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ABSTRACT 

Accurate trash detection in aquatic environments remains a significant challenge for detection models, 

which exhibit persistent limitations in identifying small and partially submerged objects. Additionally, a 

notable gap exists in methodologies for fine-tuning the detection model to optimize performance for a 

specific waterways. To address these limitations, the first objective is to develop a detection model designed 

to enhance performance on small and partially submerged trash, and the second is to establish a framework 

for efficiently adapting the model to achieve high accuracy within local waterways. First, the YOLOv11 

architecture is enhanced by integrating LCAM and LCBHAM attention mechanisms and pre-trained on 

various combinations of public datasets to establish a robust, baseline model. For the second objective, 

this baseline model is adapted using a data-efficient framework. This study process introduces the 

BojongTrash dataset, captured from a specific waterway, and involves systematically fine-tuning the model 

on incremental subsets of this data to determine the minimum quantity of images and training epochs 

required to achieve high accuracy in the target environment. The proposed YOLOv11s-LCA architecture 

demonstrated a statistically validated improvement over its baseline, increasing the mAP50 score from 0.779 

to 0.836 on the FloW-Img dataset with only a 0.1% parameter increase. Furthermore, the research 

establishes a highly efficient fine-tuning framework, demonstrating peak mAP50 performance of 0.908 that 

achieved by fine-tuning on 1,000 images for only 3-5 epochs. Therefore, this research validates lightweight 

attention mechanisms as an efficient strategy for enhancing detection in complex environments and 

provides a practical framework that enables the rapid deployment of tailored, high-accuracy monitoring 

systems. 

Keywords : Floating Trash Detection, YOLOv11, Attention Mechanism, Deep Learning, Waterway 

Monitoring. 

 

1. Introduction  

The pollution of aquatic environments by floating trash is an urgent global environmental 

crisis, posing significant risks to marine ecosystems and human health worldwide (Napper & 

Thompson, 2019). Internationally, rivers and waterways serve as critical pathways that transport 

vast quantities of land-based waste into the ocean, with over 1,000 rivers globally accounting for 

approximately 80% of annual riverine plastic emissions (Meijer et al., 2021). Asia contributes the 

highest continental estimate, responsible for 80.99% of global plastic emissions to the ocean (R.-

S. Yu et al., 2023). Transitioning to the national scale, Indonesia is recognized as a major 

contributor to the aquatic waste contamination, generating approximately 7.8 million tons of 

plastic waste annually, with 4.9 million tons often mismanaged (Sakti et al., 2023), and was 

previously estimated to be the fifth-largest global source of marine plastic debris (Meijer et al., 

2021). This issue is especially severe within the country’s urban centres, such as Jakarta, where 

13 local rivers transport a continuous flow of mismanaged plastic pollution into Jakarta Bay (Sari 

et al., 2022). Furthermore, critical waterways such as the Mahakam River face waste 

contamination from industry and agriculture (Sukmono et al., 2024), and a localized study, such 

as one on the Deli River in Medan, show that microplastic comprised 34.40% of the total macro 

litter collected, exacerbated by significantly increased plastic consumption (Hasibuan et al., 

2022). The widespread contamination observed in these waterways is a visible consequence of 

longstanding failures in waste management, highlighting the critical need for data-driven 

interventions and advanced monitoring systems to effectively target cleanup efforts. 
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Traditional methods for monitoring waterway pollution, particularly floating trash, which 

rely on direct human effort and physical sampling, are labor-intensive, costly, and lack the 

scalability required to address the problem effectively (van Lieshout et al., 2020). Intermediate 

attempts at automation, such as the deployment of fixed camera monitoring systems (L. Zhang et 

al., 2021) or passive collection devices like Seabins (Kelly et al., 2023), are limited by restricted 

geographical coverage or the necessity of laborious manual review of image data. Consequently, 

there is an urgent transition toward robust, automated detection technologies utilizing Artificial 

Intelligence (AI) and computer vision (Bhuvaneswary et al., 2025). These modern systems deploy 

object detection models, notably the YOLO family of algorithms, on platforms such as Unmanned 

Aerial Vehicle (UAV) and Unmanned Surface Vehicle (USV) (Nguyen & Tran, 2022; Niu et al., 

2019; Peng et al., 2024). While this technological shift enables large-scale monitoring, it also 

underscores the central challenge of developing detection models that strike a crucial balance 

between computational efficiency and the robustness required for reliable performance in 

dynamic waterway conditions. 

The evolution of AI for floating trash detection began with accurate two-stage algorithms 

like R-CNN and Faster R-CNN, but their heavy computational demands and slow inference 

speeds made it impractical for real-time deployment (Devi et al., 2024; van Lieshout et al., 2020). 

To overcome this deficiency, the field shifted toward using single-stage You Only Look Once 

(YOLO) detectors, as their ability to detect floating trash in a single forward pass delivers the 

high speeds and balanced accuracy necessary for real-time applications (J. Wang & Zhao, 2024; 

G. Wu et al., 2023; Zhao et al., 2024). Despite establishing real-time feasibility, YOLO based 

models performance often degraded in complex environments, particularly in reliably detecting 

small or partially submerged trash due to visual noise from water reflections and background 

clutter (Devi et al., 2024; Fulton et al., 2019).  Even recent, powerful architectures like YOLOv5 

and YOLOv8, while strong general-purpose detectors, still show limitations in this specific 

domain and often require heavy modifications that re-introduce computational overhead. The 

current state-of-the-art addresses these fine-grained challenges by employing modified YOLO 

architecture integrated with specialized attention mechanisms, such as implementing Coordinate 

Attention to the YOLOv7 (K. Li et al., 2023). These mechanisms were designed to enhance 

feature representation, suppress background clutter, and improve detection robustness for 

challenging targets (Z. Jiang et al., 2023; J. Yu et al., 2023). However, a significant limitation 

associated with implementing these complex attention modules was the considerable 

computational overhead it introduced (Peng et al., 2024; J. Yu et al., 2023), which often threatened 

to negate the real-time efficiency gains achieved by the underlying YOLO architecture. This 

creates a clear research opportunity to investigate if the latest, highly efficient baselines, like the 

YOLOv11 family, can be paired with emerging Low Complexity Attention (LCA) mechanisms 

to solve this trade-off. 

Despite the demonstrated capabilities of enhanced architecture like YOLOv7-CA in 

tackling visual difficulties such as small object and background clutter (K. Li et al., 2023), a 

critical challenge remains in reliably deploying these models for operational monitoring because 

of the lack of a standardized and efficient framework for adapting baseline models to unique, 

individual waterway conditions. Current studies frequently utilize models pre-trained on general 

datasets such as ImageNet or aggregated public floating trash datasets (Jia et al., 2024), but these 

generalized models often falter, showing substantial performance degradation when applied to 

varied locations or sensor settings due to insufficient transferability of high-level features 

(Maharjan et al., 2022). This pervasive issue of poor generalization is primarily rooted in the 

scarcity of publicly available, location specific annotated datasets which are essential for targeted 

fine-tuning (Maharjan et al., 2022; van Lieshout et al., 2020). Therefore, this lack of effective 

location-specific fine-tuning significantly impedes the transition to reliable, real-world 

monitoring systems, underscoring the critical need to develop a systematic framework for 

efficiently adapting these advanced detection models to the unique conditions of individual 

waterways. 

Based on the outlined challenges, this research identifies two critical gaps in the current 

state-of-the-art floating trash detection. Firstly, while specialized attention mechanisms have 

shown promise in enhancing YOLO models’ ability to handle complex visual noise and detect 
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challenging targets like small or partially submerged trash (Z. Jiang et al., 2023; K. Li et al., 2023; 

J. Yu et al., 2023), they often introduce significant computational overhead, undermining the real-

time efficiency crucial for practical development (Peng et al., 2024; J. Yu et al., 2023). This 

highlights a need for attention mechanisms that improve robustness without substantial 

computational cost. Secondly, despite the availability of models pre-trained on diverse datasets, 

there is a lack of standardized and efficient framework for effectively adapting these generalized 

models to the unique conditions of specific individual waterways. This deficiency, stemming from 

poor generalization due to insufficient feature transferability (Maharjan et al., 2022) and the 

scarcity of location-specific annotated data (Maharjan et al., 2022; van Lieshout et al., 2020), 

severely hinders reliable operational monitoring. Therefore, a systematic methodology for data-

efficient fine-tuning is critically needed to bridge this gap. The novelty of this research lies in its 

dual-pronged approach. It presents the first study, to our knowledge, that specifically designs and 

validates the integration of specialized Low Complexity Attention mechanisms for the task of 

floating trash detection. This contribution is paired with another crucial first, as the study also 

simultaneously develops a systematic, data-efficient framework for a model’s practical adaptation 

to new, real-world waterways. 

 

 
Fig. 1. Visual summary of the research framework, outlining the progression from identified gap to key 

contributions. 
To address the first challenge outlined in Fig. 1(a) of enhancing small trash detection 

performance without compromising computational efficiency, this study proposes the 

development of a novel YOLOv11-LCA architecture. Following the strategic approach described 

in Fig. 1(b), this method integrates low complexity attention mechanisms into a YOLOv11 

architecture. The core objective is to improve the model’s ability to focus on small and partially 

submerged trash features, while actively suppressing background noise like water reflections and 

surface clutter. By using computationally lightweight attention modules, this solution is designed 

to achieve a superior balance between high detection accuracy and the minimal overhead required 

for real-time practical deployment. The proposed solution, as outlined in Fig. 1(c) is to develop 

and benchmark the architecture on public datasets, establishing a robust baseline model that 

demonstrates significantly improved performance with only a marginal increase in computational 

efficiency. 

