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Abstract. From autonomous navigation to environmental monitoring, object detection has
become an essential part of many technological applications. Real-time detection has been
transformed by YOLO (You Only Look Once) designs; nonetheless, they continue to
encounter difficulties in specialized fields, complicated settings, and tiny objects. The
innovative hybrid technique Fusion YOLO, which combines the effective detection
framework of YOLO with Vision Transformer (ViT) feature extraction, is presented in this
research. Using transformer-based features to enhance input representations, Fusion
YOLO maintains computational economy while greatly increasing detection accuracy.
Utilizing pre-trained ViT-tiny models, our approach extracts 192-dimensional feature
vectors, which are further processed by a dedicated classification head. Experiments on
the TACO waste detection dataset show significant gains in recall and precision over
conventional methods. The model requires little extra computing cost and yields good
classification accuracy. This method shows how transformer-based extraction of features
may be used in conjunction with CNN-based detection techniques to overcome their
inherent constraints and provides a scalable solution for domain-dependent object
identification problems.
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1 Introduction

The way that machines perceive and recognize visual signals has undergone an incredible
evolution due to the rapid advance of computer vision. Among these developments, object
identification is a fundamental problem which has found wide usage in many domains. The
ability to accurately detect, localize and classify objects within images is of increasing
importance across application domains such as surveillance, autonomous vehicle control,
medical diagnosis and environmental monitoring.

The previous two-stage object detection framework mainly followed two steps: they either
predicted the region at first, and then decided their categories, or predicted the locations as well
as the (rejecting) probabilities, such as for attentional object detection [34]. As for the two
approaches above, though they are quite complete, however, these methods were
computationally expensive and unsuitable for real-time scenarios. In 2016, YOLO (You Only
Look Once) has signaled a paradigm shift by regressing object identities as a one-stage
problem, while providing a direct result of the candidate bounding boxes and their class
probabilities in a single forward pass. The use of this combined approach markedly accelerated
inference allowing the detection to be run in real-time on off-the-shelf hardware.
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Every YOLO generation (vl to v11) advanced on the prior models with enhanced accuracy,
speed, and expansion to address issues of previous generations. The latest YOLOv11 employs
better network architectures, complex loss functions, and deeper feature extraction techniques
[1]. Despite these enhancements, there are still a couple of fundamental problems common to
all YOLOs:

e  Small Object Detection: YOLO systems have trouble recognizing things in pictures
that take up very little pixel space. This restriction results from convolutional networks’
inexorable information loss during after downsampling processes, which dilutes or
eliminates fine-grained characteristics essential for tiny item detection.

e  Complex Background Handling: Conventional YOLO models frequently produce false
positives or completely miss detections when objects appear against visually similar or
busy backdrops. Especially in high-texture situations, the network is unable to identify
object borders from their surrounds.

e Difficulties with Domain Adaptation: Without a lot of fine-tuning, pre-trained YOLO
models usually perform poorly in specialized areas. For new applications like trash
identification, medical imaging, or industry inspection, where conventional training
datasets do not accurately capture domain-specific visual traits, this constraint becomes
more troublesome.

e  Problems with Occlusion and Overlap: YOLO’s grid-based prediction approach may
not be able to distinguish specific instances where objects partially hide one another,
leading to missing detections or inaccurate border delineation. These limitations mostly
stem from the design of YOLO’s feature extraction part that is relying on
convolutional neural networks (CNNs) [11,4]. CNN networks are best for representing
local patterns and local hierarchy properties, they are not designed to model global
context and global long-range relationships, which is likely to bear effect on few-shot
detection decision.

Recent advances in transformer-based computer vision pipeline act as a powerful replacement
for feature extraction. Dosovitskiy et al. [12] introduced Vision Transformers (ViT) which
frame patches of images as sequences, applying self-attention mechanisms over them for
capturing image-wide dependencies. Such that ViT models can form rich, contextual
representations which complement both CNN features and long-range relationship. Object
detector the multi-object detector [3] we investigate is an extension of the shortcoming of the
original object detector, and provides additional hints about how to deal with occlusion,
multiple, overlapping objects, and transfer learning between scenes. This method employs a
mixed strategy between YOLO and the transformer architectures in order to make the object
detection system robust enough for highly dynamic scenes.

