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Abstract. The accumulation of non-biodegradable solid waste in densely populated urban
areas presents a significant environmental challenge. While computer vision offers a promising
solution, current approaches are often constrained by a reliance on limited synthetic data and
a failure to capture the full complexity of real-world settings. To address these limitations, this
paper introduces a real-time object detection system for urban non-decomposable waste, built
upon an optimized YOLOV9 architecture. The work is grounded in a custom, heterogeneous
dataset comprising 6340 annotated images, which captures eight categories of waste — including
plastic bottles, cans, and blister packs — across diverse urban landscapes. The core architectural
enhancement involves replacing the original backbone with a novel EfficientViT (Efficient Vision
Transformer) backbone, which combines the multi-scale feature extraction strengths of CNNs with
the global contextual understanding of Vision Transformers. This hybrid design is particularly
effective for detecting waste objects of varying sizes in cluttered urban environments. Additional
improvements include the adoption of the SiLU activation function, the Scalable IoU (SIoU) loss
for precise bounding box regression, and Focal Loss to counter class imbalance. The model, trained
with extensive data augmentation, achieves a mean Average Precision (mAP@0.5) of 95.1% and
an F1-score of 0.95 on a held-out test set, surpassing all existing YOLO-based waste detectors. With
all eight classes attaining F1-scores above 0.93, the system demonstrates consistent robustness,
even in cluttered environments. Operating at 38 FPS, the framework validates its suitability
for real-time practical applications. By harnessing the advanced capabilities of YOLOV9 with
a state-of-the-art EfficientViT backbone and a realistic dataset, our proposed network sets a new
benchmark for accuracy and speed in waste detection, showcasing strong potential for integration
into automated sorting and recycling systems.

Keywords: object detection, waste classification, computer vision, YOLOV9, EfficientViT,
vision transformer, real-time, deep learning.

1. Introduction. The escalating volume of municipal solid waste
represents a critical global challenge, threatening both environmental
sustainability and public health [1]. Current projections indicate that under
business-as-usual scenarios, waste generation may nearly double from 2.3
gigatonnes in 2024 to approximately 4.5 gigatonnes by 2060. A substantial
portion consists of non-biodegradable materials such as plastics and metals,
which persist in landfills and natural ecosystems for extended periods,
creating significant recycling challenges and contributing to terrestrial and
aquatic pollution [2-4]. The emergence of smart city initiatives, supported by
substantial public and private investments in sustainability, has intensified
the focus on developing advanced waste management solutions that minimize
landfill use and promote circular economy principles [5,6]. Within this context,
the development of intelligent, scalable systems for automated identification

682  Wudopmaruka u apromatnzamus. 2026. Tom 25 Ne 3. ISSN 2713-3192 (meu.)
ISSN 2713-3206 (onnaiiH) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

and segregation of non-decomposable urban waste has become increasingly
urgent, offering the potential to enhance recycling efficiency and reduce
environmental impacts.

Conventional waste sorting methodologies face substantial limitations
in both accuracy and operational efficiency. Manual sorting processes are
labor-intensive, prone to errors, and economically inefficient at scale. Studies
indicate that human operators working at high speeds demonstrate accuracy
levels comparable to random selection [7], leading to cross-contamination
of recyclable streams and significant quantities of recoverable materials
being incorrectly directed to landfills. While automated systems employing
mechanical sensors and technologies such as RFID and spectroscopy have been
implemented, these solutions often prove cost-prohibitive and lack scalability
for diverse waste streams [8]. Traditional machine learning approaches
utilizing handcrafted features and classical classifiers have achieved only
modest success in waste classification, primarily due to the substantial intra-
class variation and complex backgrounds characteristic of real-world waste
imagery. The challenges are compounded by factors such as object deformation,
occlusion, and varying orientation, which frequently confuse conventional
pattern recognition algorithms [9-11].

Deep learning has transformed the field of automated waste detection,
fundamentally changing computer vision approaches.  Convolutional
Neural Networks (CNNs) and vision transformers can autonomously learn
discriminative visual features, enabling robust recognition of diverse waste
objects under challenging conditions [12]. These Al-driven systems are
transforming municipal solid waste management by automating sorting
and recycling processes, achieving expert-level classification accuracy
at computational speeds far exceeding human capabilities [13]. Object
detection networks, which simultaneously localize and categorize multiple
objects within images, are particularly well-suited for waste management
applications. Among these, the You Only Look Once (YOLO) family of
single-stage detectors has demonstrated exceptional performance due to its
favorable speed-accuracy balance [14]. Recent implementations, such as
YOLOVS8, have achieved remarkable performance in waste categorization,
significantly outperforming both earlier YOLO versions and two-stage
detectors such as Faster R-CNN [15]. The anchor-free architecture and
refined loss functions of contemporary YOLO models contribute to their
enhanced precision, while their real-time inference capabilities make them
ideal for smart city applications [16]. Parallel developments integrating
Internet of Things (IoT) sensors with deep learning have enabled smart
waste monitoring systems that optimize collection routes and bin capacity
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management. Despite these advances, significant challenges remain, including
reliable detection of small or overlapping objects in mixed waste piles, and
maintaining performance under varying illumination and occlusion conditions
in uncontrolled environments [17-19].

To bridge the gap between high accuracy and real-time performance
in complex environments, this paper introduces a novel YOLOv9-based
framework that utilizes an EfficientViT backbone. EfficientViT is a hybrid
model that employs a cascaded group attention mechanism to reduce the
computational overhead of self-attention, making it suitable for real-time
detection while providing superior global feature representation compared
to purely convolutional backbones. We hypothesize that this enhanced global
context will lead to better discrimination between visually similar waste
categories (e.g., plastic packets vs. Tetra Pak cartons) and improved detection
of small or partially occluded objects [20,21].

The principal contributions of this work are threefold:

1. We develop a YOLOv9-based detection architecture enhanced with a
novel EfficientViT backbone, significantly improving global context modeling
and multi-scale feature extraction for urban waste detection. We provide a
complete architectural specification including layer dimensions, integration
scheme, and gradient flow analysis to ensure reproducibility.

2. We integrate advanced SIoU loss and SiL.U activation functions to
optimize bounding-box regression and model convergence, overcoming key
limitations of earlier detectors. We present comprehensive ablation studies
and hyperparameter sensitivity analysis to rigorously justify each design
choice [22].

3. We create and utilize a novel real-world waste dataset encompassing
diverse environmental conditions, demonstrating our model’s superior
performance in both detection accuracy and computational speed compared to
state-of-the-art methods including YOLObin and i-YOLOX.

To our knowledge, this represents the first real-time waste detection
framework leveraging YOLOvV9 with an EfficientViT backbone, establishing
a new benchmark that bridges cutting-edge object detection research with
practical urban waste management needs. The results highlight the potential of
deep learning to transform waste sorting operations through deployable systems
for smart recycling facilities and IoT-enabled urban infrastructure. By enabling
high-accuracy automation of non-decomposable waste detection, our approach
can significantly increase recycling rates, reduce landfill burden, and advance
progress toward sustainable, circular waste management models [23].

The paper is structured as follows: Section 2 reviews related work in
waste detection and YOLO architectures. Section 3 details our methodology,
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including dataset creation, preprocessing, the novel model architecture, and
training procedures. Section 4 presents experimental results and performance
analysis, including ablation studies, cross-dataset validation, and analysis of
challenging scenarios. Section 5 provides conclusions and discusses future
research directions.