To bridge the second gap identified in Fig. 1(a), which is the lack of an efficient adaptation 

framework for specific waterway, this research establishes and validates a data-efficient 

adaptation framework. This framework provides a systematic methodology for fine-tuning the 

baseline YOLOv11-LCA model, aligning with the strategic approach described in Fig. 1(b). This 

process, as port of the proposed solution described in Fig. 1(c) involves collecting a new, custom 

dataset from a target location and then systematically fine-tune the baseline model on incremental 

subsets of the local data. By empirically analyzing the performance at each stage, the framework 

aims to determine the minimum quantity of local images and training iterations required to 
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achieve high-accuracy. This proposed solution delivers a proven, efficient fine-tuning process that 

enables the rapid deployment of tailored monitoring solutions to new environments with minimal 

data and computational resources. 

This research provides several key contributions to the field of automated aquatic trash 

monitoring presented in Fig. 1. The primary outcomes deliver both a novel, enhanced detection 

architecture and a practical framework for real-world deployment, supported by a new specific 

dataset. The key contributions of this study are as follows: 

• A novel, optimized YOLOv11-LCA detection model that serves as a robust baseline for 

aquatic trash detection, demonstrating significantly improved performance with minimal 

computational overhead. 

• A proven, data-efficient fine-tuning framework that enables the rapid deployment of tailored, 

high-accuracy monitoring solutions to new environments by requiring only minimal local 

data and training iterations. 

• The introduction of the “BojongTrash” dataset, a new, custom dataset collected from a 

specific waterway, which is used to validate the adaptation framework and serves as a 

resource for location-specific fine-tuning. 

 

2. Literature Review 

To situate this study, this section provides a critical review of recent deep learning 

advancements in automated waste management, addressing two primary research gaps. We first 

analyze the foundational task of waste classification to differentiate it from the more complex 

challenge of detection in real world scenarios. Following this, we evaluate the evolution of trash 

detection in waterway scenarios, focusing on the YOLO family and the integration of attention 

mechanisms, critically assessing the trade-off between model accuracy and computational cost. 

Concurrently, this review investigates the practical challenge of model deployment, highlighting 

the common absence of systematic frameworks for efficiently fine-tuning pre-trained models to 

new, specific local waterways. This two-pronged analysis will identify the persistent gaps in both 

architectural efficiency and practical adaptation, thereby establishing the dual necessities for the 

methodology proposed in this research. 

Effective trash management and recycling efforts initially focused on accurate trash 

classification, which involves categorizing waste based on material type and recyclability. The 

TrashNet dataset (Aral et al., 2018), a standard benchmark in this domain, includes categories 

such as cardboard, glass, metal, paper, plastic, and general rubbish. The baseline classification is 

essential for the subsequent sorting process that influences the efficiency of recycling systems. 

Deep learning, particularly convolutional neural networks, has been widely explored for this task. 

Studies have shown that models like DenseNet121 and InceptionResNetV2, when fine-tuned with 

data augmentation techniques to compensate for limited dataset sizes, can achieve notable 

accuracy with the example of a DenseNet121 model achieve up to 95% accuracy on the test 

dataset. Further optimization, such as the integration of Genetic Algorithm (GA) to improve 

DenseNet12, has pushed classification accuracy to an impressive 99.6% (Mao et al., 2021). 

However, these results are achieved only on highly controlled scenarios featuring isolated items 

on simple backgrounds. This scenario does not address the far more complex challenge of 

detecting waste in real-world environments. While classification is optimized for sorting, robustly 

detecting trash in cluttered, reflective waterways remains a significant, unresolved issue. This 

study therefore moves beyond classification to focus on the more difficult problem of real-time 

detection, the necessary first step for automated monitoring. 

While classification was a well-defined problem, real-world detection remained a 

significant challenge, prompting researchers to adapt using object detection models. Initial 

applications were dominated by two-stage object detectors such as R-CNN and its successor, 

Faster R-CNN, which became a foundational method for floating trash detection task (Devi et al., 

2024; N. Li et al., 2022; van Lieshout et al., 2020). However, the practical application of these 

models for monitoring dynamic waterways is severely limited. Their two-stage process, which 

first proposes regions and then classifies them, results in heavy computational demands (van 

Lieshout et al., 2020). General speed benchmarks on the COCO datasets quantify this trade-off, 
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showing that two-stage Faster R-CNN models are generally slower, often only achieving sub-10 

Frames Per Second (FPS), whereas single-stage detectors like SSD and YOLO can be 

significantly faster, running as fast as 25 – 33 FPS (Huang et al., 2017). This critical speed 

bottleneck, which makes real-time monitoring of floating trash impractical, is compounded by a 

severe performance gap in the aquatic domain. Recent benchmarking on the FloW-Img dataset, 

for example, demonstrates that a standard Faster R-CNN model achieves a low mean Average 

Precision (mAP) of only 0.180 (Devi et al., 2024). This dual bottleneck in both efficiency and 

accuracy led the field to rapidly shift toward single-stage detectors, most notably the YOLO 

family. By framing detection as a single regression problem, YOLO models are capable of 

processing an entire image in one pass, delivering high speeds essential for real-time applications 

(Redmon et al., 2016).  

Moving beyond the slow two-stage models, the YOLO family of algorithms was rapidly 

adopted for real-time trash detection due to its superior balance of speed and accuracy (Carolis 
et al., 2020; Wahyutama & Hwang, 2022). This real-time capability led  to its widespread 

adaptation in diverse, general-world scenarios, from smart-city based surveillance (Carolis et al., 

2020) to lightweight systems on embedded hardware (Y. Liu et al., 2018). However, these 

successes in general urban scenarios fail to address the unique challenges of aquatic 

environments. This critical gap is demonstrated by quantitative benchmarks, which show that 

while a baseline model like YOLOv7 achieves real-time speed of 32.57 FPS (Z. Jiang et al., 2023), 

the model still has inherent difficulties with small scale trash and complex backgrounds (Z. Jiang 

et al., 2023; PENG et al., 2024). This results in false and missed detections (PENG et al., 2024), 

proving that while the YOLO architecture provides a necessary real-time foundation, it is 

quantitatively insufficient for this specific task. This established a clear need for architectural 

enhancements, leading researchers to integrate specialized attention mechanisms. 

To address the documented failures of baseline YOLO models in floating trash detection 

task, further research commonly integrates specialized attention mechanisms to enhance feature 

representation. This strategy proved highly effective for improving model performance. For 

instance, a study integrating coordinate attention into a YOLOv3 model reported a 7.7 percentage 

improvement in AP score on a challenging dataset (Tharani et al., 2020). Another model, 

YOLOW, enhanced a YOLOv5s model by adding novel attention and fusion modules to improve 

small trash detection performance in water-crossing environments (Xu et al., 2023). This 

modification successfully increased the mAP50 from 0.787 to 0.821. However, this accuracy gain 

came at a high quantifiable cost, creating a new trade-off that compromised real-time efficiency. 

The YOLOW model parameter count increased nearly 190%, from 7.2M to 20.9M. Similarly, the 

YOLOv8MMS model computational load increased by over 50%, from 8.1 to 12.3 GFLOPs (J. 
Wang & Zhao, 2024). This quantifiable trade-off, where significant accuracy gains are achieved 

at the cost of major increases in model parameters and computational load, highlights a critical, 

unresolved gap. It directly reinforces the research question of whether it is possible to gain the 

benefits of feature enhancement without the computational overhead, establishing the clear need 

for truly low-complexity attention mechanisms. 

To understand how a low-complexity module can be achieved, the foundational theory of 

attention mechanisms must be explained. The exploration of channel-wise or “what” attention 

was a foundational starting point, notably defined by the Squeeze and Excitation (SE) block, 

which introduced an effective and lightweight method for model inter-channel dependencies (Hu 

et al., 2018). This method operates by first “squeezing” global spatial information into a channel 

descriptor using global average pooling. This is followed by an excitation step, where fully 

connected layers, including a dimensionality-reducing bottleneck, learn a set of weights to 

recalibrate each channel. While widely adopted for its efficiency, the SE network’s primary 

drawbacks are its complete disregard for spatial information and the potential for information loss 

within its bottleneck, which motivated efforts to improve channel attention. To address this 

limitation and re-introduce the “where” component, foundational work began to explore spatial 

attention. The Convolutional Block Attention Module (CBAM) was a seminal model that 

combined both concepts, sequentially inferring a channel attention map followed by a spatial 

attention map (Woo et al., 2018). Although CBAM effectively demonstrated the power of 

combining both dimensions, its sequential processing and reliance on a channel bottleneck were 
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identified as limitations. This sequential approach also assumes channel and spatial attention are 

separable, preventing the model from capturing more complex, cross-dimensional interactions. 

These limitations opened the door for the development of more efficient and hybrid strategies. 

Subsequent research sought to overcome the limitations of foundational modules, primarily 

the information bottleneck in the SE block and the neglect of positional information. A direct 

response to the SE bottleneck was the Efficient Channel Attention (ECA) module, which 

empirically demonstrated that avoiding dimensionality reduction is critical for learning effective 

channel attention (Q. Wang et al., 2020). ECA-Net discards the two fully connected layers of SE 

and instead employs a single, fast 1D convolution to capture local cross-channel interactions 

efficiently, adding only a negligible number of parameters (Q. Wang et al., 2020). While ECA 

improved the efficiency of channel attention, it did not solve the problem of neglected positional 

information, which is critical for detection tasks. This led to the development of hybrid, cross-

dimensional strategies, most prominently Coordinate Attention (CA), which explicitly embeds 

positional information into the channel attention mechanism (Hou et al., 2021). Unlike the 2D 

global pooling in SE that collapses all spatial information, CA factorizes channel attention into 

two parallel 1D feature encoding processes, one aggregating features along the horizontal axis 

and the other along the vertical axis (Hou et al., 2021). This method allows the network to capture 

long-range dependencies while preserving precise positional information, making it highly 

effective for localization and establishing it as a new standard for improving mAP in challenging, 

small-object detection scenarios. 

