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ABSTRACT Ensuring the security and safety of passengers and cargo through effective baggage screening
presents a critical challenge in high-traffic environments like airports, where traditional manual processes are
affected by high error rates, fatigue among security personnel, and privacy concerns. These issues underscore
the urgent need for sophisticated automated systems capable of accurately detecting concealed threats.
Advancements in deep learning have introduced more refined approaches to baggage screening, yet they
struggle with capturing the global context of threats and challenges presented by clutter, concealment, and
occlusion. Addressing these issues, this paper presents the Multi-Scale Hierarchical Transformer for X-ray
Detection (MHT-X), a novel framework that surpasses conventional limitations by integrating a multi-scale
contour mapping technique with a hierarchical feature extraction process using visual Transformers. MHT-
X is distinctive in its ability to generate multi-level contour maps that unveil complex features of threat
objects, facilitating their accurate identification. It employs a top-down approach for hierarchical feature
processing, capturing vital spatial characteristics essential for precise threat localization through an efficient
encoder-decoder mechanism. MHT-X represents a significant advancement in the detection of concealed
and obstructed threat objects in X-ray baggage scans. By combining multi-scale contour maps with
a hierarchical feature extraction process, it significantly enhances detection accuracy and outperforms
traditional Convolutional Neural Network (CNN) models by effectively capturing the global context of
illegal items with advanced feature representation. The proposed framework is rigorously validated on two
public datasets, dubbed CLCXray, and PIDray, where it outperforms the state-of-the-art (SOTA) methods
by achieving the mean average precision score of 65.26%, and 78.19%, respectively.

INDEX TERMS Aviation security, baggage X-ray scans, hierarchical feature extraction, multi-scale
contours, threat detection, vision transformer (ViT).

I. INTRODUCTION
X-ray imaging stands as a fundamental tool for secure
inspection, particularly critical in areas with heightened
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security like airports, cargo facilities, and shopping centers.
It is pivotal in the detection of illegal and concealed
items [1]. The urgency to swiftly identify a wide range of
prohibited items, ranging from weapons to restricted liquids,
particularly during times of high passenger flow, significantly
complicates the screening process [2]. Despite its extensive
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deployment, the manual examination of baggage is both
strenuous and prone to inaccuracies, with the effectiveness
of security personnel often hampered by fatigue and varying
levels of experience. Research has shown that the success
rate of human inspectors in identifying threats lies between
80 to 90 percent, a figure that is concerning considering the
potential risks involved [3]. This backdrop has sparked a
growing interest in the development of automated solutions
for spotting security threats in baggage through X-ray
scans [4]. However, these traditional methods of baggage
surveillance still heavily depend on human intervention,
leading to concerns over time efficiency and error mar-
gins [5]. To improve the accuracy in detecting forbidden
items in baggage, there has been a notable shift towards the
adoption of deep learning techniques [6], [7]. These methods
have significantly enhanced the detection process, yet they
confront distinct challenges when applied to X-ray imaging.
X-ray scans, in contrast to typical color (RGB) images, are
characterized by their lack of distinct textures and minimal
intensity differences among overlapped objects. This absence
of clear visual cues in X-ray imagery poses a substantial
hurdle for conventional object detection frameworks like
Mask R-CNN [8], Faster R-CNN [9], and RetinaNet [10],
which were initially developed with color images in mind.
As a result, these models often fall short in accurately
identifying contraband within cluttered and intricate X-ray
scans (as evident in [11]). The unique complexities of X-ray
imagery, particularly in the context of baggage screening,
underscore the need for more specialized approaches beyond
traditional deep learning methodologies. Therefore, our work
proposes MHT-X (Multi-Scale Hierarchical Transformer for
X-ray Detection), which ingeniously integrates a multi-scale
contour mapping technique with a hierarchical feature extrac-
tion process, harnessing the power of Vision Transformers
(ViTs) [12]. This novel combination allows MHT-X to split
input scans into multi-level contour maps that reveal the
complex features of threat objects, which is a critical step
toward accurate contraband identification. The ability of
MHT-X lies in extracting crucial features from themulti-scale
contour representations, leveraging a top-down approach
in the hierarchical processing of features. Through this,
it adeptly captures vital spatial features necessary for the
precise localization of threats. As a result, it utilizes an
efficient encoder-decoder mechanism to predict bounding
boxes. MHT-X is designed to exceed the constraints of
Convolutional Neural Network (CNN) models and adeptly
addresses the challenge of occlusions and cluttered items
in baggage X-ray scans. To summarize, the significant
contributions are:
• We propose the MHT-X (Multi-Scale Hierarchical
Transformer for X-ray Detection) model, a novel
approach specifically tailored for detecting concealed
and cluttered threat objects in baggage X-ray scans,
marking a significant advancement beyond traditional
detection methods.

• To the best of our knowledge, our MHT-X model is the
first to integrate multi-scale contour maps with a hierar-
chical feature extraction process based on transformers,
significantly enhancing detection accuracy by capturing
detailed features across various resolutions.

