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Water-surface and underwater garbage detection remains challenging because aquatic images often contain 
low contrast, light attenuation, reflection, wave interference, blurred boundaries, and large scale variation. 
These factors cause missed detections of small debris and inaccurate localization of irregular objects. Although 
YOLO-based methods have improved aquatic detection, many focus on a single direction, such as lightweight 
design, attention enhancement, or loss optimization, and still struggle with boundary ambiguity, multi-scale 
conflict, and cross-domain shift. To address these issues, this study develops YOLOv13-LSA by integrating ex-
isting SlideLoss, LSKA, and ASFF components into YOLOv13. SlideLoss is adopted to strengthen boundary 
regression for irregular and elongated targets, LSKA is embedded to enhance weak and low-contrast features, 
and ASFF is incorporated for adaptive multi-scale fusion. A source-to-target aquatic transfer learning frame-
work is further designed by pretraining on underwater garbage data and fine-tuning on water-surface garbage 
data. Experiments show that YOLOv13-LSA improves detection accuracy, small-target recall, and robustness 
in complex aquatic scenes. Transfer learning further increases mAP@50 to 83.46% and reduces training time 
by 7.57%, supporting intelligent aquatic garbage monitoring.
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1.Introduction
Automated detection of water-surface and under-
water debris improves inspection efficiency, reduces 
monitoring costs, and supports ecosystem protec-
tion. Floating and submerged waste threatens bio-
diversity and maritime safety, making reliable lo-
calization important for pollution control [4]. Deep 
learning has shifted debris monitoring from manual 
inspection to AI-assisted detection [12]. However, 
refraction, scattering, sediments, dynamic back-
grounds, low contrast, and blurred boundaries still 
reduce accuracy, speed, and cross-scene adaptabil-
ity [12, 15, 24].
Aquatic waste detectors are commonly divided into 
two-stage and one-stage methods. Two-stage detec-
tors [7,8,27] improve accuracy but are often too cost-
ly for real-time use. Li et al. [18] proposed PC-Net 
based on Faster R-CNN [27] to improve small-target 
representation under reflection and waves. Song et 
al. [29] proposed Boosting R-CNN for low-contrast, 
occluded, and camouflaged underwater targets. 
However, efficiency, boundary regression, and small 
low-contrast targets remain difficult.
One-stage YOLO detectors are more suitable for 
real-time aquatic garbage detection because they 
perform end-to-end localization and classification. 
Li et al. [19] improved YOLOv3 with scale reduction 
and anchor re-clustering, but small-target misses 
remained. Wu et al. [33] enhanced YOLOv5s with a 
mobile backbone [23] and attention module [10]. Ji-
ang et al. [13] introduced PConv-ELAN [1] and adap-
tive fusion into YOLOv7 [31]. Zhang et al. [32] added 
lightweight attention [3] and multi-scale recombi-
nation to YOLOv8. Ye et al. [34] proposed YOLOv12-
LSE for multi-scale features and light interference, 
but complexity affected edge use. Feng et al. [5] 
proposed Hyper-YOLO with hypergraph computa-
tion for general object detection, while YOLOv13 
was introduced as a real-time detector with hyper-
graph-enhanced adaptive visual perception [17].
Transfer learning helps address class imbalance, 
limited samples, poor image quality, and domain 
shift [6, 24, 28]. Zhao et al. [38] proposed UWS-YO-
LO for underwater sonar-object detection. Lin et al. 
[20] developed DLFE-YOLO with deformable con-
volution, attention, and improved regression loss. 
Guo et al. [9] improved YOLOv5s using Efficient-

NetV2 [30], feature fusion, attention, and SIoU loss. 
Related attention and loss designs, including coor-
dinate attention [11], NAM attention [22], and Fo-
cal-EIoU loss [37], also provide useful references for 
improving weak-feature representation and bound-
ary regression. Yet rare samples, weak signals, and 
cross-scene stability remain challenging.
Despite this progress, YOLO-based transfer learn-
ing remains limited in water-surface and underwa-
ter scenes. Many methods rely on natural images 
or a single water-domain dataset, while reflection, 
waves, attenuation, scattering noise, and color shift 
alter target appearance and background statistics 
[2]. Distribution differences caused by turbidity, sea 
area, or imaging devices are also insufficiently ana-
lyzed [14]. Moreover, pretrained weights are often 
used without considering source-target domain dif-
ferences, which may cause feature bias under scarce 
target samples [26]. Therefore, efficient, practical, 
and scenario-adaptive detectors are still needed.
Although YOLO-based methods perform well in 
aquatic object detection, several issues remain: 
boundary ambiguity and localization drift are in-
sufficiently handled, fixed multi-scale fusion may 
cause feature conflict, and common transfer learn-
ing strategies weakly model the domain gap between 
underwater and water-surface images. Therefore, 
a task-oriented framework is needed to improve 
boundary localization, weak-feature representation, 
adaptive fusion, and cross-domain generalization.
This paper develops YOLOv13-LSA as an engi-
neered integration of existing SlideLoss, LSKA, and 
ASFF components with YOLOv13 for water-surface 
and underwater garbage detection. These modules 
are integrated into a degradation-driven pipeline for 
feature enhancement, scale fusion, and boundary 
optimization. A multi-stage transfer learning frame-
work is further introduced to improve cross-domain 
adaptation. The main contributions are:
1	 A task-oriented YOLOv13-LSA detection frame-

work is developed by integrating existing Slide-
Loss and LSKA components into YOLOv13. This 
engineered design improves boundary-aware 
regression and weak-feature representation for 
elongated, deformable, low-contrast, and partially 
occluded aquatic garbage targets.
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2	 ASFF is incorporated into the YOLOv13 detection 
head to perform spatially adaptive multi-scale fea-
ture fusion. This integration helps reduce scale 
conflicts and improves small-target recall and lo-
calization stability in complex aquatic scenes.

3	 A source-to-target aquatic transfer learning frame-
work is designed for the integrated YOLOv13-LSA 
model. The model first learns general aquatic rep-
resentations from a larger underwater garbage 
dataset and is then fine-tuned on the target wa-
ter-surface dataset, improving convergence, ro-
bustness, and cross-domain adaptability.

2. YOLOv13-LSA Algorithm
Although YOLOv13 performs well in general de-
tection, its accuracy may decline in water-surface 
and underwater garbage detection due to irregu-
lar shapes, scale variation, blurred boundaries, and 
noisy aquatic backgrounds.
SlideLoss improves bounding-box regression for 
elongated or irregular targets by reweighting diffi-
cult samples with large localization errors, enhancing 
edge and contour perception. The ASFF-enhanced 
head adaptively fuses multi-scale features at each 
spatial location, improving cross-scale detection and 
localization stability without excessive complexity.

Figure 1
Architecture of YOLOv13-LSA. The backbone, neck, and 
ASFF-based detection head are explicitly annotated, 
and the FullPAD tunnel, HyperACE feature aggregation 
module, LSKA module, B3/B4/B5 feature paths, and multi-
scale detection branches are shown in detail.

These improvements enable YOLOv13-LSA to 
achieve better accuracy, small-target recognition, 
and robustness while maintaining efficient inference 
in complex aquatic environments. The YOLOv13-
LSA architecture is shown in Figure 1.

2.1. Traditional YOLOv13 Algorithm
The YOLO series balances speed and accura-
cy through its one-stage detection framework. 
YOLOv13 further improves feature extraction and 
multi-scale representation through hypergraph-en-
hanced adaptive visual perception while following 
the Backbone-Neck-Head paradigm for feature ex-
traction, fusion, and detection [17].
However, YOLOv13 still faces challenges in wa-
ter-surface and underwater garbage detection. Ir-
regular shapes, blurred boundaries, waves, refrac-
tion, and motion blur weaken boundary localization, 
especially for elongated objects. Turbidity, light 
attenuation, suspended particles, and reflection re-
duce target-background contrast, causing missed 
detections and confidence fluctuations. In addition, 
large scale and pose variations make it difficult to 
balance local details and global context. Therefore, 
further optimization is needed in boundary regres-
sion, weak small-target recall, cross-scale represen-
tation, and feature fusion. The baseline YOLOv13 
architecture is shown in Figure 2.

