\4

Optimized Occlusion Handling in Human Detection
by Fusion of Thermal and Depth Images for Mobile

Robots

Saipol Hadi Hasim?, TI T Nadzion, W T W M Rumaizi?, S Saifuddin?, U U Sheikh3, A Hidayat*

1Department of Electrical Engineering, Politeknik Ibrahim Sultan, KM 10, Jalan Kong Kong, Pasir Gudang,

81700, Malaysia

2Politeknik Besut Terengganu, Jalan Bukit Keluang, 22200 Besut, Terengganu, Malaysia

3School of Electrical Engineering, Faculty of Engineering, Universiti Teknologi Malaysia, Johor Bahru,

81310, Malaysia

4Department of Electrical Engineering, Politeknik Negeri Padang, Jl. Kampus, Limau Manis, Kec. Pauh,
Kota Padang, Sumatera Barat 25164, Indonesia

*Corresponding author email: saipolhadi@pis.edu.my

ARTICLE INFO

Article History:

Received 4 July 2025

Revised 11 September 2025

Accepted 23 October 2025

Published 30 October 2025

©2025 Saipol Hadi H. et al.

Published by the Malaysian Technical Doctorate
Association (MTDA).

This article is an open article under the
CC-BY-NC-ND license
(https://creativecommons.org/licenses/by-nc-
nd/4.0/).

Keywords:

human detection,
surveillance system,
machine learning,
segmentation,
fusion modalities

ABSTRACT

In the domain of machine vision, surveillance systems serve as a security
measure aimed at protecting public safety and properties. A key function
of these systems is human detection. This paper introduces a human
detection system that leverages thermal-depth information captured by a
mobile robot in indoor settings. A novel fusion technique, termed Fusion of
Thermal-Depth Information (FTDI), is proposed to enhance the
segmentation process, ensuring robustness in various lighting conditions
and improving processing speed. To address the challenge of occlusion, a
new method known as the Occlusion Human Detector (OCHD) is introduced,
which incorporates a pre-detector. This detector classifies occluded
individuals using pixel codes derived from a candidate selection process.
The results indicate that the proposed system achieves over 90% average
accuracy across all datasets, outperforming state-of-the-art algorithms. Its
innovative contribution is enhancing the classification of individuals and
their occlusions. The proposed system is noted for being computationally
efficient and maintaining high performance even in conditions of
significant occlusion and low illumination.

1.0 Introduction

In the realm of machinevision, surveillance systems serve as a security measure focused
on ensuring the security of both the property and public. One critical function of these systems is
human detection. Humans often take this ability for granted, as our brains are exceptional at
learning new objects and recognizing them later. We can identify objects and interpret their
interactions even within complex scenes. For instance, when navigating a public space, a person
can swiftly recognize and categorize various elements, such as other individuals, furniture, stairs,
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pillars, walls, and signage. Humans can detect individuals under a wide range of conditions,
irrespective of clothing colour, style, posture, appearance, partial occlusions, lighting variations,
or background distractions. The analysis of an individual's colour and viewpoint is generally not
essential to determining that an object is a person. Similarly, in surveillance systems, this
challenge has been identified as one of the mostdifficultand computationally demanding aspects
of human detection. The complexity further increases when such systems are integrated into
mobile robots.

Traditionalsurveillance systems that rely on static cameras operate in a passive manner,
primarily detecting events and triggering alarms. In contrast, active role systems, such as those
based on mobile platforms, can interact with their environment, humans, and other robots,
significantly enhancing their capabilities (Hacinecipoglu et al.,, 2020) (Bakar; et al, 2022)
(Murugiah; et al,, 2024) and (Gupta et al.,, 2024). These robots can patrol areas like airports,
warehouses, and banks, monitoring valuable assets, recognizing individuals, and identifying
intruders. Currently, various strategies are being developed to improve the performance of human
detection systems, making them more suitable for everyday applications such as surveillance
systems, driver-assistance systems, and facial recognition security systems. A range of sensors is
employed,including radar, lasers, thermal cameras, visible cameras, and depth sensors (Kinect).
While radar sensors, thermal cameras, and lasers tend to be expensive, vision-based systems like
standard cameras and depth sensors are more affordable and provide multi-channelinformation
and pixel-level, including depth data and colour (RGB) (Ozcan & Cetin, 2022). Since early 2015,
thermal cameras have gained popularity and become more accessible for public research due to
a reduction in cost. Detecting and tracking humans is essential for advanced vision -based
applications, especially when they integrate autonomy. A vital aspect of any person recognition
system is the capability to detect individuals under all conditions, including instances of occlusion.
Unfortunately, current object recognition methods only perform adequately at lower occlusion
rates but struggle with moderately to severe occlusions. This paper addresses the challenge of
occlusion handling in human detection deployed on mobile robots for surveillance systems in
indoor environments.