• TheMHT-Xmodel leverages a hierarchical, transformer-
based feature extraction module, outperforming tradi-
tional CNN models by extracting highly representative
features that capture the global context of illegal
items through self-attention mechanisms. This approach
significantly enhances the model’s ability to accurately
identify threats within complex spatial configurations.

• The proposed approach is adaptable, performing consis-
tently across various scanner types, enhancing security
screening effectiveness in diverse settings.

II. RELATED WORK
Recent advancements in computer-aided X-ray baggage
screening have significantly improved the detection of
prohibited items. Initially, researchers relied on basic image
enhancement [13] and manual features, leading to subpar
outcomes [14], [15]. Later, the advent of deep learning
significantly enhanced threat detection using transfer learn-
ing by capitalizing on the meaningful semantics extracted
from CNNs [16], [17], [18]. This progress has inspired
newer methods incorporating contour cues [19], [20], [21],
[22] and material information [23], spatial and channel-wise
attention [24], [25], foreground extraction [26], and multi-
scale features [27], further enhancing performance. For an
in-depth exploration of these evolving X-ray baggage threat
recognition techniques, refer to [28] and [29].

Studies exploring modern object detection models [8], [9]
for X-ray security screening found their performance lacking
due to the unique challenges of this domain, such as poor
contrast and object occlusion [28], [30]. To overcome these
hurdles, recent advancements have focused on employing
advanced techniques like structured tensors, which enhance
object contours in scans and significantly improve threat
detection amidst occlusion [22], [31]. Hassan e al. [22] lever-
aged learned features extracted from the contour representa-
tion of the X-ray images to recognize the occluded threats
from cluttered scans using an encoder-decoder framework.
Shafay et al. [27] leveraged information from multi-level
features for identifying suspicious items using a lightweight
encoder-decoder framework. Wei et al. [23] designed a
module to enhance the effectiveness of state-of-the-art
(SOTA) detection frameworks by leveraging low-level edge
and material information. Hu et al. [24] attempted to tackle
overlapping and scale variation challenges in X-ray imagery
by employing spatial attention and anisotropic fusion.
They leveraged multi-scale features and intelligently fused
per-stage predictions to achieve better results. Bhowmik and
Breckon [32] introduced a pipeline integrating segmentation
and classification techniques to detect illicit baggage items.
Studies [18], [33] have also integrated learned features

VOLUME 12, 2024 77455



M. Alansari et al.: Multi-Scale Hierarchical Contour Framework for Detecting Cluttered Threats

FIGURE 1. Block diagram of the proposed framework, which demonstrates a multi-stage process for identifying concealed threats in baggage X-ray
scans. The method begins by extracting contour maps at multiple levels. It then proceeds through a hierarchical feature extraction approach, resulting in
accurate predictions of bounding boxes using a transformer encoder-decoder architecture.

with broad learning systems to exploit faster, lightweight
frameworks for baggage threat recognition. Zhu et al. [34]
addressed stacking and occlusion in X-ray baggage imagery
using multi-scale features and adaptive fusion of channel
features. Shao et al. [26] designed an X-ray threat detection
framework for extracting the target foreground by adaptively
isolating items and focusing on relevant areas, significantly
outperforming existing methods with limited data. Issac-
Madina et al. [35] analyzed the detection performance of
leading object detectors and examined the challenges in
detecting smaller occluded threats. Recently, Liao et al. [20]
explored a threat recognition approach that integrated feature
enhancement while preserving shape and textural data,
effectively suppressing noisy information using frequency
domain knowledge.

Research in this field primarily focuses on occlusion
and extracting key semantics from low-level features for
threat identification [21], [23], with few studies tackling
the class imbalance issue in X-ray baggage datasets, which
necessitates specialized data sampling and algorithmic solu-
tions [17], [36]. Miao et al. [17] used a modified loss to
address class imbalance and leveraged hierarchical, refined
features to localize the prohibited items. Ahmed et al. [37]
introduced balanced affinity loss, integrating max-margin
learning with effective sample utilization, presenting a more
refined approach to classifying X-ray images.

Most of the current research in X-ray baggage threat
detection focuses on CNNs, which are limited by their ability
to encode only local interactions and thus struggle to capture
the global context of images, a crucial factor for effectively
detecting occluded threats in compact X-ray scans [25],
[38]. In contrast, transformer models [12], [39], [40], widely
recognized in diverse areas of computer vision and speech
processing, excel in capturing this global context [41].
One recent work has delved into the potential of ViTs to
identify abnormal baggage scans, especially in the context
of highly imbalanced data sets [25]. This exploration has
laid the groundwork for our novel approach. Building upon
these insights, we introduce MHT-X (Multi-Scale Hierar-
chical Transformer for X-ray Detection), a transformative
framework for the detection of concealed and obstructed
threat objects in baggage X-ray scans, marking a significant
advancement over traditional detection methods. MHT-X
adeptly confronts the intricate challenges of X-ray imagery,
particularly in environments characterized by dense clutter
and occlusion. Central to our framework is an innovative
multi-scale contour map generation process that meticulously
dissects input scans into various levels to unveil distinctive
transitional patterns, crucial for identifying contents within
the baggage. This method facilitates the generation of
detailed contour maps, pivotal for the precise delineation
of objects amidst clutter. MHT-X further incorporates a
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top-down hierarchical feature extraction model, extracting
vital features at different resolutions from these contour
maps, enabling a comprehensive scan analysis. These
features are then seamlessly integrated into a transformer
encoder and decoder system, enhanced by a Feed Forward
Network (FFN) for the pinpoint detection of threats. The
FFN predicts either a detection (class and bounding box)
or a ‘‘no object’’ class with accuracy and precision. MHT-
X transcends the constraints of conventional CNN-based
approaches, setting a new benchmark in automated X-ray
baggage inspection with its robust, detailed, and precise
threat detection capabilities. This cutting-edge framework
significantly elevates detection accuracy while substantially
reducing false positives, offering an integrated solution that
addresses the evolving needs of X-ray baggage security with
unparalleled efficiency and effectiveness.

