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Detection and Localization of Firearm Carriers in
Complex Scenes for Improved Safety Measures

Arif Mahmood∗, Abdul Basit, M. Akhtar Munir, Mohsen Ali

Fig. 1: The proposed algorithm associates a firearm with its carrier. Full lines show the human detections, and dotted lines
with the same color show the associated firearms as detected by the proposed algorithm.

Abstract—Detecting firearms and accurately localizing indi-
viduals carrying them in images or videos is of paramount
importance in security, surveillance, and content customization.
However, this task presents significant challenges in complex
environments due to clutter and the diverse shapes of firearms. To
address this problem, we propose a novel approach that leverages
human-firearm interaction information, which provides valuable
clues for localizing firearm carriers. Our approach incorporates
an attention mechanism that effectively distinguishes humans and
firearms from the background by focusing on relevant areas.
Additionally, we introduce a saliency-driven locality-preserving
constraint to learn essential features while preserving foreground
information in the input image. By combining these components,
our approach achieves exceptional results on a newly proposed
dataset. To handle inputs of varying sizes, we pass paired human-
firearm instances with attention masks as channels through a
deep network for feature computation, utilizing an adaptive
average pooling layer. We extensively evaluate our approach
against existing methods in human-object interaction detection
and achieve significant results (AP=77.8%) compared to the base-
line approach (AP=63.1%). This demonstrates the effectiveness
of leveraging attention mechanisms and saliency-driven locality
preservation for accurate human-firearm interaction detection.
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Our findings contribute to advancing the fields of security and
surveillance, enabling more efficient firearm localization and
identification in diverse scenarios.
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I. INTRODUCTION

F IREARMS-related violence remains an inadequately re-
searched area, despite the alarming increase in the annual

death toll worldwide [1]–[4]. To address this pressing issue,
many governmental and private entities have deployed surveil-
lance systems in public areas such as hospitals, universities,
parks, and malls. However, these systems often require a sig-
nificant number of personnel to manually monitor the captured
footage, which presents several challenges. The reliance on
human observation for extended periods of time poses a risk
of errors, as even a momentary lapse in concentration can
lead to disastrous consequences [5], [6]. Therefore, there is
a critical need for an innovative and reliable method capa-
ble of automatically detecting firearms and simultaneously
highlighting the individuals carrying them. This would enable
immediate actions by the relevant authorities [7]. Integrating
such a system into monitoring devices would significantly
enhance the identification of potential threats in dynamic
environments [8]. Furthermore, this solution could assist in
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filtering multimedia content, based on age and target audience,
that contains gun violence or any elements associated with
firearms.

Detecting firearms presents a formidable challenge due to
the wide range of variations in color, appearance, and tex-
ture that firearms exhibit worldwide. Moreover, each firearm
possesses a distinct shape and size, ranging from compact
handguns to lengthy rifles, further exacerbating the complexity
of the problem. In this paper, we specifically address the
intricate task of localizing firearm carriers, which becomes
even more challenging due to the various configurations in
which firearms can interact or coexist with individuals. These
scenarios highlight the difficulties encountered, such as the
potential for small-sized guns to be easily overlooked amidst
clutter and occlusion. Additionally, large-sized, slender rifles
can span across multiple human carriers, with overlapping
features further complicating the problem. Consequently, dis-
cerning which specific individual is carrying or holding the
firearm becomes an intricate endeavor requiring sophisticated
approaches.

Existing firearms detection frameworks often fail to identify
firearm carriers, leaving a critical gap in the overall detection
process [9]. To overcome this limitation, we propose a novel
approach that incorporates a human object interaction mecha-
nism specifically designed for the identification of firearm car-
riers. Our method focuses on two firearm categories, namely
guns and rifles, and takes into account multi-sized instances
of human-firearm pairs, considering both interaction and non-
interaction scenarios.

Building upon the preliminary version published in a con-
ference [10], our current method represents an extension of
our previous work. In our earlier study, the interaction between
humans and firearms was determined solely based on extended
bounding boxes encompassing human-firearm pairs. However,
upon analyzing this approach, we discovered that the reliance
solely on extended boxes led to an inclusion of a significant
portion of background regions along with the foreground,
adversely affecting the computation of relevant features. Con-
sequently, this resulted in a degradation of performance. To
address this challenge, our current approach introduces novel
strategies to enhance feature computation and mitigate the
inclusion of irrelevant background regions. By doing so, we
aim to significantly improve the accuracy and robustness of
firearm carrier identification in complex scenes.

Our proposed approach incorporates binary attention chan-
nels for each object and human, enabling the classifier to
assign higher weights to the salient regions associated with
the foreground. To construct human-firearm pairs, we consider
each human and firearm present in the image, labeling them
with interaction or non-interaction categories, and concate-
nate them with the attention mechanism. Additionally, our
architecture integrates a saliency-driven locality-preserving
branch that effectively preserves the spatial location and size
information of the objects within the input. This branch utilizes
a reconstruction network to enforce the feature extractors
to maintain the integrity of the relevant object and human
features within the extended bounding box. Figure 1 illustrates
the output predicted by our proposed method, demonstrating

its effectiveness. Throughout this article, the terms “hold”
and “carry” are used interchangeably. For a comprehensive
understanding of our approach, the detailed architecture is
presented in Figure 3 and thoroughly explained in Section IV.

