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ARTICLE INFO ABSTRACT

Keywords: Real-time pedestrian localization is essential for effective emergency evacuation in large indoor public spaces.

Evacuation This study presents an intelligent digital twin system for evacuation monitoring, integrating deep learning and

Digital tWir.‘ computer vision. The system includes four components: (1) Internet of Things sensor network, (2) cloud

fllefl[t)i-f;'r;?fracking computing server, (3) Artificial Intelligence processing engine, and (4) interactive user interface. The Artificial

Pedestrian localization Intelligence engine introduces three innovations: automated detection and tracking of pedestrian coordinates
using You Only Look Once-Pose (YOLO-Pose) and Deep Simple Online and Realtime Tracking (DeepSORT);
transformation of multi-camera data into a unified world coordinate system; and the Multi-Object Matching
Operation (MOMO) algorithm for identity association. These enable accurate detection, localization, and
counting while minimizing identifiability. The system was validated in controlled experiments and a high-speed
rail station waiting hall with dense, dynamic pedestrian flow. It achieves high localization precision, with a root
mean square error of 5.3 cm, a mean absolute error of 4.8 cm, and a people counting accuracy of 92.34% while
processing 30 frames per second video at 27.8 ms per frame. These results demonstrate the potential of the digital
twin framework in intelligent evacuation management. The main contribution in Artificial Intelligence is the
Multi-Object Matching Operation algorithm, and the engineering contribution is the realization of a real-time
digital twin system in a large public facility.

to October 2024, China experienced 745,000 fires, resulting in 1381
deaths and 2063 injuries. The direct property damage amounted to 6.15

1. Introduction billion Renminbi (RMB), approximately 861 million United States Dollar

(USD). Notably, many of these incidents occurred in urban commercial

Driven by rapid urbanization, cities worldwide are witnessing sub- and residential complexes with high population densities (Xie et al.,
stantial population growth and increasingly dense human activity. This 2025).

trend has resulted in frequent crowd gatherings across diverse public The increasing frequency and severity of public safety incidents

spaces such as shopping malls, office buildings, transportation hubs, and

underscore the urgent need for intelligent technologies to support the
sports venues (Chen et al., 2021; Sun et al., 2025b; Sun and Chen, 202.3;

development of effective evacuation strategies (Y. Zhang et al., 2025a,

Wu et al,, 2025). In such. densely populated inflogr. enviror.lments, tl.1e 2025b). To address this need, growing attention has been directed to-
risk of large-scale casualties and property loss significantly increases in ward the application of Artificial Intelligence (AI) in the field of safety
the event of sudden disasters, including fires, earthquakes, floods, toxic and emergency management. As an advanced technological paradigm

gas leaks, or even terrorist attacks (Sun et al., 2025a; T. Zhang et al.,

Al offers new possibilities for enhancing emergency preparedness,
2024; Zhang et al., 2022a; Wu et al., 2026). For instance, from January
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Abbreviation

2D Two Dimensional

3D Three Dimensional

Al Artificial Intelligence

BT Bluetooth

CCTV Closed-Circuit Television

CDF Cumulative Distribution Function
COCO  Common Objects in Context
DeepSORT Deep Simple Online and Realtime Tracking
FPS Frames Per Second

GPU Graphics Processing Unit

I/0 Input/Output

IDF1 ID F1 Score

IoT Internet of Things

MAE Mean Absolute Error
MOMO  Multi-Object Matching Operation

MOTA  Multiple Object Tracking Accuracy
MySQL My Structured Query Language

PCA People Counting Accuracy

PnpP Perspective-n-Point

RAM Random Access Memory

Re-ID Cross-camera Person Re-identification
ResNet  Residual Neural Network

RFID Radio Frequency Identification

RMB Renminbi

RMSE Root Mean Square Error

SORT Simple Online and Realtime Tracking
Us Ultrasound

USD United States Dollar

UWB Ultra Wide Band

ViT Vision Transformer
Wi-Fi Wireless Fidelity
YOLO  You Only Look Once

detection, and response by leveraging data analysis, pattern recognition,
and automated decision-making. These capabilities have the potential to
significantly improve the efficiency and effectiveness of safety in-
terventions, particularly in complex and dynamic environments (Z. Li
et al., 2025; M. Liu et al., 2025; Xiao et al., 2023; Zou et al., 2025).
Recent research trends increasingly emphasize the transition from iso-
lated algorithm development toward system-level intelligent perception
and real-time decision support in complex indoor environments
(Kreuzer et al., 2024).

Among the various applications of Al, situational awareness of
personnel status serves as a fundamental component for improving
evacuation response capabilities (Ouyang et al., 2025). Studies indicate
that the majority of disaster casualties result from a lack of real-time,
dynamic personnel information, such as the pedestrians' positions,
their numbers, and rescuers’ conditions, etc., at the escape and rescue
phase in public areas (Guyo et al., 2023; Li et al., 2023). Notable disaster
events that illustrate these challenges are shown in Fig. 1. Crucially, the
precise location of personnel is one of the most vital pieces of infor-
mation in disaster situations, playing a pivotal role for both evacuees
and rescue teams (Li et al., 2014; Wong and Lee, 2023, 2025; Zhu et al.,
2025). On one hand, dynamically tracking the positions of evacuees
allows for the real-time planning of evacuation routes, helping to pre-
vent individuals from being trapped in hazardous areas and enhancing
evacuation efficiency. On the other hand, by knowing the location of

rescue personnel, resources, and teams can be allocated effectively,
preventing rescuers from becoming lost or searching blindly in the risky
zone. However, the majority of existing evacuation simulation studies
have relied on assumed personnel locations, which fail to accurately
reflect the actual distribution of individuals in a real evacuation scenario
(Han et al., 2024). This limitation reduces the practical applicability and
effectiveness of the generated evacuation plans. In fact, existing research
has shown that the initial location distribution of personnel significantly
impacts the evacuation process (Yang et al., 2024). Therefore, the
real-time acquisition of indoor personnel location data based on Al is of
paramount importance for guiding and optimizing emergency evacua-
tion strategies during public place disasters. In particular, the integra-
tion of AI with IoT infrastructure and digital twin technologies has
recently emerged as a research hotspot for enabling global, real-time
situational awareness in large-scale facilities (Sacoto-Cabrera et al.,
2025).

Motivated by the emerging demand for global situational awareness
and system-level integration in intelligent evacuation management, this
study presents an Al-enabled Digital Twin framework designed for
facility-wide evacuation monitoring. Distinct from algorithm-centric
studies that focus on modifying deep learning network architectures,
this work focuses on the engineering integration of computer vision with
safety management, establishing a complete data pipeline from IoT
sensors to a visualization interface for real-time situational awareness.

Fig. 1. Some disasters with serious consequences due to the lack of live information. (a) Tiirkiye-Syria earthquake (Turkey-Syria earthquake, 2023), (b) Grenfell
Tower fire (Gregory, 2024), (c) Port of Santos toxic gas leak (Nuvem toxica atinge quatro cidades no litoral de SP; vazamento continua, 2016).
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Furthermore, unlike the single-camera dependent digital twin systems
or traditional multi-camera monitoring systems, which often suffer from
limited coverage and information fragmentation, the proposed system
integrates data from multiple cameras to provide real-time, collabora-
tive pedestrian information. The proposed system framework embodies
the core architecture of a digital twin by establishing a closed-loop
synchronization between the physical evacuation environment and its
virtual counterpart. Instead of functioning merely as a monitoring tool,
the system integrates four main components to construct a high-fidelity
virtual replica: the IoT sensor network serves as the physical sensing
layer to capture raw crowd dynamics; the cloud server and Al engine
constitute the virtual modeling layer to transform fragmented video data
into a unified, semantically rich digital model; and the user interface
functions as the interaction layer, visualizing the indoor evacuation
scenario in real time to support physical-world decision-making. To
evaluate the system's performance, pedestrian experiments and real-
world applications were conducted, demonstrating its potential in
emergency evacuation research. This study aims to achieve the intelli-
gent perception of pedestrian location information in public place
evacuations and provide effective support for evacuation decision-
making and emergency response.

The remaining part of the current work is organized as follows:
Section 2 reviews the related work. Section 3 introduces the digital twin
framework and the functionality of each component. Section 4 provides
a detailed explanation of the multi-source video fusion method for
pedestrian position monitoring, powered by the AI engine. Section 5
presents and discusses the demonstration of the digital twin system
through real-time pedestrian monitoring tests. Section 6 discusses the
research work with its application prospects and limitations. Finally, the
main conclusions are summarized in Section 7.

2. Related work

To position the proposed system within the current research land-
scape, this section reviews recent advancements and emerging trends in
three interconnected domains that have become central research hot-
spots in intelligent evacuation management: indoor pedestrian locali-
zation, digital twin applications in smart firefighting, and multi-camera
tracking technologies. By synthesizing these directions, we identify
existing limitations and clarify the research gap addressed in this study.

2.1. Indoor pedestrian localization

Common indoor pedestrian localization technologies include Wire-
less Fidelity (Wi-Fi), Bluetooth (BT), Radio Frequency Identification
(RFID), Ultrasound (US), and Ultra Wide Band (UWB), all of which rely
on radio signal transmission and reception to achieve location tracking
(Sesyuk et al., 2022). These methods typically require the installation of
devices in specific locations, leading to higher implementation costs.
Additionally, they are prone to issues such as multipath effects and
non-line-of-sight interference, which can compromise localization pre-
cision and hinder widespread adoption (Hayward et al., 2022; Zafari
et al., 2019). In contrast, visual-based localization utilizes cameras as
data acquisition devices, processing image data through algorithms to
extract features for indoor localization. With the advancement of the
Internet of Things (IoT), big data, and Al, real-time localization of in-
dividuals through monitoring systems has become feasible.

Compared to other technologies, visual-based localization offers
superior stability and accuracy (Wang et al., 2024). The widespread
deployment of surveillance cameras provides a solid infrastructure for
mass adoption, eliminating the need for additional equipment or the
requirement for individuals to carry devices, making it a cost-effective
and scalable solution (Piasco et al., 2018). Chen et al. (2023) pro-
posed a pedestrian location framework based on monocular cameras,
which consists of three parts: coarse localization, auxiliary information
generation, and information fusion. Niu et al. (2021) proposed a
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pedestrian three-dimensional (3D) localization method using monocular
images combined with ground point clouds, calculating foot and head
coordinates via collinearity equations under the assumption that pe-
destrians stand perpendicular to the ground. Sun et al. (2017) investi-
gated human body localization with a single camera and introduced a
device-free method based on panoramic cameras and indoor maps.
Sato et al. (2020) developed a pedestrian localization method that es-
timates foot location using anthropometric features, such as face length,
and maps it to the floor plane via perspective transformation. However,
standalone localization algorithms are insufficient for comprehensive
emergency management. In practical applications, visual-based pedes-
trian localization requires a mature system for data collection, trans-
mission, processing, visualization, and interaction (Zhang et al., 2022b).
Furthermore, the protection of personal identity of individuals during
evacuation is a critical concern in video surveillance. Considering these
factors, the integration of digital twin systems into smart firefighting
applications is necessary to address both technical and ethical chal-
lenges (J. Chen et al., 2025b, 2025a).

