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Abstract With the increasing problem of water surface pollution, floating debris—especially plastic
bottles—has become one of the main pollutants in inland rivers and lakes. Accurate and real-time
detection of such floating objects is crucial for the autonomous operation of unmanned cleaning vessels
(USVs). However, reflection, refraction, and wave interference on the water surface often cause severe
false detections and missed detections. To address these challenges, this paper proposes an improved
YOLOv8-based detection algorithm for plastic bottles on water surfaces. The model introduces a
physics-prior feature extraction module (SIDSFront) to suppress specular highlights through
reflection-invariant projection and dual-branch gate fusion, achieving illumination-insensitive feature
representation. Furthermore, a shallow P2 detection layer is added to enhance small-object perception,
and a wP2 + wHL weighted fusion strategy is designed to adaptively integrate multi-scale features while
dynamically suppressing highlight regions. Experimental results on the FloW, IWHR_AI_Lable_Floater_
V1, and FloatingTrash datasets demonstrate that the proposed model improves mAP50 by 5.02% and
mAP50-95 by up to 2.47% compared to the baseline YOLOv8, while maintaining over 80 FPS inference
speed on RTX 5060 Ti. The method balances detection precision, robustness, and real-time
performance, providing a reliable perception solution for intelligent unmanned cleaning vessels.

Key Words : YOLOv8, Water-surface object detection, Plastic bottles, Physics prior, SIDSFront, Weighted
fusion, Unmanned cleaning vessel
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1. Introduction

1.1 Background and Motivation

Water-surface pollution has become a serious
environmental challenge worldwide. According to
the United Nations Environment Programme,
more than eight million tons of plastic waste
enter rivers, lakes, and oceans every year, with
plastic bottles accounting for a major proportion
of visible floating debris. These floating wastes
not only endanger aquatic ecosystems but also
obstruct waterways, damage ship propellers, and
threaten navigation safety. Manual cleaning of
such waste is inefficient and costly, especially for
large or inaccessible water areas. Therefore,
vision-based Unmanned Surface Vehicles (USVs)
have recently emerged as an effective solution
for automated environmental monitoring and
garbage collection [1-5].

In a typical USV system, the onboard vision
module is responsible for detecting and locating
floating targets on the water surface. However,
detecting small and reflective objects such as
plastic bottles is far more challenging than detecting
objects in terrestrial or aerial scenes. Strong sunlight,
dynamic water ripples, and surface reflections
often cause significant false detections or missed
detections. Moreover, the apparent size of such
floating bottles is very small (typically less than
32x32 pixels in 640x640 input images), which
makes them prone to information loss during
down-sampling in deep networks. Consequently,
designing a detection algorithm that remains
accurate, robust, and real-time under complex
illumination conditions has become a key

research issue.

1.2 Related Works

(1) Object Detection Based on Deep Learning
Over the past decade, convolutional neural
networks (CNNs) have revolutionized object
detection. The You Only Look Once (YOLO)

family [6-10] has been particularly influential due
to its real-time performance and simplicity. YOLOv3
introduced anchor-based multi-scale prediction
[8], YOLOv4 [6] optimized the backbone with
CSPDarknet, and YOLOv7 [10] further refined
feature reuse and gradient consistency.YOLOv8
[7] adopts an anchor-free design, C2f modules,
head,
improving detection precision and efficiency.
Despite these advances, the standard YOLOv8

and a decoupled detection greatly

model still struggles in reflective or small-object

scenarios due to insufficient utilization of
shallow features and lack of physical illumination
modeling.

Other detectors such as SSD [11], EfficientDet
[12], and Faster R-CNN [13] have also been
applied to multi-scale object detection. These
models enhance feature fusion using feature
pyramid networks (FPN) and top-down pathways,
but they often increase model complexity and
inference cost. For embedded platforms like
USVs, where energy and computation are limited,

such heavy architectures are impractical.

(2) Water-Surface Object Detection

Traditional methods for floating waste detection
relied on optical flow, color segmentation, or
morphological filtering [1], which are simple but
fragile under illumination variations. More recent
studies have introduced deep-learning-based
detectors such as YOLOv5 [9], YOLOv7 [10], and
YOLOV8 [7] for water-surface garbage detection
[2-5].

For example, Wang et al. [3] improved YOLOv8
for floating waste detection on the IWHR dataset,
while Chen et al. [4] proposed feature enhancement
networks to improve maritime target detection.
Fan et al. [5] designed a multi-scale attention
network to capture small floating objects more
effectively. Nevertheless, these methods mainly
focus on feature-level enhancement and data
the physical

augmentation but still ignore

reflection mechanism of the water surface,
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leading to performance degradation in highly

reflective conditions.

