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Abstract

Object detection is a critical task in computer vision, with applications spanning
autonomous driving, surveillance, and robotics. The Detection Transformer (DETR)
model has recently gained attention for its end-to-end object detection approach using
transformers, eliminating the need for traditional components like non-maximum
suppression and anchor boxes. However, DETR's accuracy can be limited in complex
scenes, particularly when detecting small or overlapping objects. This research
explores enhancements to object detection accuracy in DETR by refining its attention
mechanisms.

In this study, we adjust the multi-head attention configurations in DETR’s transformer
layers, varying the number of attention heads in both the encoder and decoder to
capture finer inter-object relationships and enhance the model's focus on relevant
features. Fine-tuning experiments were conducted on the COCO dataset, with
evaluation metrics including mean Average Precision (mAP), Intersection over Union
(loU), and F1 score on a reserved test set. The results demonstrate that our attention-
based modifications yield improved performance, with a notable increase in mAP and
loU scores, alongside a 12% improvement in F1 score and a 10% boost in detection
accuracy on test data compared to the baseline DETR model. These enhancements
were particularly effective in scenes with high object density and occlusion.

This work contributes to the field of object detection by illustrating how targeted
adjustments to attention mechanisms within transformer-based architectures can yield
significant accuracy gains. Our findings highlight the potential of attention
mechanism optimization to advance object detection performance, providing a
foundation for future research in real-world applications.
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CHAPTER 1

Introduction

Object detection, a core task in computer vision, seeks to identify and localize
multiple objects within an image, assigning each a bounding box and label. This
capability underpins a wide range of applications, from autonomous driving and
medical imaging to surveillance, retail, and augmented reality. Accurate object
detection allows systems to interpret complex scenes, understand relationships among
objects, and respond appropriately, making it critical for applications that rely on real-
time and context-aware decision-making.

1.1 Problem Statement

Despite its significance, object detection poses numerous challenges due to the
diverse and dynamic nature of real-world visual data. These challenges arise from
several factors, including variations in object appearance, complex interactions
between objects, and the need for high computational efficiency. Current object
detection models, including convolutional neural network (CNN)-based architectures
like Faster R-CNN, YOLO (You Only Look Once), and SSD (Single Shot MultiBox
Detector), have made significant advances but still face limitations in various
scenarios.

o Key Challenges in Object Detection:

1. Scale Variance: Objects within an image can vary widely in size, from large
vehicles in a traffic scene to small objects like street signs or distant pedestrians.
Accurately detecting objects across such a range of scales is difficult, as models
must be sensitive enough to identify small objects without losing accuracy on
larger ones.

2. Occlusion and Overlapping Objects: Real-world images often contain multiple
objects that occlude each other partially or completely. Detecting each object
accurately, especially when they overlap, requires models to distinguish between
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foreground and background elements and recognize occluded objects based on
partial information.

Complex Backgrounds and Clutter: In cluttered environments, objects may
blend into the background or be surrounded by numerous other items. This can
confuse the model, leading to false positives or missed detections, particularly for
objects with less distinct features.

. Variability in Lighting and Appearance: Different lighting conditions, such as
shadows, glare, or low light, can alter the appearance of objects and make
detection more challenging. Similarly, variations in color, texture, and orientation
add further complexity to the task, requiring models to be highly robust and
adaptive.

Computational Efficiency: Many object detection applications, like autonomous
driving and video surveillance, require real-time processing. Achieving high
accuracy without compromising speed and computational efficiency is a
significant challenge, especially on edge devices with limited processing power.[1]

Limitations of Current Object Detection Models:

Traditional object detection models, while effective in controlled scenarios,
struggle to address all these challenges comprehensively. Below are specific
limitations observed in the most popular models:

Dependency on Region Proposal Networks (RPNs): Models like Faster R-CNN
use a separate region proposal network to generate potential object locations.
While effective, this two-step process increases computational complexity and
inference time, making such models unsuitable for real-time applications.

Reliance on Anchor Boxes: Many detection models, including YOLO and SSD,
rely on pre-defined anchor boxes to predict bounding boxes. These anchors are
manually defined across scales and aspect ratios, which limits the model’s
flexibility in handling variations in object size and shape. Additionally, anchor
boxes can introduce significant computational overhead and are not always optimal
for diverse object sizes.

Limited Contextual Awareness: CNN-based models are inherently limited in
capturing long-range dependencies due to their local receptive fields. As a result,
they may struggle to recognize relationships between distant objects in the same
scene or understand complex spatial contexts, which are essential for accurate
detection in crowded scenes or with overlapping objects.

Difficulty in Handling Small and Distant Objects: Detecting small objects, such
as pedestrians in aerial images or distant signs, remains a major hurdle. Models
often struggle to capture fine details needed to identify these objects, leading to
reduced accuracy in scenarios where small object detection is critical.



5. Performance Degradation in High-Density Scenes: In scenarios with high object
density, such as traffic or crowd surveillance, traditional models can become
overwhelmed, leading to poor localization and classification performance. The
difficulty in handling inter-object occlusion and distinguishing between adjacent
objects limits the model’s effectiveness in these situations.

6. Limited Interpretability: CNN-based models often lack transparency, making it
difficult to understand where and why certain predictions are made. This is
particularly concerning in critical applications like healthcare or autonomous
driving, where understanding the decision-making process can be as important as
the prediction itself.

e Transition to Transformer-based Models and the DETR Approach

To address some of these limitations, recent research has introduced transformer-
based architectures, which have demonstrated success in natural language
processing and are now being adapted for vision tasks. The Detection Transformer
(DETR) model, developed by Facebook Al Research, represents a significant shift
in object detection. By replacing traditional CNN components with transformer
layers, DETR achieves end-to-end object detection without relying on RPNs or
anchor boxes. The transformer’s self-attention mechanism enables DETR to
capture long-range dependencies, allowing it to better understand relationships
between objects in complex scenes and handle variations in scale and appearance.

However, despite its advantages, DETR is not without limitations. The model’s
performance in detecting small and occluded objects can still be improved, and its
attention mechanism, while powerful, can be resource-intensive and challenging to
fine-tune for optimal performance. Thus, further enhancement of DETR’s attention
mechanisms could potentially improve its accuracy, particularly in complex
scenarios with diverse object scales and densities.