III. PROPOSED FRAMEWORK
In this work, we present a novel framework (MHT-X) for the
efficient detection of concealed and obstructed threat objects
in baggageX-ray scans. Our approach integrates amulti-scale
contour feature extraction algorithmwith a hierarchical threat
detection system using ViT. The block diagram of this novel
method is depicted in Figure 1, illustrating the process
starting from the input scan, which is processed through a
multi-scale contour map extraction module. These maps are
crucial in representing the contours of the contraband objects
accurately. They are then fed into a hierarchical structure
of ViT for meticulous feature extraction. This extraction
is pivotal for the accurate prediction of bounding boxes,
accomplished through a transformer encoder and decoder.
Our framework is designed to tackle the challenges of clutter
and occlusion in X-ray imagery, enhancing detection capa-
bilities in security scanning technology. In the subsequent
section, we will explain in detail each module of the proposed
framework.

FIGURE 2. Comparison of conventional and multi-Scale contour maps
extraction approaches. The first row presents the original X-ray scans. The
second row demonstrates the conventional single-scale contour maps.
The third row showcases the enhanced extraction of contours achieved
by the proposed multi-scale contour maps module.

A. MULTI-SCALE CONTOUR MAP EXTRACTION
The generation of multi-scale contour maps involves a
sophisticated process that begins with the decomposition of
an input scan into a pyramid of multiple levels. Each level

of this pyramid reveals unique transitional patterns in the
baggage content by analyzing the distribution of orientations
within the image gradients. This is achieved through a tensor
pooling scheme, where transitional patterns are accentuated
in N distinct image gradients, as detailed in Algorithm 1.
In this scheme, each tensor, denoted as 9 ∗ (1k .1m)

in the block matrix, is formulated as the outer product of
two image gradients along with a smoothing filter 9. The
orientation ω of each image gradient 1j is calculated using
the formula ω =

2π j
N , where j varies from 0 to N − 1. The

coherent tensor, which is central to capturing the predominant
orientations of baggage items, is constructed by summing
the most significant tensors from the set of unique tensors,
selected based on their normative values. This method not
only uncovers variations in the intensity of cluttered items
but also assists in forming individual contours for each
item, as visually represented in Figure 2. In our approach,
we emphasize the transitional patterns in Q image gradients
(associated with Q directions) by computing the following
Q× Q block-structured symmetric matrix in Eq. 1:

0 ∗ (1010) 0 ∗ (1110) . . . 0 ∗ (1Q−110)
0 ∗ (1011) 0 ∗ (1111) . . . 0 ∗ (1Q−111)

...
...

. . .
...

0 ∗ (101Q−1) 0 ∗ (111Q−1) . . . 0 ∗ (1Q−11Q−1)


(1)

where Q represents the number of image gradients in
different orientations within the scan,0 refers to the Gaussian
smoothing function, and the tensors are denoted by 0 ∗

(1q1q), representing a second-moment matrix for transition
intensity maps. From Eq. 1, the multi-oriented tensor matrix
is symmetric. Thus, a coherent map of the object transitions
can be generated by adding the most coherent unique
tensors. Moreover, each outer product in this matrix indicates
the predominant orientations of changes within a specified
pixel’s neighborhood.

To address the limitations inherent in single-scale analysis,
a multi-scale tensor strategy is employed. This strategy
integrates X-ray scan transitions from the coarsest to the
finest levels, thereby ensuring that every item, regardless of
its low-intensity contrast with the background, is effectively
emphasized. The multi-scale tensors are computed through
a method of pyramid pooling up to a predefined nth level.
At each level l, the decomposed image is combined, on a
pixel-by-pixel basis, with the transitions obtained at the
preceding l − 1 levels. This approach guarantees that the
edges of the contraband items are consistently maintained
across different scales. The algorithm below outlines the steps
involved in this multi-scale tensor pooling process, crucial
for generating detailed and precise contour maps for effective
threat detection in baggage X-ray scans.