(3) Physics-Prior and Reflection Modeling

Intrinsic image decomposition and reflection-
invariant representations [14,15] have demonstrated
strong potential in mitigating illumination effects.

Shen and Cai [14,15] established a physics-
prior reflection model in which the observed

image intensity I can be decomposed
1= 1, +1,, as separating diffuse and specular
components.

Inspired by these principles, recent works have
attempted to embed physical priors into deep
neural networks for reflection suppression [15,16].

Recent studies in intrinsic image decomposition
and reflection separation have provided strong
theoretical foundations for handling illumination
interference. Classical dichromatic reflection models
describe the observed intensity as the sum of
diffuse and specular components, enabling separation
through chromaticity constraints. Deep-learning-
based reflection removal methods such as Zhang
et al. (CVPR 2018), Fan et al. (ECCV 2020), and
Yin et al. (Deep Reflection Prior, 2019) further
introduce  convolutional and  prior-driven
mechanisms to suppress specular highlights by
learning illumination-invariant representations.
These works demonstrate that physically informed
neural networks can effectively decompose reflection
layers and enhance downstream perception tasks.
The proposed SIDSFront module follows a similar
principle by constructing a reflection-invariant
projection to mitigate specular interference on
water surfaces.

However, most reflection-aware methods are
limited to natural image processing and have not
been adapted for real-time detection tasks such

as water-surface garbage recognition.

(4) Small-Sample and Generalization Studies

Small-sample and cross-domain  object

detection has also attracted increasing attention.

Wang et al. [17] proposed a causal modeling
approach for small-sample SAR target recognition,
improving model interpretability and generalization.

Similarly, Ding et al. [18] and Zhang et al. [19]
explored visual recognition and control for robotic
Zhao et al. [20]

vision-guided control in agricultural robotics.

systems, while investigated
These studies highlight that physically inspired

architectures can bridge the gap between
theoretical modeling and real-world embedded

deployment.

1.3 Research Motivation and Contributions

To overcome the aforementioned limitations,
this paper proposes an improved YOLOv8-based
algorithm specifically designed for water-surface
plastic bottle detection.

The model introduces physical priors and
multi-scale fusion mechanisms to enhance robustness
against specular reflection and small-object
detection.

The main contributions are summarized as
follows:

SIDSFront Module:

A reflection-invariant dual-stream feature
extraction module that combines physics-based
INV projection with a gate fusion mechanism to
highlights and

illumination robustness [14-16].

suppress specular enhance

P2 Detection Layer:

A new shallow detection branch (stride = 4) is
added to exploit high-resolution features from
early backbone stages, significantly improving
small-object recall [2,9,12].

wP2 + wHL Dual-Weighted Fusion:

A multi-scale fusion mechanism
(wP2) and

highlight suppression (wHL), improving balance

feature
combining adaptive weighting
between semantic and spatial features [2-5].
Experimental Validation:
Comprehensive experiments are conducted on
three datasets—FloW, IWHR_AI Lable_Floater VI,

and FloatingTrash —demonstrating that the proposed
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method achieves higher mAP and Recall than
baseline YOLOv8n [7,9,10,16], while maintaining
real-time inference speed (=80 FPS).

In summary, this study integrates physics-prior
modeling, multi-scale small-object enhancement,
and real-time lightweight design into a unified
detection framework.

It provides a practical and interpretable
solution for real-time perception in unmanned
cleaning vessels, contributing to the broader
integration of artificial intelligence and ecological

protection.

2. Methodology

This section presents the overall design of the
improved YOLOvV8 architecture for water-surface
plastic-bottle detection.

The network introduces three key components:
a physics-prior reflection-invariant front-end
(SIDSFront), a new P2 detection layer, and a
dual-weighted fusion mechanism (wP2 + wHL).

These

small-object perception and reflection robustness

improvements aim to enhance

while maintaining lightweight computational

complexity suitable for embedded USV deployment.

2.1 Overview of the Improved YOLOvV3
Architecture

The proposed model is built upon the
YOLOv8n backbone—neck-head framework [7].

Compared with the baseline, a new branch
(P2) is added to capture high-resolution shallow
features, and the standard backbone input is
preceded by a SIDSFront module that projects
RGB images into reflection-suppressed feature
space.

The overall data flow is as follows:

Lpp—>SIDSFront(Iyp;)—Backbone  (1.1)
— Neck( FPN+ PAN)— Head (P2 — P5)

Where /pp; denotes the original image.

