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RESEARCH ARTICLE 

Emergent crowd behaviour analysis via interrelationship force modelling in pedestrian 

dynamics during evacuation processes using a bond graph 

Ali Ahmed Allam, Azhar Mohd Ibrahim*, Suaib Al Mahmud, Hasmawati Antong, Khairul Affendy Md Nor 

Advanced Multi-Agent System Lab, Department of Mechatronics Engineering, International Islamic University Malaysia, Malaysia 

Abstract - Crowd dynamics simulation is important in transport station management, 

building evacuation, and massive public event safety management. Even though popular 

techniques like social force modelling and cellular automata with machine intelligence were 

previously employed to model evacuation, the limited representation of forces makes it 

difficult to comprehend individual behaviours affecting the overall crowd dynamics. The 

inability of the existing models to capture the crowd momentum inhibits the comprehension 

of crowd behaviour impact on crowd turbulence. To understand the emergent crowd 

behaviour by capturing the complex interplay of forces and energies associated with 

evacuation in a constrained scenario, this study introduces a bond graph model to represent 

interrelationship forces in pedestrian dynamics during evacuations. We propose 

transforming the bond graph model into a translation mechanical sub-model for performing 

a thorough analysis of momentum and effort variable rate changes. The simulations are 

conducted using 20SIM software, examining diverse scenarios with varying masses, 

locations, and closeness to exits to understand how people behave in different situations. 

Results obtained from the proposed model demonstrate that spatial constraints near walls 

affect momentum and the effort exerted toward surrounding pedestrians. Higher density of 

crowd leads to increased urgency to evacuate and results in longer time to reach the steady 

state. The proximity-based layered view shows pedestrians closest to the chosen pedestrian 

exerting the highest effort at a steady state. Additionally, when the chosen pedestrian is 

heavier than others, the effort exerted by him tends to be positive. Conversely, encountering 

heavier individuals may hinder movement, resulting in negative initial effort values. This 

study not only advances our understanding of pedestrian dynamics but also lays the 

groundwork for future research into the complex interrelationship forces at play in crowd 

movements and behaviours. 
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1. Introduction 

Crowd simulation and modelling have attracted significant attention lately and have become central to multiple 

applications, including urban planning, event planning, transportation, architectural design, and evacuation modelling. 

This is particularly critical for the development of facilities involving emergent situations such as emergency evacuation 

modelling for disaster response [1], hospital evacuation [2], emergency evacuation from a stadium [3], and evacuation 

under terrorist attacks [4]. To execute effective evacuation modelling for such scenarios, understanding human and 

pedestrian dynamics is imperative. Studying pedestrian dynamics for emergency evacuation has been an ongoing research 

topic in traffic science and engineering. Since the early 1990s, this field has gained significant interest, demonstrating its 

critical importance [5]. Numerous approaches to simulate pedestrian dynamics and crowd behaviour have since emerged 

[6], [7]. However, there remain several avenues for further exploration within the research scope of crowd dynamics 

simulation. As noted by Yan et al. [8], crowds present one of the most challenging subjects for human behaviour 

modelling due to the multitude of influences on individual decision-making. Both social scientists and modellers have 

struggled to fully capture the diverse aspects of group behaviour. Pedestrian dynamics becomes more complex when a 

group of people is involved, known as a crowd. Collectively, the movement of such groups is referred to as crowd 

dynamics, which is bounded by multiple factors like congestion, urgency, etc., in emergent situations. Additionally, 

factors like distance from the exit, the number of evacuees near the exit, and the number of evacuees moving towards the 

exit were observed to have a huge influence on evacuees' behaviour during the evacuation process [9]. Considering crowd 

behaviour is of paramount importance when modelling crowd dynamics under emergencies. Understanding how each 

individual responds under such scenarios and how these responses are influenced by external factors is crucial for 

developing a successful model. Due to the high computational complexity of heterogeneous crowds, many challenges 

limit the realism of crowd simulation [10]. Previously, many research works were conducted to understand crowd 

behaviours and model evacuation scenarios, among which the Social Force Model (SFM), Cellular Automata (CA) and 

Rule-Based models are prevalent. The social force model (SFM) developed by Helbing et al. [11] is a commonly used 

microscopic model for predicting and analysing congestion, assessing building or urban layouts, and planning evacuation 

methods. In SFM, pedestrian movement is defined by the combination of different social forces affecting an individual. 

Helbing et al. [11] pioneered the study of crowd dynamics during escape panic by introducing the Social Force model, 

which integrates socio-psychological and physical forces to capture pedestrian behaviour during evacuations. Their 

simulations revealed how psychological and physical factors contribute to crowd behaviours, emphasising the importance 

of considering both aspects in evacuation planning. Yang et al. [12] investigated crowd behaviour in evacuation scenarios 
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using advanced computer simulations based on a modified Social Force model, highlighting the importance of individual 

decision-making processes in shaping overall crowd behaviour. Further research by Wei-Guo et al. [13] focused on 

subway station evacuations, modifying the social force model to account for different pedestrian types, including those 

carrying baggage and panic-stricken individuals. This modification provided a more accurate representation of evacuation 

behaviours in subway stations, highlighting the significance of diverse pedestrian classifications in evacuation 

simulations. These studies stress the importance of understanding individual behaviour in crowd simulation. However, 

despite the large number of studies carried out using SFM, the approach suffers from multiple issues and assumptions, 

such as homogeneous pedestrian characteristics, parameter sensitivity, scaling issues, etc. The traditional social force 

model (SFM) in crowd simulation has difficulty coping with the complexity of the crowd and is limited by a single set of 

physical formulas and parameters. Recent attempts to combine deep learning with these models focus more on simulating 

specific crowd states [14]. However, the inclusion of deep learning is highly time-consuming and requires manual 

hyperparameter tuning. These limitations make it difficult to model the crowd dynamics and lead to faulty solutions. 