This research proposes to investigate modifications to the attention mechanisms
within DETR, specifically by adjusting the number and configuration of attention
heads in its transformer layers. By fine-tuning these attention mechanisms, this
study aims to enhance DETR’s ability to focus on relevant features and
relationships within images, improving its performance on challenging object
detection tasks.[2]

1.2 Research Objectives

The primary goal of this research is to enhance the accuracy of object detection
models by incorporating advanced attention mechanisms into the DETR (Detection
Transformer) framework. Object detection, a crucial task in computer vision,
involves detecting and classifying objects in images, often with challenges such as
handling overlapping objects, small objects, and complex backgrounds. Traditional
methods like CNN-based models face limitations in capturing long-range
dependencies and contextual relationships between objects. DETR, leveraging
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transformers, offers a promising solution by modeling global relationships but still
struggles with certain aspects of detection accuracy.

The specific objectives of this research are as follows:

1. To Investigate the Impact of Enhanced Attention Mechanisms on
Object Detection:

This objective focuses on analyzing how modifications to DETR's attention
heads, specifically increasing or refining the number of multi-head attention
mechanisms in both the encoder and decoder, influence object detection
performance.

The hypothesis is that by enhancing attention mechanisms, the model will
better focus on relevant features in images, resulting in more accurate
bounding box predictions and improved object classification.

2. To Improve Performance on Complex Scenarios:

One of the key challenges in object detection is the detection of objects in
cluttered or overlapping scenes. By enhancing the attention mechanism, the
model can potentially better differentiate and identify objects in such
environments.

This includes improving the model’s ability to detect small objects, objects in
crowded scenes, and objects with occlusions. These situations often cause
difficulties for existing models, and attention mechanisms have been shown to
help with capturing the spatial and contextual relationships between objects.

3. To Evaluate the Effectiveness of Attention Head Modifications:

ability to focus on important parts of the image while ignoring irrelevant
information Through systematic experimentation, this research will explore
how different configurations of attention heads (e.g., changing the number of
heads in the encoder and decoder) affect detection performance.

The objective is to identify optimal configurations that enhance feature
representation and improve the model’s.

4. To Analyze the Contribution of Each Attention Mechanism
Modification:

Another key objective is to evaluate how each proposed modification to the
attention mechanism—whether in the encoder or decoder—contributes to the
overall improvement in detection accuracy.

For instance, adding more attention heads in the encoder might allow the
model to better understand global context, while changes in the decoder might
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enhance its ability to focus on object relationships and refine bounding box
predictions.

5. To Quantify the Improvement in Detection Metrics:

e The effectiveness of the proposed approach will be measured using standard
evaluation metrics in object detection, such as mean Average Precision (mAP),
Intersection over Union (loU), and F1 Score.

e By comparing the performance of the original DETR model and the modified
version with enhanced attention, this research aims to quantify improvements
in detection accuracy and model robustness.

6. To Provide Insights into the Role of Attention in Transformer-
Based Models for Object Detection:

e Beyond just improving DETR’s performance, this research aims to deepen the
understanding of how attention mechanisms affect the learning process in
transformer-based models for object detection.

e The research will explore the interpretability of attention maps to visualize how
the model is learning and which image regions it focuses on when making
predictions.[3]

1.3 Scope of Research

This research focuses on improving the performance of the DETR (Detection
Transformer) model by enhancing its attention mechanisms. The primary
modification involves adjusting the multi-head attention mechanism within both
the encoder and decoder components of the DETR architecture. The goal of these
modifications is to allow the model to better capture relevant features, improve
object relationships, and enhance detection accuracy, particularly in complex or
cluttered scenes.

Modifications to the Attention Mechanism

In the original DETR model, the multi-head attention mechanism is used to capture
global relationships between objects by attending to all input features. However,
the model sometimes struggles with specific object detection challenges, such as
small or overlapping objects and complex backgrounds. This is where
modifications to the attention mechanism come into play.

1. Encoder Modifications:

e In the encoder, the attention heads are responsible for capturing the
relationships between different regions in an image. By increasing the number
of attention heads or adjusting their configuration, the model can focus on a
broader set of features, allowing it to capture more detailed contextual
relationships between objects. This can be particularly useful for detecting
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small or occluded objects, where the global context of the image is crucial for
correct identification.

Another modification could involve altering the attention span of each head,
allowing it to focus on more localized features, thus improving detection
accuracy in regions with high object density.

2. Decoder Modifications:

3.

In the decoder, the attention heads refine the model’s focus on specific object
regions and relations, aiding in the final detection and bounding box prediction.
By adjusting the number of attention heads or their structure in the decoder, the
model can improve its ability to distinguish between objects and refine the
bounding boxes, especially in complex scenes.

For instance, modifying the attention heads in the decoder to focus more on
object boundaries or object context (e.g., relations between objects like "in
front of" or "next to") can help improve the localization and classification
accuracy of the detected objects.

Incorporating Fine-Grained Attention:

Another enhancement involves introducing fine-grained attention to allow the
model to focus more on intricate details of the image, such as edges, texture, and
subtle features that are important for distinguishing between visually similar
objects.

This finer attention can help reduce false positives and improve detection in cases
where object boundaries are not clearly defined or are partially occluded.[4]

Expected Impact on Object Detection

The modifications to the attention mechanisms are expected to lead to several
improvements in object detection performance:

1.

Improved Detection of Small and Overlapping Objects:

By refining how the attention heads focus on different regions and features of
the image, the model can improve its ability to detect small or occluded
objects. This is particularly important in crowded scenes where objects may
overlap or be partially hidden.

Enhanced Localization and Classification Accuracy:

With better attention focus on object boundaries and contextual relationships,
the modified model is expected to produce more accurate bounding box
predictions. This improvement will result in higher Intersection over Union
(loU) scores and fewer localization errors, particularly in difficult-to-detect
scenarios.



3. Better Handling of Complex and Cluttered Scenes:

By adjusting the attention mechanisms, the model will be able to focus more
effectively on the relevant objects in complex or cluttered environments. This
leads to better discrimination between objects in visually challenging scenes,
improving both the precision and recall of the object detection task.

4. Increased Robustness Across Various Datasets:

The enhanced attention mechanisms are anticipated to improve the model's
robustness across a wide range of datasets, such as COCO, where scenes
contain diverse object types and variations. The improvements in detection
accuracy, particularly in challenging situations, will make the modified DETR
model more adaptable and effective in real-world applications.

Output Predictions

DETR
2 - Encoder (Self Attention)
Input Image Feture Extraction -Decoder (Cross
Attention)

Figure 1.1: Object detection pipeline, showing where DETR and attention mechanisms fit.



CHAPTER 2

Background and
Related Work

2.1 Object detection

Obiject detection is a fundamental task in computer vision that involves identifying
and localizing objects within an image or video. Unlike classification, which
assigns a single label to an entire image, object detection provides both a category
label and spatial coordinates (bounding box) for each object in a scene. This
enables systems to not only recognize what objects are present but also understand
their positions and relationships within the environment.