Figure 2
Architecture of YOLOv13. The baseline detector is redrawn 
as a high-resolution diagram with clearer annotations 
of the backbone, neck, detection head, FullPAD tunnel, 
HyperACE module, B3/B4/B5 feature transmission paths, 
and multi-scale detection outputs.
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2.2. SlideLoss
Bounding box regression directly affects localization 
accuracy in object detection, and this issue is more 
critical in water-surface and underwater garbage 
detection. Aquatic imaging conditions such as light 
scattering, refraction, turbidity, surface reflection, 
waves, and slight object motion often weaken edge 
gradients and blur object contours. As a result, a pre-
dicted box may obtain a relatively high IoU while its 
boundaries still slide away from the actual object, 
especially for elongated, deformable, or irregular 
targets such as plastic strips, ropes, floating films, 
and partially submerged bottles.
SlideLoss [35] is introduced to address this bound-
ary ambiguity. Conventional IoU-based losses main-
ly measure area overlap, so they may be insensitive 
when two boxes have similar IoU values but differ-
ent boundary alignments. In aquatic scenes, small 
horizontal or vertical offsets can include reflections, 
ripples, or background noise in the predicted box, re-
ducing localization reliability. Therefore, a loss func-
tion that emphasizes boundary misalignment and 
sliding offsets is needed. This work adopts SlideLoss 
to enhance the regression loss function, tackling is-
sues such as blurred target boundaries, box drift, and 
localization errors in underwater and water-surface 
garbage detection. By strengthening horizontal and 
vertical sliding offset constraints between predicted 
and ground-truth boxes, SlideLoss reduces reliance 
on IoU alone, enhancing boundary alignment and di-
rectional error optimization for more precise detec-
tion in challenging aquatic environments.
The Slide weighting function is as follows:

The Slide weighting function is as follows: 

f(x)=

⎩⎪
⎨
⎪⎧

1, x≤μ-δ
exp 1

1-μ , μ-δ<x<μ

exp 1
1-x , x≥μ

, 

represents the mean IoU threshold, and
 

, (1)

where μ represents the mean IoU threshold, and δ 
denotes the boundary bandwidth near the thresh-
old, which is used to emphasize hard-to-classify 
samples.
During training, the SlideLoss weighting function 
is multiplied by the classification/target confidence 
loss (e.g., BCE/CE) or the overall sample loss, as ex-
pressed by:

expressed by: 

LSilde= 1
N ∑ fN

i=1 (xi) Li.  (2)

This method effectively suppresses the "masking ef-
fect" of easy samples on the optimization direction, 
allowing YOLOv13 to achieve higher stability in de-
tecting small targets, low-contrast targets, and in 
scenarios with reflection interference in water sur-
face/underwater garbage detection. During the opti-
mization process, SlideLoss introduces a directional 
loss function for the localization error of each target 
box, expressed as:

each target box, expressed as: 

LSlide Direction= ∑ (α⋅‖Δxi‖+β⋅‖Δyi‖)N
i=1 , (3)

where Δxi and Δyi represent the horizontal and 
vertical offsets, while α and β are the directional 
weights.
By introducing a direction-sensitive penalty, Slide-
Loss further optimizes the translation and rotation 
errors of the bounding box, expressed as:

 
LTranslation \& Rotation= ∑ (λtrans‖Δxi‖+λrot‖Δθi‖)N

i=1 ,                                                                                    
 

(4)

where, Δθi represents the rotational deviation of the 
target box, while λtrans and λrot are the penalty coeffi-
cients for translation and rotation, respectively. 

The final loss function is expressed as:

 
LTotal=LSlide+λSlide Direction+λγLTranslation \& Rotation.  

 
(5)

Through the above method, SlideLoss enhances 
YOLOv13's regression accuracy in complex environ-
ments, improving the localization stability and pre-
cision of garbage target detection.
In YOLOv13-LSA, SlideLoss is used only during 
training and does not change the inference structure. 
It calculates IoU between predicted and ground-
truth boxes, classifies samples by localization qual-
ity, and assigns higher weights to hard samples with 
blurred boundaries or localization ambiguity. The 
weighted loss then guides more accurate boundary 
regression. Thus, SlideLoss improves localization 
stability for irregular and weak-boundary garbage 
targets without increasing inference cost.
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2.3. LSKA
Feature extraction and spatial context modeling are 
important for water-surface and underwater gar-
bage detection. Aquatic images often suff er from low 
contrast, light attenuation, scattering noise, color 
distortion, suspended particles, ripples, and spec-
ular refl ection. These factors weaken texture and 
edge responses, making small fragments, thin plastic 
fi lms, ropes, and partially occluded objects diffi  cult 
to separate from the background. Therefore, local 
convolutional responses alone may be insuffi  cient, 
because useful target cues are often distributed over 
a wider spatial region.
LSKA [16] is introduced to address feature attenu-
ation in aquatic images. By expanding the receptive 
fi eld, it helps the network capture long-range spatial 
dependencies, including contour continuity, spatial 
contrast, texture diff erences, and target-background 
relationships. Unlike standard large-kernel convo-
lutions, LSKA decomposes large-kernel modeling 
into separable one-dimensional depthwise convolu-
tions in horizontal and vertical directions, reducing 
parameters and computational cost. The generated 
spatial attention map enhances informative target 
regions and suppresses background interference 
from ripples, refl ections, turbidity, and texture noise, 
improving weak and boundary-blurred target repre-
sentation while maintaining inference effi  ciency.
Given the input feature map, with a given separa-
ble large kernel size k (and an optional dilation rate 
d), the spatial attention computation performed by 
LSKA can be expressed as: X ∈ RH×W×C

be expressed as:X∈R  
Y=LSKA(X)=X ⊙σ(A),  (6)

where ⊙ denotes element-wise multiplication, σ(⋅)is 
the Sigmoid activation, and A is the spatial attention 
map. The attention map A is composed of separable 
large kernel depthwise convolutions and point con-
volutions:

 

A=PWConv DWConv 1×k
(d) DWConv k×1

(d) (X) . (7)

For convenience of expression, the two one-dimen-
sional large kernel depthwise convolutions are de-
noted as:

 
Z=DWConv k×1

(d) (X),  A=PWConv DWConv 1×k
(d) (Z) .

    
(8)

The resulting enhanced feature map Y is then used 
as input to subsequent convolution/fusion mod-
ules, aiming to improve the model's capacity to 
capture weakly prominent, small-scale, and bound-
ary-blurred garbage targets:

garbage targets: 
Fout=Φ(Y). (9)

Through this design, LSKA establishes large-scale 
spatial dependencies with limited overhead, reduc-
ing weak-feature suppression caused by reflections, 
ripples, and turbidity in aquatic scenes. It improves 
small-target recall, localization stability, and ro-
bustness in complex underwater and water-surface 
garbage detection. The module structure is shown 
in Figure 3.
In YOLOv13-LSA, LSKA is embedded in the 
high-level feature extraction stage of the backbone. 
The input feature map is first processed by depth-
wise separable convolution to reduce redundancy, 
then large-kernel spatial attention captures long-
range context. The generated attention weights 
enhance informative regions and suppress back-
ground interference before the refined features 
enter subsequent fusion layers. This improves rep-
resentation of small, low-contrast, and partially oc-
cluded garbage targets.