B. HIERARCHICAL FEATURE EXTRACTION
In the field of computer vision, significant progress has
been made through the development of algorithms capable of
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Algorithm 1 Multi-Scale Tensor Pooling for Contour
Map Generation
Input: Input X-ray scan I , Number of scales n, Number

of orientations O
Output: Multi-scale TensorMT

1 MT of size equal to I is initialized with zeros;
2 Set pyramid pooling factor π ← 2;
3 for i← 0 to n− 1 do
4 if i == 0 then
5 T ← ComputeTensors(I ,O);
6 TC ← GetCoherentTensor(T );
7 MT ← MT + TC ;
8 else
9 I ,TC ← Downscale(I ,TC , π);
10 T ← ComputeTensors(I ,O);
11 TC ← GetCoherentTensor(T );
12 MT ← MT+ Upscale(TC , π i);
13 end
14 end

extracting features in a layered manner. These algorithms are
essential for solving complex prediction tasks. The key to this
advancement lies in a hierarchical approach that utilizes a top-
down strategy, essential for the model’s effective handling of
the input contourmaps. This method combines elements from
both CNNs and Transformers in a unique manner.

The ViT [12] is a neural network architecture that applies
self-attentionmechanisms to process image patches, enabling
global context understanding in computer vision tasks.
Our MHT-X leveraged the ViT transformer encoder and
introduces a top-down hierarchical feature extraction model.
To incorporate hierarchical information, the ViT transformer
encoder block is modified to include a spatial reduction block
before applying the multi-head attention mechanism. The
spatial reduction block is selected as a simple average pooling
block, while the remainder of the ViT transformer encoder
remains unaltered.

In detail, the first step involves creating patch embeddings,
which convert raw data into a format ready for detailed,
multi-level analysis. As the data moves through each phase
of encoding, performed by spatial reduction ViT transformer
encoders, it undergoes refinement and reduction in dimen-
sionality. The feature maps at each level, labeled as Fl ,
becomemore focused. A key element of this refinement is the
advanced multi-head attention mechanism, which includes
spatial reduction to efficiently reduce the dimensions of the
feature maps while keeping essential spatial information.
This process is mathematically expressed as:

F ′l =
N∑
i=1

Wi · Attention(SR(Fl)) (2)

Here, F ′l indicates the transformed feature map at level l,
enhanced by a combination of spatially reduced attention

mechanisms, with Wi denoting the weights associated with
each attention head, highlighting the selective emphasis
on different data components. Reducing dimensionality is
crucial for handling the computational demands associated
with dense prediction models. The multi-scale feature maps,
denoted as F1 to F4, are produced through four stages, each
comprising patch embedding and encoder layers as depicted
in Figure 1, highlighted in orange. These feature maps are
hierarchically organized, with F1 representing the finest
details and F4 capturing broader context. An essential step
in this process is combining multi-scale feature maps, from
F1 to F4, into a unified representation. This combination,
essential for enriching the model’s interpretation of the input,
is described as:

Ffusion = Fuse(F1,F2,F3,F4) (3)

This approach markedly enhances the model’s proficiency in
executing tasks such as object detection and segmentation.
By merging features from different resolutions, the model
gains a more holistic understanding of the input, which
facilitates more precise and granular predictions.

C. THREAT OBJECT DETECTION
In our proposed method, the module for proposal extrac-
tion of threat detection revolutionizes the typical object
detection process by leveraging the transformer architecture,
an approach inspired by breakthroughs in natural language
processing [42]. This module eschews the need for con-
ventional, hand-designed components such as non-maximum
suppression and anchor generation, instead conceptualizing
object detection as a direct set prediction problem, which
streamlines the overall detection process.

The method initiates with a top-down hierarchical feature
extraction modified-ViT backbone that performs the fea-
ture extraction, converting the input image into a succinct
feature representation. These features are subsequently fed
into a transformer encoder that preserves the spatial structure
of the data. The transformer decoder then takes over,
predicting a set number of detections characterized by
bounding boxes and class labels, which collectively constitute
the output. The decoder output embedding is directed to a
shared FFN for predictions, which comprises two heads: a
classification head with a dense layer matching the number
of object classes, and a sequential head consisting of three
dense layers. Within the sequential head, two layers with
256 neurons each utilize the ReLU [43] activation function,
followed by a final layer with four neurons utilizing the
sigmoid function for bounding box prediction.

Our module utilizes the Hungarian matching loss func-
tion [44] to facilitate a one-to-one mapping between the
predicted bounding boxes and the ground truths for rendering
clear and distinct predictions. The end-to-end training
capability intrinsic to this module eliminates the need
for numerous task-specific adjustments and heuristic post-
processing. This allows the module to learn autonomously
to focus on relevant sections of the image and to interpret
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the broader context, which is critical for accurately predicting
bounding boxes and, consequently, for the effective detection
of threats. The integration of the transformer encoder and
decoder within this module marks a notable advance in
the field of object detection, significantly improving the
module’s efficiency and accuracy in threat identification.