Applications of Object Detection span across various fields:

Autonomous Driving: Detecting vehicles, pedestrians, and road signs.
Medical Imaging: Identifying lesions, tumors, or anomalies in scans.
Surveillance and Security: Monitoring environments for suspicious activity.

Retail and Inventory Management: Tracking items on shelves or in warehouses.

Despite significant advancements, object detection faces persistent challenges due
to the dynamic nature of real-world scenes. Key challenges include the presence of
overlapping objects, detection of small objects, and complex scene
composition.[5][6]

1. Overlapping Objects

In many real-world images, objects are partially or fully occluded by other objects.
Overlapping objects complicate detection as models must infer the boundaries and
categories of objects based on limited information. This often requires an
understanding of contextual relationships within the scene, making it challenging
for models that rely solely on local features.[7]



Impact of Overlapping Objects: In surveillance, for instance, pedestrians
walking in close proximity may occlude each other, resulting in incomplete
detections or missed detections. Autonomous driving systems must distinguish
between closely positioned cars, bikes, and pedestrians to make accurate decisions.

Limitations in Traditional Models: CNN-based models, such as Faster R-CNN
and SSD, often rely on local receptive fields and may struggle to distinguish
between overlapping objects, leading to poor boundary localization and incorrect
object classification.[8]

Figure 2.1: A sample image with multiple overlapping objects (e.g., a crowd of
people) with bounding boxes illustrating the difficulty of distinguishing between
individual objects.

2. Small Objects

The accurate detection of small objects remains a challenging aspect of object
detection. Objects that occupy a small number of pixels in the image provide
limited visual information, making it difficult for models to extract distinguishing
features.

Importance of Small Object Detection: In applications like aerial imagery,
detecting small vehicles or pedestrians from a distance is essential for tracking and
monitoring. In medical imaging, small lesions or tumors may indicate serious
conditions, and missing these could lead to incorrect diagnoses.

Challenges for Detection Models: Small objects are prone to being overlooked,
especially by models that rely on predefined anchor boxes, as these may not
capture fine details required for small-scale objects. Moreover, downsampling in
CNN-based feature extractors often results in the loss of small object details.

Recent Advances: Some object detection frameworks attempt to address small
object detection by using multi-scale feature maps or feature pyramids. However,
transformer-based models, such as DETR, offer promising potential by leveraging
global attention mechanisms, allowing the model to capture relationships between
small and large objects without predefined anchors.



Figure 2.2: An aerial image or crowded scene with small objects highlighted (e.g.,
cars on a road or distant pedestrians). Show how traditional models may miss these
objects, while DETR can potentially detect them by capturing global context.

3. Complex Scenes

Complex scenes refer to images with multiple objects of varying sizes,
orientations, and interactions. Such scenes are common in real-world environments
and introduce additional difficulties in accurate object detection.

Defining Complexity in Object Detection: Complexity arises not only from the
number of objects in a scene but also from the variations in lighting, scale, and
position. For example, in a market scene, objects may include stacked goods,
people moving in various directions, and partial visibility due to shelves and
displays.

Limitations of Current Approaches: Traditional CNN-based models with anchor
boxes struggle to adapt to the dynamic nature of complex scenes. Models relying
on fixed receptive fields may fail to capture long-range dependencies, resulting in
inaccurate localization and classification.

Role of Attention Mechanisms: Attention mechanisms in transformer-based
architectures, such as DETR, can capture complex interactions by focusing on
relevant areas within the image. Multi-head attention allows the model to
simultaneously attend to different parts of the image, improving detection in scenes
with high object density and varied object relations.

Summary of Object Detection Challenges

In summary, object detection presents inherent challenges due to the variability
and complexity of real-world data. Traditional models, while effective in
controlled scenarios, often fall short when dealing with overlapping objects, small
object sizes, and complex scenes. Transformer-based models, specifically DETR,
offer a promising solution by incorporating global attention mechanisms that allow
the model to dynamically focus on both local and global features. However, further
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improvements are needed to optimize these mechanisms for real-world
applications, motivating this research into enhancing DETR’s attention
mechanisms for improved accuracy and performance.

2.2 DETR (Detection Transformer)

DETR (Detection Transformer) represents a novel approach in object detection by
combining the principles of transformers, traditionally used in natural language
processing, with convolutional neural networks (CNNs) to enable end-to-end
object detection. Developed by Facebook Al Research, DETR reimagines object
detection by removing the need for traditional hand-crafted anchor boxes and
region proposal networks, instead relying on the power of attention mechanisms
within transformers to capture global relationships between image regions.[4]

1. Architecture of DETR

The DETR architecture consists of three main components:

o Backbone (CNN Feature Extractor): The first part of DETR is a
convolutional neural network (CNN) backbone, such as ResNet, which extracts
spatial features from an input image. This backbone generates a feature map
representing the entire image at a lower resolution.

e Transformer Encoder-Decoder: The core of DETR’s architecture is the
transformer, consisting of an encoder-decoder structure with multi-head self-
attention layers:

i. Encoder: The encoder processes the feature map generated by the
backbone, transforming it into a series of tokens that capture global
dependencies across the image. Multi-head self-attention within the
encoder enables DETR to capture long-range dependencies, which is
beneficial for understanding the relationships between different regions in
an image.

i.  Decoder: The decoder, which includes learned object query embeddings,
attends to these encoded tokens to locate objects within the image. Each
query embedding represents a potential object and outputs a set of
predictions. This setup enables the decoder to dynamically focus on
specific image regions, refining its understanding of the spatial
relationships between detected objects.

e Prediction Heads (Classification and Bounding Box Regression): At the
output of the decoder, each object query passes through prediction heads,
which are fully connected layers responsible for classifying each object and
predicting bounding box coordinates. The classification head assigns a label to
the object, while the regression head predicts its spatial location in the image.
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2. Components of DETR

Positional Encoding: Because transformers lack inherent positional awareness,
DETR uses positional encodings to preserve spatial information within the image.
This helps the model understand the spatial relationships between objects.

Object Queries: DETR employs a fixed set of object queries, each representing a
potential object in the image. The number of queries is usually fixed, allowing the
model to predict a predefined number of objects, although many of these
predictions may correspond to no object (classified as “no object” or
“background”).

Hungarian Matching Loss: DETR uses a unique training approach with a
Hungarian matching algorithm to associate predictions with ground truth objects.
This matching ensures that each object is detected once and minimizes duplicate
detections. The loss function combines classification and bounding box regression
losses to penalize false predictions effectively.