Figure 3
Architecture of LSKA and its embedding position in 
the high-level backbone feature extraction stage of 
YOLOv13-LSA.
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2.4. ASFF
In water-surface and underwater garbage detection, 
target scales vary greatly and background interfer-
ence is strong. Distant debris often appears as small, 
weak-textured targets, while nearby plastic bags or 
foam blocks have large, irregular boundaries. Rip-
ples, refl ections, and turbidity introduce false tex-
tures and weaken edge gradients, causing semantic 
and detail diff erences across feature layers. Although 
YOLOv13 supports multi-scale fusion, fi xed fusion 
methods such as concat or add may cause cross-scale 
confl icts and noise interference, leading to missed 
small targets, false positives, and unstable localiza-
tion. Therefore, ASFF [21] is introduced to perform 
scale alignment and spatially adaptive weighting, 
improving cross-scale coordination and suppressing 
noise for more stable detection.
Let the input features from the three-level feature 
pyramid be denoted as multi-scale feature maps. 
ASFF uses a target scale as the fusion output scale. 
First, the features from the other scales are mapped 
to the same resolution and channel number as the 
l-th layer through upsampling/downsampling and 
channel alignment, resulting in the aligned features: 
{X(1), X(2), X(3)}l ∈{1,2,3}

}l∈{1,2,3} 

X (k→l)=ϕk→l(X (k)), k∈{1,2,3}, (10)

where represents the mapping function composed 
of scale transformations such as interpolation, pool-
ing, strided convolutions, and 1 x 1 channel align-
ment. Subsequently, ASFF generates spatial weight 
logits for each aligned scale feature: ϕk-l(⋅)

for each aligned scale feature: ϕk-l(⋅) 

λk
(l)=Conv X (k→l) , k∈{1,2,3}. (11)

At each spatial position (i, j), the three-scale logits 
are normalized using Softmax, resulting in spatial 
weights that are non-negative and sum to 1:

that are non-negative and sum to 1: 

αk
(l)(i,j)=

exp λk
(l)(i,j)

∑ exp λt
(l)(i,j)3

t=1

, ∑ αk
(l)3

k=1 (i,j)=1. (12)

Finally, ASFF performs position-wise weighted fusion 
at the target scale l, resulting in the output feature:

Y (l)= ∑ αk
(l)3

k=1 ⊙ X
(k→l)

. (13)

Through spatially correlated fusion, ASFF adaptive-
ly selects scale contributions at diff erent locations. 
In regions with strong refl ection or wave distur-
bance, it relies more on deeper semantic features for 
noise suppression, while for small fl oating debris, it 
emphasizes shallow detailed features to improve re-
call. This reduces cross-scale confl ict and redundan-
cy caused by fi xed fusion.
ASFF performs scale alignment, adaptive weight-
ing, and dynamic fusion, allowing the network to 
select suitable scale information for each location. 
With lightweight convolutions and Softmax-based 
weight learning, it keeps lower overhead than com-
plex global attention mechanisms. Therefore, ASFF 
is integrated into YOLOv13's fusion stage to im-
prove small-target recall, reflection/wave robust-
ness, and localization stability. The module struc-
ture is shown in Figure 4.
In the proposed framework, ASFF is introduced into 
the multi-scale detection head to replace the fi xed 
feature fusion strategy. Its workfl ow is as follows: 
features from diff erent scales are fi rst resized to the 
same spatial resolution; then, a lightweight convolu-
tional layer learns spatially adaptive fusion weights 
for each scale; next, the normalized weights are ap-
plied to diff erent feature maps so that the detector 
can dynamically select the most informative scale 
at each spatial location; fi nally, the fused feature is 
sent to the corresponding detection head for classi-
fi cation and localization. In this way, ASFF reduces 
feature confl ict among diff erent scales and improves 

Figure 4
Architecture of ASFF for adaptive multi-scale feature 
fusion in the YOLOv13-LSA detection head.
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the detection of garbage objects with large varia-
tions in size and shape.

2.5. Collaborative Mechanism of YOLOv13-LSA
In the YOLOv13-LSA pipeline, LSKA, ASFF, and 
SlideLoss play complementary roles in feature ex-
traction, feature fusion, and loss optimization. Their 
integration is designed according to the degradation 
characteristics of water-surface and underwater 
garbage images, including blurred boundaries, weak 
textures, irregular shapes, and large scale variations, 
rather than simply stacking independent modules.
LSKA works at the feature-representation level. It 
uses large-receptive-field spatial attention to cap-
ture broader context and enhance weak target re-
sponses under light attenuation, turbidity, reflec-
tion, and low contrast.
ASFF works at the multi-scale fusion level. It adap-
tively assigns spatial weights to features from differ-
ent scales, helping the detector select suitable spatial 
details or semantic information for targets with dif-
ferent sizes and reducing cross-scale feature conflict.
SlideLoss works at the optimization-supervision 
level. It strengthens difficult and boundary-ambig-
uous samples during training, improving regression 
stability and localization robustness under reflec-
tion, occlusion, and wave disturbance.
Overall, YOLOv13-LSA forms a feature enhance-
ment, adaptive fusion, and boundary optimiza-
tion pipeline, improving aquatic garbage detection 
through coordinated module design.

3. Multi-Phase Transfer Learning 
Framework
YOLOv13-LSA still faces challenges in water-sur-
face and underwater garbage detection because 
aquatic imaging and data distributions are complex. 
Turbidity, light attenuation, ripples, and strong re-
flections weaken low-contrast targets and introduce 
false textures. Small debris, thin films, and elongat-
ed objects often have blurred boundaries, causing 
localization drift. In addition, variations in water 
bodies, devices, weather, and time create domain 
shifts, while long-tail category distributions weaken 
rare-class learning. To address these issues, a multi-
stage transfer learning framework is developed.

In the first stage, the model is trained on source-do-
main aquatic garbage data to learn general repre-
sentations. In the second stage, it is transferred to 
target-domain data with class-balanced sampling, 
hard-example resampling, and momentum-based 
optimization to improve feature alignment and con-
vergence. LSKA enhances spatial context, ASFF im-
proves adaptive multi-scale fusion, and SlideLoss 
strengthens hard-sample regression. In the third 
stage, SGD fine-tuning further improves small-tar-
get recognition, localization stability, and cross-en-
vironment robustness while maintaining real-time 
efficiency.

3.1. Transfer Learning Mechanism
The core idea of transfer learning [40] is to transfer 
knowledge from a source task to a target task, im-
proving model performance when target data are 
limited or labeling costs are high. In underwater and 
water-surface garbage detection, data collection is 
constrained by location, lighting, water quality, and 
equipment conditions, while annotation is costly 
and class distributions are often imbalanced. Scat-
tering, refraction, and surface highlights further 
change target appearance and texture, making train-
ing from scratch prone to overfitting and unstable 
convergence. Therefore, transfer learning can reuse 
generic visual features such as edges, textures, and 
shapes from pretrained models, accelerating con-
vergence and improving adaptability under data 
scarcity, domain shift, and long-tail distributions.
From the perspective of domain adaptation theory, 
the source-domain underwater garbage dataset and 
the target-domain water-surface garbage dataset 
can be regarded as two related domains that share 
the same object detection task but follow different 
marginal data distributions. Let Ds = {Xs, Ys} and 
Dt = {Xt, Yt} denote the source and target domains, 
respectively. Although the label spaces are related 
to aquatic garbage detection, the image distribution 
Ps(X) differs from Pt(X) because underwater images 
are mainly affected by light attenuation, scattering, 
turbidity, and color shift, whereas water-surface 
images are more strongly influenced by specular re-
flection, wave disturbance, local overexposure, and 
large-scale variations of floating objects. Such dis-
tribution discrepancy may cause feature bias and 
decision-boundary mismatch when the detector is 
directly transferred across domains.
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The proposed multi-stage transfer learning frame-
work does not use explicit domain adaptation losses, 
such as adversarial alignment, MMD, or correlation 
alignment. Instead, it achieves implicit alignment 
through progressive parameter transfer and super-
vised target-domain optimization. Source-domain 
pretraining enables the model to learn transferable 
aquatic features, including contours, weak textures, 
blurred boundaries, irregular shapes, and water-re-
lated background patterns, providing better initial-
ization than random training.
During target-domain fi ne-tuning, the feature ex-
tractor, multi-scale fusion layers, classifi cation 
branch, and regression branch are recalibrated to-
ward the target distribution. LSKA enhances shared 
spatial context, ASFF reduces scale-distribution 
mismatch, and SlideLoss improves boundary regres-
sion under localization drift. Thus, the strategy per-
forms supervised progressive alignment in feature 
and parameter spaces, reducing the gap between un-
derwater and water-surface garbage images.
Transfer learning has improved object detection, 
especially in water-surface and underwater garbage 
detection, but several limitations remain. Many 
methods rely on public pretraining datasets such as 
COCO or ImageNet, whose object characteristics 
diff er greatly from garbage in aquatic environments. 
Under scattering, light attenuation, refl ection, low 
contrast, and irregular object shapes, these pre-
trained features may generalize poorly to real-world 
garbage detection.
In addition, some methods directly transfer full 
network weights without suffi  cient task-specifi c 
fi ne-tuning. Although this can provide initial gains, 
the domain shift between source and target data may 
cause unstable convergence and reduced accuracy 
in practical scenes. Therefore, targeted fi ne-tuning 
strategies are still needed to address distribution 
diff erences and improve adaptability in complex 
aquatic environments.