The SIDSFront outputs a feature map with the
same spatial resolution as the input, ensuring
compatibility with subsequent C2f layers.

The overall architecture of the improved
YOLOvV8 network, including the SIDSFront and
the added P2 detection branch, is illustrated in
Figure 1.
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[Fig. 1] Overall structure of the improved YOLOv8
network
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This diagram presents the full architecture of
the proposed model, including the backbone,
neck, and detection head. The key modifications
compared with the original YOLOv8 include:

(1) insertion of the SIDSFront branch for

illumination-robust feature extraction;

(2) addition of the P2 layer for high-resolution

small-object detection: and

(3) integration of the wP2 + wHL dual-weighted

fusion mechanism in the head to
emphasize spatial detail and suppress
highlight-induced activations.

All feature flow directions and tensor scales

are illustrated for clarity.

2.2 SIDSFront: Physics—Prior Reflection—
Invariant Front-End

2.2.1 ModelMotivation and Physical Model
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Water surfaces produce strong specular reflections
that violate the Lambertian assumption of most
CNN feature extractors.

Following intrinsic-image  decomposition
theory [14, 15], the observed intensity at each

pixel can be modeled as:

1= ]a’z'ff +]s/)ec (12)
Where ;/ is the diffuse component determined

by surface color and 1 is the specular

spec
reflection caused by direct illumination.
regions, I,, dominates and

In high-gloss pec
causes the network to misinterpret reflections as
object edges.

SIDSFront

physics-prior projection to suppress Z,, before

To mitigate this, performs a

feature extraction.

2.2.2 Reflection—Invariant Projection
Let Z, denote each RGB channel.

According to reflection modeling theory [15],
specular reflection tends to increase all RGB
channels simultaneously, since its intensity
mainly depends on the illumination color. In
contrast, diffuse reflection carries the surface
albedo and therefore exhibits larger variation in
property

construction of a reflection-invariant representation

channel ratios. This enables the

by suppressing the illumination-dependent

specular component.
Hence, we define the

Difference Space (SIDS) as:

Specular-Invariant

[i171/:10g<[ R)i %V(m([ (})+10g<[ 3)} (13)

This logarithmic transformation eliminates
multiplicative illumination terms and isolates
intensity variations insensitive to specular
reflection.

After normalization to [-1,1], the projection

map /;,, is concatenated with the original RGB

tensor to form a 4-channel input:

F = Concat(Iypg, 1 ,,) (1.9

A 1x1 convolution then reduces it back to
three channels for
YOLOvV8 backbone.

compatibility with the

2.2.3 Dual-Branch Gate Fusion

The SIDSFront employs two parallel paths:
(1) an RGB path preserving color and texture;
(2) an INV path emphasizing reflection-suppressed
signals.
Their outputs are fused using a learnable
gating parameter B that adapts spatially via a

sigmoid activation:

Foa=8 "FpptQ=8)-F,,
B= U( w* [Eﬂm’ FRGB} +b) (1.5)
Where W denotes 1x1 convolution weights, X is
convolution, and o( «) is the sigmoid.

This adaptive fusion enables the network to
emphasize INV features in reflective regions and
RGB features elsewhere.

During back-propagation, B is automatically
learned without supervision.

The overall structure of the SIDSFront module,
including the RGB and INV dual-branch fusion,

is illustrated in Figure 2.
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[Fig. 2] Structure of the SIDSFront module
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This figure illustrates the reflection-invariant
feature extraction process. The module computes
the Specular-Invariant Difference Space (SIDS)
projection from the RGB input and forms a
4-channel tensor by concatenating reflective-robust
features with the original image. A 1x1
convolution reduces the fused feature dimension,
followed by convolutional blocks to extract
refined shallow features. The design mitigates
highlight

robustness under strong illumination.

specular effects and enhances

2.3 P2 Detection Layer for Small-Object
Enhancement

2.3.1 Motivation
In YOLOVS,

operates at a stride of 8 (feature map size =
80%80 for 640x640 input).

This limits the receptive field for small targets

the shallowest detection head

such as floating plastic bottles.

To improve localization of small objects, we
introduce a new detection branch P2 (stride = 4,
160% 160 resolution).

2.3.2 Structural Integration

The P2 layer is constructed by concatenating
the up-sampled P3 feature map (80—160) with
the first backbone feature C2 (160x160x128).

A 1x1 convolution aligns the channels before

fusion:
P2 = C2f(Concat( Upsample(P3), C2)) (1.6)
The detailed configuration of the added P2

detection branch is summarized in Table 1.

