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1

CHAPTER 1

INTRODUCTION

In recent years, ensuring public safety has become one of the most critical concerns for
governments and security agencies across the world. Rapid urbanization, increasing
passenger movement, and rising security threats have significantly increased the need
for intelligent surveillance and inspection systems. Security screening systems are
extensively deployed at airports, railway stations, metro stations, border checkpoints,
government buildings, shopping malls, and public gathering areas for detecting dan-
gerous and prohibited items such as firearms, knives, explosives, sharp tools, and other
hazardous materials. Among various security inspection technologies, X-ray baggage
screening systems are widely adopted because they provide non-invasive inspection of
luggage and parcels without opening the baggage physically. These systems generate
X-ray images that reveal the internal contents of baggage based on the material ab-
sorption characteristics of objects. Security operators analyze these scans manually to
identify suspicious or prohibited items hidden inside the luggage.

However, manual inspection of X-ray images is a highly challenging and time-
consuming task. In real-world scenarios, baggage often contains densely packed ob-
jects with severe overlap and clutter. Dangerous items may appear partially hidden
behind other objects or may be visually deformed because of arbitrary orientations and
occlusions. Moreover, X-ray images generally lack rich texture and color information
that are normally available in natural RGB images. These characteristics make the
identification of prohibited objects extremely difficult even for experienced security
personnel. Human operators are also affected by fatigue, stress, workload, and lack of
concentration during long screening hours, which may lead to missed detections and
false alarms. Therefore, intelligent automated prohibited item detection systems are
becoming increasingly important to assist human operators and improve the efficiency
and reliability of security screening systems.

Artificial intelligence and deep learning have made a significant progress in com-
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puter vision. In the field of natural image datasets, deep learning object detection algo-
rithms such as Faster R-CNN, YOLO, SSD, RetinaNet and DETR have demonstrated
impressive performance. These models learn hierarchical feature representations au-
tomatically and perform well in complex visual tasks. Despite these developments,
object detection in X-ray imagery remains challenging, since many conventional ob-
ject detection assumptions do not directly apply. The characteristics of X-ray images
are different from those of natural images. Heavy occlusion, object overlap, low con-
trast, cluttered backgrounds, transparency and geometric distortion significantly affect
the performance of standard detectors. The detection of small items like blades, wires,
cutters and small arms is particularly challenging because the boundaries and structure
of the object can become obscured by surrounding objects.

To overcome these drawbacks, researchers have suggested some special frame-
works for detection of prohibited items in X-ray imaging. The approaches involve
contour-based enhancement of features, deformable convolution networks, multi-scale
feature fusion, frequency-aware learning strategies, Attention mechanisms, and transformer-
based architectures. These approaches have enhanced the ability to detect objects, but
there are still numerous issues that need to be addressed, especially when dealing with
severe occlusion and overlapping objects.

In this thesis, two advanced deep learning frameworks are developed for robust
prohibited item detection in X-ray imagery. The first framework introduces an Edge-
Aware Deformable Feature Pyramid Network (EDFPN), which improves boundary-
sensitive representation learning and geometric adaptability using edge-aware feature
extraction and deformable convolutions. The second framework proposes a Frequency–
Spatial Guided Deformable Fusion Network that combines frequency-domain analy-
sis and spatial feature modeling for improved multi-scale feature representation and
occlusion-aware detection. The proposed frameworks aim to improve the reliability,
robustness, and accuracy of intelligent X-ray screening systems under real-world com-
plex security conditions.

1.1 Background of X-ray Security Screening Systems

X-ray imaging systems are one of the most commonly used technologies for baggage
inspection and security surveillance. These systems utilize electromagnetic radiation
to penetrate baggage and generate internal structural representations of objects. Dif-
ferent materials absorb X-ray radiation differently depending upon their density and
composition. Based on the absorption patterns, X-ray systems generate grayscale or
pseudo-colored images representing the contents inside the luggage. Security screen-

1
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ing systems play an essential role in detecting prohibited objects before they pose a
threat to public safety. Such systems are widely used in:

• Airports

• Railway stations

• Metro stations

• Government organizations

• Military checkpoints

• Commercial complexes

• Border security

• Public event venues

Traditional X-ray baggage inspection systems mainly depend on human operators
for detecting suspicious objects. However, manual inspection suffers from several
practical limitations:

• Large passenger volume

• Continuous monitoring workload

• Fatigue during long inspection hours

• Human errors and missed detections

• Difficulty in analyzing cluttered baggage

As a result, automated detection systems based on computer vision and artificial
intelligence are increasingly being adopted for assisting security personnel.

Deep learning has significantly improved automated image analysis and object de-
tection capabilities. Convolutional Neural Networks (CNNs) can automatically learn
discriminative feature representations from large-scale image datasets. Modern detec-
tion frameworks such as Faster R-CNN, YOLO, RetinaNet, and DETR have achieved
state-of-the-art performance in natural image analysis.

However, X-ray prohibited item detection remains considerably more challenging
than natural image detection because of several unique visual properties associated
with X-ray imagery.

2

2
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1.2 Challenges in Prohibited Item Detection using X-ray Images

Although deep learning methods have achieved impressive performance in natural im-
age analysis, several major challenges still exist in X-ray prohibited item detection
systems.

Figure 1.1: Examples of different occlusion levels in the PIDray dataset: (a) Easy -
prohibited items are clearly visible with low overlapping, (b) Hard - objects are par-
tially overlapped with other items, (c) Hidden - targets are heavily concealed within
cluttered baggage, making detection challenging.

1.2.1 Object Overlapping

One of the most critical challenges in X-ray baggage analysis is object overlap. Multi-
ple objects are usually packed closely inside baggage, causing different items to over-
lap in the X-ray image. Dangerous objects may become partially or fully hidden be-
hind other benign items. Such overlap significantly reduces object visibility and makes
feature extraction difficult for conventional detectors.

1.2.2 Occlusion

Occlusion occurs when prohibited items are partially concealed by surrounding ob-
jects. In practical baggage scenarios, weapons and hazardous items may appear with
only a small visible region. Heavy occlusion leads to:

• Poor localization

• Boundary ambiguity

4
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• Misclassification

• Missed detection

Conventional CNN-based detectors generally fail to capture discriminative features
under severe occlusion conditions.

1.2.3 Low Contrast and Weak Texture

Unlike RGB images, X-ray scans lack rich texture and color information. Many pro-
hibited items appear with weak structural contrast against surrounding objects. Low
contrast conditions reduce the effectiveness of standard convolutional operations be-
cause object boundaries become difficult to distinguish.

1.2.4 Cluttered Background

X-ray baggage images often contain large numbers of unrelated objects arranged ran-
domly. Complex cluttered backgrounds introduce noise and irrelevant features, re-
ducing the robustness of feature learning. This challenge becomes more severe when
multiple metallic and organic materials coexist inside the baggage.

1.2.5 Geometric Deformation and Orientation Variation

Objects inside baggage may appear in arbitrary orientations, scales, and deformed
shapes. Conventional convolution kernels use fixed sampling locations and therefore
fail to adapt effectively to irregular object geometries. This reduces detection perfor-
mance for small and distorted prohibited items.

1.2.6 Small Object Detection

Several prohibited items such as blades, wires, cutters, and small firearms occupy very
small regions in X-ray images. Detecting such small objects is difficult because im-
portant structural details are often lost during feature downsampling.

1.2.7 Computational Complexity

Modern transformer-based and attention-driven architectures often achieve high de-
tection accuracy but introduce significant computational overhead. Real-time security
systems require models that are both accurate and computationally efficient. Therefore,
balancing detection performance and inference speed remains an important research
problem.

1
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1.3 Problem Statement

The main objective of this research is to develop robust deep learning algorithms for
detecting prohibited items in X-ray images under challenging conditions, such as se-
vere object overlap, occlusion, cluttered backgrounds, low contrast and geometric dis-
tortion. Current object detection systems have several limitations:

• Limited ability to capture fine structural boundaries

• Weak feature representation in overlapping regions

• Poor geometric adaptability.

• Inefficient multi-scale feature fusion

• High computational complexity

• Limited frequency-domain representation learning

In this respect, efficient multi-scale fusion and feature enhancement frameworks
that can enhance the detection robustness in complex X-ray security environments are
needed. This thesis aims to address these limitations by incorporating:

• Edge-aware feature learning

• Frequency-domain representation

• Deformable convolution

• multi-scale Feature Fusion

• Channel modulation

• Spatial-frequency interaction mechanisms

1.4 Research Objectives

The major objectives of this thesis are summarized below:

1. To investigate edge-aware and deformable feature learning mechanisms for en-
hancing overlap handling, boundary localization, and geometric adaptability of
X-ray prohibited item detection systems.

2. To develop an effective frequency–spatial guided deep learning system for im-
proving texture representation, structural feature extraction and multi-scale de-
tection performance in complex baggage screening scenarios.

4

7 78
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1.5 Scope of the Thesis

This thesis proposes novel deep learning-based object detection architectures that can
be used to detect prohibited objects in X-ray security imagery. This study includes the
following aspects:

• Object detection under occlusion

• Analysis of overlapping objects

• Learning multi-scale features

• Frequency-spatial representation

• Deformable feature extraction

• Efficient feature pyramid networks

The developed models are tested on publicly available benchmark datasets for X-
rays and are intended for use in intelligent baggage screening systems. While the pro-
posed approaches have improved detection accuracy significantly, this thesis is limited
to 2D X-ray image analysis and does not address multi-view or 3D baggage recon-
struction.

