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ARTICLE INFO ABSTRACT

Keywords: Detecting suspicious objects contained within passenger baggage is one of the most difficult tasks, even for
X-ray security imagery the security experts. To address this problem, many researchers have developed computer-aided screening
Baggage threat detection methods employing deep learning models to detect the presence of contraband items using X-ray imagery.
Deep learning i However, all of these models have limitations or bottlenecks when it comes to detecting prohibited objects
Incremental instance segmentation . . s
that are heavily obscured, cluttered, overlapping, and well concealed within the baggage. To overcome these
challenges, we present a novel instance segmentation framework that transforms the conventional semantic
segmentation models to perform instance-aware segmentation, via incremental learning, to automatically
detect suspicious baggage items. This framework leverages knowledge distillation, enabling the model to
iteratively learn and retain multiple instances of threat items. By continuously adapting, the model improves
its ability to distinguish between different instances, showcasing significant advancements in security and
threat detection. To overcome the under-segmentation and over-segmentation problem of the incremental
instance segmentation, we introduced the use of a lightweight regressor model that can accurately identify the
overlapping instances of the suspicious objects which enables the optimal selection of the segmentation model
to perform the required task. Moreover, the proposed framework has been rigorously tested on two publicly
available datasets on which it achieved the mask mean average precision scores of 0.54 and 0.51, respectively,
at the inference stage. Similarly, the proposed method outperformed the state-of-the-art methods by 5.88%,
and 8.51% in terms of mask mean average precision scores across both datasets, respectively. In addition to
this, the proposed framework provides an optimal trade-off between performance and efficiency as compared
to its competitors.

1. Introduction personnel in identifying suspicious objects within baggage X-ray scans.
A number of researchers have worked on developing autonomous

The rapidly escalating demands in the aviation sector exacerbate systems for detecting prohibited items. Nonetheless, most of these
the difficulties in security inspections due to the increased risk pre- methods depend on traditional detectors, which are predominantly
sented by suspicious individuals concealing contraband items in their engineered for RGB images (Lin et al., 2014). When utilized for de-

baggage (Velayudhan et al., 2022b). Consequently, global authorities
have enhanced their security protocols primarily through the utiliza-
tion of security X-ray scanners to identify potential contraband items
concealed within the baggage. Nonetheless, the manual inspection of
baggage through security X-ray scans is a subjective procedure sus-
ceptible to human error, especially during peak hours. Consequently,
it is necessary to develop autonomous systems that can aid security

tecting suspicious baggage items from X-ray imagery, their efficacy
significantly declines due to the inherent disparities between X-ray and
RGB scanners (Velayudhan et al., 2022b). To address these challenges,
researchers have created detection models tailored for X-ray imagery to
identify concealed contraband items through contour and edge-based
mechanisms (Hassan et al., 2023; Velayudhan et al., 2022a). However,
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these methods also fail to accurately localize the instances of suspicious
items contained within the baggage X-ray scans.

Incremental learning enables models to adapt to new information
over time without losing previously acquired knowledge. Various in-
cremental learning strategies have been explored in the literature to
address the issue of catastrophic forgetting, which occurs when a pre-
trained Al model is adapted to new tasks. Among these, knowledge
distillation has emerged as a popular technique for preserving pre-
viously learned information while enabling the model to adapt to
new classes or domains. Khan et al. (2022), Sirshar et al. (2021),
Michieli and Zanuttigh (2021), Tian et al. (2019), Dhar et al. (2019)
and Cermelli et al. (2020). Incremental few-shot instance segmentation
(iFSIS) has recently emerged as a solution for adapting models to novel
classes with limited data and minimal computational resources. The
Embedding Calibration Incremental Multi-Task Feature Aggregation
technique by Gao et al. (2025) and the Fine-Tune-Free Incremental
Segmentation method with Novel Weight Generation by Zhang et al.
(2025) both address this challenge without relying on fine-tuning for
newly added classes. The framework by Gao et al. (2025) enhances the
representation of novel class prototypes through embedding diversifica-
tion and calibration mechanisms, but it is sensitive to feature variability
and often faces background confusions, especially in a cluttered bag-
gage environment. while the method by Zhang et al. (2025) introduces
a learnable weight generator along with a piecewise similarity func-
tion and probability-based confidence calibration, achieving superior
stability and accuracy as compared to Gao et al. (2025).

Very limited research focuses on acquiring instance information of
the suspicious baggage items, which could assist security personnel in
differentiating between prohibited and non-prohibited items (e.g., drugs
and knives). For example, Hassan et al. (2022a) introduced a frame-
work that enables the model to incrementally learn and accurately
differentiate between multiple instances of the same threat item.

To address the evolving challenges in the domain of baggage threat
detection, we propose a new incremental learning-based approach
that iteratively updates the semantic segmentation model to recog-
nize individual instances of contraband items in baggage X-ray scans
utilizing limited training samples. Semantic segmentation models are
limited toward differentiating individual instances of the suspicious
objects, as evident from Fig. 1. However, this problem is effectively
addressed by the proposed scheme as it dynamically modifies the
conventional segmentation model to perform instance segmentation
through incremental learning.

Moreover, the prime motivation for designing the proposed incre-
mental instance segmentation method is also to overcome the limita-
tions of existing instance segmentation methods, which needed explicit
re-training and fine-tuning rounds on each dataset in order to effec-
tively recognize different instances of suspicious baggage items from
the security X-ray imagery. The proposed scheme, because of its incre-
mental learning nature, possesses the ability to segment new and evolv-
ing types of contraband object instances from different datasets without
requiring exhaustive re-training and fine-tuning routines. Through
iterative training, the model leverages incremental learning to contin-
uously acquire multiple instances of the same threat class. By incorpo-
rating knowledge distillation, it not only learns new instances but also
retains prior knowledge. By stage m, the model is capable of distin-
guishing between m distinct instances of threat items, demonstrating its
robustness and adaptability. To overcome the under-segmentation and
over-segmentation problems associated with incremental instance seg-
mentation, we introduce a lightweight regressor model that accurately
identifies overlapping instances of suspicious objects. This enables the
optimal selection of the segmentation model to effectively perform the
required task.
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1.1. Related works

Many researchers have proposed baggage screening systems, from
which early works leveraged traditional machine learning schemes,
while subsequent works focused on deep learning. This section presents
a comprehensive overview of the main techniques in both categories
while we refer the readers to Velayudhan et al. (2022b) for an in-depth
literature survey.

1.1.1. Conventional methods

The pioneering conventional methods were focussed on threat ob-
ject classification using Bag-of-visual words in combination with Sup-
port Vector Machine (SVM) (Bastan et al., 2011; Hassan and Hassan,
2014; Akbar et al., 2017; Kundegorski et al., 2016), K-Nearest Neigh-
bors (K-NN), and Random Forest (Jaccard et al., 2014). Moreover,
researchers have also investigated the performance of several feature
descriptors, such as SIFT (Mery et al., 2016a), SURF (Bastan et al.,
2011), and FAST SURF (Kundegorski et al., 2016), after coupling them
with the traditional classifiers. The clustering of descriptors further
improved results for better discrimination between positive and neg-
ative categories (Ahmed et al., 2022a; Turcsany et al., 2013; Masood
et al.,, 2022). Sparse representation (Mery et al., 2016b) and fuzzy-
based image classification (Liu and Wang, 2008) were also explored to
classify contraband items from X-ray images. In addition to this, earlier
works also employed edge (Nercessian et al., 2008) and shape context
descriptors (Belongie et al., 2002; Riesenhuber and Poggio, 1999) to
localize and recognize contraband objects within the baggage X-ray
imagery. Single and multi-view X-ray images were also evaluated in the
literature for the detection of multiple contraband objects, including
guns, shurikens, knives, and laptops (Rifo et al., 2019).

Moreover, image segmentation methods based on conventional ma-
chine learning were also proposed for contraband object recognition,
where sections of the candidate scans are extracted, and then dis-
tinct features are computed for recognizing suspicious items (Wang
et al., 2005b). Similarly, relational graph-based (Ding et al., 2006;
Wang et al., 2005a), and probabilistic (Singh and Singh, 2004) ap-
proaches have also been proposed for segmenting threat objects from
the baggage X-ray scans. However, such approaches are successful only
in less cluttered scenarios. Region-growing approaches in combina-
tion with SURF features and nearest neighbor distance classifier have
been observed to yield better segmentation results (Velayudhan et al.,
2022b).