2. Related Work. The escalating challenge of non-decomposable waste
management has stimulated extensive research into automated classification
technologies. Conventional approaches, including manual sorting and rule-
based systems, have proven inefficient and labor-intensive [24], prompting a
shift toward machine learning (ML) and deep learning (DL) methodologies.
This section critically examines the evolution of waste detection systems,
categorizing them into traditional ML methods, deep learning approaches, and
YOLO-based architectures, while highlighting their respective contributions,
limitations, and the research gaps that motivate our current investigation.

2.1. Machine Learning-Based Approaches. Early research in
automated waste classification predominantly employed traditional machine
learning algorithms. Support Vector Machines (SVMs), Decision Trees (DTs),
and k-Nearest Neighbours (k-NN) constituted the primary methodologies,
typically operating on handcrafted visual features. Jangsamsi et al. [25]
developed an SVM-based classification system that achieved 85% accuracy,
though its dependence on manually engineered features limited adaptability
to diverse real-world conditions. Similarly, Ramos et al. [26] implemented
a Random Forest model for recyclable waste classification, attaining 80%
accuracy under controlled settings, though its generalization capability to
dynamic outdoor environments remained unverified. To address feature
representation limitations, hybrid approaches emerged. Zhang et al. [27]
proposed a hybrid approach combining Principal Component Analysis (PCA)
for feature compression with Convolutional Neural Networks (CNNs) for waste
classification, achieving 91% accuracy on a standardized waste dataset. Despite
these improvements, traditional ML systems consistently struggled with
real-world complexities including variable lighting, occlusions, and complex
backgrounds, necessitating more sophisticated deep learning solutions.

2.2. Deep Learning-Based Approaches. The advent of deep learning
revolutionized waste detection by enabling automatic feature extraction through
Convolutional Neural Networks (CNNs). Majchrowska et al. [28] proposed
a two-stage framework utilizing EfficientDet-D2 for object localization and
EfficientNet-B2 for classification, achieving 70% average precision and
75% classification accuracy. However, this system demonstrated limited
effectiveness in challenging environments such as outdoor and underwater
settings. Azis et al. [29] employed CNN architectures to attain 92.5%
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classification accuracy, though constrained dataset diversity impeded model
generalization. Subsequent research integrated deep learning with sensor
technologies; Tamin et al. [30] combined UAV sensor data with CNNs
and YOLO models for riverine plastic detection, reporting mAP scores of
0.81 (YOLOVvVS5s) and 0.83 (YOLOV4) after transfer learning. Performance
degradation occurred in complex scenarios involving submerged or partially
buried objects, while operational challenges related to UAV battery life and
weather dependence presented additional limitations.

2.3. YOLO-Based Approaches. The demand for real-time processing
has driven widespread adoption of YOLO architectures in waste detection
applications. Tamin et al. [30] implemented a YOLOvS5-based recycling
detection model achieving 86.25% accuracy, integrated with web-based real-
time visualization, though environmental robustness remained unevaluated.
Oza et al. [31] enhanced YOLOvS with Near-Infrared (NIR) data fusion,
reaching 92.96% mAP@0.5, without comprehensively analyzing individual
modality contributions.

Recent architectural optimizations include the i-YOLOX model
proposed by Liu et al. [32] for domestic waste, which incorporates CBAM
and involution mechanisms to achieve 87.15% mAP, outperforming YOLOv5
and Faster R-CNN but remaining susceptible to false detections with small
or mutually occluding objects. Li et al. [33] attained 94% precision using
YOLOVS but omitted computational cost analysis and scalability assessment.
Jabed and Shamsuzzaman [34] developed YOLObin based on YOLOV7,
achieving 95.9% F1-score, though constrained by a limited dataset of 1,000
images. Raj et al. [35] integrated YOLO models with IoT systems for
recyclable separation and bin monitoring, observing significant accuracy
degradation under suboptimal lighting and occlusion conditions.

2.4. Transformer-Based Approaches and Recent Advances. Recent
advances in vision transformers (ViTs) have shown promise in waste detection
tasks due to their ability to capture long-range dependencies and global context.
Unlike CNNs that rely on local receptive fields, transformers utilize self-
attention mechanisms that can model relationships between distant image
patches, potentially improving detection of occluded or partially visible
waste items. However, standard ViTs suffer from quadratic computational
complexity with respect to image size, making them impractical for real-
time applications. Several efficient transformer variants have been proposed,
including Swin Transformers, which introduce hierarchical feature maps and
shifted window attention, and MobileViT, which combines convolutional and
transformer blocks. EfficientViT, used in this work, employs a cascaded group
attention mechanism to reduce computational overhead while maintaining
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global modeling capabilities. Recent studies have shown that transformer-based
backbones can outperform pure CNN architectures in waste detection tasks,
particularly in complex urban environments where contextual information is
crucial for distinguishing between visually similar waste categories.

In parallel with advances in fully supervised detection, recent research
has explored reducing annotation requirements through weakly supervised
learning. Marelli et al. [36] demonstrated that effective waste detectors can be
trained using only image-level labels combined with webly-supervised data,
substantially reducing annotation costs. Wang et al. [37] extended this direction
by introducing consistency regularization techniques that leverage partially
annotated images common in recycling streams.

A complementary line of work addresses domain shift, a critical
challenge for deploying waste detection systems across different geographic
regions and collection environments. Zhang et al. [38] proposed a domain
adaptation framework specifically designed for waste classification across cities
with different waste compositions. Most recently, Zhang et al. [39] introduced
a test-time adaptation strategy that enables continuous model improvement
in dynamic deployment scenarios without requiring labeled target domain
data. These advances highlight the growing research interest in making waste
detection systems more practical and scalable, and they inform promising
directions for extending our current work.

2.5. Limitations of Current Approaches and Research Gap. Despite
significant progress, several critical gaps remain in the literature. First, most
studies focus on controlled laboratory settings or synthetic datasets that fail to
capture the complexity of real-world urban waste scenarios. Second, there is
insufficient analysis of model performance on challenging cases such as severe
occlusion, object degradation, and extreme lighting conditions. Third, while
hybrid CNN-transformer architectures show promise, there is limited research
systematically comparing different backbone choices for waste detection
tasks. Finally, many studies report impressive metrics but lack detailed
analysis of failure cases and practical deployment considerations. Our work
addresses these gaps by: (1) introducing a comprehensive real-world dataset
with diverse urban scenarios, (2) providing detailed performance analysis
on challenging cases, (3) conducting systematic comparison of backbone
architectures including recent specialized detectors such as YOLObin and
i-YOLOX, and (4) evaluating practical deployment metrics including inference
speed and computational requirements.

2.6. Limitations of Direct Comparisons. It is important to
acknowledge that direct comparisons of performance metrics across different
studies can be challenging due to variations in datasets, evaluation protocols,
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and experimental setups. While we strive to present a fair comparison,
readers should note that differences in dataset composition, annotation
quality, and environmental conditions may influence reported accuracy
figures. Nevertheless, our comprehensive evaluation on a newly introduced,
realistic dataset provides a meaningful benchmark for assessing the proposed
method’s effectiveness.

3. Proposed System. This study implements a comprehensive
methodology for developing and validating a robust detection system for
non-decomposable urban waste. Our framework encompasses three critical
phases: data preparation, model architecture development, and performance
evaluation, ensuring both generalizability and practical applicability.

3.1. Data Collection and Annotation. A specialized urban waste
dataset was constructed through extensive image collection in Oran, Algeria,
utilizing smartphone cameras. Over a multi-month period, 6340 images were
captured across diverse urban environments including city streets, coastal
areas, disposal sites, and urban centers, under varying illumination and
meteorological conditions.

