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ABSTRACT: 

This study proposes a pedestrian behavior modeling framework that explicitly incorporates the existence and dynamics of pedestrian 
groups. Using high-resolution laser sensor data collected in a hospital atrium, spatiotemporal features describing interpersonal 
distance, relative speed, and walking direction are extracted from pedestrian trajectories. Based on these features, machine learning 
techniques are applied to identify pedestrian groups, with Support Vector Machines (SVM) and Random Forests used as baseline 
models. The results show that the SVM achieves stable and accurate group identification under complex walking conditions. 
Building on the detected group structures, the pedestrian behavior model is extended to represent group-related psychological stress, 
including individual stress, stress induced by other pedestrians, and stress arising from group dispersion. Model parameters are 
calibrated using laser-derived trajectory data with individual attributes such as staff roles and mobility aid usage. The proposed 
model reproduces observed walking trajectories with high fidelity, achieving position errors within 80 cm for approximately 80% of 
pedestrians. Finally, the model is applied to spatial evaluation of pedestrian environments by mapping distributions of estimated 
psychological stress. The results reveal elevated stress levels in waiting areas such as reception zones, while group dispersion stress 
is more prominent in low-density regions where groups tend to spread out. These findings demonstrate that incorporating pedestrian 
group behavior enhances the interpretability and applicability of pedestrian models for evaluating and designing public spaces. 

1. Introduction

Pedestrian simulation models that accurately describe the 
complex dynamics of human walking behavior have long 
served as essential tools for planning, designing, and evaluating 
pedestrian spaces. Beyond simple motion reproduction, such 
models enable the quantitative assessment of spatial comfort, 
congestion, and safety.  
Early theoretical foundations of pedestrian dynamics include 
force-based, cellular automaton, and rule-based approaches. 
Among them, Helbing and Molnár (1995) proposed the social 
force model (SFM), which has become one of the most 
influential frameworks for describing pedestrian interactions 
and evacuation dynamics. Subsequent studies extended these 
ideas to a wide range of pedestrian contexts, including 
bottleneck flow, bidirectional movement, and emergency 
evacuation (Schadschneider et al., 2009; Hoogendoorn and 
Bovy, 2004). 
The analysis of coordinated pedestrian group behavior has also 
been explored in earlier studies. Trajectory-mining studies in 
the late 2000s and early 2010s investigated small-group 
movement, social ties, and leader–follower structures using 
video-based tracking and spatio-temporal clustering techniques. 
For example, Moussaïd et al. (2010) demonstrated that 
pedestrians walking in social groups exhibit distinct spatial 
formations and speed adaptation, while Ge et al. (2009) 
proposed methods for detecting pedestrian groups from 
trajectory data based on motion similarity and interpersonal 
distance. These studies highlighted the importance of group 
behavior in shaping local flow patterns and interaction 
structures. 
In recent years, interest in pedestrian group detection has 
intensified due to the availability of large-scale, high-resolution 
trajectory data and advances in computational methods. 
Traditional clustering approaches such as k-means and 