1.1.2. Deep learning methods

Similar to conventional methods, deep learning methods for identi-
fying contraband objects are also built using classification, detection,
and segmentation strategies (Chen et al., 2024; Gaus et al., 2024;
Velayudhan et al., 2024).

Classification methods primarily used transfer learning for distin-
guishing between normal and contraband objects from the baggage
scans. In addition, datasets like GDXray (Riffo et al., 2015), and
SIXray (Miao et al.,, 2019) were also released publicly to aid re-
searchers in developing robust threat detection models. Similarly, Grif-
fin et al. (2019) utilized deep features extracted from the image using
Inception-v2 (Szegedy et al., 2014) model to screen threatening and
non-threatening items from the baggage X-ray scans.

Some studies explored conventional object detection models. For
example, Akcay et al. (2018) utilized R-FCN (Dai et al., 2016) and F-
RCNN (Girshick et al., 2014) in combination with VGG-16 (Simonyan
and Zisserman, 2015) for detecting contraband items. In Liang et al.
(2018), single and multiple-view X-ray scans were compared using
detection models such as F-RCNN (Girshick et al., 2014), R-FCN (Dai
et al., 2016), and SSD (Samet Akcay, 2018). Moreover, Hassan et al.
(2023) proposed a two-step object detection approach to detect con-
traband items from the grayscale and colored X-ray scans. In the first
step, a large number of region proposals were extracted offline which
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Fig. 1. An example showcasing (A) the original X-ray scan, (B) the extracted contraband objects through semantic segmentation, in which it is challenging to differentiate between
multiple overlapping instances of the same threat category, and (C) overlapping instances of contraband objects extracted individually through the proposed scheme.

are then screened in the second-stage using a pre-trained backbone
model. In another work, Hassan et al. (2020b) used intensity transitions
to generate contours for identifying the concealed contraband objects.
Similarly, Wang et al. (2021) proposed an attention-based framework
to leverage the boundary and material-specific cues of the prohibited
items in the baggage scans. Velayudhan et al. (2022a) coupled Broad
Learning systems (Chen and Liu, 2018; Gao et al., 2020) with CNNs
to detect hidden contraband items using few-shot learning. Further-
more, Ma et al. (2023) recently fused low-level and high-level features
using an aggregation function and fed those features to object detec-
tion frameworks for the identification of highly concealed prohibited
objects.

However, due to the limited availability of pixel-wise annotations,
only a few segmentation schemes have been utilized in literature for
baggage threat detection (Shafay et al., 2021b). A dual attention-based
encoder—decoder architecture was employed by An et al. (2019) to
classify threat objects from X-ray imagery. Chen et al. (2024) pro-
posed a mix-paste method for prohibited item detection from the X-ray
scans under noisy annotations. Gaus et al. (2024) used the Segment
Anything Model (SAM) (Kirillov et al., 2023) to recognize threat ob-
jects from security X-ray scans. Velayudhan et al. (2024) presented
an autonomous localization of suspicious objects using weakly super-
vised learning. Shafay et al. (2021a) exploited temporal information
for semantic segmentation and assessed their model on the publicly
accessible GDXray dataset (Riffo et al.,, 2015). Ahmed et al. (2022b)
tackled class imbalance issues using a novel balanced affinity loss
and evaluated their contour-based instance segmentation model across
different datasets. In another work, Ahmed et al. (2024) developed a
contour-driven classification and segmentation pipeline to recognize
contraband objects from baggage X-ray scans. Bhowmik et al. (2021)
extracted high discriminative features to be utilized in segmentation
through high and low-energy scans. Chouai et al. (2020) proposed
another semantic segmentation model based on auto-encoders for sep-
arating the contraband items within the baggage X-ray scans. Hassan
et al. (2022a) proposed another instance-aware semantic segmentation
scheme, which is capable of separating different suspicious baggage
items and their instances via Bayesian inference.

1.2. Contributions

After a thorough literature review, we found out that there are
limited instance-aware segmentation frameworks that can detect suspi-
cious items concealed within the baggage. One of the pioneer works in
this direction was done by Hassan et al. (2022a) in which they proposed
an incremental learning-driven instance segmentation pipeline to detect
cluttered contraband items. However, the detection results produced
by their scheme were vulnerable to over-segmentation problems. For
example, they used mth model instance (M,,) to perform k-instance
segmentation tasks, where m > k. Therefore, in cases where k value is
much smaller than m, i.e., k << m, their proposed scheme produces

over-segmentation results (Hassan et al., 2022a). To address these
issues, we introduce the utilization of regressor R, that optimally
selects the kth model instance, dubbed M,, to perform k-instance seg-
mentation, thus avoiding over-segmentation and under-segmentation
issues that are typically produced during an incremental instance seg-
mentation (Hassan et al., 2022a). Furthermore, we proposed a new L,
loss function that constrains the backbone model during incremental
training to robustly detect the cluttered contraband items and their
instances while avoiding catastrophic forgetting (Hassan et al., 2022a).
To summarize, the main contributions of this paper are:

» We propose a regressor-driven optimal incremental instance seg-
mentation framework capable of learning distinctive features of
overlapping suspicious objects within baggage X-ray scans.

The regressor R, within the proposed framework identifies the
optimal model M, based on the number of overlapped instances
k, reducing thus the false detections produced by M,, that can
lead to over-segmentation and under-segmentation results (Has-
san et al., 2022a).

We also introduce the £, loss function that is administered
through the remembrance factor (f). £, loss function allows the
proposed model to resist catastrophic forgetting during incre-
mental training and effectively retain its prior knowledge while
learning new representations of suspicious baggage items and
their instances.

The rest of the paper is organized as follows: Section 2 presents
the details about the datasets used in this research and the proposed
method. Section 3 presents the experimental setup and the results of
the proposed method. Lastly, Section 4 discusses the strengths and
weaknesses of the proposed method compared to the state-of-the-art
(SOTA) works. Section 4 also concludes the paper and highlights the
prospects of the proposed system.

2. Materials and methods

Despite their capacity to preserve categories pixel-by-pixel, seman-
tic segmentation methods cannot differentiate overlapping instances
of the same class (as illustrated in Fig. 1). To address this issue,
we propose a novel regressor-driven incremental instance segmenta-
tion framework capable of learning distinctive feature representations
of overlapping threat instances from highly cluttered and randomly
stacked baggage scans. One of the uniqueness of the proposed system is
its ability to resist catastrophic forgetting during incremental training
and effectively retain its prior learned knowledge while learning new
representations of the suspicious baggage items and their instances
to screen them at the inference stage effectively. This remembrance
ability makes the proposed system ideal to be deployed at airports
for autonomous real-time baggage threat detection, especially during
rush hours. Also, unlike competitive methods, the proposed system
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Fig. 2. Schematic diagram of the proposed framework. In the first training cycle, model M, is trained to segment suspicious baggage items. Moreover, in /th cycle, the model M,
is able to identify up to / instances of the contraband objects. During the testing phase, model M, first segments distinct objects (but not their individual instances). Afterward, a
connected component analysis (CCA) is performed to identify the proposals of these contraband objects. Each proposal generates a fixed-size patch, which is then passed to R,,
which outputs k, a number of merged item instances. The k value selects the appropriate model instance M, to segment k occluded instances from the input scan.

does not require any superfluous object detector or exhaustive training
overheads to perform instance segmentation (He et al., 2017; Li et al.,
2017; Hariharan et al., 2015; Zagoruyko et al., 2016).

The incremental learning aspect of the proposed scheme focuses on
learning the instances of overlapping threat items, where a distinct class
represents each instance. Moreover, the proposed scheme employs a
lightweight regressor model R, to optimally select the kth model (M,)
at the inference stage to perform the required task, thus avoiding over-
segmentation issues as compared to its competitors. In the subsequent
sections, we present the details about the datasets that are used in this
research as well as a detailed description of the proposed scheme.