Experimental

Surveillance systems that utilize mobile robots offer significant advantages over static
platforms in addressing various surveillance tasks. These mobile systems can actively interact
with their surroundings, humans, and other robots, enhancing their functionality and
effectiveness. However, as the robot moves, the challenges associated with obtaining reliable
information cues increase. Thedata collected can be subject to extreme noise, and the complexity
of both the background and foreground can complicate analysis. To effectively implement
surveillance systems using mobile robots, severalcritical problems must be addressed is handling
unreliable or incomplete information cues, robust object segmentation, and real-time response.
Detecting human presenceis a key requirementin the context of surveillance systems; however,
it presents a significant challenge due to the multifaceted appearance of humans. Additional
complicating factors include variations in illumination, the presence of occlusions, changesin
viewpoint,and background clutter. Each of these elements can hinder the ability of the system to
accurately identify and track individuals, necessitating the development of robust detection
algorithms thatcan adaptto these challenges. Addressing these issues is essential for enhancing
the effectiveness of mobile robot-based surveillance systems as mentioned by (Akram et al,
2018), (Aslan et al, 2020) and (Liu et al,, 2021). Illumination presents a challenge for RGB
cameras, which have limitations under various lighting conditions and computational costs. A
robust surveillance system should be able to function effectively in all the mentioned situations.
Furthermore, relying on a single type of sensor restricts the system's capabilities compared to
utilizing sensor fusion, which can generate multi-modal features to improve the system's
robustness, as noted by (Pourmehr et al,, 2017) (Park et al,, 2020) (Guo et al, 2020) and (W.
Zhang et al,, 2021).
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Another challenge that complicates surveillance tasks is the presence of crowded scenes
and the occurrenceof occlusions. A critical question arises: how can the proposed method detect
individuals in occluded situations within chaotic real-life scenarios, particularly given the
unpredictable movement of people? A review of the literature indicates that existing methods
struggle with handling occlusions. Many of these approaches are capable of addressing
occlusions, but they are often limited to scenarios involving only two or three individuals, ((Zhou
& Yuan, 2019) (Chi et al,, 2020) (Mo et al,, 2021) (Gilroy et al., 2021) (Gilroy et al,, 2021) and
(Minaeeet al,, 2022)). Works by (Gupta et al,, 2024) attempted to address occlusioninvolving five
individuals, but challenges related to occlusion in crowded scenes remain unresolved. Moreover,
earlier approaches show insufficient detection performance under moderate to severe occlusion
conditions. Evidence suggests that when occlusion becomes too extreme, most of these methods
tend to fail, ((Zhou et al,, 2019) (Angelini et al.,, 2020) (Guo et al., 2020) (Mary et al,, 2020) (Cao
et al,, 2017) (Stewart & Andriluka, 2016) and (Merad et al,, 2016)).

2.1 Methodology
Figure 1 illustrates the proposed system for detecting individuals using a mobile robot
The algorithm comprises three stages, which will be described in detail in the next subsection: (i)
pre-processing, (ii) region-of-interest (ROI) generation, and (iii) object classification, including the
pre-detector and OCHD detector. Each stage will be described comprehensively in the following
subsections.

B. ROI Generation

Input Image

A. Preprocessing

Wil ¥

Fusion Technique

Aligned using tform l

C. Object Classification

Output/Result

Figure 1. Proposed system procedure

211 Preprocessing

This stageinvolves handling theinformation obtained from the Kinect sensors and thermal
cameras. Both raw data (depth and thermal) are manipulated to render them proper for
subsequent stages. The next stage, ROI Generation, provides an initial or rough contour of the
object of interest within the depth and thermal images, and the last stage, Object classification,
relies on standard pattern recognition techniques based on previously extracted features. This
proposed system is designed to automatically detecthumansin the foreground, including those
who are occluded. The object detection system incorporates several pre-trained classifiers for
identifying profile frontal faces, noses, the upper body eyes, faces, and among others. However,
these detectors may not be consistently effective for all applications. Consequently, training a
custom classifier is essential. Cascade trainer applications, created by (Muhadi et al.,, 2020) and
(Shoelson, 2013),can be found in the MATLAB® File Exchangeand are included in the Computer
Vision System Toolbox™ to facilitate the training of a custom classifier. These applications serve
various purposes, including creating new cascade classifiers, training algorithms, and managing
the selection and positioning of ROIs from a images collection.
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Segmentation