DBSCAN have been applied to pedestrian group detection in 
trajectory-based studies (e.g., Chen et al., 2022), while more 
recent preprint studies employ hybrid modeling and deep 
learning techniques to detect dynamic pedestrian groups in real 
time from continuous trajectories (Sanjjamts et al., 2025). These 
developments have renewed attention to group-level crowd 
micro-dynamics in dense environments (Nicolas & Hassan, 
2021). 
Meanwhile, advances in sensor technology have significantly 
improved the precision and anonymity of pedestrian monitoring. 
High-resolution laser and LiDAR sensors can now capture 
pedestrian positions with centimeter accuracy (Xiao et. al, 
2016; Borgmann et al., 2020; Na et al., 2023). Doppler LiDAR 
has further enabled the acquisition of both positional and 
velocity information, facilitating robust multi-pedestrian 
tracking under occlusion and cluttered conditions (Peng and 
Shan, 2021). These sensing advancements provide the 
foundation for automated group identification and the 
quantitative modeling of interpersonal interactions in real 
environments. 
In parallel, there is a growing movement toward integrating 
psychological measures into pedestrian behavior models. 
Recent studies have quantified pedestrian stress using biometric 
sensors and self-reported surveys (Ma et al., 2025), 
underscoring the importance of perceptual comfort and mental 
load in space evaluation. Similarly, Geometric Graph Neural 
Network models (Honarvar and Diaz-Mercado, 2024) have 
demonstrated that social and spatial interactions among 
pedestrians can be effectively represented as graph structures, 
offering new potential for capturing complex inter-group 
dynamics. 
Despite these advances, there remain two major gaps: (1) few 
studies have explicitly combined laser-based trajectory data 
with group-level behavioral modeling, and (2) psychological 
stress within and between pedestrian groups has seldom been 
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quantified for spatial evaluation. The integration of these 
perspectives is crucial for accurately assessing pedestrian space 
performance, particularly in public facilities where both 
individual and collective comfort must be balanced. 
Therefore, this research develops a pedestrian behavior model 
that explicitly incorporates group detection and psychological 
stress based on high-precision laser trajectory data. The 
objectives are as follows: 
(1) to develop an automated procedure for detecting pedestrian 
groups from continuous trajectory data; 
(2) to construct a pedestrian behavior model that represents 
individual psychological stress, inter-group stress, and inter-
group stress; and 
(3) to validate the proposed approach using laser-based 
pedestrian monitoring data and apply it to evaluate spatial stress 
distributions in real environments. 
Through this approach, the proposed model aims to bridge 
micro-scale behavioral mechanisms with macro-scale spatial 
evaluation, contributing a novel analytical framework for 
pedestrian-centric design and assessment of architectural spaces. 
 

2. Parameters for Detecting Pedestrian Groups 

This research defines a “pedestrian group” as multiple 
pedestrians who are conscious of each other, enter the study 
area at about the same time, and proceed together toward the 
same destination. Some cases consist of staff members and 
patients temporarily moving together. An example of this is 
discussed below, such cases are also considered “groups”.  
We now examine the spatiotemporal relationships among the 
walking trajectories of multiple pedestrians. Under normal 
circumstances, we would expect to see intrinsic special 
relationships in the relative distances, speeds, and angles among 
pedestrians who are walking together as a single group. Since 
these relationships can be expected to vary with the density of 
people surrounding the group, some parameters were defined 
for the spatiotemporal relationships shown in Fig. 1(a, b). These 
are the distance between intergroup members, their speed 
differences, and their relative angles. There can also be 
differences in these values between any two group members. 
 

 

Figure 1. Parameters for pedestrian group detection. 

Note that the “relationship angle” refers to the angle between 
the average walking directions of two pedestrians and the chord 
between them. The closer this value is to 90°, the more it 

suggests that the pair are walking in parallel. The number of 
nearby people was defined as the number of people within a 
certain circle centered at the midpoint between two pedestrians. 
The radius r of this circle, which was initially undetermined, 
was estimated during the model calibration process. 
If all of the above parameters were calculated for arbitrarily 
selected pedestrian pairs, this process would include pedestrians 
who are obviously not within the same group and would result 
in an inefficient analysis. Therefore, a Gabriel graph was 
employed to efficiently define adjacency relationships between 
pedestrians, as shown in Fig. 1(c). To maintain computational 
efficiency, the parameters were calculated only for pedestrian 
pairs directly connected on the graph (hereafter referred to as 
Gabriel pairs, or G-pairs). Although each G-pair represents a 
dyadic relationship, groups consisting of three or more 
pedestrians can be represented when one or both pedestrians in 
a G-pair are connected to additional pedestrians through the 
Gabriel graph. In such cases, multi-member pedestrian groups 
emerge as connected subgraphs formed by multiple G-pairs. 
Figure 1(c) illustrates the definitions on the Gabriel graph and 
provides an example of the parameter calculations for a G-pair. 
 

