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²7hLV papeU pUeVentV an enhanFeG <2/2Y�
PoGel taLloUeG IoU XnGeUwateU oEMeFt GeteFtLon� VpeFLILFall\
aGGUeVVLnJ the FhallenJe oI pooU GeteFtLon peUIoUPanFe Ln
ElXUU\ XnGeUwateU LPaJe VFeneV� 2XU appUoaFh LntUoGXFeV
thUee Ne\ LnnoYatLonV� ��� a PXltL-VFale aGaptLYe IXVLon PoGXle
EaVeG on FUoVV-VpatLal leaUnLnJ� GeVLJneG to UeILne anG enhanFe
IeatXUe UepUeVentatLonV E\ eIIeFtLYel\ ILlteULnJ oXt leVV XVeIXl
IeatXUeV� ��� a JateG low-leYel GeteFtLon PoGXle that LPpUoYeV
IeatXUe e[tUaFtLon IoU VPall oEMeFtV whLle FontUollLnJ
FoPpXtatLonal eIILFLenF\� anG �3� a noYel G\naPLF non-
PonotonLF loVV IXnFtLon� teUPeG :LVe-,oU� whLFh leYeUaJeV a
IoFXVLnJ PeFhanLVP to EooVt the PoGel
V aELlLt\ to hanGle
FoPple[ XnGeUwateU VFenaULoV� ([tenVLYe e[peULPentV
GePonVtUate that oXU LPpUoYeG PoGel aFhLeYeV VXpeULoU
peUIoUPanFe on XnGeUwateU oEMeFt GeteFtLon GataVetV�
AGGLtLonall\� we LntUoGXFe a VpeFLalL]eG GataVet IoFXVeG on
XnGeUwateU JaUEaJe oEMeFt GeteFtLon� aLPeG at aGYanFLnJ
UeVeaUFh Lnto the peUVLVtent anG non-GeFoPpoVaEle FhallenJeV
poVeG E\ LnGXVtULal anG hoXVeholG waVte Ln aTXatLF
enYLUonPentV�

I. INTROD8CTION

The effective development and utili]ation of marine
resources are crucial for improving people
s livelihoods and
promoting socio-economic development >1@. Traditionally,
the collection of underZater resources relied heavily on
manual operations, Zhich pose significant risks to human
safety due to the complex, dynamic nature of underZater
environments characteri]ed Ey increasing pressure, limited
light, and loZ temperatures. These challenges underscore the
need for alternative methods to explore and harness marine
resources safely.

In recent years, underZater roEots have emerged as a
promising solution, offering neZ avenues for marine
exploration. With the groZing demand for seafood such as
sea urchins, sea cucumEers, starfish, and scallops, there is an
urgent need to advance underZater Eiological fishing
technology. By deploying underZater roEots instead of
manual operations, Ze can enhance safety, improve

efficiency, and increase economic Eenefits in fishing
activities >2@.

HoZever, underZater environments present uniTue
challenges for oEMect detection. Due to the presence of
suspended particles in Zater and the susceptiEility of light to
aEsorption and scattering, underZater images often suffer
from degraded Tuality. Developing an advanced oEMect
detection system optimi]ed for underZater environments is
essential for accurate identification of marine life, ensuring
the efficient operation of underZater roEots and enhancing
safety in fishing operations.

8nderZater oEMect detection faces uniTue challenges
compared to traditional tasks, including variaEle lighting
conditions, turEidity, and complex Eackgrounds >3@.
$ddressing these challenges reTuires the development of
roEust underZater detection methods capaEle of overcoming
such adversities.

This paper addresses the challenges of underZater oEMect
detection Ey proposing an enhanced <OLOv8 model
designed to operate effectively in marine environments. Our
enhanced model incorporates a multi-scale adaptive fusion
module leveraging cross-space learning and Zeighted
averaging techniTues to effectively capture and utili]e
discriminative features. $dditionally, a gated mechanism is
employed in the loZ-level detection module to enhance
feature extraction capaEilities for small oEMects Zithout
compromising computational efficiency. Furthermore, Ze
introduce the Wise-Io8 loss function, a dynamic non-
monotonic focusing mechanism that enhances the model
s
aEility to handle complex underZater scenarios.