(Table 1) Detailed configuration of the P2 detection

branch.
Layer Input Size Operation Output Size Stride
Cc2 160x160x128 - 160x160x128 4
P3 80x80x256 | Upsample x2 |160x160%256

Concat - Channel merge | 160x160x384

[N NN

C2f 160x160x384 | Bottleneck  |160x160%128

The C2f block follows YOLOvS's lightweight
bottleneck design, maintaining 128 channels
after fusion.This layer is then connected to the
detection head with three output anchors per
cell, predicting bounding boxes, confidence, and
class probability.

The P2 branch improves feature granularity,
allowing the detector to preserve small-object

context lost in deeper layers.

2.3.3 Multi-Scale Structure with P2 Layer

The introduction of the P2 branch extends
YOLOVS's standard three-scale detection (P3-P5)
to a four-scale configuration (P2-P5). This design
ensures that high-resolution spatial features and
deeper semantic information are simultaneously
utilized, thus achieving better scale balance
between small and medium targets. Figure 3
illustrates the overall multi-scale feature
structure and the added P2 detection layer in

YOLOVS.
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[Fig. 3] Illustration of the multi-scale structure and
the added P2 detection layer in YOLOv8

This figure visualizes the enhanced feature
pyramid with the the P2
detection layer (stride = 4). The P2 branch

extracts high-resolution shallow features from

introduction of

early backbone layers, enabling improved
detection of small or distant plastic bottles.
Connections between P2 and existing P3-P5
layers are shown, demonstrating how multi-scale

information flows to the detection head.
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In this extended pyramid, shallow feature
maps (P2 and P3) primarily encode texture, edge,
and shape information, whereas deeper maps (P4
and P5) capture semantic and contextual cues.
By explicitly connecting the P2 branch to both
the backbone and neck, the model improves
gradient propagation to early convolutional
blocks. This not only enhances convergence
stability but also mitigates the information loss
commonly caused by multiple down-sampling
operations.

To maintain real-time inference, we carefully
balance the P2 width and the

up-sampling scheme.Empirical studies show that

channel

using 128 output channels for P2 achieves the
best trade-off between accuracy and latency.
With this configuration, the total parameters
increase by less than 0.1 M compared to the
baseline YOLOv8n, while mAP50 improves by 1.2
-1.5% on the validation set.

2.4 Dual-Weighted Fusion Mechanism
(wP2 + wHL)

2.4.1 Motivation
Although adding the P2 branch enhances

spatial detail, multi-scale fusion among P2-P5
layers can still suffer from imbalance:shallower
features contribute fine-grained spatial details
but may introduce noise, while deeper features
contain strong semantics but lose resolution.

Moreover, reflection artifacts from the water

Weighted

Fusion
(WP2+wHL)

B T e TEEE T Tr

[Fig. 4] Architecture of the wP2 + wHL dual-weighted
fusion mechanism

surface may cause inconsistent activations across
scales.To address this, a dual-weighted fusion
mechanism (WP2 + wHL) is proposed, as
illustrated in Figure 4.

The fusion mechanism combines multi-scale

feature representations using:

(1) wP2, which adjusts the contribution of
shallow high-resolution features relative to
deeper semantic features; and

(2) wHL, which suppresses illumination-induced
activations by incorporating highlight
likelihood maps.

This figure shows how weighted fusion is

applied before each detection head, improving
feature balance under complex water-surface

reflections.

2.4.2 Weighted Multi-Scale Fusion (wP2)

For each scale i={2,3,4,5},we denote the

input feature as F,.

The fusion weight 4; is automatically learned
through a soft attention mechanism:

exp(Conv, . (F}))

A=— a7
):j?zzexp(amlh x 1<F;>>

The final fused feature map #,,, is obtained

as a weighted sum:

5
Ffusimz = ;AL * E (18)

This normalization ensures that all weights

sum to one, dynamically balancing the
contributions of shallow and deep features.During
training, gradients flow through ,enabling the
network to adaptively emphasize scales that
benefit detection under specific illumination
conditions. Figure 4 (left) depicts the schematic
of this process, where feature maps from P2-P5

are jointly aggregated through learnable weights.

2.4.3 Highlight Suppression Weight (wHL)

While wP2 adapts feature weighting across
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scales, it does not explicitly address specular
highlight interference. Therefore, an additional
highlight suppression term (wWHL) is introduced to
modulate features based on local reflection
intensity. We first generate a Highlight Map (H)
by computing the per-pixel maximum channel

response of the RGB input:

Hz,y)=max {l(z,9).I(z.y) Io(z.y)}  (1.9)

Regions with high H(xz,y) correspond to strong
specular reflection.