3.2. Source and Target Domain Datasets
This study uses a public underwater plastic pollution 
detection dataset as the source-domain data [25]. It 
contains 5130 YOLO-format annotated images af-
fected by light attenuation, scattering, turbidity, and 
complex backgrounds, including 3628 training, 1001 
validation, and 501 test images. The contrast-en-

hanced images cover 15 categories: Mask, can, cell-
phone, electronics, gbottle, glove, metal, misc, net, 
pbag, pbottle, plastic, rod, sunglasses, and tire, pro-
viding robust initialization for transfer learning.
A water-surface fl oating garbage dataset is used as 
the target-domain data [41]. It contains 2471 images 
at 2048 × 2048 resolution, including 1976 training, 
248 validation, and 247 test images. The dataset in-
cludes six categories: Glass, Styrofoam_Piece, Metal, 
Rope, Plastic_Buoy, and Styrofoam_Box. Compared 
with the source domain, it has stronger ripples, re-
fl ections, overexposure, thin fl oating objects, and 
scale variation, making it suitable for evaluating 
cross-domain generalization and refl ection robust-
ness. Example comparisons are shown in Figure 5. 
To improve experimental reproducibility, the data-
set splits and augmentation settings are specifi ed. 
The source-domain dataset contains 5130 images 
and was split into 3628 training, 1001 validation, 
and 501 test images, corresponding to approximate-
ly 70.72%, 19.51%, and 9.77%. The target-domain 
dataset contains 2471 images and was split into 
1976 training, 248 validation, and 247 test images, 
corresponding to approximately 79.97%, 10.04%, 
and 10.00%. During training, fi xed augmentation 
settings, including input resizing, HSV adjustment, 
translation, scaling, fl ipping, mosaic, mixup, and 
copy-paste, were applied. All experiments used the 
same splits and augmentation confi guration for fair 
and reproducible evaluation.
Although the source and target datasets are both 
related to aquatic garbage detection, they diff er sig-
nifi cantly in imaging conditions, background distri-
bution, and target morphology. To avoid relying only 

Figure 5
Comparison of selected images from the source and 
target domain datasets.
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on qualitative observations, a quantitative domain 
discrepancy analysis based on feature-level MMD 
and CORAL distances was further conducted in the 
experimental section. This analysis provides direct 
evidence for the existence of domain shift between 
the source and target datasets and supports the ne-
cessity of the proposed transfer learning strategy.

3.3. Multi-Stage Transfer Learning 
Framework
To address imaging variation, feature distribution 
gaps, and target-scale changes between source 
and target domains, this paper proposes a three-
stage transfer learning framework. The model first 
learns general aquatic features from the source 
domain and then adapts to limited target-domain 
samples, improving generalization and adaptability 
in complex aquatic environments. The framework 
is shown in Figure 6.
Figure 6(a) shows source-domain pretraining, 
where YOLOv13-LSA is trained for 400 epochs on 
5130 underwater plastic pollution images to learn 
general aquatic features such as textures, contours, 
blurred boundaries, and low-contrast targets. LSKA, 
ASFF, and SlideLoss enhance spatial modeling, 
multi-scale fusion, and hard-sample regression, pro-
ducing transferable source-domain weights.
Figure 6(b) shows target-domain transfer, where 
the pretrained weights are fi ne-tuned on 2471 wa-
ter-surface fl oating garbage images with refl ection, 
waves, overexposure, small debris, and scale varia-

Figure 6
Transfer learning model structure.

tion. Early Stopping and momentum-based SGD are 
used to improve convergence and reduce overfi tting.
Figure 6(c) shows fi nal target-domain fi ne-tuning, 
which further adapts the model to complex wa-
ter-surface backgrounds and weak target responses. 
This “generalization-alignment-specialization” pro-
cess improves convergence, small-target detection, 
refl ection robustness, and cross-domain stability.
Overall, the framework follows a “generaliza-
tion-alignment-specialization” path: source-do-
main training learns general aquatic features, tar-
get-domain transfer aligns the distribution, and fi nal 
fi ne-tuning strengthens task-specifi c detection, im-
proving convergence, small-target detection, refl ec-
tion robustness, and cross-domain stability.

4. Experiment and Evaluation
4.1. Simulation Environment
4.1.1. Experimental Environment
For reproducibility, all experiments were conducted 
on the AutoDL platform under the same environ-
ment: Ubuntu 22.04/Linux, Python 3.10, PyTorch 
2.1.0 with CUDA 12.1, one NVIDIA GeForce RTX 
4090D GPU with 24 GB memory, Intel(R) Xeon(R) 
Platinum 8474C CPU with 15 vCPUs, 80 GB RAM, a 
30 GB system disk, and a 50 GB data disk. This envi-
ronment was used for ablation, comparison, transfer 
learning, and inference speed tests unless otherwise 
specifi ed.

4.1.2. Parameter Settings
To improve convergence and detection accuracy, the 
model was trained on an RTX 4090D GPU for 400 
epochs with batch size 32 and input size 640. SGD 
was used as the optimizer with lr = 0.0141, momen-
tum = 0.937, weight_decay = 0.0005, warmup_epochs 
= 3, and lrf = 0.01. Cache and AMP were disabled, 8 
workers were used for data loading, and checkpoints 
were saved every 10 epochs. Color, geometric, and 
MixUp augmentation were applied to improve gen-
eralization.
To improve reproducibility and generalization, fi xed 
augmentation settings were used: imgsz = 640; hsv_h/
s/v = 0.015/0.700/0.400; degrees/translate/scale/shear/
perspective = 10.000/0.100/0.500/2.000/0.001; fl ipud/
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fliplr = 0.000/0.500; mosaic/close_mosaic = 1.000/10; 
mixup/cutmix/copy_paste = 0.100/0.000/0.000; auto_
augment/erasing = randaugment/0.400. Cache, AMP, 
multi_scale, and rect were disabled.

4.1.3. Evaluation Metrics
Precision and Recall evaluate detection correctness 
and target coverage. mAP@50 measures accuracy at 
IoU = 0.5, while mAP@50:95 averages results from 
IoU 0.5 to 0.95 for stricter localization assessment. 
Efficiency is evaluated by GFLOPs, training time, 
and FPS, which reflect computational cost, conver-
gence efficiency, and real-time inference capability, 
respectively.
Precision (P) calculates the ratio of true positives 
(TP) to all positive detections (TP + FP) in the re-
sults, and is defined as:

is defined as: 

P= TP
TP+FP   

, (14)

where, TP denotes the number of true positives, and 
FP denotes the number of false positives. The higher 
the precision, the more reliable the model’s detec-
tion results are. Recall (R) measures the proportion 
of true positives detected by the model among all ac-
tual positives (TP+FN), and is defined as follows:

positives (TP+FN), and is defined as follows:

R= TP
TP+FN  

, (15)

where FN represents the number of false negatives. 
A higher recall rate indicates a more robust model 
because it is better able to cover target objects. In 
object detection, Mean Average Precision (mAP) 
provides a comprehensive evaluation. Specifically, 
mAP@50 uses an IoU threshold of 0.5 to measure 
the average accuracy across categories. It is calculat-
ed as follows and reflects how well the model detects 
and classifies objects across several categories:

mAP@50= 1
N ∑ AN

i=1 Pi,   
, (16)

where N denotes the number of classes, and APi 
represents the average precision for class i. On top 
of that, mAP@50:95 represents the mean average 
precision determined across a spectrum of Inter-
section over Union thresholds spanning from 0.5 to 

0.95, with the final figure being the average across 
ten distinct points in this range. This metric is used 
to comprehensively assess the model's detection ca-
pability. The calculation formula is as follows:

capability. The calculation formula is as follows:

mAP@50:95= 1
10 ∑ m59

i=50 APi .  (17)

Giga Floating Point Operations (GFLOPs) are a key 
metric used to measure the computational complex-
ity of model inference, offering insight into network 
efficiency. For convolutional neural networks, the 
computational expense of a single layer can be rep-
resented as:

represented as: 
FLOPs=2×Cin×Cout×KH×KW ×Hout×Wout , (18)

where cin and Cout represent the input and output 
channel counts, KH and KW are the kernel dimen-
sions, and Hout and Wout indicate the dimensions of the 
output feature map:
The computing costs for each layer add up to the 
model's total FLOPs, and the computation for 
GFLOPs is written as follows:

GFLOPs is written as follows: 

GFLOPs=Total FLOPs
109 . 