By integrating these advanced modules, the proposed
<OLOv8-Eased frameZork demonstrates significantly
improved performance in underZater oEMect detection,
thereEy facilitating safer and more efficient marine resource
exploration. The main contriEutions of this paper are
summari]ed as folloZs�

(1) We propose a multi-scale adaptive fusion module
Eased on cross-spatial learning and Zeighted averaging,
Zhich effectively enhances feature representation Ey
suppressing Eackground interference and preserving salient
oEMect features in underZater environments.

This Zork Zas supported in part Ey FuMian Provincial Department of
Science and Technology $nnounces MaMor Special ProMects
(2023H=02�003).
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(2) We design a gated loZ-level detection module to
improve the detection of small underZater oEMects Zhile
maintaining a Ealance EetZeen detection accuracy and
computational efficiency.

(3) We introduce a novel loss function, Wise-Io8, Zhich
employs a dynamic non-monotonic focusing mechanism to
optimi]e Eounding Eox regression, thereEy improving model
roEustness and detection accuracy in complex underZater
scenarios.

II. REL$TED WOR.S

n a D on
OEMect detection in underZater environments presents

uniTue challenges compared to terrestrial settings, including
environmental complexity, limited data availaEility, and
diverse target characteristics. These factors render
underZater oEMect detection a particularly demanding
research endeavor. With advancements in ocean exploration
technologies, the study of underZater target detection has
garnered increasing attention from researchers.

Recent years have Zitnessed significant progress in
oEMect detection Eased on underZater imagery. -alal al.
demonstrated the effectiveness of the <OLO model for
detecting and classifying fish species Ey leveraging shape
and texture features, complemented Ey *aussian mixture
models and optical floZ algorithms to incorporate temporal
information for identifying free-sZimming fish in loZ-
visiEility conditions >4@. $ddressing the challenges of
complex environmental variations and limited training data,
=eng al. proposed integrating adversarial occlusion
netZorks into the Faster R-CNN frameZork >�@, thereEy
enhancing the detection netZork
s roEustness Ey mitigating
overfitting to fixed features >6@.

Cai al. advanced underZater oEMect detection Ey
employing an SSD frameZork that comEines multi-scale
features and incorporates attention mechanisms, significantly
improving the detectaEility of small oEMects Zithin the 8RPC
dataset >7@. 4iang al. introduced deep separation
deformaEle convolution to address the dual challenges of loZ
accuracy and poor real-time performance in complex
underZater environments >8@. Li al. developed a real-time
detection algorithm for underZater fish targets in
uncontrolled environments, Euilding upon an improved
<OLO architecture and transfer learning techniTues. Their

approach employs adaptive histogram eTuali]ation for data
preprocessing and demonstrates superior performance for
small and overlapping oEMects in aTuatic settings >9@.

;in al. proposed a lightZeight underZater oEMect
detection method, <OLOv7-SDBB, designed to tackle the
prevalent issues of complex Eackgrounds and target overlap
in underZater environments >10@. These advancements
collectively underscore the groZing sophistication and
diversity of approaches in addressing the uniTue challenges
of underZater oEMect detection.

III. PROPOSED METHODS

a l n o l
The <OLOv8 model is selected as our Easeline

frameZork due to its enhanced efficiency and speed
compared to its predecessor, the <OLOv� model. Building
upon <OLOv�, <OLOv8 introduces several architectural
improvements that make it particularly suitaEle for our
application. In the BackEone section, <OLOv8 integrates the
CBS module, C2f module, and SPPF module, draZing
inspiration from the EL$N design philosophy of <OLOv7.
NotaEly, the C3 module from <OLOv� has Eeen replaced
Zith a more lightZeight and gradient-rich C2f module. This
modification not only enhances computational efficiency Eut
also alloZs for dynamic channel adMustment across different
model scales, enaEling Eetter adaptaEility to oEMect detection
tasks of varying complexity. While Eoth <OLOv8 and
<OLOv� utili]e the P$N-FPN structure, <OLOv8 further
refines this Ey removing the convolutional layers in the
upsampling section and incorporating the C2f module. In the
Head section, <OLOv8 adopts a decoupled head structure,
separating the classification and detection heads to improve
model flexiEility and scalaEility. $dditionally, <OLOv8
transitions from an $nchor-Based approach to an $nchor-
Free method, eliminating the dependency on anchor Eoxes
for improved simplicity and performance.