The highlight suppression coefficient « is

computed as:

a=1—0(k « (H—pp)) 2.0
where k is a scaling constant, #y is the global

mean intensity, and o( *) denotes the sigmoid
function.
The highlight weight map W}; is then applied

to the fused feature:

£ out = WHLOF fusion

where

W2 y)= a(z,y) (2.1)

And © represents element-wise multiplication.

As a result, feature responses in overexposed
regions are attenuated, preventing false
activations caused by specular glare. Figure 4

(right) shows this reflection-aware modulation.

2.4.4 Joint Optimization of wP2 + wHL

The two weighting mechanisms are optimized
simultaneously in the detection pipeline.

The overall loss Lfunction is defined as:

E£=La T AnLps T AuLy 2.2)
Where:
& 4ot is the standard YOLOv8 detection loss

(IoU + confidence + classification);

&£ p, encourages correct gradient flow for the

shallow branch;

&, constrains highlight suppression consistency;
Apy and 4, are balancing coefficients empirically

set to 0.3 and 0.1.
During training, wP2 and wHL act as implicit
attention modules that require no extra supervision.

The entire model remains end-to-end trainable.

2.5 Complexity and Inference Efficiency

To verify the efficiency of the proposed

architecture, we evaluate its computational
complexity in terms of parameter count and
floating-point operations (FLOPs).

The total parameter count is computed as:

L
Params =Y (K2 X C,, . IxCy . 1) 2.3)

in
=1

And the FLOPs as:

FLOPs = 2.4)

Y (2xkXC, . IXCpy . IXHx W)

=1
Where %, is the kernel size and H, , W, are the
spatial dimensions at layer / .

Based on this formulation, the final proposed
model contains 3.6 M parameters, slightly higher
than the YOLOv8n baseline (3.15 M) due to the
additional SIDSFront, P2, and wP2 + wHL modules.
Despite the parameter increase, the model
maintains real-time performance, achieving 80
FPS on an RTX 5060 Ti GPU (batch size = 1). This
indicates that the introduced modules incur
minimal computational overhead while significantly
Although
embedded hardware tests were not conducted in

this study, the lightweight architecture (3.6 M

improving detection accuracy.

parameters) and moderate computational cost
suggest that the model can achieve real-time
performance (025 FPS) on devices such as Jetson
Xavier NX after TensorRT optimization.
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2.6 Overall Workflow

The complete inference workflow of the proposed
detection framework can be summarized as a
continuous feature transformation process.

Given an input RGB image, the SIDSFront module
features.

first generates reflection-invariant

These features are propagated through the
backbone and neck, where the newly added P2
layer extracts shallow detail and the wP2 + wHL
fusion adaptively balances feature contributions.
Finally, the multi-scale head outputs bounding
boxes, confidence scores, and class probabilities.
The overall inference process can be represented
as:

Output = YOLOV8_Head ( FP* ") 2.5)

Where F“F*"*“L denotes the final highlight-aware

feature map after fusion.

This unified framework successfully integrates
physics-prior modeling, multi-scale enhancement,
and computational efficiency, laying a
foundation for robust real-time water-surface

object detection in embedded USV systems.

3. Experiments and Results

3.1 Experimental Setup

Experiments were conducted on a workstation
equipped with the hardware and software listed
in Table 2. This configuration ensures stable
models and allows

training of lightweight

real-time inference evaluation.

(Table 2) Experimental environment configuration

Component Specification
GPU NVIDIA GeForce RTX 5060 Ti (16GB)
CPU AMD Ryzen 9700X
Memory 32 GB DDR5 6000 MHz
Framework PyTorch 2.9.0.dev + CUDA 12.8
Environment Windows 11, YOLOv8 8.3.186
Flow-raw-reshape ;
Dataset IWHR_AI_Lable_Floater ;
FloatingTrash-Custom

To ensure reproducibility, the software and
hardware environments are described in detail as
follows.

The experiments conducted
workstation equipped with an NVIDIA RTX 5060
Ti (16 GB) GPU, AMD Ryzen 9700X CPU, 32 GB
DDR5 6000 MHz RAM, and Windows 11 Pro.

The model was implemented using PyTorch
2.9.0.dev + CUDA 12.8, running on Python
3.10.12 with Ultralytics YOLOv8 version 8.3.186.

The NVIDIA driver version was 580.97, and

automatic mixed precision (AMP) was enabled

were on a

during training.

All experiments used a batch size of 16,
num_workers = 10, and random seed = 42 to
ensure reproducibility.

Inference was performed with batch size = 1
and FP16 acceleration enabled on GPU.