To address the critical, unresolved gap for an attention mechanism that provides accuracy 

without major computational overhead, recent study have focused on developing lightweight 

modules. A state-of-the-art example is a family of Low Complexity Attention mechanisms, which 

includes the Low-Complexity Channel Attention Module (LCAM), Lightweight Detail Spatial 

Attention Module (LD-SAM), and a convolution replacement Low Complexity Bottleneck 

Hybrid Attention Module (LCBHAM). These are explicitly designed as lightweight, plug-and-

play units for YOLO frameworks (Y. Zhang et al., 2024). Their design motivation is to enhance 

features for small object while maintaining minimal overhead, which was successfully validated 

in the domain of industrial defect detection. The LCAM module recalibrates “what” features to 

focus on by using efficient 2D convolutions instead of heavy fully-connected layers, thus 

minimizing parameters. The full LCBHAM sequentially combines this with a LD-SAM which 

refines “where” to focus by using a small 3 × 3 kernel that is more sensitive to fine-grained details 

and computationally cheaper than the larger kernels used in other modules. The effectiveness of 

this low-complexity design is quantifiable. When applied to a YOLOv8 baseline for industrial 

defect detection, the LCBHAM-enhanced model called DsP-YOLO significantly improved the 

performance on small, multi-scale defects. The enhanced model increased the overall mAP by 

3.6% on the NEU-DET dataset, 2.1% on the PCB-DET dataset, and 3.9% on the GC10-DET 

dataset. Critically, this accuracy was achieved with a negligible parameter increase and almost 

zero increase in computational load, with the GFLOPs  remaining identical. This proven ability 

to deliver significant mAP gains without computational overhead makes these LCA modules the 

ideal candidates for answering this study’s first research question. 

Having established a promising low-complexity architecture, the second major gap 

identified in literature is not the model design but in practical deployment. A robust baseline 

model, even one pre-trained on diverse public datasets, often experiences significant performance 

degradation when deployed in a new, specific waterway (Jia et al., 2024; Maharjan et al., 2022). 

This domain gap occurs because the high-level features learned from general datasets do not 

effectively transfer to the unique visual characteristics of a new aquatic environment (Maharjan 

et al., 2022). While fine-tuning is the logical solution, its application is hindered by the scarcity 

of annotated, local-specific datasets (Maharjan et al., 2022; van Lieshout et al., 2020). Creating a 

new, comprehensive dataset for every target river is operationally impractical, being both costly 

and labor-intensive. This problem necessitates a strategy of data-efficient fine-tuning, which has 

been validated in other data-scarce domains such as medical imaging (Alinsaif & Lang, 2020) 
and gesture recognition, where training on as little as one-third of data achieved over 90% 

accuracy (Escobedo-Gordillo et al., 2024). Despite this cross-domain success, a similar, 

systematic framework for the specific domain of floating trash detection is notably absent from 
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the literature (Maharjan et al., 2022). This absence confirms the second critical gap, which is the 

lack of a proven, data-efficient framework for adapting models to new waterways, which 

significantly impedes the transition to reliable, real-world monitoring. Validating such a 

framework, however, is dependent on having access to a specialized dataset designed specifically 

for this adaptation task. 

The need for a specialized adaptation dataset reveals another critical resource gap, as 

publicly available datasets like FloW-Img (Cheng et al., 2021) and WaterTrash (Tharani et al., 

2020) are designed for general baseline training, not for local adaptation. These general datasets 

cannot capture the specific water conditions, unique reflection patterns, and distinct debris types 

of every target river. (Jia et al., 2023; Liao & Juang, 2023). This limitation is why many 

researchers have had to create their own custom datasets to address specific environmental needs 

(Jia et al., 2023; Liao & Juang, 2023; van Lieshout et al., 2020). Therefore, to develop and 

validate a robust fine-tuning framework, it is necessary to first collect a new custom dataset from 

a specific target waterway. This new dataset will serve as the testbed for the adaptation study. 

These two related gaps, one in architecture and one in practical methodology, directly inform the 

contribution of this paper. 

In summary, the critical review of the literature has identified two distinct, yet related, gaps. 

First, the field requires a detection architecture that successfully integrates attention to solve the 

persistent problem of small-object detection in aquatic environments without incurring the 

prohibitive computational overhead and high parameter counts seen in previous heavy attention-

based solutions (L. Jiang et al., 2024; Xu et al., 2023). Second, the literature lacks a practical, 

data-efficient framework for adapting a robust foundational model to new, specific waterways, 

which is a critical barrier to real-world deployment (Maharjan et al., 2022). This study will address 

both gaps. It first proposes and benchmarks the novel YOLOv11-LCA architecture, integrating 

the theoretically efficient Low Complexity Attention mechanisms (Y. Zhang et al., 2024) to prove 

a balance of high accuracy and low overhead is achievable. It then develops and validates a 

systematic fine-tuning framework using the newly collected BojongTrash dataset to empirically 

determine the minimum amount of data and training epochs required for effective local 

adaptation. The following methodology section details the experiment design used to test these 

two contributions. 

 
3. Research Methods 

 

 
Fig. 2.  Overview of the systematic experimental process. (a) Initial public dataset from diverse 

perspectives. (b)  Dataset ablation testing for optimal combination. (c) YOLOv11 model variant and 

attention mechanism evaluation. (d) Local waterway image dataset collection and splitting. (e) Fine-

tuning with varying local data amount. (f) Final model evaluation using key metrics. 

This study employs a systematic, multi-stage experimental process, visually outlined in 

Fig. 2, to develop and validate an enhanced YOLOv11 model for detecting floating trash in 

waterways. This process is designed to directly address the first research gap on the need for a 

model that balances high accuracy for small objects with the low computational overhead required 

for real-time deployment. The initial phase, depicted in Fig. 2(a) begins by utilizing several public 

datasets captured from diverse viewpoints. An ablation test shown in Fig. 2(b) is then conducted 

using combinations of these public datasets to identify the optimal data combination. This optimal 



Arjasubrata et al …                          Vol 7(2) 2026: 1015-1044 

1022 

 

combination subsequently serves as the basis for evaluating different YOLOv11 model sizes and, 

critically, for testing various configurations of the proposed attention mechanisms presented in 

Fig. 2(c). The objective of this baseline stage is to empirically prove that YOLOv11-LCA can 

quantifiably outperform the baseline YOLOv11 in detecting challenging small objects while 

maintaining minimal computational overhead, thereby providing a robust solution to the accuracy 

and efficiency trade-off. 

Following the establishment of the optimal YOLOv11-LCA architecture, the research 

transitions to addressing the second research gap on the lack of a practical, data-efficient 

framework for fine-tuning a general model to a new specific waterway. The optimal YOLOv11-

LCA weights derived from training on the public datasets serve as the initial weights for fine-

tuning. This fine-tuning stage utilizes this established YOLOv11-LCA model and the 

“BojongTrash” temporal datasets, employing a specific data splitting strategy detailed in Fig. 

2(d). As illustrated in Fig. 2(e), different quantities of this BojongTrash data are tested during the 

fine-tuning process, along with varied training iterations. This systematic exploration aims to 

determine the optimal amount of local data and training duration needed to effectively adapt the 

baseline YOLOv11-LCA to the unique conditions of the target river scenario. The performance 

of each trained model throughout all stages is rigorously assessed using the evaluation metrics 

presented in Fig. 2(f). In essence, this entire stage empirically defines a practical, data-efficient 

framework for adapting the optimized YOLOv11-LCA to new target environments. 

 
3.1. Public Datasets 

To establish a robust baseline for the proposed enhanced YOLOv11 model and enable 

comparative analysis with existing research that addresses the first research goal, this study 

leverages several publicly available datasets. The primary datasets selected for direct model 

evaluation and comparison are WaterTrash (Tharani et al., 2020), shown in Fig. 3(a), and FloW-

Img (Cheng et al., 2021) with a sample depicted in Fig. 3(b). These were chosen as they are 

established benchmarks representing the two most common and distinct monitoring scenarios. In 

the context of this study, WaterTrash is utilized for its representation of trash in water channels 

from an aerial-like perspective, which often features clustered debris or objects obscured by 

shadows. In contrast FloW-Img provides a dataset of floating waste captured from the viewpoint 

of a USV. These two primary datasets are crucial as they represent distinct viewpoints relevant to 

waterway trash monitoring. Incorporating both datasets guarantees a thorough evaluation of the 

baseline model against the two main visual difficulties inherent in aquatic monitoring. To ensure 

a robust evaluation against the two main visual challenges in aquatic monitoring, utilizing both 

datasets is essential, with FloW-Img covering the difficulty of low-angle surface-level detection 

and WaterTrash addressing the specific hurdles of high-angle aerial detection. 

 

 
Fig. 3.  Sample images from public dataset used in this study. (a) WaterTrash. (b) FloW-Img.  

(c) UAVVaste. (d) TACO. 

To improve model generalization and prevent overfitting to the specific visual context of 

waterways, two secondary datasets, UAVVaste (Kraft et al., 2021), illustrated in Fig. 3(c), and 

Trash Annotation in Context (TACO) (Proença & Simo es, 2020) with an example image 

depicted in Fig. 3(d) are incorporated into the experimental design. UAVVaste consist of images 

from public litter captured from a low-altitude drone’s perspective, primarily in urban and natural 

land environments. TACO is a diverse, crowd-sourced dataset of general litter viewed from a 

pedestrian level, encompassing a wide variety of trash types and backgrounds. The rationale for 

this combination is to force the model to learn the intrinsic features of trash itself, such as shape 

and texture, rather than incorrectly associating trash with its background, like water reflections. 

This highly varied land based contexts in TACO build a robust general understanding of litter, 
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while UAVVaste strengthens this by providing non-water aerial perspectives. This approach is 

hypothesized to create a more resilient foundational model. A summary of all the public datasets, 

including their number of images and instances, is provided in Table 1. 
Table 1 – Instance distribution across Train, Validation, and Test dataset for each of the public dataset. 

Dataset Name 
Instance 

Train Validation Test 

WaterTrash 28,449 7,122 10,193 

FloW-IMG 2,598 650 2,023 

UAVVaste 2,415 638  -  

TACO 3,824 961 - 

Total 33,453 9,371 12,216 

 
3.2. Own Captured Dataset 

While public datasets are used to build the foundational model, validating the second 

research goal of establishing a data efficient fine tuning framework required a new custom dataset. 