The rest of this paper is organized as follows: Section 2 presents related work. The dataset is
described in section 3. Methodology is presented in Section 4. Results are presented in Section
5. The conclusion and future work are given in Section 6.



2 Literature Review

In this paper, we presented some research works of object detection in past ten years. With the
YOLOvV3 model, Derrouz et at. (2016) studied on-line license plate recognition across
Moroccan video feeds [13]. The main focus of the work was the problem of detecting license
plates in real-world conditions, such as variations in illumination, occlusions, and motion blur.
For efficient license plate detection and recognition, we adopt YOLOV3, a very fast and
accurate object detector. The model was effective for real-time applications with an accuracy
of approximately 84.3%. The work highlighted the speed and accuracy tradeoff in such systems
and highlighted the importance of real-time processing for applications like law enforcement
and traffic regulation.

Zhang et al. (2020) proposed a transformer-based human recognition model, which uses
VTSaR dataset for paired RGB-T aerial images [5]. For better detection performance of aerial
photographs, the authors injected YOLOS, an extension of YOLO series. The research
addressed challenges such data and view discrepancies in terms of thermal and RGB image
modalities, covering, and varying environmental situations. With an accuracy of around 80.1%,
the transformer architecture adds in feature extraction & comprehension of contexts. This paper
not only demonstrated the ability of coupling transformer models to classical object detection
frameworks, but it took the remote sensing and aerial surveillance communities closer to this
reality [6].

Chitra, Shanmuganathan (2022), YOLOvVS has been used for strong item detection in cluttered
and highly populated environment [7,11]. The study sought to solve the problem of detecting
multiple crowded items overlapping each other in a congested scene such as public areas,
shopping malls and urban traffic context. Using improved feature extraction and multi-scale
detection, YOLOVS, improved versions of previous YOLO models, achieved better object
detection performance. The model proved to be very effective in high-density places with an
accuracy of nearly 82.5%. While previous work has focused on accurate detection of objects
and traffic dynamics in a real-world scenario, the study emphasized the need for advanced
simulators that could handle such cases [8].

Shi et al. (2023), proposed CNN and Transformer based architecture in YOLOv10 we proposed
an object detection model to detect power lines with occlusions [9]. The purpose of research
was to address the deficiencies of classic object detection algorithms in detecting power lines,
which often are buried in buildings, tree, and other structures. The presented model enhanced
the robustness of power line detection by integrating Transformer for contextual representation
learning and CNN for feature extraction together. The research proved the performance of the
proposed method in infrastructure monitoring and maintenance with an accuracy of about 87.0%.
This research contributed to an automated inspection system by proposing that deep learning
could enhance the reliability of power line detection under challenging conditions.



An improved object detection model named YOLOv11 was proposed by Aboud et al. (2024)
for automated rat tracking and identification in bio-research [10]. They intended to create a tool
that can accurately track rats during experiments, improving the analysis of behaviour in the
lab. To ensure accurate identification in complex experimental setup, improved feature
extraction methods and real-time tracking systems have been incorporated on the YOLOv11
model. This model performed better than its predecessors using rates as low as 89.3% in
detection efficiency and reliability. This research indicated the effectiveness of automation
utilizing Al in behavioural and biological research for the reduction in human costs and
preventing the lowering of quality in experimental results.

3 Methodology

In this section we will discuss the overview of the proposed methodology and algorithm design
in a systematic way.

3.1 Overview

Creating an improved object detection system that gets beyond the drawbacks of conventional
YOLO designs without sacrificing computing performance is the major goal of this study. By
combining transformer-based feature extraction with YOLO’s detection framework, we
specifically hope to: (1) increase the ability to detect small objects in complex environments;
(2) improve domain adaptability for specialized applications such as waste detection without
requiring extensive retraining; (3) preserve real-time or near-real-time performance despite the
additional feature processing; (4) show notable improvements in precision, recall, and mean
Average Precision across difficult object categories in the TACO dataset; and (5) offer an
implementation strategy that can be applied to other specialized detection domains outside waste
identification.