Cellular automata, on the other hand, is a branch of discrete dynamics that considers space as a regular grid and tracks 

changes in cells as time propagates in a discrete manner [15]. This particular model and its integration with soft computing 

techniques have been used in quite a few works for evacuation modelling as well as evacuee behaviour modelling [1], 

[4], [16], [17], [18]. However, although cellular automata and their variations are suitable for simple and fast 

implementation of crowd dynamics simulation, they include multiple shortcomings, such as neglecting additional free 

space and obstacles, the tendency of competition between pedestrians for open space, etc. [19]. Meanwhile, the rule-based 

models often require explicit expert knowledge of the systems and complex formulation of repetitive rules, which might 

halt the exploration of variation in real-world scenarios [20].  Such shortcomings in the available approaches, on the one 

hand, limit the capability to replicate the diversity in crowd dynamics; on the other hand, the limited representation of 

forces limits the capability to understand the complex behaviour of individuals in a heterogeneous crowd environment 

given the presence of different entities. Most existing crowd evacuation methods focus on internal factors and do not 

consider the influence of external environment factors [17].  Furthermore, although force-based models can capture 

individual motion, they cannot capture crowd momentum due to limited representation of interrelationships between 

forces and their directions. But capturing crowd momentum is extremely crucial, especially for modelling high crowd 

pressure and crowd turbulence in large gatherings, since crowds with higher momentum are more prone to disturbances 

that might eventually lead to more forceful interactions between people [21], [17]. Hence, understanding the crowd 

momentum can provide valuable insights into the complex interplay of forces in pedestrian dynamics during evacuation. 

To capture crowd momentum, it’s extremely important to understand how external factors (obstacle proximity, individual 

weight, etc.) affect crowd behaviour while the crowd is lined up for evacuation. 

Bond graphs can capture the momentum of components in a dynamic system by modelling the flow of forces and 

energies. By representing the flow of energies as a network of bonds and components as junctions, this approach provides 

a unified approach to system modelling, enabling researchers to analyse complex system behaviours and interactions, 

ultimately contributing to advancements in automation science and engineering. Bond graphs provide a domain-

independent hierarchical framework for generating models based on physical and thermodynamic rules. Bond graphs, 

first proposed by Paynter [22], were designed primarily for technical purposes. Bond graph modelling emerges as a 

versatile technique for representing and analysing complex multidisciplinary systems, integrating different energy 

domains such as mechanical, electrical, and hydraulic components [23]. Oster et al. [14] expanded the use of bond graphs 

to the chemical domain, followed by Cellier [24]. Studies by Cheng et al. [25] and Benmoussa et al. [26] explore the 

application of bond graph modelling in understanding human-robot interaction dynamics and fault detection in 

mechatronic systems. This suggests that integrating bond graphs into evacuation modelling to understand pedestrian 

dynamics during evacuations could provide valuable insights into the interplay of forces and interactions within crowd 

dynamics. In this paper, we employed bond graph modelling with SFM to capture the complex interrelationships of forces 

and energy flow between pedestrians and obstacles in different scenarios and circumstances to understand the behaviour 

of the whole crowd under emergent situations. The goal is to understand how individuals would behave in an emergent 

situation given different obstacle positions and different characteristics of other individuals around them. 

2. Materials and Methods  

2.1 Social Force Modelling 

The study is anchored in the foundational work of D. Helbing et al. [27] . This paper served as a basis for calculating 

essential parameters, including initial desired force (Fdesired), interaction forces between pedestrians and walls (𝑓𝑖𝑤), and 

inter-pedestrian forces (fij). The relevant equations from the literature were adapted for application in current 

research[27]: 

𝑚𝑖

𝑑𝑣𝑖

𝑑𝑡
=

𝑚𝑖𝑣𝑜𝑖(𝑡)𝑒𝑜𝑖(𝑡) − 𝑣𝑖(𝑡)

𝜏𝑖

+ ∑ 𝑓𝑖𝑗
𝑗≠𝑖

+ ∑ 𝑓𝑖𝑤
𝑤

 (1) 

𝜏𝑖 = 0.5𝑠 (2) 

In Eq. (1), 𝑚𝑖 represents the mass of pedestrian I, 𝑣𝑜𝑖(𝑡) = 1 𝑚/𝑠 is the desired velocity of pedestrian i at time t. 

𝑒𝑜𝑖(𝑡) represents the desired direction of movement for pedestrian i at time t, whereas 𝑣𝑖(𝑡) and 𝜏𝑖  stand for the actual 

velocity of pedestrian i at time t and the relaxation time for pedestrian I, respectively. 𝜏𝑖 is technically a reasonable 

estimate for the relaxation acceleration time by Helbing et al. [11].  
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The interaction force between pedestrians is the repulsion force that prevents them from getting too close. When they 

do not touch, the interaction force between pedestrians i and j is given by Eq. (3) and Eq. (4): 

𝑓𝑖𝑗
𝑟𝑒𝑝

= 𝐴𝑖𝑒
(
𝑟𝑖𝑗−𝑑𝑖𝑗

𝐵𝑖
)
𝑛𝑖𝑗 (3) 

𝑟𝑖𝑗 = 𝑟𝑖 + 𝑟𝑗  (4) 

where 𝐴𝑖 = 2 ∗ 103 and 𝐵𝑖 = 0.08 are constants for pedestrian i. 𝑟𝑖𝑗  and 𝑑𝑖𝑗  represent the sum of the pedestrians’ radius 

and the actual distance between the pedestrians respectively. 𝑛𝑖𝑗 is the normalised direction from pedestrian i to j. On the 

other hand, the interaction force between pedestrians i and j when they do touch can be represented by: 