1.6 Motivation of the Research

This research is motivated by the increasing demand for intelligent and reliable auto-
mated security screening systems. Current baggage inspection systems continue to rely
on human interpretation, and remain susceptible to human error in complex screening
environments. Current deep learning models struggle to effectively handle complex X-
ray imaging scenarios, such as those with substantial clutter and overlapping objects,
since they primarily focus on spatial information, while neglecting key characteristics
in the frequency domain and other structural aspects. Moreover, traditional feature
pyramid structures adopt fixed convolution operations that lack geometric adaptability.
These limitations motivate the development of more sophisticated feature enhance-
ment systems that are able to represent both spatial and frequency-aware features. The
proposed research aims to contribute to:

• Safer public security systems

• Intelligent automated baggage inspection

42
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• Improved prohibited item detection accuracy

• Reduced false alarms

• Real-time security applications

1.7 Contributions of the Thesis

The major contributions of this thesis focus on developing advanced deep learning
frameworks for robust prohibited item detection in X-ray security imagery under chal-
lenging conditions such as severe overlap, occlusion, and cluttered backgrounds.

An Edge-Aware Deformable Feature Pyramid Network (EDFPN) is proposed
to improve contour-sensitive feature representation and localization accuracy in heav-
ily occluded X-ray images. The framework integrates edge-aware feature enhance-
ment, deformable convolution, and multi-scale feature fusion for robust prohibited
item detection. An Edge-Aware Feature Operator (EFO) is introduced to enhance
boundary-sensitive information using gradient-based edge extraction. The proposed
module improves contour localization, thin object detection, and overlap handling ca-
pability.

Further, a Frequency–Spatial Guided Deformable Fusion Framework is devel-
oped to jointly exploit spatial-domain and frequency-domain representations for en-
hanced structural feature extraction. The framework incorporates learnable Gabor fil-
tering, frequency-aware channel encoding, tri-path modulation, and deformable depth-
wise convolution for adaptive feature learning. In this framework, a Balanced Channel
Bottleneck (BCB) mechanism is proposed for adaptive channel recalibration and sup-
pression of redundant feature responses, thereby improving discriminative representa-
tion learning.

Extensive experiments conducted on benchmark datasets, including PIDray, OPIXray,
and HiXray, demonstrate that the proposed frameworks achieve superior prohibited
item detection performance compared with several existing state-of-the-art methods.

1.8 Organization of the Thesis

The thesis is organized into six chapters as follows:

Chapter 1: Introduction

This chapter presents the background, motivation, research challenges, objectives, con-
tributions, and organization of the thesis.

1

4
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Chapter 2: Literature Survey

This chapter reviews existing research related to prohibited item detection, deep learning-
based object detection, deformable convolution, frequency-domain learning, and multi-
scale feature fusion.

Chapter 3: Development of Edge-Aware Deformable Feature Pyramid Network

This chapter presents the proposed EDFPN framework including edge-aware feature
extraction, deformable convolution refinement, and feature pyramid fusion.

Chapter 4: Development of Frequency–Spatial Guided Deformable Fusion Frame-
work

This chapter presents the proposed frequency–spatial guided network including FSG-
DCN, balanced channel bottleneck, tri-path modulation, and deformable depthwise
feature pyramids.

Chapter 5: Conclusion and Future Scope

This chapter summarizes the research contributions and presents possible future re-
search directions.

22
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CHAPTER 2

LITERATURE SURVEY

Automatic prohibited item detection in X-ray imagery has become an important re-
search area due to the increasing deployment of intelligent security screening systems
in airports, railway stations, metro stations, border checkpoints, and public surveil-
lance infrastructures. X-ray baggage inspection systems are extensively used to iden-
tify dangerous and prohibited objects such as firearms, knives, explosives, and sharp
metallic tools concealed inside luggage. However, automatic detection in X-ray im-
agery remains highly challenging because X-ray scans generally contain severe object
overlap, cluttered backgrounds, low texture contrast, transparency effects, and partial
occlusion. These characteristics significantly reduce the effectiveness of conventional
object detection frameworks and motivate the development of specialized deep learn-
ing architectures for prohibited item detection.

Early studies in prohibited object detection primarily relied on handcrafted feature
extraction methods combined with traditional machine learning classifiers. Turcsany
et al. [1] improved object recognition for X-ray baggage screening using handcrafted
image descriptors and statistical feature representations. Similarly, Mery et al. [2] pro-
posed sparse representation-based approaches for baggage inspection image analysis.
Their framework used adaptive sparse coding techniques to improve object recogni-
tion under constrained X-ray imaging conditions. Although these handcrafted methods
showed initial promise, they were not sufficiently robust in cluttered baggage scenes
with heavy occlusion and overlapping objects.

The emergence of deep learning significantly transformed object detection. Con-
volutional Neural Network (CNN)-based detectors achieved substantial improvements
in visual recognition tasks because they automatically learn hierarchical feature repre-
sentations from large-scale datasets. Redmon et al. [24] introduced the YOLO frame-
work, which formulates object detection as a unified regression problem for real-time
detection. Liu et al. [33] proposed the Single Shot MultiBox Detector (SSD), which3
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uses multi-scale feature maps to detect objects at different scales. Ren et al. [12] in-
troduced Faster R-CNN, which incorporates Region Proposal Networks (RPNs) for
efficient object proposal generation and localization refinement. Several studies later
adapted these general-purpose detectors for X-ray prohibited item detection. Galvez et
al. [4], Bhowmik et al. [5], and Chaturvedi et al. [6] modified CNN-based detectors for
baggage screening applications and achieved improved performance compared with
handcrafted feature-based approaches. Despite these advances, deep learning models
still struggle under severe overlap and occlusion because X-ray imagery lacks the rich
texture and color information available in natural RGB images.

To address these limitations, researchers explored various occlusion-aware feature
enhancement strategies. Akcay et al. [3] investigated transfer learning approaches for
adapting pre-trained CNN models to the data-scarce X-ray domain. Their work demon-
strated that transfer learning can significantly improve prohibited item detection when
annotated data are limited. However, pre-trained RGB-based models remain insuffi-
cient for capturing the unique structural characteristics of X-ray imagery. Wei et al. [8]
proposed a De-Occlusion Attention Module (DOAM) that integrates edge enhance-
ment and material-aware contextual cues for prohibited item detection in cluttered bag-
gage scenarios. The attention mechanism emphasizes informative object regions while
suppressing background interference, thereby improving detection performance under
severe overlap. Shao et al. [29] introduced a foreground–background separation frame-
work using dual decoders and attention mechanisms to isolate foreground prohibited
objects while suppressing irrelevant background clutter. Their framework improved
feature disentanglement and reduced the influence of overlapping background objects.
Similarly, Jia et al. [34] proposed ForkNet, a foreground and background feature dis-
entanglement framework that employs dual backbones to separately learn foreground
and background representations. This architecture effectively reduced clutter interfer-
ence and improved overlap-sensitive feature extraction. Zhang et al. [30] improved
X-ray object detection using an enhanced Mask R-CNN architecture integrated with
low-level feature aggregation and Soft-NMS [32, 31]. The integration of Soft-NMS
improved localization under overlapping conditions by reducing suppression errors
caused by conventional non-maximum suppression.

Despite these advancements, severe overlap and partial occlusion remain major
challenges in X-ray prohibited item detection because hazardous objects frequently ap-
pear distorted, partially hidden, or overlapped with other baggage contents. To improve
geometric adaptability under such conditions, deformable convolution-based frame-
works were introduced. Dai et al. [25] proposed Deformable Convolutional Networks
(DCN), which introduced learnable spatial offsets for adaptive feature sampling. Un-

3
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like standard convolution operations that use fixed receptive fields, deformable convo-
lution dynamically adjusts sampling locations according to object geometry, thereby
improving localization under geometric deformation and irregular object structures.
Wang et al. [37] further improved this concept through DCNv2, which enables flex-
ible off-grid sampling and enhances spatial adaptability to pose variations and irreg-
ular boundaries. Deformable convolution significantly improved feature alignment and
overlap handling in dense object detection tasks. Its success also motivated transformer-
based deformable attention architectures. Zhu et al. [16] proposed Deformable DETR,
which extends transformer-based object detection using sparse deformable attention
sampling. By focusing on informative multi-scale locations, Deformable DETR achieved
improved convergence rates and small-object detection accuracy compared with con-
ventional DETR models.

Recent research works further focused on improving structural representation and
contextual modeling for prohibited item detection. Ma et al. [17] proposed a feature
enhancement strategy integrating learnable Gabor filters, spatial attention mechanisms,
and global context-aware multi-scale aggregation for improving robustness under se-
vere overlap conditions. Their approach demonstrated that frequency-aware feature ex-
traction can significantly improve contour and texture representation in X-ray imagery.
Similarly, Zhu et al. [22] proposed FDTNet, a dual-stream transformer framework in-
corporating frequency-aware representations for capturing high-frequency edge and
contour information. The proposed frequency-domain learning strategy improved lo-
calization of thin and partially occluded prohibited objects. Li et al. [23] proposed
AO-DETR, an overlap-aware transformer framework designed specifically for heavily
overlapping prohibited item detection.

In addition, the framework introduced occlusion-sensitive attention mechanisms
and spatial separation strategies to improve localization accuracy in densely overlap-
ping settings. Yang et al. [40] proposed DML-Net, a dual-mode learning framework
that jointly learns shared and dataset-specific feature representations across multiple
datasets. This approach improved generalization capability in diverse X-ray imag-
ing environments. Li et al. [38] proposed GADet, which uses geometric constraints
and IoU-aware label assignment mechanisms to address severely overlapped prohib-
ited objects. Their method achieved promising localization improvements for heavily
overlapping prohibited objects. Chen et al. [39] used mix-paste augmentation strate-
gies to reduce the influence of noisy annotation data by simulating overlap through
mixed object patches. Wei et al. [41] introduced multi-task teacher-student knowledge
transfer strategies to improve hard-sample learning and prohibited item representation
capability. More recently, Wu et al. [43] introduced MSANet, which adopts triple-

3
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attention mechanisms with multi-scale contextual fusion. This framework improves
feature representation for occluded and scale-varied prohibited items, enabling better
detection of partially visible prohibited objects.