To further enhance detection accuracy and model
staEility, <OLOv8 introduces tZo key innovations� the
Task$ligned $ssistant positive sample allocation strategy
and DistriEution Focal Loss as oEMective functions. These
additions enaEle dynamic adMustment of positive and
negative sample Zeights during training, addressing class
imEalance issues and improving overall detection
performance.

Fig. 1. The structure of improved <OLOv8 model.
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Considering these advancements, this Zork develops an
underZater oEMect detection model Eased on the <OLOv8
frameZork, leveraging its improved efficiency, scalaEility,
and roEustness for enhanced performance in complex aTuatic
environments.

mp ov v o l
We present an improved <OLOv8 model for underZater

oEMect detection, Zhich introduces efficient multi-scale
adaptive fusion (EM$F) module, gated loZ-level detection
(*LD) module and Wise-Io8 loss. The structure of our
model is shoZn in Fig. 1, and the detailed improvement is
shoZn in the folloZing content.

n l al ap v on o l
We propose an Efficient Multi-scale $daptive Fusion

(EM$F) module, Zhose architecture is detailed in Fig. 2.
This module processes feature maps Ey partitioning them
into multiple suE-feature groups and effectively capturing
spatial information across different scales through a parallel
suE-netZork structure. Within each suE-feature group, the
EM$F module dynamically recaliErates channel Zeights and
estaElishes pixel-level pairZise relationships via gloEal
information encoding and cross-dimensional interactions.
This design significantly enhances the model
s feature
representation capaEilities Zhile maintaining computational
efficiency²introducing only a minimal increase in
parameters and computational overhead.

To further optimi]e computational efficiency, the EM$F
module employs a novel strategy� remapping a suEset of
channels to the Eatch dimension Zhile dividing the channel
dimension into multiple suE-feature groups. This approach
ensures preservation of channel-specific information Zhile
simultaneously reducing computational complexity.
ConseTuently, our model achieves superior performance
Zithout incurring excessive computational costs or memory
Eurden.

Fig. 2. The structure of efficient multi-scale adaptive fusion module.

Moreover, Zithin each parallel Eranch, the EM$F
module dynamically adMusts channel Zeights through gloEal
information encoding and leverages cross-dimensional
interactions to capture pixel-level correlations. These
advancements enaEle the EM$F module to significantly

enhance oEMect detection accuracy on challenging underZater
datasets. Our experimental results demonstrate that the
proposed method achieves state-of-the-art performance in
suEmerged environments Zhile maintaining efficient
computational reTuirements.

D a o v l D on o l
$s shoZn in Fig. 3, approximately 10� of the oEMects in

the 8RPC dataset are small targets. To address this challenge,
Ze propose a gated loZ-level detection module that
effectively Ealances accuracy and efficiency.

The proposed module introduces additional foreground
(oEMect) and Eackground information to improve detection
performance for small oEMects. Specifically, Ze incorporate a
loZ-level feature map to complement the higher-level feature
maps through fusion. This alloZs the model to Eetter capture
fine details critical for detecting small targets.

Fig. 3. distriEution of oEMect si]e in 8RPC dataset.

To mitigate the computational overhead introduced Ey
incorporating extra feature maps, Ze draZ inspiration from
the Mixture of Experts (MoE) method and design a gated
mechanism. The module takes P1, P2, P3, and P4 feature
maps as inputs and generates control signals through max
pooling and fully connected layers. These signals enaEle the
model to dynamically decide Zhether to activate the small
oEMect detection pathZay, thereEy optimi]ing average
inference speed Zhile maintaining detection accuracy.

o o
Intersection over 8nion (Io8) is a critical metric for

evaluating the similarity EetZeen predicted and ground-truth
values. It represents the ratio of the overlapping area EetZeen
the predicted Eounding Eox and the ground-truth Eounding
Eox to their total area. $ higher Io8 value indicates that the
predicted structure is closer to the ground truth, reflecting
Eetter model performance.