2.2. Digital twins in smart firefighting

Digital Twin is a technology that creates a dynamic virtual replica of
a physical object or system, enabling real-time monitoring, simulation,
and predictive analysis through data synchronization (Y. Liu et al.,
2025). Recently, several digital twin systems have already been applied
to smart firefighting, reflecting a growing research focus on coupling
physical sensing systems with virtual simulation environments for pro-
active risk management. For instance, Ding et al. (2023) introduced an
intelligent emergency digital twin system based on computer vision and
deep learning, which was evaluated in a stairwell. Zhang et al. (2024)
developed a tunnel fire digital twin framework that considers vehicle
classification and entry speed at tunnel entrances to estimate fire risks
and evacuation safety in real time. To further enhance disaster resil-
ience, Setijadi Prihatmanto et al. (2025) investigated the application of
Digital Twin Cities for flood evacuation, highlighting how the integra-
tion of 3D city models with AI and IoT sensors can significantly improve
predictive capabilities for identifying optimal evacuation routes in real
time. Additionally, Jahangir et al. (2025) proposed the Building Simu-
lation Identity Card framework to standardize and integrate specialized
simulation models, such as earthquake propagation and occupant
movement, thereby enabling more holistic and interoperable emergency
evacuation simulations. These developments indicate a growing transi-
tion from static simulation models toward real-time, perception-driven
digital twin systems for emergency management (Wang et al., 2026).

It is noteworthy that despite these advancements, most practical
vision-based digital twin systems primarily focus on specific building
areas and lack global monitoring capabilities for relying only on a single
camera. This reliance on a single camera limits the monitoring coverage
and makes the system susceptible to interference, occlusion, and blind
spots, which may restrict the system's capacity to provide a holistic view
of the evacuation process or other critical events. This limitation reveals
a critical gap between current research prototypes and the emerging
demand for facility-wide, collaborative evacuation perception systems.

2.3. Multi-camera pedestrian tracking

To overcome the constraints of single-view perception and achieve
facility-wide monitoring, it is essential to employ multiple cameras to
provide multi-view information, thereby expanding the monitoring field
and enhancing the robustness of pedestrian localization through
collaborative localization (Wang et al., 2025). Additionally, the world's
increase in surveillance cameras in recent years has created favorable
conditions for multi-camera pedestrian localization (Tran et al., 2022).
Obviously, multi-camera collaborative perception and cross-view in-
formation fusion have become important research hotspots in intelligent
surveillance and smart safety management in recent years (Kim et al.,



H. Sun et al.

2026). Currently, to fully utilize these visual resources, research pri-
marily focuses on multi-camera pedestrian tracking and follows a
“tracking-by-detection” paradigm. In this framework, state-of-the-art
detectors like the You Only Look Once (YOLO) series (Lu et al., 2026)
are employed to detect pedestrians. Subsequently, algorithms such as
Deep Simple Online and Realtime Tracking (DeepSORT) (Wojke et al.,
2017) are widely adopted to track pedestrian trajectories within single
camera views. For cross-camera identity association, cross-camera per-
son Re-identification (Re-ID) techniques (Zheng et al., 2019) utilize deep
convolutional neural networks to extract discriminative appearance
features, achieving high matching accuracy on benchmark datasets.

However, directly applying these traditional multi-camera tracking
systems to emergency evacuation monitoring faces significant limita-
tions. First, high-accuracy Re-ID models often require pixel-level feature
extraction for every target, leading to computational latency that hin-
ders real-time processing in high-density crowds. Second, reliance on
facial or appearance features raises privacy concerns. Third, and most
critically, while these systems excel at logical linking (identifying “who
is who™), they often lack the capability to integrate multi-view data into
a unified global coordinate system for precise spatial localization.
Consequently, information between cameras is not effectively inte-
grated, resulting in information isolation. The integration of visual data
from multiple cameras to overcome information fragmentation and
enable real-time collaborative localization of individuals during evacu-
ation remains a significant challenge (Abbas et al., 2025; D. Li et al.,
2025; Qiu et al., 2025). Therefore, further research is needed to develop
and demonstrate a comprehensive digital twin framework for global
personnel evacuation monitoring in public places.

3. Digital twin system framework
The framework of the proposed intelligent monitoring system mainly

consists of four components (see Fig. 2): (1) IoT sensor network, (2)
Cloud server, (3) Al engine, and (4) User interface. The IoT sensor

1. IoT Sensors

0. Building Scenario

Data collection controller

® A L

Wireless Network
Camera Network
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network is installed in the building before disaster incidents to collect
the on-site data, with closed-circuit television (CCTV) gathering critical
information about the personnel during an evacuation. This data is then
transmitted to a cloud server, which stores and organizes it in a stan-
dardized format for easy access. The cloud server also facilitates
communication between the IoT network and the AI engine. The Al
engine processes the data to identify pedestrians’ positions and provide
real-time alerts, helping to guide evacuation efforts and prioritize safety
measures. The user interface serves as the platform for visualizing the
pedestrian movement information, allowing for cyber-physical interac-
tion and enabling decision-makers to respond promptly. The following
subsections detail these four components.

3.1. IoT sensor network

The IoT sensor network plays a crucial role in gathering real-time
data from the environment. In this system, cameras serve as the pri-
mary sensors, capturing visual information of the building's interior.
These cameras are strategically deployed throughout the site to cover
critical evacuation areas and provide continuous monitoring. Specif-
ically, the deployment follows three empirical principles: (1) Occlusion
& Blind Spot Minimization: Cameras are mounted at elevated positions
(typically >2.0 m) with a depression angle to minimize pedestrian-to-
pedestrian occlusion and reduce monitoring blind spots; (2) Field-of-
View Overlap: Adjacent cameras maintain an overlapping region (typi-
cally 10%-30%) to ensure stable identity handover for cross-camera
association; and (3) Effective Resolution: The camera spacing is con-
strained to ensure that the pixel density of pedestrians at the farthest
edge of the monitoring range satisfies the minimum input requirements
for the detection and tracking model. The sensor network enables real-
time monitoring of pedestrian movements by processing the visual
data captured by these cameras. The integration of multiple cameras
ensures comprehensive coverage, reducing blind spots and improving
the robustness of the system. Furthermore, the sensor network is

2. Cloud Data Server 3. Al Engine

)
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L t e

Deep learning

w7 Indoor pedestrian BT
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‘oneZe

Intelligent Building Pedestrian Monitoring Digital Twin Platform FireLan

< === Wireless data transfer

<—— Wired data transfer
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= 14, merging matching
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Fig. 2. Framework of the intelligent monitoring digital twin system.
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engineered for scalability, thus allowing it to accommodate the dynamic
nature of indoor evacuation scenarios, where the number of people and
their locations can rapidly change.

3.2. Cloud server

The cloud server functions as the central hub for data storage, pro-
cessing, and management. All the data collected by the IoT sensor
network is transmitted to the cloud, where it is stored and processed in
real time. The cloud server facilitates the synchronization of the data
from various sensors, ensuring that the information is up-to-date and
readily available for analysis. It also supports the system's scalability by
providing the requisite computational resources to handle large volumes
of data, particularly in the context of densely populated buildings.
Furthermore, the cloud server ensures data redundancy and security,
safeguarding the information against potential failures or cyber threats.
The data interaction uses the My Structured Query Language (MySQL)
Connector.

3.3. Al engine

The Al engine is the core component of the system, responsible for
processing and analyzing the data gathered by the IoT sensor network. It
employs deep learning and computer vision techniques to accurately
identify and track pedestrians within the building. The Al engine uses
multi-source video fusion to combine data from different cameras,
enabling the system to provide a comprehensive and accurate repre-
sentation of the emergency evacuation scenario. It performs real-time
pedestrian localization, detecting individual positions and movements,
and predicting the total number of people. By leveraging Al the engine
enhances the system's ability to adapt to dynamic changes in the evac-
uation environment. More detailed information, including the pedes-
trian coordinate acquisition, coordinate transformation and unification,
and multi-camera pedestrian matching, is given in Section 4.

3.4. User interface

The user interface serves as the front end of the digital twin system,
providing emergency responders, safety managers, and other stake-
holders with a clear and intuitive view of the evacuation scenario. The
interface visualizes real-time data collected from the IoT sensor
network, such as the location of pedestrians and the number of pedes-
trians. The user interface is designed to be user-friendly, with easy-to-
read charts that highlight key evacuation data. It allows responders to
monitor the situation timely and make informed decisions, improving
the overall efficiency and safety of the evacuation process.

4. Multi-source video fusion monitoring pedestrian method (AI
engine)

4.1. Principle of pedestrian visual-based localization with monocular
camera

Monocular cameras are currently the primary imaging devices used
in public place scene monitoring (Kim et al., 2023). This study focuses
on collaborative pedestrian localization monitoring using multiple
monocular cameras. To achieve this, a fundamental understanding of
monocular camera-based visual localization is required, which involves
key concepts such as the camera imaging model, camera calibration, and
monocular camera-based pedestrian coordinate transformation theory.

4.1.1. Camera imaging model

4.1.1.1. Pinhole camera model. The process of camera imaging essen-
tially involves the projection of three-dimensional spatial information

Engineering Applications of Artificial Intelligence 174 (2026) 114440

. Z
World coordinate system ~*

Pixel coordinate system

P (Xw, Yw: Zw)
P (xC’yC'ZC)

Image coordinate
system

Fig. 3. Pinhole camera model.

onto a two-dimensional image plane. The most commonly used model in
computer vision for describing this process is the pinhole camera model
(Devernay and Faugeras, 2001). It represents the camera imaging pro-
cess using pixel coordinates (O, — uv), image coordinates (Oy, — xy),
camera coordinates (O, — X.Y.Z.), and world coordinates (O, —
Xy YwZy), as shown in Fig. 3.

The transformation relationship of the four coordinate systems is
shown in Fig. 4. The transformation from the world coordinate (xw, Yw,
2y) to the camera coordinate (x.,y., %) is achieved through a rigid body
transformation, which involves both rotation and translation. The
transformation is typically represented by a rotation matrix and a
translation vector. The conversion from the camera coordinate to the
image coordinate (x,y) is based on perspective projection. This projec-
tion depends on the camera's intrinsic parameters, such as focal length
and principal point. The image coordinate system typically has its origin
at the center of the image. Next, the transformation from the image
coordinate to the pixel coordinate (u,v) is an affine transformation,
which involves scaling and shifting the coordinates. In the pixel coor-
dinate system, the origin is located at the upper-left corner of the image,
and the coordinates are measured in pixels.