. (19)

A lower GFLOPs value indicates higher computa-
tional efficiency and faster inference speed of the 
model. Training time is used to measure the total du-
ration required for the model to converge from the 
start of training, reflecting the training efficiency of 
the model. The calculation formula is expressed as:

the model. The calculation formula is expressed as:

Ttrain= ∑ ti
E
i=1 /3600 . (20)

where E represents the total number of training ep-
ochs, ti denotes the training time for the i-th epoch (in 
seconds), and the result is converted to hours by divid-
ing by 3600. A shorter training time indicates higher 
model optimization efficiency, which allows the mod-
el to achieve faster convergence in fewer iterations, 
thereby improving overall experimental efficiency.
In addition to GFLOPs, the actual inference speed 
was measured using Frames Per Second (FPS) to 
further evaluate the deployment efficiency of the 
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model. GFLOPs refl ects the theoretical computa-
tional complexity, while FPS directly measures the 
number of images processed per second under a spe-
cifi c hardware and inference environment. There-
fore, FPS can provide a more practical evaluation of 
real-time performance.
In this study, FPS was tested with a batch size of 1 and 
an input image size of 640 × 640. Before recording 
the inference time, 50 warm-up iterations were per-
formed to reduce the infl uence of GPU initialization 
and cache loading. The FPS is calculated as follows:

FPS=N
T ,, (21)

where N denotes the number of tested images or re-
peated inference runs, and T denotes the total infer-
ence time in seconds. The average inference latency 
is calculated as:

Latency= T
N ×1000, (22)

where Latency is measured in milliseconds per im-
age. A higher FPS and lower latency indicate better 
real-time deployment capability.
To improve the consistency of experimental report-
ing, all detection metrics in the comparison and ab-
lation experiments are reported using the same dec-
imal format unless otherwise specifi ed. Precision, 
Recall, mAP@50, and mAP@50:95 are reported as 
decimal values in the range of 0 to 1, while training 
duration is reported in hours and computational cost 
is reported in GFLOPs. For repeated experiments, 
the mean value, standard deviation, and paired sta-
tistical test are used to describe performance stabil-
ity and statistical reliability.

4.2. Model Validation
4.2.1. Training Process Analysis
The improved model was evaluated on a water-sur-
face and underwater garbage detection dataset. The 
evaluation focused on training effi  ciency, convergence 
speed, and multi-scale feature integration. Numerical 
analysis, loss-function comparison, mAP evaluation, 
and qualitative results show that the enhanced mod-
el improves detection of diff erent waste categories in 
underwater plastic-pollution environments.

As shown in Figure 7, the classifi cation loss decreas-
es steadily during training, dropping from about 7.0 
to around 3.0 within the fi rst 50 epochs, then grad-
ually converging to approximately 0.9-1.0 by 400 
epochs with little fl uctuation. Meanwhile, Figure 8 
shows that mAP@50 increases rapidly in the early 
stage, reaches about 0.62 around 120 epochs, and 
fi nally stabilizes near 0.82. These trends indicate 
stable convergence and eff ective feature learning. 
YOLOv13-LSA was further evaluated using Preci-
sion, Recall, mAP@50, and mAP@50:95, showing 
improved detection performance, especially for 
small targets and complex aquatic backgrounds.
Table 1 shows the performance of YOLOv13-LSA in 
water-surface and underwater garbage detection. 
The model achieves a Precision of 0.830, a Recall 
of 0.754, and an mAP@50 of 0.821. Its mAP@50:95 
reaches 0.467, indicating relatively stable localiza-
tion under stricter IoU thresholds.
The low performance of Metal and Rod is mainly 
caused by visual ambiguity and data diffi  culty. Met-

Figure 7
Classification loss convergence graph.

Figure 8
mAP@50 progression graph.
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al objects often show strong refl ection and back-
ground-like textures, while Rod objects are thin, 
elongated, and easily occluded, leading to weak fea-
tures and localization uncertainty. In contrast, Sun-
glasses, Pbag, and Cellphone have clearer shapes or 
semantic boundaries, resulting in higher mAP@50 
values. Thus, category-level diff erences refl ect in-
trinsic detection diffi  culty rather than random mod-
el instability.
The Mask category has a relatively low Recall of 
0.552, indicating missed detections. This is mainly 
due to visual ambiguity and limited sample diversity. 
In aquatic scenes, discarded masks are often small, 
thin, deformable, soaked, folded, partially sub-
merged, or occluded by waves. Their weak edges and 
low-contrast textures may resemble foam, plastic 
bags, paper, or other light-colored debris, while re-
fl ection and background clutter further reduce dis-
criminability. Future work will enrich mask samples 

Class Precision Recall mAP@50 mAP@50:95

Mask 0.98 0.552 0.804 0.561

Can 0.822 0.9 0.947 0.487

Cellphone 0.976 0.93 0.963 0.687

Electronics 0.685 0.75 0.738 0.366

Gbottle 0.719 0.683 0.716 0.464

Glove 0.884 0.831 0.945 0.665

Metal 0.589 0.455 0.488 0.228

Misc 0.714 0.831 0.774 0.389

Net 0.927 0.878 0.941 0.597

Pbag 0.852 0.976 0.975 0.695

Pbottle 0.833 0.793 0.837 0.452

Plastic 0.869 0.678 0.814 0.343

Rod 0.762 0.444 0.604 0.205

Sunglasses 1 0.98 0.995 0.532

Tire 0.837 0.624 0.772 0.334

Total 0.83 0.754 0.821 0.467

Table 1
Evaluation metrics for each defect type of the final model.

and use category-balanced sampling, hard-example 
mining, targeted augmentation, and boundary-aware 
feature refi nement to improve mask detection.
As shown in Figure 9, YOLOv13-LSA achieves re-
markable results in the underwater and water sur-
face garbage detection task, with particularly out-

Figure 9
Object detection results of the YOLOv13-LSA model.
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standing performance in detecting small targets. 
The figure displays the model's detection results 
for various types of water surface garbage in differ-
ent aquatic scenes. Specifically, YOLOv13-LSA can 
consistently recognize targets even in more complex 
backgrounds. It performs well in terms of detection 
accuracy and recall across different categories, effec-
tively handling variations in water surface floating 
garbage. Overall, the YOLOv13-LSA model demon-
strates robust detection capabilities in the under-
water and water surface garbage detection task, 
further proving its adaptability and transferability 
in real-world environments, especially in scenes 
with significant lighting and background variations, 
showing better potential for practical applications.

4.2.2. Ablation Study
To evaluate the engineered integration of the select-
ed components, ablation experiments were conduct-
ed on the water-surface and underwater garbage 
dataset using YOLOv13 as the baseline. SlideLoss 
was first introduced to replace the original CIoU 
loss, followed by LSKA for fine-grained feature mod-
eling and ASFF for adaptive feature fusion, forming 
YOLOv13-LSA. The results in Table 2 demonstrate 
the contribution of each component to detection 
performance.
Table 2 shows that baseline YOLOv13 achieves 
0.8322 Precision, 0.7145 Recall, 0.7954 mAP@50, 
0.4714 mAP@50:95, and 6.1682 GFLOPs. SlideLoss 
improves Recall to 0.7425 and mAP@50 to 0.8019 
without extra computation. LSKA further raises 
Recall to 0.7638 and mAP@50:95 to 0.4939, while 
ASFF gives YOLOv13-LSA the highest mAP@50 of 
0.8209 and restores Precision to 0.8300.
The ablation results confirm the collaborative de-
sign of YOLOv13-LSA. SlideLoss improves regres-

Method SlideLoss LSKA ASFF P R mAP@50 mAP@50:95 GFLOPs

YOLOv13 - - - 0.8322 0.7145 0.7954 0.4714 6.1682

√ - - 0.8308 0.7425 0.8019 0.4666 6.1682

√ √ - 0.8052 0.7638 0.8042 0.4939 6.2231

√ √ √ 0.8300 0.7536 0.8209 0.4670 8.4064

Table 2
Ablation study results.