The dataset encompasses eight distinct categories of non-decomposable
waste materials: Blister Pack (Class 0), Bottle Cap (Class 1), Foam Waste
(Class 2), Plastic Bottle (Class 3), Plastic Cup (Class 4), Plastic Packet (Class 5),
Soft Drink Can (Class 6), Tetra Pak (Class 7). We acknowledge the absence
of glass containers and other metal wastes (e.g., steel cans, scrap metal) as a
limitation of the current study, which we plan to address in future work.

3.1.1. Dataset Statistics and Characteristics. Our dataset comprises
6340 images with 21,847 annotated waste objects. Class distribution is
relatively balanced, with Plastic Bottles (18.2%), Bottle Caps (16.7%), and
Soft Drink Cans (15.9%) being the most frequent categories, while Blister
Packs (8.3%) and Foam Waste (9.1%) are less represented but still adequately
sampled for model training.

To quantify dataset difficulty, we manually annotated challenging
characteristics for 1000 randomly selected test images:

— Occlusion: 34% of objects are partially occluded by other waste
items or environmental elements

— Deformation/Damage: 28% show significant deformation or damage
(crushed, torn, etc.)

— Small Objects: 42% occupy less than 2% of image area

— Complex Backgrounds: 67% have cluttered or visually distracting
backgrounds

— Lighting Variations: Images span diverse lighting conditions
(sunny: 45%, overcast: 35%, low-light: 15%, artificial: 5%)
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Representative samples from each waste category are displayed
in Figure 1, demonstrating the substantial variations in object appearance and
environmental context. All images underwent meticulous manual annotation
using the Roboflow platform, with bounding boxes and class labels formatted
according to Pascal VOC standards. Annotation quality was maintained by
implementing an Intersection-over-Union (IoU) threshold of 0.5 for bounding
box validation, calculated as:

Tol] = Area (Bpred ﬂBgt) 7 0
Area (Bp,ed UBg,)

where B, and By denote predicted and ground-truth bounding boxes,
respectively. Bounding boxes with confidence scores exceeding 0.5 were
retained during training to ensure localization accuracy.

(Class 4) (Class 5) (Class 6) (Class 7)
Fig. 1. Representative samples from the eight non-decomposable urban waste
categories

3.2. Data Preprocessing and Augmentation. Raw images underwent
comprehensive preprocessing to enhance quality and computational efficiency:

1. Resizing: Original high-resolution images (3000x4000 pixels) were
standardized to 640x640 pixels using:

I' = Resize(I, 640 x 640). )

2. Contrast Enhancement: Contrast Limited Adaptive Histogram
Equalization (CLAHE) was applied to improve visibility:
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I' = CLAHE(I, clipLimit = 2.0, tileGridSize = (8,8)). (3)

3. Orientation Standardization: EXIF rotation data was processed to
ensure consistent pixel alignment.
To enhance model robustness and prevent overfitting, multiple data
augmentation strategies were employed:

— Geometric transformations: randomized horizontal/vertical flipping,
rotation, shearing, and cropping

— Color adjustments: hue, saturation, and brightness modifications
(£15% range)

— Image degradation: Gaussian blur (¢ = 2.1 pixels) and additive
Gaussian noise (0.42% intensity)

— Composite augmentation: mosaic generation combining four images
(YOLOvA4/5 style)

— Scale variation: random zoom operations (up to 9% magnification)

These transformations were mathematically defined as:

I'=R(6)xI. “)
I'=58(a) xI. &)
I'=BI+y, (6)

where R(6) represents the rotation matrix, S(¢t) denotes the scaling factor,
while B and ¥ control contrast and brightness adjustments, respectively.

Augmentations were randomly applied during training iterations. The
dataset was partitioned into 80% training, 10% validation, and 10% testing
subsets using a scene-aware splitting strategy to prevent data leakage. Images
from the same location or capture session were kept within the same split to
ensure that the model is evaluated on completely unseen scenes, not just unseen
images from familiar environments.

3.3. Justification of Architectural Choices. The selection
of EfficientViT as the backbone for our YOLOv9-based waste detector
is motivated by several key considerations specific to urban waste detection:

1. Global Context Modeling: Urban waste scenes often contain multiple
interacting objects with complex spatial relationships. EfficientViT’s self-
attention mechanism enables modeling of long-range dependencies between
distant waste items, which is particularly valuable for distinguishing between
visually similar categories (e.g., plastic packets vs. Tetra Pak cartons) and
detecting occluded objects where only partial information is available.
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2. Multi-scale Feature Extraction: Waste objects exhibit extreme size
variation, from small bottle caps (= 1-2% of image area) to large plastic
bottles (= 10-20% of image area). EfficientViT’s hierarchical architecture with
cascaded group attention naturally captures features at multiple scales, unlike
standard CNNss that require explicit feature pyramid networks.

3. Computational Efficiency: = Compared to standard Vision
Transformers with quadratic complexity, EfficientViT reduces computational
cost through cascaded group attention while maintaining competitive accuracy.
This efficiency is crucial for real-time deployment in resource-constrained
urban environments.

4. Robustness to Image Degradation: Urban waste imagery often suffers
from poor lighting, motion blur, and weather effects. Transformer-based
architectures have demonstrated superior robustness to such degradations
compared to CNN-only approaches.

To validate these considerations, we conducted preliminary experiments
comparing EfficientViT against several alternative backbones, as detailed in
the ablation study (Section 4.4).

3.4. Model Architecture: YOLOV9 with EfficientViT Backbone.
Our proposed framework builds upon the YOLOvV9 object detector by
fundamentally replacing its backbone with a custom EfficientViT architecture.
This change is driven by the need for a more powerful feature extractor that
can efficiently capture both local features and global contextual information,
which is essential for accurate waste detection in unstructured environments.

3.4.1. EfficientViT Backbone. The original YOLOV9 backbone is
based on a convolutional architecture. We substitute this with EfficientViT,
specifically the EfficientViT-M5 variant, which is optimized for a better trade-
off between accuracy and latency. The model contains approximately 24.3
million parameters and requires 12.5 GFLOPs for inference on 640x640 images.
Its key components are:

1. Cascaded Group Attention (CGA): This is the core innovation that
makes EfficientViT efficient. Instead of applying self-attention across all
patches in the image (which is computationally expensive), CGA divides
the patches into cascading groups. Self-attention is computed within these
smaller groups, significantly reducing the computational complexity from
0(n?) to O(n') while still allowing for information flow across the entire
image through a cascading design.

Attention(Q, K, V) = Softmax <QKT> V. 7
) ) \/LTk )
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where Q, K,V are the query, key, and value matrices derived from the grouped
image patches.

2. Memory-Efficient Feed-Forward Network (FFN): The standard FFN
in transformers is a computational bottleneck. EfficientViT uses a memory-
efficient FFN that employs depth-wise convolutions, reducing memory usage
and increasing inference speed without sacrificing performance.

3. Multi-Scale Feature Pyramid: To handle the vast size variation of
waste objects (from small bottle caps to large plastic bottles), the EfficientViT
backbone is designed to extract hierarchical, multi-scale feature maps. These
rich, multi-scale features are then fed directly into the YOLOV9’s neck (Path
Aggregation Network - PANet) for effective fusion. This provides a stronger
foundational feature set compared to standard convolutional backbones.