𝑓𝑖𝑗
𝑡𝑜𝑢𝑐ℎ = 𝐴𝑖𝑒

(
𝑟𝑖𝑗−𝑑𝑖𝑗

𝐵𝑖
)
+ 𝐾𝑔(𝑟𝑖𝑗 − 𝑑𝑖𝑗)𝑛𝑖𝑗 + κ𝑔(𝑟𝑖𝑗 − 𝑑𝑖𝑗)∆𝑣𝑡

𝑗𝑖
𝑡𝑖𝑗 (5) 

∆𝑣𝑡
𝑗𝑖

= (𝑣𝑗 − 𝑣𝑖)𝑡𝑖𝑗 (6) 

In Eq. (5) and Eq. (6), the body force constant which counteracts body compression is presented by 𝐾𝑔1.2∗ 105. κ𝑔 =

2.4 ∗ 105 is the sliding friction constant. 𝑡𝑖𝑗 is the tangential direction, and  ∆𝑣𝑡
𝑗𝑖

 is the relative tangential velocity between 

pedestrians i and j. 𝑓𝑖𝑗
𝑡𝑜𝑢𝑐ℎ accounts for both the repulsion and the friction when the pedestrians come into physical contact. 

In simulations, the correct force would be selected based on the distance 𝑑𝑖𝑗  compared to the sum of their radius 𝑟𝑖𝑗 . If 

𝑑𝑖𝑗 < 𝑟𝑖𝑗 , then they are in contact, and the equation for them being in touch would be used. Otherwise, the equation 

without the pedestrians touching would be applied. Interaction of pedestrian I with walls W can be represented by Eq. 

(7): 

𝑓𝑖𝑤 = 𝐴𝑖𝑒
(
𝑟𝑖−𝑑𝑖𝑤

𝐵𝑖
)
+ 𝐾𝑔(𝑟𝑖 − 𝑑𝑖𝑤)𝑛𝑖𝑤 − 𝐾𝑔(𝑟𝑖 − 𝑑𝑖𝑤)(𝑣𝑖 ∗ 𝑡𝑖𝑤) ∗ 𝑡𝑖𝑤 (7) 

where 𝑑𝑖𝑤 is the distance of pedestrian i from the wall. 𝑛𝑖𝑤 is the normal direction from the pedestrian to the wall. 𝑡𝑖𝑤 is 

the tangential direction along the wall. 

2.2 Bond Graph Modelling 

To understand and model the intricacies of pedestrian dynamics during evacuation processes, this paper endeavours to 

represent the interrelationship forces as a translational mechanical sub-model system using the bond graph framework as 

shown in Figure 1. The aim of this approach was to capture the dynamic interactions among pedestrians, their 

environment, and the desired movement during evacuations.  In this model, each pedestrian is conceptualised as a 1-

junction where forces such as social interactions (Fspring), environmental influences like interaction with the wall (Fdamping), 

and desired movement (Fdesired) are introduced. This conversion enables us to move beyond classical mechanics and 

toward a more nuanced understanding of the forces shaping pedestrian behaviours during evacuations. Figure 2 shows 

the bond graph modelling of the translational mechanical system, which represents systems where translational motion is 

involved, such as the motion of masses along a straight path. The basic elements used in translational mechanical systems 

are inertia or mass (I: m), spring (C:1/k), damping (R: b), and effort sources (Se: F), which represent external forces. In 

Figure 1, M1 and M2 represent pedestrians, K/C represents mutual inter-pedestrian interaction, B/R represents 

environmental resistance, and F/Se represents the desired movement force. 

 

Figure 1. Equivalent representation of a two-mass translational mechanical system as two interacting pedestrians in an 

evacuation environment 

 

Figure 2. Bond graph modelling of two pedestrians 
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The output of the elements to the system are represented as follows: 

𝑆𝑒1: 𝑒1 = 𝑚1

𝑉1
0(𝑡)𝑒1

0(𝑡) − 𝑉𝑖(𝑡)

𝜏1

 (8) 

𝐼1 = 𝑓2 =
𝑃1

𝑚1

 (9) 

𝑅1: 𝑒3 = 𝑏1𝑓3 = 𝑏1𝑓2 = 𝑏1

𝑃1

𝑚1

 (10) 

𝑏1 =
𝑓1,𝑤

𝑣1

 (11) 

𝑏1 =
𝑃1

𝑚1
  (12) 

𝑆𝑒2: 𝑒8 = 𝑏1

𝑉2
0(𝑡)𝑒2

0(𝑡) − 𝑉2(𝑡)

𝜏2

 (13) 

𝐼2: 𝑓7 =
𝑃2

𝑚2

 (14) 

𝑅2: 𝑒9 = 𝑏2𝑓9 = 𝑏2𝑓7 = 𝑏2

𝑃2

𝑚2

 (15) 

𝑏2 =
𝑓2,𝑤

𝑉2
  (16) 

𝐶: 𝑒5 = 𝐾𝑞 (17) 

𝐾 =
𝐹1,2

𝑋1,2
  (18) 

The inputs are received by the integral causality elements from the system and can be represented as below: 

𝐼1: 𝑒2 = 𝑒1 − 𝑒3 − 𝑒4 (20) 

𝑒4 = 𝑒5 (21) 

𝐼1: 𝑒2 = 𝑚1

𝑉1
0(𝑡)𝑒1

0(𝑡) − 𝑉𝑖(𝑡)