Our proposed system holds promising potential for inte-
gration with smart surveillance systems to enhance firearm
carrier detection capabilities. To train the proposed architecture
and to facilitate research in this direction, a novel dataset is
introduced providing a collection of images each containing at
least one human and one firearm. Each image in the dataset is
meticulously annotated with bounding boxes for humans and
firearms (including guns and rifles), as well as labels indicating
the interaction or non-interaction between them.

The main contributions of our work are as follows:

• We propose a novel deep learning architecture that effec-
tively identifies localized firearm carriers by incorporating
human-firearm instance pair detection. This approach en-
ables precise localization and identification of individuals
carrying firearms.

• Our architecture integrates an attention-based mechanism
that focuses on relevant regions of interest associated
with humans and firearms. By doing so, the model is
compelled to allocate greater attention to the queried
firearms, improving detection accuracy and robustness.

• We introduce a reconstruction loss that promotes
saliency-driven locality preservation of relevant objects
within the input image. This ensures that essential fea-
tures of the identified objects are accurately retained
while maintaining spatial information.

• We present a new dataset specifically designed for firearm
and its carrier identification and localization, consisting
of 3,128 images. Each image within the dataset contains
at least one firearm and one human. Manual annotations
have been meticulously created to label the interact-
ing and non-interacting firearm-human pairs, facilitating
comprehensive training and evaluation of our proposed
approach.

• We conduct extensive experiments to evaluate the per-
formance of our proposed algorithm. The results demon-
strate the superior performance of our method compared
to existing approaches, showcasing its effectiveness in
firearm carrier detection and localization.

Our contributions represent a significant advancement in
the field of firearm detection and localization, offering a
robust and accurate solution that has the potential to greatly
enhance security measures and surveillance systems across a
wide range of real-world scenarios. To thoroughly evaluate
the effectiveness of our proposed method, we conducted
a comprehensive analysis by comparing it against baseline
approaches as well as three existing human-object interaction
(HOI)-based approaches.

Despite its simple design, which focuses on the classifica-
tion of human-firearm pairs, our method exhibits remarkable
stability and delivers excellent performance. This demonstrates
the effectiveness and efficiency of our approach, which outper-
forms the baseline methods and achieves comparable or even
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superior results to the state-of-the-art HOI-based approaches.
Our findings underscore the significance of leveraging the

specific problem of human-firearm interaction, enabling us to
develop a highly effective solution without the need for overly
complex architectures. This simplicity not only enhances the
practicality and ease of implementation of our method but also
ensures its suitability for real-time applications where compu-
tational efficiency and responsiveness are critical factors.

In summary, our contributions significantly advance the
field of firearm detection and localization, providing a robust
and accurate solution that can effectively enhance security
measures and surveillance systems in a wide range of real-
world scenarios. Through comprehensive comparisons with
existing approaches, our method demonstrates stability, excel-
lent performance, and the potential to address the challenges
associated with classifying human-firearm pairs in a simplified
yet effective manner.

II. RELATED WORK

A. Object Detection:

Numerous algorithms have been proposed that utilize convo-
lutional neural networks (CNNs) for object detection in images
[11]–[16]. These object detection algorithms can be broadly
categorized into two groups: two-stage detectors and one-
stage detectors. Two-stage detectors [11], [14], [17] employ a
Region Proposal Network (RPN) that extracts object regions
in a class-agnostic manner using anchor box information. This
approach involves a two-step process of generating region
proposals followed by classification and refinement.

On the other hand, one-stage object detectors [12], [13],
[15], [16], [18]–[20] offer a trade-off between speed and
accuracy, as they are designed to be faster while still achieving
reasonable detection performance. Although some of these
detectors utilize default boxes as anchor boxes, they do not
incorporate a separate RPN in their pipeline. By leveraging the
capabilities of CNNs, both two-stage and one-stage detectors
have significantly advanced the field of object detection, pro-
viding efficient and effective solutions for various applications.
The choice between these two categories depends on the
specific requirements of the task at hand, considering factors
such as accuracy, speed, and computational resources.

B. Firearm Detection:

Firearms exhibit diverse shapes, sizes, appearances, and
textures, making their accurate detection a challenging task
for generic object detectors. Unfortunately, despite the signif-
icance of this area, the number of dedicated firearm detectors
remains limited. Javed et al. [9], [21] proposed a weakly super-
vised system called the Orientation Aware Object (firearm) De-
tection (OAOD) system, which utilizes orientation information
and axis-aligned bounding boxes to extract prominent firearm
regions from the background. This framework demonstrates
strong performance in firearm detection.

Olmos et al. [22] employed Faster R-CNN [11] for gun
detection. However, their system focuses exclusively on hand-
guns, representing only a subset of firearms. Akcay et al.
conducted gun detection in x-ray baggage security imagery

using various object detection strategies, including both two-
stage and one-stage detectors [23]. Their work primarily
targeted firearms concealed in baggage screening. Rogers et
al. proposed a method for detecting Small Metallic Threats
(SMTs) hidden among legitimate goods using X-ray cargo
imagery [24]. While not specifically focused on firearms,
their approach addresses the broader challenge of detecting
concealed threats.

Although firearm detection has attracted some research
interest in recent years, no previous work has addressed the
identification of firearm carriers in an image. In this study, we
present an automated system that formulates human-firearm
pairs to answer the question of who is carrying the firearm,
contributing as the first attempt to address this specific aspect
of firearm detection.