This study introduces a proprietary dataset named BojongTrash, specifically curated to reflect the 

unique conditions of local waterways near Telkom University. Data collection was introduced 

across three different waterways using a fixed position high definition camera with the sample 

shown in Fig. 4. The dataset introduces 9,000 images derived from 3,000 images captured from 

each waterway with the capture rate of one frame per second, predominantly around noon. This 

period was intentionally selected because it introduces the most difficult visual noise for a 

detection model, including harsh glare, intense water surface reflections, and deep shadows, 

which are known to cause false positives, thereby providing a rigorous test for model robustness. 

 

 
Fig. 4.  Sample images from BojongTrash dataset, captured from three distinct local waterway near 

Telkom University. 

The BojongTrash dataset comprises data collected from three distinct rivers. Each river 

contributed 3,000 collected images that are first divided into three sequential temporal partitions, 

with each partition containing 1,000 images. Subsequently, each of these partitions undergoes a 

further split into training, validation, and testing subsets. Specifically, as illustrated by the 

breakdown in Fig. 5. The first 70% of the images are allocated for training, the next 10% for 

validation, and the final 20% are for testing. This hierarchical and sequential splitting strategy is 

critically important as it ensures temporal segregation. This method prevents data leakage by 

training the model on one block of time and testing it only on unseen footage from a later period, 

simulating a realistic deployment scenario. This partitioning structure forms the basis for the fine-

tuning ablation study, which empirically determines the minimum data required for effective 

adaptation. 
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Fig. 5.  Visualization of Hierarchical splitting strategy for each scene within the BojongTrash dataset. 

The BojongTrash dataset captures a diversity of real-world aquatic conditions by sourcing 

images from three distinct waterways, each presenting unique visual challenges. The first 

waterway depicted in Fig. 4(a) is characterized by medium water flow speed and moderate levels 

of sunlight reflection. A notable characteristic of this location is the frequent presence of birds 

and their corresponding reflections on the water surface, introducing dynamic, non-trash objects 

that can test the model specificity. In contrast, the second waterway shown in Fig. 4(b) exhibits a 

high-water flow speed accompanied by very high and intense sunlight reflection, creating an 

overall very bright visual scene that can significantly impact feature extraction and object 

visibility. Finally, the third waterway presented in Fig. 4(c) presents a different set of difficulties 

with very slow water flow. While also bright, it features medium levels of reflection, but it 

distinguished by a high prevalence of small trash items, specifically challenging the model ability 

to detect diminutive and potentially cluttered waste. This diversity ensures the BojongTrash 

dataset provides a comprehensive testbed for rigorously evaluating the model’s robustness and 

adaptability to the varied, challenging scenarios found in real world deployments. 

 
3.3 YOLOv11 Architecture 

YOLOv11 represents the latest advancement in the You Only Look Once based architecture 

(Redmon et al., 2016) that represents balance between high detection accuracy and real time 

inference speed. Developed by Ultralytics (Jocher & Qiu, 2024), YOLOv11 incorporates several 

architectural innovations designed to push the boundaries of real-time object detection across a 

variety of computer vision tasks. This balance is critical for the research goal of developing a 

practical, deployable system, and its efficient design serves as an ideal foundation for integrating 

new attention mechanisms without prohibitive computational cost. The core of the architecture 

retains the fundamental components of a Backbone for feature extraction, a Neck for feature 

fusion from different feature map scales, and a Head for generating the bounding box and class 

predictions. Fig. 6 depicts this overall architecture flow, illustrating how the Backbone extracts 

multi scale features, the Neck fuses these features, and the Head generates the final detections. 

A significant architectural enhancement in YOLOv11 is the implementation of the C3k2 

block, which plays a crucial role in both the backbone and neck structures. The C3k2 module is a 

highly computationally efficient implementation of the Cross Stage Partial (CSP) concept, its 

designed, which uses a smaller kernel size and a feature splitting and merging strategy, directly 

reduces the computational load and parameter count (Xiao et al., 2025). This block is designed to 

efficiently extract and fuse multi scale features, which reduces computational bottlenecks. This 

efficiency is precisely why it serves as a strong foundation and provide high performance to which 

our proposed LCA mechanisms can be added with only a marginal increase in computational cost. 

The detailed structure of the C3k2 block  and its sub-blocks is shown in Fig. 7. The diagram also 

illustrates other critical components, such as the C2PSA block which handles cross stage feature 

fusion, and the SPPF block which effectively pools spatial features to help detect objects at 

different sizes. These efficient building blocks make the module critical for YOLOv11’s strong 

performance in real-time detection tasks. 
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Fig. 6.  Architectural overview of the baseline YOLOv11 model. 

The YOLOv11 series, offers a range of model sizes, from the compact YOLOv11n (nano) 

to the larger YOLOv11x (extra-large). This study systematically evaluates these different models 

variants to establish a strong baseline and identify the optimal starting point for real-time 

performance. Table 2 quantifies the critical trade-off for this selection, detailing each model’s 

parameter counts, FLOPs, benchmark inference speeds, and detection accuracy. This comparative 

analysis is a crucial methodological step. While larger models offer higher accuracy, their slow 

inference speeds and high computational cost make them unsuitable for the research objective of 

a real time system. Conversely, the smallest models are fast but may lack the feature extraction 

capacity to reliably detect small objects. This evaluation is therefore performed to select the base 

model that provides the best compromise between efficiency and accuracy before any attention 

mechanisms are added. 

 

 
Fig. 7.  Detailed architectural diagrams of key building blocks within the YOLOv11 framework. 
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Table 2 – Performance on MS COCO test set and complexity comparison of different baseline YOLOv11 

model variants. 

Model mAPval 
50-95 

SpeedCPU 
(ms) 

Params 
(M) 

FLOPs 
(B) 

YOLOv11n 39.5 56.1 2.6 6.5 

YOLOv11s 47.0 90.0 9.4 21.5 

YOLOv11m 51.5 183.2 20.1 68.0 

YOLOv11l 53.4 238.6 25.3 86.9 

YOLOv11x 54.7 462.8 56.9 194.9 

 
3.4 Low Complexity Attention Mechanism 

To address the first research gap, which is the significant computational overhead 

introduced by conventional attention mechanisms, this study selected the Low Complexity 

Attention modules (Y. Zhang et al., 2024). These modules were chosen because they are explicitly 

designed as efficient, plug and play units to enhance feature representation, especially for the 

challenging task of detecting small objects. This selection directly aligns with the research goal 

of improving small object detection accuracy while maintaining the real-time efficiency. (Y. 

Zhang et al., 2024). The LCBHAM architecture begins by processing an input feature map 

through an initial 2D convolution, followed by Batch Normalization and hard swish activation 

function. The core of LCBHAM attention capability then unfolds through two subsequent, 

specialized sub-modules: the Low Complexity Attention Module, which handles channel-wise 

feature recalibration, and the Lightweight Detail Spatial Attention Module (LD-SAM) which 

refines spatial features. This sequential application, where LCAM first identifies “WHAT” 

channels are important and LD-SAM then pinpoints “WHERE” the critical spatial details lie, 

allows LCBHAM to effectively focus on the minute yet discriminative characteristics often 

present in small objects. Such details might otherwise be diluted or lost in deeper network layers 

or when using less targeted attention mechanisms. 
 

 
Fig. 8.  Architecture of the proposed attention block. (a) The Low-complexity Channel Attention Module 

(LCAM). (b) the Lightweight Detail Spatial Attention Module (LD-SAM). (c) LCBHAM module 

leveraging LCAM and LD-SAM attention mechanisms. 

The first attention component is the LCAM, responsible for channel-wise feature 

recalibration, as detailed in Fig. 8(a). Given an input feature map X, LCAM first generates channel 

descriptors by applying both Global Average Pooling (AvgPool(X)) and Global Max Pooling 

(MaxPool(X)). These two distinct descriptors are then independently processed through separate 

lightweight 1×1 convolutional layers (Conv2dk=1,s=1(X)), each followed by ReLU activation. The 

resulting feature vectors from these two paths are then elementwise added together. Finally, a 

Sigmoid activation function (𝜎) is applied to this combined vector to produce the channel weights 

Mc. This dual-pooling strategy ensures that LCAM captures both global contextual information 
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across channel-specific features, which is particularly beneficial for distinguishing subtle 

characteristics that might define small objects. The formulation of LCAM channel attention map 

Mc is: 

𝐹𝑎𝑣𝑔(𝑋) = 𝑅𝑒𝐿𝑈(𝐶𝑜𝑛𝑣2𝑑𝑘=1,𝑠=1(𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝑋)) 

𝐹𝑚𝑎𝑥(𝑋) = 𝑅𝑒𝐿𝑈(𝐶𝑜𝑛𝑣2𝑑𝑘=1,𝑠=1(𝑀𝑎𝑥𝑃𝑜𝑜𝑙(𝑋)) 

𝑀𝑐(𝑋) = 𝜎(𝐹𝑎𝑣𝑔(𝑋) + 𝐹𝑚𝑎𝑥(𝑋)) 

Following the channel refinement by LCAM, the LD-SAM is used to identify and 

emphasize salient spatial regions, with its architecture illustrated in Fig. 8(b). LD-SAM takes the 

channel-attended feature map X which is output of X ⊗ Mc as its input. It computes two 2D spatial 

descriptor maps by applying Average Pooling and Max Pooling with the dimension of 1 along the 

channel dimension. These two descriptor maps, which highlight average and peak responses 

across channels for each spatial location, are then concatenated along their channel dimension. 

This concatenated map is subsequently passed through a single 2D convolution with a kernel of 

3 (Conv2dk=3(X)), followed by Sigmoid activation function (𝜎 ) to generate the final spatial 

attention map 𝑀𝑠. The use of 3×3 kernel in LD-SAM is a deliberate design choice for efficiency. 