Finally, the complete coordinate transformation from the world co-
ordinate system to the pixel coordinate system involves combining all
these steps. The total transformation can be represented by Eq. (1):

1 Xy X
u] |z %%|rfo00
RT| |y Yw
zlv|=|o 1 0f00 =K[R|T]
FRRL 0" 1] |z, »
1 4 0010
001 1 1 (€8]
fXOuOO
f f
K=[0f, w0 7fx:a,fy:jy
0010

where z. represents the point coordinate on the Z-axis in the camera
coordinate system; (u,v) represents the point coordinates in the pixel
coordinate system; d, and d, represent the width and length of a pixel,
respectively; (uo,vo) represents the coordinates of the origin of the
image coordinate system in the pixel coordinate system,; f represents the
camera focal length; R and T represent the camera rotation matrix and
translation vector, respectively; [R|T] represents the camera extrinsic
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Rigid Perspective Affine
Transform Projection Transformation

Fig. 4. Transformation relationship of the four coordinate systems.

matrix, which will change whenever the camera moves or changes its
viewpoint; K represents the camera intrinsic matrix, which is fixed and
characterizes the internal properties of the camera; f, and f, represent
the equivalent focal length expressed in pixel width and height,
respectively; (xw, yw,zw) represents the point coordinates in the world
coordinate system.

4.1.1.2. Camera distortion model. In practical camera imaging, lens
distortion is an important factor that must be accounted for to achieve
accurate image measurements. There are two primary types of lens
distortion: radial distortion and tangential distortion.

Radial distortion occurs due to the lens's shape, particularly at the
edges of the image, which can be characterized in Eq. (2):

{xdismrted = X(]. + kﬂz + k2r4 + k3r6) (2)

Ydistorted = }'(1 +kar® + kot + k3r6)

where (x,y) represents the undistorted image coordinates; (xdmned,
ydmmd) represents the distorted image coordinates; kj, k2 and k3 are the
radial distortion coefficients; > = x> + y? is the radial distance from the
image center.

Tangential distortion arises when the lens and the image plane are
not perfectly parallel, leading to an asymmetrical distortion. Tangential
distortion is typically modeled in Eq. (3):

{ Xaisioreed = X + [2p1Xy + p2 (r* + 2x7)] 3)

Yaisored =Y + [P1(r* + 2¥%) + 2paxy]

where p; and p, are the tangential distortion coefficients.

In sum, by combining Eqgs. (2) and (3), five camera distortion co-
efficients are used and the full camera distortion model can be written as
Eq. (4):

{demed =x(1 +kir? + kor* + ksr®) + 2p1xy + p2 (r* + 2x%) @
Yaistored = Y (1 + kar® + kar* + kar®) + 2poxy + p1 (P + 27)
4.1.2. Camera calibration

As previously analyzed, to achieve the conversion from pixel co-
ordinates to world coordinates, it is essential to know the camera's
intrinsic parameters, extrinsic parameters, and distortion coefficients.
Camera calibration estimates the parameters necessary for accurate
localization. Zhang's method (Zhang, 2000), a widely used approach,
employs a planar pattern (e.g., checkerboard) to compute intrinsic pa-
rameters (focal length, principal point), extrinsic parameters (rotation,
translation), and distortion coefficients. Due to its simplicity and accu-
racy, it is adopted in this study for camera calibration.

4.1.3. Pedestrian coordinate transformation based on monocular camera
According to Eq. (1), it can be observed that to convert from pixel
coordinates to world coordinates, additional information 2, is required.
As shown in Fig. 3, for any given point P (x., Y., 2.) in 3D world, its
projection onto the image plane through the camera C results in the
image point p (x, y). Since the transformation from the camera

coordinate system to the image coordinate system involves perspective
projection, which is a one-to-many relationship, any point along the
perspective ray O.P will correspond to the same image point p. There-
fore, if the pixel location of point p in the image is known, it can only
determine that the real-world point P lies somewhere along the ray O.P,
but the 3D coordinates of the point P in the real world cannot be directly
obtained.

However, once point P lies on a specific plane Z in the 3D world is
known, the intersection of the perspective ray O P with the plane Z can
be used to solve for the unique coordinates of point P. In pedestrian
localization scenarios, as the pedestrian is assumed to be on the ground,
so the ground plane is often selected as the reference plane Z, where the
coordinate z,, of the point P in the world coordinate system is typically
set to 0. This assumption allows for the accurate determination of the 3D
location of the pedestrian.

Since the rotation matrix R in the extrinsic parameters is a 3 x 3
matrix and the translation vector T is a 3-dimensional vector, the
extrinsic parameters can be expressed in Eq. (5):

m T2 N3 b

{R T]: T Ty Tz by (5)

o' 1 r31 T I3z 3
0 0 0 1

Where r; denotes the element in the i-th row and j-th column of the
rotation matrix R, and t; denotes the i-th component of the translation
vector T.

First, substituting the extrinsic parameter form from Eq. (5) into Eq.
(1), the following Eq. (6) is obtained.

X,
u fxri +Fuorsy firia +Uolsz firis +Uolss fity +Uots yw
2o |V | = [fyra1 +Vors1 fylaa +Vors2 fyras +Vorss fyta +Vots ZW (6)
1 31 sz T3z t3 lw

Then, substituting z, = 0 into Eq. (6) and 2, =131, + 32y + t3 can
be obtained.
Next, substituting z. = rs1xy + rsoyw + t3 into Eq. (6) yields Eq. (7).

(ra1tt — firiy — Uols1 )Xy + (Msalt — fiiz — UoTs2)yw = fiti + (o — u)ts
r31v —fyT’21 —Vor's1 | Xy + (T31V _fyr22 —VoI's2 | Yw :fytz + (vo —V)ts

@)

To simplify the calculation, make A =r3u — fir1; — Ugrs;, B =rsu—
fxrlz — UgT'se, C :fxtl + (uo - u)t3, D =r3v 7fyr21 — Vo1, E =r31v—
fylaa — Vorsa, F = fyta + (vo — v)t3, and Eq. (7) can be converted to Eq.
(8).

{AxW+ByW =C

Dx,, + Ey, =F ®)

Finally, we can establish a relationship between the pedestrian pixel
coordinates and the world coordinates, as shown in Eq. (9):
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According to Eq. (9), once the pixel coordinates (u, v) of the pedes-
trian on the ground are obtained after distortion correction, along with
the camera intrinsic matrix K and camera extrinsic matrix [R|T], the
world coordinates (xy, Yy, 0) of the pedestrian can be computed.

4.2. Pedestrian detection and tracking

After understanding the conversion relationship between pixel co-
ordinates and world coordinates, to intelligently acquire the pedestrian's
pixel coordinates, it is necessary to detect the pedestrian in the image
and obtain the coordinates of their foot position on the ground. In this
study, we use YOLOv8-Pose for this task.

YOLOvV8-Pose is a cutting-edge pose estimation model built on the
YOLOVS architecture, which is widely known for its real-time object
detection capabilities (Maji and Mathew, 2022). YOLOv8-Pose extends
this framework by adding a dedicated human pose estimation module,
enabling it to accurately detect and localize key body keypoints in real
time. The overall network architecture of YOLOv8-Pose model can be
seen in Fig. 5a. For human pose estimation, the model works by
detecting 17 body keypoints, as shown in Fig. 5b.

In this study, we focus specifically on the left and right ankle points
as the key body landmarks to represent the pedestrian's foot position on
the ground. More precisely, we calculate the midpoint between the left
and right ankle keypoints, which provides a robust and accurate esti-
mate of the pedestrian's foot position in the image. This midpoint is then
used as the pedestrian's foot pixel coordinate on the ground, which will
later be transformed into world coordinate for further localization and
tracking. Notably, the ankle keypoints physically remain in proximity to
the floor level, so the validity of this ground-plane mapping (z, = 0)
holds robustly across common postures (e.g., standing, walking, sitting,
or squatting). Although minor vertical deviations (e.g., shoe sole height)
exist, they are negligible relative to the high deployment altitude of the
cameras (common >2 m). To ensure the reproducibility of the proposed
method, key implementation details are specified as follows. In this
study, we use the YOLOv8m-pose model for this task. The model is pre-
trained on the Common Objects in Context (COCO) dataset, and we
specifically filter the output to detect only the “person” class, utilizing a
confidence threshold of 0.5 to ensure detection reliability. To handle
potential keypoint occlusions in complex crowd scenarios, an adaptive
extraction strategy is implemented: when both ankle keypoints are
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visible with high confidence, the midpoint between the left and right
ankles is calculated as the primary ground contact proxy. Conversely, if
one or both ankles are occluded, the system automatically falls back to
using the bottom center of the detected bounding box.

Additionally, to continuously track the pedestrian's position across
multiple frames, DeepSORT is utilized. DeepSORT extends the Simple
Online and Realtime Tracking (SORT) algorithm by incorporating deep
learning-based appearance features, enhancing tracking accuracy
through combined motion and appearance information. It uses Kalman
filtering and the Hungarian algorithm for motion tracking, while deep
features help distinguish pedestrians and manage occlusions. The
flowchart of DeepSORT is shown in Fig. 6. Note that in this framework,
DeepSORT (initialized with standard ckpt.t7 weights) is strictly used for
intra-camera temporal tracking. The identity maintenance across
different camera views is subsequently handled by the MOMO algorithm
(See Section 4.4), thereby mitigating reliance on appearance embed-
dings, which are often unreliable under significant viewpoint changes.

By employing YOLOv8-Pose for pedestrian detection and DeepSORT
for continuous tracking, we can accurately and efficiently obtain the
position of pedestrians in the camera's field of view, enabling real-time
localization on the ground for subsequent conversion into world co-
ordinates. Crucially, this keypoint-based detection paradigm constitutes
the technical path for the system's “non-intrusive representation,” of-
fering reduced identifiability compared to traditional face-based sur-
veillance. Unlike methods that rely on facial recognition, the proposed
system utilizes the YOLO-Pose model to extract only the geometric co-
ordinates of body keypoints, thereby filtering out biometric facial fea-
tures during the inference phase. Regarding system architecture, a strict
separation between the frontend and backend is implemented. The
backend processes raw video feeds temporarily in memory to extract
coordinates (x, y, t, ID) without permanently storing video files. Sub-
sequently, only these anonymous data streams are transmitted to the
frontend. Consequently, in practical real-world deployments, the user
interface visualizes pedestrians solely as abstract data points or generic
avatars rather than displaying live video feeds (note: the video feeds
presented in this paper are exclusively for the purpose of experimental
validation and algorithm demonstration), effectively decoupling evac-
uation monitoring from personal identity intrusion.

4.3. Multi-camera system calibration

This study develops a digital twin system for global pedestrian
evacuation monitoring based on a multi-camera system. A multi-camera
system typically consists of several cameras placed at strategic locations
within the facility. Each camera captures real-time video footage and
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Fig. 6. Flowchart of DeepSORT algorithm.

locates pedestrians using visual techniques. However, the coordinates
provided by each camera are specific to its own coordinate system,
which is generally defined for the camera's position and orientation
within the building.