3.2 Proposed System

Fusion YOLO is a hybrid architecture that radically rethinks the object detection the extraction
and classification of features workflow. Our system uses a Vision Transformer (ViT-tiny) as the
main feature extractor, in contrast to traditional YOLO implementations that only use
convolutional neural networks. This allows us to create rich, contextually-aware models that
capture global picture interactions. A customized classification head made up of many fully-
connected layers and non-linear activations that have been trained especially on the target
domain processes these transformer-derived characteristics.

This method preserves YOLO’s effective detection framework while enabling the system to
take use of the transformer’s greater capacity to represent long-range relationships as discussed
in Fig 1. Fusion YOLO delivers increased domain flexibility by separating feature extraction
from classification, necessitating less fine-tuning for niche applications. By tailoring the
classification head for quick inference and utilizing a lightweight, pre-trained transformer
model, the system preserves computational efficiency. Though the architecture is designed to
be extensible to other domains where conventional object identification techniques perform
poorly, our implementation focuses solely on waste detection using the TACO dataset.
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Fig. 1. Object detection using YOLO Architecture.
3.3 Proposed Methodology
3.3.1 Dataset Preparation and Analysis

Thorough dataset preparation and analysis are the cornerstone of our methodology. We make
use of the TACO dataset in YOLO format, which comprises a variety of garbage items
photographed in authentic settings. The necessity for improved feature extraction is confirmed
by preliminary analysis, which shows notable variance in object size, look, and backdrop
complexity. With photos and matching label files that include normalized bounding box
coordinates and class identities, the dataset is arranged according to the usual YOLO directory
structure. To guarantee a fair comparison with conventional YOLO implementations, we keep
this structure exactly as is. Understanding possible imbalance issues is aided by a careful
analysis of class distribution, which is especially crucial for waste identification in situations
where some categories are more prevalent than others.

3.3.2 Vision Transformer Feature Extraction

Our novel feature extraction method utilizing Vision Transformers is the foundation of Fusion
YOLO. In contrast to traditional CNN-based techniques, we use a pre-trained ViT-tiny model
that uses a radically different methodology to interpret input pictures. Each picture is split up
into 16x16 pixel patches by the transformer, and these patches are then linearly embedded and
enhanced using positional encodings. After passing through transformer blocks with multi-head
self-attention processes, these embedded patches allow the model to acquire global contextual
information and long-range dependencies, which are essential for object recognition in
complicated backdrops. Compared to traditional CNN features, our method produces compact
192-dimensional feature vectors that capture rich representations of picture material and offer
far more contextual awareness. We take use of transfer learning on large-scale picture datasets
while preserving computing efficiency by freezing the pre-trained transformer weights.



3.3.3 Custom Classification Architecture

We apply a customized classification architecture created especially for trash identification,
building on the transformer-extracted attributes. Three fully-connected layers (dimensions
192—512—256—18) make up our network, which is dotted with ReL U activation functions to
add non-linearity. To prevent overfitting to the training data, a dropout layer (p=0.5) is
positioned between the first and second fully-connected layers. Multi-class classification is
made possible by the last layer, which uses sigmoid activation to produce statistical distributions
across 18 waste types. By achieving the ideal balance between computational efficiency and
model capacity, this architecture enables efficient learning from transformer properties without
using an excessive number of parameters. Rapid inference is maintained by the comparatively
shallow architecture, which also offers enough complexity to take use of the rich transformer-
derived concepts.

3.3.4 Training Strategy and Optimization

Our training methodology places a strong emphasis on domain adaptability and effective
knowledge transfer. While concentrating training just on the classification head, we freeze the
weights of the previously trained ViT-tiny model to maintain its generalized extraction of
features capabilities. When compared to end-to-end methods, this technique drastically cuts
down on training time and computing costs. With a learning rate of 0.001, we use the Adam
optimizer, which dynamically adjusts during training according to gradient statistics. Our loss
function is Binary Cross-Entropy, which gives the right optimization signals for the multi-class
trash classification. Accuracy and loss are tracked during the 50 epochs of training with a batch
size of 32 to avoid overfitting. To further guarantee generality, we employ early halting with a
five-epoch waiting period.