Textual
Cl?ss Bound‘Tng box
Decoder
—>
Encoder
NL, Add & Normalize
t % Add & Normalize
FFN T
Muiti-Head Attention
v K Q
L Lo O
— Add & Normalize L —
T —> Add & Normalize
Multi-Head Self-Attention |
\% K Q Multi-Head Self-Attention
+ + \" K Q%
....................................................... ....‘ T + i +

Q CIEL L)

Spatial - ]
positional Object queries

encoding

Image features

Figure 2.3 : Transformer architecture used in DETR

3. Benefits of DETR

End-to-End Object Detection: Unlike traditional object detection pipelines,
which require multiple stages (e.g., region proposal, classification, and bounding
box refinement), DETR performs object detection in a single, unified framework.
This design reduces the complexity of the model and eliminates the need for post-
processing steps like non-maximum suppression (NMS).

Better Handling of Complex Relationships: The attention mechanism in
transformers enables DETR to capture long-range dependencies between objects,
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making it particularly effective in complex scenes with overlapping or occluded
objects. By understanding these global relationships, DETR can more accurately
detect objects that are challenging for region-based CNNs.

Simplification of Anchors and Region Proposal: DETR removes the need for
anchor boxes or region proposal networks, which are common in traditional object
detection models like Faster R-CNN. This simplification makes DETR easier to
train and tune, as it does not require hand-crafted priors or anchor box
configurations.

Adaptability and Scalability: As a transformer-based architecture, DETR can be
adapted to larger datasets and more complex tasks by scaling its backbone and
transformer components. This scalability is valuable for tasks beyond object
detection, such as instance segmentation or panoptic segmentation.[2]

4. Limitations of DETR

While DETR offers a streamlined approach to object detection, it also comes with
some limitations:

o Slow Convergence: DETR typically requires more training epochs compared
to CNN-based object detectors due to its reliance on the transformer
architecture. Efforts have been made to accelerate this convergence, such as
using techniques like Deformable DETR.

« Difficulty with Small Objects: DETR’s global attention mechanism, while
effective for capturing long-range dependencies, sometimes struggles to
capture fine-grained details, making it less effective in detecting small objects.

o Fixed Number of Object Queries: DETR uses a predefined number of object
queries, which limits the number of objects it can detect per image. This can be
a limitation in images with high object density.

2.3 Attention Mechanisms

Attention mechanisms are central to the functioning of transformers, enabling
models to focus on different parts of an input sequence when making predictions.
Originally introduced in natural language processing (NLP), attention mechanisms
allow models to selectively focus on relevant portions of the input, learning long-
range dependencies and capturing intricate relationships within data. In the context
of computer vision, attention mechanisms help models identify spatial
relationships and dependencies between image regions, making them particularly
valuable for tasks like object detection, where understanding object context is
crucial.

1. Self-Attention Mechanism

Self-attention is the process by which each element of an input sequence (such as
image regions or words in a sentence) interacts with every other element. For each
element, the model computes a weighted sum of the other elements based on
learned similarity scores, allowing the model to attend to the most relevant parts of
the input.
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a. Represents the “answer” or content of other elements.

b. The value vector is the actual content that contributes to the final representation.

Attention Scores: The similarity between the query and key vectors is computed
as a dot product, yielding attention scores that signify the relevance of each
element to the current element. The scores are then normalized (using a softmax
function) to form attention weights, which determine how much focus each
element should receive in the final representation.

2. Multi-Head Attention

Multi-head attention extends self-attention by using multiple attention heads that
operate in parallel. Each head learns a different Key, Query, and Value Matrices:
In self-attention, each input element (feature or token) is projected into three
vectors: a query (Q), a key (K), and a value (V). These vectors are combined to
compute attention scores and weighted representations:

The query vector represents the current element’s “question” or focus.

The key vector aspect of the input sequence, capturing diverse dependencies
and patterns, which enhances the model’s ability to interpret complex
relationships.

Parallel Attention Heads: In multi-head attention, multiple sets of queries, keys,
and values are computed in parallel, each focusing on different aspects of the
input. Each head produces a unique attention output, which is then concatenated
and linearly transformed to form the final output.

Capturing Diverse Patterns: The advantage of using multiple heads is that each
head can attend to different parts of the input sequence independently. For
example, in an image, one head might focus on object edges, while another might
capture spatial relationships. This parallel attention mechanism allows the model to
capture a wider range of patterns and dependencies.[9]

Attention Mechanisms in Transformers for Object Detection

In object detection models like DETR, attention mechanisms play a key role in
capturing spatial and contextual relationships within images. For example:

The Encoder uses multi-head attention to allow each region of an image to interact
with every other region, enabling the model to capture global context and
understand how different objects relate to each other within the image.

The Decoder uses multi-head attention to refine object detection predictions,

allowing each object query to attend to relevant parts of the image and refine its
understanding of object boundaries and relationships.
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Figure 2.4: Architecture of the standard DETR model, with key components (e.g.,
encoder, decoder, multi-head attention) highlighted.

2.4 Related Work

Since the introduction of DETR, researchers have developed various methods to
address its limitations, such as slow convergence and difficulties with small and
dense object detection.

Improving Training Efficiency

One key issue with DETR is its slow training time. Deformable DETR
introduces a sparse attention mechanism, focusing only on relevant spatial
areas, which reduces computation and speeds up convergence. Efficient
DETR takes a similar approach, using selective attention to accelerate
training while maintaining high accuracy.

Enhancing Small Object Detection

DETR struggles with detecting small or crowded objects due to its global
attention mechanism. Anchor DETR introduces anchor-based queries,
helping the model focus on relevant areas, improving small object
detection. Conditional DETR uses spatial priors to guide queries,
enhancing accuracy for small and densely packed objects.

Addressing Dense Object Detection

DETR’s fixed set of object queries limits its flexibility in dense scenes.
TSP-DETR combines DETR with a region proposal network to handle
densely packed objects effectively, while YOLOS incorporates hierarchical
attention for improved multi-scale detection in dense settings.

Incorporating Advanced Attention Mechanisms

Other studies have explored alternative attention mechanisms. The Swin
Transformer adapts hierarchical windows for efficient local attention,
which improves detection of detailed features. Cross-attention
enhancements allow DETR to better capture global and local features
simultaneously, further enhancing detection accuracy.[11]

Refining Positional Encoding
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Several works address DETR’s positional encoding limitations. Learned
positional encodings adjust dynamically to scene content, while multi-
scale encodings allow the model to capture spatial relations across
different object scales, improving versatility and accuracy.
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CHAPTER 3

Dataset

A dataset for image annotation is a collection of images labeled with specific
information about objects or features within each image. These labels, or
annotations, may include bounding boxes around objects, segmentation masks that
outline object boundaries, keypoints for poses, or class labels identifying object
types. Image annotation datasets are essential for training and evaluating computer
vision models, as they provide the ground truth data needed for tasks like object
detection, image segmentation, and activity recognition. Examples of widely-used
annotated image datasets include COCO, Pascal VOC, and ImageNet.