To integrate localization data from multiple cameras, it is necessary
to transform each camera's coordinate system to a unified world coor-
dinate system, typically based on a fixed reference frame for the indoor
environment. Due to the high camera deployment density within the
facility, a pairwise camera combination method can be used to solve the
positional relationships between multiple camera systems and achieve a
unified world coordinate system. Therefore, a multi-camera system
calibration method based on cascade transformation is proposed to solve
the coordinate system unification problem. Unlike methods that require
measuring the absolute physical locations of every camera or estab-
lishing world coordinates for all reference points, our approach relies on
pairwise relative pose estimation. In this framework, one of the cameras
is designated as the global reference. For adjacent cameras, the cali-
bration prerequisites are limited to their intrinsic parameters and a set of
common feature points (e.g., Chessboard grid corner points or floor tile
intersections) visible in their overlapping fields of view. Crucially, the
absolute world coordinates of these common points are not required. By
establishing feature correspondences between adjacent views, the pre-
cise relative spatial relationships (rotation matrix and translation vec-
tor) are mathematically derived. This process allows the pose of each

camera to be logically derived in a chain-like manner, effectively uni-
fying the entire network into a single world coordinate system without
extensive manual surveying.

Fig. 7 presents the calibration-based multi-camera cascade rela-
tionship. In Fig. 7, there are n camera coordinate systems, namely Oc,,
O,, O, Oc,, ..., O,. For the sake of illustration, the O, camera coor-
dinate system is designated as the global reference camera coordinate
system. The transformation relationships between the O., camera co-
ordinate system and the other camera systems (O, to O,) are then
calculated. Finally, the conversion between the O, camera coordinate
system and the unified world coordinate system is established to obtain
the world coordinates of all the cameras.

The multi-camera pose transfer concept operates by calculating the
relative positional relationship of the n-th camera with respect to the (n -
1)-th camera. Similarly, the relative position between the (n - 1)-th and
(n - 2)-th cameras is determined, and this process continues in this
manner. Eventually, the relative position of the n-th camera with respect
to the first camera (O, ) is obtained. This allows us to derive the absolute
pose information of the n-th camera relative to the reference camera
coordinate system defined by O, .

Let the matrix H, represent the transformation matrix from the O,
camera coordinate system to the O, camera coordinate system, which is
shown in Eq. (10):

n

Fig. 7. Calibration-based multi-camera cascade relationship.
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The relative pose transformation matrix between the n-th camera
and the (n - 1)-th camera is expressed as H!'. Therefore, the trans-
formation matrix from the n-th camera coordinate system to the O,
camera coordinate system is given by Eq. (11):

n-1
Hyll = HHZ:LI = Hzleﬁ:ngﬂﬁHé an
i=1

Next, we describe the multi-camera pose transformation relationship
using rotation matrices and translation vectors. Let P" represent the
coordinates of a spatial point p in the O,, camera coordinate system. The
transformation of this point's coordinates to the O, coordinate system
can be expressed as Eq. (12):

1 1 1
P'=R!P"+T!
n-1
R}l = HR:::;H
i=1

n—1 n—1
- (Twme

=1\ j=i+1

12)

where P! represent the coordinates of a spatial point p in the O, camera
coordinate system; R} is the rotation matrix and Ty is the translation
vector that transforms the coordinates from O, to O, .

Once the coordinates in the O, camera coordinate system are ob-
tained, we can associate them with the transformation matrix H,, that
relates the O, camera coordinate system to the unified world coordinate
system. This gives the world coordinate P, of the point p, as expressed in
Eq. (13):

P,=H,-P, (13)

By utilizing this series of transformations, the world coordinates of
the point p can be accurately determined, even if it is initially detected
by any camera in the system. This cascade calibration strategy not only
extends the monitoring coverage but also explicitly establishes the to-
pological relationships between cameras, which is essential for the
subsequent cross-view identity matching. It is important to note that
while this cascade strategy may carry the risk of error accumulation, this
potential issue is effectively mitigated by the use of global static refer-
ence points (e.g., the standardized floor tile grid) in this study. These
physical references act as absolute geometric anchors (“ground truth”)
during the pairwise calibration process. Since each camera's extrinsic
parameters can be refined by aligning with these fixed visible references
rather than relying solely on the relative extrapolation from the previous
camera, the propagation of calibration error is constrained within a
stable budget, ensuring the overall precision required for crowd
localization.

Camera

Camera

,,,"'"Pedestrian

N N
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4.4. Multi-object matching operation-MOMO

When a pedestrian is monitored by multiple cameras simultaneously,
performing target matching across different camera views becomes
imperative to prevent the duplicate recognition of the same individual.
This step is one of the critical aspects of multi-camera information
fusion. Currently, several methods are available for pedestrian matching
across multiple cameras including image stitching (Brown and Lowe,
2007), Re-ID, and location-based pedestrian matching. The detailed
overview and comparison of these approaches can be found in
Appendix A. Based on this comparative analysis, the location-based
method is selected for this study due to its computational efficiency
and robustness in privacy-sensitive environments.

However, in practical applications, simply relying on coordinate
mapping is insufficient. Due to various factors (such as discrepancies in
camera calibration, camera angles, or pedestrian foot position coordi-
nate detection error), the coordinates of the same pedestrian in a unified
coordinate system may not align perfectly, as shown in Fig. 8, leading to
decreased matching accuracy. Considering the monitoring ranges of
cameras, the most common scenario involves a pedestrian being
captured simultaneously by two cameras. Therefore, the key focus is on
solving the matching problem for the same pedestrian observed by two
cameras. To address this challenge, we propose a deterministic
matching-and-fusion heuristic termed the Multi-Object Matching
Operation (MOMO). Unlike iterative optimization solvers, MOMO is
designed as a streamlined, rule-based pipeline that executes a sequential
consistency check to merge pedestrian data from the unified world co-
ordinate system. Specifically, two constraints are introduced: the dis-
tance constraint and the epipolar constraint.

The distance constraint assumes that the same pedestrian in a unified
world coordinate system should have identical or nearly identical co-
ordinates across different camera views. This principle enables the
matching of pedestrian targets by evaluating the spatial proximity of
their coordinates. Let P; and P, represent the coordinates of a pedestrian
captured in the world coordinate system by camera 1 and camera 2,
respectively. A spatial distance threshold ¢ is introduced to assess
whether these points represent the same pedestrian. If the Euclidean
distance between these two points d = ||P; — P;|| < ¢, it is determined
that P; and P;, likely represent the same pedestrian. Conversely, ifd > ¢,
then P; and P, are deemed to represent different pedestrians. To
determine an appropriate threshold ¢, we adopt Hall's four zones of
social distance theory (Lipman and Hall, 1970), which categorizes
interpersonal distances as follows: intimate distance (0 - 0.45 m), per-
sonal distance (0.45 - 1.2 m), social distance (1.2 - 3.6 m), and public
distance (3.6 - 7.6 m) in social contexts. For public spaces, the intimate
space distance of 0.45 m is selected as the threshold. This reflects the
assumption that two different individuals in public areas are unlikely to
have inter-personal distances smaller than 0.45 m.

To further enhance the robustness of pedestrian matching, the epi-
polar constraint is introduced while satisfying the distance constraint.

w >

Fig. 8. Example of location-based pedestrian matching method.
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Fig. 9. Schematic diagram of the epipolar constraint.

This constraint is rooted in photogrammetry and leverages the geo-
metric relationship between two cameras and their captured images. In
photogrammetry, an epipolar plane is formed by a 3D object point and
the optical centers of two cameras. The intersection of the epipolar plane
with the two image planes creates epipolar lines. For any pixel in the left
image, its corresponding point in the right image must lie on the epi-
polar line. The schematic diagram of the epipolar constraint can be seen
in Fig. 9. ¢o and c; represent the optical centers of two cameras. A point p
in 3D space has projections onto the image planes of these two cameras,
denoted as xo and x; respectively. The line connecting ¢y and c; in-
tersects the image planes at two points, ey and e;, known as the epipoles.
The lines [y and [;, which pass through the corresponding epipoles, are
called epipolar lines. The plane formed by the points cq, ¢; and p is
referred to as the epipolar plane.

For pedestrians, the pixel coordinates of their foot positions in the
two images are checked to determine whether they are corresponding
points. If the points lie on each other's epipolar lines, they are deemed
the same pedestrian.

The relationship between the two points is expressed by the epipolar
constraint equation, as calculated in Eq. (14):

p:Fp, =0 (14)
where are p; and p, are the 2D pixel coordinates of the pedestrian's
midpoint of the both ankles in camera 1 and camera 2 images respec-
tively, and F is the fundamental matrix derived from the intrinsic and
extrinsic parameters of the two cameras.

In a word, pedestrians whose coordinates meet the distance
constraint are treated as preliminary matches. Among these candidates,
the epipolar constraint is used for further verification, reducing false
positives caused by positional inaccuracies or noise. Therefore, by
combining these constraints, it is possible to achieve higher accuracy in
pedestrian matching for multi-camera systems, where quick and accu-
rate pedestrian matching is essential for decision-making.

After matching the same pedestrian across dual-camera views, it is
essential to compute the fused world coordinates. As shown in Section
5.1.2, the estimation error decreases as the target approaches the cam-
era. Therefore, we first obtain the pedestrian's coordinates from each
camera and use their midpoint as an initial estimate. This is then refined
by assigning greater weight to the closer camera, with weights inversely
proportional to the distance. The detailed calculation method is as
follows:

Step 1: Midpoint Initialization

The geometric midpoint P,,;4 serves as an initial spatial reference:

P, +P;

3 (15)

Prig =

10
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Step 2: Adaptive Weight Assignment

Assign normalized inverse distance weights to prioritize contribu-
tions from closer cameras:

Bl

wi=T (16)

d

+
|-

di = ||Pmia — Cill, a7)
where w; is the weight of Camera i; d; is the Euclidean distance between
Piq and the optical center of Camera i; C; is the 3D position of Camera i.

Step 3: Final Coordinate Fusion

The final world coordinate P4 is calculated as the weighted
average of P; and Py:

Pyorta =w1-P1 + wy Py 18
5. Demonstration of digital twin for real-time monitoring
pedestrian tests

To demonstrate and evaluate the performance of the proposed
intelligent digital twin system, three tests were conducted, including
two in a controlled laboratory environment (one static and one dy-
namic) and one in a real-world scenario. Test 1, the static test, involved
four stationary pedestrians positioned within a multi-camera monitoring
area. This test is designed to assess the fundamental capabilities of the
system, including pedestrian detection, tracking accuracy, cross-camera
matching, and localization precision; Test 2 followed a similar setup,
but the pedestrians were allowed to walk randomly within the moni-
tored area. This dynamic setting enabled the evaluation of the system's
head count accuracy under motion; Test 3 utilized multi-view video
footage captured from the waiting hall of a high-speed railway station.
This scenario presented a more realistic and complex environment, with
varying crowd densities and diverse pedestrian activities. As such, test 3
serves to validate the system's real-time performance and robustness in
monitoring multiple pedestrians in large-scale public infrastructure.
Detailed descriptions of the test setups and configurations are provided
in Table 1.