𝜏1

− 𝑏1

𝑃1

𝑚1

− 𝐾𝑞 =
𝑑𝑃1

𝑑𝑡
 (22) 

𝐶 = 𝑓5 = 𝑓6 − 𝑓4  (23) 

𝑓5 =
𝑃2

𝑚2

−
𝑃1

𝑚1

=
𝑑𝑞

𝑑𝑟
   (24) 

𝐼1: 𝑒7 = 𝑒8 − 𝑒6 − 𝑒9 = 𝑚2

𝑉2
0(𝑡)𝑒2

0(𝑡) − 𝑉2(𝑡)

𝜏2

− −𝐾𝑞 − 𝑏2

𝑃2

𝑚2

=
𝑑𝑃2

𝑑𝑡
 (25) 

𝑒6 = 𝑒5  (26) 

[
 
 
 
 
 
𝑑𝑃1

𝑑𝑡
𝑑𝑃2

𝑑𝑡
𝑑𝑞

𝑑𝑡 ]
 
 
 
 
 

=

[
 
 
 
 
 
 
−𝑏1

𝑚1

0 −𝐾

0
−𝑏2

𝑚2

−𝐾

−1

𝑚1

1

𝑚2

0
]
 
 
 
 
 
 

[
𝑃1

𝑃2

𝑞
] +

[
 
 
 
 
 𝑚2

𝑉2
0(𝑡)𝑒2

0(𝑡) − 𝑉2(𝑡)

𝜏2

𝑚1

𝑉1
0(𝑡)𝑒1

0(𝑡) − 𝑉𝑖(𝑡)

𝜏1

0 ]
 
 
 
 
 

 (27) 

In bond graph analysis, interrelationship forces produce two key outputs: 𝑑𝑝/𝑑𝑡  and 𝑑𝑞/𝑑𝑡 . 𝑑𝑝/𝑑𝑡  typically represents 

the rate of change of momentum. In the context of pedestrian dynamics, this could be used to model the flow of pedestrians 

within the system. Positive values indicate acceleration, whereas negative values indicate deceleration. 𝑑𝑞/𝑑𝑡  signifies 

change in effort, reflecting forces among pedestrians and their environment. Positive 𝑑𝑞/𝑑𝑡 values indicate an increase 

in effort or force, while negative values indicate a decrease in effort. 

In bond graph theory, power is defined as the product of effort and flow variables. In translational mechanical domains, 

effort corresponds to force while flow corresponds to velocity. Therefore, their product represents instantaneous 

mechanical power transfer within the system [6]. In the present pedestrian dynamics framework, effort represents the 

resultant social and environmental forces acting on each pedestrian, whereas flow corresponds to pedestrian velocity. 

Consequently, the effort-flow product quantifies the instantaneous mechanical work rate associated with pedestrian 

motion during evacuation. As established in Eq. (1), pedestrian motion follows Newtonian dynamics in the Social Force 

Model, where forces govern acceleration and momentum evolution. The mechanical power obtained from the bond graph 
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formulation is directly related to the time rate of change of kinetic energy, providing a physically measurable quantity 

rather than a purely mathematical reformulation. Unlike conventional SFM implementations that focus primarily on force 

balance, the bond graph representation enables explicit tracking of energy storage (inertial elements), energy dissipation 

(resistive interactions), and power transmission between interacting pedestrians. This energy-based interpretation 

becomes particularly relevant under high-density evacuation conditions. Previous studies on crowd turbulence by Helbing 

et al. [21] demonstrated that hazardous situations arise from rapid momentum transfer and pressure amplification within 

dense crowds. The bond graph formulation allows these phenomena to be interpreted as localised power accumulation 

and dissipation processes, thereby providing additional physical insight into interaction dynamics beyond trajectory 

prediction alone. Accordingly, the proposed model represents not merely a mathematical transformation of the Social 

Force Model but an energetically consistent system representation capable of quantifying power exchange mechanisms 

within pedestrian crowds. 

2.3 Considered Cases and Scenarios 

To better understand how interrelationship forces act during evacuations by gaining insights into human reactions, group 

dynamics, and issues faced by larger groups, multiple scenarios were considered with varying numbers of pedestrians 

present. The spatial context specified was a square-shaped hall with an edge length of 4m. With vertices located at (0, 0), 

(0, 4), (4, 0), and (4, 4), the exit was placed in the middle of the front wall at the coordinate (2, 4). This physical 

configuration is critical for investigating situations with varying pedestrian numbers and comprehending the interaction 

of space restrictions, exit location, and interrelationship forces driving pedestrian behaviour during evacuations.  

 

Figure 3. Positions of two pedestrians near the exit in the 4 m x 4 m hall 

2.3.1 Case 1: Two Pedestrians at 3 Different Locations 

Three scenarios have been considered under case 1, which includes 2 pedestrians for simulation. In these 3 scenarios, we 

examine the dynamics of 2 pedestrians with masses of 90 kg and 80 kg at 3 different locations in the hall. In the first 

scenario, the pedestrians with masses of 90 kg and 80 kg were positioned near the exit at (0.9974, 3.2139) and (1.4648, 

3.6994), respectively, as shown in Figure 3. The interrelationship forces, including social interactions, environmental 

influences, and desired movement, were modelled using a Bond Graph as explained in Section 3. The calculations of the 

desired force (Fdesired) are presented in Table 1, which plays the role of the SE component of the bond graph. The 

calculation of the inter-pedestrian forces 𝐹𝑖𝑗 to calculate the C component of the bond graph is shown in Table 2, and the 

calculation of the force exerted by the nearest wall 𝐹𝑖𝑤 , the R component of the bond graph, is presented in Table 3. 