2.1. Datasets

The proposed system underwent training and testing on publicly
available GDXray (Riffo et al., 2015) and SIXray (Miao et al., 2019)
datasets. The GDXray dataset comprises five distinct data categories:
Baggage, Castings, Welds, Nature, and Settings. However, our work is
specifically focused only on the Baggage category, which consists of
8150 X-ray images containing three classes: guns, shuriken, and razors.
Recognizing contraband items in these grayscale images is particularly
challenging due to their texture-less nature. To expand the coverage of
prohibited item detection beyond these three categories, we introduced
two additional classes: knives and chip (that detect all the suspicious
items like laptops, and mobile phones). Moreover, a total of 400 images
were utilized for training the proposed method to recognize guns,
shuriken, and razors, while 388 images were dedicated to training it for
recognizing chips and knives. The rest of the 7632 images were allocated
for testing purposes. Apart from this, SIXray (Miao et al., 2019) contains
1,059,231 colored X-ray images featuring instances of contraband items
with significant occlusion and overlap. For our experiments, we utilized
80% of the SIXray images for training and kept the remaining 20% for
testing (Miao et al., 2019). We also want to highlight that in order to
test the generalization ability of the proposed model and compare it
with the SOTA methods, we also trained it on SIXray (Miao et al., 2019)
and tested it on an unseen PIDray (Zhang et al., 2023) dataset to extract
contraband items, such as scissors, knives, guns, wrenches, and pliers. The
experiments that assess the generalization ability of the proposed model

and compare it with the SOTA methods are reported in Section 3.7 and
Table 10.

2.2. Method overview

An overview of the proposed incremental instance segmentation
framework is depicted in Fig. 2. It comprises an optimal encoder—
decoder model, identified by the regressor R,, to effectively discrimi-
nate between overlapping instances of the contraband objects. Assume
m represents the maximum overlapping instances of suspicious baggage
items within the respective dataset; the encoder-decoder network is
trained incrementally, using m steps of incremental learning, enabling
the proposed framework to learn distinctive representations of the
individual threat instances and differentiate them effectively.

The training routine of the proposed scheme involves m models
M|, My, ..., M,,. Then, at each incremental step /, (! < m), the model
M, learns to distinguish between / instances of contraband while pre-
serving the learned knowledge of M,_, by transferring the weights
from M,_,. It is to be noted that M, is similar to M, except for the
modifications in the final layer that enable it to distinguish up to /
overlapping instances of the same threat category.

During the first iteration, model M, extract suspicious baggage
items. During the second iteration, the weights of M, are transferred
to model M, that is capable of distinguishing up to two occluded
instances of the same object. M, is trained on a reduced batch of
images that contains up to two overlapped items only. This same
workflow is repeated till iteration m to train model M,,, capable of
identifying the maximum m instances of the same contraband object,
using only a subset of the training data with m overlapping threat
instances, while retaining the knowledge learned by M,,_;. This is
performed by constraining M, (in /th iteration) using incremental loss
function £, to update its weights while making sure that the model
retains its prior knowledge learned in / — 1 iteration.

During inference, the patch extractor utilizes the segmentation mask
generated by model M, to extract the corresponding proposals from the
input scan. These proposals are passed to R, to identify the number of
overlapping instances k contained within the scan, where k € 1,2, ..., m.
This value k then selects the optimal model M, to perform the required
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task. It should also be noted that the proposed scheme utilizes only two
segmentation models at the inference stage to detect contraband objects
and their instances. These two segmentation models are M, and M,.

2.3. Semantic segmentation

As detailed above, the proposed model M,, constitutes an encoder—
decoder backbone that performs initial semantic segmentation to iden-
tify the prohibited items within the baggage imagery. The encoder
head preserves the object semantics during image decomposition us-
ing a feature pyramid network (Zhao et al., 2017). Upsampling and
convolution operations are utilized to reconstruct features during the
decoding process. Models M, to M,, are similar to M, except for the
modifications in the final layer to accommodate the different threat
instances. Overall, there are 31.5M parameters in each model, of which
61k are non-trainable.

As a semantic segmentation framework, M, is capable of identifying
various contraband items such as a gun merged with a knife, but cannot
differentiate between the same isolated or merged item within an im-
age, such as two overlapping guns. During training, M, is constrained
via categorical cross-entropy loss function L., as expressed in Eq. (1):

Bg,—1c-1
1
Loo==3= 2 X 5ijlog(el;))). ¢
sz =0 j=0

where b, is the batch size, ¢ indicates the classes, while s, ; is ith pixel
of the jth category and p(/; ;) is the logit (/; ;) probability dlStI'lbuthl‘l.

2.4. Incremental instance segmentation

Once the encoder—-decoder model has been trained for semantic
segmentation, the next step is to further train it through incremental
learning to perform instance-aware segmentation, enabling it to differ-
entiate highly cluttered similar contraband items. In order to enable
the model to recognize the merged instances of the same category,
new classes are added to the last layer while retaining the previous
knowledge. Hence, model M, (in /th iteration) learns distinctive feature
representations to extract up to / instances of contraband items (i.e., /
instances of a knife, gun, wrench, etc.) by retaining the knowledge of the
previous model M,_; through weight transfer. It should be emphasized,
however, that M, is trained on a reduced batch of scans that only
contains up to / overlapping contraband items.

2.5. Regressor

Regressor module R, intelligently identifies the maximum number
of overlapping threats in an image patch and selects the optimal model
to perform the required instance segmentation task. R, is trained on
a set of cropped sub-images containing overlapping threats to predict
the number of such instances effectively. R, consists of one input layer,
four activations, two average pooling, four batch normalization layers,
and one output layer.

Initially, model M, performs semantic segmentation on the input
scan to generate an output mask. The patch extractor utilizes the seg-
mentation mask generated by model M, to extract the corresponding
proposals from the input scan. These proposals are passed to R, to
identify k, where k € 1,2,...,m. This value k then selects the optimal
model M, to perform the required task.

2.6. Loss functions

Instance segmentation within the proposed scheme is performed by
constraining M, using £, loss function. £, is a combination of two
loss functions, i.e., L, and Ly, that collectively constrain the model
in order to learn new instance segmentation tasks incrementally while
retaining its prior knowledge. L, allows the proposed model to retain
its prior knowledge in each incremental iteration, while L, allows the

Engineering Applications of Artificial Intelligence 157 (2025) 111421

model to learn new incremental instance segmentation tasks in each
iteration. Additionally, L,, is administered through the hyperparameter
p that controls the ability of the proposed model to learn new tasks
while remembering its prior knowledge during incremental training.
The optimal value of g is determined through a set of ablation exper-
iments reported in Table 3. Moreover, L, is mathematically expressed
in Egs. (2)-(4):

Li=Ly+Lyy 2
where
By, —1c-1
L33 e togpit2 ) ®3)
xz i=0 j=0
and
—le-1
Lya = Z > a(s! ) logla(s) )/pAI2 ) )
sz i=0 j=0

L, is the cross-entropy loss function where p(7 ) is the logit a)
probab111ty obtained from the ith sample of jth class which model
learns in iteration 1 to k — 1.

f is a remembrance factor that controls the model’s capability
to retain its prior knowledge during incremental training. Through
rigorous experimentation, we have found the most optimum value of
p is 10 for effective learning in this application (see Section 3.3.2 and
Table 3 for more details).

Furthermore, the proposed scheme also employs the Kullback
Leibler Divergence (KLD) loss function (£,,,) to learn new classes. L,
is mathematically expressed in Eq. (4), where p(llffj) is the logit (li’tj)
probability, and q(t})) is the ground truth @) probability.

Apart from this, R, is trained using mean absolute error loss func-
tion L,,,,, as expressed in Eq. (5):

mae = bL Z (|Yi - Y,pl) (5)
Z =0

where )/ and y; are the predicted and true value of the ith sample.
Another consideration to keep in mind here is that if there are two kinds
of objects with a different number of overlapping instances (e.g., gun
=2, and knife = 3), R, will look for the maximum number of suspicious
baggage items’ instances (i.e., 3). Thus, M; will be chosen to perform
up to 3-instance segmentation. Moreover, a detailed discussion on
the conclusiveness of results and the strengths and weaknesses of the
proposed scheme is presented in Section 4.

3. Results

This section presents a detailed evaluation of the proposed frame-
work and its comparison with SOTA models across different public
datasets. Before discussing the results, we also report the details about
the training and implementation protocols, as well as the evaluation
metrics.