5.1. Demonstration of experimental scenario test

5.1.1. Experimental setup

The experimental area of the laboratory test (tests 1 & 2) consisted of
a 4 x 6 m? indoor plane, within which 60 calibration points were sys-
tematically arranged on the floor to facilitate both camera calibration
and the evaluation of localization precision. Four participants were
involved in the experiment, with two staff members providing on-site
guidance to ensure smooth and safe execution. Additionally, four cam-
eras were strategically mounted on the walls to cover the entire exper-
imental area, capturing the complete process. The detailed layout of the

Table 1
Detailed descriptions of pedestrian tests.
No. No. of Scenario Description
people
Test 4 Static test Pedestrians stand still in a multi-camera

1 monitoring area.

Test 4 Dynamic Pedestrians walk randomly in the
2 test experimental area.

Test Dynamic Real Scene of people's activities in the waiting
3 change scenario hall of a high-speed railway station.
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Fig. 11. Comparative results of true and calculated points.

experimental scene is illustrated in Fig. 10, and the camera calibration
procedure is thoroughly documented in Appendix B. The experimental
setup not only served to assess the accuracy and precision of the digital
twin system in localizing pedestrians but also simulated realistic con-
ditions pertinent to emergency evacuation scenarios to some extent. The
rigorous calibration process and strategic camera placement further
contributed to the system's reliability.

5.1.2. Precision evaluation of coordinate mapping model

To verify the reliability of both the camera calibration and the co-
ordinate mapping model, six calibration points were selected for each
camera within the experimental scene, and their world coordinates were
measured. The pixel coordinates of these calibration points were
extracted from the surveillance images and then transformed into world
coordinates using the mapping model. The discrepancies between the
true points and the computed ones were analyzed, with the comparative
results illustrated in Fig. 11.

This study utilized two error metrics, named the Root Mean Square
Error (RMSE) and the Mean Absolute Error (MAE), to assess the preci-
sion of the coordinate mapping model. RMSE quantifies the overall
deviation between the computed values and the true values, where
lower values indicate a closer approximation to the ground truth,
whereas higher values reflect larger discrepancies. In contrast, MAE,
calculated as the average of the absolute errors, offers a more intuitive
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Layout of the experimental area. (a) a diagram, and (b) on-site photo of the test scene.

understanding of the average magnitude of the errors. It is important to
note that in the context of emergency response, these metrics serve as
critical safety indicators rather than mere statistical values. High
localization precision (indicated by low RMSE and MAE) is essential for
ensuring the system's reliability in facilitating precise evacuation and
rescue operations, where large positional errors may lead to erroneous
decision-making in complex environments. The formulas for RMSE and
MAE are provided in Egs. (19) and (20).

1 N
RMSE= |5 (Xumei — Xnodeti) (19)
i=1
1 N
ME:N Z !Xtme,i - model,i| (20)
i=1

where N is the total number of samples, X~ ; represents the true value
for sample i, X041 Tepresents the calculated value for sample i.

The error metrics calculated for each camera are summarized in
Table 2. This level of precision is crucial for ensuring reliable localiza-
tion within the digital twin system. Notably, Camera 2# shows signifi-
cantly lower error compared to the other cameras, which suggests that
the precision of world coordinate estimation improves when the cali-
bration points are near the camera. Based on these findings, the target
matching process is designed to assign a greater weight to the camera
that is closer to the target, thereby further enhancing the system's overall
localization precision.

Besides, given that the accuracy of foot position detection and
tracking plays a critical role in determining the system's overall locali-
zation performance, we further evaluated the effectiveness of our pro-
posed method by conducting a comparative analysis against two state-
of-the-art baseline approaches widely used in pedestrian localization:
the Bottom Midpoint method and the Geometric Center method. The
results demonstrate that using ankle midpoints significantly reduces
projection errors compared to these baselines, providing a robust
foundation for the high-precision localization results reported in Tests 1,

Table 2

Error metrics calculated for each camera.
Camera number RMSE (cm) MAE (cm)
1# 1.2 1.1
2# 0.4 0.4
3# 2.1 2.0
4# 3.4 2.8
overall 2.1 1.5
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Fig. 12. Coverage regions of Camera 2# and 4+#. (a) View of Camera 2# monitoring area after distortion correction, (b)View of Camera 4# monitoring area after
distortion correction, (c)Schematic of Camera 2# and 4# monitoring area.

2, and 3. Detailed comparison procedures and evaluation metrics can be

found in Appendix C.

5.1.3. Demonstration of the static test

To validate the system's performance in multi-person scenarios, Test
1 was conducted to assess the global monitoring capability for multiple

Y& Camera 2# Mapping point
Y Camera 4# Mapping point

static pedestrians. In this experiment, four participants were positioned
within the monitoring areas of Cameras 2# and 4#. Although four
cameras were deployed in the experimental environment, this study
specifically selected the representative pair of Cameras 2# and 4# as a
minimal validation unit. This dual-camera setup is sufficient to rigor-
ously verify the core mechanisms of the proposed multi-camera fusion
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Fig. 13. Demonstration of the operational mechanism of the digital twin system.
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algorithm—including global coordinate unification and cross-view
identity matching—while providing a clearer demonstration of the
fusion logic that is mathematically scalable to larger camera networks.
The coverage regions of Cameras 2# and 4+# are illustrated in Fig. 12. A
demonstration video of Test 1 (see Video S1) shows that the system
supports user-defined monitoring zones and camera selection. The video
clearly demonstrates that the system can automatically detect, track,
and localize multiple pedestrians in real time. Moreover, it provides an
aggregated count of individuals in the monitored area along with the
corresponding coordinates and unique IDs, which is essential for
analyzing multi-dimensional movement information during building
evacuation scenarios.

Supplementary video related to this article can be found at https://
doi.org/10.1016/j.engappai.2026.114440

Fig. 13 illustrates the operational mechanism of the digital twin
system by presenting a snapshot of the live surveillance feed and its
corresponding digital twin visualization captured at 4.00 s in the
demonstration video. First, using the YOLO-POSE and DeepSORT algo-
rithms, pedestrians are detected and tracked in the original video frames
from Cameras 2# and 4#, and the pixel coordinates of their ankle
midpoints are extracted. Next, these pixel coordinates of each respective
camera are transformed into world coordinates through the coordinate
mapping model. Subsequently, the multi-camera system calibration
technique is employed to unify the pedestrian coordinates from different
cameras into a unified world coordinate system. In this instance, Camera
2# detects and tracks three pedestrian ankle midpoints, while Camera
4# detects four. By employing the proposed MOMO algorithm for the
same object matching, data from both cameras are effectively fused,
resulting in the digital twin interface accurately displaying the positions
of four pedestrians. This outcome validates the robustness of the multi-
target matching algorithm and the precision of the multi-camera
calibration.

As illustrated in Table 3, a quantitative comparison is presented
between the real positions, measured with a tape measure (with a
minimum scale of 0.1 cm) once pedestrians were stationary, and the
calculated positions from the system. The results show a maximum
localization error of 3.6 cm among the four subjects, with an overall
RMSE of 2.6 cm and an MAE of 2.3 c¢m, underscoring the high locali-
zation performance achieved in static conditions.

Besides, accurately determining the number of individuals within a
monitored area is crucial for formulating effective evacuation strategies
and allocating resources efficiently. The system fuses information from
multiple camera feeds to determine the total number of people within
the monitored zone. To assess the counting accuracy, a metric called
People Counting Accuracy (PCA) is introduced. PCA is defined as the
ratio of the number of frames in which the predicted count matches the
true count to the total number of frames observed during the statistical
period, with its formula provided in Egs. (21) and (22). This metric is
particularly suitable for evacuation load assessment, as accurate real-
time headcounts are essential for detecting overcrowding risks, man-
aging dynamic exit flow, and supporting timely emergency response
actions in public spaces.

Table 3
Comparative results of real and calculated positions for Test 1.
ID Time/  Real Calculated Localization RMSE/ MAE/
s position position (X, error/cm cm cm
(X, Y)/cm Y)/cm
1 0.17 (290, 320) (292, 321) 2,1)=22 2.6 2.3
1 7.70 (287, 220) (290, 222) (3,2)=3.6
2 8.60 (362, 323) (364, 326) (2,3)=3.6
2 16.20 (285, 235) (284, 235) (-1,00=1.0
3 18.17 (285, 162) (286, 163) 1,1)=1.4
3 24.60 (383,145) (380, 147) (-3,2)=3.6
4 21.07 (373,290) (374, 290) (1,0)=1.0
4 25.27 (315, 350) (313, 350) (-2,0)=2.0
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1 -
PCA=~ §i:1 8y, 71) (1)
oy J1 fyi=¥
30myi)= { 0 otherwise (22)

where N represents the total number of frames; §(-) is the indicator
function which equals 1 if the condition is met and 0 otherwise; y;
represents the actual number of people in frame i; and y; represents the
predicted number of people in frame i. To ensure the rigorousness of the
evaluation, the ground truth y; for all test scenarios was established
through a strict manual annotation protocol. Specifically, the number of
pedestrians was manually counted frame-by-frame by a primary
researcher. To ensure data reliability and high inter-annotator agree-
ment, the counts were subsequently cross-verified by a second inde-
pendent annotator. This dual-verification process eliminates potential
counting errors, providing a precise and reliable baseline for calculating
the frame-level accuracy.

It is important to note that, unlike fundamental computer vision
research that prioritizes trajectory consistency using metrics like Mul-
tiple Object Tracking Accuracy (MOTA) or ID F1 Score (IDF1), this study
focuses on the engineering application of evacuation load assessment. In
emergency scenarios, the precise physical location of individuals (re-
flected by RMSE/MAE) and the macroscopic distribution of the crowd
(reflected by PCA) are more critical for risk assessment and decision-
making than long-term identity maintenance. Since this system em-
ploys the mature DeepSORT algorithm for temporal tracking, the
“identity association” in this work specifically emphasizes the capability
of the MOMO algorithm to successfully match and fuse targets across
spatially overlapping camera views to prevent duplicate counting,
rather than optimizing the ID switch rate of single-view tracking.

The temporal evolution of the predicted and actual people counts can
be seen in Video S1. In the Test 1 scenario, the system achieves a PCA of
96.67%, with an RMSE and MAE of 0.034 persons, respectively. Dis-
crepancies in the people counting results are primarily due to occasional
missed or false detections when pedestrians moved to the next stand
positions, as shown in Fig. 14. For example, at 5.93 s, one same pedes-
trian is obscured in both camera views, resulting in a missed detection
(see Fig. 14a); at 14.37 s, an error in detecting the ankle midpoint in
Camera 2# leads to a failure in matching the same pedestrian across the
cameras, causing a false detection (see Fig. 14b); and at 25.63 s, the
pedestrian's ankle midpoint is not detected in Camera 2# while being
obscured in Camera 4#, leading again to a missed detection (see
Fig. 14c). In cases where the pedestrian count is accurate, it can be
observed that the pedestrian is detected by at least one camera with a
correct identification of the ankle midpoint, thereby preventing under-
reporting. To prevent false reporting, it is necessary for the same pe-
destrian's accurate ankle midpoint to be simultaneously detected by
multiple cameras and subsequently merged through the MOMO
algorithm.