Table 1. Calculation of Fdesired of the two pedestrians who are nearest to the exit 

Pedestrian i Mass (kg) Vdesired (m/s) t 𝜏 Location 𝐹𝑑𝑒𝑠𝑖𝑟𝑒𝑑 : 𝑆𝐸𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 (N) 

1 90 1 0.8 0.5 (1,3.21) 45 

2 80 1 0.8 0.5 (1.46,3.7) 45 

Table 2. Calculation of  𝐹𝑖𝑗 and C components of the two pedestrians nearest to the exit 

i,j 𝑑𝑖𝑗  (m) 𝑟𝑖𝑗  (m) 𝐹𝑖𝑗 (N) 𝐾 =
𝐹𝑖𝑗

𝑑𝑖𝑗
⁄ (N/m) 

C=1/k 

(m/N) 

1,2 0.67 0.53 330.91 491.03 0.002 

Table 3. Calculation of 𝐹𝑖𝑤 and R components of the two pedestrians nearest to the exit 

i 𝑑𝑖𝑤(m) 𝑟𝑖(m) 𝑉𝑖 (m/s) 𝐹𝑖𝑤 (N) 𝑅 = 𝐹𝑖𝑤/𝑉𝑖 (N.s/m) 

1 0.7861 0.28 0.75 93953.89 125271.9 

2 0.3006 0.25 0.56 7782.496 13835.55 
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Figure 4. Positions of two pedestrians in the central region of the 4 m x 4 m hall 

 

Figure 5. Positions of two pedestrians near the lower-left walls of the 4 m x 4 m hall 

Subsequent scenarios explore similar setups, maintaining similar pedestrian masses while varying their positions by 

placing them at central space at coordinates (1.229, 1.2198) and (1.6964, 1.7053) for the second scenario (as shown in 

Figure 4) and near the walls at coordinates (0.729, 0.7198) and (1.1964, 1.2053) for the third scenario (as shown in 

Figure 5) within the evacuation space. For the second and third scenarios, as in the first, similar tables like Tables 1-3 are 

used to thoroughly examine the dynamics of pedestrian movement inside the constrained area. These tables provide 

computations relevant to the different situations, offering insights into the forces that influence pedestrian behaviour and 

evacuation dynamics. The bond graph shown in Figure 6 provides a framework for capturing the flow of forces and 

energies for the considered scenarios with 2 pedestrians. 

 

Figure 6. Bond graph of the 2 pedestrians nearest to the wall 

2.2.2 Case 2: Pedestrians Positioned in a Central Space Within the Hall 

This case implements the scenarios for more than 2 pedestrians in constrained places. The first 2 pedestrians were placed 

accordingly in a smaller square area in the hall with its vertices at (0.5, 0.5), (2, 0.5), (0.5, 2) and (2, 2). The smaller 

square area was designed to have an edge length of 1.5 m. The bond graph was then constructed for this scenario.  Next, 

the number of pedestrians is increased to 3, 5 and 6 pedestrians. The additional pedestrians are placed adjacent to the 

previous pedestrians. It is noteworthy that while the number of pedestrians increases, the bond graph evolves accordingly, 

with the addition of junctions and components to accommodate the changing dynamics. The bond graph model, while 

remaining constant, adjusts to changing dynamics, representing the complexities of pedestrian interactions and their effect 

on crowd movement. Table 4 outlines the locations, mass, and radius of the 6 pedestrians, while the structure of the tables 

remains identical to those in case 1. Figure 7, Figure 8 and Figure 9 respectively represent the scenarios with 3, 5 and 6 

pedestrians placed centrally into the hall, with the constructed bond graphs associated with them. 
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Figure 7. Centrally placed 3 pedestrians and bond graph 

  

Figure 8. Centrally placed 5 pedestrians and bond graph 

 

  

Figure 9. Centrally placed 6 pedestrians and associated bond graph 

Table 4. Parameters of pedestrians positioned in a central space within the hall 

I Location Mass (kg) r (m) 

1 (1.23,1.22) 90 0.28 

2 (1.7,1.7) 80 0.25 

3 (0.78,0.87) 70 0.24 

4 (1.74,1.22) 50 0.22 

5 (1.2,1.75) 70 0.24 

6 (0.76,1.51) 80 0.25 
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2.2.3 Case 3: Pedestrians Positioned Around the Exit 

This case involves placing pedestrians near the exit. 12 pedestrians were placed adjacent to each other near the exit as 

depicted in Figure 10. The higher number of pedestrians involved in the scenario increases the complexities in social 

interactions and navigation issues. It is important to note that while the structure of the tables remains identical to those 

in scenario 1, the input parameters such as pedestrian masses, distances to exits, nearest wall locations, and others change 

correspondingly. Table 5 outlines the locations, mass, and radius of the 12 pedestrians. Figure 10 represents the placement 

of 12 agents near the exit with the associated bond graph. 

In the proposed study, the mass of pedestrians is selected as the primary demographic parameter because it directly 

appears in the governing motion equation of the Social Force Model, as defined in Eq. (1). Within this formulation, mass 

determines inertia and controls the rate of momentum evolution. In bond graph theory, effort corresponds to force and 

flow corresponds to velocity; therefore, inertia is represented through the I-element, which depends explicitly on mass 

[6]. Demographic attributes such as age, gender, and height do not directly modify the force balance but instead influence 

behavioural parameters including desired velocity 𝑣0, relaxation time 𝜏, and personal space radius, as demonstrated in 

empirical pedestrian investigations [9], [27]. These parameters affect decision-making and interaction distances rather 

than mechanical inertia. The objective of the present study is to establish an energy-consistent representation of pedestrian 

interactions using bond graph formalism. Introducing heterogeneous behavioural distributions simultaneously with the 

proposed modelling paradigm would obscure the interpretation of energy flow validation. Therefore, homogeneous 

behavioural parameters were intentionally adopted to isolate the mechanical contribution of interrelationship forces and 

verify the physical interpretability of power exchange. Future model extensions can incorporate demographic variability 

through stochastic distributions of desired velocity, relaxation time, and body radius implemented as variable source and 

resistive elements within the bond graph structure, allowing behavioural realism without altering the underlying energetic 

formulation. 