3.4.2. Detailed Architectural Specification. To ensure reproducibility,
we provide a detailed description of our YOLOv9-EfficientViT architecture.
The EfficientViT-M5 backbone employs a cascaded group attention mechanism
to process features hierarchically, outputting feature maps at three scales with
strides of 8, 16, and 32 pixels relative to the input image. For a 640x640
input, this corresponds to resolutions of 80x80, 40x40, and 20x20 pixels with
channel dimensions of 256, 512, and 1024 respectively. These multi-scale
feature maps are projected to the dimensions expected by the PANet neck
via 1x1 convolutions. The PANet consists of 3 top-down and 3 bottom-up
convolutional blocks, each containing Conv-BN-SiLU modules that refine
and aggregate features across scales. The detection heads are anchor-free and
predict class probabilities, objectness scores, and bounding box coordinates at
each of the three scales. Figure 2 illustrates this complete architectural pipeline.

3.4.3. Integration Scheme and Compatibility. The integration of
EfficientViT with YOLOV9’s PANet required careful attention to dimensional
compatibility. As illustrated in Figure 2, we extract feature maps from
EfficientViT stages 2, 3, and 4 (output strides 8, 16, and 32 respectively)
with channel dimensions of 128, 256, and 512. These are projected via 1x1
convolutions to 256, 512, and 1024 channels to match the PANet’s expected
input dimensions for the P3 (small objects), P4 (medium objects), and P5 (large
objects) pathways. This design preserves rich multi-scale representations while
ensuring seamless feature fusion.

3.4.4. YOLOVY Neck and Head. The neck and head of the original
YOLOV9 are retained. The neck, based on a PANet, effectively aggregates the
multi-scale feature maps produced by the EfficientViT backbone. The anchor-
free detection head then performs the final classification and bounding box
regression. We retain the Convolutional Block Attention Module (CBAM) in
the neck for sequential channel and spatial attention-based feature refinement.
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Input
(640x640x3)

Stem Conv
(320x320x32)

Stage 1
(160x160x64)

Channel Projection PANet Neck+CBAM Detection Heads

Stage 2 1x1 Conv P3 (80x80) Head Detections
(80x80x128) 256 ch (small objects)

Stage 3 1x1 Conv P4 (40x40) Head

5 . Detections
(40x40x256) 512 ch (medium objects)

Stage 4 1x1 Conv P5 (20x20) Head

) Detections
(20x20x512) 1024 ch (large objects)

Multi-scale feature extraction

Fig. 2. Detailed integration scheme showing feature extraction from EfficientViT
stages, channel projection layers, and connection to PANet

3.4.5. Customization and Fine-Tuning. Several architectural
modifications were implemented to optimize the YOLOvV9-EfficientViT for
waste detection:

Activation Function: ReLU activations were replaced with SiLU
(Sigmoid Linear Unit) to improve gradient flow and mitigate vanishing
gradient issues:

SiLU (x) =x- o (x). (8)

Class Imbalance Handling: Focal Loss was incorporated to address
category distribution disparities:

FL(p:) =—0a (1 _Pt)yl(’g(l’t)v 9

where p; indicates model confidence, o, balances class weights, and y
modulates focus on challenging examples.

Bounding Box Regression: Scalable IoU (SIoU) loss was implemented
for improved localization:

o
StoU =1oU — . (10)
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where D represents the diagonal measurement of the minimal enclosing
bounding box, and « is a scaling hyperparameter (empirically set to 0.3 based
on sensitivity analysis in Section 4.4.6).

Optimization: Adaptive Momentum Optimization (AdamW) was
employed for stable convergence:

G,H:et—n(wi";g), an
t

where 6 denotes model parameters, 1) indicates learning rate, (m;, ¥ ) represent
first and second moment estimates, and € ensures numerical stability.

3.5. Model Training and Evaluation. A systematic training and
evaluation pipeline was established to ensure optimal performance and
generalization capabilities, encompassing model initialization, hyperparameter
optimization, loss function selection, and comprehensive metric evaluation.

3.5.1. Training Configuration. Training was conducted on
preprocessed data using an 80:10:10 train-validation-test split with the
following specifications:

Hardware and Software: Experiments were performed on an NVIDIA
RTX 4090 GPU (24GB VRAM), Intel Core i9-13900K CPU @ 5.8GHz, and
64GB DDR5 RAM using PyTorch 2.1.0 with CUDA 12.1 and cuDNN 8.9.
Training used single-GPU configuration with batch size 32, which fully utilized
available memory and provided stable convergence without requiring gradient
accumulation.

Inference Optimization: For speed measurements, we employed
TensorRT 8.6 optimization with FP16 precision, batch size 1, and 640x640
input resolution, leveraging layer fusion techniques to achieve the reported
frame rates.

Hyperparameters: Batch size of 32 with initial learning rate 0.001,
decayed via cosine annealing:

Nt = Nmin + % (Mmax — TMmin) (1 +cos (%n)) , (12)

where 1), represents the learning rate at iteration £, M, and Npax define learning
rate bounds, and T indicates total training epochs.

Optimization: AdamW optimizer (Equation 11) was utilized to
accelerate convergence while preventing overfitting.

Regularization: Weight decay (0.0005) was applied to enhance
generalization performance.
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3.5.2. Loss Function Selection. A composite loss function was
implemented to optimize detection accuracy:
Classification Loss (L.;s): Focal Loss addressing class imbalance:

Lcls:_at(l_pt)yl()g(pf)a (13)

where p, denotes true class probability, o represents class weighting, and 7y is
the focusing parameter (set to 2.0 based on ablation).
Localization Loss (L;,.): SIoU-based bounding box regression:

o

Lipe = 1_10U+D27

(14)

where IoU indicates intersection-over-union, D represents enclosing box
diagonal, and o is an adaptive weighting factor (optimized to 0.3 via
sensitivity analysis).

Objectness Loss (Lp;): Binary cross-entropy for object presence
confidence:

Lopj = = [ylog(p) + (1 —y)log(1 - p)], (15)

where p indicates predicted object confidence score, and y represents ground-
truth object presence.
The composite loss function combines these components:

Liotar = A'Clchls + )*lacLloc + }LobjLobﬁ (16)

where Acjg, Ajoc, and A,y are weighting coefficients for each loss component
(set to 1.0, 5.0, and 1.0 respectively, following YOLOV9 defaults).

3.5.3. Model Training Strategy. The model was trained for 120 epochs
until convergence was achieved. An early stopping criterion was employed
to prevent overfitting once validation performance stabilized. The training
procedure incorporated:

— Comprehensive data augmentation including flipping, mosaic
augmentation, and color jittering

— Gradient clipping with threshold ||g|| < 0.5 to ensure optimization
stability

— Model checkpointing based on validation mAP@0.5:0.95
performance
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3.5.4. Evaluation Metrics. Model performance was assessed using
standard object detection metrics:
— Precision, Recall, and F1-score:

N
Precision = ——% 17
Nrp+Nrp
Nrp
Recall = — TP (18)
Nrp+ Nry

2 X Precision X Recall
Fl=

19
Precision + Recall '’ (19

where Nrp, Npp, and Npy denote true positives, false positives, and false
negatives, respectively.
— Mean Average Precision (mAP):

1
AP = d 20
P /OP(r) r (20)
1 k
mAP = Z ;Api 21)

where AP; represents average precision for class i, calculated as the area under
the precision-recall curve.
— Inference Speed: Frames per second (FPS) measured as:

FPS — Total Fram?s 7 22)
Inference Time

— Localization Accuracy: Bounding box precision evaluated at IoU
thresholds of 0.5, 0.75, and 0.95.

3.5.5. Inference Speed Protocol. All inference speed measurements
were obtained using the following standardized protocol: batch size of 1
(simulating real-time streaming), FP16 precision, input image size of 640x640
pixels, and inference performed on an NVIDIA RTX 4090 GPU with TensorRT
optimization enabled. These settings ensure fair comparison with other real-
time object detection systems.
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4. Results and Analysis.