IV. EXPERIMENTAL SETUP
A workstation housing an Nvidia GeForce RTX 3080 GPU,
an 11th Gen Intel 2.3GHz CPU, 32GB RAM, and 8GB
VRAM is utilized to conduct our experiments. We trained
MHT-X for 300 epochs using the AdamW [45] optimizer,
with initial learning rates of 10−4 for the transformer and
10−5 for the backbone. Transformer weights were initialized
using Xavier initialization [46], and the backbone used an
ImageNet-pretrained [47] modified-ViT inspired from [48].
Image scaling to 500× 500 and random crop augmentations
were applied during training, with a transformer dropout rate
of 0.1. The output from the Hierarchical Feature Extraction
module for an image of this scale is a 162× 512 dimensional
tensor, which then passes through a 12 × 2048 convolutional
layer to ensure compatibility with the subsequent transformer
architecture. The transformer architecture comprises six
encoder and six decoder layers, each with a width of
256. Sine spatial positional encodings are integrated at
the attention layers within both the encoder and decoder.
The decoder ingests a predefined number (100) of learned
positional embeddings and further attends to the encoder
output. Subsequently, each decoder output embedding is
directed to a shared FFN responsible for predictions. The
FFN consists of dual heads: a classification head with a
dense layer matching the number of object classes, and a
sequential head comprising three dense layers. The sequential
head includes two layers with 256 neurons each employing
the ReLU [43] activation function, followed by a final layer
with four neurons using the sigmoid function for bounding
box prediction.

For the classification head, we employ cross-entropy loss,
while for the bounding box regression loss, we adopt a
methodology outlined in [44], which combines the ℓ1 loss
and the scale-invariant Generalized Intersection over Union
(GIoU) loss [49]. This choice is motivated by the fact that,
unlike other detectors that predict boxes relative to initial
guesses, we directly predict bounding boxes, which can lead
to challenges in loss scaling. Our box loss is formulated
as λiouLiou(bi, b̂σ (i)) + λL1||bi − b̂σ (i)||1, where λiou and
λL1 are hyperparameters set to λiou = 2 and λL1 = 5,
respectively. Additionally, the losses are normalized by the
number of objects in the batch [44].

A. DATASETS
Our experiments utilized the PIDray [50], CLCXray [51], and
EDS [52] datasets, as outlined in Table 1 and subsequent
subsections. We adhered to standard training/testing split
protocols for each dataset, where the model was trained on

TABLE 1. Chosen object detection under X-ray security inspection
scenario datasets.

the training set and subsequently evaluated on the testing set
of each respective dataset.

1) CLCXRAY
TheCLCXray dataset consists of a total of 9,565 radiographic
images, divided into two main subsets: 4,543 authentic
images obtained from real subway environments, and 5,022
synthetic images generated by scanning manually assembled
baggage. This dataset encompasses 12 distinct classes,
covering a range of prohibited items. These classes include
various cutting instruments, such as blades, daggers, knives,
scissors, and Swiss Army knives, as well as seven types
of liquid containers: cans, carton drinks, glass bottles,
plastic bottles, vacuum cups, spray cans, and tins. The
dataset’s annotations are structured according to the COCO
format, facilitating their use in object detection and image
segmentation tasks. The COCO format, represented by ’json’
files, specifies how object annotations, including bounding
box coordinates, category labels, and segmentation masks,
are organized within a dataset, ensuring standardized labeling
and metadata formatting.

2) PIDRAY
The PIDray dataset is an extensive collection specifically
curated for detecting prohibited items in real-world settings,
comprising a total of 47,677 images designated for both
training and evaluation purposes. This dataset categorizes
12 distinct types of contraband, ranging from firearms and
knives to wrenches, pliers, scissors, hammers, handcuffs,
batons, sprayers, power banks, lighters, and ammunition.
Each image in the dataset is annotated at both the image
and instance levels, following the COCO format. The
dataset is systematically partitioned, with 29,457 images
(approximately 60%) allocated for training and 18,220
images (the remaining 40%) reserved for testing. The test set
is further stratified based on detection complexity into three
categories: ‘easy,’ featuring images with a single contraband
item, ‘hard’, containing images with multiple prohibited
items, and ‘hidden’, comprising images with deliberately
concealed items to simulate more challenging detection
scenarios.

3) EDS
The Endogenous Domain Shift (EDS) benchmark focuses on
X-ray security inspection, where shifts among the domains
primarily stem from variations in X-ray machine types,
hardware parameters, and degrees of wear. EDS comprises
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14,219 images, encompassing 31,654 common instances
across three domains (X-ray machines), with bounding-box
annotations for 10 categories including drink bottle, pressure,
lighter, knife, device, power bank, umbrella, glass bottle,
scissor, and laptop. The dataset’s training/testing protocol
entails training on one domain and testing on the other two
domains. For brevity, we denote ‘‘domain 1’’, ‘‘domain 2’’,
and ‘‘domain 3’’ as ‘‘D1’’, ‘‘D2’’, and ‘‘D3’’, respectively.

B. EVALUATION METRICS
Object detection model evaluation commonly relies on the
mean Average Precision (mAP) metric, which encompasses
various sub-metrics such as the confusionmatrix, Intersection
over Union (IoU), recall, and precision. We detail each sub-
metric below.

The confusion matrix presents a tabular breakdown of the
model’s predictions compared to the ground truth labels,
consisting of four quadrants:
• True Positives (TP): Instances where the model accu-
rately identifies and localizes objects within the image.

• True Negatives (TN): Instances where the model cor-
rectly identifies background or non-object regions.