C. Human Object Interaction:

Human-Object Interaction (HOI) has recently emerged as
a prominent topic in the field of deep learning and computer
vision. In our study, we formulate our problem by leveraging
HOI-based strategies, specifically focusing on the interaction
and non-interaction of objects with humans. HOI approaches
often rely on contextual information within the image to
determine the interaction between humans and objects. For
instance, Wang et al. [25] utilize interaction points to lo-
calize and classify interactions between human-object pairs.
Exploiting pose and action information has also proven effec-
tive in accurately identifying human-object interactions [26].
Various pose extraction techniques, such as Hand, OpenPose,
CPM, and CrowdPose [27]–[30], have been employed to learn
human-object interactions in images. Gao et al. [31] propose
a trainable instance-centric attention module that utilizes ap-
pearance features of instances to capture interactiveness. Some
approaches, like that of Li et al. [32], transfer interactiveness
to perform multitask learning, combining common schemes
used by HOI-based methods.

Li et al. [33] introduce part states annotations and utilize
part states (PaSta) for HOI classification to improve the
final output. Their hierarchical graph-based model determines
which part focuses on and contributes to the final prediction.
However, if part annotations are unavailable in the datasets, the
PaSta approach cannot be applied. Liao et al. [34] propose
an end-to-end single-stage architecture that detects humans,
objects, and interactions simultaneously. While some recent
methods [35]–[37] achieve higher performance by employing
complex architectures with a significantly increased number
of parameters, it is worth noting that such approaches may be
impractical for low-cost real-time systems in the field.

In our paper, we incorporate strategies and knowledge
from object detection, pose estimation, and HOI detection
to propose baseline methods for detecting and localizing
firearm carriers in images. Specifically, we introduce three
baseline methods that utilize human and hand pose detection
followed by firearm detection to identify firearm carriers in
complex scenes where multiple humans and multiple firearms
are present. Based on an analysis of these baseline approaches
and [10], we propose a novel architecture that incorporates
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Fig. 2: Baseline Approaches: a) Hands in Firearm Detections (HiFD): detected firearm bounding box is input to a hand pose
detector. b) Hand-pose Conditioned Firearm carrier Detection (HCFD): Firearm and hand key points are detected in parallel
on full image. c) Overlap of Human and Firearms Detections (OHFD): Full human and firearm are detected in parallel and
intersection over union (IoU) is computed.

attention mechanisms and saliency-driven reconstruction to
accurately identify HOIs in images.

III. BASELINE APPROACHES

A. Detecting Hands inside Firearm Detections (HiFD)
In this approach, we utilize the OAOD algorithm [9] to

detect firearms. We then employ a localized firearm bounding
box as a probable hand location and input these hand regions
into the Multi-view Bootstrapping algorithm [27], which re-
turns a set of hand keypoints. To filter out keypoints with low
confidence, we introduce a threshold parameter, denoted as α.
If any two keypoints have confidence scores greater than the
threshold (in our case, set to 0.3), we classify the detected
firearm as being carried by a person.

This approach demonstrates relatively higher accuracy for
small-sized firearms, such as guns (as shown in Table I).
However, the accuracy decreases when the size of the axis-
aligned bounding box of the detected object is larger, as is the
case with long rifles. The main reason for this performance
decrease is that the larger bounding boxes are not centered
around the hands, and the presence of background clutter,
including hands, within the larger bounding box area leads
to failures in keypoint estimation.
B. Pose Conditioned Firearm carried Detection (HCFD)

In addition to performing firearm detection using [9], we
utilize OpenPose [28] to estimate key points of the entire
human body. However, for the purpose of inspecting firearm
bounding boxes, we focus solely on the hand key points. In
this baseline approach, we classify a firearm as “carried” if at
least two of the estimated hand key points are located inside
the detected firearm bounding box. Otherwise, it is categorized
as “not-carried”.

One limitation of this approach is that the full-body pose,
particularly the hand key points, may not always be visible
due to occlusions or partial appearance. If the elbow or wrist,
which are used to determine the probable hand location, are
occluded (which is often the case), the hand key points cannot
be accurately detected. Consequently, the performance of this
approach is significantly affected, as it heavily relies on the
performance of the pose detector.

C. Overlap of Human and Firearms Detections (OHFD)

In this approach, human detection is performed using Faster
RCNN [11] with ResNet-101, which is pretrained on MS-
COCO dataset. For firearm detection, we utilize the OAOD
algorithm [9]. To determine whether a firearm is being carried
by a human, we compute the Intersection over Union (IoU)
between all detected firearms and human bounding boxes.
If the IoU between a firearm and a human is the highest
among all other humans and exceeds a threshold of β (where
β = 0.5), the firearm is considered to be carried by that
human. However, associations with an IoU lower than 0.5 are
discarded. It is important to note that this approach may en-
counter challenges in complex scenes where firearm bounding
boxes may have a larger overlap with non-carriers, leading to
potential misclassifications and decreased performance.

IV. PROPOSED HUMAN FIREARM PAIR LOCALIZATION
ALGORITHM

The first two baseline approaches in Sec. III only classify
a firearm being carried or not carried. In the current work
we also aim to localize the carrier of the firearm. These
approaches suffer performance degradation because of the
challenges in human pose estimation. The third approach
in Sec. III-C fails to achieve good performance in complex
scenes, where the main body of the firearm carrier is not
necessarily close to the firearm. Therefore it is important to
learn features that associate a firearm with its human carrier.