To further dissect the mechanism of the proposed framework and
compare it against standard geometric baselines, an ablation study was
conducted on the Test 1 scenario to evaluate the specific contributions of
the constraint modules and the fusion module in the MOMO algorithm.
The “Distance Only” and “Epipolar Only” configurations serve as base-
line methods representing traditional geometry-based matching strate-
gies. The results, detailed in Table 4, highlight a distinct functional
separation. The “Distance Constraint” and “Epipolar Constraint” pri-
marily serve as association filters. Using either constraint individually
results in suboptimal People Counting Accuracy (PCA of 85.33% and
78.67%, respectively) due to the inability to fully exclude false positives.
However, their combination creates a robust filter that eliminates mis-
matches, significantly elevating the PCA to 96.67%.

On the other hand, the “Weighted Fusion” strategy is specifically
designed to enhance localization precision rather than association logic. As
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(c) T=25.63s

Fig. 14. Causes of underreporting and false reporting in the predicted number of people for Test 1. (a) Same Pedestrian Obscured in Both Views, (b) Error in Ankle
Midpoint Detection in Camera 2#, (c) Ankle Midpoint Missing in Camera 2# and Occluded in Camera 4#.

Table 4

Ablation study of MOMO algorithm components in Test 1.
Method Components PCA RMSE (cm) MAE (cm)
Distance Only Distance Constraint 85.33% / /
Epipolar Only Epipolar Constraint 78.67% / /
Dist. + Epi. Distance + Epipolar 96.67% 3.8 3.4
MOMO Dist. + Epi. + Fusion 96.67% 2.6 2.3

shown in the comparison between “Dist. + Epi.” (utilizing arithmetic mean
fusion) and “MOMO?” (utilizing adaptive weighted fusion), the introduction
of the weighting mechanism does not alter the PCA but substantially im-
proves the spatial metrics. It reduces the RMSE from 3.8 cm to 2.6 cm and
the MAE from 3.4 cm to 2.3 cm. This quantitative evidence confirms that
while geometric constraints ensure the correct identity (“Who is who”), the
adaptive fusion is indispensable for the high-precision localization (“Where
is exactly”) required for digital twin fidelity.

5.1.4. Demonstration of the dynamic test
Subsequently, the system's performance was evaluated under dy-
namic conditions in Test 2, where multiple pedestrians were instructed

to walk randomly within the experimental area without following any
predefined routes. This setup was utilized to simulate the unpredictable
nature of crowd movement and interaction, captured by Cameras 2#
and 4# (see Video S2). Compared to static scenarios where pedestrians
remain stationary, dynamic movement conditions present significantly
greater challenges to the localization performance of the system due to
motion blur, occlusion, and rapid position changes.

Supplementary video related to this article can be found at https://
doi.org/10.1016/j.engappai.2026.114440

Fig. 15a shows a snapshot from the video at 22.37s, Camera 2#
detects three pedestrians via ankle midpoint localization while Camera
4# captures four targets. Through the novel proposed MOMO algorithm,
the system successfully matches and fuses these observations, accurately
displaying all four pedestrians in the digital twin interface, validating
the reliability of multi-target localization in dynamic environments. A
critical demonstration of the system's robustness occurs at 15.50s, as
shown in Fig. 15b, where Camera 2# identifies pedestrian ID 2's ankle
midpoint, while Camera 4# fails due to occlusion. By integrating multi-
camera data, the system reconstructed the global information, effec-
tively expanding the monitoring Field of View and mitigating single-
view limitations. This integration of local surveillance data broadens
the monitoring field, ensuring comprehensive situational awareness,

Fig. 15. Demonstration of the Digital Twin system for Test 2. (a) Multi-Target Matching and Fusion via MOMO Algorithm in Dynamic Environments, (b) Occlusion

=
2
>
]
:
©
o
3
>
A
:
©
o
4.0 4.0 4.0 4.0
c o ety X X
E 32 i_}_ﬂ. 32 giis o AN 32[, -8 Y. . 32 ..:'*:n 5 +8
s g2.4 . 5 g2.4 .n:* . g2.4 o0 -8 g2,4 o\ S g
§ 16 D & =16 u: o okl SR 1.6 & o RO NP ol
g e \§i—+ os L R R os . ,",.ﬂ s o ..ﬂ 5
N 0 X 0.0 X 0.0 \ 0.0 \
00 08 16 24 32 40 48 56 00 08 16 24 32 40 48 56 00 08 16 24 32 40 48 56 00 08 16 24 32 40 48 56
X (m) X (m) X (m) X (m)
(aQ)T=2237s (b)T=1550s (c)T=27.83s (d)T=28.37s

Recovery and Field-of-View Expansion via Multi-Camera Fusion, (c) and (d) Seamless Cross-Camera Trajectory Stitching and ID Retention.

14


https://doi.org/10.1016/j.engappai.2026.114440
https://doi.org/10.1016/j.engappai.2026.114440

H. Sun et al.

which is a critical factor in effective evacuation management. Further
evidence of the system's advanced capabilities is illustrated in Fig. 15¢
and d, which showcases smooth cross-camera handover of pedestrians
ID 1 and 4 as they transition between camera coverage zones. The ar-
rows indicate pedestrian movement directions, demonstrating the sys-
tem's ability to maintain continuous trajectory tracking through robust
multi-target matching and multi-camera calibration methods. During
cross-camera transitions, the system accurately associates the same pe-
destrian's identity across junction of the monitoring area by leveraging
spatiotemporal consistency and ankle midpoint trajectory features. This
includes automatic trajectory stitching and identity retention even
under partial occlusion or brief visual loss. Such seamless transition
capability is particularly critical for evacuation scenarios where unin-
terrupted monitoring of pedestrian flow patterns is essential for safety
management.

Table 5 presents a comparison between the actual world coordinates,
which were recorded when pedestrians passed certain calibration
points, and the calculated positions. The maximum localization error
among the four pedestrians is 8.5 cm, with an RMSE of 4.8 cm and an
MAE of 4.4 cm, demonstrating that the system maintains good perfor-
mance even under dynamic conditions. Furthermore, in Video S2, the
performance metrics of Test 2 reveal a PCA of 93.44%, with RMSE and
MAE at 0.07 and 0.067 persons, respectively. The slight decrease in
counting accuracy observed during dynamic test, as compared to the
static test, is primarily attributed to two factors: the increased frequency
of occlusion caused by pedestrian intersecting walking paths, which
raises the likelihood of missed detections, and the greater motion
amplitude of pedestrians, which can lead to inaccuracies in ankle
midpoint localization. Overall, the static and dynamic test results
demonstrate that the intelligent digital twin system exhibits robust
performance in monitoring and analyzing multi-person scenarios within
a public space environment. The system's high-precision localization,
reliable multi-camera fusion, and comprehensive digital twin visuali-
zation not only support detailed analysis of pedestrian movement but
also play a critical role in enhancing global situational awareness during
emergency evacuations and public safety management.

5.2. Demonstration of real scenario test

5.2.1. Real scenario introduction

Beyond testing the system under experimental conditions, assessing
its performance in real-world environments is of paramount importance.
Real-world environments are inherently more variable and complex,
thereby presenting a greater challenge to the digital twin system's reli-
ability and robustness.

In this section, the system was deployed to monitor pedestrian
movement within a designated area in the waiting hall of a high-speed
rail station. The complex environment of the high-speed rail station,
characterized by variable lighting, dynamic crowd movements, and
intricate architectural features, served as a rigorous testbed for the
digital twin system. The selected monitoring zone measured 6.8 m by
3.2 m, and two cameras, labeled C1 and C2, were installed to cover this

Table 5
Comparative results of real and calculated positions for Test 2.
ID Time/  Real Calculated Localization RMSE/ MAE/
s position/ position/cm error/cm cm cm
cm
1 0.70 (150, 170) (153, 162) (3, -8) =85 4.8 4.4
1 7.13 (210, 170) (210, 172) 0, 2)=2.0
2 12.37 (90, 110) (88, 113) (-2,3) =36
2 13.43 (150, 170) (155, 169) (5,-1) =51
3 16.13 (450, 170) (455, 169) (5,-1)=5.1
3 21.90 (150, 290) (149, 293) (-1,3)=3.2
4 23.77 (450, 290) (446, 290) (-4,0) = 4.0
4 27.70 (90, 350) (94, 349) 4, -1)=41
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area. These cameras are the same models described in Section 5.1, and
their calibration results are provided in Appendix D. Fig. 16 displays the
distortion-corrected images from these cameras, along with a schematic
diagram of the monitored area. To calibrate the camera and verify the
localization precision, the intersections between floor tiles (each floor
tile measuring 0.4 m by 0.4 m) were utilized as calibration points.

5.2.2. Real scenario test results

The system demonstration video (see Video S3) clearly illustrates
how the digital twin interface dynamically visualizes pedestrian posi-
tions and population counts within the real-world monitored area,
providing critical support for multi-camera surveillance in large public
infrastructure scenarios. Fig. 17a captures a key moment at 1.50s,
showing both the real-time camera feed and corresponding digital twin
representation. Here, two seated pedestrians are simultaneously detec-
ted in the overlapping coverage area of two cameras. Through the
proposed MOMO algorithm, the system successfully identifies and dis-
plays both individuals with precise localization in the digital twin
interface. Notably, the system also accurately locates small pedestrian
groups, which is a common but challenging scenario in evacuations
where people move in a group and are in close proximity. This shows the
system's capability to reliably output location information for clustered
individuals.

Supplementary video related to this article can be found at https://
doi.org/10.1016/j.engappai.2026.114440

Subsequent frames further illustrate the system's robustness in a
realistic setting. For example, in Fig. 17b and c¢, multiple cameras
complement each other's fields of view, so that even when pedestrian ID
4 is occluded in one camera's view, another camera can capture and
display that individual's information on the digital twin interface.
Moreover, these frames validate the system's ability to perform contin-
uous cross-camera localization, as evidenced by the seamless handover
of tracking for pedestrians with IDs 5 and 6 as they move from the
monitoring region of Camera C2 to that of Camera C1. This capability
underscores the system's strong global surveillance potential. In
Fig. 17d, the system demonstrates strong perception capabilities even in
complex human-object interaction scenarios, effectively handling oc-
clusions caused not only by other pedestrians but also by items such as
suitcases. This ensures comprehensive situational awareness under
challenging and dynamic conditions.