• False Positives (FP): Instances where the model incor-
rectly predicts the presence of an object or mislocalizes
it.

• False Negatives (FN): Instances where the model fails to
detect and localize objects present in the image.

IoU measures the overlap between predicted and ground
truth bounding boxes, with higher values indicating better
alignment. Precision assesses the model’s accuracy in iden-
tifying true positives out of all positive predictions (TP+FP),
calculated using IoU thresholds. Recall measures the model’s
ability to locate true positives out of all actual positive
instances (TP+FN).

mAP is computed by averaging the Average Precision (AP)
for each class (N ):

mAP =
1
N

N∑
i=1

APi (4)

AP is the weighted mean of precisions at various thresholds,
considering the increase in recall from the prior threshold.
mAP balances precision and recall, considering both FP and
FN, making it suitable for detection tasks. Our evaluation
utilizes COCO metrics including mAP, mAP50, and mAP75,
calculated across IoU thresholds ranging from 0.5 to 0.95,
and specifically at thresholds of 0.5 and 0.75 for mAP50 and
mAP75, respectively.

C. ABLATION STUDIES
The ablation studies conducted in this research are focused on
five primary objectives: 1) Determining the optimal number
of orientations and scaling levels for the multi-scale contour
maps, 2) identifying the most suitable backbone model for
our object detection model, 3) evaluating the impact of
integrating the multi-scale contour maps extraction module,

4) assessing the effect of using hierarchical features versus
not, and 5) examining the influence of utilizing transformer
encoder/decoder versus not.

1) NUMBER OF ORIENTATIONS AND SCALING LEVELS
In our exploration of the multi-scale contours extraction
method’s efficacy on the CLCxray and PIDray datasets,
we meticulously analyzed the impact of varying the number
of orientations (N ) and scaling levels (n) on detection
performance. This method, fundamental to our framework,
enhances the delineation of threat objects by generating
detailed contour maps from X-ray scans. Our findings,
distilled into a comprehensive performance evaluation, reveal
that adjusting N and n parameters significantly influences
the model’s ability to accurately identify concealed threats.
enhancing both N and n to 5 from their initial values of
2 resulted in significant enhancements in detection accuracy.
Specifically, for the CLCxray dataset, there was a notable
14.10% improvement, while for the PIDray dataset, the
increase was even more substantial at 16.05%. These results
underscore the critical role of multi-scale contours extraction
in achieving superior detection outcomes, demonstrating its
effectiveness in extracting nuanced features crucial for the
precise identification of contraband items within complex
X-ray imagery.

TABLE 2. Detection performance (mAP) for different configurations of N
and n on PIDray and CLCXray datasets.

2) CHOICE OF A BACKBONE MODEL
In x-ray imagery for detecting illegal and smuggled items,
common challenges such as clutter and occlusion signif-
icantly impede the performance of deep learning models.
A critical and distinct challenge in this context is the
multi-scale nature of these items, as they can appear in vary-
ing sizes from small to large within the images. This neces-
sitates a model capable of effectively handling objects across
multiple scales. To validate this hypothesis, we employed our
detectionmodule, integrating it with three distinct backbones:
1) The conventional DETR with a ResNet50 [53] backbone,
2) EfficientNetV2XL [54], and 3) Our proposed hierarchical
feature extractor. The performances of these models were
evaluated in terms of mAP on the PIDray dataset, with
results documented in Table 3. Our findings indicate that
incorporating hierarchical multi-scale information via the
MHT-X significantly enhances performance on the PIDray

77460 VOLUME 12, 2024



M. Alansari et al.: Multi-Scale Hierarchical Contour Framework for Detecting Cluttered Threats

dataset, surpassing the second-best, Efficient DETR, by an
average mAP increment of 3.23%. This marked improvement
underscores the effectiveness of a pyramid-based architecture
in addressing the multi-scale challenges posed by illegal
items in X-ray images.

TABLE 3. Comparison of Multi-Class Threat Detection Performance on
PIDray Dataset with Different Backbone Architectures. Bold values
indicate the highest mAP scores.

3) EFFECT OF MULTI-SCALE CONTOURS
TheMulti-Scale Contour map extraction module is employed
to accentuate the transitions in baggage content across various
image gradients, oriented in N directions and up to n scaling
levels. Balancing these parameters is crucial for achieving
optimal contour representation and robust detection while
managing computational demands.

Comparatively, Trainable Structure Tensors (TST), as pre-
sented in previous work [55], scan multiple orientations
to highlight contours of occluded and cluttered contraband
items, while minimizing irrelevant baggage content. In our
research, we juxtaposed the Multi-Scale Contour module
and TST with their raw RGB counterparts on the PIDray
dataset to highlight the benefits of our approach in addressing
the challenge of detecting highly cluttered and concealed
illegal items in X-ray images. The comparative analysis,
tabulated in Table 4, focused on mAP, reveals that our novel
framework outperforms both RGB and TST configurations
across Easy, Hard, and Hidden sets, as well as in the overall
score. Specifically, in the Easy set, MHT-X with multi-scale
contours achieved a mAP of 0.7819, compared to RGB’s
0.71 and TST’s 0.58. This superiority is also evident in the
Hard and Hidden sets, where the our module achieved mAPs
of 0.6845 and 0.5565, respectively, surpassing the other
two configurations. Overall, the proposed approach with
multi-scale contours demonstrated the highest performance,
achieving a mAP of 0.6743.