Although these methods have improved prohibited item detection performance,
several limitations remain unresolved. Many existing approaches still struggle to cap-
ture fine structural boundaries, contour-sensitive information, and frequency-domain
representations that are essential for detecting thin, partially occluded, and heavily
overlapping prohibited objects. Furthermore, transformer-based frameworks often in-
troduce high computational overhead and require large-scale training resources, mak-
ing practical deployment challenging.

These limitations highlight the need for efficient and robust feature representation
frameworks capable of jointly modeling edge-sensitive structures, frequency-aware
representations, adaptive geometric alignment, and multi-scale contextual information.
Motivated by these observations, this thesis proposes an Edge-Aware Deformable Fea-
ture Pyramid Network and a Frequency–Spatial Guided Deformable Fusion framework
for prohibited item detection in challenging X-ray security screening environments.17
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CHAPTER 3

DEVELOPMENT OF EDGE-AWARE
DEFORMABLE FEATURE PYRAMID

NETWORK

3.1 Introduction

Object detection has become extremely important in modern security systems for iden-
tifying dangerous materials such as weapons, explosives, and sharp objects. These
systems are widely used in airports, government organizations, transit points, and large
public gatherings. Although object detection has advanced significantly, recognizing
such objects under challenging conditions, such as occlusion, remains difficult. Oc-
clusion occurs when a target object is partially or fully hidden behind other items,
making it difficult for standard detectors to recognize. In practical scenarios, dan-
gerous items can be covered by clothing, electronics, or other objects inside crowded
baggage or tightly packed luggage. Such conditions can lead to missed detections and
serious security risks. X-ray images make this challenge even more difficult. In con-
trast to natural RGB images, X-ray scans lack rich texture and often contain cluttered
backgrounds, overlapping items, and visually similar categories. Due to largely fixed
receptive fields and rigid sampling patterns, standard detectors such as Faster R-CNN
proposed by Ren et al. [12], YOLO proposed by Redmon et al. [24], and RetinaNet
based on focal loss proposed by Lin et al. [28] often have difficulty delineating object
boundaries or discriminating overlapping objects in X-ray images. Researchers have
investigated X-ray-specific approaches such as transformer-based models, multiview
scanning, and attention-based refinement to address these challenges. Although these
methods provide considerable improvements, they still struggle in situations involving
severe occlusion or limited training data.

Early approaches on X-ray object recognition mainly depended on handcrafted

20

65

Page 22 of 58 - Integrity Submission

Page 22 of 58 - Integrity Submission

Submission ID trn:oid:::27535:140794838

Submission ID trn:oid:::27535:140794838



15

features and sparse representation techniques, however, these approaches were not ro-
bust enough for the complex scenarios of the real world. With the advent of deep
learning, CNN-based detectors like Faster R-CNN, YOLO and RetinaNet increased
detection accuracy to a large extent by learning hierarchical feature representations.
More recent studies have explored occlusion-aware and attention-driven strategies to
enhance prohibited item detection. For instance, Hassan et al. [7] introduced contour
proposal learning, while Wei et al. [8] proposed a de-occlusion attention module to im-
prove feature recovery under heavy occlusion. Zhao et al. [9] developed a label-aware
overlap handling mechanism to mitigate object interference. Additionally, Wang et
al. [21] proposed the material-aware cross-channel interaction network (MCIA-FPN)
to improve feature fusion for occluded prohibited item detection. Zhu et al. [22] in-
troduced a frequency-aware transformer architecture, namely FDTNet, for improved
contextual modeling in X-ray imagery. Jia et al. [34] explored ForkNet-based disen-
tanglement frameworks to separate overlapping objects in security scans. Li et al. [23]
proposed Anti-Overlapping DETR (AO-DETR) to address overlapping object detec-
tion in complex X-ray scenes. Despite their promising performance gains, many of
these approaches suffer from high computational cost, increased model complexity, or
limited boundary sensitivity under severe occlusion.

To improve detection under such circumstances, this study presents EDFPN (Edge-
Aware Deformable Feature Pyramid Network), a compact yet effective feature en-
hancement module. By using an edge-aware feature operator (EFO) and deformable
convolutions, EDFPN improves spatial flexibility and reinforces boundary informa-
tion. When combined, these elements produce richer multi-scale features that improve
detection performance in highly congested X-ray settings.

The primary contributions of this work are outlined below:

• This thesis proposes EDFPN (Edge-Aware Deformable Feature Pyramid Net-
work), a novel feature pyramid enhancement framework designed to improve
prohibited item detection in highly occluded X-ray imagery.

• This thesis introduces an Edge-Aware Feature Operator (EFO) that explic-
itly enhances boundary and contour information using gradient-based edge ex-
traction, improving localization of overlapping and low-contrast objects without
adding learnable parameters.

• To solve the above problem, this thesis integrates deformable convolution into
the feature pyramid, in order to achieve the effect of spatially adaptive recep-
tive fields, which will increase the geometric alignment and robustness of the
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network under severe occlusion.

• Extensive experiments are conducted on the dataset of the OPIXray benchmark
and prove that EDFPN is able to gain up to 83.2% of the mAP, performing better
in comparison with several state-of-the-art detectors that operate in the condi-
tions of occlusion.

3.2 Proposed Methodology

This section describes the methodology of EDFPN, which consists of three key com-
ponents: an edge-aware feature operator for enhancing boundary information, de-
formable convolutions for spatially adaptive refinement, and an FPN-style neck for
multi-scale feature fusion. It also outlines the loss functions used in the detection
head, namely Quality Focal Loss, Distribution Focal Loss, and GIoU Loss. The over-
all architecture of the proposed EDFPN framework is illustrated in Fig. 3.1.

Figure 3.1: Architecture flowchart of the proposed EDFPN framework. The input im-
age is processed through the backbone, edge-aware feature operator (EFO), deformable
convolution modules, feature pyramid network (FPN), and detection head.

3.2.1 Enhanced-Deformable Feature Pyramid Network

In this work, the EDFPN module is introduced as a neck network to enhance multi-
scale feature representation. As shown in Fig. 3.2, EDFPN comprises three com-
ponents: an Edge-Aware Feature Operator for extracting boundary information, de-
formable convolutions for improving geometric adaptability, and a top-down FPN-
style fusion for generating semantically consistent multi-scale features. The refined
features are merged through lateral and output convolutions, while an additional max-
pooling layer extends the pyramid for deeper detection. The following sections briefly
explain each component of EDFPN.
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Figure 3.2: Overview of the EDFPN architecture.

3.2.2 Edge-Aware Feature Operator(EFO)

This module enhances spatial features by explicitly extracting edge information, which
is crucial for identifying the boundaries of prohibited items in X-ray images. As
boundary cues are usually blurred in semantically interesting objects by overlapping
objects and low-contrast materials, a gradient-based operator is developed to deliver
on-demand boundary information.

Given an input feature map, F ∈ RC×H×W in the form of a matrix, a fixed 1 × 1

convolution then makes a grayscale projection:

2
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Fgray =
1

C

C∑
c=1

Fc. (3.1)

The spatial gradients are then calculated via predetermined Sobel filters: Gx = Sx ∗
Fgray, Gy = Sy ∗ Fgray, and the edge magnitude derived as:

Fedge =
√
G2
x +G2

y + ϵ (3.2)

The resultant edge map is then added to the original feature map by channel concatena-
tion, Fout = Concat(F, Fedge). Since this operation introduces no additional learnable
parameters, it offers a simple way to reinforce boundary information. As a result, the
network gains clearer structural cues, which helps in locating thin, overlapping, or
partially hidden objects commonly seen in X-ray imagery.

3.2.3 Deformable Convolution Network

To enhance spatial adaptability, EDFPN applies deformable After edge enhancement,
EDFPN applies deformable convolutions to the Sobel-augmented features. In contrast
to standard convolutions that rely on fixed sampling locations, deformable convolu-
tions learn spatial offsets, allowing the network to adjust its sampling pattern and bet-
ter handle irregular shapes, occlusion, and other variations commonly seen in X-ray
images.

Let the combined feature map be represented by F ′ = Concat(F, Fedge). For every
spatial position p, the deformable convolution gathers data using learned offsets. ∆pk:

Fd(p) =
K∑
k=1

wk F
′(p+ pk +∆pk) (3.3)

where wk are the convolution weights and pk are the standard kernel offsets. This tech-
nique helps the network focus on physically important regions, such as metal bound-
aries or overlapping object edges.

To preserve the integrity of the refined features with the backbone’s semantic struc-
ture, each level Cl is added back to the deformable output following a 1×1 projection:
D̂l = Dl+Proj(Cl) ensures that the updated features preserve high-level context while
enhancing spatial detail.
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3.2.4 Neck

After deformable refinement, EDFPN incorporates multi-scale features using an FPN-
style structure. Let {F1, F2, . . . , FL} represent the feature maps from different back-
bone levels. First, each feature is projected to a single channel dimension using
a 1 × 1 convolution: F̂l = Conv1×1(Fl), l = 1, . . . , L A top-down process is
then used to upsample and integrate higher-level features with lower-level features:
Gl = F̂l + Up(F̂l+1), l = L − 1, . . . , 1, where Up(·) denotes 2× upsampling. This
method helps detect thin or small objects by adding stronger semantic information
to the bottom layers. Each merged feature is then subjected to a 3 × 3 convolution.
Pl = Conv3×3(Gl), l = 1, . . . , L

To extend the hierarchy, a max-pooling layer generates an additional deeper fea-
ture, PL+1 = MaxPool(PL),. The multi-scale set {P1, P2, . . . , PL+1} is the result of
this. This structure enhances the detector’s effectiveness across a variety of item sizes
and in busy or obstructed environments by fusing high-level context with spatial infor-
mation.