3.1. Implementation and training process

The training process comprises two stages. Initially, models M,
through M,, undergo training, followed by the training of the regressor
R, in the subsequent step. Model M, is trained according to the testing
and training percentages of the datasets. In subsequent iterations,
models M, to M,, are tuned using only 15% of the images to perform
instance segmentation tasks. R, is trained on 10,564 proposals from
SIXray and 143 proposals from the GDXray dataset. The proposed
scheme is implemented on the Anaconda platform utilizing TensorFlow
2.2.0, executed on a Lambda Labs Tensorbook equipped with an Intel
Core 17-9750H@2.6 GHz processor, 32 GB RAM, and a single NVIDIA
RTX 2080 Max-Q GPU. The encoder-decoder underwent training for 10
epochs, followed by an incremental training cycle lasting five epochs,
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Fig. 3. Training and validation curves of M, in terms of accuracy and L, loss function across the SIXray dataset. M, achieves low model prediction error and low performance

variance after training, which evidences its optimal training.

with optimizations applied in each epoch using the ADADELTA op-
timizer (Zeiler, 2012). The regressor R, was trained for 120 epochs
utilizing the ADAM optimizer (Kingma and Ba, 2014). The training and
validation curves for M, for SIXray (Miao et al., 2019) dataset is shown
in Fig. 3. From Fig. 3, we can observe that the M, achieves low model
prediction error and low-performance variance across training and
validation sets, which evidences its optimal training toward segmenting
concealed and cluttered threat objects. Moreover, M, has 31,516,059
parameters, of which 31,454,316 are trainable and 61,743 are non-
trainable. The architectural details of M, and the source code of the
proposed framework along with demo videos are publicly released on
GitHub.!

3.2. Evaluation metrics

The quantitative performance of the proposed scheme was evalu-
ated using various performance metrics, following the guidelines set
forth in the Microsoft COCO challenge of 2017 (Lin et al., 2014). The
following five metrics were used to assess the semantic segmentation
performance: (1) mAP,: mean average precision (mAP) of mask at
50% < IoU <95% thresholds with 5% step size, (2) mAP_,°°: mAP of
mask for ToU > 50%, (3) mAP,,”>: mAP of mask for IoU > 75%, (4)
IoU,,: extracted mask quality using IoU scores, and (5) DC,,: extracted
mask quality using the dice coefficient (DC). The metrics mAP,, IoU,,
and DC,, are mathematically expressed in Egs. (6)-(11):

c—1 w-1
mAP, =Y Y P, AR, ©
i=0 j=0
P = L @
» TP,-J- + FP,-J
Rij = L, (8)
S TP+ FN,;
AR, ;=R;; - R;; |, 9
TP
IoU, = ————"———, (10)
TP,+FP,+FN,
2TP,
DC, (€R0)

™~ 2TP,+ FP,+FN,,

where ¢ denotes the number of classes, w denotes the number of
predictions for the ¢ classes, P;; denotes precision calculated for jth
prediction belonging to ith class of c. R;; denotes recall calculated
for jth prediction belonging to ith class of c. TP,;, FP,;, FN,;, re-
spectively, denote true positives, false positives, and false negatives for

1 Source code: https://github.com/taimurhassan/regIncSeg.

Jjth prediction belonging to ith class in ¢. Also, TP,,, FP,, and FN,,
respectively, denote true positives, false positives, and false negatives
for the mask predictions and ground truth pairs. Apart from this, the
detection performance of the proposed model was evaluated using
the following three metrics: (1) mAP;: mAP of the bounding box at
50% < ToU <95% thresholds with 5% step size, (2) mAP,>°: mAP of the
bounding box for IoU > 50%, and (3) mAP;,”>: mAP of the bounding
box for IoU > 75%. It should be noted that mAP,, and mAP, are
calculated in the same manner. The only difference is that mAP, is
calculated from mask predictions and ground truths, whereas mAP;, is
calculated from bounding box predictions and ground truths. Moreover,
we also calculate root mean square error (RMSE), expressed in Eq. (12),
to assess regressor R, performance.

RMSE = (12)

where h denotes the total number of proposals passed to R,, k{, and k;
represent the actual and predicted number of overlapping contraband
instances contained within the ith proposal, respectively.

3.3. Ablation studies

We performed a series of ablation experiments to determine (1)
optimal backbone model, (2) optimal g value, and (3) the regressor
performance to detect the overlapping instances of the contraband
objects.

3.3.1. Optimal backbone model

In the first ablation study, we determined the optimal backbone
model that can be plugged into the proposed system to identify sus-
picious baggage items and their instances. For this purpose, we in-
crementally trained the proposed model M and the other popular
segmentation models, such as, PSPNet (Zhao et al., 2017), UNet (Ron-
neberger et al., 2015), DSRL (Wang et al., 2020) and FCN-8 (Long
et al., 2015). As reported in Table 1, all the models, except FCN-8, pro-
duced competitive performance, while the proposed model significantly
outperformed all of these baseline models and is ranked as first. The
UNet (Ronneberger et al., 2015) is ranked as the second-best performer,
where the proposed model outperformed UNet (Ronneberger et al.,
2015) specifically on GDXray dataset (Riffo et al., 2015) with an
average improvement of 11.0%, 7.0%, and 4.0% in terms of IoU,,, DC_,,
and mAP,, respectively. Additionally, for SIXray dataset (Miao et al.,
2019), our model exhibited a performance gain of 13.0% in IoU,,, 9.0%
in DC,,, and 4.0% in mAP_,. The degraded performance of FCN-8 (Long
et al., 2015) can be attributed to its inability to effectively incorporate
high-resolution features during the up-sampling process. Since M had
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Performance evaluation of the proposed scheme using different backbone models across GDXray (Riffo et al., 2015) and SIXray (Miao et al., 2019). The best performance is

indicated in bold, while the second-best performance is underlined.

Metric Dataset DSRL (Wang PSPNet (Zhao UNet FCN-8 (Long Proposed
et al., 2020) et al., 2017) (Ronneberger et al., 2015)
et al., 2015)
IoU,, GDXray (Riffo et al., 2015) 0.76 0.74 0.78 0.62 0.89
IoU,, SIXray (Miao et al., 2019) 0.66 0.65 0.68 0.50 0.81
DC, GDXray (Riffo et al., 2015) 0.86 0.85 0.87 0.76 0.94
DC,, SIXray (Miao et al., 2019) 0.79 0.78 0.80 0.66 0.89
mAP, GDXray (Riffo et al., 2015) 0.50 0.47 0.50 0.43 0.54
mAP_ SIXray (Miao et al., 2019) 0.46 0.44 0.47 0.39 0.51
Table 2

Ablation experiments for optimum loss function for incremental learning in terms of mAP for performing instance segmentation. Abbreviations used are CE: Cross Entropy, KLD:
Kullback-Leibler divergence, LwM: Learning without Memorizing, CIEM: Contraband Items Extraction Model, CLR:Continual Learning Objective for analyzing complex knowledge

representations.
Dataset CE loss KLD loss CIEM loss (Hassan et al., 2022a) LwM (Dhar et al., 2019) CLR (Khan et al., 2022) Proposed loss
GDXRAY (Riffo et al., 2015) 0.41 0.43 0.51 0.44 0.48 0.54
SIXRAY (Miao et al., 2019) 0.39 0.41 0.47 0.42 0.46 0.51

better performance compared to others toward performing the incre-
mental baggage threat instance segmentation tasks, we chose it as a
candidate backbone model in the rest of the experimentation.

3.3.2. Optimal loss function and g value selection

This ablation study is structured into two parts. In the first part,
we evaluated the effectiveness of various loss functions from the lit-
erature that are commonly used for knowledge distillation segmenta-
tion tasks. This is followed by the selection of the optimal g value
corresponding to the best-performing loss function. Specifically, we
compared: (i) the standard cross-entropy loss, (ii) the Kullback-Leibler
(KL) divergence loss, and (iii) a composite loss function combining
cross-entropy, KL divergence, and mutual information, as introduced
in Hassan et al. (2022a). Additionally, we evaluated the loss function
proposed by Khan et al. (2022), which formulates a continual learning
objective to preserve complex knowledge representations, although it
was not originally designed for threat-specific instance segmentation.
We also consider the approach by Dhar et al. (2019), which attempts
to learn without relying on data memorization. However, this method
exhibits limitations in maintaining robust segmentation performance
across diverse datasets, particularly in scenarios involving evolving
instance-level variations. The results of these experiments are discussed
in Table 2. The results of this ablation study demonstrate that the
proposed loss function outperforms other existing methods in terms
of effectiveness. In second part of the experiment, we varied the g
factor during training to determine its optimal value, which produces
the best threat detection performance at the testing phase across both
GDXray (Riffo et al., 2015) and SIXray (Miao et al., 2019) datasets.
The results for this experiment are shown in Table 3 from which we
can analyze that g = 10 yield the best performance of 0.54, and 0.68
in terms of mAP,, and mAPy,, respectively across GDXray (Riffo et al.,
2015) dataset. Similarly, across the SIXray (Miao et al., 2019) dataset,
the proposed model also achieves the best detection performance of
0.51 and 0.63, in terms of mAP_,, and mAP;, respectively at f =
10. Therefore, we chose the optimal value of # to be 10 in order to
incrementally train the proposed model M.