A. Preliminaries

The main architecture of our proposed approach is illus-
trated in Fig. 3. Let I ∈ Rw×l×3 denote the input image,
where w and l represent the width and height of the image,
respectively. We denote the bounding box of the h-th human
as bh, and the bounding box of the o-th firearm as bo. Here,
h ranges from 1 to nh, and o ranges from 1 to no, where nh

and no denote the total numbers of humans and firearms in the
image I , respectively. Our goal is to identify human-firearm
pairs by predicting the bounding boxes b̂h and b̂o with high
probabilities ph and po, respectively, and infer the probability
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Fig. 3: Framework of the proposed firearm carrier detection algorithm: (a) Human detection by Faster RCNN (b) Detection
of firearms by OAOD (c) Formation of all possible human-object instance associations. (d) Generation of attention channels
using detectors’ output (e) Concatenation of attention channels with appearance channels and input to the network, which
classify each human-object instance association along with the reconstruction network. (f) Max-out detection is used to resolve
multiple associations of humans and objects, which results in final detection.

po,h of their carrying relationship. A human-firearm pair is
considered “carried” if the person in the image, identified by
bounding box b̂h, is carrying a firearm with bounding box b̂o.

In all the algorithms, we rely on off-the-shelf models to
predict the bounding boxes of humans and firearms, as well
as their corresponding probabilities. Let n̂o denote the number
of detected firearm bounding boxes, and n̂h denote the total
number of detected humans. For each human, denoted by
b̂h, predicted with confidence p̂h by the off-the-shelf human
detector, we infer the bounding box b̂o and the class of the
firearm prediction ĉ with confidence p̂o. To process the pairs,
we create a paired bounding box (PBB) by taking the union
of the inferred bounding boxes of the human h and firearm o,
forming the smallest bounding box that contains both. For each
PBB, we crop the corresponding region from the input image
to generate pair instances. Given n̂o detected objects and n̂h

detected persons, the total number of PBBs is n = n̂o × n̂h.
Some of these paired bounding boxes represent associated
pairs (carrying or holding), while others may not be associated.
The proposed approach will be discussed in detail in the
following sections.

B. Firearm and Human Detection

We utilize the Orientation Aware Object Detector (OAOD)
[9], an advanced algorithm renowned for its effectiveness in
firearm detection, to identify firearm instances within an image
(for more information, refer to Sec. II-B). Simultaneously, we
employ Faster RCNN with a ResNet-101 backbone, trained
on the MS-COCO dataset, to detect humans. For training
purposes, we utilize the ground truth bounding boxes available
in the training dataset.

C. Pairwise Human Firearm Instances

Using the predicted bounding boxes for humans and
firearms, we construct what we refer to as a Paired Bounding
Box (PBB) that encompasses both the firearm and the corre-
sponding human. The subsequent stage of our architecture is
trained to discern whether these PBBs depict an interaction or
not. To train the classifiers, we manually assign interaction and
non-interaction labels to these paired ground truth bounding
boxes. By comparing the PBBs generated from the training
data with the ground truth, we ascertain the accuracy of
their predicted labels. Each PBB represents a cropped region
containing both the human and firearm instances.

D. Attention Based Masking Channels

Our base algorithm directly utilize the Paired Bounding
Box (PBB) for classification. However, it often contains ir-
relevant information that can have a detrimental impact on
overall performance. In our current work, we enhance the
PBB representation by incorporating additional information in
the form of attention channels, as illustrated in Fig. 3. Let
I ∈ Rw×h×K denote a PBB, where w and h represent the
width and height, and K denotes the number of channels.
For RGB or YCbCr images, K = 3, while for grayscale
images, K = 1. We further process the PBB by including
three attention channels: gun attention mask Mg, rifle attention
mask Mr, and human attention mask Mh. These attention
channels are concatenated with the original image, resulting in
I ⊕Mg⊕Mr⊕Mh. In the case of RGB or YCbCr images,
the number of channels increases to K = 6, and for gray-
scale images, it becomes K = 4. By incorporating attention
masks, we guide the network to focus on the primary objects
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relevant to the interaction, thereby improving the efficiency of
human-object interaction identification.

E. Feature Encoding and Classification

The feature extraction and classification framework is shown
in Fig. 3(e). It includes the following main components.

1) Feature Encoding Block: The cropped PBBs are con-
catenated with the Attention Based Masking Channels to
create the Attention Augmented PBB (aPBB), which is then
fed into the Feature Encoding Block (FEB) for feature ex-
traction. The FEB consists of a convolutional neural network
responsible for extracting the feature volume. To handle the
varying spatial dimensions of the aPBB, an Adaptive Average
Pooling layer is applied. In our experiments, we utilize a pre-
trained VGG16 network for feature extraction. By default, the
VGG16 network expects input with 3 channels representing
RGB values. However, in our case, the aPBB can have either
4 or 6 channels (K = 4, 6) depending on the color space of
the image. To accommodate this, the first convolutional layer
of the VGG16 network is replaced with a new convolutional
layer that accepts an input size of 4 or 6 channels. These newly
introduced layers are randomly initialized before training,
while the other layers utilize pre-trained weights from VGG16
trained on ImageNet [38].