3.2.5 Head: Generalized Focal Loss

The Generalized Focal Loss (GFL) head, which simultaneously learns localization and
classification, is used by the model. GFL uses Quality Focal Loss (QFL) to integrate
the localization quality into the classification step rather than handling these tasks in-
dependently. The IoU score q ∈ [0, 1] serves as a continuous monitoring signal in this
case:

LQFL = −|pt − q|β log(pt). (3.4)

Distribution Focal Loss (DFL) and the GIoU loss are combined by GFL for regres-
sion. Every coordinate is represented by DFL as a probability distribution across K
bins:

LDFL =
K∑
i=1

SoftLabel(x, i) log(pi), (3.5)

while GIoU provides a more informative penalty when predicted and ground-truth
boxes do not overlap:

LGIoU = 1−
(

IoU − |C \ (A ∪B)|
|C|

)
. (3.6)

Together, these losses help the model generate better-calibrated confidence scores
and more accurate bounding boxes, which is particularly useful for detecting small,

66

Page 27 of 58 - Integrity Submission

Page 27 of 58 - Integrity Submission

Submission ID trn:oid:::27535:140794838

Submission ID trn:oid:::27535:140794838



20

crowded, or overlapping objects in X-ray imagery.

3.3 Experimental Setup

3.3.1 Dataset

A widely used dataset to assess the detection performance of prohibited object recog-
nition on dual-energy X-ray images is OPIXray [8]. This data collection is designed
to mimic actual security screening scenarios where objects may be hidden within clut-
tered bags, heavily occluded, or overlapping with other items. In total, the OPIXray
data set contains 7,109 images for training purposes and 1,776 images for testing that
concentrate on five classes of bladed objects: utility knife, multi-tool knife, scissors,
folding knife, and straight knife.

3.3.2 Implementation Details

All experiments were conducted on an Ubuntu system using Python 3.8.20 and a sin-
gle NVIDIA RTX A5000 GPU with CUDA 11.8 and cuDNN 9.1. The models were
trained using MMEngine 0.10.7 and implemented in PyTorch 2.4.1 using TorchVision
0.19.1. Data preparation was handled by OpenCV 4.10.0, while CPU activities were
accelerated by using Intel MKL with OpenMP. For reproducibility, training was con-
ducted in a non-distributed setting with fixed random seeds and cudnn benchmark

deactivated. This arrangement provides a dependable balance between accuracy and
efficiency.

3.3.3 Evaluation criteria

The spatial agreement between predicted and ground-truth boxes is ignored by tra-
ditional metrics such as classification accuracy, making them insufficient for object
detection. As a result, mean Average Precision (mAP) is frequently used to assess the
accuracy of a forecast using Intersection over Union (IoU).

True positives (TP), false positives (FP), and false negatives (FN) are the three cate-
gories of detections based on IoU. The definition of precision and recall is: Precision =
TP

TP+FP
, Recall = TP

TP+FN
. The area under the Precision–Recall curve is used to calcu-

late AP for each class: AP =
∫ 1

0
P (R) dR. The mean Average Precision is:

mAP =
1

C

C∑
i=1

APi. (3.7)
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Thus, mAP provides a more comprehensive evaluation than accuracy, as it reflects
both classification reliability and localization quality across all object categories.

Table 3.1: Comparison with SOTA detectors on OPIXray [8] using VOC metrics. FK,
SK, Sc, UK, and MK are stands for folding knife, straight knife, scissor, utility knife,
and multitool knife, respectively.

Models Ref. Para-
meter
(M)

G-
FLOPs

mAP FK SK Sc UK MK

FasterR-CNN
(TPAMI’17)

[12] 41.19 20.36 70.9 75.1 45.8 88.4 67.7 77.3

RetinaNet
(ICCV’17)

[28] 38 239 70.9 77.1 36.1 94.6 64.6 82.2

CascadeR-CNN
(CVPR’18)

[15] 68.97 22.37 72.8 75.7 50.0 89.4 70.0 79.0

GFLv1
(NeurIPS’20)

[19] 50.70 28.51 75.6 80.0 53.6 89.3 71.7 83.4

SparseR-CNN
(CVPR’21)

[26] 106 278 81.8 87.7 64.3 89.3 79.9 87.9

DINO(ICLR’23) [20] 58.38 26.89 78.2 83.2 58.8 89.4 72.7 86.7
DOAM(ACM
MM’20)

[9] 90.79 - 82.41 86.7 68.5 90.2 78.8 87.6

MCIA-FPN
(TVC’23)

[21] - - 82.5 89.0 74.4 89.9 86.1 89.7

FDTNet
(EAAI’24)

[22] 66.17 - 82.0 87.9 60.2 96.1 78.9 87.1

AO-DETR(R)
(TNNLS’25)

[23] 58.38 26.89 79.2 83.8 60.5 90.1 74.7 87.1

AO-DETR(S)
(TNNLS’25)

[23] 229.0 156 80.8 84.8 63.0 90.1 77.7 88.4

Proposed Model - 45.91 44.25 83.2 88.5 66.9 90.3 82.6 87.7

3.4 Experimental Results and Discussion

3.4.1 Quantitative Results

The proposed EDFPN achieves 83.2% mAP on the OPIXray dataset, outperforming
multiple state-of-the-art detectors including Faster R-CNN, RetinaNet, Sparse R-CNN,
DINO, and AO-DETR, as shown in Table 3.1. The improvement demonstrates the ef-
fectiveness of combining edge-aware boundary enhancement with deformable feature
alignment, which strengthens detection of partially occluded and overlapping prohib-
ited items.
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EDFPN demonstrates significant improvement on the detection of folding knives
(88.5%), utility knives (82.6%), and scissors (90.3%), which shows better boundary
localization and resistance to noise in baggage with clutter. EDFPN is efficient as it
provides similar accuracy to AO-DETR(S) and has lower computational overhead.

Figure 3.3: Epoch-wise loss curves showing the decrease in total loss, classification
loss, and bounding-box loss.

This can be seen in Figure 3.3 where all loss elements have been decreasing steadily,
which shows consistent optimization and increasingly improved feature weighting.
Overall, the results confirm that EDFPN significantly improves multi-scale represen-
tation quality and enhances the robustness of automated X-ray security inspection sys-
tems.

3.4.2 Ablation Study

An ablation study was performed on the OPIXray dataset to assess the contribution of
each component, as indicated in Table 3.2. 79.9% mAP was attained by the baseline
model. Performance was greatly enhanced to 81.0% by adding deformable convo-
lution, demonstrating the advantage of variable spatial sampling. Accuracy goes to
80.4% when the EFO module was included, suggesting that explicit edge-based aug-
mentation yields comparable benefits. The best result of 83.2% was obtained by the
entire EDFPN architecture, demonstrating that the greatest significant improvement is
obtained when deformable feature extraction and optimal fusion are combined. Over-
all, each part makes a significant contribution; the biggest increases in accuracy are
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provided by deformable convolution and the whole EDFPN.

Table 3.2: Ablation results on the OPIXray dataset showing model component contri-
butions.

Model Variant mAP (%)
baseline 79.9
+ Deformable Convolution 81.0
+ EFO 80.4
+ EDFPN(full model) 83.2

3.4.3 Computational Complexity Analysis

Although additional feature enhancement operations are introduced, the proposed EDFPN
framework remains computationally efficient. The edge-aware module introduces neg-
ligible computational overhead because it utilizes fixed Sobel filters without trainable
parameters The deformable convolution operations improve feature adaptability while
maintaining practical inference speed suitable for real-time security screening systems.

3.5 Conclusion

This chapter presented the proposed Edge-Aware Deformable Feature Pyramid Net-
work (EDFPN) for prohibited item detection in heavily occluded X-ray imagery.The
proposed framework integrates edge-aware feature enhancement, deformable convolution-
based geometric refinement, and multi-scale feature pyramid fusion for improving
structural representation and localization accuracy. Experimental results on the OPIXray
dataset demonstrate that the proposed EDFPN framework achieves superior perfor-
mance compared to several existing state-of-the-art methods.

The next chapter presents the proposed Frequency–Spatial Guided Deformable
Fusion framework for further improving prohibited item detection using frequency-
domain representation learning and spatial-frequency interaction mechanisms.
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CHAPTER 4

DEVELOPMENT OF FREQUENCY–SPATIAL
GUIDED DEFORMABLE FUSION

NETWORK

4.1 Introduction

Automated prohibited item detection using X-ray security imagery has become an
important research problem in intelligent surveillance systems. Despite significant
progress in deep learning-based object detection, identifying prohibited items in X-ray
baggage scans remains highly challenging due to severe object overlap, low contrast,
geometric distortion, and cluttered backgrounds.

Traditional convolution-based detectors mainly focus on spatial representations
while often ignoring important frequency-domain characteristics. However, X-ray im-
agery contains significant structural and texture information that can be effectively
represented in the frequency domain. Fine-grained patterns such as metallic edges,
contours, and directional textures are often more distinguishable in frequency-space
representations than in purely spatial feature maps.

Furthermore, conventional convolution operations rely on fixed receptive fields,
limiting their ability to adapt to irregular object geometries and varying object orienta-
tions commonly present in baggage scans. Although transformer-based methods pro-
vide strong global contextual modeling, they introduce high computational overhead
and are difficult to deploy in real-time security systems.

To address these limitations, this chapter presents a Frequency–Spatial Guided De-
formable Fusion Network for prohibited item detection in X-ray imagery. The pro-
posed framework jointly exploits frequency-domain and spatial-domain representa-
tions while integrating deformable geometric adaptation for improved multi-scale fea-
ture learning.

3
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The proposed framework introduces three key components:

• Frequency–Spatial Guided Deformable Convolution Block (FSG-DCN)

• Balanced Channel Bottleneck (BCB)

• Tri-path Frequency–Spatial Modulation (TriFSM)

These components are integrated within a deformable depthwise separable feature
pyramid network to improve structural representation, channel selectivity, and overlap-
aware detection capability.