TABLE 4. Comparison of multi-class threat detection performance on
PIDray dataset with different input scan types. Bold values indicate the
highest mAP scores.

4) EFFECT OF HIERARCHICAL FEATURES INTEGRATION
The Hierarchical Feature Extraction module incorporates an
average pooling block to downscale the spatial resolution of

TABLE 5. Comparison of multi-class threat detection performance on
PIDray dataset using different transformer configurations. Bold values
indicate the highest mAP scores.

TABLE 6. Comparative analysis of multi-class threat detection
performance on PIDray dataset in terms of mAP. Bold values indicate the
highest performance.

TABLE 7. Comparative analysis of multi-class threat detection
performance on CLCXray dataset in terms of mAP. Bold values indicate
the highest performance.

TABLE 8. Comparative analysis of multi-class threat detection
performance on each group of adaption of EDS dataset in terms of mAP.
Dm→n refers to the adaptation from domain m to domain n. ‘‘SO’’ refers
to ‘‘Source only’’, the Faster R-CNN model trained on the source domain
only. Bold values indicate the highest performance.

features before applying the multi-head attention mechanism,
as outlined in Equation 2. These features with multi-scale
resolutions are then fused to produce the final feature map,
as depicted in Equation 3.
To assess the advantages of integrating multi-scale reso-

lution features in addressing challenges such as multi-scale
objects, we replaced the Hierarchical Feature Extraction
module (backbone) with a simple ViT [12] and compared
it with our modified ViT on the PIDray dataset. The
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comparative analysis, presented in Table 3, focusing on
mAP, reveals that our incorporation of top-down hierarchical
information (multi-scale features) outperforms the reliance
on single-scale features across the Easy, Hard, and Hidden
subsets, as well as in the overall score. Specifically, in the
Easy, Hard, Hidden, and overall subsets, MHT-X achieved
improvements in mAP of 10.47%, 6.5%, 7.82%, and 8.05%,
respectively.

5) IMPACT OF TRANSFORMER ENCODER-DECODER
INTEGRATION
The conventional transformer architecture [42] comprises
two main components: the encoder and the decoder. The
encoder is responsible for processing the input sequence
and extracting relevant features, while the decoder generates
output sequences based on these features. To assess the
significance of each component, we conducted an ablation
study within our proposed MHT-X framework, system-
atically removing either the encoder or the decoder and
evaluating the mAP on the PIDray dataset, as summarized
in Table 5. In our analysis, if either the encoder or decoder
is used alone, we maintain a fixed value of six encoders or
decoders, respectively. This examination offers insights into
the distinct roles and contributions of each component within
the transformer architecture.

The results presented in Table 5 indicate that, overall,
employing only the transformer encoder yielded a perfor-
mance increase compared to utilizing only the transformer
decoder, with an improvement of 4.44%. However, this
approach still lagged behind the utilization of both encoder
and decoder by 7.03%. Upon inspecting these findings,
we infer that the transformer encoder holds greater impor-
tance in image detection tasks due to its responsibility
for processing input image features and capturing long-
range dependencies. Conversely, the decoder’s role primarily
involves refining and interpreting these encoded features.
Removing the encoder disrupts the extraction of features with
long-range dependencies, thereby impacting the decoder’s
ability to effectively refine and interpret the encoded features.

V. COMPARATIVE RESULTS
A. PIDRAY
Our MHT-X model exhibits remarkable performance in
the multi-class threat detection task on the PIDray dataset,
as evident from the comparative analysis outlined in Table 6.
When evaluated across varying levels of difficulty, Easy,
Hard, andHidden, theMHT-X consistently outperforms other
leading frameworks. In the ‘Easy’ set, MHT-X achieves a
mAP of 0.7819, surpassing the next best model, DETR [60],
which scores 0.727. Similarly, in the ‘Hard’ set, our model
leads with an mAP of 0.6845, compared to DETR’s [60]
0.668. The superiority of proposed framework is further
underscored in the ‘Hidden’ set, where it attains an mAP
of 0.5565, significantly higher than DETR’s [60] 0.513. The
proposed approach achieves a composite mAP of 0.6743,

which is notably higher than any other competing framework,
marking it as the best-performing model in this study. This
clearly demonstrates the advanced capabilities of the MHT-X
in effectively detecting threats across various complexity
levels in X-ray imagery, solidifying its status as a leading
solution in this domain.