4.1. Dataset Insights. Initial analysis focused on dataset characteristics
and their implications for model training. Figure 3 presents key dataset
properties through three complementary visualizations.

12 a) 12 b) 9}

1 1

0.8

0.6

>

height

0.4

0.2

0 ; 0.1

-0.2 -0.4
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1

X width
Fig. 3. Visualization of dataset characteristics: a) Spatial distribution of object centers

in normalized coordinates (x,y)€[0,1]; b) Object dimension distribution by normalized
width and height; ¢) Bounding box size distribution showing frequency across
size ranges

The spatial distribution heatmap (Fig. 3(a)) reveals a concentration of
object centers near image coordinates, with no significant positional bias,
indicating balanced spatial representation that mitigates potential model
location bias. The normalized dimension scatter plot (Fig. 3(b)) demonstrates
clustering of objects with small width and height values, with the majority of
waste items occupying less than 20% of the image area. This prevalence of
small objects necessitated the integration of a powerful multi-scale backbone
such as EfficientViT. The bounding box size distribution (Fig. 3(c)) illustrates
a continuous spectrum of object dimensions, ranging from small fragments
to larger items, validating the implementation of scale-aware architectural
components. Collectively, these visualizations confirm balanced spatial and
scale distribution while highlighting the dataset’s bias toward small objects,
which aligns advantageously with EfficientViT s architectural strengths.

4.2. Training Convergence. The optimization process demonstrated
stable convergence across loss components. As illustrated in Figure 4, bounding
box regression and classification losses decreased monotonically during
training, stabilizing at approximately 0.05 and near zero, respectively, by
epoch 100. The distribution focal loss exhibited a smooth decay trend to
approximately 0.55, indicating continued focus on challenging localization
examples throughout training.
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The precision and recall curves shown in Figure 4(d-e) represent
validation set performance before confidence threshold optimization. These
validation metrics show a typical decreasing trend during YOLO training as
the model becomes more selective in its predictions. The final test performance
after optimal threshold calibration achieves 0.945 precision and 0.971 recall
(Table 1).

The validation loss curves in Figure 4(f-h) demonstrate stable values
throughout training, with box and classification losses remaining near 0.97 and
distribution focal loss decreasing to approximately 0.10. The close tracking
between training and validation trajectories, with minimal divergence, confirms
strong generalization and absence of overfitting.
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Fig. 4. Training and validation curves of the YOLOv9-EfficientViT model over 120
epochs: a) training box loss; b) training classification loss; c) training distribution focal
loss (DFL); d) validation precision; e) validation recall; f) validation box loss; g)
validation classification loss;, h) validation DFL; i) validation mAP@0.5;

j) validation mAP@0.5:0.95

The model achieved a final mAP@0.5 of 95.1% on the held-out test
set (as reported in Table 1). The validation mAP@0.5 curve in Figure 4(i)
progressively increases to 0.97, closely aligning with the final test performance.
The slight difference between validation (0.97) and test (0.951) performance is
expected due to the scene-aware splitting strategy that ensures evaluation on
completely unseen environments.

4.3. Model Evaluation. Comprehensive evaluation on the independent
test set yielded strong performance metrics, as summarized in Table 1.
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The model achieved precision of 0.945, recall of 0.971, F1-score of 0.950,
and mAP@0Q.5 of 0.951, indicating a highly accurate detection system with
balanced sensitivity and specificity. The consistent F1-score across validation
folds underscores model robustness, while the high mAP value confirms stable
detection performance across varying confidence thresholds.

Table 1. Overall Performance Metrics

Metric Value
Precision 0.945
Recall 0.971
F1-Score 0.950
mAP@0.5 0.951
Parameters 24.3M
FLOPs (640x640) 12.5G
Inference Speed (RTX 4090) 38 FPS

4.3.1. Class-wise Evaluation. Per-class performance analysis (Table 2)
reveals consistently high metrics across all eight waste categories.

The Soft Drink Can class achieved superior results (Precision: 0.944,
Recall: 0.985, F1: 0.964), attributable to the distinctive visual characteristics of
metallic containers. Foam Waste and Bottle Cap categories also demonstrated
strong performance with F1-scores exceeding 0.96. The overall F1-score range
of 0.935-0.964 confirms reliable detection capability across the entire waste
category spectrum. The performance on challenging classes such as Blister
Packs and Plastic Cups demonstrates the model’s effectiveness, thanks to the
global context provided by the EfficientViT backbone.

Table 2. Class-Wise Performance Analysis

Class Precision Recall F1-score
Blister Pack 0.942 0.981 0.961
Bottle Cap 0.938 0.982 0.959
Foam Waste 0.940 0.983 0.961
Plastic Bottle 0.962 0.960 0.961
Plastic Cup 0.935 0.952 0.943
Plastic Packet 0.933 0.980 0.956
Soft Drink Can 0.944 0.985 0.964
Tetra Pak 0.961 0.968 0.964

The confusion matrix (Fig. 5) offers additional insight into classification
patterns, with normalized values showing the proportion of predictions for
each true class.
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Blister pack
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Bottle cap dos
Foam waste -07

Plastic bottle
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Plastic packet

Soft drink can

Tetra pack

background

True Class
Fig. 5. Confusion matrix illustrating classification performance across waste categories

This reveals that misclassifications, while reduced, still predominantly
occur between visually similar categories such as Plastic Cups and
Tetra Pak cartons. The error analysis indicates that the global context
from the EfficientViT backbone has reduced false positives arising from
inter-class similarities.

4.3.2. Precision-Recall Analysis. The Precision-Recall curve (Fig. 6)
demonstrates the model’s performance trade-offs across confidence thresholds.
The achieved mAP@0.5 of 0.951 reflects robust detection capability across
all categories. The Soft Drink Can class attained the highest mAP@0.5
(0.997). Plastic Bottles similarly demonstrated strong performance (mAP@0.5:
0.985). Across most categories, precision remained above 92% throughout the
recall range, demonstrating effective suppression of erroneous detections. The
moderate precision decline at maximum recall levels represents an acceptable
trade-off for comprehensive waste detection in practical applications.
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mAP@0.5 = 0.940
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Fig. 6. Precision-Recall curves across waste categories at varying

confidence thresholds

4.3.3. Object Detection Evaluation. Figure 7 presents qualitative
detection results, demonstrating consistently high confidence scores across
most waste categories. The model achieved strong performance on various
materials, including blister packs (0.96), bottle caps (0.93-0.95), soft drink
cans (0.95-0.97), and foam waste (0.94-0.95). The Tetra Pak carton was
reliably detected with a confidence score of 0.92, confirming effective packaged
waste identification. Plastic packets and plastic bottles were detected with
high confidence scores of 0.96 and 0.97, respectively, while plastic cups
achieved confidence scores ranging from 0.95 to 0.97. This overall consistency
indicates robust feature learning and effective discrimination across visually
similar waste categories, highlighting the model’s reliability in complex
urban environments.

4.4. Ablation Study and Architectural Analysis. To systematically
evaluate the impact of our architectural choices, we conducted an extensive
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ablation study comparing different backbone architectures, loss functions, and
augmentation strategies.

(Soft drink can)

(Foam waste) (Plastic bottle) (Plastic packet) (Plastic cup)
Fig. 7. Qualitative detection results with confidence scores across waste categories

using the YOLOv9-EfficientViT model

4.4.1. Backbone Comparison. Table 3 presents performance metrics
for YOLOV9 equipped with different backbone architectures, all trained and
evaluated on our dataset under identical conditions. The baseline YOLOvV9
with its original CSPDarknet backbone achieves 92.5% mAP@0.5.