The proposed framework is evaluated on benchmark X-ray datasets including PIDray,
OPIXray, and HiXray and demonstrates improved detection accuracy and real-time
performance.

4.2 Proposed Methodology

This section presents the proposed Frequency-Spatial Guided Deformable Fusion Net-
work, which enhances multi-scale features for prohibited item detection in X-ray im-
ages. The proposed method overcomes three challenges in X-ray baggage analy-
sis: (i) poor edge contrast between metallic and organic materials, (ii) shape de-
formations and occlusions due to object overlap, and (iii) the inability of conven-
tional feature pyramid networks to capture fine frequency-based cues. In general,
the design of the model adopts CSPNet network structure along with three important
modules, namely, Frequency-Spatial Guided Deformable Convolution Block (FSG-
DCN), Balanced Channel Bottleneck (BCB), and Tri-Path Frequency-Spatial Modula-
tion (TriFSM). The integration of these modules happens before deformable depthwise-
separable feature pyramid to enhance performance.

The CSPNet backbone generates hierarchical features (C3, C4, and C5) based on
the input X-ray image. Each feature map undergoes further refinement through the
proposed TriFSM module, which performs operations on the feature maps using the
parallel FSG-DCN and BCB modules. FSG-DCN increases the importance of struc-
ture and texture-based cues in the images using fixed and learnable Gabor filters along
with depthwise deformable convolutions, whereas BCB focuses on channel-based in-
formation. The two results are combined using a residual connection, which allows
the model to perform multiplicative modulation and identify salient patterns in the
frequency-spatial domain, particularly those containing overlapping or occluded ob-
jects. These multi-scale features are then processed using a revised FPN architecture,

4
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Figure 4.1: Overall architecture for detecting prohibited items.

wherein normal convolutions are replaced with depthwise separable deformable con-
volutions. The final set of features is then sent to the detection head for classification
and localization tasks, as shown in Fig. 4.1.

4.2.1 Frequency-Spatial Guided Deformable Convolution Block (FSG-DCN)

FSG-DCN enhances feature representations by jointly modeling frequency-domain
structure and spatial adaptivity, both of which are essential for robust prohibited-item
detection. Since X-ray scans often contain overlapping objects, irregular shapes, and
material-dependent absorption patterns, a standard convolution is insufficient to cap-
ture these complex variations. The FSG-DCN therefore integrates two complementary
components: a learnable frequency-adaptive path and a fixed-prior frequency path,
followed by deformable convolution to improve spatial flexibility, as given in Figure
4.2.

Let F ∈ RC×H×W denote the input feature. The first transformation extracts
frequency-aware features using a learnable Gabor kernel. A two-dimensional Gabor
kernel with trainable parameters is expressed as:

Gθ,σ,λ,ψ(x, y) = exp

(
−x

2
θ + y2θ
2σ2

)
cos

(
2π

λ
xθ + ψ

)
, (4.1)

where xθ = x cos θ + y sin θ,and yθ = −x sin θ + y cos θ. The parameters (θ, σ, λ, ψ)
are learned during training, allowing the kernel to adapt to the frequency characteristics
of metallic edges and material textures in X-ray images. Applying the generated kernel
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Figure 4.2: Architecture of the proposed Frequency-Spatial Guided Deformable Con-
volutional Network (FSGDCN).

extracts the learnable Gabor feature:

F learn
g = Gθ,σ,λ,ψ ∗ F (4.2)

This operation highlights directional textures and frequency components that are often
indicative of prohibited metallic objects. To refine these features, a channel-attention
mechanism further evaluates the importance of each frequency channel. The channel-
attention operator refinement is expressed as:

Fca = CA(F learn
g ) (4.3)

It selectively enhances informative frequency channels. The refined frequency rep-
resentation is processed by a depthwise deformable convolution. For a spatial location
p, the deformable convolution is expressed as:

Fd(p) =
K∑
k=1

wk Fca(p+ pk +∆pk) (4.4)

where wk denotes depthwise convolution weights, pk is a predefined offset, and ∆pk

is a learned offset. Unlike standard deformable convolution that learns offsets from
spatial activations alone, the proposed method applies deformation after frequency en-
hancement. Consequently, the learned offsets are implicitly conditioned on orientation-
sensitive and high-frequency structural cues, which improves alignment with thin metal-
lic edges and partially occluded boundaries in overlapped X-ray images. A standard
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convolution consolidates this representation:

A = Conv(Fd). (4.5)

A parallel branch incorporates fixed Gabor filters, which provide stable and orientation-
selective frequency priors. A predefined filter set Gfixed estimates:

F fixed
g = Gfixed ∗ F, (4.6)

It is followed by a projection convolution:

B = Conv(F fixed
g ). (4.7)

Finally, the outputs of the learnable and fixed frequency paths are concatenated as:

FFSG = Concat(A,B). (4.8)

In the proposed work, deformable convolution is applied after the frequency en-
hancement stage, allowing the learned sampling offsets to be implicitly conditioned
on orientation-sensitive high-frequency cues. This design encourages the deformable
kernels to adapt their receptive fields according to edge-dominant structures that fre-
quently appear in X-ray imagery, such as thin metallic objects and partially occluded
boundaries. Consequently, the deformable sampling process becomes guided by frequency-
aware representations rather than operating solely on spatial feature maps.

4.2.2 Balanced Channel Bottleneck (BCB)

BCB is a channel-analysis module that produces a stable and interpretable channel–weight
distribution. Unlike conventional attention mechanisms, which typically recalibrate
features by directly multiplying the input with learned weights, the BCB in the pro-
posed framework generates a softmax-normalized channel descriptor that is subse-
quently utilized within the TriFSM module. This formulation ensures that subtle yet in-
formative variations in the feature representation are preserved rather than suppressed.

The BCB employs two pointwise convolutions arranged in a bottleneck structure
to efficiently capture inter-channel dependencies. To obtain a compact latent represen-
tation, the input feature F is first passed through a 1 × 1 convolution that reduces its
channel dimensionality by a factor of four:

Fr = ReLU(BN(Conv1×1(F ;C/4))) . (4.9)

34
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This reduction enables the model to capture meaningful cross-channel interactions
with minimal computational overhead, which is particularly important for identifying
low-contrast and fine-grained structures in X-ray images. The reduced feature is then
projected back to the original dimensionality using another pointwise convolution:

Fe = BN(Conv1×1(Fr;C)) . (4.10)

This operation restores the channel capacity while retaining the salient relational in-
formation encoded in the compressed representation. BCB adopts a softmax operation
across the channel dimension:

Mc,h,w =
exp(Fe,c,h,w)∑C
j=1 exp(Fe,j,h,w)

, c = 1, . . . , C. (4.11)

This formulation naturally enforces a competitive interaction among channels, yield-
ing a probability-like distribution. The resulting weight vector M encodes spatially
varying channel relevance, allowing the network to assign distinct importance to dif-
ferent channels at each pixel. This is particularly useful in X-ray images where the
appearance and prominence of prohibited items may vary significantly across spatial
regions.

The BCB provides a robust mechanism for computing spatially distributed channel-
importance maps without directly altering the original feature representation. The bal-
anced channel distribution produced by the softmax operation enhances interpretabil-
ity, prevents channel dominance, and enables the TriFSM module to perform more in-
formed frequency–spatial fusion. This design proves advantageous for X-ray security
applications, where small, overlapping, and low-contrast object signatures necessitate
fine-grained spatial and channel-level discrimination.

4.2.3 Tri-Path Frequency-Spatial Modulation (TriFSM)

The Tri-Path Frequency-Spatial Modulation (TriFSM) block serves as the fusion unit
by combining three complementary sources of information: frequency response, spa-
tial adaptation, and spatially distributed channel importance. As shown in Figure 4.3,
this design is particularly important for X-ray prohibited item detection because ob-
jects often appear overlapped, rotated, or partially transparent.

Given a backbone feature map F, the TriFSM module generates an enhanced output
through the coordination of three parallel transformations. The first path propagates the

43
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Figure 4.3: Structure of the TriFSM module.

backbone feature through the FSG-DCN:

FFSG = FSG-DCN(F ) (4.12)

FFSG incorporates frequency responses derived from both learnable and fixed Gabor
filters, with spatially flexible receptive fields. Consequently, FFSG encodes boundary
cues, fine edges, metallic textures, and other discriminative components that are char-
acteristic of X-ray scanned contraband.

In the second path, the backbone feature is processed by the Balanced Channel
Bottleneck, which produces a spatially distributed channel-weighting map:

M = BCB(F ). (4.13)

Unlike conventional channel-attention mechanisms that assign global weights, the spa-
tial softmax-driven formulation ensures that channel importance is evaluated at each
pixel. This enables the network to highlight discriminative channels differently across
complex spatial regions, which is crucial for identifying partially occluded or thin
metallic structures. The weighting map is then used to modulate the FSG-DCN output
as:

FB = FFSG ⊙M. (4.14)

where · represents element-wise multiplication. This operation helps the module to
adaptively emphasize relevant frequency–spatial patterns.

The third path refines the structural alignment between the input feature and the
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modulated response. The backbone features are processed as:

Fp = Conv1×1(F ), (4.15)

It projects the feature into a refined channel space that is better aligned with the
frequency-spatial representation. The projected feature is then multiplied with the
modulated representation from the first two paths:

Fmod = Fp ⊙ FB. (4.16)

To ensure that the enhanced representation preserves the semantic information of
the backbone feature, a residual connection is employed:

Fout = F + Fmod. (4.17)

This residual formulation stabilizes training and maintains the integrity of high-level
semantic cues while injecting enriched frequency-spatial information.