3. Pedestrian Behavior Model Incorporating Pedestrian 
Groups 

In order to develop more precise descriptions of the different 
behaviors of lone pedestrians and pedestrian groups, it is 
necessary to make some improvements to the pedestrian 
behavior model based on psychological stress. The route 
selection model and pedestrian walking model employed in this 
study is based on a previously proposed framework developed 
by Osaragi (2004) and later refined and empirically estimated 
using high-precision pedestrian trajectory data by Osaragi et al. 
(2022). For clarity and completeness, the core structure of these 
baseline models is briefly summarized here so that the present 
paper can be understood independently. 
It is thought that  a pedestrian (1) selects an approximate 
movement path that will take them efficiently to their 
destination, and (2) proceeds along that path, changing it in a 
dynamic process as appropriate for the surrounding 
environment, including the presence of other nearby persons. 
By this logic, pedestrian behavior can be modeled via two 
processes (Fig. 2(a)), namely (1) in which using a route 
selection model, the path to the destination of minimum cost is 
determined using a triangular irregular network (TIN), and (2) a 
walking model is used while the subjects are actually moving so 
that the sum of the psychological stress levels from the 
environment is minimized from moment to moment, as shown 
in Fig. 2(b). These are pedestrian stress (PS), destination stress 
(DS), and obstacle stress (OS). Thus, the sum of the 
psychological stress levels from the environment is modeled by 
the Eq. (1).  
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Here α1, α2, α3, β1, β2, γ1, γ2, γ3 are unknown parameters, d0 is 
actual distance between arbitrary position and other person j, djp 
is relative distance between arbitrary position and other 
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pedestrian j, dep is actual distance between arbitrary position 
and provisional position, dkp is distance between arbitrary 
position and obstacle k, θ is angle between arbitrary position 
and other pedestrian j, and vi is walking speed of pedestrian i. 
The reader is directed to Osaragi et al. (2022) for further detail 
about these models. 
 

 

Figure 2. Pedestrian behavior model with pedestrian groups. 

Improvements were made to the walking model to account for 
the behavior of pedestrian groups, as shown in Fig. 2(c). The 
PSg produced by other members of the own group is probably 
less than that produced by other people present in the 
environment. This is called “Model A” shown in Fig. 2(c)(I). 
When the group dispersion stress (GSg), defined as the stress 
caused by separation from the group, is added, this becomes 
“Model B”, which is shown in Fig. 2(c)(II). Additionally, the 

stress from pedestrians of the other group (PSo) is greater than 
that of a lone pedestrian. This was incorporated in “Model C”, 
as shown in Fig. 2(c)(III). The psychological stress PSg, GSg, 
PSo for incorporating pedestrian groups are modeled as Eq. (2) 
and added in Eq. (1). 
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Here α4, γ4, κ, µ are unknown parameters. 
 

4. Survey of Pedestrian Groups in a Hospital 

A wide assortment of individuals and groups of people 
including patients, helpers, and hospital staff walk through the 
atrium area of a hospital as individuals, or by forming groups, 
while sometimes crossing each other’s paths. A behavior 
monitoring survey by laser sensor was conducted in the atrium 
area of Hospital S in Tokyo in order to examine the 
characteristics of groups walking together. The positions and 
orientation of the LiDAR sensors are shown in the Fig. 3(a), 
and the arrows indicate the sensing direction of each sensor. 
More specifically, six laser sensors, which are excellent devices 
for preserving anonymity, were employed to obtain highly 
precise records of pedestrian trajectories. These sensors have 
been found to be quite useful for measurements in hospitals 
where privacy protection is one of the highest priorities.  
 

 

Figure 3. Outline of surveys (Surveys 1-1 and 1-2). 