The ROIs containing individuals in the thermal image are selected using approach
described in (Panetta et al,, 2021). The values of threshold are determined from the histogram
using theImage Viewer Application within Image Processing Tools. This application offers various
features for displayingimages, optimizing the properties, numbers, and axes of the image objects
for improved visualization. Research by (Lou et al,, 2021) indicated thatimages of thermal post-
thresholding are referred to as thermal of interest (TOI). In this context, the analysis is conducted
based on the lower threshold value, t; and the highest threshold value, t;, as expressed in the
following formula:

0: t=tmllx,v)=t,

TOI(x,y)= { tml(x,y) : otherwise (1)

Where TOI(x, y) denotes the thresholder image, while tml(x, y) represents the original
thermal image pixels. If the measured value of thermal tml(x, y) is outside the ¢, range or falls
below the ¢, range, itis set to zero; otherwise, the value of thermal is retained. Figure 2 illustrates
the process of segmentation for an image of thermal.

@ W)

Figure 2. (@) Image of thermal; (b) Extraction of TOI based on tl = 135 and th = 160.

Generally, the Kinect sensoris set up to provide valid range data between approximately
1.5 to 10 meters (Malik et al,, 2019) (Hacking et al.,, 2019) (Luchao et al, 2018) (G. Zhang et al,
2017) (Zhaoet al.,, 2017)and (Marchal & Lygren, 2017). However, the range within 3 to 8 meters
are considered valid for human, the value beyond 8 meters are inaccurate, and below 3 meters
are unsuitable due to the thermal camera's 18mm focal length and a horizontal field of view of
29.9° As a result, ranges below 3 meters and above 8 meters need to be excluded. This exclusion
is achieved using the FTDI technique to generate the depth of interest (DOI) with the TOI images
serving as a template against the depth_r images. This technique can be represented as,

Output = A-B

DOI(x,y) = {0 1 TOI{x,y) or depth_r(x,v) or both equal to zero
ny) = depth_r(x,v): both bigger than zero )

Where Output stands for DOI(x, y) - the thresholder depth image, A corresponds to TOI(x,
y) - the thresholder thermalimage, and B corresponds to depth_r(x, y) - the registered depth. One
of the objectives of this work is to detect multiple persons within the 3 to 8-meter rangeincluding
occluded persons. While the depth of interest has been generated, accurately determining the
total of candidates, especially for occluded individuals, remains challenging. The candidate
selection process consists of two steps: (i) clustering all objects, with each cluster stored as a
single object (split-restore region), and (ii) filtering to eliminate small regions (filter-merge
region). To obtain distinct regions, an output region Oi is created for each candidate i, (3).
Ensuring that each output region Oi contains only one candidate. Each output is then filtered to
remove small adjoining regions, with regions smaller than 500 pixels considered noise and
subsequently eliminated (Malik et al., 2019) and (Gonzalez et al., 2017).
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Oi=pli<pi=phi (3)
Ri=opening(0i.A) (4

Object Classification

This stageinvolves three phases of detection: (i) Pixel Code Features — This phase converts
the pixelvalues of all regions Rjintoindividual codes. (ii) Pre-detector - It generates the bounding
box coordinates (BBC), specifically x, y, height, and width, which are utilized in the Occlusion
Human Detection (OCHD) stage. (iii) OCHD Detector — This stage executes detection by pixel codes
based on the BBC obtained from the pre-detector. Within the first phase, human detection is
performed by focusing on structures of upper body, and the BBC are saved. This is accomplished
by modifying algorithm based on (Nasir et al.,, 2019) through system object detectors, with
properties set to 30x30 pixels with 1.05 scale factor (minimum size), following the framework of
Viola-Jones. Theimagesize is based on the search window and scale factor using the Viola-Jones
algorithm, as illustrated in Figure 3.