The feature volume extracted from the convolutional layers
has a size of fe ∈ Rw′×h′×512, where w′ and h′ vary
depending on the size of the PBBs. To ensure compatibility
with the required output dimensions, Adaptive Average Pooling
(AAP) is applied, which performs a resize operation using
estimated kernel sizes. The feature volume from VGG16 is
resized to fb ∈ R7×7×512 using AAP. Besides achieving a
predefined size, AAP also extracts discriminative information,
enhances the expressiveness of the features, and enables the
capture of global morphological details of the primary object.

2) PBB Classification Module: The compact output fea-
tures extracted from AAP are then passed to the PBB clas-
sification network. This network is trained to classify the
aPBBs into three classes: gun-human, rifle-human, and no
interaction. For the training of this network, the PBBs are
manually annotated. The PBB classification network consists
of three fully connected layers followed by a softmax layer. To
train both the PBB classification network and FEB, we utilize
the cross-entropy loss function defined as follows:

Lc(pc, gc) =

ns∑
i=1

nc∑
j=1

gc(i, j) log(pc(i, j)), (1)

were, pc ∈ Rnc represents the predicted class probabilities
for gun-human, rifle-human, and no interaction, while gc is a
one-hot encoded vector representing the ground truth labels.
nc = 3 corresponds to the number of classes, and ns represents
the number of samples in a batch.

During testing, human-firearm bounding box pairs are
formed by automatically detecting them using the firearm and
human detectors.

F. Preserving Locality of Objects

To enhance the FEB’s ability to capture locality-aware
features, we introduce a decoder network whose output is a
saliency-driven locality mask for each object within the PBB.
To accomplish this, the output of the FEB is passed through
a series of deconvolution and upsampling layers, which resize
the feature map to match the original PBB dimensions. The
resulting feature map is then fed into a sigmoid layer, which
produces the object presence probability at each pixel. This
branch’s output consists of three channels with the same spatial
dimensions as the original PBB.

To create the ground truth for this branch, we gener-
ate masks using a Gaussian probability distribution function
centered at the midpoint of the object’s bounding box. A
diagonal covariance matrix is employed, with variances in both
directions proportional to the object’s width and height. If an
object is absent within a PBB, its corresponding mask is set as
an array of all zeros. The three masks for the possible objects
(gun, rifle, human) are concatenated to form an image, denoted
as Gmap, which serves as the ground truth for the saliency-
driven locality-preserving branch, as illustrated in Fig. 3. The
output of this branch, denoted as Pmap, is compared to the
ground truth using the Frobenius norm.

Lp(Pmap, Gmap) =

ns∑
i=1

||Gmap − Pmap||F . (2)

The decoder is trained to minimize Lp loss while the feature
encoding block is simultaneously trained to minimize both Lp

and Lc.
G. Overall Loss Function

During inference we only use the output of PBB classifica-
tion module to determine firearm carriers. Whole network is
end-to-end trained by minimizing :

min (Lc + λLp) , (3)

where Lc is the classification loss, Lp is the locality preserving
loss and λ is the hyper-parameter assigning relative importance
to the term. Thus the proposed FEB becomes aware of both
the classification as well as the object locality and appearance.
H. Maxout Detections

Assuming that a firearm shall be carried by a single person,
if a firearm bounding box bo appears in multiple PBBs we
pick the one that is assigned maximum probability by the
PBB Classification Network. Rest are assigned non-interaction
labels. This stage of the architecture is only used during
inference.

V. EXPERIMENTS AND RESULTS

The proposed algorithm is extensively evaluated on two
datasets: the newly introduced Localization of Firearm Carri-
ers (LFC) dataset, and a subset of the existing dataset called
‘Humans Interacting with Common Objects’ (HICO-DET)
[39]. The performance of our algorithm is compared against re-
sent HOI methods, including Transferable Interactiveness Net-
work (TIN) [32], Instance Centric Attention Network (iCAN)
[31], and Parallel Point Detection and Matching (PPDM) [34].



7

A. Localization of Firearm Carriers (LFC) Dataset

To address the problem of localizing firearm carriers, we
introduce a comprehensive dataset dubbed as Localization
of Firearm Carriers (LFC). This dataset consists of 3,128
images, each depicting at least one human interacting with
a firearm in various scenarios. For the LFC dataset, we
gather 2,218 images from the OAOD dataset [9], while the
remaining images are collected from the internet. During the
collection process, we utilize search keywords such as “human
firearms”, “person carrying firearms/gun/rifle”, and “person
holding firearms/gun/rifle” to ensure a diverse range of images.
To ensure data quality, we carefully curate the dataset by
removing irrelevant images, duplicates, and animations.

For each image in the LFC dataset, we manually annotate
the bounding boxes for both the firearms and humans. These
annotated bounding boxes are then paired together to create
Paired Bounding Boxes (PBBs). Each PBB is manually labeled
to indicate whether it represents a valid or invalid interaction.
In Figure 1, we provide sample images from the LFC dataset
to illustrate its content. On the LFC dataset, the Average
Precision (AP) of rifle detection is 89.8% and AP of gun
detection is 87.9% using OAOD, and AP of person detection
is 90.7% (see Sec. IV-B for more details). The LFC dataset
has been made publicly available 1.

The LFC dataset presents several challenges for the problem
of Human Firearm Interaction due to varying overlaps be-
tween humans and firearms, cluttered backgrounds, viewpoint
variations, and complex interaction scenarios. By making the
LFC dataset publicly available to the research community, we
aim to facilitate advancements in human-object interaction re-
search. The dataset comprises 5.2k training instances (cropped
human-object pairs) and 1.3k testing instances, providing a
substantial resource for conducting thorough evaluations and
developing innovative approaches.