sion stability and target coverage, LSKA enhances 
weak-feature representation and strict localization, 
and ASFF strengthens multi-scale detectability. 
These modules address different aquatic degrada-
tion problems at different detection stages.
The decrease in mAP@50:95 after ASFF reflects a 
trade-off. This stricter metric is sensitive to small 
boundary deviations, and ASFF may smooth fine 
boundary details during scale alignment. However, 
it improves mAP@50 and target detectability, which 
are important for robust aquatic garbage monitoring.
The ablation results do not improve monotonically 
because each metric emphasizes different aspects. 
Precision reflects false positives, Recall measures 
target coverage, mAP@50 evaluates general detect-
ability, and mAP@50:95 stresses strict localiza-
tion. Therefore, the Precision drop after LSKA and 
the mAP@50:95 decrease after ASFF are trade-offs 
rather than contradictions. YOLOv13-LSA is select-
ed because it achieves the highest mAP@50 with 
balanced Precision and Recall.
Each module contributes differently. SlideLoss im-
proves hard-sample regression for blurred bound-
aries without adding inference cost. LSKA expands 
the receptive field and enhances weak responses of 
small, low-contrast, or occluded targets. ASFF adap-
tively weights multi-scale features to improve scale 
variation handling, but it also adds computation and 
may slightly affect high-IoU localization.
The GFLOPs increase mainly comes from ASFF. 
SlideLoss adds no inference cost, and LSKA only in-
creases GFLOPs from 6.1682 to 6.2231, while ASFF 
raises the final cost to 8.4064. Compared with base-
line YOLOv13, YOLOv13-LSA increases GFLOPs 
by 36.29%, but improves mAP@50 from 0.7954 to 
0.8209 and Recall from 0.7145 to 0.7536, which is ac-
ceptable for GPU-assisted real-time monitoring.
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4.2.3. Comparison Experiment
To demonstrate the effectiveness of the YOLOv13-
LSA model, we conducted a comprehensive com-
parative experiment on the surface/waterborne 
garbage dataset. This experiment aimed to evalu-
ate the performance of the improved model in en-
gineering detection applications. The comparison 
models include: NWD_BRA_ASFF (NBA-YOLO), 
ASFF_ATF_EMA (AAE-YOLO), FCA_Slide_ASFF 
(FSA-YOLO), A2C2f_SHSA+C3K2_EFAtt+GFPN 
(ACG-YOLO) [36], RT-DETR [39], Faster R-CNN 
[27], and the YOLOv13-LSA model proposed in 
this study. ACG-YOLO is retained only as a general 
YOLOv13 architectural variant for controlled com-
parison, while RT-DETR and Faster R-CNN were 
added as representative Transformer-based end-to-
end and classical two-stage detectors, respectively. 
The results of the comparison experiments are re-
corded in Table 3.
Among the compared models, YOLOv13-LSA 
achieves the highest mAP@50 value of 0.8209, 
followed closely by ACG-YOLO with 0.8205 and 
AAE-YOLO with 0.8182, while NBA-YOLO obtains 
the highest Recall and AAE-YOLO obtains the high-
est Precision. However, the mAP@50 advantage of 
YOLOv13-LSA over ACG-YOLO is very small, and 
ACG-YOLO performs better in Recall, mAP@50:95, 
and GFLOPs. Therefore, the comparison results 
indicate that YOLOv13-LSA provides competitive 
overall detectability, but different models show dif-
ferent trade-offs in Precision, Recall, strict localiza-
tion accuracy, and computational cost.

Method P R mAP@50 mAP@50:95 GFLOPs

NBA-YOLO 0.7943 0.7748 0.8137 0.4804 8.5855

AAE-YOLO 0.8423 0.7477 0.8182 0.4754 8.3822

FSA-YOLO 0.8303 0.7415 0.8090 0.4598 8.3518

ACG-YOLO 0.8207 0.7714 0.8205 0.5000 5.8143

RT-DETR 0.8285 0.7493 0.7922 0.5243 103.50

Faster R-CNN 0.8336 0.7051 0.7320 0.4220 134.00

Ours 0.8300 0.7536 0.8209 0.4670 8.4064

Table 3
Comparison results with YOLO-based, Transformer-based, and two-stage detectors.

Compared with non-YOLO detectors, YOLOv13-
LSA improves mAP@50 over RT-DETR from 0.7922 
to 0.8209 while reducing computation from 103.50 
to 8.4064 GFLOPs. RT-DETR achieves higher 
mAP@50:95, but requires much greater computation-
al cost. Compared with Faster R-CNN, YOLOv13-LSA 
achieves higher Recall, mAP@50, and mAP@50:95 
with far lower GFLOPs, showing better suitability for 
real-time aquatic garbage monitoring.
In terms of computational cost, RT-DETR requires 
approximately 12.31 times the GFLOPs of YOLOv13-
LSA, while Faster R-CNN requires approximately 
15.94 times. This indicates that although Transform-
er-based and two-stage detectors may have advantag-
es in certain localization metrics, their computational 
burden is much higher, making YOLOv13-LSA more 
suitable for real-time aquatic monitoring scenarios.
The performance differences are related to mod-
ule functionality. The retained YOLO-based com-
parison models mainly represent feature-fusion or 
YOLOv13 architectural variants; ACG-YOLO is in-
cluded as an architectural reference rather than as 
an aquatic-garbage-specific detector. In contrast, 
YOLOv13-LSA combines SlideLoss for bound-
ary-aware optimization, LSKA for long-range spatial 
representation, and ASFF for adaptive multi-scale 
fusion, which explains its competitive mAP@50 and 
Recall in complex aquatic scenes.
Compared with RT-DETR and Faster R-CNN, 
YOLOv13-LSA offers a better accuracy-efficiency 
balance. RT-DETR has strong localization but much 
higher GFLOPs, while Faster R-CNN requires more 
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computation and shows lower Recall and mAP@50. 
Therefore, YOLOv13-LSA is more suitable for re-
al-time aquatic garbage detection.
Overall, the extended comparison demonstrates 
that YOLOv13-LSA is competitive not only with 
YOLO-based variants but also with representative 
non-YOLO detectors. Although RT-DETR shows an 
advantage in mAP@50:95, YOLOv13-LSA achieves 
the highest mAP@50 with significantly lower 
GFLOPs. Therefore, the proposed method provides 
a favorable accuracy-efficiency trade-off for water 
surface and underwater garbage detection, especial-
ly in scenarios where real-time or near-real-time de-
ployment is required.

4.2.4. Inference Speed Analysis
To evaluate deployment feasibility, YOLOv13-LSA 
was tested on different hardware platforms. Since 
GFLOPs only reflects theoretical complexity, FPS 
and average latency were also measured to assess ac-
tual inference efficiency, which is affected by hard-
ware, memory bandwidth, inference framework, 
preprocessing, and post-processing.
The input size was fixed at 640 × 640 with batch size 
1. Tests were conducted on an NVIDIA GeForce RTX 
4090D GPU and the CPU of the same server. After 
50 warm-up iterations, average FPS was calculated 
from repeated inference runs, as shown in Table 4.
Table 4 reports YOLOv13-LSA inference efficiency. 
On the RTX 4090D, it achieves 113.35 FPS with 8.82 
ms latency, meeting GPU-assisted real-time detec-
tion requirements. On CPU, speed drops to 9.47 FPS 
with 105.56 ms latency, showing the higher burden 
without GPU acceleration. Together with GFLOPs 
analysis, these results indicate that YOLOv13-LSA 
provides a feasible accuracy-efficiency balance for 
GPU-assisted aquatic garbage monitoring, while 
CPU-only or low-power edge deployment still re-
quires further model compression and acceleration.
Inference speed shows the deployment trade-off. 
Although YOLOv13-LSA adds computation over the 
baseline, it reaches 113.35 FPS with 8.82 ms latency 
on the RTX 4090D, meeting GPU-assisted real-time 
monitoring needs. However, CPU speed is only 9.47 
FPS, which may be insufficient for high-frame-rate 
applications. Thus, low-end embedded or CPU-only 
deployment still requires pruning, quantization, or 
knowledge distillation.

4.3. Transfer Learning Results Analysis
The transfer learning results further support the 
above implicit domain alignment mechanism. The 
improvement in mAP@50 and recall after loading 
source-domain weights indicates that the aquat-
ic representations learned from the source domain 
can be effectively adapted to the target-domain 
water-surface garbage distribution. Meanwhile, 
the reduction in training duration suggests that 
source-domain pretraining provides a more favor-
able optimization starting point, thereby accelerat-
ing convergence while maintaining target-domain 
detection performance.