The results presented in Table 2 highlight the individual contri-
butions of the Cross-Entropy and Kullback-Leibler Divergence loss
functions, demonstrating their distinct roles in improving classification
accuracy and knowledge retention. Additionally, Table 3 illustrates the
effect of varying the g factor, showing how different weight distri-
butions between these loss components influence the model’s perfor-
mance, particularly in balancing the trade-off between learning new
instances and retaining previously learned knowledge.

Table 3
Varying f factor to analyze network segmentation and detection performance at the
testing phase. Bold indicates the best performance.

Yl SIXray (Miao et al., 2019) GDXray (Riffo et al., 2015)
mAP,, mAP, mAP,, mAP,
5 0.49 0.58 0.51 0.64
10 0.51 0.63 0.54 0.68
15 0.48 0.57 0.49 0.61
20 0.44 0.53 0.46 0.57

3.3.3. Regressor performance

In the last series of experiments, we evaluated the performance of
the regression model R, to accurately recognize suspicious baggage
items and their instances via RMSE score. It can be observed that
across both datasets, R, performed reasonably well in recognizing
the suspicious baggage items and their instances. For example, on
GDXray (Riffo et al., 2015), R, achieved the RMSE score of 0.2417
at the testing phase. Similarly, across the SIXray dataset (Miao et al.,
2019), it achieved the RMSE score of 0.3152 at the testing phase. The
performance difference of R, between GDXray and SIXray is because of
the fact that GDXray only contains at-most two overlapping instances
of the contraband objects, whereas SIXray contains up to six suspi-
cious baggage items and their instances within the single patch. So,
accurately recognizing the instances of the threat objects from SIXray
dataset is more challenging, compared to the ones on the GDXray
dataset. However, despite the fact that the regressor has accurately
recognized the overlapping instances of the contraband objects which
significantly improved the threat detection performance of the pro-
posed model across both datasets. We encourage its utilization in rest
of the experimentation.

3.4. Assessments on GDXray

We first tested the proposed method on GDXray. It should be
noted that GDXray only provides bounding box annotations; that is
why to verify mask extraction performance, we used the annotations
released by Hassan et al. (2022a). Moreover, we also used the original
annotations to verify the bounding box identification performance of
the proposed method, as reported in Table 4 in terms of mAP_, and
mAP,,. Under fair comparison, the proposed method outperformed the
segmentation performance of second-best contraband items extraction
model (CE) (Hassan et al., 2022a) with an average improvement of
5.88% in mAP,, 4.88% in mAP,°°, and 7.27% in mAP,,”>. Further-
more, the proposed method also exhibited better detection performance
compared to the second-best model (Hassan et al., 2022a), with an
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GDXray: Comparison of the proposed model with SOTA baggage threat detection frameworks. The best performance is in bold, while underlined
is the second-best performance. Moreover, the abbreviations are: TST: Trainable Structure Tensors (Hassan et al., 2020a), CIEM: Contraband Items
Extraction Model (Hassan et al., 2022a), CST: Cascaded Structure Tensors (Hassan et al., 2023), NPF-iFSIS: Novel Prototype and Function-based
Incremental Few-Shot Instance Segmentation (Zhang et al., 2025), EC-iIMTFA (Gao et al., 2025) and BLD: Broad Learning Detector (Velayudhan

et al., 2022a).
Method mAP,, mAP, 50 mAP,,75 mAP, mAP, 5 mAP, 7%
Mask R-CNN (He et al., 2017) 0.43 0.71 0.46 0.52 0.78 0.58
YOLACT (Bolya et al., 2019) 0.36 0.65 0.37 0.48 0.74 0.54
TST (Hassan et al., 2020a) 0.46 0.76 0.51 0.57 0.82 0.64
CIEM (Hassan et al., 2022a) 0.51 0.82 0.55 0.64 0.88 0.71
CST (Hassan et al., 2023) 0.49 0.79 0.53 0.61 0.85 0.68
BLD (Velayudhan et al., 2022a) 0.44 0.73 0.48 0.54 0.80 0.61
NPF-iFSIS (Zhang et al., 2025) 0.34 0.56 0.44 0.46 0.63 0.53
EC-iIMTFA (Gao et al., 2025) 0.31 0.53 0.41 0.43 0.59 0.49
Proposed 0.54 0.86 0.59 0.68 0.92 0.74

Table 5

Performance evaluation of the proposed framework to extract the masks of the contraband items across GDXray (Riffo et al., 2015). Bold indicates the best performance, while
underlined is the second-best performance. The abbreviations are: CIEM: Contraband Items Extraction Model (Hassan et al., 2022a), TST: Trainable Structure Tensors (Hassan et al.,

2020a), and TP: Tensor Pooling (Hassan et al., 2022b).

Metric CIEM (Hassan et al., 2022a) TST (Hassan et al., 2020a) Mask R-CNN (He et al., 2017) TP (Hassan et al., 2022b) Proposed
ToU, 0.85 0.81 0.76 0.78 0.89
DC 0.91 0.89 0.86 0.87 0.94

'm

average gain of 6.25% in mAP,, 4.55% in mAP;%°, and 4.23% in
mAP, 7>, respectively. These significant performance improvements of
the proposed model over SOTA is further substantiated through a t-test
analysis. This analysis yielded a p-value of 0.0006 (p < 0.01) with a
99% confidence level, providing strong evidence for the superiority of
the proposed model.

Also, these performance improvements can be attributed to the
inherent capabilities of the proposed framework in achieving pre-
cise pixel-wise recognition of contraband objects, regardless of the
presence of visual clutter. This capability of the proposed scheme
is achieved through the integration of identity and pyramid pooling
blocks, where the optimal model instance within the proposed scheme
is determined at run-time by R,. Also, the capacity of the proposed
system to perform optimal incremental instance segmentation, via R,,
enables it to produce significantly better results as compared to Hassan
et al. (2022a) (see Table 4), where Hassan et al. (2022a) has found
to be vulnerable against over-segmentation and under-segmentation
issues. Moreover, since the proposed model is specifically designed
to learn incremental threat instance segmentation tasks, where its
remembrance ability is administered effectively through the g factor, it
outperformed the other SOTA models which cannot be tailored well for
the incremental instance segmentation task due to their architectural
constraints (Velayudhan et al., 2022a; Hassan et al., 2020a, 2023).

In another experimental analysis, we conducted an evaluation to
assess the capability of the proposed framework in accurately extracting
segmentation masks, utilizing the metrics IoU,, and DC,,. The results,
presented in Table 5, demonstrate that the proposed method outper-
formed the second-best CE model (Hassan et al., 2022a) by 4.71%
and 3.3% in terms of IoU, and DC_,, respectively. To further evaluate
the performance of the proposed method, a qualitative assessment was
conducted on the GDXray dataset, and the results are depicted in Fig.
4. These findings highlight the potential of the proposed framework
in accurately extracting occluded contraband items from X-ray images.
Notably, Fig. 4(I) showcases the remarkable accuracy of the proposed
method in detecting the gun object, even when it is completely con-
cealed by the presence of the laptop. This demonstrates the ability of
our method to handle challenging scenarios where contraband items
are hidden within complex objects. Furthermore, Fig. 4(H), (I), (J), and
(R) illustrate the effectiveness of our method in extracting extremely
occluded contraband objects from grayscale X-ray scans within the
GDXray dataset (Riffo et al., 2015). These results emphasize the ro-
bustness and efficacy of the proposed framework in detecting concealed
contraband items, even in challenging imaging conditions.