This kernel is small enough to be computationally cheap, yet large enough to capture the local 

spatial context needed to highlight small objects. It avoids the significant parameter increase of 

larger kernels used in other modules, thereby preserving the fine grained details crucial for small 

object detection without compromising the low complexity requirement. The spatial attention Ms 

is thus formulated as: 

𝑀𝑠(𝑋) = 𝜎(𝐶𝑜𝑛𝑣2𝑑𝑘=3([𝐴𝑣𝑔𝑃𝑜𝑜𝑙𝑘=1(𝑋);  𝑀𝑎𝑥𝑃𝑜𝑜𝑙𝑘=1(𝑋)])) 

In summary, the selection of these Low Complexity Attention modules is a deliberate 

methodological choice that directly addresses the first research gap. While standard attention 

mechanisms often introduce significant computational overhead, the research objective required 

a solution that could enhance small object detection without compromising real time efficiency. 

The LD-SAM and LCAM modules were chosen as the basic block of the attention because they 

are specifically designed as lightweight, plug and play units for YOLO architectures. Their design, 

which avoids parameter heavy layers in favour of efficient convolutions, has been proven in other 

complex detection tasks to provide significant mAP gains on small objects with almost zero 

increase in computational load. Therefore, these modules represent the ideal candidates to test if 

detection robustness and computational efficiency can be simultaneously achieved. 

 
3.5. Low Complexity Attention Mechanism Implementation on YOLOv11 

To enhance the YOLOv11 architectures capability, particularly in detecting small objects, 

this work proposes two primary architectural modifications. The first one is the integration of the 

LCAM module within the model’s core C3k2 blocks Fig. 9 provides the detailed building blocks 

for this integration, showing how the LCAM is used to create a new BottleneckLCAM 

component, which in turn forms the final C3k2LCAM block. Specifically, LCAM is inserted at 

the final sequence of the bottleneck component. This specific placement is a deliberate design 

choice. By applying channel attention after the bottleneck’s main feature extraction but before the 

final concatenation, the module can recalibrate and select the most informative channels. This 

ensures that only the most relevant features are passed on, aiming to improve its feature extraction 

and fusion capabilities without significantly increasing its computational overhead, leveraging 

LCAM’s efficient design. 
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Fig. 9.  Detailed architectural diagrams of the proposed attention-enhanced modules and their integration. 

The second modification strategically replaces standard convolutional layers in specific, 

impactful locations within the YOLOv11 neck with the LCBHAM, as illustrated in Fig. 10. The 

reason for this replacement is that the neck is where multi-scale feature are fused. LCBHAM 

which itself leverages LCAM for channel attention and LD-SAM for spatial attention, is 

positioned to refine features at critical junctures in the Feature Pyramid Network (FPN) and Path 

Aggregation Network (PAN) structures of the neck. For instance, LCBHAM is applied to the 

feature maps before concatenation operations that merge features from different scales. This 

placement allows LCBHAM to enhance the salient features from each scale and suppress noise 

or less relevant information before they are fused, which is particularly beneficial for preserving 

the distinct characteristics of small objects that might otherwise be overwhelmed during multi-

scale fusion. The sequential channel and spatial attention within LCBHAM provide a more 

comprehensive feature refinement compared to using LCAM alone, making it suitable for these 

key feature interaction points. Fig. 10 illustrates the exact placement of both modifications, 

showing the new C3k2LCAM blocks integrated throughout the model and the LCBHAM module 

replacing a key convolutional layer in the neck’s up sampling path.  

 
Fig. 10.  Architecture of the enhanced YOLOv11 model incorporating Low Complexity Attention 

mechanisms. 

To empirically validate these integration strategies, a comprehensive ablation study is 

designed. This study aims to understand the individual and synergistic effects of applying these 
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attention mechanisms at different stages and granularities within the architecture.  Table 3 details 

the configurations for this experiment, which is designed to methodically test what each 

modification contributes. The baseline YOLOv11s, representing the vanilla model without any 

attention enhancements, serves as the reference. The YOLOv11s-LCBHAM model configuration 

isolates the impact of the comprehensive LCBHAM module by replacing standard convolution in 

the neck, allowing an evaluation of its standalone benefit at critical feature fusion points. The 

YOLOv11s-Backbone configuration implements LCAM to the C3k2 blocks solely in the 

backbone, focusing on early-stage feature recalibration, while YOLOv11s-Neck applies the 

LCAM on the C3k2 only in the neck, targeting later-stage refinement during feature fusion, and 

YOLOv11s-Full integrates LCAM to all the C3k2 inside the YOLOv11 architecture for 

widespread LCAM deployment. Further configurations like YOLOv11s-Backbone-LCBHAM 

explore the combined effects by pairing these C3k2LCAM integration with the LCBHAM in the 

neck. This structured approach, with the model configurations, detailed in Table 3, allows for a 

clear attribution of performance gains or losses to these specific architectural modifications, 

ultimately guiding the design of an optimally enhanced YOLOv11 architecture. 
Table 3 – Configurations for the ablation study on attention mechanism integration within the YOLOv11s 

architecture. 

Model Code LCBHAM C3k2LCAM 

Backbone 

C3k2LCAM 

Neck 

YOLOv11s ─ ─ ─ 

YOLOv11s-LCBHAM ✓ ─ ─ 

YOLOv11s-Backbone ─ ✓ ─ 

YOLOv11ls-Neck ─ ─ ✓ 

YOLOv11s-Full ─ ✓ ✓ 

YOLOv11s-Backbone-LCBHAM ✓ ✓ ─ 

YOLOv11s-Neck-LCBHAM ✓ ─ ✓ 

YOLOv11s-Full-LCBHAM ✓ ✓ ✓ 

Code Explanation 

LCBHAM Applies the LCBHAM to replace conv block at neck 

Backbone Integrate LCAM into C3k2 blocks in the backbone 

Neck Integrate LCAM into C3k2 blocks in the neck 

Full Integrate LCAM into C3k2 blocks in the entire block 

  
3.6. Building the Proposed Model 

The construction of the proposed model followed a systematic, multi-stage experimental 

process designed to empirically validate each methodological choice. This process consisted of 

three main stages. First, a dataset ablation study was conducted to determine the optimal 

combination of public datasets described in Table 1, aiming to create the most robust foundational 

model. Second, an attention implementation ablation study was performed using the configuration 

shown in Table 3 to identify the most effective and efficient integration of the LCA to YOLOv11. 

Third, a final comparative analysis evaluated this optimal enhanced architecture against the 

baseline across all model sizes to identify the configuration that best balances detection accuracy 

with computational efficiency. All experiments were conducted using a consistent hardware and 

software environment, detailed in Table 4, to ensure fair and reproducible comparisons.  
Table 4 – Experimental hardware and software setup. 

Component Specification 

CPU Intel Core i7-12700f 

RAM 64GB 

GPU Nvidia RTX 3080 

Python 3.11 

Pytorch 2.5.0 

The first stage was a dataset ablation study to empirically test the model generalization to 

different angle and environments. The YOLOv11m architecture was selected as the baseline 

model for this specific test because its medium size provides a stable balance of feature extraction 

capacity and training time, making it an ideal testbed for evaluating data composition without the 
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excessive cost of larger models. Table 5 details the exact dataset combinations that were tested. 

Each combination was used to train a separate YOLOv11m model, and its performance was 

independently evaluated on both the FloW-Img and WaterTrash test datasets. The combination 

yielding the highest and most consistent mAP50 between both test sets was selected as the optimal 

data composition and was used for all subsequent training stages. 

With the optimal dataset established from the first stage, the second stage proceeded to 

evaluate the impact of integrating the proposed attention mechanisms. For this architectural 

ablation study, the baseline was switched to the YOLOv11s architecture. This was a deliberate 

choice because a smaller model has less redundant capacity, meaning any performance gains are 

more clearly attributable to the architectural change itself, rather than being masked by the high 

capacity of a larger model. Each of the enhanced model configurations from Table 3, such as 

YOLOv11s-LCBHAM, was trained on the optimal dataset. Their performance was then 

benchmarked against the baseline YOLOv11s on the FloW-Img and WaterTrash test datasets to 

identify the most effective attention strategy. 
Table 5 – Dataset combinations used in the ablation study to determine the optimal training data 

composition. 

WaterTrash 
Primary 

FloW-Img 
Primary 

UAVVaste 
Secondary 

TACO 
Secondary 

✓ ─ ─ ─ 

─ ✓ ─ ─ 

✓ ✓ ─ ─ 

✓ ✓ ✓ ─ 

✓ ✓ ─ ✓ 

✓ ✓ ✓ ✓ 

 
Finally, the third stage was conducted to ascertain the most effective overall model 

configuration. This comparison involved evaluating both the baseline YOLOv11 variants and the 

variants enhanced with the best-performing attention mechanism configuration identified in the 

second stage.  The purpose of this final analysis was to determine the sweet spot model that 

provides the best trade-off between detection accuracy and computational cost, directly 

addressing the first research objective. All models in this phase were trained using the optimal 

dataset combination from the first stage and evaluated on the FloW-Img and WaterTrash test 

datasets.  Throughout all three experimental stages on the public dataset, a consistent training 

hyperparameters, detailed in Table 6, were maintained to ensure fair and comparable evaluations, 

guiding the selection of the final proposed model architecture. 
Table 6 – Training hyperparameters utilized for model training on public datasets. 