4.3.1. Quantitative Analysis of Domain Discrepancy
Before evaluating transfer learning, domain dis-
crepancy between the underwater source dataset 
and water-surface target dataset was quantified. 
ResNet-50 was used as a fixed feature extractor, and 
MMD and CORAL distance were calculated to mea-
sure feature-level distribution gaps, where larger 
values indicate stronger domain shift.
Intra-domain comparisons, including Source 
train vs Source val and Target train vs Target val, 
measured split consistency within each domain. 
Cross-domain comparisons, including Source train 
vs Target train and Source val vs Target val, mea-
sured the gap between source and target domains. 
The results are shown in Table 5.
According to Table 5, intra-domain discrepancies 
are very small, with MMD values of 0.001260 for 
Source train vs Source val and 0.000370 for Target 
train vs Target val. In contrast, cross-domain MMD 
increases to 0.195779 and 0.208731, while CORAL 

Item NVIDIA GeForce 
RTX 4090D CPU

Warm-up iterations 100 20

Test iterations 500 100

Latency/ms ↓ 8.82 105.56

FPS ↑ 113.35 9.47

Table 4
Inference speed of YOLOv13-LSA on different hardware 
platforms. YOLOv13-LSA was tested with input size 640 x 
640, batch size 1, FP32 precision, 8.4064 GFLOPs, and an 
8.08 MB model size.
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distance shows the same trend, with cross-domain 
values about one order of magnitude larger. These 
results confirm a clear distribution gap between 
source and target datasets.
This supports the need for transfer learning. Tar-
get-only training may suffer from limited data and 
overfitting, while direct source transfer may intro-
duce feature bias. Therefore, the proposed frame-
work first learns general aquatic representations 
and then adapts them to the target domain through 
supervised fine-tuning.

4.3.2. Transfer Framework Validation
Based on the domain discrepancy analysis, the pro-
posed transfer learning framework was evaluated on 
the target-domain dataset. Using the same data and 
training settings, target-only training (Before) was 
compared with the proposed source-pretraining 
and target-fine-tuning strategy (After). Each strat-
egy was repeated five times to reduce the effects of 
random initialization and training fluctuation. The 
results are shown in Table 6.

Compared datasets Feature extractor Number of images A Number of images B MMD ↓ CORAL ↓

Source train vs Source val ResNet-50 3628 1001 0.001260 5.7952e-11

Target train vs Target val ResNet-50 1976 247 0.000370 8.8463e-11

Source train vs Target train ResNet-50 3628 1976 0.195779 6.7299e-10

Source val vs Target val ResNet-50 1001 247 0.208731 7.7287e-10

Table 5
Quantitative domain discrepancy analysis between source and target datasets.

Table 6 shows that the transfer learning framework 
improves water-surface and underwater garbage de-
tection. Across five repeated experiments, average 
Precision increases from 80.11% to 82.07%, Recall 
from 72.84% to 78.75%, and mAP@50 from 80.30% 
to 82.91%. These gains indicate that source-domain 
pretraining provides better initialization and fea-
ture alignment for the target domain, improving de-
tection under low contrast, reflection, and texture 
interference.
Training efficiency also improves, with average 
training time decreasing from 1.573 h to 1.482 h, a re-
duction of about 5.79%. The consistent gains across 
repeated runs show that the proposed transfer strat-
egy improves accuracy, stability, and reproducibility 
without increasing training overhead.
To further evaluate the statistical reliability of the 
transfer learning improvement, the mean and stan-
dard deviation of the five repeated trials were cal-
culated. A paired t-test was also conducted between 
the Before and After strategies for each metric, as 
shown in Table 7.

Before After

Trial P R mAP@50 Duration (h) P R mAP@50 Duration (h)

1 0.8011 0.7372 0.8015 1.573 0.8203 0.7882 0.8287 1.488

2 0.8012 0.7682 0.8112 1.575 0.8201 0.7888 0.8306 1.469

3 0.8003 0.7011 0.8074 1.578 0.8223 0.7845 0.8307 1.472

4 0.8015 0.7201 0.7987 1.571 0.8219 0.7890 0.8299 1.493

5 0.8014 0.7152 0.7962 1.567 0.8189 0.7871 0.8257 1.486

Mean 0.8011 0.7284 0.8030 1.573 0.8207 0.7875 0.8291 1.482

Table 6
Comparison of results before and after applying the transfer learning framework.
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Table 7
Statistical analysis of repeated transfer learning experiments.

Metric Before (mean ± std) After (mean ± std) p-value Signifi cance

Precision 0.8011 ± 0.0005 0.8207 ± 0.0014 1.32e-5 p < 0.01

Recall 0.7284 ± 0.0257 0.7875 ± 0.0018 0.0057 p < 0.01

mAP@50 0.8030 ± 0.0062 0.8291 ± 0.0021 2.58e-4 p < 0.01

Duration (h) 1.5728 ± 0.0041 1.4816 ± 0.0105 1.20e-4 p < 0.01

Figure 10
Comparison of detection results before and after fine-tuning.

curacy but also expanded the effective detection 
range, particularly improving the recognition ca-
pability for small targets. The experimental results 
further validate its effectiveness in aquatic envi-
ronments, providing solid technical support for in-
telligent garbage detection systems.

4.3.3. Ablation Study of Transfer Learning
To evaluate the proposed transfer learning frame-
work, three training strategies were compared 
using YOLOv13-LSA: (1) training from scratch on 
the target domain, (2) loading source-domain pre-
trained weights without further fine-tuning, and 
(3) loading source-domain pretrained weights fol-
lowed by supervised target-domain fine-tuning. 
This comparison analyzes the effects of weight 
initialization and fine-tuning on aquatic garbage 
detection. Precision, Recall, mAP, and training du-
ration are reported in Table 8.
The results in Table 8 indicate that using source-do-
main pretrained weights without fi ne-tuning im-
proves Precision, Recall, and mAP@50 over the 
baseline by 1.92%, 5.10%, and 2.72%, respectively. 
This suggests that pretrained aquatic features pro-
vide useful initialization and accelerate adaptation 
to water-surface and underwater garbage detection.
After target-domain fine-tuning, YOLOv13-LSA 
+ LSA.pt + Fine-tuning achieves an mAP@50 of 
83.46%, improving by 0.59% over the baseline and 

The statistical results confi rm signifi cant improve-
ments after transfer learning. mAP@50 increases 
from 0.8030 ± 0.0062 to 0.8291 ± 0.0021 with p = 
2.58e-4, showing that the gain is stable across re-
peated trials. Recall also improves signifi cantly (p 
= 0.0057), while training duration decreases signifi -
cantly (p = 1.20e-4), supporting the reliability and 
reproducibility of the framework.
As shown in Figure 10, fi ne-tuning improves detec-
tion of small and diffi  cult categories such as Plastic 
Buoy, Rope, and Glass, increasing their detection rate 
from 0.8 to 0.9. The fi ne-tuned model also maintains 
stable accuracy across target scales, demonstrating 
better robustness in complex aquatic scenes.
Transfer learning has demonstrated significant 
performance improvements in water surface/un-
derwater garbage detection. It not only enhanced 
category recognition and target localization ac-

P R mAP@50 Duration (h)

YOLOv13-LSA 0.8011 0.7372 0.8015 1.573

YOLOv13-LSA + LSA.pt 0.8203 0.7882 0.8287 1.488

YOLOv13-LSA + LSA.pt + Fine-tuning 0.8714 0.7731 0.8346 1.454

Table 8
Comparison of performance with transfer learning.
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showing better adaptation to the target distribu-
tion. Its training time is reduced from 1.573 h to 
1.454 h, saving 0.119 h, or about 7.57%. These results 
indicate that transfer learning improves detection 
accuracy and training efficiency while supporting 
faster convergence.