B. HICO-DET Dataset

The HICO-DET benchmark dataset [39] serves as a crucial
resource for evaluating human-object interactions. It encom-
passes 80 object classes and 600 Human Object Interactions
(HOI) categories. The dataset comprises 47.7K images, with
over 150K annotated human-object pairs. For our experiments,
we focus on HOI categories that involve humans holding
an object. The selected 60 objects include a diverse range
including: bicycle, bird, bottle, cat, chair, cow, dog, horse,
motorcycle, person, potted plant, sheep, apple, backpack, ba-
nana, baseball bat, book, baseball glove, bowl, broccoli, cake,
carrot, cellphone, clock, cup, donut, fork, frisbee, hairdryer,
handbag, hot dog, keyboard, kite, knife, laptop, mouse, orange,
oven, pizza, refrigerator, remote, sandwich, scissors, skate-
board, skis, snowboard, spoon, sports ball, stop sign, suitcase,
surfboard, teddy bear, tennis racket, tie, toaster, toothbrush,
umbrella, vase, wine glass, and zebra.

The dataset provides 13,963 training images and 3,748 test
images for a total of 60 HOI categories associated with these
60 objects. The training set contains over 35K instances with

1Link to LFC Dataset: http://bit.ly/43E9fKd

hold/not-hold labels, while the testing set consists of more than
9.7K instances. Notably, it is important to highlight that no
existing HOI dataset includes interactions involving firearms,
guns, or rifles. Thus, our work is the first, to the best of
our knowledge, to address this specific problem and introduce
firearm-related interactions to the research community.

C. Evaluation Measures

To ensure consistency with the state-of-the-art in Human
Object Interaction (HOI) evaluation, our evaluation setup
aligns with the approach used by Chao et al. [39]. We compute
the Average Precision (AP) for the “hold” category as follows.
First, we utilize the trained classifier to estimate the probability
of holding for each pair of detected humans and firearms.
Then, we calculate the detection score by multiplying the
object detection probability with the association probability,
following the methodology outlined in [31]. The detections
(pairs) are sorted based on their computed scores.

For each pair, we evaluate the Intersection over Union (IoU )
between the detected humans and the ground truth humans,
as well as between the detected firearms and the ground
truth firearms. A pair is considered a true positive if both
IoU values are greater than 0.5. We assign true positive or
false positive labels to each pair based on the IoU threshold.
Using these counts of true positives and false positives, we
calculate precision, recall, and mean Average Precision (mAP)
as evaluation metrics for the “hold” category.

D. Baseline Experiments on Carried/Not-carried Firearms

A firearm is considered “carried” if any person in the image
is carrying the detected firearm; otherwise, the firearm is
categorized as “not carried”. In the HiFD baseline (Section
III-A), we classify a detected firearm as “carried” if hand
keypoints are detected within the firearm bounding box with
a probability greater than or equal to 0.30. To retrieve hand
keypoints inside firearm bounding boxes, we utilize Simon et
al.’s method [27] in combination with the firearm detections
from OAOD [9]. In the HCFD baseline (Section III-B), human
body poses are estimated using OpenPose [28]. A firearm is
classified as “carried” if at least two hand keypoints are found
within the firearm bounding box.

Table I presents the accuracy of these baseline experiments.
HiFD performs well in classifying carried/not-carried guns;
however, its accuracy is lower for the rifle class. Conversely,
HCFD shows reasonable performance in rifle classification as
carried or not-carried, but its accuracy is degraded for guns.

For the evaluation of the third baseline OHFD (Section
III-C), humans were detected using a pre-trained Faster RCNN
model with a ResNet-101 backbone, while OAOD was used
for firearm detection. In OHFD, a firearm is classified as
“carried” if the Intersection over Union (IoU) between the
firearm bounding box and the person bounding box is greater
than or equal to 0.50. The results obtained from HiFD, HCFD,
and OHFD serve as baselines for comparison.

http://bit.ly/43E9fKd
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TABLE I: FIREARM CLASSIFICATION AS CARRIED OR NOT
CARRIED ACCURACY (%) COMPARISON.

Classifiers Carrier
Identification Gun Rifle Overall

HiFD
(Baseline)

No 71.9 37.5 49.2

HCFD
(Baseline)

No 51.3 76.4 66.6

OHFD
(Baseline)

Yes 84.1 86.8 85.9

HFPL Yes 83.9 88.4 87.5
A-HFPL Yes 89.5 94.3 92.0
E-HFPL Yes 91.5 94.3 93.25

E. Attention-HFPL (A-HFPL)

To analyze the contribution of each block in our approach,
we have modified the existing base method described in
[10] by incorporating an attention mechanism. We evaluate
the performance of this modified architecture, which aims
to address the limitations of the base algorithm discussed
in Section I. The attention mechanism focuses solely on the
queried firearm and person bounding boxes, enabling the
architecture to distinguish the actual objects of interest from
background firearms and persons.

The pipeline of the attention-based Human Firearm Pair
Localization (HFPL) is similar to the one used in [10], with
the inclusion of attention channels. The attention mechanism
utilizes the bounding box information of humans and objects
to generate two masks. Each mask is represented as a matrix
of zeros with dimensions equal to the input Paired Bounding
Boxes (PBBs). For humans, the mask assigns a value of one
to pixels located inside the human bounding box, while for
firearms, the mask assigns a value of one to pixels within
the object bounding box. These masks are then concatenated
with the cropped instances, resulting in a 5-dimensional input
representation.