In real-world evacuation scenarios, pedestrian postures can vary
significantly, encompassing individuals seated in wheelchairs, those
moving in an upright position, and others who are standing still. The
video captures these diverse postures, and a detailed analysis of the
positional data confirms the system's high localization precision across
varied postures. Table 6 illustrates that the maximum localization error
observed is 8.3 cm, with an RMSE of 5.3 cm and an MAE of 4.8 cm,
which is well within the practical requirement of maintaining localiza-
tion errors below 30 cm (Liu et al., 2019; Zhu et al., 2020). Additionally,
the temporal evolution of the predicted versus actual headcounts in the
monitoring area can be seen in Video S3. In this real-world public
infrastructure scenario, the system achieves a PCA of 92.34%. Such a
high frame-level matching accuracy, along with low RMSE (0.0783
persons) and MAE (0.0772 persons), indicates the system's capability to
deliver precise real-time occupancy data. These results are of particular
significance for emergency evacuation management, as accurate and
timely estimation of crowd density and movement is essential for dy-
namic risk assessment and load-based decision-making.

5.2.3. Real-time performance evaluation of the digital twin system
Real-time performance is a critical metric in the design of digital twin
systems. To evaluate this aspect, a test was conducted using a video with
a resolution of 2304 x 1296, consisting of 2000 frames at a frame rate of
30 frames per second (FPS). The experimental platform is equipped with
Windows 10 (64-bit), an Intel Core i7-10875H processor, an NVIDIA
GeForce RTX 2060 Graphics Processing Unit (GPU), and 16 GB of
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Fig. 17. Demonstration of the Digital Twin system for Test 3. (a) Precise Multi-Target Matching and Small Group Identification, (b) and (c) Occlusion Handling and
Seamless Cross-Camera Tracking, (d) Robust perception in complex human-object interaction scenarios with occlusions.

Random Access Memory (RAM). Under these conditions, the system
achieves an average processing time of 27.8 ms per frame for the core Al
pipeline, with a total runtime of 55.6 s for the entire video. To provide a
rigorous end-to-end latency analysis, this 27.8 ms latency consists of
approximately 16.0 ms for pedestrian detection (YOLOv8-Pose), 9.0 ms
for pedestrian tracking (DeepSORT), and 2.8 ms for the calibration and
MOMO Association module. This computational efficiency presents a
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significant advantage over traditional appearance-based Re-ID methods
in emergency scenarios. As noted in the comprehensive survey (Ye et al.,
2022), state-of-the-art Re-ID systems typically rely on deep convolu-
tional networks (e.g., Residual Neural Network (ResNet) or Vision
Transformer (ViT) backbones) to extract discriminative feature em-
beddings. This process is computationally intensive, often requiring
inference times exceeding 100 ms per frame on standard hardware,
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Table 6
Comparative results of real and calculated positions for Test 3.
ID Time/s Posture Real position/cm Calculated position/cm Localization error/cm RMSE/cm MAE/cm
1 0.70 Stand (80, 40) (76, 46) (-4,6)=7.2 5.3 4.8
2 17.37 Sit (270, 250) (270, 245) (0, -5) =5.0
3 20.50 Sit (460, 240) (463, 243) (3,3)=4.2
4 34.80 Sit (400, 230) (398, 222) (-2, -8)=8.3
5 8.07 Squat (320, 80) (319, 80) (-1,00=1.0
5 19.27 Walk (640, 80) (640, 85) (0,5)=5.0
6 22.00 Walk (560, 200) (557, 201) (-3,1)=3.2

which introduces latency bottlenecks for real-time tracking. In contrast,
the proposed MOMO algorithm leverages lightweight geometric con-
straints, completing the association and fusion process in about 2 ms.
This ensures that the system maintains high-frame-rate monitoring ca-
pabilities essential for capturing rapid crowd movements during evac-
uations. Given that maintaining a processing time below 33 ms per
frame is essential to prevent lag in a 30 FPS environment, the measured
performance satisfies the real-time requirements.

Regarding system-level integration, the database Input/Output (I/0)
and user interface visualization are implemented using an asynchronous
multi-threading architecture. This ensures that these peripheral tasks
execute in parallel without blocking the Al inference loop. Furthermore,
while the current test on a single RTX 2060 validates the algorithm's
efficiency, the system architecture supports horizontal scalability; for
large-scale multi-camera deployments, utilizing server-grade hardware
(e.g., multi-GPU clusters) would allow simultaneous processing of
multiple high-resolution streams while maintaining the validated 30 FPS
real-time standard. This efficiency ensures that the digital twin system
can respond instantly and provide accurate positional feedback, thereby
enhancing its overall operational reliability in real-time evacuation
applications.

6. Discussion
6.1. Application prospects

The digital twin system in this study holds significant promise for
applications in facility evacuation and crowd management. By inte-
grating multi-camera data and employing robust calibration techniques,
the system can provide real-time visualization and tracking of individual
positions and headcounts in complex indoor environments. In real-
world scenarios such as a waiting hall at high-speed rail station, the
system has proven to seamlessly merge data from overlapping camera
views, accurately track pedestrian movement even across camera
boundaries, and reliably identify small groups and individual poses.
These capabilities are crucial for generating a global comprehensive
situational awareness during emergency evacuations, where under-
standing crowd dynamics in real-time can greatly enhance decision-
making for resource allocation and safe egress. Unlike traditional sur-
veillance systems that rely on discrete, single-view feeds, the proposed
framework realizes a “Global Digital Twin” capability. The core value of
a digital twin lies in its holistic perception and continuous mirroring of
physical entities. By fusing multi-camera data into a unified world co-
ordinate system, our approach eliminates visual blind spots and data
silos, ensuring that the virtual model maintains spatial continuity and
completeness. This globally consistent digital mapping is a prerequisite
for advanced digital twin functions, such as high-fidelity evacuation
simulation and future state prediction, distinguishing it from passive
monitoring technologies.

The application prospects of this digital twin system are extensive. In
the context of indoor evacuation, the system accurately captures real-
time pedestrian locations, providing strong support for evacuation
path planning to ensure the most efficient and congestion-free escape
routes. Furthermore, its precise localization capabilities facilitate tar-
geted emergency response and rescue operations by guiding first
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responders to individuals in distress, ensuring a rapid and coordinated
intervention (Long et al., 2026). For crowd management, it enables the
generation of dynamic density heatmaps, allowing for continuous
monitoring of crowd distribution and movement patterns to prevent
overcrowding and enhance situational awareness. Seamlessly inte-
grating with emergency management and disaster response systems, this
digital twin framework enhances the overall efficiency and effectiveness
of evacuation strategies and crisis management.

6.2. Limitations

Despite the system's promising application potential, several prac-
tical considerations must be addressed for reliable deployment in real-
world scenarios. First, as indicated by the missed and false detections
observed in the preceding PCA analysis, missed detections often occur
when pedestrians happen to be located in blind spots not covered by any
camera, or are captured by only a single camera in which ankle midpoint
detection fails, resulting in undercounting. This issue is particularly
pronounced in scenarios with high pedestrian flow density, where
mutual occlusion significantly reduces the visibility of lower-body
keypoints. Crucially, it is important to acknowledge that the valida-
tion in this study—conducted in limited monitored zones (4 x 6 m in the
lab and 6.8 x 3.2 m in the station)—serves primarily as a “proof-of-
concept” for the system architecture. While the proposed framework is
theoretically scalable to large public spaces, its reliability in facility-
scale deployments with genuinely high-density flows has not yet been
fully stress-tested. Specifically, in extreme crowding where interper-
sonal distances consistently fall below the 0.45 m social distance
threshold assumed by the MOMO algorithm, the matching accuracy may
degrade. On the other hand, false positives may arise when incorrect
ankle midpoint localization in a single camera view causes the same
pedestrian to be counted multiple times due to failure in merging by the
MOMO algorithm. To address these challenges, future work will go
beyond simple node detection enhancement by introducing temporal
logic and trajectory prediction algorithms. By leveraging historical
movement data to infer obscured ankle positions, the system can
maintain tracking continuity even in dense crowds. Additionally,
investigating the quantitative relationship between crowd density levels
and detection accuracy will be a critical direction to develop density-
adaptive algorithms. Second, the computational complexity associated
with real-time data processing and cross-camera matching necessitates
further optimization to ensure scalability, particularly in densely
populated scenarios where the volume of data can be substantial. Third,
environmental factors characteristic of emergency scenarios, such as the
accumulation of smoke or reduced lighting due to power failures, may
impact the visibility of standard optical cameras. While the system's
multi-camera fusion strategy offers a degree of robustness by leveraging
redundant views to overcome localized visual obstructions, relying
solely on the visible spectrum remains a limitation in extremely low-
visibility conditions. The extensibility of the proposed digital twin
framework allows for the future integration of multi-modal sensors;
therefore, incorporating infrared thermal imaging devices alongside
optical cameras will be a key focus of future work to ensure reliable
pedestrian detection and tracking in smoke-filled or dark environments.
Fourth, the current system relies on a flat ground plane assumption (z,,
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= 0) and does not yet account for complex terrains such as stairs, ramps,
or uneven floors. Furthermore, while the proposed cascade calibration
utilizes geometric anchors to constrain drift, a rigorous systematic un-
certainty propagation analysis has not yet been conducted. Future work
will focus on integrating 3D terrain modeling to handle multi-level en-
vironments and conducting a comprehensive sensitivity analysis to
quantify how detection noise and calibration errors propagate through
the digital twin system.

In summary, the digital twin system developed in this work repre-
sents a significant advancement in the domain of building evacuation
and crowd management, offering detailed, real-time insights that can
inform emergency response and facility design. Its ability to offer real-
time, high-precision monitoring and data fusion across multiple cam-
era views has the potential to significantly improve evacuation route
planning, density analysis, and targeted rescue operations. Continued
research is needed to address the challenges related to occlusion, envi-
ronmental variability, ankle keypoints detection, computational effi-
ciency, low-visibility conditions, and complex terrains, which will be
critical for achieving widespread adoption in large-scale, real-world
applications.

7. Conclusions

This study addresses the pressing need for real-time pedestrian
localization in facility-scale emergency evacuations by proposing an
intelligent digital twin system that integrates advanced visual localiza-
tion technologies. To overcome the limitations of existing disaster safety
digital twin frameworks—particularly their deficiencies in global, multi-
perspective monitoring—we developed a system architecture
comprising four core components: [oT sensors, a cloud server, an Al
engine, and a user interface. This architecture enables continuous data
acquisition, real-time processing, and intuitive visualization to support
dynamic evacuation management.

At the core of the system lies the Al engine, which integrates three
key technical innovations to enable robust pedestrian monitoring in
complex environments. First, pedestrian detection and tracking are
performed using YOLO-Pose and DeepSORT, facilitating the automated
extraction of ankle midpoints in pixel coordinates to improve localiza-
tion accuracy. Second, a novel multi-camera calibration approach is
developed to transform and unify local camera coordinate systems into a
unified world coordinate framework, ensuring consistent spatial align-
ment across multiple views. Third, a MOMO algorithm is proposed to
address the challenge of identity association across overlapping camera
fields. By bypassing traditional image stitching and cross-camera re-
identification techniques, MOMO delivers a computationally efficient
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and scalable solution highly tailored to the dynamic conditions of
emergency evacuation scenarios.