3.5. Assessments on SIXray

Table 6 reports the results of the proposed method on SIXray (Miao
et al., 2019). From Table 6, we can observe that the proposed method
is leading the second-best model (Hassan et al., 2022a) by 8.51%
in mAP,,, 9.86% in mAP;,°°, and 8.0% in mAP_7>. Similarly, the
detection performance of the proposed framework is also higher than
the second-best model (Hassan et al., 2022a) by 14.55%, 7.89%, and
13.79% in terms of mAP,, mAP,°, and mAP,”°, respectively. A t-
test analysis further confirms the superiority of the proposed model
compared to the second-best model (Hassan et al., 2022a) by yielding
a highly significant p-value of 0.0215 (p < 0.05, 95% confidence
level). These performance improvements again stem from the in-built
architecture of the proposed model that accurately extract the contra-
band items because of the inclusion of the identity and the pyramid
pooling blocks. Furthermore, it is worth noting that the R, enables the
proposed framework to optimally extract the cluttered instances of the
contraband objects, where such instances are incrementally learned by
the proposed scheme using the £, loss function. The £, loss function,
within the proposed scheme, prevents the backbone model from catas-
trophically forgetting the prior learned knowledge (while learning new
representations of contraband items’ instances), and the rate at which
the model is constrained to either retain its prior knowledge or learn
new representations is controlled through the p parameter.

In a series of additional experiments, we assessed the performance
of the proposed framework with SOTA methods on various subsets of
the SIXray dataset: SIXray10, SIXray100, and SIXray1000 (Miao et al.,
2019). SIXray10 comprises all 8929 positive samples from the original
SIXray dataset, accompanied by 10 times the number of negative
samples. SIXray100 includes all the positive samples from SIXray, along
with 100 times the number of negative samples. SIXray1000 consists of
only 1000 positive samples, combined with the entire set of 1,050,302
negative samples from the SIXray dataset (Miao et al., 2019). Here,
SIXray1000 is the subset that contains an extremely imbalanced ratio
of normal and suspicious baggage items. From Table 7, we can observe
that across all subsets, the proposed framework is leading the second-
best CE model (Hassan et al., 2022a) by 2.25%, 3.53%, and 7.79% in
terms of mAP,>°. The margin of improvement here is significant on the
extremely imbalanced subset, i.e., SIXray1000. This is because of the
fact that the proposed framework recognizes the cluttered contraband
items through pixel-wise recognition unlike SOTA methods (Miao et al.,
2019; Velayudhan et al., 2022a). Furthermore, R,, due to its robust
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Fig. 4. The qualitative assessment of the proposed method on GDXray. The results highlight the significance of the proposed framework in accurately extracting occluded prohibited

items from X-ray images. Please zoom-in for the best visualization.

Table 6

SIXray: Comparison of the proposed model with SOTA baggage threat detection frameworks. The best performance is in bold, while underlined
is the second-best performance. The abbreviations are: MGAU: Model by Gaus et al. (2019), CHR: Class-Balanced Hierarchical Refinement (Miao
et al.,, 2019), TST: Trainable Structure Tensors (Hassan et al., 2020a), CIEM: Contraband Items Extraction Model (Hassan et al., 2022a), CST:
Cascaded Structure Tensors (Hassan et al.,, 2023), BLD: Broad Learning Detector (Velayudhan et al., 2022a), NPF-iFSIS: Novel Prototype and
Function-based Incremental Few-Shot Instance Segmentation (Zhang et al., 2025) and EC-iMTFA:Embedding Calibration Incremental Multi-Task

Feature Aggregation (Gao et al., 2025).

Method mAP,, mAP, 50 mAP,,7° mAP, mAP, 5 mAP, 7%
Mask R-CNN (He et al., 2017) 0.34 0.59 0.36 0.40 0.63 0.42
YOLACT (Bolya et al., 2019) 0.31 0.56 0.33 0.36 0.62 0.38
MGAU (Gaus et al., 2019) 0.35 0.60 0.38 0.42 0.66 0.45
CHR (Miao et al., 2019) 0.27 0.52 0.30 0.31 0.59 0.34
TST (Hassan et al., 2020a) 0.38 0.61 0.42 0.45 0.70 0.48
CIEM (Hassan et al., 2022a) 0.47 0.71 0.50 0.55 0.76 0.58
CST (Hassan et al., 2023) 0.40 0.64 0.45 0.48 0.73 0.52
BLD (Velayudhan et al., 2022a) 0.37 0.59 0.41 0.42 0.67 0.44
NPF-iFSIS (Zhang et al., 2025) 0.32 0.52 0.39 0.40 0.58 0.47
EC-IMTFA (Gao et al., 2025) 0.29 0.49 0.37 0.39 0.56 0.44
Proposed 0.51 0.78 0.54 0.63 0.82 0.66

Table 7

Performance evaluation of the proposed model with SOTA methods across different subsets of SIXray dataset in terms of mAP,°. The best performance is in bold, while underlined
is the second-best performance. For a fair comparison, all the methods are trained under the same experimental settings. The abbreviations are: TP: Tensor Pooling (Hassan et al.,
2022b), CIEM: Contraband Items Extraction (Hassan et al., 2022a), BLD: Broad Learning Detector (Velayudhan et al., 2022a), CHR: Class-Balanced Hierarchical Refinement (Miao

et al., 2019), and TST: Trainable Structure Tensors (Hassan et al., 2020a).

Subset TP (Hassan et al.,, 2022b) CIEM (Hassan et al., 2022a) BLD (Velayudhan et al., 2022a) CHR (Miao et al., 2019)  TST (Hassan et al., 2020a)  Proposed
SIXrayl0 0.87 0.89 0.84 0.77 0.81 0.91
SIXray100 0.82 0.85 0.78 0.63 0.74 0.88
SIXrayl1000 0.73 0.77 0.72 0.56 0.68 0.83

training on object patches, allows the proposed framework to accu-
rately pick the optimal model instance in order to extract the cluttered
contraband objects, regardless of the level of class imbalance. Thus,
the inclusion of R, within the proposed scheme significantly boosts its
performance over other methods (Hassan et al., 2022a, 2020a, 2022b).

Table 8 presents the performance of the proposed framework in
accurately extracting threat items mask, using IoU,, and DC,. As
shown in Table 8, the proposed framework outperforms the second-best
model (Hassan et al., 2022a) by 6.58% and 3.49% in terms of IoU,_
and DC,,, respectively. These improvements highlight the superiority

of the proposed framework in effectively localizing cluttered threat
objects within baggage X-ray scans compared to SOTA approaches.
Additionally, Fig. 5 provides a visual representation of the qualitative
results obtained by the proposed framework. The figure showcases the
successful extraction of cluttered instances of contraband items, even in
challenging scenarios. Specifically, in Fig. 5(F), (H), (P), (S), and (T),
the proposed framework accurately identify and extract the cluttered
instances of contraband items. The highlighted cases demonstrate the
effectiveness of the proposed framework in handling complex scenarios
where contraband items may be obscured by overlapping objects or



A. Nasim et al.

Table 8

Engineering Applications of Artificial Intelligence 157 (2025) 111421

Performance evaluation of the proposed method to extract the masks of the contraband items across the SIXray (Miao et al., 2019) dataset. The best
performance is in bold, while underlined is the second-best performance. The abbreviations are: CIEM: Contraband Items Extraction Model (Hassan et al.,
2022a), TST: Trainable Structure Tensors (Hassan et al., 2020a), and TP: Tensor Pooling (Hassan et al., 2022b).

Metric TST (Hassan et al., 2020a) CIEM (Hassan et al., 2022a) Mask R-CNN (He et al., 2017) TP (Hassan et al., 2022b) Proposed
IoU,, 0.68 0.76 0.65 0.60 0.81
DC,, 0.80 0.86 0.78 0.75 0.89

Fig. 5. The qualitative assessment of the proposed method on the SIXray dataset. The results highlight the significance of the proposed framework in accurately extracting the
occluded and overlapping contraband items from the X-ray images. Please zoom-in for the best visualization.

exhibit irregular shapes. Despite these challenges, the proposed frame-
work demonstrates its ability to precisely delineate and extract the
threat item instances, ensuring reliable threat detection and localiza-
tion. These qualitative results further support the robust performance
of the proposed framework in accurately identifying and extracting
cluttered instances of contraband items, highlighting its potential for
enhancing security protection toward detecting baggage threats at the
airports.