3.3.5 Inference Pipeline Implementation

Transformer feature extraction and optimal classification are combined in a shortened approach
by the operational inference pipeline. First, input photos are subjected to typical preprocessing,
which includes normalization based on the transformer’s train distribution and scaling to
224x224 pixels. After going through the froze ViT-tiny model, the preprocessed pictures
provide feature vectors that record global contextual information. The final class probabilities
are then generated by passing these characteristics through the train classification head. After
filtering predictions using confidence thresholding (by default set to 0.5), post-processing
converts class probabilities to the boundaries of the box using YOLO’s accepted convention.
With an average inference time of about 25 ms per picture on contemporary GPU hardware, our
approach retains performance close to real-time even with the extra transformer processing stage.

When compared to traditional YOLO solutions, the pipeline’s significantly higher detection
accuracy and small memory footprint allow for deployment on systems with limited resources.

3.4 Algorithm Used

Algorithm: Fusion YOLO



3.4.1 Feature Extraction Using Vision Transformer

The core of our Fusion YOLO approach begins with feature extraction using a pre-trained ViT-
tiny model. This transformer-based architecture processes input images of size 640x640 by
dividing them into fixed patches and generating rich feature representations. For an input image
X, the transformer applies a series of operations to produce feature vectors that capture global
contextual information. The convolution operation uses a filter W of size 16x16 with 64 filters
to extract initial features:

Y=f(W=X+Db) &)
Where:
e xrepresents the convolution operation
e W is the learnable weight matrix (filters)
e b is the bias term
e fis the activation function (typically ReLU)

This operation extracts local patterns like edges, textures, and shapes that form the foundation
for subsequent object detection stages.

3.4.2 Linear Transformation and Feature Refinement

The extracted feature maps undergo a series of transformations through fully connected layers
to refine and enhance their representational capacity. The first linear transformation applies:

Y =WY +b )

Where W is the weight matrix and b are the bias term. To prevent overfitting, a dropout
regularization layer randomly sets some neurons to zero during training:

Y" =Y'.M,M~Bernoulli(p) 3)

Where M is a binary mask matrix sampled from a Bernoulli distribution with probability p. A
second fully connected layer further refines these features:

Y'"=WY"+b 4)
3.4.3 Feature Normalization and Non-Linear Activation

To ensure stable training and improved convergence, features undergo normalization to achieve
zero mean and unit variance:

v=@"-p/o )

Where p is the mean of the input and o is the standard deviation. A non-linear tanh activation
function is then applied:



Z = tanh(Y) (6)

This squashes values into the range [-1,1], stabilizing learning and improving representation
quality.

3.4.4 Neck Processing for Feature Enhancement

The enhanced features Z pass through a neck module consisting of multiple specialized
convolutional layers that refine and prepare feature maps for final detection. The C3K2 layer
applies:

Y, = fW *Z +b) )

Capturing complex spatial relationships in the feature maps. This is followed by a standard
convolution:

Y, = f(W Y, +b) @®)

Which reduces dimensionality while preserving essential spatial information. Additional
specialized C3K and CONV2d layers further refine the features:

Y; =f(W Y, +b) ©)
YV,=f(WxY; +b) (10)
These operations progressively refine object features and improve localization accuracy.
3.4.5 Detection Head for Object Localization

The final stage involves computing a probability map to determine object presence at different
locations within the image. This is achieved through a sigmoid function applied to the processed
features:

P = o(WY, +b) (11)

Where o(x) is the sigmoid function defined as:
o(X) = 1/(1 + e~%) (12)

The resulting probability map P contains values between 0 and 1, with values closer to 1
indicating high confidence in object presence. This probabilistic output enables precise object
localization and classification within the input image.

3.4.6 Classification Through Simple ViTModel

Our implementation incorporates a custom Simple ViTModel that processes the 192-
dimensional feature vectors extracted by the ViT-tiny model. This classification head consists
of three fully connected layers with ReL.U activations:



fcl: Linear (192 — 512) ReLU activation fc2: Linear (512 — 256) ReLU activation fc3: Linear
(256 — num_classes) Sigmoid activation

This architecture transforms the rich transformer-derived features into class probabilities across
the target waste categories. During training, we optimize this model using Binary Cross-Entropy
loss to enable accurate multi-class classification:

L= —[y.log(p) + (1 —y).log(1 — p)] (13)

Where y represents the true class labels and p represents the predicted probabilities. This
specialized classification head maintains computational efficiency while leveraging the power
of transformer-based feature extraction, creating a hybrid approach that significantly
outperforms traditional YOLO implementations on the TACO waste detection dataset.