The system's performance is validated through a series of controlled
laboratory tests and a real-world deployment in a high-speed rail station
waiting hall—representing a large-scale and complex public infra-
structure setting. Results demonstrate accurate pedestrian tracking,
effective multi-camera fusion, and reliable identity matching. In the
real-world scenario, the system achieved a localization RMSE of 5.3 cm
and an MAE of 4.8 cm, well within the practical threshold of 30 cm.
Furthermore, the People Counting Accuracy (PCA) reached 92.34%,
exceeding industry benchmarks, while the average core Al processing
latency of 27.8 ms per frame ensures real-time responsiveness at 30 FPS.

These findings substantiate the feasibility and effectiveness of the
proposed system for real-time monitoring and dynamic evacuation
assessment within built environments. The approach holds significant
potential for seamless integration into intelligent emergency response
and crowd management strategies across large-scale infrastructure
facilities.
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Current literature offers several approaches for cross-camera pedestrian matching paradigms. To identify the most suitable method for our real-
time digital twin system, we evaluated the following three primary techniques.

Table A
Advantages and disadvantages of the three methods.

Method Advantages

Disadvantages

1. Expands the field of view.
2. Provides a unified image for analysis.

Image Stitching

Re-ID 1. Does not rely on overlapping fields of view or camera calibration,

suitable for distributed monitoring scenarios.

2.Mature deep learning models support large-scale environments.

1.Complex stitching algorithms relying on camera calibration and
overlapping fields of view.

2.Susceptible to errors in dynamic scenes and distortion at stitching
boundaries.

3. High computational cost and poor real-time performance.

1.Relies on appearance-based features, prone to occlusion, low
resolution, and lighting variations.

2.High algorithmic complexity, unsuitable for scenarios with strict
real-time requirements.

(continued on next page)



H. Sun et al. Engineering Applications of Artificial Intelligence 174 (2026) 114440

Table A (continued)

Method Advantages Disadvantages
Location-based 1.Simple implementation and computationally efficient, ideal for real- 1.Relies on accurate camera calibration and spatial mapping, with
pedestrian matching time scenarios. potential errors affecting matching performance.
2.Avoids reliance on external appearance features, making it robust to 2.Primarily suitable for surveillance systems with overlapping camera
changes in pedestrian appearance and lighting. fields of view.

Image stitching method involves combining images from multiple cameras into a single panoramic view, allowing pedestrians to be identified in a
unified frame. Re-ID method leverages deep learning models to extract discriminative features from a pedestrian's appearance and match these
features across camera views. Location-based pedestrian matching method uses spatial relationships between camera views to match pedestrian
positions. By mapping coordinates from one camera's frame to another or a unified world coordinate system, pedestrians can be identified based on
their positions. The advantages and limitations of these methods are summarized in Table A. Among these, location-based pedestrian matching is more
suitable for indoor scenarios where cameras have overlapping fields of view and real-time performance is crucial. Its computational simplicity and
robustness to changes in pedestrian appearance and environmental lighting make it a practical choice. Besides, the previously discussed multi-camera
coordinate system calibration method in Section 4.3 provides a solid foundation for this approach. Therefore, the Location-based pedestrian matching
method is chosen in this study.

Appendix B

This section presents the camera calibration results obtained from experimental scenarios using Zhang's calibration method. The calibration
procedure was implemented through the Camera Calibration Toolbox in MATLAB software, which provides a systematic framework for determining
intrinsic camera parameters with enhanced operational efficiency (Fetic et al., 2012). The camera used in the experiment is depicted in Fig B1, and its
key parameter specifications are summarized in Table B1.

Fig. B1. HIKVISION D1+ surveillance camera physical picture.

Table B1
Key parameter specifications of camera.

Parameter category Parameter information
Resolution 2304*1296

Frame rate 30FPS

Maximum lens angle 123.4°(D), 105°(D), 56.4°(D)
Aperture F1.8

Size 77%32*35 mm

During camera calibration, a 9 x 12 chessboard pattern was used, which corresponds to an array of 8 x 11 internal corners with each square
measuring 20 mm, as illustrated in Fig B2.

Fig. B2. 9 x 12 chessboard pattern.

Following established photogrammetric protocols, we captured 16 high-resolution images of the planar target at systematically varied ori-
entations—a quantity within the recommended 15-20 image range for robust parameter estimation (Zhang, 2000), as shown in Fig B3. This multi-view
acquisition strategy ensures sufficient geometric constraints for accurate intrinsic parameters and distortion coefficients determination.
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Fig. B3. Calibration images taken at different angles and distances.

The mean reprojection error is widely recognized as a key metric for evaluating the accuracy of camera calibration. A lower mean reprojection
error signifies higher calibration precision, with values typically expected to be below 0.5. In this study, the calculated mean reprojection error is 0.18,
as shown in Fig B4, which indicates that the calibration process achieved high accuracy.
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Fig. B4. Camera calibration mean reprojection error.
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After obtaining the intrinsic parameters and distortion coefficients of the camera, the PnP algorithm was applied based on the correspondence
between 3D world coordinates and their 2D image projections (Zhuang et al., 2023). The calibration points, visible on the ground in Fig. 10, were used
as reference markers to solve for the extrinsic parameters. By combining these 2D-3D correspondences with the previously determined intrinsic
parameters, a geometric constraint equation in Eq. (1) was used to accurately compute the extrinsic parameters. The camera's intrinsic parameters and
distortion coefficients are detailed in Table B2, and the corresponding extrinsic parameters are summarized in Table B3.

Table B2
Intrinsic parameters and distortion coefficients of the camera.

Camera number Parameter Results
1#-4# Intrinsic matrix K fxr 0 u O 1225.7954 0 1153.8328 0
0 f, vo O 0 1228.4795 633.9847 0
0 0 1 0 0 0 1 0
Distortion coefficients [k1,k2,p1,p2, k3] [— 0.4130,0.2335,0.0020, — 0.0002, — 0.0759]
Table B3

Extrinsic parameters in the experimental scenario.

Camera number Rotation matrix R Translation vector T

1# [-0.0245 —-0.9953 0.0936 [182.2908 110.1149 255.0368]
—0.7277 —-0.0465 —0.6843

| 0.6854 —0.0849 -0.7232

2# [0.9984 -0.0103 0.0560 ] [—39.1665 98.4499 242.2851]
0.0315 -0.7196 —0.6937
1 0.0475 0.6943 —0.7181
3# [0.9987 —0.0251 0.0450 | [—271.9898 103.8886 224.9244]
0.0153 —-0.6894 —0.7242
10.0492 0.7239 —0.6881 |
4# [0.9999 0.0056 0.0104 [-508.4192 105.2202 231.7118]
0.0116 -0.6472 —-0.7622
10.0024 0.7623 —0.6472 |

Appendix C

To validate the accuracy and effectiveness of the proposed localization method in Section 3.2 and highlight its advantages, a comparative analysis
was conducted against two commonly used methods from existing literature. Specifically, this appendix details the performance comparison among
three approaches: (1) the proposed method using the midpoint between the left and right ankles, (2) the midpoint at bottom of detection frame (as in
Huang et al. (2023), referred to as the Bottom Midpoint method), and (3) the geometric center of the detection frame (as in Ding et al. (2023),
referred to as the Geometric Center method).

Tests C-1 and C-2 were conducted wherein a pedestrian was instructed to traverse a predetermined path marked by calibration points. To ensure a
rigorous statistical comparison, the experiments utilized a self-recorded video dataset with strictly controlled variables. Each test consisted of a
continuous 20-s sequence at 30 FPS (totaling 600 frames per test). The three comparison methods (Ankle Midpoint, Bottom Midpoint, and Geometric
Center) were applied to the same video footage using identical camera calibration parameters and pose estimation settings, with the only variable
being the pixel coordinate extraction logic. The pedestrian's pixel coordinates, captured from the surveillance images, were converted into world
coordinates and used to reconstruct the motion trajectory. This computed trajectory was then compared against the designed trajectory to assess any
deviations. Moreover, as the pedestrian passed each calibration point, the corresponding world coordinate was computed and compared with the
actual world coordinate of calibration point, with the localization error evaluated using the Cumulative Distribution Function (CDF).
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The actual trajectories from Tests C-1 and C-2, along with those obtained by the different localization methods, are illustrated in Figs. C1 and C2.
Visual inspection obviously reveals that the trajectory produced by our method aligns more closely with the calibration points, exhibiting a higher
degree of overlap with the intended path and thus more accurately representing the true motion trajectory.
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Fig. C1. Comparison of designed trajectory and calculated trajectory results by different methods for Test C-1. (Taken by Camera 1#).
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Fig. C2. Comparison of designed trajectory and calculated trajectory results for Test C-2. (Taken by Camera 3#).
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Furthermore, the cumulative distribution functions of the localization errors, as shown in Figs. C3 and C4 for Tests C-1 and C-2, provide quan-
titative evidence of the superior performance of our method. In Test C-1, 79.2% of localized points achieved errors <10 cm (vs. 37.5% for Bottom
Midpoint method and 4.2% for Geometric Center method), with 100% of points within 20 cm (vs. 75% and 8.3%), and a maximum error of 17.2 cm
(vs. 33.6 cm and 132.4 cm). For Test C-2, 86.2% of points exhibited <10 cm errors (vs. 24.1% and 3.4%), 100% within 15 cm (vs. 86.2% and 10.3%),
and a maximum error of 11.8 cm (vs. 24.1 cm and 103.7 cm). These results clearly demonstrate that using the midpoint between the left and right
ankles for localization yields not only higher precision but also greater stability.
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Fig. C3. Cumulative distribution function of localization error for Test C-1.
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Fig. C4. Cumulative distribution function of localization error for Test C-2.

Appendix D

This section presents the camera calibration results in the real-world scenario. The equipment deployed at the high-speed rail station waiting hall
also utilized the HIKVISION D17, consistent with that described in Appendix B. As intrinsic parameters and distortion coefficients remain invariant to
camera pose or spatial configuration, their values are consistent with those previously reported in Appendix B. For extrinsic calibration, the in-
tersections of floor tiles in Fig. 16 were utilized as reference markers, providing geometrically stable 3D-2D correspondences. By applying the same
Perspective-n-Point algorithm described in Appendix B, the extrinsic parameters for the two cameras C1 and C2 were determined, with the results

summarized in Table D1.

Table D1
Extrinsic parameters in the real-world scenario.

Camera number Rotation matrix R Translation vector T

Cl1 |:049987 —0.0393 —0.0314:| [-145.6700 103.4267 199.1842]

—0.0435 -0.3603 —-0.9318
0.0253  0.9320 —-0.3615
Cc2 0.9973 —0.0318 —0.0662 [-709.2039 152.7747 207.8757]
—0.0734 -0.3864 -0.9194
0.0036  0.9218 —0.3877
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