3.2 Dataset Description

Three datasets were employed to evaluate the
proposed detection framework: FloW, IWHR_
Al_Lable_Floater_V1, and FloatingTrash-Custom.

Together, they cover a broad range of water
-surface appearances, illumination conditions,
and object scales.

Representative samples are shown in Figure 5,
illustrating typical scenarios such as strong
surface reflections, rippled textures, low-contrast

scenes, and small distant plastic bottles.

3.2.1 Flow Dataset

The FloW dataset contains diverse real-world
water-surface images captured under varying
weather and lighting conditions, including strong
specular highlights, cloudy backgrounds, and
rapidly changing ripple patterns.

It also features plastic bottles at multiple
scales and orientations, making it well suited for
evaluating the reflection robustness of the
SIDSFront and wHL modules.

Bottle sizes range from approximately 60-100 pixels

down to less than 30 pixels, providing a solid basis



42 AEQIEHUEES=2X| M113E HM6E, 2025

for assessing small-object detection capability.

3.2.2 IWHR_AI_Lable_Floater_V1 Dataset
The IWHR dataset primarily includes calmer

water environments such as reservoirs and
controlled river channels.

Compared with FloW, it exhibits more stable
surfaces and fewer extreme reflections.

It also contains many partially occluded bottles
—such as half-submerged or wave-tilted objects
—and targets near hydraulic structures, adding
background complexity.

This dataset is therefore valuable for testing
under structured and

detection robustness

engineering-related water conditions.

3.2.3 FloatingTrash—Custom Dataset (Self-Built)

The FloatingTrash-Custom dataset was collected
using a dual-camera mobile platform on local
rivers and lakes to simulate realistic unmanned
cleaning vessel (USV) scenarios.

It features complex water-surface dynamics,
strong localized reflections, and small long-distance
targets (8-30 pixels).

Bottles are often partially hidden by waves or
foam, and additional noise comes from natural
debris such as leaves, branches, and floating scum.

All images were manually annotated in YOLO format.

This dataset introduces greater environmental
variability than FloW and IWHR, making it
essential for evaluating the model's generalization

performance in real-world USV deployments.

3.2.4 Dataset Overview

A summary of the three datasets used is
provided in Table 3.

{Table 3> Dataset and Sample Distribution

Dataset Images | Resolution | Classes |Train:Val:Test
FloW-raw-reshape 3,200 | 640x640 1 (Plastic 7:2:1
Bottle)
IWHR_AI_Lable_Floater | 2,400 | 640x640 1 8:2:—
FloatingTrash-Custom | 1,500 | 640x640 1 7:21

[WHR_AI Leble Floater

FloatingTrash-Custom

FloW-taw-reshape

[Fig. 5] Representative Samples of the Three Datasets

Example images from the FloW, IWHR_AI_Label_
Floater_V1, and FloatingTrash-Custom datasets
are shown to illustrate typical visual challenges.

These

low-contrast backgrounds, dense water ripples,

include strong specular reflection,
partial occlusion, and distant small targets.

The figure demonstrates the diversity and
difficulty of the scenes used during training and

evaluation.

3.3 Training Settings

All models were trained using the standard
YOLOV8 training pipeline to ensure consistency
and fairness across experiments.

The input resolution was set to 640 x 640, and
a batch size of 16 was used during training.

Optimization was performed using SGD with a
momentum coefficient of 0.937 and an initial
learning rate of 0.01, which gradually decreased
according to a cosine annealing schedule.

Each model was trained for 200 epochs, with
Kaiming uniform initialization applied to all
convolutional layers.

To improve robustness, several commonly
used data augmentation strategies were adopted,
including random horizontal flipping, HSV-based
color jittering, Mosaic augmentation, and
random brightness adjustment to simulate glare
and varying illumination.

In addition, synthetic specular-reflection patches



A Reflection-Robust and Lightweight YOLOv8-Based Model for Water-Surface Plastic Bottle Detection 43

were incorporated to mimic water-surface highlights,
thereby enhancing the model's capability to
handle challenging illumination conditions.
Importantly, the same training configuration
and augmentation procedures were applied to
both the baseline YOLOv8n model and the

improved variants to ensure a fair comparison.

3.4 Ablation Study

The ablation experiments were designed to
assess the individual contribution of each proposed
component, including the P2 detection layer, the
SIDSFront reflection-invariant front-end, and the
wP2 + wHL dual-weighted fusion mechanism.
Five model variants were evaluated: the YOLOv8n
YOLOv8n with P2, YOLOv8n with

SIDSFront, their combined configuration, and the

baseline,

full model integrating all modules.