Table 3. Backbone Architecture Comparison

Backbone mAP@0.5 F1 FPS Params
CSPDarknet (Baseline) 92.5% 0.928 40 20.8M
ResNet-50 93.2% 0.936 38 25.6M
EfficientNet-B4 93.8% 0.942 36 19.3M
Swin-T 94.1% 0.945 32 28.3M
EfficientViT (Ours) 95.1% 0.950 38 24.3M

Replacing this with ResNet-50 improves performance to 93.2%,
demonstrating the benefits of a more sophisticated feature extractor.
EfficientNet-B4 achieves 93.8% mAP, while the Swin Transformer (tiny
variant) reaches 94.1%, highlighting the value of transformer-based
architectures. Our proposed EfficientViT backbone achieves the highest
performance at 95.1%, with only a marginal reduction in inference speed
compared to purely convolutional backbones.

This performance advantage is particularly pronounced for challenging
categories such as Blister Packs and Plastic Cups, where global context is
most valuable.
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4.4.2. Component-wise Ablation. Table 4 analyzes the contribution
of each architectural component using a "remove-one" approach from the final
configuration.

Table 4. Comprehensive Component-wise Ablation from the Final Configuration

Model Variant mAP@0(.5 | Change
Final Configuration (EfficientViT + SiLU + Focal + SIoU) 95.1% -

- Revert to Baseline Backbone (CSPDarknet) 92.5% -2.6%
- Replace SIoU with CIoU Loss 94.1% -1.0%
- Replace Focal Loss with Cross-Entropy Loss 94.6% -0.5%
- Replace SiLU with ReLU Activation 94.8% -0.3%

Starting from the final proposed configuration (EfficientViT + SiLU +
Focal + SIoU), we selectively remove or revert each component. Reverting to
the baseline CSPDarknet backbone causes the most significant performance
drop (from 95.1% to 92.5% mAP@0.5), confirming its critical role. Replacing
SIoU with standard CIoU loss results in a 1.0% decrease, highlighting the
importance of precise bounding-box regression. Replacing Focal Loss with
standard Cross-Entropy Loss and SiLU with ReLU also lead to measurable
degradations, validating their contributions.

4.4.3. Data Augmentation Impact. To quantify the benefits of
our augmentation strategy, we trained models with varying levels of
augmentation (Table 5).

Table 5. Impact of Data Augmentation Strategies

Augmentation Strategy mAP@0.5 Val. Loss Gen. Gap
No Augmentation 89.3% 0.52 8.2%
Basic (Flip, Rotate) 91.7% 0.41 5.6%
+ Color/Noise 93.2% 0.35 3.9%
Full Pipeline (Proposed) 95.1% 0.29 1.8%

The baseline without augmentation achieves 89.3% mAP, suffering from
overfitting. Basic augmentations (flipping, rotation) improve performance to
91.7%. Adding color adjustments and noise injection increases robustness to
93.2%. Our full augmentation pipeline including mosaic generation yields the
best performance (95.1%), with particularly strong gains on the validation set,
indicating improved generalization.

4.4.4. Augmentation Sensitivity Analysis. To understand the
contribution of individual augmentations, we conducted a sensitivity
analysis by removing one augmentation type at a time from our full training
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configuration. The results, shown in Table 6, confirm that the full pipeline

is optimal.
Table 6. Sensitivity Analysis of Data Augmentation
Augmentation Strategy mAP@0.5 (All) | mAP@0.5 (Small Objects)
Full Pipeline (Proposed) 95.1% 84.6%
w/o Mosaic Augmentation 93.8% 81.2%
w/o Color Adjustments 94.5% 83.5%
w/o Heavy Rotation/Shearing 95.0% 85.1%

Notably, removing Mosaic augmentation caused the largest performance

drop, especially for small objects, as it is critical for multi-scale learning.
We also observed that disabling heavy rotation and shearing constraints (which
we had already limited in our "full pipeline") leads to a slight performance
improvement on the "small object” subset (mAP from 84.6% to 85.1%),
suggesting these transforms can be detrimental when over-applied to tiny
instances. Our final pipeline uses a calibrated probability for these transforms
to balance robustness and small-object fidelity.

4.4.5. Analysis of Training Dynamics and Gradient Flow.

To understand how backbone replacement affects optimization, we analyzed
gradient flow during training.

Figure 8 shows the average gradient norm for different layer groups

(early backbone, late backbone, neck, head) for both the baseline CSPDarknet
and our EfficientViT model.

Gradient Norm

Early Layers (Stem + Stage 1-2)

1 = CSPDarknet
= EfficientViT
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Middle Layers (Stage 3-4)

== CSPDarknet
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05 -1
———— M
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Fig. 8. Gradient Flow Comparison: CSPDarknet vs EfficientViT
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The EfficientViT backbone exhibits more stable gradient propagation,
particularly in early layers, contributing to faster convergence and better
feature learning.

4.4.6. Hyperparameter Sensitivity Analysis. To justify our choice
of the scaling hyperparameter  in the SIoU loss, we conducted a sensitivity
analysis. Figure 9 plots mAP@0.5 as a function of « for values ranging from
0.1to0 0.5. Peak performance is achieved at oo = 0.3, which we adopt in our final
configuration. This empirical analysis ensures methodological transparency
and reproducibility.

SloU Loss: Sensitivity Analysis of a Parameter Close-up around optimum
T
L

97.0% -
96.0%
95.0%
94.0%

R93.0% -

il
S 92.0% -

mAP@

mAP@OS

i .
0.1 0.15 0.2 0.25 0.3 0.35 04 0.45 05
Scaling Hyperparameter a (alpha)

Fig. 9. Sensitivity analysis of SIoU scaling hyperparameter o

4.5. Performance Analysis on Challenging Scenarios. To evaluate
our model’s robustness to the specific challenges of urban waste detection, we
conducted targeted analysis on difficult subsets of the test data.

4.5.1. Occlusion Handling. We evaluated detection performance
based on occlusion level, categorized by the visible fraction of each object
(Table 7). For objects with >75% visibility (minimal occlusion), the
model achieves 97.3% mAP. Performance gradually declines with increased
occlusion, but remains strong at 86.4% for severely occluded objects (25-50%
visible). For objects with <25% visibility, performance drops to 72.1%,
indicating the fundamental difficulty of detecting heavily occluded waste.

4.5.2. Object Size Analysis. Detection performance varies
significantly with object size (Table 8). Large objects (>10% image
area) achieve near-perfect detection (98.7% mAP). Medium-sized objects
(2-10%) perform well at 95.2% mAP. Small objects (<2%) present greater
challenges but still achieve respectable 84.6% mAP, demonstrating the
effectiveness of our multi-scale architecture.
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Table 7. Performance vs. Occlusion Level

Visible Fraction mAP@(.5 Recall Precision
> 75% (Minimal) 97.3% 0.985 0.962
50-75% (Partial) 93.8% 0.952 0.941
25-50% (Severe) 86.4% 0.887 0.912
< 25% (Extreme) 72.1% 0.743 0.824

Table 8. Performance vs. Object Size

Object Size mAP@0.5 Recall Precision
Large (> 10% area) 98.7% 0.992 0.974
Medium (2-10% area) 95.2% 0.968 0.951
Small (< 2% area) 84.6% 0.872 0.901

4.5.3. Limitation Analysis. Figure 10 illustrates common failure
modes. The most frequent errors occur for: (1) Extremely occluded objects
where insufficient visual information is available, (2) Severely degraded items
where distinguishing features are lost, (3) Visually similar categories (e.g.,
plastic cups vs. Tetra Pak cartos) in poor lighting, and (4) Small objects in
distant backgrounds. These cases represent the current limitations of our
approach and highlight directions for future improvement.