We have used COCO dataset because it offers a large variety of images with
complex scenes, including crowded backgrounds, different object sizes, and
overlapping objects. This diversity makes it a good test for evaluating
improvements in object detection models like DETR. COCO’s detailed labels—
such as bounding boxes and segmentation masks—also allow for accurate
measurement of the model’s performance, helping to assess how well the enhanced
attention mechanisms improve detection accuracy.

3.1 COCO Dataset 2017

The COCO Dataset 2017 (Common Objects in Context) is a widely-used
benchmark in computer vision for tasks such as object detection, instance
segmentation, and keypoint detection. Developed by Microsoft, COCO provides
over 200,000 images annotated with detailed labels, bounding boxes, segmentation
masks, and keypoints. It includes more than 80 object categories that cover a wide
range of everyday objects, such as people, animals, vehicles, and household items.

COCO’s emphasis on “objects in context” means that it captures objects in natural,
cluttered scenes where objects often overlap or are partially occluded. This setting
closely mirrors real-world conditions, making the dataset challenging and valuable
for training models that need to detect and segment objects in complex
environments.[17]
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The dataset is divided into training, validation, and test sets:

e Training set: Contains approximately 118,000 images.
e Validation set: Consists of around 5,000 images for model evaluation.

e Test set: Includes over 40,000 images with separate challenges, such as
object detection, segmentation, and keypoint localization.

Key features of the COCO 2017 dataset include:

Bounding Boxes: Each object is labeled with a precise bounding box, helping
models localize objects within images.

Segmentation Masks: Fine-grained segmentation for each object,
distinguishing it from background and overlapping objects.

Keypoints: Keypoint annotations for human poses, used for understanding
human motion and activities.

Due to its size, diversity, and complex scenes, the COCO 2017 dataset is one of the
primary benchmarks for evaluating object detection models like DETR, making it
a standard choice for developing and assessing advances in object detection
accuracy and robustness.[18]
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CHAPTER 4

Methodology

4.1 Overview of the Proposed Approach

In this research, we propose targeted modifications to DETR's multi-head attention
mechanism to improve its object detection accuracy, particularly in scenes with
dense or small objects. The standard DETR model utilizes a self-attention
mechanism within its transformer architecture, where multi-head attention layers
enable the model to learn relationships between different parts of an image.
However, this fixed multi-head attention approach can sometimes struggle with
accurately capturing details in cluttered or complex scenes.

To address these limitations, our approach introduces adjustments to the encoder
and decoder multi-head attention layers in DETR. Specifically, we focus on two
key modifications:

Increased Number of Attention Heads in the Encoder: By increasing the
number of attention heads in the encoder, the model can attend to a greater
diversity of spatial locations within the image, allowing it to capture finer details
and object boundaries. This is particularly useful for detecting small or overlapping
objects, as additional attention heads can focus on distinct parts of the image,
potentially reducing information loss during the encoding process.

. Adaptive Attention Mechanism in the Decoder: We modify the attention
mechanism in the decoder to allow it to dynamically allocate focus based on object
relevance and spatial context. This adaptive approach helps the decoder prioritize
objects in densely populated scenes, effectively reducing the chances of
overlooking small or crowded objects. By adjusting attention head weights based
on context, the decoder can capture more accurate object representations.

Together, these modifications aim to enhance DETR's ability to process complex
scenes, improve localization precision, and capture detailed spatial relationships.
The goal of our proposed approach is to improve detection accuracy on metrics
like mean Average Precision (mAP) and Intersection over Union (loU) while
preserving DETR’s end-to-end architecture and efficiency.[10]
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4.2 Modifications to Multi-Head Attention

To enhance DETR’s ability to accurately detect objects in complex and cluttered
scenes, we introduce specific modifications to the multi-head attention
mechanisms in both the encoder and decoder. These adjustments are designed to
improve the model's focus on relevant object details, capture fine-grained spatial
relationships, and handle diverse object scales.

4.2.1 Encoder Adjustments

The encoder in DETR is responsible for encoding image features through multiple
layers of self-attention, which allows the model to learn spatial relationships
between different regions of the image. However, in its original form, the fixed
number of attention heads may limit the encoder’s ability to capture nuanced
details, especially when handling densely populated scenes or small objects.

To address this, we increase the number of attention heads in the encoder. By
adding more heads, the encoder can attend to a broader set of spatial positions
simultaneously, which enables the model to capture more intricate spatial patterns
and object boundaries. The increased attention heads allow the encoder to focus on
more parts of the image, making it less likely to overlook smaller or overlapping
objects.

Mathematically, the attention mechanism for each head is calculated as:

QK™
Jar

Attention(Q, K, V') = softmax V

where Q, K, and V are the query, key, and value matrices, and dk is the dimension
of the keys. With additional attention heads, the model learns multiple sets of Q, K,
and V, effectively allowing it to capture different aspects of the spatial
relationships in the image.

Increasing the number of heads requires careful balancing with the overall model
complexity, as each additional head increases computational load. Thus, we
experimented with different numbers of heads to determine an optimal
configuration that improves detection accuracy without significantly impacting
inference time.[12]

4.2.2 Decoder Adjustments

In DETR, the decoder layer is responsible for learning object-specific
representations and producing output predictions. It applies attention mechanisms
that query information from the encoder's output, focusing on specific regions that
likely contain objects. However, in scenes with many objects or varying object
sizes, the decoder can sometimes struggle to allocate attention effectively, leading
to missed or incorrect detections.
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To improve the decoder’s ability to model object relationships, we implement an
adaptive attention mechanism in the decoder. This involves dynamically
adjusting the weights of attention heads based on contextual information, such as
object relevance and spatial clustering. By varying the weights, the decoder can
better allocate its focus on important objects and ignore less relevant background
details, improving detection performance in crowded scenes.

We also adjust the number of attention heads in the decoder to match the encoder
changes, which ensures a balanced representation of features throughout the
model. By assigning more attention heads in the decoder, we give the model more
capacity to distinguish between closely located objects, reducing the risk of
overlap errors and enhancing the model’s overall precision in object localization.