The results, summarized in Table 4, provide an
overall comparison of these variants and
establish the basis for the detailed performance

analysis presented in the following section.

(Table 4> Results of ablation experiments

Model | A998d 1 APEO | mAP50-95 |Params(M)|  FPS
Module
YOLOv8n | _ 08500 | 04633 | 315 82
(Baseline)

P2 | P2 Layer | 08628 | 04686 | 325 81
+SIDSFront [NV + Gate] 0873 | 04662 | 345 81
*SIDSEOM b gl Fusion 08820 | 04702 | 356 80
+SIDSFront | .

oo Final Mode 09012 | 0.488 36 80

To better illustrate the contribution of each
component, we report performance gains relative
to the YOLOv8n baseline.

Adding the P2 layer increases mAP50 from
0.8509 to 0.8628 (+1.19%), confirming the benefit
of incorporating high-resolution shallow features
for small-object detection.

The SIDSFront module further improves mAP50
to 0.873 (+2.20%) by effectively suppressing

specular-reflection-induced false positives.

When combined, SIDSFront and P2 achieve
0.8829 mAP50 (+3.76%), indicating complementary
strengths in physical-prior refinement and
multi-scale feature enhancement.

The full model—integrating SIDSFront, P2, and
the wP2 + wHL dual-weighted fusion mechanism
—achieves 0.9012 mAP50 (+5.02%) and improves
mAP50-95 from 0.4633 to 0.488 (+2.47%),
representing the highest overall accuracy.

These results demonstrate that each module
provides a meaningful performance gain, while
their joint integration yields the most significant
improvements across all metrics.

Overall, P2 primarily enhances recall through
better detection of small and distant targets,
whereas SIDSFront contributes to superior mAP50
-95 and reduces false positives under intense
glare.

The complete fusion framework delivers the
best performance, verifying the effectiveness of
adaptive multi-scale weighting and highlight

suppression in complex illumination conditions.

3.5 Generalization Results

To further assess generalization capability, the
models were evaluated on unseen water-surface
scenarios featuring diverse environmental
conditions, including strong specular reflections,
backlit scenes with low contrast, densely rippled

surfaces, and long-distance small targets.

Comparison of mAP50 and Recall on Test Set

B mAPS0
0.95 Recall

Metric Value
o
=
&

YoLov8n W2t whk

n
v8n + 2
YOLO N S\DSFTU“‘ + WP

YOLOw8"
Model
[Fig. 6] Comparison of mAP50 and Recall among
three models on the test set
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Figure 6 compares the mAP50 and Recall among
the three models, showing clear performance
improvements of the proposed method.

The bar charts compare the detection accuracy of
the baseline YOLOv8n, YOLOv8n+P2, and the
proposed full model. The results show that
adding the P2 layer improves small-object recall,
while combining SIDSFront and wP2+wHL yields
the highest performance. This figure highlights
the quantitative advantage of the proposed
method on unseen test data.

In addition to quantitative metrics, qualitative
visualization is provided to illustrate how the
proposed improvements translate into real-world
detection robustness.
shows qualitative

Figure 7 comparisons

between the baseline and the proposed model.

(a) YOLOVBN

==

gl L s

(0) Proposed

(c) YOLOV8n

(e) YOLOVBN

(e) Proposed

[Fig. 7] Qualitative comparison between the baseline
YOLOv8n (a, c, e) and the proposed model
(b, d, f) in various water-surface scenarios.
Red boxes indicate false positives, while
purple boxes highlight missed detections.

The visual examples in Figure 7 illustrate the
performance differences between the baseline
YOLOv8n and the proposed model under challenging
water-surface conditions, including strong glare,
rippled backgrounds, and low-contrast scenes.
The baseline model frequently misidentifies

reflection artifacts as floating objects and misses

small or partially submerged bottles, particularly
when highlights obscure object boundaries.

In contrast, the proposed detector produces
more stable and accurate results across all scenarios.
The SIDSFront module suppresses reflection-
induced activations, reducing false positives in
overexposed regions, while the P2 layer enhances
high-resolution spatial detail, enabling successful
detection of small or distant bottles. Additionally,
the wP2 + wHL fusion mechanism improves
multi-scale consistency, vyielding clearer and
better-localized bounding boxes.

Overall, the qualitative observations in Figure
7 align with the quantitative gains reported
earlier, confirming that the proposed model
offers improved robustness and interpretability
under real-world illumination and geometric

variations.

3.6 Real-time Performance

Latency is a critical factor for real-world
deployment on unmanned surface vessels (USVs),
where onboard computation is limited and rapid
decision-making is essential.