@ ®) ©
Figure 3. Image size based on the search window and scale factor.
(a) Maximum size; (b) actual size; (c) minimum size

The minimum size property limits the object sizes that can be detected; ideally, these
parameters can be adjusted to decrease computation time when the size of the target objectis
known beforehand. These properties are influenced by the scale factor, which constrains the
dimensions of the search windows. This detector employs Histogram of Oriented Gradients (HOG)
features as suggested by (Dalalet al.,, 2006) and uses a cascade of classifiers trained via boosting.
The OCHD detector consists of two stages: (i) person prediction and (ii) verification and
refinement. During the first stage, a scanning process is used to locate new persons within the
BBC region. The scanner checks for new codes along both the y-axis and x-axis of the BBC to
identify any discrepancies from the reference codes. This scanningtechniqueis adapted from the
Multi-Block Local Binary Pattern (MB-LBP) method introduced by (Cruz et al., 2016), also extends
the Local Binary Pattern (LBP) technique described by (Cruz et al.,, 2016). Unlike LBP, which relies
on individual pixels, MB-LBP applies the LBP operator to blocks of pixels, ensuring thatall blocks
conform to a 3x3 layout (i.e., they must be of uniform size). The authors highlighted that MB-LBP
acts as a faster and more effective texture classifier, with texture defined as a function
representing spatialvariations in pixelintensity within an image. The originalexpression for MB -
LBP labels is given by;

LBP(xp yp) = Xj—g5(in — i,)2" )
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Where in and ip represents the gray level of the neighboring and central pixels, (x5 yp) is
the pixel of the image, and n is the number of neighboring pixels. This process is illustrated in
Figure 4, expressed as;

Pea(xi, yi) = ok} (i) (6)

Where Pc; is the pixelcode of i, (x; yi) is the pixel of the image, i denotes the current pixel,
and s(pc)) is described by expression (7).

0, =0
s(pc) = KO, W= @
T
28 28
28 56
56 56
{a) (L}
0|28 28
HZ =84 o [28] 56
G| 3% 36
{c)

Figure 4. Scanner process. (a) is the 3x3 scanner window; (b) pixel codes; (c) the assignment of 0 if the pixel value is 0 or same to Z,

When the Pcn value differ from the value of Z;, the Pcn is stored in a new matrix, which will
be used along with Z: for the next iteration as the reference code. A new matrix is created to
gather the coordinates, including the values of maximum x and y, the number of rows in BBC and
Pcn which will be used in subsequent processes. This matrix, designated as New Persons
Coordinates (NPC), is represented as;

NPCp;= [Xj. yj, X-maxj, y-maxj, qj. Penj] (8)

Where m is the total number of Pcn, andj is the number of rows in NPC. Each row of the
outputmatrix NPC comprisesa six-elementvector, where x; and y; are coordinate for Pcy;, g is the
number of rows in the BBC, Pcy; is the code of a new person, and x-max/y-max denote the
maximum value of x-axis/y-axis for the current BBC. Concurrently, the BBC matrix is updated by
adding the pixel code (Pc), with the new matrix represented as;

BPC,; = [xi. yi, hi. wi, Pci] 9

The nextstageis verification, which occursduring the scanning of each BBC. Here, identical
pixel codes detected across different BBCs may emerge. The NPC matrix will be compared to the
BPC matrix to remove coordinates associated with the same candidate.

If z is equal to O, it indicates that there are no new individuals present in the bounding
box of the BPC. This process involves examining each row of the NPC matrix one by one, with z
representing the current row index of the NPC, and comparing it against each bounding box of
the BPC. Start by initializing d as the number of current BPC and obtaining the value g from
current NPC. If the value of g and d for NPC: are the same, the process will skip thisinstance and
move to the next d. The condition for comparison is as follows: x; = xg.min && x; < xqs.max while
ensuring Pcp; = Pcg. If these conditions are met, NPC: is reset to 0, represented NPC; as;
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NPC(z.:)=[0,0.0.0.0, 0] (10)

This process focuses on removing any coordinates from the matrix where NPC; = 0, and
the remaining coordinates are organized according to the standard image matrix defined in
equation (3.35), referred to as NPCR. Additionally, the heightand width parameters will be set to
30x30 pixels with 1.05 scale factor (minimum size), in accordance with the settings of the Viola-
Jones algorithm. The BBC and NPCR matrices will then be combined into a single matrix.
Ultimately, this will yield the final matrix coordinate of the bounding box, which indicates the total
number of humans detected by both detectors. The final matrix is named FBB and represented
FBB as;

NPCR =[xz, yz, height, width] (11)
FBB =[BBC; NPCR] (12)

Current mobile robots emphasize the necessity for a reliable and fast system in human
detection. Yet, techniques from static applications cannot always be directly applied to mobile
platforms dueto factors like platform movement, increased noise, computational constraints, and
environmental uncertainty. Additionally, the challenges intensify when the robot moves, leading
to unreliableinformation cues. Therefore, key issues for surveillance systems using mobile robots
includemanaging unreliable orincomplete information, ensuring real-time responses, and robust
object segmentation.