4.3.4. Comparison Experiment of Transfer Learning
As shown in Table 9, this study examines the im-
pact of transfer learning and model optimization 
using a controlled approach. Four comparison 
models--NBA-YOLO, AAE-YOLO, FSA-YOLO, and 
ACG-YOLO--were compared with YOLOv13-LSA. 
A detailed evaluation of precision, recall, mAP@50, 
and training time was conducted to assess the pro-
posed method under a more task-relevant compar-
ison setting.
Table 9 shows that YOLOv13-LSA achieves 82.03% 
Precision and 78.82% Recall in water-surface and 
underwater garbage detection. Although its Pre-
cision is lower than AAE-YOLO and FSA-YOLO, 
it maintains reliable accuracy while providing 
relatively strong target coverage. This indicates 
good performance for complex backgrounds and 
small-target detection.
YOLOv13-LSA achieves the highest mAP@50 
among all comparison models, reaching 82.87%, 
which indicates strong overall detection accuracy. 
Its training time is 1.488 h, maintaining good effi-
ciency while avoiding excessive training cost. Al-
though NBA-YOLO and AAE-YOLO achieve slightly 
higher Precision, they do not exceed YOLOv13-LSA 
in Recall or mAP@50. Therefore, YOLOv13-LSA 
provides a better balance between accuracy and 
training efficiency for water-surface and underwa-
ter garbage detection.

Model+Weights P R mAP@50 Duration (h)

NBA-YOLO +s.pt 0.8508 0.7170 0.7994 1.760

AAE-YOLO +n.pt 0.8676 0.7305 0.8284 1.486

FSA-YOLO +x.pt 0.8670 0.7166 0.7906 1.496

ACG-YOLO +x.pt 0.8299 0.7251 0.7724 4.15

YOLOv13-LSA + LSA.pt 0.8203 0.7882 0.8287 1.488

Table 9
Performance comparison of different models.

4.4. Discussion
4.4.1. Advantages of the Proposed Method
The proposed YOLOv13-LSA integrates LSKA, 
ASFF, SlideLoss, and a multi-stage transfer learning 
strategy to improve detection accuracy, inference 
efficiency, and training stability in complex aquatic 
environments.
1	 Detection accuracy: LSKA enhances spatial con-

text modeling and improves sensitivity to small or 
weak targets. ASFF adaptively fuses multi-scale 
features to handle targets with different sizes and 
shapes. SlideLoss strengthens boundary alignment 
for elongated, blurred, or irregular objects. Togeth-
er, these modules improve detection under low 
contrast, reflection, and complex backgrounds.

2	 Detection speed: YOLOv13-LSA maintains a light-
weight structure and avoids excessive computa-
tional overhead. The efficient designs of LSKA 
and ASFF help preserve fast inference, making the 
model suitable for GPU-assisted real-time aquatic 
garbage monitoring.

3	 Training efficiency: The multi-stage transfer learn-
ing strategy first learns general aquatic representa-
tions from the source domain, then adapts the mod-
el to the target domain through fine-tuning. This 
process accelerates convergence, reduces training 
instability, and supports faster deployment.

4.4.2. Limitations and Future Work
Although YOLOv13-LSA improves aquatic garbage 
detection, limitations remain in robustness, annota-
tion efficiency, and deployment adaptability.
1	 Complex backgrounds: Performance may still de-

grade under strong reflection, backlighting, turbid-
ity, shallow-water refraction, surface fluctuation, 
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and dense clutter. These factors blur boundaries 
and cause missed or false detections, so robustness 
in low-contrast and refl ective scenes requires fur-
ther improvement.

2 Annotation dependence: Accurate labels are still 
needed for small, blurred, or weakly salient objects. 
Although multi-stage transfer learning reduces 
this dependence by transferring general aquat-
ic representations, representative target-domain 
annotations remain necessary. A comparison is 
shown in Figure 11.
Figure 11 shows that the source-to-target transfer 
model gives more stable responses than target-on-
ly training under weak boundaries, refl ection, 
and background interference. However, transfer 
learning cannot replace representative target-do-
main labels; extremely scarce annotations may 
still cause overfi tting and unstable generalization.

3 Hardware limitations: YOLOv13-LSA is effi  cient, 
but deployment on mobile, embedded, or in-vehi-
cle devices may still be constrained by memory and 
computation. Future work will explore pruning, 
quantization, knowledge distillation, and hard-
ware-aware optimization.

Figure 11
Qualitative comparison between target-only training and 
source-to-target transfer learning under limited target-
domain annotations.

Overall, future work will improve robustness, reduce 
annotation cost, and enhance deployment through 
few-shot, semi-supervised, pseudo-labeling, active 
learning, domain adaptation, and adaptive image en-
hancement methods.
Future work will further investigate category imbal-
ance and hard-category optimization, especially for 
visually ambiguous classes such as Metal and Rod. 
Class-balanced sampling, hard-example mining, 
boundary-aware annotation refi nement, and cate-
gory-specifi c data augmentation will be explored to 
improve the robustness of these diffi  cult categories.
Future work will also include a more systematic 
comparison with self-supervised and large-scale 
pretraining-based detection paradigms. In partic-
ular, MAE-, DINO-, and DINOv2-pretrained back-
bones combined with controlled detector heads will 
be evaluated under the same aquatic garbage data-
sets and training schedules, so as to further analyze 
the role of representation learning in cross-domain 
small-object detection.

4.4.3. Practical Deployment Feasibility
In practical water-surface and underwater gar-
bage monitoring, deployment feasibility depends 
on accuracy, real-time speed, hardware resources, 
and annotated target-domain data. YOLOv13-LSA 
achieves 113.35 FPS with 8.82 ms latency on the 
RTX 4090D, indicating feasibility for GPU-assisted 
real-time warning, fl oating-garbage tracking, and 
online inspection.
However, resource-constrained deployment re-
mains challenging. Although the model has 8.4064 
GFLOPs and a size of 8.08 MB, CPU inference reach-
es only 9.47 FPS, which may limit use on low-power 
embedded or CPU-only platforms. Pruning, quanti-
zation, TensorRT/ONNX optimization, lightweight 
backbones, and knowledge distillation are needed to 
improve effi  ciency.
Annotated data scarcity is another obstacle. Refl ec-
tion, turbidity, occlusion, motion blur, small targets, 
and ambiguous boundaries make aquatic images dif-
fi cult to label. Multi-stage transfer learning reduces 
this dependency through source-domain pretrain-
ing and target-domain fi ne-tuning, but represen-
tative target annotations are still required. Future 
deployment should combine semi-supervised learn-
ing, pseudo-labeling, active learning, and continual 
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domain adaptation to reduce labeling cost and han-
dle changing water conditions.

4.4.4. Scene Expansion
YOLOv13-LSA may be extended to scenarios with 
weak boundaries, scale variation, and complex back-
grounds, such as industrial defect detection, crop 
disease monitoring, and traffic sign detection.
1	 Industrial defects: SlideLoss can improve bound-

ary matching for cracks, bubbles, and scratches, 
while ASFF and LSKA enhance multi-scale and 
contextual feature representation.

2	 Crop diseases: For spots, wilting, and insect dam-
age with varied size and contrast, YOLOv13-LSA 
may improve localization through boundary-aware 
regression, multi-scale fusion, and spatial context 
modeling.

3	 Traffic signs: For small, distant, blurred, or illumi-
nation-affected signs, ASFF, SlideLoss, and LSKA 
can support multi-scale detection, boundary re-
finement, and contextual enhancement.

Overall, YOLOv13-LSA shows potential for broader 
object detection tasks after scenario-specific opti-
mization.

5. Conclusion
This study proposes YOLOv13-LSA with a multi-
stage transfer learning framework to improve lo-

calization, reduce annotation dependence, and 
enhance adaptability in water-surface and un-
derwater garbage detection. On the test dataset, 
YOLOv13-LSA achieves 0.8300 Precision, 0.7536 
Recall, and 0.8209 mAP@50, with the main im-
provements observed in Recall and mAP@50, 
while slight trade-offs remain in Precision and 
mAP@50:95. Combined with transfer learning, 
the model improves robustness and generalization 
in complex aquatic scenes, providing an effective 
framework for intelligent garbage monitoring.
Future work will improve robustness, data efficien-
cy, and deployment. Image enhancement, reflection 
suppression, and adaptive preprocessing will be 
explored for reflection, turbidity, low illumination, 
waves, and occlusion. Category-balanced sampling, 
hard-example mining, boundary-aware augmenta-
tion, and fine-grained features will be used to im-
prove difficult categories such as Mask, Metal, and 
Rod. Semi-supervised learning, pseudo-labeling, 
active learning, few-shot detection, and continual 
domain adaptation will reduce annotation depen-
dence. Lightweight ASFF, pruning, quantization, 
knowledge distillation, and TensorRT/ONNX accel-
eration will be explored to support future low-power 
edge deployment.
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