The emitted laser beams detect the torso and surface of the 
human body, enabling the acquisition of point clouds 
corresponding to individual pedestrians. For each detected 
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pedestrian, the centroid of the point cloud representing the 
human body surface was calculated and defined as the 
representative point of the individual. The position of this 
representative point was computed at 0.1-second intervals, and 
the resulting sequence of coordinates was used to construct 
pedestrian movement trajectories. Using the centroid of the 
body surface point cloud reduces the influence of partial 
occlusion and body orientation, providing a stable estimate of 
pedestrian position for trajectory analysis. 
Figure 3(b) shows the dates and times when the observations 
were carried out. The data from the visiting period from 14:30 
to 15:30, a time when groups are particularly numerous because 
of visiting inpatients or other reasons, was pre-processed and 
the trajectories of 762 and 800 people were extracted from the 
records for Oct. 31 and Nov. 1, 2017, respectively (Surveys 1-1 
and 1-2). Thus, a total of 1,562 trajectories was examined (Fig. 
3(b)).  
In parallel with the laser measurements, two research team 
members visually observed the pedestrian traffic to identify 
groups, and they recorded the observation times, locations, and 
individual attributes. We adopted following standards as 
indicators for the visual observation team to identify a pair of 
pedestrians as a group. (1) The pedestrians entered the study 
area at about the same time; (2) they walked toward the same 
destination; (3) they traveled together to the return visit 
reception counters, bill paying machine or the like; (4) they 
mirrored each other in motions such as stopping or wandering; 
(5) they faced each other and they conversed with each other. 
There were also special groups that had been identified based 
on the subjective judgment of the observation team. However, 
nearly all the identified groups were easy to identify from the 
visual observations, and observation team members were in 
close agreement regarding their group identifications. The 
purpose of noting the times and locations was to tie the 
information from Survey 1-2 to the Survey 1-1 data. Then, 
using the analytical data for both days, they created two 
measured trajectory records, designated as Trajectory A and 
Trajectory B. 
We previously (prior to the remodeling of Hospital S) carried 
out a nearly identical research in the atrium area of the same 
Hospital S. Another measured trajectory record (Trajectory C) 
was also recorded with all the pedestrian attributes in the visual 
survey. This data will be used for further analysis in the latter 
half of this research. 
An analysis of survey data from a completely different, 
remodeled atrium area is conducted in this research. However, 
since it was the same hospital, there were no notable changes in 
the patient population or hospital staff before and after the 
remodeling. Additionally, since identical laser sensor 
observations were conducted, we do not believe that the 
changes in the surveyed space had any notable effect on our 
results, at least from the viewpoint of our objective, which was 
to investigate methods for detecting pedestrian groups. 
 

5. Machine Learning for Group Detection 

5.1 Estimation of Parameters using Observed Trajectories 

We used a Support Vector Machine (SVM) and Random Forest 
algorithms for machine learning in an attempt to detect groups, 
which are available in a statistical analysis environment R. 
Although graph neural networks (GNN) are relevant for 
modeling pedestrian interactions, this study adopted relatively 
simple and interpretable models to ensure robustness under 
limited data conditions. 
First, the specific values to be used for the group detection of 

all the trajectory pairs in Trajectories A and B, which are 
described below as detection parameters P1 to P5, were 
calculated as shown in Fig. 4(a, b). Next, group detection 
teaching was carried out thoroughly using Trajectory A. When 
that process was completed, Trajectory B was applied to the 
group detection model and the accuracy of the model was 
examined for validity. 
 

 
Figure 4. Group detection using machine learning. 