The loss function measures the difference EetZeen
predicted and ground-truth values. In the <OLOv8 model,
VFL (Varifocal Loss) is used as the classification loss, Zhile
DFL (DistriEution Focal Loss) comEined Zith Io8 loss is
employed for regression tasks >11@. The definition of CIo8
Loss is provided in ET. (1)�ܷ݋ܫܥܮ ൌ 1 െ ܷ݋ܫ ൅ ݀2ܿ2 ൅ ݒߙ

In the formula, ݀ represents the distance EetZeen the
center points of the predicted Eox and the ground-truth Eox, ܿ
is the diagonal distance of the smallest Eounding rectangle. ߙ
is the smoothing coefficient, and ݒ represents the relative
value of the aspect ratio of the Eox.
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CIo8 Loss incorporates shape information and diagonal
distance into its design and introduces a correction factor to
enhance model detection accuracy and roEustness,
particularly in complex scenes. HoZever, CIo8 Loss has
some limitations� it reTuires additional information, is
sensitive to parameter settings, and demands careful tuning
of hyperparameters. Furthermore, parameter uncertainty can
interfere Zith prediction results. In underZater image
datasets, target features are often less distinct, Zith high
Eackground similarity and dense oEMect stacking, leading to
loZer annotation Tuality and degraded model detection
performance.

To address these issues, Wise-Io8 Loss Zas proposed
>12@. It introduces a dynamic non-monotonic focusing
mechanism that allocates gradient gains Eased on the �outlier
degree� of anchor Eoxes. This mechanism reduces the
model
s reliance on high-Tuality anchor Eoxes Zhile
minimi]ing harmful gradients from loZ-Tuality examples,
effectively improving classification accuracy. Wise-Io8 Loss
is divided into three versions� WIo8v1, WIo8v2, and
WIo8v3, Zith their respective calculation methods shoZn in
ETs. (2), (3), and (4).

WIo8v1 calculates the scaling Zeight Eased on distance
measurement to control Io8 loss. WIo8v2 introduces the
thought of focal loss >13@ to make model more focus on
difficult instances. WIo8v3 constructs the gradient gain
controlling method through non-monotonic focusing
coefficient ߚ to control the gradient gain from Eox regression.1ݒܷ݋ܫܹܮ ൌ exp ሺ ݔെුݔ 2൅ ݕെුݕ 2ܹ2݃൅2݃ܪ ሻሺ1 െ ሻܷ݋ܫ

2ݒܷ݋ܫܹܮ ൌ ሺ1 െ 3ݒܷ݋ܫܹܮ1ݒܷ݋ܫܹܮߛሻܷ݋ܫ ൌ ߜെߚߙߜߚ ,1ݒܷ݋ܫܹܮ ߚ ൌ ሺ1െܷ݋ܫሻ1ߛെܷ݋ܫ
In the Exp. (2), ݔු and ݕු represent the coordinates of the

ground-truth oEMect. ݔ and ݕ represent the coordinates of the
predicted oEMects. In the Exp. (3), ߛ ∈ ሺ0, ൅ ∞ሻ is a super
parameter to control curve curvature. In the Exp. (4), ߙ and ߚ
are super parameters to control the gradient gain.

Through systematic experiments, WIo8v3 demonstrated
superior performance in underZater oEMect detection tasks,
achieving higher precision and recall compared to its
predecessors. The dynamic non-monotonic focusing
mechanism effectively addresses the challenges of
amEiguous annotations and complex scenes in underZater
environments.

IV. E;PERIMENTS

xp m n al on g a on val a on
The experiments Zere conducted using an NVIDI$ RT;

3090 Zith PyTorch 1.10 and C8D$ 11.3 as the experimental
environment. During the training process, the numEer of
Zorkers Zas set to 32, Zith a Eatch si]e of 32. The $damW
optimi]er Zas employed, Zith an initial learning rate of
0.0012�, a momentum factor of 0.91, and 120 epochs. $ll
other parameters Zere set to their default values.