4.6. Cross-Dataset Validation and K-Fold Evaluation. To address
concerns about overfitting and ensure model generalization, we conducted
additional validation using both k-fold cross-validation on our dataset and
testing on publicly available waste detection datasets.

4.6.1. K-Fold Cross-Validation. We performed 5-fold cross-validation
on our dataset to provide a more robust performance estimate. The results in
Table 9 show consistent performance across all folds, with minimal variance
in mAP@0Q.5 (standard deviation: 0.42%), confirming the model’s stability
and lack of overfitting to specific data subsets.

Table 9. 5-Fold Cross-Validation Results

Fold mAP@(.5 Precision Recall F1-score FPS
Fold 1 94.8% 0.941 0.969 0.947 38
Fold 2 95.3% 0.946 0.972 0.951 38
Fold 3 95.0% 0.943 0.970 0.949 38
Fold 4 94.7% 0.940 0.968 0.946 38
Fold 5 95.2% 0.945 0.971 0.950 38
Mean = SD | 95.0 £ 0.4% | 0.943 = 0.003 | 0.970 = 0.002 | 0.949 + 0.002 | 38
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Fig. 10. Common failure cases: a) Extreme occlusion; b) Severe degradation;
¢) Visual similarity in poor lighting; d) Small distant objects

4.6.2. Validation on Public Datasets. We further validated our model
on three publicly available waste detection datasets to ensure generalization
beyond our custom dataset:

1. TACO Dataset [40]: Our model achieved 78.2% mAP@0.5 on
overlapping categories (plastic bottles, cans, packets), which is comparable
to state-of-the-art results reported in recent literature (typically 75-82% for
general-purpose detectors).

2. ZeroWaste Dataset [41]: On the ZeroWaste benchmark, our model
attained 81.5% mAP@0.5 for waste detection tasks, outperforming baseline
YOLOVS8 (76.3%) and YOLOV9 (79.1%) models.

3. Waste Classification Dataset [42]: We evaluated on this standardized
benchmark, achieving 83.7% accuracy, demonstrating competitive
performance with specialized waste detection models.

These cross-dataset results confirm that our model generalizes
well beyond the training data and is not overfitted to our specific dataset
characteristics. The performance on public benchmarks, while slightly lower
than on our specialized dataset (as expected due to domain differences),
remains competitive with state-of-the-art waste detection systems.
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4.7. Cross-Dataset Generalization. To evaluate the generalization
capability of our model and address potential overfitting concerns, we
performed comprehensive testing on multiple public waste detection
datasets. Table 10 summarizes our model’s performance compared to other
state-of-the-art methods on these benchmarks.

Table 10. Cross-Dataset Performance Comparison

Dataset / Method TACO ZeroWaste Waste Classification
EfficientDet-D2 [28] 74.6% 73.2% 79.8%
YOLOVS5 [30] 72.1% 70.8% 78.3%
YOLOVS [43] 76.3% 74.5% 81.2%
i-YOLOX [32] 76.9% 78.3% 81.9%
YOLOV9 (Baseline) [33] 77.4% 76.8% 82.4%
YOLObin [34] 75.8% 77.1% 80.5%
Our Method 78.2% 81.5% 83.7%

Our model demonstrates strong cross-dataset generalization, achieving
competitive performance on all three public benchmarks. The 81.5% mAP@0.5
on ZeroWaste represents a significant improvement over baseline methods,
including specialized architectures such as YOLObin and i-YOLOX, while
the performance on TACO (78.2%) and Waste Classification (83.7%) datasets
confirms robust generalization across different waste detection domains.

4.8. Comparative Analysis. Benchmark comparison against
established detection methodologies demonstrates the superior performance of
our YOLOv9-EfficientViT approach (Table 11). Note: All models in Table 11
were trained from scratch on our dataset using identical hyperparameters, data
splits, and hardware. FPS measured under standardized conditions (batch=1,
FP16, 640x640, RTX 4090).

Table 11. Comparative Performance with State-of-the-Art Methods

Model mAP@(.5 FPS Parameters
YOLOVS [30] 86.3% 45 7.2M
YOLOVS [43] 91.0% 50 11.1M
i-YOLOX [32] 93.4% 42 16.2M
YOLOVY (Baseline) [33] 92.5% 40 20.8M
YOLObin [34] 93.1% 35 18.5M
YOLOVY + EfficientViT (Proposed) 95.1% 38 24.3M

Our proposed model achieves a 95.1% mAP@0.5, outperforming all
other benchmarked models including specialized waste detection architectures
such as YOLObin and i-YOLOX. This significant improvement in accuracy can
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be attributed to the EfficientViT backbone’s superior ability to model global
context, which reduces false positives between semantically similar classes
(e.g., plastic packets and cups). In terms of speed, the model operates at 38
FPS, which is well within the requirements for real-time processing. While
having slightly more parameters (24.3M) than the baseline YOLOV9 (20.8M),
the performance gain justifies this increase. This establishes our YOLOvV9-
EfficientViT framework as a new state-of-the-art for urban waste detection.

4.9. Dataset and Code Availability. The custom dataset and
implementation code will be made publicly available upon acceptance of this
paper to facilitate reproducibility and further research in waste detection. The
dataset includes annotations in Pascal VOC format, while the code repository
contains training scripts, model definitions, and inference pipelines. To ensure
fair comparison and reproducibility, we also provide scripts for replicating our
experiments on public datasets.

5. Conclusion and Future Work. This research has presented a robust
real-time detection framework for non-decomposable urban waste, leveraging
a YOLOVY architecture enhanced with a novel EfficientViT backbone. This
hybrid design effectively captures global contextual information, leading
to a state-of-the-art mAP@0.5 of 95.1% on our custom dataset. The
proposed system integrates several key innovations including the replacement
of the original backbone with EfficientViT, augmented with strategic
modifications comprising SiLU activation functions, Scalable IoU (SIoU)
loss for precise bounding box regression, Focal Loss for class imbalance
mitigation, and Convolutional Block Attention Module (CBAM) for refined
feature representation. Developed on a comprehensive dataset of 6340
annotated images spanning eight waste categories, our framework achieves
exceptional performance with an F1-score of 0.95, while maintaining real-time
inference capabilities at 38 FPS. These results substantially surpass existing
state-of-the-art waste detection systems, validating the efficacy of combining
advanced transformer-based backbones with diverse, representative training
data for challenging urban waste recognition tasks.

The demonstrated precision and computational efficiency of our
system present significant opportunities for transformative waste management
applications. The real-time detection capability enables seamless integration
into autonomous sorting systems, smart environmental monitoring
infrastructure, and robotic waste collection platforms. Practical deployment
scenarios include installation in recycling facility conveyor systems, intelligent
waste receptacles, urban cleaning robots, and municipal surveillance networks
for rapid identification and categorization of non-biodegradable materials.
Such implementations can optimize recycling workflows through automated
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material segregation, reduce dependence on manual sorting operations, and
facilitate targeted disposal of hazardous non-decomposable waste in public
spaces. Furthermore, the operational data generated by these detection
systems can inform evidence-based urban planning decisions, guide resource
allocation for litter collection initiatives, and support the development of
data-driven waste management policies. The modular architecture of our
YOLOV9-based pipeline permits straightforward expansion to accommodate
additional waste categories and adaptation to diverse geographical contexts
through incremental training, establishing it as a versatile solution for urban
environmental monitoring.