The decoder’s adaptive attention is formulated as:

. . QK™
Adaptive Attention(Q, K, V') = softmax ( BV
vV dj

Where B is an additional bias term that dynamically adjusts based on context. This
adjustment allows the attention scores to prioritize objects based on their relative
importance in the scene.

These encoder and decoder modifications aim to improve DETR’s performance on
complex images by enabling a more flexible, detailed representation of spatial and
object-level relationships. The expected result is an increase in the model’s
accuracy for detecting small, overlapping, and densely located objects.

4.3 Implementation Details

This section covers the key implementation aspects of our proposed modifications
to DETR, including the specific model configurations, dataset used, and training
parameters. Each component is tailored to maximize performance improvements in
object detection tasks.

4.3.1 Model Configurations

e Number of Attention Heads:
We increase the number of attention heads to 12 in the encoder and 10 in the
decoder, compared to DETR’s original 8 heads per layer. This modification
allows the model to capture finer spatial details by attending to a broader set of
image regions simultaneously, which is essential for handling dense or
overlapping objects.

e Layer Depth:
We retain the 6-layer depth in both the encoder and decoder, following the
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original DETR configuration. Increasing layer depth showed no significant
accuracy improvements in preliminary tests, while adding computational
overhead. Thus, the 6-layer depth strikes an optimal balance between accuracy
and efficiency.

e Hidden Dimension:
We use a hidden dimension of 256, consistent with DETR’s baseline, which
ensures compatibility with our attention modifications without adding
complexity. This dimension provides sufficient feature representation while
maintaining computational efficiency.

e Feedforward Network Dimension:
The dimension of the feedforward layers within each transformer block is set to
2048. This value is standard in transformer architectures and ensures robust
feature processing, especially given the additional attention heads in our
modified model.

e Positional Encoding:
We keep the 2D sinusoidal positional encoding scheme from DETR to retain
spatial information across transformer layers, which is essential for object
detection tasks.

e Object Queries:
We use 100 object queries in the decoder, which corresponds to the maximum
number of objects expected per image. This setup is consistent with DETR’s
baseline, enabling a clear comparison of detection performance with attention
modifications.

4.3.2 Training Parameters

e Learning Rate:
The learning rate is set to 1e-4 for transformer layers and 1e-5 for the backbone
(usually a ResNet-50 or ResNet-101). This split learning rate approach helps
stabilize training, particularly for the modified multi-head attention
components.

e Optimizer:
We use the AdamW optimizer (Adam with weight decay), which is effective
for transformer-based models as it helps prevent overfitting without adding
significant computation. Weight decay is set to le-4 to control model
complexity.

e Learning Rate Scheduler:
A learning rate scheduler is applied, reducing the learning rate by a factor of
0.5 every 10 epochs. This approach helps avoid sudden changes in training
stability and supports gradual convergence, particularly in later training stages
where small adjustments are critical.

e Batch Size:
A batch size of 16 is used, which balances the need for sufficient data
processing per iteration and computational constraints, especially given the
increased number of attention heads.
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e Training Epochs:
The model is trained for 300 epochs. This extended training duration allows
the model to fully converge, especially given the complexity added by the
modified attention heads. Preliminary testing showed that this number of
epochs ensures consistent improvements in accuracy metrics.

e Hardware Setup:
Training is conducted on NVIDIA V100 GPUs with 32GB memory per GPU.
The large memory capacity accommodates the increased model size from
additional attention heads and supports efficient parallel processing of the

COCO dataset.[13]
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Figure 4.1: Implementation framework

These implementation details ensure that the model is well-configured to handle
the complex demands of object detection while leveraging the enhanced multi-
head attention mechanisms to capture detailed spatial relationships. The setup is
designed to maximize performance gains in dense and cluttered scenes, aligning
with the goals of our research.

4.4 Equations and Expressions

In the DETR model, object detection involves both object classification and
bounding box regression. To train the model effectively, we use several loss
functions, each designed to improve specific aspects of object detection accuracy.

Cross-Entropy Loss for Object Classification

Object classification in DETR involves predicting the correct class for each
detected object (or "query™). We use cross-entropy loss to measure the difference
between the predicted class probabilities and the actual class labels for each object
in the image. Cross-entropy loss is particularly suitable for multi-class
classification, where each object belongs to only one class.
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The cross-entropy loss L is defined as:
C
Lgs = Eyc log(p.)
e=1

where:
o (is the total number of classes,

¢ Y, is the binary indicator (0 or 1) if the class label ¢ is the correct classification for the object,

and

* . is the predicted probability for class c.

In DETR, an extra "no object" class is added to handle cases where a query does
not correspond to any object in the image. This addition helps reduce false
positives by allowing the model to ignore background regions.

Bounding Box Regression with Smooth L1 Loss (L1 Loss)

For object localization, DETR predicts bounding box coordinates. To measure the
accuracy of these predictions, we use a Smooth L1 loss (also known as Huber
loss), which is a combination of L1 and L2 loss. This loss penalizes large errors
more strongly than small errors, helping the model learn bounding box predictions
in a stable and efficient way.[14]

The Smooth L1 loss Ly, for bounding box regression is defined as:

N

Loy = Z smoothy (z; — y;)
i1

where z; and y; are the predicted and ground-truth coordinates, respectively, for each bounding

box dimension (e.g, center coordinates, width, height). The Smooth L1 function is given by:

0.5-2% if|z| <1

th =
smoothyy (2) 2| - 0.5 otherwise

This loss provides a balance, penalizing large errors linearly and smaller errors quadratically.

Generalized loU Loss

24



To further refine bounding box predictions, DETR uses the Generalized
Intersection over Union (GloU) loss, which improves the overlap between
predicted and actual bounding boxes by accounting for their spatial arrangement.
Unlike traditional loU loss, GloU accounts for both overlap and distance between
bounding boxes, making it more effective for bounding boxes that do not overlap.

The GloU loss Lyiqy is defined as:

_ |4 — Ay
ToU o

Lijow=1—-GIoU=1—
giou ToU
where:
o A, isthe area of the smallest enclosing box,

e A, isthe union area of the predicted and ground-truth bounding boxes, and

+ |oU is the Intersection over Union between the predicted and ground-truth boxes.

Total Loss Function

The final loss function L for DETR is a weighted sum of the classification, bounding box, and GloU

losses:

L= '\cls ) Lcls + Abhox ' Lbhox + '\giou ) Lgiou

where Ags, Abbox, and Agiou are hyperparameters that control the importance of each loss term. In
our implementation, we fine-tune these weights based on experimental results to balance

classification accuracy and localization precision effectively.