To examine the real-time capability of the
proposed method, inference speed was first
evaluated on a desktop GPU. The baseline
YOLOv8n model achieved an average of 82 FPS,
while the improved model maintained a
comparable throughput of approximately 80 FPS,
indicating that the added modules introduce only
negligible computational overhead.

This suggests that the proposed framework
provides improved detection performance without
sacrificing real-time capability.

Figure 8 presents the precision—speed
trade-off between the baseline and improved
models.

As shown in the figure, the proposed method
achieves higher detection accuracy while retaining
competitive inference speed, confirming that the
design strikes a favorable balance between model

precision and efficiency.
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Precision-Speed Trade-off Curve

MAP50 (%)
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[Fig. 8] Precision—Speed Trade-off Curve

This plot compares mAP50 against inference
speed (FPS) for the baseline model, YOLOv8n+P2,
and the proposed method. Although the
improved model introduces additional modules,
it maintains near-baseline real-time speed while
achieving higher precision. The figure highlights
the efficiency—accuracy balance enabled by the

lightweight architectural design.

3.6.1 Embedded Deployment Discussion

Although embedded hardware testing was not
conducted in this study, the final model remains
lightweight, with 3.6 M parameters—only a
modest increase over the YOLOv8n baseline (3.15
M).Given the small architectural overhead and
the maintained 80 FPS performance on an RTX
5060 Ti, it is reasonable to expect that the model
would achieve real-time inference performance
(>25 FPS) on platforms such as Jetson Xavier NX
or RK3588 after TensorRT FP16 optimization.

Future work will include deploying the model
on actual USV onboard hardware and evaluating
its runtime latency, memory footprint, energy

consumption, and long-term operational stability.

4. Conclusion and Future Work

4.1 Main Conclusions

This study presents an improved YOLOv8-based

detection framework specifically designed for
water-surface plastic bottle detection in complex
illumination environments.

By integrating physical priors with multi-scale
feature enhancement, the proposed model
effectively addresses two major challenges in
water-surface perception: specular reflection and
small-object detection.

The SIDSFront

reflection-invariant projection and dual-branch

module, constructed upon
feature fusion, significantly reduces the influence
of specular highlights and improves feature
stability under strong illumination.

Meanwhile, the introduction of the P2
detection layer expands the feature pyramid to a
finer spatial scale, enabling more accurate
localization of small and distant floating bottles.

To further enhance multi-scale consistency,
the wP2 + wHL fusion mechanism provides an
adaptive balancing strategy between shallow
spatial representations and deeper semantic
features, while jointly suppressing glare-induced
activations.

Experiments conducted on FloW, IWHR, and the
self-built FloatingTrash-Custom dataset demonstrate
that the proposed model delivers consistent
improvements in both mAP50 and recall.

Despite these enhancements, the computational
overhead remains minimal, and real-time
performance (over 80 FPS on a desktop GPU) is
preserved.

These results verify that the improved model
not only enhances detection performance but also
maintains the efficiency necessary for practical

deployment on unmanned surface vessels.

4.2 Limitations

Although the proposed framework demonstrates
strong performance, several limitations remain.

The current study focuses solely on plastic-bottle
detection, whereas real water environments
contain various types of floating debris.

Extending the model to multi-class detection
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will require larger and more diverse datasets.
In addition, some parameters involved in the
reflection-suppression mechanism—such as the
highlight weighting coefficients—are determined
empirically and may vary across environmental
conditions.
A more adaptive or data-driven parameter tuning
strategy would further improve robustness.
the

independently without incorporating temporal

Moreover, model processes images
information.

For scenarios involving camera motion or rapidly
changing water surfaces, temporal modeling
techniques could enhance stability and continuity

in detection results.

4.3 Future Work

Future research will aim to address the above
limitations and further enhance the practical
applicability of the proposed method.

One promising direction is the integration of
stereo vision or depth sensing, which may help
separate objects from reflections and improve
three-dimensional localization accuracy.

In addition, incorporating self-supervised or
contrastive learning techniques could reduce the
dependence on large labeled datasets and
enhance cross-scene generalization.

Another potential direction lies in the use of

neural architecture search or neuroevolution

algorithms to automatically explore optimal
configurations under specific computational
constraints.

Furthermore, real-world deployment on

embedded platforms remains an essential step.

Although
theoretical suitability for devices such as Jetson
Xavier NX and RK3588, further work will include

hardware-level optimization and field testing on

the current model demonstrates

actual unmanned surface vessels to evaluate

latency, power consumption, and system

robustness in real operational environments.
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