Despite achieving state-of-the-art performance, our approach has
several limitations that warrant further investigation. The model exhibits
performance degradation for extreme occlusion cases with less than 25%
visibility, indicating a need for improved handling of heavily obscured
waste objects. Initial cross-dataset evaluations on public benchmarks reveal
promising but reduced performance compared to our primary dataset,
suggesting that domain adaptation techniques could enhance generalization
across diverse geographic regions and capture conditions. While the framework
achieves real-time operation on high-end GPUs, deployment on resource-
constrained edge devices necessitates further optimization through techniques
such as pruning, quantization, or knowledge distillation. The current eight-
class taxonomy, while covering common non-decomposable waste categories,
excludes many other recyclable materials, particularly glass containers and
various metal wastes (e.g., steel cans, scrap metal). In our ongoing work, we
are actively expanding the dataset to include these categories, with preliminary
collection and annotation of approximately 2,500 new images of glass and
mixed metal waste already underway. Beyond detection accuracy, real-world
implementation must address additional challenges including varying camera
angles, motion blur from moving conveyors, and seamless integration with
physical sorting mechanisms.

Future research will focus on multiple enhancement avenues, beginning
with dataset expansion through incorporation of additional waste categories,
broader geographic representation, and more diverse environmental conditions
including variable illumination, meteorological effects, and complex
backgrounds.  Temporal analysis through video sequence processing
and multi-object tracking will be investigated to maintain detection consistency
across frames and enhance robustness to occlusions and object motion.
Computational optimization for edge deployment will be pursued via model
pruning, weight quantization, and knowledge distillation techniques to enable
efficient operation on resource-constrained IoT devices without compromising
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real-time performance. Finally, investigation of fully transformer-based
detectors, such as DETR variants, may offer further improvements in
handling occlusions and complex object relationships through end-to-end set
prediction, building upon the strong foundation established by our hybrid
EfficientViT architecture.
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M. MAM3A , C. IEPU® , C. IIYPAKH , A. TAJIEB-AXME]]
TOYHOE OBHAPYKEHHUE I'OPOJICKUX OTXO/10B B
PEAJIbHOM BPEMEHHU C UCIIOJIb30BAHUEM YJIVUIIEHHON
APXUTEKTYPBI YOLOV9-EFFICIENTVIT

Mausza M., Ulepucp C., llypaxu C., Tare6-Axmed A. Tounoe oOHapy:KeHHE rOPOACKHX 0TXO0B
B peajbHOM BPeMeHH ¢ HCI0Jb30BaHueM yiayunieHnoi apxurektypbl YOLOV9-EfficientViT.

AnHoranusi. Hakorrenne HeGHopasiiaraeMbeIX TBEPIbIX OTXOJOB B I'yCTOHACEJICHHBIX
FOPOJCKMX paiiOHaX IpeJCTaBiseT COOOW Cepbe3HyI0 SKOJOTMYecKylo mpobsiemy. XoTs
KOMIILIOTEPHOE 3peHHe IpefsaraeT MepcrleKTUBHOE pPellleHre, COBPEMEHHbIE MOAXOAB! YacTo
OrpaHMYeHbl 3aBUCHMOCTBIO OT OTPAaHMYEHHBIX CHHTETHYECKHX MAHHBIX M HECIIOCOOHOCTBIO
OXBATHUTb BCIO CJIOKHOCTb PEajbHBIX YCJIOBHH. [l pelleHust STUX OrpaHUYCHHi B JaHHOM
CTaThe NpeJCcTaBlieHa cucTeMa OOHapyKeHUs] OOBEKTOB B PEaIbHOM BPEMEHH JJIsI TOPOICKUX
HepasJiaraéMbIX OTXO/I0B, IOCTPOEHHAS HAa ONTUMU3UPOBaHHON apxutekType YOLOV9. B ocHoBe
paboThI JIEKUT CIIEHUAIBHO CO3JaHHBIN IeTepOreHHbI HA0Op JaHHBIX, COCTOsIMI 13 6340
AQHHOTHPOBAHHBIX M300PAXKEHMUIA, KOTOPBII OXBAaThIBACT BOCEMb KAaTErOPHil OTXOI0B, BKJIOYAs
IUIACTUKOBBIE Oy THUIKY, OaHKH 1 OIMCTEepHbIE YIAKOBKY, B Pa3/IMYHbIX TOPOACKUX JaHAMA(TaX.
OCHOBHOE apXUTEKTYPHOE YJTy4IICHHE 3aKJI0YaeTCs B 3aMEHE UCXOIHOro 03KO0HA Ha HOBBIi
EfficientViT, koTopslii coueraeT B cebe MPEUMYIIECTBA MHOTOMAacCHITAOHOTO H3BJICUYEHUS
NIPU3HAKOB CBEPTOYHBIX HEHPOHHBIX CeTeil ¢ II00aIbHBIM KOHTEKCTHBIM ITOHUMAHHUEM BH3YaJIbHBIX
tpancdopmepoB. Takasi ruOpUAHAsT APXUTEKTYpa 0COOEHHO 3(PPEeKTUBHA UIsi OOHAPYKEHHUS
00BEKTOB OTXOJIOB PA3JIMIHBIX Pa3MEPOB B 3arPOMOX/ICHHBIX TOPOICKHX cpefiax. JlonoHNuTe b HbIe
yIy9IIeHHsI BKJIIOYAIOT UCHojb3oBanue (pyHkumn aktuBaiuy SiLU, maciurabupyemoii pyHKIUM
noteps SIoU a5 TOUHO# perpeccuy orpaHIIMUBAIOIINX PaMOK U (hOKATBbHON (PyHKIIMU OTEPh
111 IPOTUBOZICHCTBUSA AucOanaHcy KiaccoB. Mojeb, 00yyeHHast ¢ pacIIMPEHHOI ayrMeHTaruei
naHHbIX, gocturaeT mAP@0.5 95,1% u Fl-mepnt 0,95 Ha OTJIIOXKEHHOM TeCTOBOM Habope,
MIPEBOCX0/Is BCE CYLIECTBYIOLIME AETEKTOPHl 0TX010B Ha ocHoBe YOLO. Bcee Bocemb KilaccoB
gocrturaiot F1-mepst Boitie 0,93, 4TO CBUACTENBCTBYET O CTAOMIIBHOM YCTOHYMBOCTH CUCTEMBI
Jaxe B 3arpOMOXKIeHHBIX cpenax. [Ipu pabote co ckopocThio 38 KafpoB B CeKyH/Y pa3paboTaHHast
cucTeMa MOATBEPAKIaeT CBOI HMPUIOJHOCTh Ul NPAaKTHYECKHX HPUMEHEHHl B pealbHOM
BpemeHu. Vcnons3ys nepenosble BosmMoxxHOCTH YOLOV9 ¢ coBpeMenHbIM 63k60HOM EfficientViT
U peaMCTUYHBIM HAOOPOM JaHHBIX, TIpejlaraeMasi CeTh yCTAHABIMBAET HOBbII 3TAJIOH TOYHOCTU
U CKOPOCTH B OOHApYXXEHHU OTXOJOB, IEMOHCTPHPYsI OOJBINOI MOTEHIMAN AT UHTErpaliu
B aBTOMATH3UPOBAHHBIE CHCTEMBI COPTUPOBKH M NepepabOTKH.

KuroueBble ciioBa: oOHapyxkeHHe OOBEKTOB, KIACCH(UKALNSA OTXOIOB, KOMIIBIOTEPHOE
3penne, YOLOVY, EfficientViT, BusyasbHslit Tpancgopmep, peasibHOe BpeMs, Iy6okoe 00yueHue.
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