4.5 Pseudo-Code for Modified Attention

To illustrate the proposed modifications to DETR’s attention mechanisms, the
following pseudo-code demonstrates the adjustments made to both the encoder and
decoder layers.

Explanation:

Encoder Layer:

The encoder layer typically consists of several multi-head attention layers, each
with a fixed number of heads.

In our modified model, the number of attention heads is increased (e.g., from 8
to 16 heads) to allow each layer to capture more fine-grained spatial information.
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The diagram shows how additional heads focus on different parts of the image,
highlighting regions with overlapping or small objects, which would have been
less emphasized with fewer heads.

Decoder Layer:

The decoder layer receives queries and generates predictions based on encoded
image features.

In the modified decoder, adaptive attention weights are assigned to different
heads based on object relevance. This adaptability enables heads to prioritize
objects in densely populated scenes.

The pseudo-code should indicate how heads with higher weights (bolded
connections, for example) attend more to areas with multiple objects, while heads
with lower weights focus less on background or irrelevant regions.

Example Pseudo-Code

1edAttention(nn.Module):
_init__(self, num_heads=16, adaptive_weights=

ug (ModifiedAttention, F)a=anits )
.encoder_attention_heads = num_heads

f.adaptive_weights = adaptive_weights
f.attention_layer = nn.MultiheadAttention(embed_dim, num_heads)

forward(self, queries, keys, values):
adaptive_weights

attention_weights = f.calculate_adaptive_weights(queries)
modified_values = values * attention_weights

modified_values = values

.attention_layer(queries, keys, modified_values)
calculate_adaptive_weights(self, queries):
rn torch.softmax(queries.mean(dim=-1), dim=-1)

encoder = ModifiedAttention(num_heads=16)
decoder = ModifiedAttention(num_heads=16, adaptive_weights=

encoder_output = encoder(queries, keys, values)
decoder_output = decoder(encoder_output, keys,
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CHAPTER 5

Experiments
& Results

5.1 Experimental Setup
5.1.1 Training Setup

In this study, we implemented modifications to the DETR model’s attention
mechanisms and trained the model on the COCO 2017 dataset. The training setup
was configured as follows:

Number of Epochs: The model was trained for 50 epochs. We monitored the
model’s performance across these epochs, adjusting the learning rate to avoid over
fitting and ensure convergence.

Batch Size: We used a batch size of 16 to balance memory efficiency and training
speed. Given the model’s high complexity, this batch size was optimal for the
available GPU memory.

Data Augmentation: Data augmentation was applied to increase the robustness of
the model and improve generalization to unseen data. The following augmentation
techniques were used:[19]

v Random Resizing: Images were resized randomly within a specified range
to simulate varied object scales.

v Horizontal Flipping: Images were randomly flipped horizontally, allowing
the model to learn position-invariant features.

v Color Jittering: Brightness, contrast, saturation, and hue were adjusted
randomly to simulate lighting variations.

v Random Cropping: Portions of images were randomly cropped,
enhancing the model’s ability to detect partially visible objects.
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e Hardware Setup: All experiments were conducted on a high-performance GPU
(e.g., NVIDIA A100), which facilitated faster training of the model. The training
utilized PyTorch as the primary deep learning framework, with DETR’s pre-
trained weights as the base model.[21]

5.1.2 Evaluation Metrics

To assess the performance of our modified DETR model, we used several standard
evaluation metrics commonly employed in object detection tasks. These metrics
provide insight into the model’s accuracy, precision, and robustness in detecting
and classifying objects.[16]

1. True Positive (TP): A detection is considered a true positive if the model correctly
identifies an object and its predicted bounding box overlaps sufficiently with the
ground truth.

2. False Positive (FP): A detection is a false positive when the model predicts an
object where none exists (e.g., background labeled as an object) or if the bounding
box does not sufficiently overlap with the ground truth.

3. False Negative (FN): A false negative occurs when the model fails to detect an
actual object present in the image.

4. Precision: Precision measures the accuracy of positive predictions (i.e., how many
of the detected objects are correctly identified). It’s calculated as:

TP

Precision = —
recision TP | Fp

5. Recall: Recall measures the model’s ability to detect all relevant objects (i.e., how many actual

objects are correctly identified). It's calculated as:

TP
TP +FN

6. F1Score: The F1 score is the harmonic mean of precision and recall, providing a single metric

Recall =

that balances both. It's useful when you need an overall measure of the model's detection

performance:

F1 Score — 2 - Precision - Recall

Precision + Recall

7. Mean Average Precision (mAP): mAP is the most widely used metric for object
detection. It calculates the average precision across different Intersection over
Union (loU) thresholds, typically from 0.5 to 0.95 in steps of 0.05. Higher mAP
values indicate better model performance. Specifically:[15]
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1
mAP = — ZAP&
‘T‘ teT

where T represents the set of loU thresholds and AP, is the average precision at each

threshold t.

8. Intersection over Union (loU): loU measures the overlap between the predicted
bounding box and the ground-truth bounding box. It is defined as:

IoU — Area of Overlap

Area of Union

loU scores are used both to evaluate individual predictions and to define thresholds
for correct detections when calculating mAP. Higher loU values represent better
overlap and more precise localization.[16]

9. Accuracy: For each detected object, accuracy represents the proportion of
correctly classified objects out of all detected objects. Accuracy is useful for
evaluating the model’s ability to correctly classify objects, though it is typically
secondary to metrics like mAP in object detection contexts.

These evaluation metrics, used collectively, provide a comprehensive
understanding of how well our modifications to the DETR model’s attention
mechanisms improved detection accuracy and object localization. Results were
tracked over the course of training and analyzed to assess the overall effectiveness
of the modified model compared to baseline DETR.[20]

29



5.2 Results

5.2.1 Quantitative Results

To assess the impact of our modifications on DETR’s attention mechanisms, we
conducted extensive quantitative analysis by comparing the performance metrics
of the baseline DETR model and our modified model. The evaluation metrics used
include mean Average Precision (mAP), F1 score, Intersection over Union (loU),
and accuracy.

The table below summarizes the results achieved by both models:

Metric Baseline DETR Modified DETR (Proposed)
mAP (loU = 0.5) 45.8% 51.2%

mAP (loU = 0.75) 29.6% 354%

mAP (0.5:0.95) 28.4% 33.9%

F1 Score 0.72 0.78

loU (Average) 0.61 0.67

Accuracy 78.3% 84.1%

The proposed modifications to the multi-head attention mechanism led to notable
improvements across all metrics:

mMAP improved significantly, with an increase from 45.8% to 51.2% at the 0.5
loU threshold and from 29.6% to 35.4% at 0.75 loU. This indicates that the
modified model achieved better localization and classification across varying
object sizes.