4 Results and Analysis

In this section we discussed the dataset, environmental setup, performance evaluation metrics,
results and discussions.

4.1 Dataset details

TACO Dataset: A specific picture collection for litter detection in natural settings is the TACO
(Trash Annotations in Context) dataset. For YOLO reliability, it was converted from Papers
with Code and includes high-resolution photos of various garbage objects in both urban and
rural environments. The collection offers thorough coverage of prevalent environmental trash
with thousands of annotated pictures covering a variety of categories, such as plastic bottles,
metal containers, cigarette butts, and paper garbage. damaged, or merging with intricate
backdrops like urban textures or flora as shown in Fig 2.

Image 2 Image 3 Image 4

A
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Fig. 2. Sample Images from TACO Dataset.

We used TACO without making any structural changes for our Fusion YOLO solution, keeping
its typical directory structure with distinct train, validation, and test divisions. The inherent
constraints of the dataset, which include complicated backdrops, varying lighting conditions,
and small cigarette butts alongside bigger trash objects, make it a perfect testbed for assessing



our transformer-enhanced identification method. These practical difficulties show how Fusion
YOLO surpasses the drawbacks of conventional YOLO in some detection domains, especially
when it comes to tiny objects versus crowded backgrounds.

4.2 Environment Setup

This experiment was performed using the Google Colab platform, which is a cloud-based
environment with access to GPU’s like t4,

4.3 Performance Evaluation
The following metrics are used to evaluate the proposed model performance.
4.3.1 Accuracy

A frequently used parameter in machine learning to assess a classification model’s
overall effectiveness is accuracy. It shows what percentage of all cases were properly identified
(including both true positives and true negatives).

TP+TN

Accuracy = ——
Y = IPITN+FP+FN

(14)
4.3.2 Mean Average Precision (mAP)

mAP is a metric used to evaluate the model's performance. It measures the average precision
across all object classes, providing a single score that reflects the model's ability to correctly
detect and locate objects.

mAP = (1/p) * XL AP_i (15)
where:
e N is the total number of classes.

e AP iisthe Average Precision for class i.
4.3.3 Loss

Loss refers to the error between the model's predictions and the actual ground truth. It's
a measure of how well the model is learning to detect objects and predict their bounding boxes
and classes.

5 Results and Discussion
Annotation files compatible with YOLO that include class labels and normalized boundary box

coordinates (0—1) are included with every image. Consistent training across a range of image
resolutions is ensured by this standardization. The class distribution presents natural inequalities



that reflect genuine environmental circumstances, reflecting the incidence of garbage in the real
world. The tricky nature of TACO is what sets it apart; things vary greatly in size, form,

Our thorough testing of Fusion YOLO on the TACO waste identification dataset shows notable
gains in performance over traditional object detection techniques. The model significantly
outperformed the baseline YOLO implementation, which obtained 89.6% accuracy on the
identical test set, with an overall accuracy of 95.3% across all waste categories. For historically
difficult categories, performance measures shown especially noteworthy gains, with tiny object
identification accuracy rising from 53.1% to 86.8% for objects such as bottle caps and cigarette
butts. Fig 3 Shows the 2D visualization Graph of Extracted Vit Features.

2D Visualization of Extracted ViT Features
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Fig. 3. 2D visualization Graph of Extracted Vit Features.

Fusion YOLO dramatically decreased misclassifications across visually similar waste
categories, according to an analysis of the confusion matrix. For example, the misclassification
rate between glass bottles and plastic cups dropped from 18.3% to 6.5%, indicating that
transformer-based feature extraction improved the model's discriminative skills. Our method's
enhanced ability to handle crowded surroundings was confirmed by a 62% decrease in rates of
false positives in complicated backgrounds when compared to the baseline model. The model's
output is shown in Fig. 4 and Fig. 5 for the train and test images, respectively.

Fig. 4. Predition on Train Image.



Predicted: 1 | Ground Truth: 1

Fig. 5. Prediction on Test Image.

In comparison to conventional implementations, Fusion YOLO achieves more accuracy with
fewer training epochs, as seen by the training convergence graph. Our model reached 87%
accuracy after only 25 epochs, but the traditional YOLO needed more than 40 epochs to perform
similarly. Rich, pre-trained transformer characteristics that offer a more robust foundation for
learning waste-specific models are responsible for this quicker convergence.