To evaluate our model
s performance, Ze utili]ed several
metrics� precision (P), recall (R), average precision ($P), and
mean average precision (m$P). These metrics provide a

comprehensive assessment of the model
s accuracy and
effectiveness in oEMect detection tasks.

Da a
U53&���� DataVet� This open-source dataset Zas used

in the 8nderZater OEMect Detection Competition - Optical
Competition, comprising four main categories� sea cucumEer,
sea urchin, starfish, and scallop. It contains a total of �,�43
images. During our experiments, Ze randomly divided the
dataset into training, validation, and test sets in an 8�1�1 ratio.
$dditionally, a small numEer of seaZeed laEels Zere
removed to focus solely on the primary categories of interest.

2XU DataVet� To further validate the model
s
generali]ation capaEility and adapt it to real-Zorld scenarios
involving underZater roEots, Ze captured images using an
R*B camera mounted on an underZater roEot. This dataset
includes 813 images across eight categories� plastic Eottles,
plastic Eags, cardEoard Eoxes, paper cups, cans, Zood, glass
Eottles, and Styrofoam pieces. These categories represent the
most common types of underZater garEage. During our
experiments, the training and validation sets Zere randomly
divided in an 8�2 ratio to ensure a roEust evaluation.

la on xp m n
To demonstrate the effectiveness of each module, the

aElation experiment results are shoZn in TaE. I. The results
shoZed that the addition of each module improved the
performance of the model. $mong them, the addition of
WIo8 alone Zas more effective in improving m$P,
increasing it Ey 0.00�. On this Easis, the addition of detect
improved the accuracy Ey 0.24, shoZing a significant
improvement. $fter adding EM$ module, although the
accuracy decreased slightly, it still improved Ey 0.11
compared to the original model, Zhile other indicators
improved, indicating the effectiveness of the experiment.

T$BLE I. THE RES8LTS OF $BL$TION E;PERIMENT

(MA) */D :,oU 3
���

5
���

A3��
���

PA3
���

- - - 82.0 7�.4 83.6 49.9

- - 83.8 7�.1 83.6 48.7

- - 82.7 7�.2 83.4 49.1

- - 83.1 76.2 83.8 49.8

- 83.3 76.1 83.6 49.4

- 83.� 7�.8 83.6 49.1

- ���� 7�.� 83.8 49.7

84.1 ���3 ���� ���3

(MA) MoGXle� We explore the impact of adding
EM$F module at different positions as shoZn in Fig. 4, and
TaE. II investigates the results at several positions. The
structure indicates that adding EM$F module at position ③
has the Eest performance. The analysis is that the locations①and② are still in Ease feature extraction process, and the
feature is unstaEle. $dding EM$F module Zould disturE this
process.
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Fig. 4. The location of the EM$F module.

T$BLE II. THE RES8LTS OF EM$F MOD8LE

/oFatLon 3
���

5
���

A3��
���

PA3
���① 80.9 76.3 82.6 48.8② 80.4 76.8 83.1 49.�③ �3�� 76.3 �3�� ����①�② 80.4 74.8 83.3 49.2①�②�③ 83.2 ���� 83.0 48.6

:LVe-,oU /oVV� Wise Io8 loss is greatly affected Ey
hyperparameters, and the parameter ߛ can effectively reduce
the loss value of negative samples (simple samples). The
higher the proEaEility of simple samples, the stronger the
effect. Choosing the appropriate gamma has a significant
impact on improving model performance. To reflect the
influence of different gamma values, a comparative
experiment Zas conducted EeloZ, and the experimental
results are shoZn in TaE. III. The results indicate that Zhen ߛ
is set as 1.7, Wise Io8v3 has the Eest effect, so it is used as
an improvement method.