An SVM guarantees a comprehensive optimal solution even 
when used for validation with unlearned walking patterns, as 
seen in the case of Trajectory B, which means it can provide 
highly accurate group detection. In contrast, the random forest 
algorithm is an ensemble learning procedure that is composed 
of numerous decision trees, as shown in Fig. 4(c). Its advantage 
is that it can evaluate the utility of the various group detection 
parameters. 
Using the learned group detection model on Trajectory B, the F 
values for extracting groups were 86.9% and 83.1%  for the 
SVM and random forest algorithm, respectively, thus indicating 
that both showed good results, as can be seen in Fig. 5(a). In 
terms of the F values, the SVM showed higher stability and 
better accuracy than the random forest algorithm both in 
Trajectory A learning and model validation using Trajectory B. 
The reader can also see that the SVM handled the measured 
trajectory record composed of unobserved data in a flexible 
way, and that the random forest algorithm scored 100% in 
group detection during learning. This may have been due to an 
issue that is called “over-learning”.  
 

 
Figure 5. Validation of group detection using machine learning. 

In Fig. 5(b), the reader can also see that SVM was successful in 
detecting groups using the complicated relationships between 
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the relative distance dijt and the relationship angle θijt. Group 
pairs that stopped together or exchanged positions while 
walking was more difficult to identify using the thresholds, but 
after machine learning, they could also be detected by the SVM. 
For example, pedestrian Nos. 655 and 656, shown in Fig. 5(c), 
walked in a complicated path, switching between left and right 
sides repeatedly, but were still correctly detected as a group. 
There were also group pairs that remained unidentified by both 
algorithms, and other pairs that moved detectably as a group 
only for periods that were too short to meet the standards, as 
shown in Fig. 5(d). Finely detailed behaviors exhibited by a 
trajectory pair such as members facing each other or talking to 
each other are immediately obvious group pair indicators to 
human observers. However, since this information cannot be 
captured by laser sensor observations, the collection of such 
detailed information, which will continue to require direct 
human observations, will remain necessary as we work to make 
meaningful advancements in group detection accuracy levels.  
 
5.2 Evaluation of the Utility of Detection Parameters 

Figure 6(a) shows the importance of the detection parameters 
used in the random forest method. As can be seen in P5, the 
number of seconds coupled on the Gabriel graph, which is shown 
in Fig. 4(a), is the most important parameter. Here, it can also be 
seen that Gabriel graphs, which were originally introduced to 
define adjacency relationships, provide essential information for 
group identification. This result is consistent with the definition of 
groups in the model proposed by Osaragi (2004). 
 

 
Figure 6. Effectiveness of detection parameters. 

Figure 6(b) shows how the F values varied with the number of 
explanatory variables employed during machine learning. All 
the detection parameters were useful, and up to a point, as the 
number of explanatory variables increased, so did the detection 
accuracy. However, adding 6th explanatory variable, the 
average product of relative distance dijt × the number of nearby 
people nijrt, did not increase the F value. This was inferred to be 
because adding the information of nijrt was included in the 
information of the number of seconds (P5) which was coupled 
in the Gabriel graph. Since the pedestrian density parameters 
and adjacency relationships were not examined in the existing 
research, they can be considered newly discovered and 
significant group detection parameters. 
 

6. Estimation and Validation of the Model 

6.1 Parameter Estimation 

People are expected to feel stress in different ways, depending 
on their attributes, such as whether they are patients, helpers, 
and hospital staff, or if they use mobility aids. Accordingly, 
parameter levels are adjusted to match the model attributes. The 
measured trajectory records (Trajectories A and B) did not 
incorporate attribute information, aside from the groups. 
Therefore, a separate measured trajectory record shown in Fig. 
7 (Trajectory C), which was established by Surveys 2-1 and 2-2 

in the pre-remodeled Hospital S, was examined with respect to 
those attributes. The attribute data for all the people entering the 
survey area was added to Trajectory C by the visual observation 
team. However, since no information was kept regarding groups, 
the SVM-based group detection model constructed above was 
employed to supplement the group data. 
 

 
Figure 7. Outline of survey at the hospital before remodeling. 

After learning had been performed with the Trajectory A, 161 
group pairs were detected in the Trajectory C by using the 
model. These results are given in Table 1. The parameters were 
set using the gradient method in order to minimize the average 
error for each of the pedestrian attributes (sex, staff member or 
not, need for mobility aid or not). As shown in Fig. 8, the sum 
of the errors between the walking trajectory predicted by the 
model and the actual walking trajectory was found for all 
pedestrians, after which the parameters were calculated that 
provided the lowest value for that sum divided by the total 
walking time for all pedestrians. 
 