Parameter Value 

Epoch 300 

Input Size 640×640 

Batch Size 16 

Initial Learning Rate 0.01 

Momentum 0.937 

Workers 2 

Deterministic True 

Optimizer Adam 

 
3.7. Fine-Tuning the Proposed Model on Local Waterway 

Following the identification of the baseline YOLOv11-LCA on public datasets, the research 

transitioned addressing the second research goal of establishing a proven, data efficient 

framework for adapting this model to a new, specific waterway. To achieve this, an experiment 

was designed to answer the critical question of the minimum quantity of local data required for 

effective adaptation. The fine-tuning process commenced by utilizing the weights from the best 

performing model as a starting point. Specifically, the proposed model and its corresponding 

baseline counterpart for comparison were fine-tuned on incrementally larger subsets of the 

BojongTrash dataset, including 250, 500, 1,000, 2,000, and 3,000 images. This comparison is 
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methodologically crucial to determine if the architectural enhancements also improve data 

efficiency, meaning the enhanced model learns faster or achieves higher accuracy with the same 

limited amount of local data. The performance of each fine-tuned instance was evaluated on a 

held-out portion of the BojongTrash test set to identify the data size that offers the best trade-off 

between performance improvement and data collection effort. Table 7 details the incremental data 

subsets used in this ablation study, which was chosen to empirically identify the point of 

diminishing returns. The image sequences refer to the temporal partitions defined in Section 3.2, 

ensuring the test set remained temporally separate at every step. 
Table 7 – Image sequence used in each ablation study. 

Amount of 

Image 

Dataset Split 

Train Validation Test 

250 0 – 174 175 – 199 200 – 249 

500 0 – 349 350 – 400 400 – 499 

1,000 0 – 699 700 – 799 800 – 999 

2,000 0 – 699; 1,000 – 1,699 700 – 799; 1,700 – 1,799 800 – 999; 1,800 – 1,999 

3,000 
0 – 699; 1,000 – 1,699; 

2,000 – 2,699 

700 – 799; 1,700 – 1,799; 

2,700 – 2,799 

800 – 999; 1,800 – 1,999 

2,800 – 2,999 

 
Once the most effective data quantity from the BojongTrash dataset was established, the 

next phase focused on the second component of the minimum number of fine-tuning epochs 

required. This is a critical step for a data efficient framework, as training for many epochs is 

computationally expensive and impractical for rapid deployment. Using the optimal data subset, 

the proposed model was further trained on a limited number of additional epochs. Performance 

was monitored after each epoch to identify a suitable point where the model sufficiently adapted 

to the local data characteristics without beginning to overfit. This step is crucial for identifying 

the minimum training time needed to achieve peak performance. Table 8 details the consistent 

hyperparameters used for all fine-tuning experiments. Notably, the initial learning rate was set to 

0.0005, a significant reduction from the 0.01 used in initial training. This is a deliberate and 

standard practice for fine-tuning. A smaller learning rate allows the model to make small, careful 

adjustments to its powerful pre-trained weights to adapt to the new data, rather than destroying 

those learned features with large, disruptive updates. 
Table 8 – Fine-tuning hyperparameters for adapting to BojongTrash dataset. 

Parameter Value 

Epoch 25 

Input Size 640×640 

Batch Size 16 

Initial Learning Rate 0.0005 

Momentum 0.937 

Workers 2 

Deterministic True 

Optimizer Adam 

 
3.8 Model Evaluation 

To quantitatively assess the performance of the developed trash detection models, and to 

validate the research objective of achieving high accuracy, a set of standard object detection 

metrics were employed: Precision, Recall, and mean Average Precision at Intersection of Union 

(IoU) threshold of 0.50 (mAP50). The choice of an IoU threshold of 0.50 is deliberate for this 

application where the primary objective is to detect the presence of trash items, and a highly 

precise bounding box localization is secondary to successfully identifying an object as trash. 

Therefore, a detection is considered correct if the IoU between the predicted bounding box and 

the ground truth bounding box is 0.50 or greater. 

Precision measures the accuracy of the positive prediction made by the model. It answers 

the question “Of all the objects the model predicted as trash, what proportion was actually trash?”. 

Recall measures the model’s ability to find all relevant instances of trash within the dataset. It 

answers the question “Of all the actual trash items present in the images, what proportion did the 

model successfully detect?”. 
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𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

(𝑇𝑃 +  𝐹𝑃)
 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
 

Description: 

1.    TP (True Positive): The number of trash items correctly identified as trash by the model 

(IoU ≥ 0.50 with the ground trash item). 

2. FP (False Positive): The number of predictions made by the model that do not correspond 

to an actual trash item or correspond to a trash item but with an IoU < 0.50. 

3. FN (False Negative): The number of actual trash items present in the image that the model 

failed to detect. 

 

Tracking both Precision and Recall is critical for this application. High Recall ensures the 

model finds most of the trash, which is vital for effective monitoring. High Precision ensures the 

model is reliable and does not generate false alarms by misidentifying reflections or leaves as 

trash, which is crucial for an automated system. 

The mAP50 metric is the primary metric used in this study to compare model performance. 

It is calculated as the area under the Precision-Recall curve and provides a single, comprehensive 

score summarizing performance across all confidence thresholds. This metric is widely used as it 

offers a balanced measure of both precision and recall. This makes it the ideal metric for the 

ablation studies, as it allows for a robust and direct comparison of the overall effectiveness of 

different model architectures and training configurations.  

To rigorously validate that the observed performance improvements are statistically 

significant and not artifacts of specific test variations, a non-parametric bootstrap analysis was 

conducted. This process involved generating 1,000 independent bootstrap samples by resampling 

the test images from both FloW-Img and WaterTrash datasets with replacement. For each 

iteration, the mAP50 metric was recalculated, creating a distribution of performance scores. From 

this distributions, the 95% confidence intervals were derived, establishing a solid statistical 

foundation for comparing the generalization capabilities of the baseline architecture against the 

proposed attention-enhanced model. 

Together, these three metrics, reinforced by the statistical validation of the bootstrap 

analysis, provide a comprehensive understanding of the model’s performance. mAP50 serves as 

the primary indicator of overall accuracy for comparing models. Precision and Recall offer crucial 

diagnostic insights into specific failure modes, balancing reliability against completeness. 

Evaluating all three is essential to robustly validate the model’s effectiveness for the practical task 

of trash detection.  

 
4. Results and Discussions 

This section presents the empirical validation for the two primary research goals. The 

results are structured to first address the development of a novel, robust, and computationally 

efficient detection model, which answers the first research question. This involves a detailed 

analysis of the dataset and attention ablation studies, a comprehensive comparison of the 

YOLOv11-LCA model against its baseline and the relevant literature, and a qualitative assessment 

of its performance. Following this, the discussion transitions to the second research question, 

presenting the results from the fine-tuning experiments to establish and validate a practical, data-

efficient framework for adapting the model to new, specific waterway. 
Table 9 – Comparative performance of YOLOv11m on FloW-Img and WaterTrash test sets based on 

ablation test of diverse training data configurations from public datasets. 
Training Data FloW-Img Test Set WaterTrash Test Set 

WaterTrash FloW-Img UAVVaste TACO mAP50 F1-Score mAP50 F1-Score 

✓ – – – 0.214 0.323 0.925 0.888 

– ✓ – – 0.780 0.770 0.238 0.234 

✓ ✓ – – 0.817 0.794 0.925 0.888 

✓ ✓ ✓ – 0.820 0.796 0.925 0.890 



Arjasubrata et al …                          Vol 7(2) 2026: 1015-1044 

1033 

 

✓ ✓ – ✓ 0.834 0.807 0.924 0.887 

✓ ✓ ✓ ✓ 0.827 0.804 0.926 0.887 

 
The initial phase of experimental evaluation focused on determining the optimal 

combination of publicly available datasets for training a robust baseline trash detection model. 

The YOLOv11m was selected for this ablation study because it represents a stable balance of 

feature extraction capacity and training time. The results summarized in Table 9, show the 

importance of data composition. Among the tested combinations, the configuration that used the 

primary WaterTrash and FloW-Img datasets with the addition of the TACO dataset yielded the 

most significant improvement in detection performance, achieving an mAP50 of 0.834 on the 

FloW-Img test set. The TACO dataset comprising diverse crowd-sourced images of litter from 

many different land based context, forced the model to learn the intrinsic features of the trash 

itself, rather than incorrectly associating trash with water. This finding is a key contribution to 

model design, as it implies that a robust waterway detection model should not be trained 

exclusively on aquatic data. Consequently, the combination of WaterTrash, FloW-Img and TACO 

datasets was identified as the optimal training data composition and was utilized for all subsequent 

experiments. 
Table 10 – Ablation study on YOLOv11s with different attention mechanism integration strategies on 

FloW-Img and WaterTrash test sets. 

Model 
FloW-Img Test Set WaterTrash Test Set Params 

(M) 
GFLOPs 

P R mAP50 P R mAP50 

YOLOv11s 0.816 0.737 0.779 0.900 0.852 0.918 9.413 21.301 

YOLOv11s+LCBHAM 0.836 0.778 0.835 0.915 0.860 0.924 9.415 21.307 

YOLOv11s+Backbone 0.820 0.773 0.825 0.909 0.868 0.924 9.418 21.314 

YOLOv11s+Neck 0.836 0.783 0.832 0.911 0.864 0.923 9.421 21.318 

YOLOv11s+Full 0.800 0.748 0.800 0.908 0.845 0.918 9.423 21.319 

YOLOv11s+Backbone+LCBHAM 0.834 0.765 0.822 0.906 0.861 0.923 9.421 21.320 

YOLOv11s+Neck+LCBHAM 0.838 0.792 0.836 0.916 0.869 0.925 9.424 21.323 

YOLOv11s+Full+LCBHAM 0.832 0.782 0.828 0.912 0.868 0.923 9.429 21.336 

 

The second stage of the investigation evaluated the efficacy of the proposed attention 

mechanisms. The YOLOv11s model was selected for this ablation study, as its smaller 

architecture allows for a clearer observation of performance gains attributable to specific 

architectural modifications. As presented in Table 10, the baseline YOLOv11s model achieved an 

mAP50 of 0.779 on the FloW-Img test dataset and 0.918 on the WaterTrash test datasets. These 

baseline figures serve as the reference against which all attention-enhanced configurations were 

compared. The results distinctly highlight the benefits of integrating the LCA mechanisms. 