 

 

Figure 10. The 12 pedestrians’ scenario  
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Table 5. Parameters of the 12 pedestrians’ scenario 

i Location Mass (kg) r (m) 

1 (0.929,3.7441) 80 0.25 

2 (1.4564,3.7067) 90 0.28 

3 (1.9806,3.6544) 80 0.25 

4 (2.4657,3.6497 70 0.24 

5 (2.9091,3.7775) 50 0.22 

6 (1.0667,3.2721) 70 0.24 

7 (1.5567,3.1864) 80 0.25 

8 (2.0885,3.1368) 90 0.28 

9 (2.6159,3.181) 80 0.25 

10 (3.0493,3.3613) 50 0.22 

11 (1.7551,2.7601) 50 0.22 

12 (2.4189,2.7295) 70 0.24 

3. Results and Discussion 

The commercial software 20SIM was used to carry out the simulations of the developed models. Each scenario was 

simulated to reach the steady state to capture the behavioural decision-making scenario and its impact on the overall 

evacuation process. The outcomes from the simulation of each scenario are discussed below. The focus has been placed 

on the rate of change of momentum 𝑑𝑝 𝑑𝑡⁄  and the change of effort variables of the occupants. 

3.1 Case 1: Two Pedestrians at 3 Different Locations 

As presented in section 4, this case involves placing 2 pedestrians having masses of 90 kg and 80 kg adjacent at different 

locations in the evacuation hall. Three scenarios, such as pedestrians located near the exit, at a central place in the hall 

and near the walls, have been examined. Figure 11 shows the momentum dynamics of Pedestrian 1 for three scenarios. It 

can be observed that, when the pedestrians were near the exit, Pedestrian 1's initial change in the rate of momentum was 

-93577.977, which decreased to a steady state of -2.65 very quickly within around 0.004 seconds, as represented by the 

pink curve. Similarly, when the pedestrians are placed centrally in the hall, the rate of momentum change for pedestrian 

1 was calculated to be -121123.134 initially, which reached a steady state of -3.84 within less than 0.004 seconds, as 

represented by the red curve. However, when they were placed near the wall, the first pedestrian's initial change in 

momentum rate was recorded as -59645.097, which stabilised at -5.576 within around 0.005 seconds (represented by the 

cyan curve). The longer time taken to reach steady state when they are placed near the obstacle suggests that proximity 

to obstacles causes pedestrians to take more time to reach steady state during evacuation. The increase in initial rate of 

change in momentum suggests that, as pedestrians move away from walls and obstacles within the space, they experience 

a rise in momentum dynamics. This is because the decrease in initial momentum change rate when pedestrians are placed 

centrally in the hall indicates smoother and more rapid movement due to reduced constraints as pedestrians move away 

from obstacles (walls in this case). Hence, it can be said that when pedestrians are in proximity to obstacles, the haphazard 

movement contributes to a rise in the momentum dynamics and causes delay in reaching the steady state, which 

contributes to chaotic movement of the occupants, leading the whole system to a greater degree of crowd turbulence and 

making it more prone to disturbances [28]. This aggregation of chaotic movement, raising the degree of turbulence, could 

lead to hazardous situations by decreasing the efficiency of evacuation. 

 
Figure 11. The rate of change in momentum of pedestrian1 for case 1 at 3 different scenarios 
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Figure 12 represents the change in effort variables for pedestrian 1 for all the considered scenarios in case 1. It can be 

observed that all the scenarios start with the same value of 0.1875 for the rate of effort change between Pedestrians 1 and 

2. In Scenario 1 (marked by the green curve), a rapid decrease was seen in the rate of effort change, reaching a minimum 

of -0.362 at 0.002 seconds. This indicates low effort due to proximity to the exit. The value for change in effort then 

increases to a steady state of -0.0218 at 0.05 seconds, suggesting an increase of 93.98% as time passes by. Hence, it can 

be said that even though being close to the exit causes pedestrians to not exert much effort for evacuation, as time passes, 

they feel the urgency to evacuate and hence exert significantly more effort over time. As for the placement of the 

pedestrians in the central place of the hall, the rate of change in effort initially increased, reaching a maximum of 0.345 

within 0.0002 seconds, before decreasing to a steady state of -0.0037 at 0.004 seconds. Similarly, in Scenario 3, when the 

pedestrians were placed near the walls (represented by the blue curve), the effort change rate initially rose to a maximum 

of 0.4 at 0.0004 seconds and then decreased to a steady state of -0.0058 within 0.009 seconds. It is apparent that Scenario 

1 exhibits a more pronounced initial decrease in effort compared to Scenarios 2 and 3, likely due to its proximity to the 

exit. Moreover, in Scenario 2, where pedestrians are positioned in the middle of the hall, a quicker attainment of the steady 

state is expected compared to the other scenarios, likely due to lower urgency to evacuate and smoother movement, as 

indicated by the red curve. Hence, it can be said that crowd agglomeration is more likely to happen at the exit than in 

other places of the evacuation hall due to evacuees’ heightened urgency for evacuation near the exit. 