 Trajectory C Trajectory A 
Number of trajectories 1605 800 
Number of group pairs 161 115 

Table 1. Result of group detection by SVM 

 
Figure 8. Definition of average error in estimation. 
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6.2 Interpretation of Estimated Parameters 

The various ways in which people with different attributes 
experience psychological stress can be read from the estimated 
parameters. All of the aspects of Fig. 2(c) I–III are included in 
Model C. This is a superior model that shows variations in 
pedestrian behavior characteristics based on their attributes. The 
values for the stress types were calculated using the estimated 
parameters for Model C. Figure 9 shows how the stress levels 
for PS, DS, OS and GS were expected to vary as the relative 
distance increased. Based on their displayed behavioral 
characteristics, the results shown in Fig. 9(b) indicate that 
pedestrians who depend on mobility aids suffered higher 
destination stress, particularly in the form of the difficulties 
accompanying sudden direction changes.  
In contrast, staff members showed lower values for all the types 
of stress, as shown in Fig. 9(a-d). There was little difference 
between the pedestrian stress suffered by staff members in 
regard to members of the same group and that in regard to 
members of another group, as shown in Fig. 9(d). This lower 
level of stress due to the surrounding environment was typical 
of staff, who constantly deal with patients and hospital visitors. 
 

 
Figure 9. Estimated parameters of walking model (model C). 

6.3 Pedestrian Behavior Model Validation 

The validation of this pedestrian behavior model was pursued 
using three different approaches. (1) First, the accuracy of small 
spatial motions was validated. Specifically, it was verified that 
the direction and distance of motion from one point in time to 
the next had been predicted. Figure 10(a) shows the average 
value for the distance between the values predicted by Models 
A, B, and C and the actual values (average errors). They 
showed average errors of around 5 cm, which is considered 
generally good accuracy when predicting pedestrian motions. 
Model C, which incorporated all of the aspects described in Fig. 
2(c) I–III, resulted in the lowest average error. 
(2) The next step in the validation process was to verify that the 
behavior of single selected pedestrians was correctly expressed. 
Here, it was assumed that pedestrian i moved in accordance 

with Model C while all other individuals moved in accordance 
with the measured trajectory record (Trajectory C), and the 
motion of each pedestrian i was analyzed. The trajectory error 
was defined as shown in Fig. 10(b), while Fig. 10(c) presents 
the distribution of trajectory errors for different pedestrian 
attributes. These results show that the errors were within 80 cm 
for about 80% of the pedestrians with any given attribute. 
Therefore, the accuracy levels for trajectories predicted by this 
model were generally good. 
(3) Finally, we attempted to model conditions in which multiple 
pedestrians maneuvered past each other in complicated 
conflicting patterns. Given the clock times and pedestrian 
entrance locations, their walking speeds, and their destinations 
(all drawn from Trajectory C), along with the motions of all the 
pedestrians present, were simulated according to Model C. Here, 
we focused on the group pairs detected in the previous Section 
and compared the trajectories predicted by the behavior 
simulation with the actually observed trajectories. In Fig. 11, 
which presents an example of the comparison results, we see 
that group pedestrians #285 and #286 maintained a constant 
distance between themselves, thus indicating that they were 
moving as a group. Hence, we can conclude that this simulation 
provided good accuracy. 
 

 
Figure 10. Validation of pedestrian behavior model. 

 
Figure 11. Observed trajectory and simulation result. 