Among the various configurations tested, the YOLOv11s-Neck-LCBHAM emerged as the most 

effective configuration. This configuration achieved the highest performance, yielding a 0.057-

point improvement in mAP50 on the FloW-Img test set to 0.836. This underscores the synergistic 

effect of applying attention at the critical feature fusion stage, both before fusion with LCBHAM 

and within the neck C3k2 blocks. While many studies report gains from general purpose modules 

like CBAM or SE, this result demonstrates that a targeted, specialized, and combined low 

complexity integration is a more effective and efficient for this specific detection problem.  
Table 11 – Performance comparison of baseline YOLOv11 with the modified YOLOv11 across different 

model sizes on FloW-Img and WaterTrash test sets. 

Model 
FloW-Img Test Set WaterTrash Test Set Params 

(M) P R mAP50 P R mAP50 
YOLOv11n 0.816 0.696 0.768 0.880 0.816 0.894 2.582 
YOLOv11n-LCA 0.824 0.739 0.805 0.894 0.848 0.911 2.585 
FRL-YOLO (Xian et al., 2024) 0.839 0.721 0.793 – – – ~6.400 
YOLOv11s 0.816 0.737 0.779 0.900 0.852 0.918 9.413 
YOLOv11s-LCA 0.838 0.792 0.836 0.913 0.862 0.924 9.424 
USD-YOLO – 0.813 0.862 – – – 12.350 
YOLOv11m 0.834 0.757 0.825 0.907 0.859 0.923 20.030 
YOLOv11m-LCA 0.848 0.787 0.845 0.914 0.871 0.928 20.052 
YOLOW (Xu et al., 2023) 0.870 0.751 0.821 – – – ~20.900 
RTDETR-MARD (Sun et al., 2025) 0.853 0.832 0.866 – – – ~22.500 
STE-YOLO (J. Yu et al., 2023) – – 0.832 – – – 32.740 
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YOLOv11l 0.841 0.782 0.841 0.913 0.861 0.927 25.280 
YOLOv11l-LCA 0.846 0.786 0.856 0.916 0.872 0.926 25.315 
YOLOv7-CA (K. Li et al., 2023) – – 0.811 – – – ~51.500 
YOLOv11x 0.824 0.784 0.832 0.908 0.862 0.923 56.828 
YOLOv11x-LCA 0.823 0.802 0.857 0.914 0.877 0.928 56.906 

 
Following the identification of the optimal attention strategy from the previous stage, a 

comprehensive evaluation was conducted across the full spectrum of YOLOv11 model sizes. This 

stage was designed to identify the optimal balance between performance and model complexity. 

The comprehensive results shown in Table 11 demonstrate a consistent performance uplift from 

the LCA integration across all model scales, suggesting that the attention mechanism effectively 

captures fundamental features of floating trash regardless of the base feature extractor’s capacity. 

This consistent, minimal overhead underscores the design efficiency of the attention modules.  

For instance, the proposed YOLOv11s-LCA, achieve a 0.057-point improvement in mAP50 on the 

FloW-Img test set, with only a 0.011M parameter increase. This represent a negligible growth in 

model size of roughly 0.1%, ensuring that the computational budget remains virtually unchanged 

while detection capability significantly improves. While other recent models like YOLOW (Xu 

et al., 2023) and STE-YOLO (J. Yu et al., 2023) achieve a comparable mAP50 scores of 0.821 and 

0.832 respectively, they require more than double the parameters at 20.9M and 32.7M. Similarly, 

RTDETR-MARD (Sun et al., 2025), which reported a 0.866 mAP50, is a much heavier model at 

22.5M parameters. Even the YOLOv7-CA (K. Li et al., 2023), which achieved a lower 0.811 

mAP, is a massive 51.5M parameter model. Therefore, the proposed YOLOv11s-LCA is novel 

because it proves that a strategic, low complexity attention integration can achieve superior or 

highly competitive accuracy with a fraction of the computational cost, establishing a new state-

of-the-art in efficiency for this task. Such a drastic reduction in computational cost is critical for 

enabling the deployment of autonomous monitoring system on resource-constrained edge 

devices. 
Table 12 – Statistical validation metrics comparing the baseline and modified YOLO11s models across 

1,000 bootstrap samples. 

Dataset Model Variant 
Average 

mAP50 
Standard 

Deviation 
95% Confidence 

Interval 
Improvement 

Probability 

FloW-Img 
YOLOv11s 0.776 0.0129 [0.750, 0.801] –  

YOLOv11s-LCA 0.834 0.0139 [0.806, 0.860] 99.90% 

WaterTrash 
YOLOv11s 0.916 0.0030 [0.910, 0.923] –  

YOLOv11s-LCA 0.925 0.0029 [0.920, 0.931] 98.50% 

 

To validate the superiority of the YOLOv11s-LCA, which was identified as the optimal 

configuration in the comparative analysis, a targeted statistical evaluation was conducted 

specifically against the baseline YOLOv11s. This focused analysis ensures that the gains achieved 

by the proposed best model are statistically significant and not merely incidental to specific data 

splits. As summarized in Table 12, the results from 1,000 bootstrap samples confirm that the 

YOLOv11s-LCA consistently outperforms the baseline across both testing environments. On the 

challenging FloW-Img dataset, the modified model increased the average mAP50 from 0.811 to 

0.834, demonstrating a remarkable improvement probability of 99.90%. The performance gain is 

also robust on the WaterTrash dataset, where the model achieved an improvement probability of 

98.50%, raising the average mAP50 to 0.925 compared to the baseline score of 0.916. 
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Fig. 11. Bootstrapped probability density distributions of mAP50 scores. (a) Distribution on the FloW-

Img test set. (b) Performance distribution on the WaterTrash test set. 

This statistical distinction is visually corroborated by the probability density distributions 

plotted in Fig. 11. In the results for both the FloW-Img and WaterTrash datasets, presented in Fig. 

11(a) and Fig. 11(b) respectively, the distribution for the YOLOv11s-LCA represented by the blue 

line exhibits a clear rightward shift compared to the baseline YOLOv11s shown by the red line. 

This systematic displacement toward higher accuracy values illustrates that the architectural 

improvement are fundamental and effective regardless of the specific image composition in the 

test subset. This shift indicates that the enhanced model does not merely achieve a higher 

maximum score but consistently yields higher mAP50 scores across the vast majority of resampled 

test sets. The minimal overlap between the curves, which is particularly pronounced in the FloW-

Img dataset, reinforces the conclusion that the integration of the low-complexity attention 

mechanism provides a stable and reliable performance enhancement rather than a variance-

dependent outlier. Furthermore, this distinct separation confirms that the performance gap is 

statistically significant, providing a high degree of confidence that reported gains would be 

reproducible in diverse real-world deployment scenarios. 

 

 
Fig. 12.  Comparison of mAP50 scores between baseline and modified YOLOv11 models across different 

model sizes. (a) Performance on FloW-Img test set. (b) Performance on WaterTrash test set. 

With the model’s performance gains statistically validated, the practical implication of this 

superior accuracy-efficiency trade-off is visualized in Fig. 12 which plots mAP50 against the 

number of model parameters. In both Fig. 12(a) and Fig. 12(b), the blue line representing the 

enhanced YOLOv11-LCA, consistently lies above the baseline models. This visual evidence 

reinforces that the attention-enhanced models achieve superior accuracy for any given parameter 

count.. Critically, the graph for the FloW-Img test set in Fig. 12(a) shows that the YOLOv11s-

LCA model at 9.4M parameters achieves a higher mAP50 than the baseline YOLOv11m at 20.0M 

parameters. This visually proves that the proposed attention strategy is a far more efficient method 

for improving performance than simply scaling up the model size. This result solidifies the 
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YOLOv11s-LCA as the optimal balanced model, as it achieves its high accuracy without the high 

computational cost of larger variants, efficiently realizing the research objective. 

 

 
Fig. 13.  Visual comparison of detection capabilities on a challenging FloW-Img test image. (a) Ground 

truth showing multiple trash items, including three small objects. (b) Baseline YOLOv11s predictions, 

unable to detect the trash. (c) Modified YOLOv11s-LCA predictions, demonstrating improved detection 

of small trash. 

To further illustrate the practical impact of the attention mechanism, Fig. 13 presents a 

qualitative comparison of detection results from the challenging FloW-Img test set. This provides 

a qualitative explanation for the quantitative mAP jump. Fig. 13(a) shows the ground truth, 

highlighting several trash items, including a cluster of three small objects within the red dashed 

box. The result from the baseline YOLOv11s model shown in Fig. 13b fails to detect these smaller, 

clustered items. In contrast, the modified YOLOv11s-LCA in Fig. 13(c) successfully detects all 

three of these small trash objects. This visual evidence underscores the enhanced feature 

discrimination capabilities from the low complexity attention mechanism. Specifically, the LD-

SAM component likely empowers the YOLOv11s-LCA to retain the fine-grained spatial detail 

needed to discern and localize these small trash items, highlighting the practical benefits of the 

proposed architectural enhancements. 

 

 
Fig. 14.  Example of false positive suppression by the modified model in a reflective BojongTrash 

environment. (a) Original image with ground truth label. (b) Baseline YOLOv11s output with numerous 

false positives. (c) Modified YOLOv11s-LCA output, showing reduction of false positive detection. 

  

The model’s enhanced robustness is further highlighted in Fig. 14. The ground truth image 

shown in Fig. 14(a) indicates a single trash item in a scene with numerous sharp reflections. The 

baseline YOLOv11s model in Fig. 14(b), generates multiple false positive detections, 

misinterpreting reflections and water ripples as additional trash items. This susceptibility to false 

positives significantly reduces the model reliability. In stark contrast, the modified YOLOv11s-

LCA, with its prediction result depicted in Fig. 14(c) demonstrates a markedly improved ability 

to differentiate true trash from environmental noise. It correctly detects the target trash item while 

effectively suppressing most false positives, erroneously identifying only a single reflection. This 

showcases the attention mechanism’s crucial role in enhancing the model discriminative power 

and its practical utility for robust monitoring settings. 

Having established the YOLOv11s-LCA as a robust and efficient baseline model, the 

research discussion now transitions to its practical application and adaptability. The next phase of 

the study addresses the challenge of efficiently deploying this model in a new, specific waterway. 