 

Figure 12. The effort variable rate of change of pedestrian1 across 2 pedestrians at 3 different locations scenarios 

3.2 Case 2: Pedestrians Positioned in a Central Space Within the Hall 

In this case, there are 4 scenarios where pedestrians are positioned within a smaller square area having an edge length of 

1.5 m and its vertices at coordinates (0.5, 0.5), (2, 0.5), (0.5, 2), and (2, 2). Figure 13 illustrates the analysis of Pedestrian 

1's dynamics across the considered evacuation scenarios for case 2. The emergence of distinct patterns reveals Pedestrian 

1's adaptive responses to differing pedestrian densities. In the scenario with 2 pedestrians, Pedestrian 1 starts with a 

notably negative initial momentum of -121784.96 (red curve at 0s), gradually decreasing until reaching a near-zero steady 

state at 0.0089 seconds. Similarly, in scenarios with 3, 5, and 6 pedestrians, Pedestrian 1 exhibits a proportional increase 

in negative initial momentum values of -122916.05 (green curve), -126497.22 (purple curve), and -128066.43 (blue 

curve), respectively, indicating heightened urgency with increasing pedestrian density, which then gradually stabilises to 

near zero at steady state. 

As more pedestrians surround pedestrian 1 during evacuation, the initial momentum of pedestrian 1 increases due to 

heightened urgency and obstacle perception. Increased pedestrian density raises awareness and urgency levels, driven by 

the need to navigate crowded areas and respond to social influences. Consequently, it takes more time for Pedestrian 1 to 

reach the steady state, reflecting the dynamic nature of pedestrian behaviour during evacuations. Additionally, in scenarios 

with varying pedestrian densities, such as those involving 2, 3, 5, or 6 pedestrians, the rate of change in Pedestrian 1’s 

steady-state effort value decreases as the number of surrounding pedestrians increases. It's important to note that the 

negative sign does not imply a negative value in terms of the magnitude of momentum but rather the direction of change 

in momentum over time. 

Figure 14 illustrates the change in rate of effort variable with distinct masses and positions within the defined area for 

case 2. Between Pedestrian 1 (90 kg) and Pedestrian 2 (80kg), the initial value started at 0.1875 (purple curve), increasing 

to a maximum of 0.34 at 0.0002 seconds, which subsequently decreased to a steady state of -0.031 at 0.003 seconds. 

Likewise, the interaction between Pedestrian 1 and Pedestrian 3 (70 kg) began at 0.25 (lime curve) and went directly to a 

steady state of -0.042 at 0.003 seconds. Unlike interactions with Pedestrians 2, 4, and 5, where peaks were observed in 

effort, interactions with Pedestrians 3 and 6 (80 kg) exhibit direct transitions to steady states without encountering an 

amplitude height. The initial values of effort rate change are inversely related to pedestrian mass, with heavier pedestrians 



Allam et al. | Mekatronika │ Volume 8, Issue 1 (2026) 

journal.ump.edu.my/mekatronika  38 

yielding lower initial values. Furthermore, the increase in the value may be attributed to these pedestrians being positioned 

in front of Pedestrian 1 in the direction of the exit.  

 

Figure 13. The rate of change of momentum of Pedestrian 1 across the 4 scenarios is placed centrally into the hall 

 

Figure 14. The rate of change in effort variable from the perspective of Pedestrian 1 within the scenario involving six 

pedestrians 

 

Figure 15. The momentum dynamics of the 12 pedestrians placed around the exit 
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3.3 Case 3: Twelve Pedestrians Around Exit 

The momentum dynamics of twelve pedestrians in an evacuation scenario, as depicted in Figure 15, reveal diverse 

patterns. Pedestrian 1, represented by the red curve, started with an initial momentum rate change value of -5487.35, 

while pedestrian 2 (green curve) began at -5310.84. Pedestrian 3 (blue curve) showed an initial value of -13734.68, 

whereas that for pedestrian 4 (pink curve) was seen to be -18317.88. Meanwhile, pedestrian 5 (cyan curve), pedestrian 6 

(yellow curve), pedestrian 7 (brown curve), pedestrian 8 (grey curve), pedestrian 9 (purple curve), pedestrian 10 (lime 

curve), pedestrian 11 (orange curve) and pedestrian 12 (burgundy curve) started with -1929.8, -73462.54, -74598.72, -

100121.63, -82087.2, -58287.89, -123547.03, and -123872.6 respectively. The initial momentum dynamics vary based 

on proximity to obstacles like walls, influencing pedestrian momentum dynamics. Those closer to walls experience greater 

spatial constraints, resulting in lower initial momentum rate changes due to inhibited movement. This is attributed to 

environmental factors and perceptions of urgency and safety. Pedestrians farther from walls exhibit higher values for this 

particular variable. Additionally, pedestrians without others behind them, like pedestrians 10, 11, and 12, reached the 

steady state earlier compared to the ones in front, which indicates the tendency of allowance and patience among the 

evacuees who are behind in line when all of them are near the exit. 

Figure 16 represents the change in the effort variable for the 12 pedestrians from the perspective of pedestrian 1. The 

pattern of values in the rate of change of the effort variable exhibits consistency among pedestrians with the same mass. 

For instance, interactions between pedestrian 1 and pedestrians 2 (red curve) and 8 (brown curve) began at -0.1875 at 0 

seconds, indicating similar starting conditions. Similarly, interactions with pedestrians 3 (green), 7 (yellow), and 9 (grey) 

initiated at 0 seconds, while those with pedestrians 4 (blue), 6 (cyan), and 12 (orange) started at 0.0625 seconds. 

Meanwhile, interactions with pedestrians 5 (pink), 10 (purple), and 11 (lime) began at 0.125 at 0s. 