TriFSM does not replace feature pyramid fusion; instead, it refines backbone fea-
tures before pyramid construction. In particular, the module operates on frequency-
enhanced representations, allowing spatial attention and channel interactions to be con-
ditioned on orientation-sensitive high-frequency cues. The multiplicative interaction
differs from the additive aggregation typically used in FPNs: it selectively reinforces
feature responses that are jointly supported by frequency-enhanced structures and spa-
tially distributed channel relevance, while suppressing inconsistent activations arising
from overlapping materials and clutter. The residual connection ensures semantic sta-
bility and maintains compatibility with subsequent DDFPN aggregation.

4.2.4 Depthwise-Deformable Feature Pyramid Network (DDFPN)

The DDFPN works as a multi-scale fusion and pyramid processing mechanism within
the proposed framework. Traditional feature pyramids predominantly rely on fixed-
grid convolutions and, consequently, struggle to adapt to severe geometric distortions,
irregular orientations, and heavy occlusion. To address this limitation, DDFPN inte-
grates deformable sampling with computationally efficient depthwise separable con-
volution, enabling the network to model both geometric variability and fine structural
cues with minimal overhead.

Let F̂3, F̂4, and F̂5 be refined TriFSM feature maps. The goal of the DDFPN is to
produce a set of enhanced multi-scale features (P3, P4, P5) that are a deformable and
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spatially aligned version of F̂i enriched with semantic information from higher levels.
Given a feature map F̂i, deformable depthwise convolution is applied to increase geo-
metric flexibility by learning spatial offsets for each sampling location. Formally, for
a spatial position p, the operation is expressed as

F dd
i (p) =

K∑
k=1

wk F̂i
(
p+ pk +∆pk

)
, (4.18)

where wk denotes the depthwise convolution weight, pk represents the predefined ker-
nel offset, and ∆pk is the learnable deformation offset. A subsequent 1×1 pointwise
convolution captures cross-channel interactions in a computationally efficient manner.
This formulation enables the convolutional kernel to adapt to distorted object bound-
aries and irregular spatial arrangements, which is essential for robust X-ray feature
extraction.

The DDFPN follows a top-down pathway that progressively propagates high-level
semantic information to lower-resolution features. Starting with the highest-level fea-
ture:

P5 = DDConv(F̂5). (4.19)

For the remaining levels, the fusion is carried out by upsampling the previous pyra-
mid output and aligning it with the corresponding feature using deformable depthwise
convolution:

Ui = Upsample(Pi+1), (4.20)

F̃i = DDConv(F̂i), (4.21)

Pi = F̃i + Ui, (4.22)

for i ∈ {3, 4}. This process ensures that each lower-level feature receives semantically
rich information from higher levels while simultaneously benefiting from localized
spatial adaptation enabled by deformable sampling. The additive fusion also preserves
the structural details inherent in each resolution level.

The DDFPN provides several advantages for X-ray images. First, the deformable
offsets enable the feature pyramid to adapt to irregular and overlapped shapes. Sec-
ond, the depthwise separable design significantly reduces computational cost while re-
taining representational capacity. Third, top-down fusion enhances the consistency of
semantic cues across scales. Consequently, the DDFPN forms an essential component
of the proposed architecture by delivering spatially flexible and multi-scale enriched
features to the detection head.
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Table 4.1: Benchmark datasets of prohibited item detection.

Dataset Train/Test Classes Class Names
OPIXray[8] 7,019 / 1,776 5 “Folding Knife, Straight

Knife, Scissor, Utility Knife,
Multi-tool Knife”

HiXray[11] 36,295 / 9,069 8 “Portable Charger 1, Portable
Charger 2, Water, Laptop,
Mobile Phone, Tablet, Cos-
metic, Nonmetallic Lighter”

PIDray[10] 29,457 / 18,220 12 “Gun, Knife, Wrench, Pli-
ers, Scissors, Hammer, Hand-
cuffs, Baton, Sprayer, Power
Bank, Lighter, Bullet”

4.3 Experimental Setup

4.3.1 Datasets

The proposed method was evaluated on three benchmark X-ray datasets [10], [8], [11]
commonly used for prohibited-item detection. These datasets simulate real-world sce-
narios in public security settings such as airports and subways, where items are of-
ten occluded, overlapped, or concealed within baggage. A consolidated summary of
dataset statistics is provided in Table 4.1.

The PIDray[10] dataset is one of the largest and most diverse datasets for prohib-
ited item detection in real-world X-ray images. It contains 47,677 annotated images
of 12 categories, including guns, knives, hammers, and electronic devices such as bat-
teries. The dataset includes various forms of occlusion and cluttered backgrounds and
provides clear instance-level annotations for each object.

The OPIXray[8] dataset is designed specifically for object detection under occlu-
sion, especially for knives, which are commonly carried and easily hidden. It consists
of five different kinds of bladed items: utility knives, multi-tool knives, scissors, fold-
ing knives, and straight knives. To improve the robustness of detection algorithms, the
dataset offers 1776 testing images and 7109 training photos with different levels of
background and occlusion complexity.

Lastly, the HIXray dataset [11] introduces a hierarchical structure for item detec-
tion. It contains annotations not only at the object level but also at the part level,
enabling more fine-grained detection and classification. HIXray supports multi-level
labeling for complex composite items and includes a wide range of daily-use and po-
tentially dangerous objects.
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4.3.2 Implementation Details

Table 4.2: Training hyperparameters used for proposed method.

Parameter Value
Input resolution 640× 640
Batch size 16
Optimizer Stochastic Gradient Descent
Base learning rate 0.01
LR schedule Quadratic warm-up (5 epochs) + Cosine annealing

(up to 45 epochs) + Constant (final 20 epochs)
Total epochs 70
Loss functions Cross-Entropy (cls/obj), IoU loss (bbox), L1 loss

(refinement)
Data augmentation Mosaic, MixUp, RandomAffine, HSV adjustment,

RandomFlip

4.4 Experimental Results

4.4.1 Quantitative Analysis

Comparison on OPIXray

Table 4.3 shows the results on the OPIXray dataset using the VOC metric. OPIXray
dataset is particularly challenging as it focuses on five knife-related categories under
various degrees of occlusion and clutter.

From Table 4.3, it can be observed that the proposed method achieves an mAP
of 86.8%, which surpasses both classical detectors and transformer-based approaches.
Compared with YOLOX-s (83.6% mAP), the proposed method obtains an absolute
gain of 3.2 percentage points. The performance margin of proposed method com-
pared to AO-DETR(S) [23] (80.8% mAP) and DINO [20] (78.2% mAP) is large.
YOLOv8 [46] achieves 84.1% mAP, while the proposed method further improves it to
86.8% with significantly fewer parameters and FLOPs. Specifically, YOLOv8 requires
11.2M parameters and 28.6 GFLOPs, whereas the proposed network uses only 10.0M
parameters and 21.1 GFLOPs. This shows that the proposed method outperforms exist-
ing methods without incurring a high computational cost, making the proposed method
more suitable for real-time systems.

The proposed method consistently achieves the highest or near-highest AP across
all categories. For folding knife (FK), the proposed method obtains 89.3% AP, which
is slightly higher than MCIA-FPN [21] (89.0%) and DOAM [9] (86.7%). For straight
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Table 4.3: Comparison with SOTA detectors on OPIXray [8]. FK, SK, Sc, UK, and
MK denote folding knife, straight knife, scissor, utility knife, and multitool knife, re-
spectively. A dash indicates unavailable data.

Models Ref. Parameter (M) GFLOPs mAP FK SK Sc UK MK
Faster R-CNN [12] 41.19 20.36 70.9 75.1 45.8 88.4 67.7 77.3
RetinaNet [28] 38 239 70.9 77.1 36.1 94.6 64.6 82.2
Mask R-CNN [27] 41.42 20.36 74.7 77.9 51.4 89.5 69.4 85.5
Cascade R-CNN [15] 68.97 22.37 72.8 75.7 50.0 89.4 70.0 79.0
ATSS [18] 51.14 27.82 67.5 72.8 38.0 88.6 58.0 80.2
GFL [19] 50.70 28.51 75.6 80.0 53.6 89.3 71.7 83.4
Sparse R-CNN [26] 106 278 81.8 87.7 64.3 89.3 79.9 87.9
Deformable DETR [16] 52.14 13.47 63.4 70.1 29.0 86.0 55.7 76.4
DINO [20] 58.38 26.89 78.2 83.2 58.8 89.4 72.7 86.7
DOAM [9] 90.79 - 82.4 86.7 68.5 90.2 78.8 87.6
MCIA-FPN [21] - - 82.5 89.0 74.4 89.9 86.1 89.7
FDTNet [22] 66.17 - 82.0 87.9 60.2 96.1 78.9 87.1
AO-DETR(R) [23] 58.38 26.89 79.2 83.8 60.5 90.1 74.7 87.1
AO-DETR(S) [23] 229.0 156 80.8 84.8 63.0 90.1 77.7 88.4
RT-DETR(S) [42] 42.81 17.07 61.8 61.1 26.0 88.6 56.4 76.8
GADet-S [38] 8.94 3.33 69.6 72.6 43.6 86.6 67.5 77.5
GADet-L [38] 54.16 19.4 77.7 81.8 54.0 89.8 75.7 85.2
GADet-X [38] 99.01 35.2 78.1 83.1 56.3 89.8 75.7 85.5
Mix-Paste + LLS [39] - - 83.7 - - - - -
DML-Net [40] 36.20 - 52.7 38.1 42.7 54.7 38.9 35.9
YOLOv5-s [44] 7.2 16.5 83.6 88.4 69.9 90.4 80.1 89.1
YOLOv6-s [45] 18.5 45.3 84.9 88.8 76.6 90.4 80.8 88.2
YOLOv7-tiny [36] 6.2 13.8 77.9 88.1 51.1 89.6 73.2 87.2
YOLOv8-s [46] 11.2 28.6 84.1 87.3 73.5 90.3 80.7 88.5
YOLOX-s [13] 9.0 26.8 83.6 86.3 73.5 89.7 80.1 88.6
Proposed Model - 10.0 21.1 86.8 89.3 77.4 90.5 87.2 89.6

knife (SK) category, the proposed method achieves 77.4%, which is comparably higher
than DOAM (68.5%) and MCIA-FPN (74.4%). Similarly, for utility knife (UK) and
multitool knife (MK), the proposed model achieves 87.2% and 89.6% AP, respectively,
outperforming DOAM (78.8% and 87.6%) and FDTNet [22] (78.9% and 87.1%).
These improvements clearly indicate that the proposed method is particularly effec-
tive in distinguishing blade-like structures under severe occlusion and clutter.