B. CLCXRAY
In the domain of multi-class threat detection on the CLCXray
dataset, our MHT-X model demonstrates exceptional perfor-
mance, as detailed in Table 7. The model’s effectiveness is
evident across all measured metrics, including mAP, mAP50,
and mAP75. For the overall mAP, MHT-X achieves an
impressive score of 0.6526, significantly outpacing the near-
est competitor, ATSS+LAcls [51], which registers anmAP of
0.593. This trend of superior performance is maintained in the
more specific metrics of mAP50 and mAP75, where MHT-X
scores 0.8087 and 0.7381, respectively. These scores are
notably higher than those of ATSS+LAcls, which achieves
0.718 and 0.682 in the same categories. These results firmly
establish the proposed framework as the leading framework
in threat detection on the CLCXray dataset, with its highest
recorded values in all three key performance indicators. The
model’s dominance in this comparative analysis underscores
its advanced capability in accurately identifying threats
across various detection thresholds, making it a highly
effective tool for security and surveillance applications in
X-ray imagery analysis.

C. EDS
Our MHT-X model demonstrates SOTA performance in
multi-class threat detection on the EDS dataset, as illustrated
by the comparative analysis presented in Table 8. Across
all evaluated scenarios, MHT-X consistently surpasses other
leading frameworks. On average, MHT-X achieves an mAP
of 0.553, approximately 1% higher than the average mAP
of the second-best performing model, PSN [52]. This under-
scores the advanced capabilities of MHT-X in effectively
detecting threats across diverse X-ray imagery domains,
solidifying its position as a leading solution in this field.

D. QUALITATIVE RESULTS
For visualization, we provide qualitative evaluations of the
proposed framework on PIDray, CLCXray, and EDS datasets
in Figure 3. In this figure, the first row shows examples of
PIDray dataset, the second row shows examples of CLCXray
dataset, and the third row shows samples from EDS dataset.
Here, we can appreciate how accurately the proposed scheme
has picked different cluttered suspicious items in (b)-(f).
Moreover, we can also observe the extracted gun in (a) even
with different orientation. Such examples demonstrate the
proposed framework’s capacity in picking the cluttered items
from the PIDray, CLCXray, and EDS datasets.

In Figure 4, we report examples of failure cases encoun-
tered during the testing. In all examples, we can see that the
proposed framework could not detect the contraband items.
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FIGURE 3. Qualitative results of three benchmarks where the first row shows examples of the PIDray dataset ordered by complexity as follows:
(a) easy, (b) hard, and (c) hidden, the second row shows examples of the CLCXray dataset, and the third row shows examples of the EDS dataset
ordered as follows: (a) D1, (b) D2, and (c) D3.

However, such cases are observed in highly occluded scans,
where it is difficult, even for a human observer, to distinguish
the items’ regions properly.

E. MODEL COMPLEXITY
A comparative analysis of different methods in terms of
model complexity and run-time performance, for an image

size of 224 × 224 is presented in Table 9. The comparison
is based on inference time, the number of parameters
(in millions), and Multiply-Accumulate Operations (MACs,
in billions). MHT-X showcases exceptional efficiency with
the lowest MACs at 5.91G, indicating high computational
efficiency. Additionally, it achieves competitive inference
time (0.14 seconds) despite having the highest number
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FIGURE 4. Failed detection cases by our MHT-X on PIDray (a) easy, (b) hard, and (c) hidden testing sets.

of parameters (100.52M), highlighting a trade-off between
model complexity and processing efficiency. On the other
hand, methods like YOLOv3 and YOLACT demonstrate
a more balanced approach. YOLOv3 has the quickest
inference time (0.023 seconds) with moderate complexity,
while YOLACT also maintains a lower inference time
(0.036 seconds) and MACs (59.2G). Other methods, includ-
ing MS R-CNN, RetinaNet, and Mask R-CNN, show varied
performance with higher MACs and varying inference times,
indicating different trade-offs between efficiency and com-
plexity. Overall, MHT-X’s position is unique, excelling in
computational efficiency but at the cost of longer processing
times indicating a potential trade-off between complexity and
efficiency.

TABLE 9. Model complexity and run-time performance comparison of
different methods for image size of 224 × 224.

We believe that in high-sensitivity environments like
airports, prioritizing the accuracy of detection over inference
time is critical for ensuring the highest level of security.
Accurate identification of potential threats is paramount to
effectively mitigate risks and maintain safety for passengers
and staff. While minimizing inference time is desirable,
it cannot come at the expense of compromising the accuracy
of detection, which is essential for preventing security
breaches and safeguarding public welfare.

VI. CONCLUSION
This paper proposes the Multi-Scale Hierarchical Trans-
former for X-ray Detection (MHT-X), a novel framework
designed to enhance automated baggage screening systems.
MHT-X addresses key challenges such as occlusion, clutter,
and the global context of threats by integrating a multi-scale
contour mapping technique with hierarchical feature extrac-
tion using ViT. This proposed method is effective and has
outperformed different existing SOTA frameworks. However,
our model requires more data and correctly labeled data to
work effectively in a fully supervised manner. Additionally,
the training complexity of MHT-X, with its substantial
large number of parameters, poses challenges, especially
for smaller-scale projects. Moreover, MHT-X’s requirement
for a fixed number of output slots limits its flexibility
in scenarios with variable numbers of objects, leading to
potential inaccuracies in cluttered scenes or when the number
of objects exceeds the model’s predefined output size. Future
work could explore leveraging MHT-X for segmentation
tasks and investigating the integration of Vision language
models to further enhance its capabilities.
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