F. Comparison of PBB Localization & Classification

In these experiments, we employ multi-sized Paired Bound-
ing Boxes (PBBs) for training the classification network.
Additionally, we explore different color spaces during the
experiment. For the training of HFPL (no-attention), A-HFPL
(attention-based), and E-HFPL (attention-based with modified
architecture) with Adaptive Average Pooling (AAP), we set
the learning rate to 1.0 × e−5, use a batch size of 1, and
apply dropout at a rate of 50

To train the models, we utilize stochastic gradient descent
(SGD) with a momentum of 0.9. The training process is
conducted for 30 epochs. For both training and evaluation,
we make use of the LFC dataset. The training set comprises
2,400 images, with a total of 2,831 positive instances and
2,280 negative instances of human-firearm pairs that have been
annotated. The testing set consists of 700 images, with 800
positive instances and 467 negative instances.

To ensure consistency in the input sizes, the multi-sized
PBBs are resized in such a way that the shorter dimension

corresponds to 480 pixels, while the longer side adjusts
accordingly to maintain the aspect ratio.

1) HFPL: To evaluate the effectiveness of localizing the
human-firearm pair in the image we train HFPL on the LFC
dataset. As in HFPL [10], we use ground-truth PBBs to train
the classification module, which consists of VGG-16 based
model, pre-trained on ImageNet.

2) A-HFPL: For this experiment, channel-wise attention
is concatenated with the generated PBBs and forwarded to
the network. For RGB and YCbCr, five channels of input are
generated that incorporate Attention Channels for firearm and
human respectively as its last two channels. In the case of
gray-scale images, concatenating Attention Channels results
in three-channel input. The improvement in mAP by A-HFPL
over HFPL can be seen in Table II.

3) E-HFPL: In this experiment, we introduce modifications
to the attention mechanism as described in Section IV-D.
Firearms and humans are detected in the training dataset, and
PBBs are formed using detections with object probabilities
greater than 0.5. To determine the inclusion of a detected PBB
as a positive example, we consider the IOU (Intersection over
Union) between the person and firearm present in the PBB
and the ground truth person and firearm. If the IOU value is
greater than 0.5, the PBB is included as a positive example
based on the interaction label of their corresponding ground
truth human and firearm. This approach enables the model to
learn and rectify mistakes made by object detection models to
some extent.

The incorporation of attention channels allows the convo-
lutional neural networks (CNNs) to focus on more salient
regions, facilitating more accurate decision-making regarding
interactiveness. By directing the model’s attention to relevant
regions, the E-HFPL architecture aims to improve the overall
performance of the system.

The comparisons of APhold over different color spaces for
E-HFPL, A-HFPL, and HFPL are shown in Table II. The
classification accuracy shown in Table I is computed on the
testing set using ground truth bounding boxes of humans and
firearms. Fig 4 shows the output score and strength of our
proposed method E-HFPL.

4) Inference Details: During inference, we use Faster
RCNN (ResNet-101 & MS-COCO) [11] for human prediction
and OAOD [9] for firearm prediction. PBBs are generated on
these predictions and evaluated on the described metrics.

G. Comparison with HOI-based Methods

We conducted a comprehensive comparison of our method
with several existing HOI-based algorithms. The experiments
were performed on our proposed dataset as well as a subset of
the HICO-DET dataset, as discussed in Section V-B. To ensure
a fair comparison, all methods were trained exclusively for the
hold category from HICO-DET, using the same training set.

Table III presents the comparison of E-HFPL (Ours) with
other HOI-based algorithms. Our algorithm demonstrates a
significant advantage over the compared methods, primarily
due to its customized design specifically tailored for the
hold category, while the compared HOI methods focus on
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TABLE II: PERFORMANCE COMPARISON OF DIFFERENT VARIANTS OF THE PROPOSED ALGORITHM, INCLUDING HFPL (BASELINE), A-
HFPL (ATTENTION), AND E-HFPL (SALIENCY DRIVEN). APRhold IS AVERAGE PRECISION OF RIFLE, APGhold IS AVERAGE PRECISION
OF GUN AND APhold IS OVERALL AVERAGE PRECISION.

Color Space without Max-Out Detection with Max-Out Detection
Methods - APGhold APRhold APhold APGhold APRhold APhold

HFPL GrayScale 59.2 63.6 61.4 62.9 65.5 64.2
A-HFPL GrayScale 68.5 74.4 71.6 69.7 74.6 72.1
E-HFPL GrayScale 70.2 76.0 73.1 71.4 75.8 73.6
HFPL RGB 60.8 65.1 63.1 63.1 67.1 65.2

A-HFPL RGB 71.9 77.2 74.1 73.8 77.8 75.7
E-HFPL RGB 72.5 78.5 75.7 74.3 79.1 76.4
HFPL YCbCr 61.9 65.7 63.8 64.6 68.1 66.3

A-HFPL YCbCr 72.2 77.6 74.9 73.9 78.4 76.1
E-HFPL YCbCr 73.8 79.4 76.7 74.7 80.8 77.8

iC
A

N

0.86 1.0
0.83

0.71
0.356 0.73

TIN

0.87

0.65

0.81 0.86 1.0
0.96

0.780.431 0.31 0.356

0.73

0.45

0.24

P
P

D
M

0.368
0.356

0.347 0.207

0.391

0.103
0.113

0.193

0.726

H
FP

L

0.69 0.58 1.0
1.0

0.25

0.726

0.666

E-H
FP

L   (O
u

rs)