Results and Discussion

This study presents the results of the proposed human detection system using a Kinect
sensor and thermal camera deployed on the mobile robot, utilizing the suggested pre-detectors
and occlusion detectors. An experimentdemonstrates multi-person detection using the occlusion
detector, showcasing its performance. Both detectors are evaluated in the experiment, and
potential improvements are discussed. In crowded environments, multiple individuals may
overlap, necessitating a robust detector capable of identifying all persons in the images. The
previously generated BBC coordinates are used to identify new individuals in the current BBC
through pixelcodes. The pixel codes in DOI images can pinpointa person's location. The proposed
occlusion detector identifies overlapping individuals by comparing pixel codes and the positions
of bounding boxes in each image. Consequently, detecting occluded persons without a depth
image may result unsuccessful.

The benchmarking process involves comparing four algorithms as follows, method by
(Hacinecipoglu et al.,, 2020) using a depth camera to focuses on human detection with a two-
stage cascaded structurethatincludes extreme points in the head-shoulder descriptor (HSD) and
an edge map. These systems were evaluated using a mobile platform dataset provided by (Munaro
& Menegatti, 2014). The study by (Ozcan & Cetin, 2022) presents a real-time human detection
method using a depth camera, and a CNN descriptor combined with a physical radius-depth
detector. These systems were evaluated using own datasetand COCO dataset. Works by (W. Zhang
et al, 2020) addresses human detection with occlusion handling in complex environments,
utilizing a depth camera along with three features namely Depth map, Multi-order depth
template, and Heightdifference map (DMH). Authors also assessed their system utilizing a mobile
platform dataset supplied by (Choi et al.,, 2013).

The experiments evaluated detection performance under moderate and strong occlusion
conditions using images from the MRV-MP dataset, which contains 500 images—262 with
moderate occlusion and 238 with strong occlusion. Thedatasets have a total of 786 and 7 14 NGT
data points, respectively, with each detected individual counted as a false alarm. Table 1 and
Figure5 present quantitative results, showing thatthe proposed system performs well, achieving
an average precision of 0.934 for moderate occlusion and 0.935 for strong occlusion. It
outperforms three other algorithms, attaining accuracy rates of 96.25% for moderate occlusion
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and 96.41% for strong occlusion, compared to the previous systems'accuracy rates of 44% to
75%.

Here are the possiblereasons for the performance differences observed in the compared
methods:- Method by (W. Zhang et al.,, 2020), This approach utilizes a two-stage detection process
to capture information of geometric structure from the depth map through DMH, along with CHL
(Candidate Head-top Locating) using Convolutional Neural Networks (CNN). While this method
achieves commendable results in terms of average precision and recall, it struggles with the
classification of cases involving moderate and strong occlusion. The primary issuelies in the CHL
method focusing exclusively on the positions of simply occluded persons, thereby neglecting
candidates in instances of severe occlusion. This limitation hampers its overall efficacy in
addressing complex occlusion scenarios.

Table 1. Moderately and strongly occlusion of detection metric results.

Dataset/ Moderately Strongly

Modality P R A P R A
Proposed 93.41% 99.24% 96.25% 93.54% 99.44% 96.41%
W. Zhang et al,, 2020 69.95% 73.16% 74.82% 71.06% 73.95% 75.59%
Hacinecipoglu et al.,, 2020 19.49% 9.67% 45.71% 17.93% 7.28% 45.98%
Ozcan & Cetin, 2022 18.33% 11.20% 44.50% 16.22% 7.70% 44.92%

Method by (Hacinecipoglu et al.,, 2020), This method employs a 3D head contour and
surface modelin depth images for detecting upper-body individuals. However, it relies solely on
depth information, making the algorithm susceptible to inefficiencies due to significant noise
present in the depth data. Moreover, the segmentation of depth information can be challenging,
particularly in the presence of various pose variations and frequent moderate to strong occlusions
of upper-body persons. As a result, the method yields lower precisionand recall rates. Method by
(Ozcan & Cetin, 2022), This approach focuses on the 3D geometric properties of the human head,
utilizing radius and depth values for effective top-head detection and incorporating a CNN
descriptor to assess the validity of human location. Nevertheless, the method called Physical
Radius-Depth fails to accurately generate features for head-top human detection. Additionally,
employing deep learning object-based detectors tends to yield an excessive number of region
proposals, leading to potential confusion and decreased detection accuracy.