3.6. Comparison with SOTA incremental learning frameworks

To enable a fair comparison across different incremental learning
strategies, we conducted instance segmentation using several estab-
lished methods, including those proposed in Gao et al. (2025), Zhang
et al. (2025), and Hassan et al. (2022a). It is worth noting that Gao
et al. (2025) and Zhang et al. (2025) uses few shot incremental instance
segmentation that are primarily designed for scenarios with scarce
annotations and struggles with accuracy in cluttered environments.
In contrast, Hassan et al. (2022a) presents an incremental approach
tailored for instance segmentation of threat items. The results of this
comparison are documented in Table 9. From the results presented in
Table 9, it is evident that the proposed model consistently outperforms
other incremental learning approaches. This performance gain can be
attributed to the model’s architecture, which is specifically tailored for
incremental threat instance segmentation. Its capacity to retain previ-
ously acquired knowledge is effectively managed through the g factor,
enabling more stable learning over time. In contrast, the competing
state-of-the-art methods exhibit limited adaptability toward cluttered
baggage imagery and face background confusion issues.

10

3.7. Assessments on unseen PIDray dataset

To validate the generalization ability of the proposed method, we
have trained it on SIXray (Miao et al., 2019) and tested it on a new
unseen dataset, i.e., PIDray (Zhang et al., 2023), to recognize threat
items such as guns, knives, scissors, wrenches, and pliers. The generaliza-
tion performance of the proposed method and its comparison with the
SOTA techniques on PIDray (the unseen dataset) is reported in Table
10. To ensure fairness in the comparison between all models, we trained
them on SIXray (Miao et al., 2019) and tested on PIDray (Zhang et al.,
2023) to extract the same set of contraband items. From Table 10,
we can observe that the proposed model was able to produce decent
performance toward extracting these contraband items as compared to
the SOTA methods. Such promising results are achieved by the pro-
posed model because it was incrementally trained to extract the same
threat object categories from the SIXray (Miao et al., 2019) dataset,
where the optimal balance between learning new item instances and
retaining the model’s prior knowledge is achieved through the proposed
L, loss function. Such incremental training allowed the proposed model
to generate discriminative features for all the contraband items’ classes,
ultimately leading to robust segmentation performance irrespective of
the scanner characteristics. Apart from this, the performance of the
proposed system in terms of IoU,, and DC,, across GDXray (Riffo et al.,
2015), SIXray (Miao et al., 2019), and the unseen PIDray (Zhang et al.,
2023) dataset is shown in Fig. 6. From Fig. 6, we can observe a slight
decrease in the segmentation performance of the proposed system on
PIDray (Zhang et al., 2023) dataset compared to its performance on
GDXray (Riffo et al., 2015) and SIXray (Miao et al., 2019) datasets in
terms of IoU,, and DC,,. The reason for this performance decrease is
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Fig. 6. Bar plot showing the segmentation performance of the proposed system in terms of IoU, and DC, across GDXray (Riffo et al., 2015) dataset, SIXray (Miao et al., 2019)

dataset, and the unseen PIDray (Zhang et al., 2023) dataset.

Table 9

Comparison with SOTA incremental learning in terms of mAP,, and mAP,, for performing instance segmentation abbreviations used are NPF-iFSIS: Novel Prototype and Function-based
Incremental Few-Shot Instance Segmentation, EC-iMTFA : Embedding Calibration Incremental Multi-Task Feature Aggregation and CIEM: Contraband Items Extraction Model.

Dataset Parameter NPEF-iFSIS (Zhang et al., 2025) EC-IMTFA (Gao et al., 2025) CIEM (Hassan et al., 2022a) Proposed
SIXray (Miao et al., 2019) mAP 0.32 0.30 0.47 0.51
SIXray (Miao et al., 2019) mAP, 0.40 0.38 0.55 0.63
GDXray (Riffo et al., 2015) mAP, 0.39 0.36 0.51 0.54
GDXray (Riffo et al., 2015) mAP, 0.47 0.49 0.64 0.68

Table 10

Generalization comparison of the proposed model with SOTA methods on unseen PIDray dataset (Zhang et al., 2023). To ensure fairness in the
comparison, all the models were trained on SIXray and tested on PIDray. The best performance is in bold, while underlined is the second-best
performance. The abbreviations are: CIEM: Contraband Items Extraction Model (Hassan et al., 2022a), CDSM: Contour-Driven Segmentation
Model (Ahmed et al., 2024), and BLD: Broad Learning Detector (Velayudhan et al., 2022a).

Method mAP,, mAP, > mAP, 7> mAP, mAP,>° mAP,7>
Mask R-CNN (He et al., 2017) 0.12 0.35 0.17 0.19 0.41 0.22
YOLACT (Bolya et al., 2019) 0.11 0.28 0.14 0.20 0.33 0.24
CDSM (Ahmed et al., 2024) 0.26 0.49 0.31 0.32 0.54 0.37
BLD (Velayudhan et al., 2022a) 0.17 0.31 0.22 0.19 0.49 0.27
CIEM (Hassan et al., 2022a) 0.15 0.45 0.23 0.22 0.48 0.29
Proposed 0.29 0.57 0.36 0.38 0.63 0.45

because the proposed model was directly tested on the unseen PIDray
dataset (Zhang et al., 2023) once it was trained on SIXray (Miao et al.,
2019), where it is not trained or fine-tuned on PIDray (Zhang et al.,
2023) dataset at all. Nevertheless, it is worth noting that the proposed
model still manages to produce better results than SOTA methods on
the PIDray (Zhang et al., 2023) dataset under fair comparison (see
Table 10 for more details).

3.8. Run-time comparison

In addition to assessing the effectiveness of the proposed method
in detecting prohibited items, we also conducted an evaluation of its
run-time performance, specifically in terms of frames per second (FPS).
To gain a comprehensive understanding of its run-time performance,
we compared it with existing SOTA schemes. The results are presented
in Table 11. We can observe here that the proposed framework lags
behind the CE (Hassan et al., 2022a) model (the best model in terms
of computation) by 6.31% in terms of computational efficiency, con-
sidering the average results obtained from both datasets. While there
is a difference in the run-time performance between the proposed
framework and the SOTA models, it is important to note that this dif-
ference is not particularly significant when compared to the substantial

11

performance improvement achieved by the proposed framework, as
evident from Tables 4 and 6. Therefore, it is worth acknowledging
the trade-off presented by the proposed framework, which offers a
balance between detection performance and computational efficiency
in extracting cluttered threat object instances. Although there is room
for enhancing the run-time performance of the proposed framework,
we recognize it as one of the future prospects for further improvement.
More detailed information regarding this aspect is provided in the
subsequent section (Section 3.9).

3.9. Limitations and future works

The two limitations of the proposed scheme are its run-time perfor-
mance, and the requirement to use at least two segmentation models to
perform the threat detection tasks, where the first model performs the
conventional semantic segmentation, and the second model performs
the k-instance segmentation. The run-time performance of the proposed
scheme can be remedied by either employing lightweight segmentation
models or by reducing the number of convolutional blocks within
the proposed network. Such alternation will affect the recognition
performance of the proposed framework, but it will also improve
its run-time performance. In order to examine the trade-off between



A. Nasim et al. Engineering Applications of Artificial Intelligence 157 (2025) 111421

Table 11

Run-time performance comparison of the proposed scheme and the SOTA methods on both GDXray and SIXray datasets in terms of frames per second (FPS). Bold indicates the
best performance. The abbreviations are: CIEM: Contraband Items Extraction Model (Hassan et al., 2022a), TST: Trainable Structure Tensors (Hassan et al., 2020a), and TP: Tensor
Pooling (Hassan et al., 2022b).