T$BLE III. THE RES8LTS OF WISE-IO8 LOSS

MethoGV 3
���

5
���

A3��
���

PA3
���

Wise-Io8v1 81.0 77.3 83.0 49.6

Wise-Io8v2(0 ߛ.�) 83.1 74.4 83.6 49.4

Wise-Io8v2(1 ߛ.�) 81.6 ���� 83.8 ����

Wise-Io8v3(0 ߛ.�) 81.� 7�.9 83.4 ����

Wise-Io8v3(1 ߛ.�) 82.1 77.1 84.0 ����

Wise-Io8v3(1.7 ߛ) ���� ���� ���� ����

Wise-Io8v3(1.9 ߛ) 81.7 76.8 83.8 ����

D ompa on xp m n
U53&���� DataVet� In order to further validate the

performance of the improved model, a comparative
experiment Zas conducted on the classic models in the
<OLO series. The average accuracy value $P of four types
in the 8RPC2020 dataset Zas selected as the comparison

index, and the results are shoZn in TaE. IV. Overall, all
indicators of our model have increased, Zith sea urchins and
starfish shoZing a more significant improvement in $P
values, increasing Ey 0.09 and 0.1 respectively compared to
<OLOv8, m$P�0 increasing Ey 0.04, and <OLOv�
increasing Ey 0.4�, Zhile the parameter count only increased
Ey 0.71M. It can Ee seen that the method used in this article
is still Tuite effective.

T$BLE IV. THE RES8LTS OF 8RPC2020 D$T$SET

MoGelV
A3��� PA3

���+olothXULan (FhLnXV SFallop VtaUILVh

<OLOv� 63.6 90.7 78.3 8�.6 79.�

<OLOv6 68.4 91.0 80.4 86.1 81.7

<OLOv7 73.3 92.2 82.1 87.0 83.6

<OLOv9 73.2 91.4 ���3 87.4 83.6

<OLOv10 73.0 91.1 82.2 87.2 83.3

<OLOv11 73.� 91.� 82.1 87.4 83.4

2XU ���� ���3 ���3 ���� ����

2XU DataVet� To verify the generali]ation aEility of the
model, different models Zere compared on the underZater
garEage dataset, as shoZn in TaE. V. The results indicate that
the improved model still has certain advantages compared to
the classical model on different datasets, Zith an average
accuracy of 0.893, ranking second among the compared
models and an improvement of 0.1� compared to the original
model. $lthough it is loZer than the highest <OLOv7, it still
has an advantage in parameter Tuantity, indicating that the
improved model has a certain degree of generali]ation aEility.

T$BLE V. THE RES8LTS OF O8R D$T$SET

MoGelV 3��� 5��� A3����� PA3���

<OLOv� 90.9 76.0 83.8 78.�

<OLOv6 89.9 84.4 87.3 82.1

<OLOv7 83.7 84.8 89.3 84.2

<OLOv9 8�.4 80.2 87.8 82.6

<OLOv10 87.2 78.9 8�.6 80.1

<OLOv11 91.� 83.7 88.4 83.9

2XU �3�� ���� ���� ����

al a on
The folloZing results compare the detection performance

of our model and <OLOv8 on the 8RPC2020 dataset, and
compare them Zith real values. The first column shoZs the
original annotated images, the second column shoZs the
detection results of <OLOv8, and the third column shoZs
the detection results of our model. The results are shoZn in
Fig. �. The results shoZed that our model can detect targets
Zell in different underZater environments. $t the same time,
it can Ee found that due to the high similarity EetZeen
underZater organisms such as sea cucumEers and scallops
and the Eackground environment, it is easy to cause false
detection proElems. Moreover, the model Eefore
improvement had the proElem of detecting the same target
multiple times. $fter the model improvement, the
phenomenon of the aEove proElems has Eeen reduced to a
certain extent, and the confidence has Eeen significantly
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improved. This further proves that the improved model has
Eetter detection performance.

Fig. �. The visuali]ation comparison.

V. CONCL8SIONS $ND F8T8RE WOR.

This paper presents an enhanced underZater oEMect
detection model Eased on <OLOv8, incorporating the
efficient multi-scale adaptive fusion module, the gated loZ-
level detection module, and the Wise-Io8 loss function.
Experimental results demonstrate that our approach achieves
notaEle improvements over the Easeline in detecting
underZater targets. Despite these gains, several challenges
remain. Future Zork Zill focus on further model
lightZeighting to support deployment on resource-
constrained devices, enhancing detection performance for
visually amEiguous categories such as sea cucumEers
through targeted data augmentation, and optimi]ing the
detection head to address issues arising from densely stacked
underZater oEMects.
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