7. Evaluation of Pedestrian Space 

Trajectory C and the parameters of Model C were employed to 
calculate the average value Sm for stress levels at each location 
m (on the 50 cm × 50 cm grid in the test region) and to verify 
the spatial distribution of Sm. The procedure for calculating Sm 
is shown in Fig. 12(a). Calculated spatial distributions are 
shown in Fig. 12(b-d). Pedestrian stress PSm was high in 
locations such as near the reception counters (i) and bill paying 
machines (ii), where there were more people, while obstacle 
stress OSm was high in locations such as walls, seating areas, 
and reception counters, as shown in Fig. 12(b, c). Examining 
the group dispersion stress GSm (Fig. 12(d)), we note that these 
levels are higher in locations of lower pedestrian density, where 
it is easier for group members to spread out (iii). The variation 
in each of these stress levels with time was extracted in order to 
obtain a slightly more detailed view; these results are shown in 
Fig. 12(e). It is also possible to observe the dynamic stress level 
changes for each individual as pedestrian experiences both 
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increased dispersion stress when the other member of the group 
moves away and greater pedestrian stress when the group 
passes someone waiting in the reception area. 
 

 
Figure 12. Pedestrian space evaluation by observed trajectory. 

8. Conclusions 

This study proposed a pedestrian behavior modeling framework 
that incorporates the existence and dynamics of pedestrian 
groups using high-resolution laser-based perception and 
machine learning techniques. By combining laser-derived 
pedestrian trajectories with Support Vector Machines and 
Random Forests, the framework enables the detection of 
pedestrian groups and the estimation of group-related 
psychological stress in real environments. 
Using observational data collected in hospital atrium spaces, we 
demonstrated that pedestrian groups can be identified from 
trajectory-based adjacency relationships and that group 
behavior can be characterized through stress-related parameters. 
The proposed model explicitly represents three types of stress: 
individual stress experienced by group members, stress arising 
from dispersion within a group, and stress induced by the 
presence of other groups. The results showed that the model can 
capture differences in pedestrian attributes and behavioral 
characteristics, and that it provides meaningful insights into 
spatial patterns of stress, such as elevated stress in waiting areas 
and group dispersion in low-density regions. 
The psychological stress estimated by the proposed model 
should be interpreted as a relative indicator derived from 
pedestrian interactions and spatial context, rather than as an 
absolute or directly measurable quantity. At present, no 
established method exists for objectively measuring walking-
induced psychological stress in real pedestrian environments. 
Cases in which group behavior was weakly identified or 

partially missed highlight the limitations of the current 
estimation framework under certain interaction patterns and 
provide insight into model uncertainty. 
Several limitations of the present framework suggest directions 
for future research. While pedestrian groups with three or more 
members can be represented as connected subgraphs of dyadic 
relations on the Gabriel graph, internal group structures such as 
leader–follower relationships, cohesive subgroups, or 
hierarchical organization are not explicitly modeled. In addition, 
pedestrian movement is approximated as a rational process 
driven by proximity-based interactions and stress-related costs, 
which enables interpretable modeling but does not fully capture 
role-based or norm-driven group behavior. Addressing these 
issues will require extensions toward higher-order graph 
representations, role-aware or norm-driven behavioral models, 
and temporal inference of pedestrian roles. 
The use of high-resolution LiDAR is a key component of the 
proposed approach, as fine-scale relative positions and short-
term velocity adjustments are essential for distinguishing 
intentional group behavior from accidental proximity. However, 
the limited sensing range of LiDAR sensors constrains direct 
application to large-scale environments. Accordingly, the 
proposed framework is most suitable for localized or semi-
enclosed spaces such as hospital waiting halls, station 
concourses, or building interiors. Future work should explore 
sensor placement strategies, hybrid use of coarse and fine 
trajectory data, and hierarchical modeling approaches to extend 
applicability to broader environments. 
By integrating group detection, stress-based behavioral 
modeling, and spatial evaluation within a unified framework, 
this study contributes a methodological foundation for 
pedestrian-centered analysis and design of public spaces. 
Further development of the proposed approach will support 
more comprehensive evaluation of pedestrian comfort and 
interaction in diverse architectural and urban contexts. 
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