Dataset Mask R-CNN (He et al., 2017) CIEM (Hassan et al., 2022a) TP (Hassan et al., 2022b) TST (Hassan et al., 2020a) Proposed
GDXray (Riffo et al., 2015) 5.8 7.1 6.2 6.9 6.8
SIXray (Miao et al., 2019) 5.3 6.6 5.8 6.4 6.1
Table 12 Table 13
Performance evaluation of the proposed scheme when different encoder backbones Performance comparison of R, for selecting the kth model instance in order to perform
are employed within the proposed model. Bold indicates the best performance. The k-instance segmentation tasks. The performance of R, is measured through RMSE
abbreviations are: FPS: Frame Per Second, No. of Params: Number of Parameters, PLWE: scores, and the overall performance of the proposed scheme is measured through mAP,
Proposed Lightweight Encoder, MNv2: MobileNetv2 (Sandler et al., 2018), ViT: Vision and mAPj, across each dataset. The abbreviations are: ROWS: R, Operate on Whole
Transformer (Dosovitskiy et al., 2021), and ENetB4: EfficientNet-B4 (Tan and Le, 2019). Scan, and ROIP: R, Operate on Instance Patches.
Dataset Encoder mAP, FPS No. of Params Dataset R, Variant RMSE mAP,, mAP,
GDXray (Riffo et al., 2015) Proposed 0.54 6.8 22.8M GDXray ROWS 0.4784 0.4586 0.6013
PLWE 0.50 7.2 10.4M SIXray ROWS 0.5931 0.4214 0.5527
MNv2 . . .6M
ViTv 8 gz ; ; 2564M GDXray ROIP 0.2417 0.5482 0.6802
ENetB4 0.49 6.9 9.7M SIXray ROIP 0.3152 0.5173 0.6354
SIXray (Miao et al., 2019) Proposed 0.51 6.1 40.2M
PLWE 0.47 6.8 22.8M
MNv2 0.42 6.9 11.3M 4. Discussion and conclusion
ViT 0.50 4.8 42.6M
ENetB4 0.45 6.1 17.2M . . . .

This paper presents a novel regressor-driven incremental instance
segmentation scheme that utilizes a single encoder—decoder network
along with a regressor to screen concealed and cluttered instances of

recognition performance and computational efficiency, we conducted a the threat items using security X-ray scans. The proposed scheme auto-
comprehensive analysis by integrating various encoder backbones into mates the recognition of concealed and cluttered contraband objects in
the proposed model (check Table 12). It can be observed in Table 12 baggage X-ray scans, and it was rigorously evaluated on two popular
that utilizing a vision transformer as the backbone model yields optimal X-ray datasets, i.e., GDXray (Riffo et al., 2015) and SIXray (Miao et al.,
computational efficiency compared to other models. However, this ad- 2019), where across both datasets, the proposed scheme achieved an
vantage comes at the expense of a decrease in recognition performance optimal segmentation performance as compared to SOTA methods.
when compared to the proposed encoder model. Apart from this, from  For example, across GDXray (Riffo et al., 2015), the proposed scheme
o
Table 12, we can observe that the proposed framework, when coupled outperformed the second-best model by 5.88% in terms of mAP,,.

with MobileNetv2 (Sandler et al., 2018) provides the optimal model Similarly, across the SIXray dataset, the proposed scheme achieves
8.51% performance improvements compared to the second-best model.

It should be noted here that most of the methods in the literature
are based on detection instead of segmentation for screening prohib-
ited items using X-ray scans. However, our choice of a segmentation
approach is driven by the specific challenges posed by overlapping
and cluttered threat items in baggage screening. In many cases, threat
items are partially hidden behind other objects, making it difficult
for traditional detection methods to identify and localize the threats

complexity in terms of number of parameters, i.e., 5.6M and 11.3M
across GDXray (Riffo et al., 2015), and SIXray (Miao et al., 2019), re-
spectively. Nevertheless, using a proposed encoder model provides the
optimal trade-off between model complexity, recognition performance,
and run-time efficiency. Therefore, we used the proposed encoder
model as a backbone within the proposed framework to conduct all
the experiments.

The second limitation of the proposed framework can be effectively accurately (Miao et al., 2019; Velayudhan et al., 2022a). Detection
addressed by training the R, directly on the input scans, rather than ~ models often rely on bounding boxes, which can include non-threat
focusing solely on instance patches. This modification allows R, to items when objects overlap, leading to false positives and compromised
identify the number of overlapping instances (k) without the need for detection performance. Segmentation models, on the other hand, al-
a separate semantic segmentation model. Consequently, this alteration low for pixel-level recognition, making it more suitable for accurately
reduces the overall complexity of the proposed pipeline. However, it delineating threat items, even when they exist in a cluttered environ-
is important to note that predicting k directly from the input scans, in- ment. Apart from this, to analyze the generalization performance of
stead of instance patches, compromises the performance of R,. In Table the proposed scheme and compare it with SOTA methods, we trained
13, we present a quantitative comparison between these two scenarios the proposed model on SIXray (Miao et al., 2019) dataset and tested

it on an unseen PIDray (Zhang et al., 2023) dataset. The results for
these experiments are reported in Table 10 from which we can analyze
that the proposed scheme produces better results than SOTA methods
toward extracting contraband objects, such as knives, scissors, pliers,
guns, and wrenches. These performance improvements are produced
due to the inherent capabilities of the proposed scheme in achieving
accurate pixel-wise recognition of contraband objects, regardless of the
presence of concealment and clutter of the baggage items. Similarly,
to overcome under-segmentation and over-segmentation challenges, we

using whole input scans versus instance patches. The results clearly
demonstrate that the use of whole input scans leads to an increase in
over-segmentation and under-segmentation errors, thus reducing signif-
icantly the detection performance when compared to the performance
of the proposed scheme on instance patches. Nonetheless, the proposed
scheme does provide flexibility to achieve an optimal trade-off between
model complexity and recognition performance, which can be tweaked
by the user to meet specific application requirements. Moreover, in the

future, we aim to enhance the proposed framework’s ability to identify propose using a lightweight regressor model that accurately identifies
newer threat categories through incremental learning. Currently, the overlapping instances of contraband objects. This enables the selection
model employs knowledge distillation to differentiate between various of the optimal model instance for precise instance-aware segmenta-
instances of the same threat class. By refining the loss function and tion. Although, many researchers have designed segmentation models
making some modifications, we expect the proposed framework to to recognize contraband objects from the security X-ray scans (Chen
learn new classes incrementally with each training increment. et al., 2024; Gaus et al., 2024; Velayudhan et al., 2024; Ahmed et al.,

12
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2024; Hassan et al., 2020a, 2022b,a). But all of these models require
(1) exhaustive re-training or fine-tuning rounds to recognize evolving
types of suspicious objects, which hinders their deployment in the
real-world, and (2) they are limited toward incrementally adapting
themselves to distinguish between different instances of the contraband
objects while retaining their prior knowledge (Chen et al., 2024; Gaus
et al., 2024; Velayudhan et al.,, 2024; Ahmed et al., 2024; Hassan
et al., 2020a, 2022b,a). The proposed scheme eliminates all of these
drawbacks and allows the robust recognition of contraband objects and
their instances from the security X-ray scans while providing the benefit
of incrementally learning new types of contraband object categories.
However, there are two limitations of the proposed scheme related to
its run-time performance and its need to use at least two segmentation
models to recognize contraband objects, where the first model per-
forms the conventional semantic segmentation and the second model
performs the k-instance segmentation at the inference stage. The run-
time performance of the proposed scheme can be remedied by either
employing lightweight segmentation models or by reducing the number
of convolutional blocks within the proposed model. Moreover, the
second limitation of the proposed scheme can be effectively addressed
by training the R, directly on the input scans rather than focusing
solely on instance patches. This modification allows R, to identify the
number of overlapping instances (k) without the need for a separate
semantic segmentation model. Nevertheless, considering these limita-
tions, the proposed scheme still provides an optimal trade-off between
computational complexity and segmentation performance compared to
SOTA works for recognizing concealed and cluttered instances of the
contraband objects (see Tables 4, 6, 11). Furthermore, the incremental
aspect of the proposed scheme makes it an ideal choice to be deployed
in the real world to screen contraband objects, as it possesses the
capability to learn new types of suspicious objects and their overlap-
ping instances without requiring extensive ground truth supervision
or exhaustive training rounds. In the future, we envisage testing the
proposed framework’s ability to detect the concealed and cluttered 3D
contraband objects that showcase limited visual cues in the security X-
ray scans (Velayudhan et al., 2024; Ahmed et al., 2024). Additionally,
we will test the proposed scheme to detect dismantled and organic
contraband objects. We also plan to validate the proposed scheme
for different applications in order to perform incremental instance
segmentation tasks.
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