The following results, derived from the experiments on the BojongTrash dataset, are presented as 

the empirical evidence used to construct and validate a practical fine-tuning framework. This 

framework aims to define the optimal, minimal amount of local data and training required for 

effective, real-world adaptation. 
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Table 13 – Impact of training data quantity on fine-tuning performance for baseline YOLOv11s and 

modified YOLOv11s on the three BojongTrash dataset scene. 

Images Model 
BojongTrash Scene 1 BojongTrash Scene 2 BojongTrash Scene 3 

P R mAP50 P R mAP50 P R mAP50 

250 
YOLOv11s 0.757 0.601 0.698 0.532 0.495 0.438 0.806 0.711 0.795 

YOLOv11s-LCA 0.828 0.665 0.742 0.579 0.556 0.488 0.824 0.755 0.832 

500 
YOLOv11s 0.798 0.638 0.746 0.631 0.538 0.562 0.891 0.710 0.834 

YOLOv11s-LCA 0.801 0.674 0.818 0.598 0.579 0.587 0.842 0.770 0.856 

1,000 
YOLOv11s 0.898 0.777 0.873 0.769 0.565 0.681 0.890 0.754 0.855 

YOLOv11s-LCA 0.911 0.816 0.908 0.760 0.594 0.697 0.863 0.785 0.875 

2,000 
YOLOv11s 0.934 0.828 0.915 0.809 0.576 0.716 0.871 0.775 0.887 

YOLOv11s-LCA 0.919 0.858 0.925 0.791 0.601 0.728 0.872 0.805 0.897 

3,000 
YOLOv11s 0.934 0.828 0.915 0.764 0.582 0.739 0.872 0.790 0.904 

YOLOv11s-LCA 0.919 0.858 0.925 0.771 0.607 0.755 0.881 0.795 0.913 

 
The results detailed in Table 13 consistently show that the YOLOv11s-LCA model 

outperforms the baseline across all data quantities and all three scenes. This suggests the 

architectural enhancements not only improve baseline accuracy but also improve data efficiency 

during adaptation. For example, with only 1,000 images on the first scene, the YOLOv11s-LCA 

model achieved an mAP50 score of 0.908, significantly higher than the baseline model’s. This 

trend holds across all scenes, but Table 13 also reveals the critical point of diminishing returns. 

While performance for Scene 1 jumps to 0.908 with 1,000 images, it only incrementally increases 

to 0.925 when using 3,000 images. This finding is the core of the data efficient framework, 

suggesting approximately 1,000 images is the optimal choice. Notably, scene 2 presented the most 

significant challenge for both models, yielding comparatively lower mAP50 scores,  as is visually 

evident in Fig. 15(b). This reduced performance is directly attributable to the unique 

characteristics of scene 2, which, as previously described in Section 3.2 is characterized by intense 

sunlight glare that occludes objects. This demonstrates that data quantity alone cannot easily solve 

extreme visual noise. However, it is crucial to note that the modified YOLOv11s model still 

maintained a clear performance advantage over the baseline model in scene 2, proving its refined 

attention capabilities provide superior resilience even in highly challenging environments. 

 

 
Fig. 15.  Visual comparison of mAP50 scores achieved by baseline and modified YOLOv11s as the 

number of fine-tuning images from BojongTrash dataset increases. (a) Performance on Scene 1. (b) 

Performance on Scene 2. (c) Performance on Scene 3. 

Fig. 15 visually confirms this point of the impact of the diminishing returns on the addition 

of the training data, while also reinforcing that the modified model remains superior at all data 

increments. In all three scenes, the performance curves for both the baseline and modified models 

climb steeply until the 1,000 image mark, after which they begin to flatten significantly. The gains 

achieved by adding data beyond 1,000 images are marginal compared to the large initial jump, 

suggesting the model has effectively learned the core features of the new environment by that 

point. This graph provides the clear visual evidence to support the framework’s recommendation 

of approximately 1,000 images as the optimal, data efficient target for adaptation, balancing high 

performance with minimal data collection effort. 
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Table 14 – Epoch-wise mAP50 and F1-Score progression during fine-tuning with the modified 

YOLOv11s-LCA with 1,000 images, evaluated on respective test sets. 

Epoch 
Scene 1 Scene 2 Scene 3 

mAP50 F1-Score mAP50 F1-Score mAP50 F1-Score 

1 0.781 0.785 0.596 0.579 0.825 0.791 

2 0.830 0.810 0.605 0.602 0.878 0.813 

3 0.856 0.827 0.616 0.603 0.890 0.824 

4 0.843 0.832 0.611 0.600 0.892 0.822 

5 0.842 0.817 0.608 0.601 0.892 0.828 

6 0.842 0.820 0.608 0.599 0.892 0.826 

7 0.844 0.820 0.609 0.600 0.891 0.828 

8 0.838 0.814 0.608 0.600 0.891 0.828 

9 0.840 0.816 0.609 0.599 0.892 0.829 

10 0.839 0.813 0.608 0.598 0.892 0.830 

 
To further investigate the second component of the framework, training efficiency, with the 

identified optimal 1,000 training images, Table 14 presents a detailed breakdown of the mAP50 

and F1-Score progression for the modified YOLOv11s-LCA model over 10 epochs for each of 

the three BojongTrash scenes. The results in Table 14 indicate that significant performance gains 

are typically achieved within the first few epochs of fine-tuning. For all three scenes, both mAP50 

and F1-Score show a clear trend of improvement that rapidly peaks and then plateaus. The epoch-

wise fine-tuning progression detailed in Table 14 is visually supported by Fig. 16, which plots the 

mAP50 and F1-Score for the modified YOLOv11s-LCA model against the number of epochs for 

each of the BojongTrash scenes. In these plots, both mAP50 and F1-Score curves demonstrate a 

rapid that flattens considerably after epoch 5, indicating that further epochs do not lead to 

substantial improvements in either metric. This strongly suggests that the fine-tuning process 

converges within only 3-5 epochs, making extended training inefficient. These results, combined 

with the findings from the data quantity ablation, establish a complete, practical, and data-efficient 

framework for real-world deployment. This framework demonstrates that a user can achieve near-

peak performance by collecting only approximately 1,000 images. 

 

 
Fig. 16.  Visual Representation of mAP50 and F1-Score fine-tuning progression for the modified 

YOLOv11s-LCA model over 10 epochs using 1,000 training images from the BojongTrash dataset. (a) 

Progression on Scene 1. (b) Progression on Scene 2. (c) Progression on Scene 3. 

 
Despite the overall strong performance of the established framework, the BojongTrash 

dataset also highlights several inherent challenges and areas for future refinement, as shown in 

Fig. 17. These instances reveal scenarios where the model, even with attention mechanisms, can 

be confounded by complex environmental factors or objects with visual characteristics similar to 

trash. Fig. 17(a) illustrates instances where flying birds, likely due to their size or shape are 

misclassified as trash. Similarly, Fig. 17(b) demonstrates that complex water surface phenomena, 

such as prominent ripples or small waves, are misinterpreted as trash, and Fig. 17(c) shows strong 

reflections also causing false positives. These occurrences underscore the complexity of reliably 

distinguishing genuine trash from dynamic non trash elements. These specific misclassifications 
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highlight a clear path for future work such as incorporating more diverse negative sampling or 

specialized training data, which could teach the model to better discriminate these specific 

problem cases.  

 

 
Fig. 17.  Common false positive detections encountered in the BojongTrash dataset (a) Birds 

misidentified by floating debris. (b) Water ripples misclassified for trash. (c) Reflection on the water 

surface leading to incorrect trash detection. 

 
Fig. 18.  Example of detection inconsistency across sequential frames from the BojongTrash dataset. (a) A 

small trash item is detected. (b) The same trash item is missed in the subsequent frame. (c) The trash item 

is detected again in the third frame. 

Another observed challenge, illustrated in Fig. 18, pertains to detection inconsistency 

across sequential frames. Fig. 18(a) shows a small trash item, indicated within the red box, is 

correctly detected. However, in the subsequent frame shown in Fig. 18(b), the same trash item is 

missed by the model, only to be detected again in the third frame as shown in Fig. 18(c). This 

intermittent detection can be problematic for applications like accurately quantification trash over 

time. These inconsistencies likely arise from subtle changes in the object appearance or reflection 

between frames. This is a known issue that is typically solved with post processing. Future work 

should integrate the powerful detection output of the YOLOv11s-LCA model with an object 

tracking algorithm like SORT or DeepSORT. These methods would maintain object identities 

across frames, smooth out intermittent detections, and provide more robust trajectory tracking, 

thereby improving the overall reliability and utility of the system for dynamic trash monitoring. 

 

5. Conclusion  

This research successfully addressed the dual challenge of creating an accurate yet 

computationally efficient model for floating trash detection. The primary contribution is the novel 

YOLOv11-LCA architecture, which strategically integrates Low Complexity Attention modules, 

LCAM and LCBHAM, into the YOLOv11 neck. This approach proved highly effective, 

increasing the mAP50 on the challenging FloW-Img dataset from 0.779 to 0.836 with a negligible 

0.1% parameter increase and a statistically confirmed improvement probability of 99.90%, 

establishing a superior, state-of-the-art balance of performance and efficiency. This finding 

contributes to lightweight object detection theory by demonstrating that targeted, Low 

Complexity Attention can be more effective than just scaling model parameters. A second major 

contribution is the validation of a practical, data-efficient fine-tuning framework, which 

empirically determined that this robust model can be rapidly adapted to new, specific waterways 

using only approximately 1,000 local images and just 3 to 5 training epochs. This framework has 

significant practical implications for environmental automation, lowering the barrier for real-

world deployment and enabling scalable, cost-effective, and sustainable water quality monitoring. 

Future work should focus on enhancing this system's robustness by using targeted negative 

sampling to reduce false positives from environmental elements like water ripples and by 

integrating object tracking algorithms to ensure temporal consistency in dynamic monitoring 

scenarios  
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