Comparison on HiXray

The results on the HiXray dataset are given in Table 4.4. This dataset contains eight cat-
egories, many of which correspond to benign daily objects (e.g., laptops, tablets, mo-
bile phones, cosmetic items) that are still relevant in security screening contexts. The
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Table 4.4: Evaluation of the proposed framework on the HiXray [11] dataset using
VOC metrics.

Model mAP
Faster RCNN [12] 72.6
Cascade RCNN [15] 72.4
FCOS [14] 75.7
GFL [19] 70.3
DOAM [9] 76.2
LIM [11] 77.3
AO-DETR [23] 75.8
MSANet [43] 71.5
YOLOX [13] 77.4
Ours 78.5

proposed method achieves mAP of 78.5%, outperforming Faster R-CNN (72.6%), Cas-
cade R-CNN (72.4%), and FCOS (75.7%). Compared to the X-ray specific DOAM [9]
(76.2%) and the LIM framework [11] (77.3%), the proposed method yields improve-
ments of 2.3% and 1.2% percentage points, respectively. YOLOX achieves 77.4%, and
the proposed method further improves it by 1.1 percentage points. Although the abso-
lute gain on HiXray is relatively modest compared to OPIXray, it is important to note
that HiXray includes a mixture of metallic and non-metallic objects with less extreme
occlusion patterns. In such a scenario, many modern detectors already perform rea-
sonably well, and further improvements are non-trivial. The consistent gain indicates
that the proposed method not only handles highly occluded knife-like objects but also
generalize to a broader set of everyday items, confirming the robustness and versatility
of the proposed design.

Comparison on PIDray and occlusion-level

Table 4.5 presents the results on PIDray dataset using COCO-metric, in three diffi-
culty levels (Easy, Hard, Hidden) and overall performance. This dataset is closer to
real-world baggage inspection in terms of scene complexity and occlusion, and is an
important benchmark for evaluating practical deployment feasibility.

Faster R-CNN, RetinaNet, and FCOS achieve overall mAP scores in the range of
50-55%. Cascade R-CNN and CascadeMask R-CNN further improve the overall mAP
to 60.0% and 61.0%, respectively. SDANet [10], which is specifically designed for the
PIDray dataset, achieved an overall mAP of 61.6%. YOLOX-s achieves 61.3%, with
70.2%, 63.3%, and 50.5% mAP in the Easy, Hard, and Hidden subsets, respectively.
In contrast, the proposed method achieves an overall mAP of 65.0%, representing an
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Table 4.5: Evaluation of the proposed framework on the PIDray [10] dataset using
COCO metrics.

Model Easy Hard Hidden Overall
FCOS [14] 61.8 51.7 37.5 50.3
RetinaNet [28] 61.8 52.2 40.6 51.5
Faster RCNN [12] 63.3 57.2 42.1 54.2
Libra RCNN [35] 64.7 58.8 42.9 55.5
Mask RCNN[27] 64.7 59.0 43.8 55.8
SSD [33] 68.1 58.9 45.7 57.6
Cascade RCNN [15] 69.3 62.8 48.0 60.0
Cascade Mask RCNN [15] 70.9 64.0 48.0 61.0
Deformable DETR [16] 72.1 65.7 46.2 61.3
SDANet [10] 71.2 64.2 49.5 61.6
YOLOX-s [13] 70.2 63.3 50.5 61.3
Ours 72.9 69.6 52.6 65.0

absolute improvement of 3.7% over YOLOX-s and 3.4% over SDANet. Analysing the
difficulty-wise performance, the results show that the proposed method improves the
mAP by 2.7%, and 6.3% on easy, hard and hidden subsets, respectively. On the most
challenging Hidden subset, which corresponds to heavily occluded items, the proposed
method improves mAP from 50.5% to 52.6%.

The relatively larger improvement on the Hard subset is particularly noteworthy.
It indicates that the proposed method is effective in handling overlapping objects and
complex baggage layouts. Even in the Hidden subset, where only small portions of
prohibited items may be visible, the model benefits from the enhanced edge and tex-
ture representations produced by FSG-DCN and the spatially adaptive modulation of
TriFSM. Overall, the results on PIDray clearly demonstrate superiority of the proposed
method.

4.4.2 Qualitative Analysis

Figure 4.4 shows the visual comparison of the proposed method with existing object
detection methods. All results used for visual comparison are inferred from the mod-
els trained on PIDray dataset. It can be observed from Figure 4.4 that the proposed
method detects majority of objects with few false positives. However, the results of
ATSS and YOLOX shows various false negatives which is not suitable for security
inspections. In first column, only the proposed method detects the overlapped object
whereas ATSS and YOLOX failed in detecting overlapped objects. Similarly, the re-
sults of the proposed method show the detection of majority of object where ATSS and

2
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Figure 4.4: Visual results of prohibited item detection on PIDRAY dataset [10]. Row 1:
Ground truth boxes; Row 2: Prediction using ATSS; Row 3: Prediction using YOLOX;
and Row 4: Prediction using proposed method.

YOLOX failed for few objects from column 2-4. In last column of Figure 4.4, it can
be observed that YOLOX and ATSS failed in detecting the object which is wrapped
with wire to intentionally hide the object. The proposed method successfully detected
the intentionally hidden object more effectively than existing methods. It shows the
superiority of the proposed method as compared to the existing methods.

4.4.3 Ablation Study

To evaluate the contribution of each proposed component, the study performed various
ablation experiments on the OPIXray dataset. The contribution of each component us-
ing different network configurations. All experiments were performed under identical
training conditions to ensure consistency and fairness in comparison.

Impact of Individual Components

Table 4.6 summarizes the effect of each module. The baseline model [13] achieves an
mAP@0.5 of 83.6% on the OPIXray dataset. Incorporating DDFPN improves perfor-
mance by +2.0%, demonstrating the benefit of deformable multi-scale aggregation for

6
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Table 4.6: Impact of each module of proposed method on the OPIXray dataset.

Configuration mAP@0.5
Baseline [13] 83.6
with DDFPN 85.6
with BCB + DDFPN 85.9
with FSG-DCN + DDFPN 86.1
with TriFSM (without DDFPN) 85.5
Ours 86.8

handling irregular object boundaries and overlapping structures commonly observed
in X-ray images. Adding BCB with DDFPN further improves performance to 85.9%,
indicating that softmax weighting enables more stable and discriminative feature uti-
lization by preventing disproportionate activation across channels. When the FSG-
DCN module is integrated with DDFPN, performance increases to 86.1%, underscor-
ing the importance of joint frequency–spatial modeling. The fixed and learnable Gabor
representations, together with deformable convolution, enhance the model’s ability to
capture orientation-specific structures and fine-grained metallic textures. The TriFSM
module, when evaluated independently without DDFPN, achieves 85.5%, confirming
its capacity to modulate frequency-enriched and spatially adaptive features effectively.
However, its benefit is maximized when combined with the deformable feature pyra-
mid. The proposed method with all modules achieves the highest mAP@0.5 of 86.8%,
validating the contribution of each proposed component and the overall design of the
framework.

Table 4.7: Impact of fixed vs. learnable Gabor filters on frequency response extraction.

Gabor Configuration mAP %
Only Fixed Gabor Filters 86.1
Only Learnable Gabor Generator 86.2
Fixed + Learnable (Proposed FSG-DCN) 86.8

Effect of Learnable and Fixed Gabor features

The effect of Gabor-based frequency extraction in the FSG-DCN module is evaluated
in Table 4.7. The use of fixed Gabor filters only in FSG-DCN achieves an mAP of
86.1%, which shows that it effectively highlights contours and directional gradients
characteristic of prohibited items. The use of only learnable Gabor filters achieves
86.2%, which shows that data-driven frequency adaptation provides additional flexi-
bility for intra-class shape variations and imaging artifacts. The combination of fixed

37

Page 47 of 58 - Integrity Submission

Page 47 of 58 - Integrity Submission

Submission ID trn:oid:::27535:140794838

Submission ID trn:oid:::27535:140794838



40

and learnable Gabor filters, as adopted in the proposed FSG-DCN, achieves the best
performance of 86.8%. The proposed FSG-DCN produces richer frequency-spatial
representations, leading to superior performance.

4.4.4 Run-time Analysis

To evaluate computational efficiency, runtime analysis was conducted on an NVIDIA
RTX A5000 GPU with an input resolution of 640×640. Table 4.8 shows that Faster R-
CNN and RetinaNet require significantly higher computational overhead. Deformable
DETR provides better spatial modeling but remains computationally intensive with
173 GFLOPs. In contrast, the YOLOX-S model provides substantially higher effi-
ciency, achieving 219 FPS. The proposed model maintains real-time performance de-
spite introducing additional frequency–spatial processing and deformable multi-scale
fusion. Specifically, the proposed framework achieves 220 FPS with 10 M param-
eters and 21.1 GFLOPs. This balance between runtime and detection performance
demonstrates that the integration of FSG-DCN, BCB, and TriFSM does not impose
prohibitive computational cost. The proposed model achieves state-of-the-art detec-
tion performance while retaining the computational characteristics required for real-
time X-ray inspection systems. As shown in Table 4.9, the proposed model achieves
4.5 ms latency per image (≈ 220.4 FPS) with batch size 1 using PyTorch FP32 on
a single GPU, demonstrating real-time inference capability. The throughput is com-
puted as (Throughput = FPS × Batch Size), reaching up to 313.6 images/s for batch
size 16 while maintaining moderate GPU memory usage. These results indicate that
the proposed method is suitable for practical deployment, and further acceleration can
be achieved using FP16 or TensorRT optimization.

