reduce the model parameters to
a certain extent. In contrast, other attention-mechanism mod-
ules we tested did not produce the same effect, suggesting that
the coordinated attention module is effective in object detec-
tion tasks. The coordination attention module helps the model
understand the image information better by coordinating the
feature interactions of different scales, so as to improve the
detection accuracy. Therefore, it is an effective attention mech-
anism to introduce coordinated attention module into target
detection task.

Here, the model method was further ablated. As shown in
Table 4, applying the CO-ELAN module in the baseline model
can increase the detection result mAP by 1.3% and can improve
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CHEN ET AL. 2501

TABLE 3 The performance of various attention modules.

Attentions Precision (%) Recall (%) mAP0.5 (%) Param. (M) FLOPs (G)

YOLOv7(baseline) 81.2 75.6 81.5 36.9 105.2

YOLOv7 + CA 82.8 75.7 81.8 34.4 99.4

YOLOv7 + CBAM [55] 81.3 73.5 81.6 38.9 108.5

YOLOv7 + SE [56] 81.5 75.8 81.4 34.5 99.2

YOLOv7 + GAM [57] 81.3 71.5 79.5 49.9 149.1

TABLE 4 The ablation studies were conducted on three methods: CO-ELAN, ONWD, and white balance & defog(W&D).

Methods CO-ELAN ONWD W&D Precision (%) Recall (%) mAP0.5 (%) mAP0.5∶0.95 (%)

1 × × × 81.2 75.6 81.5 46.1

2 ✓ × × 81.1 76.5 82.8 47.4

3 × ✓ × 79.2 76.9 82.5 47.4

4 × × ✓ 81.6 76.1 82.2 48.1

5 ✓ ✓ × 82.0 71.6 82.9 46.4

6 ✓ × ✓ 81.0 75.8 82.7 47.7

7 × ✓ ✓ 81.8 75.5 82.4 47.9

8 ✓ ✓ ✓ 82.8 75.8 83.1 48.5

the recall rate by 0.9%. These results indicate that the fea-
ture extraction network equipped with CO-ELAN is capable
of better capturing the details of underwater objects.With the
application of the ONWD loss, the accuracy slightly decreased
but the recall rate increased significantly, resulting in a 1.3%
increase in mAP. This suggests that the new loss calcula-
tion method can reduce the impact of IoU perturbation on
small objects, thereby improving performance. By enhancing
the image with white balance and defogging operations, both
precision and recall were improved, and mAP increased by
approximately 2%, indicating that the increased image clarity
and contrast allowed the detector to capture more effec-
tive information and reduce missed detections. When all of
the above-mentioned methods were applied to the detector,
both precision and recall were improved, and mAP increased
by approximately 2.4%, reflecting the effectiveness of the
methods.

The recognition accuracy of underwater objects and the dis-
tribution of concerns in images by the YOLO-UOD network
model are displayed in Figure 11. Experimental results demon-
strate the model’s excellent accuracy in recognizing underwater
objects and its effective attention to small objects in the
thermal map.

In the complex underwater scenario, the proposed detection
method can be trained normally and effectively in the dataset
used in this experiment, so that the training loss values can be
gradually decreased. Figure 12 shows the loss results of bbox,
the loss results of object detection and classification results
loss during the training process, where different colour curves
represent different loss functions.

4.5 Classification result analysis

We conduct a detailed analysis of the classifier performance on
the URPC2018 underwater target detection dataset and provide
a comprehensive confounding matrix, Figure 13 shows the clas-
sification results generated by our proposed model. From this
graph, you can clearly see that the horizontal axis represents the
actual labels of the URPC dataset, while the vertical axis repre-
sents the model’s predicted values for each category. It is worth
noting that the data in the figure uses a normalized value of 0
to 1 to show the results more clearly. The confusion matrix data
provides a comprehensive analysis, and we can have a deeper
understanding of the classification performance of the model
and the accuracy of the classification results. Detailed detection
data can be obtained from the graphs shown below. The classi-
fiers have predicted echinus, holothurians, and starfish with an
accuracy of over 80%, with the highest accuracy of 91% for sea
urchins. However, the classifier still faces significant challenges
in accurately classifying small-sized objects. The classification
accuracy for scallops is relatively low due to their small size, and
both scallops and holothurians are frequently misclassified as
background because of their colour similarity with the under-
water environment. As a result, the classification accuracy for
these two categories is lower compared to other targets.

4.6 Detection result analysis

We analysed the combined precision and recall curves for the
URPC2018 dataset, whose the results are shown in Figure 14.
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2502 CHEN ET AL.

FIGURE 11 Figure includes (a) the detection result of YOLO-UOD, and (b) thermal maps generated by Grad-CAM for YOLO-UOD. In the thermal map, the
darker colour indicates higher attention paid by the surface network model to the object.

FIGURE 12 The loss function of YOLO-UOD detector training set.

AP represents the enclosed area between the precision curve
and the recall curve for each category and the horizontal and
vertical axes, while mAP calculates the average of all categories
with respect to the curve area. According to the experimen-
tal results, our detector performed very well in detecting spiny
snakes, probably because of the abundance of spiny snake tags
and their unique characteristics in the dataset. In contrast, scal-
lops, with fewer labels and smaller target pixels, blended in
with the underwater background, exhibit the poorest detection
performance among the four categories.

5 CONCLUSION

We are thrilled to introduce our latest neural network archi-
tecture, YOLO-UOD, which effectively addresses the unique
challenges of processing underwater images. By utilizing gra-
dient branch superposition in combination with CO-ELAN
modules, we are able to significantly enhance branch fea-
ture extraction. We further employ ODConv and coordinated
attention modules to reduce parameter numbers, while our
ONWD loss calculation strategy effectively improves small
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CHEN ET AL. 2503

FIGURE 13 The presented confusion matrix is related to the classification results and the values within the confusion matrix vary from 0 to 1. The shades of
colour in the graph reflect the magnitude of the values. Since the detector did not set the background class in the validation experiments on the URPC dataset, its
value in the matrix was not set.

FIGURE 14 In the upper panel, plot precision and recall curves for each
of the four different categories when the IOU threshold is 0.5. The different
colour curves represent the levels of detection for different categories in the
dataset, but the blue curve reflects the average detection results for all
categories. The closed area of horizontal axis and vertical axis curve reflects the
detection performance of the detector. Among these four categories, echinus
has the best detection performance, possibly due to its rich labelling and
distinctive features in the dataset. On the other hand, scallop has fewer labels,
smaller target pixels, and a similar underwater background, resulting in the
poorest detection performance.

target sample labelling. Additionally, we leverage colour bal-
ance and defogging algorithms to improve image sharpness and
provide more effective information. Our experiments on the

URPC2018 dataset demonstrate that our approach outperforms
current detectors.

As we conducted our research, we discovered that the qual-
ity of underwater camera images has a significant impact on
prediction performance. In light of this, we are committed to
improving the quality of input images to maximize the effec-
tiveness of our algorithm. Looking ahead, we aim to design
faster and more accurate underwater identification algorithms,
and to apply the feature extraction capabilities of our detector to
create smaller, more efficient detectors that will greatly benefit
underwater deployments.
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