Precision-Recall Curve Precision-Recall Curve
9 0af
(17— 08
! [}
5 08 5
Bosl ost )
03 Propesand {( 9734) a3
. W, Zhang et &, 2020 (0 700) = Prapased (0 935
Hacinecipogh al al | 203000 195) === W Zhang at al., 2030 (0 T12)
Ozcan & Catin, 2022 (0 163) 1 02 Hacinecipogihs of o, 2020 {0.179)

Ozcan & Cetn. 2022 {0 162)

D4 nz 0.3 0.4 0.5 0E 0T 0B 0.9 1 o 0.2 0.3 0.4 0.5 0E 0T 0B 0.3 1
Recal Reca

@) (b)
Figure 5. The OCHD detector Performance based on Precision-Recall Curve.
(a) moderately dataset and (b) strongly dataset

The experiments were conducted to assess the computational efficiency of the proposed
system compared to three state-of-the-art algorithms, achieving an average processing time of
58.8 milliseconds per frame on the specified dataset. This performance indicates that the
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proposed system operates efficiently relative to the three benchmark algorithms, as detailed in
Table 2, which presents a comprehensive comparison of the run-time performance.

Table 2. Comprehensive comparison of the run-time performance against algorithms.

Algorithms Run-time/Frame
Proposed 58.80msec/frame

W. Zhang et al.,, 2020 60.75msec/frame
Hacinecipoglu et al., 2020 60.90msec/frame
Ozcan & Cetin, 2022 61.52msec/frame

The fusion method utilized by the proposed system proves to be highly effective, yielding
accurate Depth of Interest (DOI) results. In contrast, the state-of-the-art algorithms often require
multiple filtration stages to produce their DOI outputs, resulting in a significant computational
burden. While the proposed system demonstrates commendable efficiency, there remains room
for enhancementto achieve real-time detection capabilities. The OCHD detector particularly excels
in identifying individuals across varying levels of occlusion, namely low, moderate, and strong
occlusions - highlighting the system's robustnessin challenging scenarios. Overall, the proposed
system not only exhibits competitive computational efficiency but also shows promising
improvements in detection accuracy under diverse occlusion conditions. Qualitative results, as
illustrated in Figure 6, showcase the advancements in detection performance facilitated by the
Pre-detector, left column. The left column (a-c) shows the pre-detector used to obtain BBC
coordinates, while the right column (d-f) presents the OCHD detector aimed at improving the
human detection rate.

C f

Figure 6. Advancements in detection performance facilitated by the Pre-detector.
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4.0 Conclusion

This study investigates several methods aimed at enhancing human detection
performance, particularly for occluded individuals, in surveillance systems deployed on mobile
robots. The proposed system is based on the infrared spectrum, utilizing data from thermal and
depth cameras to improve detection capabilities. A major innovation in this work is the
development of a novel hybrid approach that integrates detectors trained on both unoccluded
and occluded individuals. This method effectively utilizes the advantages of Fusion Thermal-Depth
Information (FTDI), enabling the system to precisely determine the positions of individualsin
images by combining thermal and depth data. By addressing the limitations associated with
traditional computer vision (CV) sensors, this system represents a significant advancement in
detection technology. The system's design takes into account the challenges posed by the
movement of mobile robots and the limitations of infrared sensors. The results suggest that
detection methods can be further refined to better address occlusion issues and improve human
detection accuracy in cluttered environments. However, it is acknowledged that the proposed
system is not yet fully optimized for real-world deployment, and additional improvements are
needed to enhance detection performance across a broader range of conditions. Despite its
current limitations, the system has shown significant progress and yielded promising results.
Ongoing developmentis crucialto enhancevisibility in low-light conditions, adverse weather, and
environments affected by smoke or other obscurants. One of the notable strengths of the
proposed system is its computational efficiency, which ensures effective performance even in poor
lighting and crowded scenes, thanks to its reliance on depth and thermal information. Overall,
while improvements are still needed, the proposed system lays a solid foundation for advancing
human detection technology in dynamic surveillance environments.
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