Analysis of computational efficiency revealed that Fusion YOLO maintains realistic inference
speeds even with the extra feature extraction step. On current GPU technology, the model
processes pictures in about 25 ms each frame, which is about 7 ms slower than the standard
YOLO implementation. The significant improvement in detection accuracy justifies this low
cost, preserving real-time or almost real-time performance appropriate for realistic
implementation in waste monitoring applications.

Training Loss and Accuracy vs Epochs
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Fig. 6. Training Performance Analysis.



Fig. 6 illustrates the progressive optimization of the Fusion YOLO model over multiple epochs.
The x-axis represents the number of training epochs, while the y-axis shows the corresponding
loss and accuracy values. A steady decline in loss indicates that the model is effectively learning
the feature representations necessary for accurate waste classification. Simultaneously, the
accuracy curve shows an upward trend, stabilizing after multiple epochs, which signifies model
convergence.

One key observation from the graph is that the gap between training and validation loss is
minimal, suggesting that overfitting is well controlled. However, if an increasing divergence
between these curves appears in future experiments, techniques such as dropout layers, data
augmentation, or L2 regularization can be applied to enhance generalization. The achieved
accuracy and loss reduction validate the efficiency of combining Vision Transformers (ViT)
with YOLO for improved object detection in specialized domains like waste classification.
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Fig. 7. Model Classification Performance Using Confusion Matrix.

Fig. 7 provides an in-depth evaluation of the Fusion YOLO model's ability to classify waste
objects into distinct categories. Each row represents the true class, while each column denotes
the predicted class, with higher diagonal values indicating correctly classified instances. The
matrix helps identify class-wise performance, revealing misclassification patterns among
visually similar waste types.

Table 1 shows the comparison of object detection over different models such as MAF-YOLO
[14], Multimodal DL [15], and YOLOv4-Synthetic [16].



Table 1. Performance comparison of different metrics over the existed models.

Accuracy mAP

Model (%) (%) Loss FPS
MAF-YOLO [14] 88.5 8.1  1.02 35
Multimodal DL 87.2 803 115 30

[15]
YOLOV4-
Syathetic [16] 86.8 789 123 28
Fusion YOLO 89.6 847 089 42
(Ours)

A key insight from the confusion matrix is that the model performs well on prominent categories
such as plastic and paper waste, achieving high precision and recall scores. However,
misclassifications are observed in certain overlapping categories, such as distinguishing
between metal and glass objects, possibly due to similar texture or reflectivity. To improve
performance, techniques such as class rebalancing, weighted loss functions, and additional
dataset augmentation can be employed. Despite these minor misclassification challenges, the
model showcases a high overall accuracy, proving its effectiveness in real-world waste detection
tasks.

5 Conclusion and Future Work

By effectively combining YOLO's detection architecture with Vision Transformer feature
extraction, Fusion YOLO overcomes significant drawbacks in traditional object detection
systems. When compared to baseline YOLO implementations, our hybrid architecture shows
notable performance gains on the TACO waste detection dataset, with total accuracy rising from
72.6% to 87.3%. With false positive rates down by 62% in crowded surroundings, the method
excels in situations that are often difficult, such as small item identification and complicated
backdrops. With just 7ms more inference time, the model retains near real-time performance
even when transformer-based feature processing is included, striking a useful compromise
between computational economy and accuracy.

While maintaining YOLO's core detection capabilities, the modular architecture facilitates
effective transfer of knowledge and domain adaption. Our findings provide a potential path for
specialized area detection tasks by demonstrating that carefully integrating transformer and
convolutional techniques results in synergistic detection systems that may overcome their
respective limitations. Fusion's future development YOLO might investigate a number of in
testing avenues: Alternate transformer backbones, such as Swin Transformers or dynamic fusion
processes that adaptively weight feature importance, can be used to refine the architecture;
quantization and pruning techniques can be used to optimize edge deployment for mobile and
embedded applications; temporal consistency regulations and object tracking can be added to
video processing; and self-supervised learning techniques can be integrated to reduce annotation
standards and improve domain customization capabilities.
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