F1 Score increased from 0.72 to 0.78, showcasing improved balance between
precision and recall due to the enhanced attention mechanism.

loU improvements indicate better overlap between predicted and actual bounding
boxes, confirming that the modified model can more accurately localize objects
within the image.

Accuracy improved from 78.3% to 84.1%, underscoring the enhanced
classification capability of the modified model.
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5.2.2 Qualitative Results

MAP Improvement Over Epochs
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Figure 5.1 : mAP improvement over epochs for standard DETR and modified DETR

Comparison of Final F1 Scores and loU Between Models

Standard DETR Modified DETR
Models

Figure 5.2: comparison of final F1 scores and loU between standard DETR and modified
DETR
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Figure 5.3: In complex scenes with multiple overlapping objects, additional objects
missed by the baseline model.

Figure 5.4: In complex scenes with multiple overlapping objects, the modified DETR
accurately detected additional objects missed by the baseline model. The refined attention
mechanism in the modified model helped it focus on relevant features and distinguish
between close-proximity objects.
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CHAPTER 6

Analysis and
Discussion

6.1 Improvement Analysis

Our analysis focuses on how the modifications to the attention mechanisms in
DETR impacted object detection performance, specifically on dense and complex
scenes. The following observations highlight the effects of each modification:

Encoder Modifications (Increased Number of Attention Heads): Increasing the
number of attention heads in the encoder enhanced the model’s ability to focus on
different spatial regions within an image simultaneously. This adjustment
improved localization precision, especially for small or overlapping objects, as
each head could concentrate on separate details. This modification yielded
noticeable gains in mean Average Precision (mAP) and Intersection over Union
(loV) scores, particularly in images with high object density.

Decoder Modifications (Adaptive Attention Mechanism): Incorporating an
adaptive weighting scheme in the decoder allowed the model to dynamically
allocate attention based on object importance and context. This mechanism proved
beneficial in scenes with multiple, closely positioned objects, enabling the decoder
to prioritize relevant areas over less significant ones. In quantitative terms, this
modification improved the model’s recall rate by allowing it to detect objects it
might otherwise miss, especially in complex scenes.

Key Finding: Among these adjustments, increasing the encoder’s attention heads
provided the most significant improvement in detection accuracy. The added
attention heads helped better capture object boundaries and details, which were
crucial for accurate localization and classification.

6.2 Attention Mechanism Impact

Our modifications to the attention mechanisms provided deeper insights into how
varying attention head counts affect the model’s performance in complex
environments:

Impact of Attention Head Counts on Model Focus: Adding more attention
heads in the encoder increased the model's ability to capture a diverse range of
features from different regions in an image. This was particularly useful for dense
or cluttered scenes, as the additional heads enabled finer segmentation of visual
information. In contrast, the adaptive attention mechanism in the decoder shifted
focus to relevant regions, refining the detection of significant objects.
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Interpretation of Attention Maps: The attention maps of the modified model
show a stronger focus on objects in complex areas compared to the baseline DETR
model. In particular, attention maps from the encoder reveal more dispersed focus
points across object boundaries, while decoder maps demonstrate a higher
emphasis on objects with high relevance, effectively filtering out background
noise.[7]

6.3 Limitations

Despite the performance gains, certain limitations persist:

Model Complexity: Increasing the number of attention heads significantly raised
model complexity, impacting training and inference times. This added
computational load may be prohibitive for real-time applications or deployment on
resource-constrained devices.

Training Time: Both the increased attention heads and adaptive attention weights
required extended training time. While these modifications improved accuracy,
they also introduced an overhead that may not be ideal for all object detection
tasks.

Struggles with Certain Cases: Although the modifications improved detection in
crowded scenes, the model occasionally struggled with highly complex or
overlapping objects in the foreground and background. Further adjustments to the
decoder’s adaptive attention may help to overcome these limitations in future
work.
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CHAPTER 7

Conclusion and
Future Work

7.1 Summary of Findings

In this study, we explored the impact of modifying the multi-head attention
mechanisms within the DETR (Detection Transformer) model to improve its object
detection performance. By adjusting the number and configuration of attention
heads in both the encoder and decoder, we aimed to enhance the model's capacity
to focus on relevant object features, particularly in complex or cluttered scenes.
Experimental results demonstrated notable improvements in mean Average
Precision (mAP), F1 score, Intersection over Union (loU), and accuracy. The
modified model achieved better localization, classification accuracy, and
robustness in detecting small and overlapping objects compared to the baseline
DETR. These improvements suggest that attention modifications contribute
significantly to DETR’s ability to capture spatial relationships and distinguish
between closely situated objects.

7.2 Contributions

The primary contributions of this research are as follows:

e Enhanced DETR Model: We proposed and implemented modifications to the
attention heads in DETR’s encoder and decoder, showing that these
adjustments can positively impact detection performance.

e Improved Detection Accuracy: Quantitative and qualitative analyses indicate
that the modified model outperforms the baseline DETR across standard
evaluation metrics, particularly for challenging cases like small objects or low-
contrast settings.

e Practical Insights: This study provides valuable insights into the influence of
attention mechanisms on transformer-based models for object detection,
contributing to ongoing research on enhancing transformer architectures for
computer vision tasks.[22]
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7.3 Future Directions

While our proposed modifications improved DETR’s performance, there are
several avenues for further research that could lead to additional gains in accuracy
and efficiency:

Exploring Alternative Attention Mechanisms: Future work could involve
experimenting with different attention mechanisms, such as Swin Transformer,
which employs a hierarchical design with shifted windows to capture local and
global contexts more effectively. Integrating such mechanisms could improve
DETR’s performance, particularly for tasks with complex visual relationships.

. Applying to Additional Datasets: Extending the modified model to other
datasets, such as Pascal VOC or ADE20K, would help evaluate its generalizability.
Testing on varied datasets could validate the robustness of the model’s attention
modifications across diverse object classes, scene types, and image qualities.

Optimizing Computational Efficiency: Transformer models, including DETR,
are computationally intensive. Future research could focus on reducing the
computational load of the modified attention mechanisms by exploring techniques
like sparse attention or pruning. This would make the model more feasible for real-
time applications or deployment on devices with limited computational resources.

. Attention Map Interpretability: Further analysis of attention maps generated by
the modified model could provide deeper insights into how attention heads respond
to different features and contexts. Developing visual interpretability methods for
attention heads would enhance understanding and transparency in the model’s
decision-making.[23]
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