Table 4.8: Run-time performance comparison of different methods with input resolu-
tion of 640× 640.

Model Params (M) GFLOPs FPS
Faster R-CNN 42 180 27
RetinaNet 34.0 151.5 28
Deformable DETR 40 173 19
YOLOv5-S 7.2 16.5 86
YOLOX-S 9.0 26.8 219
Ours 10.0 21.1 220.4

3

45

Page 48 of 58 - Integrity Submission

Page 48 of 58 - Integrity Submission

Submission ID trn:oid:::27535:140794838

Submission ID trn:oid:::27535:140794838



41

Table 4.9: Deployment-oriented inference performance using PyTorch FP32 on a sin-
gle GPU.

Batch FPS Time/Batch (ms) Latency (ms/img) Throughput (img/s) Mem (GB)
1 220.4 4.5 4.5 220.4 7.56
8 33.8 29.6 3.7 270.4 6.29
16 19.6 51.6 3.2 313.6 7.87

4.5 Conclusion

This study designed a frequency–spatial guided deformable fusion network to detect
prohibited items in the X-ray image. The proposed model includes three specialized
modules, namely FSG-DCN, BCB, and TriFSM along with the deformable depthwise
feature pyramid, which contributes to multi-scale discrimination. By integrating both
fixed and learned Gabor filters and adaptive spatial convolution, the network can effi-
ciently capture fine structural details, metallic texture, and boundaries of objects under
the condition of overlapping and occlusion. Experiments on three public datasets re-
veal that the proposed framework can achieve state-of-the-art results without compro-
mising inference efficiency.

As future research directions, global contextual reasoning and multi-view X-ray
information will be incorporated into the proposed model.
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CHAPTER 5

CONCLUSION AND FUTURE WORK

5.1 Conclusion

In recent years, increasing security threats and public safety concerns have created
a strong need for intelligent automated baggage screening systems. X-ray security
imaging systems are widely deployed at airports, railway stations, metro stations, bor-
der checkpoints, and government facilities to identify dangerous and prohibited objects
concealed inside baggage. However, manual inspection of X-ray images by security
personnel is difficult and time-consuming because X-ray scans often contain severe
object overlap, cluttered backgrounds, low-contrast structures, and partial occlusion.
These challenges can lead to missed detections and false alarms, thereby reducing the
reliability and efficiency of security screening systems.

Although deep learning-based object detection frameworks have achieved remark-
able performance in natural image analysis, their effectiveness in X-ray imagery re-
mains limited by the unique characteristics of X-ray scans. Conventional convolu-
tional neural networks primarily focus on spatial feature extraction and often fail to
capture fine structural boundaries, geometric variations, and texture-sensitive informa-
tion present in X-ray imagery. Moreover, fixed convolution sampling locations restrict
the adaptability of traditional feature extraction mechanisms under severe overlap and
irregular object arrangements.

To address these limitations, this thesis presented two advanced deep learning
frameworks for prohibited item detection in X-ray imagery. The first framework intro-
duced an Edge-Aware Deformable Feature Pyramid Network (EDFPN), which com-
bines edge-aware feature enhancement with deformable convolution-based geomet-
ric refinement to improve prohibited item detection under heavily occluded condi-
tions. The second framework proposed a Frequency–Spatial Guided Deformable Fu-
sion Network that integrates frequency-domain representation learning with spatial

5
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feature modeling for enhanced structural feature extraction and multi-scale feature fu-
sion.

The proposed EDFPN framework primarily focuses on improving contour-sensitive
feature representation and adaptive geometric modeling. An Edge-Aware Feature
Operator (EFO) was introduced to strengthen boundary-sensitive information using
gradient-based edge extraction. This edge-aware mechanism improved contour local-
ization and enabled better representation of partially hidden prohibited objects. Fur-
thermore, deformable convolution was incorporated into the feature refinement stage to
improve adaptive spatial sampling and geometric alignment. Unlike conventional con-
volution operations, deformable convolution dynamically adjusts sampling locations
according to object geometry, thereby improving localization under severe overlap and
irregular object orientations.

Experimental evaluation demonstrated that the proposed EDFPN framework sig-
nificantly improved prohibited item detection performance on the OPIXray dataset.
The framework effectively detected partially visible and heavily overlapping prohib-
ited items while maintaining computational efficiency suitable for practical deploy-
ment. The integration of edge-aware enhancement and deformable convolution sub-
stantially improved localization accuracy and overlap handling compared with conven-
tional CNN-based detectors.

The second major contribution of this thesis was the development of the Frequency–
Spatial Guided Deformable Fusion Network. Existing object detection frameworks
generally rely only on spatial-domain feature extraction and ignore important frequency-
domain characteristics such as directional textures, edge structures, and contour-sensitive
information. However, X-ray imagery contains significant frequency-domain informa-
tion that can improve structural representation learning under low-contrast and clut-
tered conditions.

To exploit this information, the proposed framework introduced a Frequency–Spatial
Guided Deformable Convolution (FSG-DCN) module that integrates learnable Ga-
bor filters with deformable convolution. The proposed frequency-aware represen-
tation learning mechanism effectively captures directional texture and contour pat-
terns useful for prohibited item detection. Additionally, a Balanced Channel Bottle-
neck (BCB) module was proposed to adaptively emphasize informative feature chan-
nels and suppress redundant feature responses. A Tri-path Frequency–Spatial Mod-
ulation (TriFSM) mechanism was further introduced to improve interaction between
frequency-enhanced features and spatial representations.

The proposed frequency–spatial framework also incorporated deformable depth-
wise separable feature pyramid fusion for efficient multi-scale feature aggregation.
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This strategy improved detection performance for small prohibited items while main-
taining lightweight computational complexity suitable for real-time applications.

Extensive experiments were conducted on benchmark datasets, including PIDray,
OPIXray, and HiXray. The experimental results demonstrated that the proposed frame-
works consistently outperformed several existing state-of-the-art object detection meth-
ods under challenging overlap and occlusion conditions. The proposed methods achieved
improved localization accuracy, better contour representation, superior overlap han-
dling, and enhanced detection of small prohibited items.

The experimental analysis further demonstrated that edge-aware representation
learning significantly improved boundary-sensitive localization, while frequency-domain
feature extraction enhanced structural and texture representation. Deformable convo-
lution improved adaptive geometric modeling and enabled robust feature extraction
under irregular object arrangements. Multi-scale feature fusion effectively improved
detection performance across different object scales.

Another important observation from the experimental results was that the pro-
posed frameworks maintained practical computational efficiency despite incorporat-
ing advanced feature enhancement operations. The use of lightweight edge extraction,
depthwise separable convolution, and efficient deformable feature refinement enabled
real-time inference performance suitable for practical security screening systems.

Overall, the research work presented in this thesis successfully addressed several
important limitations of existing prohibited item detection systems. The integration of
edge-aware learning, frequency-domain representation, deformable convolution, and
adaptive multi-scale fusion provided robust and efficient solutions for intelligent X-ray
prohibited item detection. The proposed frameworks contribute toward the develop-
ment of reliable automated baggage inspection systems capable of assisting human
operators in real-world security environments.

5.2 Future Scope

Although the proposed frameworks achieved significant improvements in prohibited
item detection performance, several research directions can still be explored for further
enhancement.

Multi-view X-ray imaging can be integrated into future systems. The current study
focuses on two-dimensional X-ray imagery, where severe object overlap can cause
loss of geometric information. Multi-view or dual-view X-ray analysis can provide
additional geometric cues and improve three-dimensional understanding of baggage
contents.

29

35

Page 52 of 58 - Integrity Submission

Page 52 of 58 - Integrity Submission

Submission ID trn:oid:::27535:140794838

Submission ID trn:oid:::27535:140794838



45

Hybrid CNN-transformer architectures are another promising direction for improv-
ing prohibited item detection in highly cluttered baggage scenes. Transformer-based
models provide strong global contextual modeling, while convolutional networks are
effective for local spatial feature extraction. Combining both approaches may further
improve detection performance under complex screening conditions.

Future research may also explore self-supervised and unsupervised representation
learning to reduce dependence on large annotated X-ray baggage datasets. Annotating
X-ray imagery is expensive and time-consuming because it requires expert knowledge.
Self-supervised learning strategies can use unlabeled data to improve feature represen-
tation and enhance generalization across different security environments.

Explainable artificial intelligence (XAI) techniques can also be incorporated into
prohibited item detection systems to improve interpretability and trustworthiness. Ex-
plainable frameworks can help security personnel understand detection decisions and
increase confidence in automated screening systems.

Further research may investigate domain adaptation techniques to improve robust-
ness across different X-ray scanners and imaging conditions. Variations in scanner
characteristics, baggage composition, and acquisition environments often introduce
domain shifts that reduce model generalization. Domain adaptation frameworks can
help improve cross-domain robustness and deployment scalability.

Lightweight model optimization is another important future direction. Although
the proposed frameworks maintain practical computational efficiency, pruning, quan-
tization, and knowledge distillation techniques can further support deployment on em-
bedded systems and edge devices with limited computational resources.

Furthermore, multimodal sensor fusion techniques such as hyperspectral imaging,
millimeter-wave imaging, and thermal imaging can be combined with X-ray analysis
to improve prohibited item detection under highly challenging conditions.

Finally, three-dimensional baggage reconstruction and volumetric object reason-
ing can be explored to improve structural understanding of densely packed baggage
scenes. Such approaches may enhance prohibited item localization accuracy and over-
lap resolution in next-generation intelligent security screening systems.
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