 

 

Figure 16. The rate of change of the effort variable of the 12-pedestrian scenario around the exit from the perspective of 

pedestrian 1 

Initially, when pedestrian 1 encountered others, obstacles, or resistance, movement might have been hindered, causing 

a rapid decrease in charge. This decrease reflects the initial difficulty in response to the presence of other pedestrians. As 

time progressed, pedestrians adjusted their movements, leading to a gradual increase in effort towards the steady state. 

Analysis of the steady state reveals that the highest rate of effort change for pedestrian 1 was with pedestrian 6 (cyan 

curve). This value was followed closely for interactions with pedestrians 2, 3, 7, 4, 8, 11, 9, 5, 11, 12, and 10, respectively. 

The initial effort value exerted by pedestrian 1 toward others was consistent with that of pedestrians of the same mass. 

However, when the chosen pedestrian was heavier than others, the effort exerted was positive, suggesting an increase in 

effort as the mass of others decreases. Conversely, encountering heavier individuals might hinder movement, resulting in 

negative initial effort values. The steady-state comparison based on layers of evacuees illustrates a hierarchical influence 

on pedestrian 1. Layers, structured by proximity, show that pedestrians in Layer 1 who were closest to pedestrian 1, 

exhibited the highest values for rate of effort change. Within each layer, the first row consistently showed higher values, 

indicating a greater influence, which again bolsters the fact that the pedestrians close to the exit exhibit higher urgency 

for evacuation. This correlation highlights the effort required for pedestrian 1 to navigate past pedestrians in the same row 

toward the exit, providing insights into hierarchical influence during evacuations. 

The simulations conducted in this study are based on a deterministic formulation where interactions between 

pedestrians are dictated solely by the force relationships described in Eq. (1). Identical initial and model parameters were 

intentionally maintained across scenarios to isolate the mechanical propagation of interrelationship forces within the bond 

graph framework. This controlled configuration enables direct interpretation of effort and flow power exchange without 

the influence of stochastic variability. Because the primary objective is validation of the bond graph representation rather 

than probabilistic evacuation prediction, single-run simulations are sufficient to demonstrate the model’s mechanical 
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consistency. Deterministic implementations of the Social Force Model have similarly been employed in foundational 

studies to analyse emergent crowd behaviours under controlled conditions [11]. Although pedestrian motion inherently 

exhibits variability arising from heterogeneous desired velocities, reaction times, and spatial distributions, the simulated 

pedestrian trajectories still allow qualitative interpretation of commonly discussed evacuation performance indicators. 

The results demonstrate variations in crowd congestion, interaction intensity, and spatial redistribution of pedestrians as 

movement progresses toward constrained regions such as exits and boundaries. These observable patterns correspond to 

performance descriptors frequently discussed in evacuation studies, including crowd accumulation near bottlenecks and 

density-dependent interaction behaviour [9], [11]. Future work will extend the current framework by introducing 

stochastic perturbations and multiple simulation realisations to perform Monte Carlo analyses, enabling statistical 

assessment while preserving the mechanical interpretation provided by the bond graph formulation. 

3.4 Behavioural Validation 

Three important behavioural validations emerge directly from the simulation results obtained using the proposed bond 

graph formulation. The initial observation concerns congestion formation near the exit area. As pedestrian density 

increases, individuals exhibit progressive velocity reduction accompanied by intensified interaction forces. This 

behaviour corresponds to the self-organised arching phenomenon widely reported in Social Force Model simulations 

introduced by Helbing et al. [11] and experimentally analysed in later crowd dynamics studies [10]. The fact that the 

bond-graph representation is similar proves that the basic mechanical behaviour of pedestrian evacuation is retained in 

the bond-graph representation. The second observation relates to momentum accumulation under high-density conditions. 

The results demonstrate increased interaction intensity and delayed stabilisation as pedestrian concentration grows. Such 

dynamics are consistent with crowd pressure build-up and turbulence mechanisms described by Helbing et al. [21], where 

force transmission between individuals generates collective motion instability during evacuation scenarios. Finally, the 

simulations reveal smooth trajectory adaptation and continuous interaction evolution rather than discrete positional 

transitions. This characteristic aligns with continuous-force pedestrian formulations and distinguishes the present 

approach from Cellular Automata models, which rely on spatial discretisation [16], [25]. The agreement in qualitative 

evacuation patterns confirms behavioural consistency between the proposed framework and established evacuation 

modelling paradigms. Together, these observations demonstrate that the bond graph formulation reproduces established 

evacuation behaviours while providing an energy-based interpretation of pedestrian interactions through effort-flow 

power exchange. 

4. Conclusions 

In this paper, the behaviour of evacuees was modelled using a combination of bond graph and social force modelling for 

multiple scenarios. It was seen that the proximity to obstacles, distance from the exit and the presence of other evacuees, 

along with their relative masses, significantly affect the behaviour of pedestrians in an evacuation scenario. It can be 

concluded that proximity to obstacles can induce heightened urgency among evacuees and can delay reaching steady 

state. Moreover, pedestrians near the exit can exhibit more urgency to evacuate than when they are away from the exit, 

which might result in higher crowd turbulence near the exit that might be prone to hazardous situations. Furthermore, 

evacuees seem to exert higher effort to evacuate when they are heavier than their adjacent pedestrians. Even though in a 

greater gathering, the presence of obstacles reduces momentum dynamics, resulting in decreased crowd turbulence, 

pedestrians near the exit feel more urgency to evacuate than those behind. Future work shall incorporate a comprehensive 

crowd evacuation simulation in a real-world setting using the bond graph model. 
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