0.91

0.95

0.99 1.0 1.0
1.0

1.0

0.982

0.986

0.97

Fig. 4: Visual Comparison between different approaches: Our method identifies human-firearm pair with high scores as compared
to other baseline and HOI methods. There is miss-association in other methods as well. Strong lines (human detection), and
dotted lines (the same color associated with firearms and humans).

addressing inter-class variations. We compare our method with
iCAN [31], TIN [32], and PPDM [34]. In all experiments,
the hyperparameters were set as defined in the respective HOI
methods. However, the compared HOI methods fail to achieve
improved results on our proposed dataset. The simplicity of
our proposed method, relying on attention and saliency-driven
locality-preserving loss, allows it to outperform the compared
HOI methods.

For the training of iCAN, we considered four interactions:
gun and rifle interaction and non-interaction, along with three
objects: human, gun, and rifle, as specified in the LFC dataset.

We followed the recommended settings and used detectron’s
Faster RCNN [40] for human detection and OAOD [9] for
firearm detection. The learning rate was set to 0.001, and the
batch size was 1 with 180K iterations.

The PPDM method was trained using similar objects: hu-
man, gun, and rifle, with interactions among all objects. It is an
end-to-end system that predicts both detection and interaction
in the same pipeline. We trained PPDM with a learning rate
of 4.5 × e−4, a batch size of 12, and 30K iterations.

Figure 4 provides visual results comparing the HOI-based
methods with our method, E-HFPL. It is important to note
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Fig. 5: Failure cases: Objects too far from the carrier in the
presence of another human may result in failure of association.
Likewise for overlapping firearms and occluded humans.

that our method handles negatives differently than iCAN [31].
While iCAN relies on thresholding based on IoU to determine
positives and negatives, we use a different mechanism based on
the interactiveness component, distinguishing between interac-
tion and non-interaction. Additionally, negatives are incorpo-
rated when the object detection algorithm fails to precisely
detect the object, indicated by IoU < 0.50.

H. Discussions and Analysis

Our experiments demonstrate that E-HFPL surpasses other
baselines and state-of-the-art methods in terms of accuracy. In
the task of identifying Firearm Carriers (Table I), E-HFPL
achieves an overall accuracy that is approximately 5.7 points
higher than HFPL. The integration of the locality-preserving
layer and attention channels leads to state-of-the-art accuracy
for both Gun and Rifle carrier identification, highlighting the
effectiveness of E-HFPL.

In the context of Human-Object Interaction, E-HFPL out-
performs existing methods such as iCAN, TIN, and PPDM.
On the LFC dataset, E-HFPL achieves an improvement of 1.6
points compared to the previous state-of-the-art. Even when
evaluated on the subset of the HICO-DET dataset, which
consists of 60 objects held by humans, our proposed method
exhibits significant improvements in mAP.

Additionally, we conducted detailed experiments by ex-
ploring different color spaces in combination with attention
channels (Table II). Grayscale images, which lack color in-
formation, are less informative than RGB images. The RGB
color space allows the model to better leverage color attributes
compared to grayscale. Among the color spaces evaluated,
YCbCr proves to be superior to RGB as it effectively separates
the luminance property from the other planes’ intensity. This
separation enables the model to learn features specifically from
the luminance components of the images.

TABLE III: COMPARISON OF OUR PROPOSED ALGORITHM WITH
STATE OF THE ART HOI-BASED ALGORITHMS ON LFC DATASET
AND HICO-DET DATASET. HICO-DET(S) SHOWS THE SUBSET
OF THE HICO-DET DATASET.

.

Methods iCAN [31] TIN [32] PPDM [34] E-HFPL
LFC

APhold 68.1 76.1 63.3 77.8
HICO-DET (S)

APhold 33.5 35.1 38.8 40.2

I. Failure Cases

While our model achieves impressive results, there are cer-
tain scenarios where its performance is impacted. These failure
cases primarily occur when there are overlapping humans and
firearms, as well as increased distance and occlusion between
them. In such complex situations, accurately predicting the as-
sociation between a human and the respective firearm becomes
challenging for our model.

VI. CONCLUSION AND FUTURE DIRECTIONS

In conclusion, this paper introduces a novel attention-
based mechanism for accurately localizing firearm carriers
in complex scenes. This solution addresses the need for
effective surveillance in security management systems. By
leveraging information from humans and firearms and inte-
grating spatially salient regions through attention channels,
our approach improves the classification accuracy of localized
human-firearm pairs. Additionally, the saliency-driven locality-
preserving branch ensures that the extracted features are in-
formative for pair classification.

We investigate the impact of attention channels and employ
adaptive average pooling to handle multi-size paired bounding
boxes effectively. By leveraging all these components, our
method achieves state-of-the-art results, with an impressive
77.8% APhold on the firearms test set. Furthermore, when
compared with HOI-based methods, our simple yet effective
approach outperforms in terms of the “hold” or “not hold”
classification.

In summary, our attention-based mechanism, combined with
the utilization of firearms and human information, spatial
saliency, and adaptive average pooling, significantly advances
the task of localizing firearm carriers and achieves remark-
able performance in challenging scenarios. This research
contributes to enhancing surveillance capabilities and holds
promise for improving security management systems.
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