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Abstract: This study presents an algorithm for measuring Pedestrian Congestion and Safety on alley-
ways, wherein pedestrians and vehicles share limited space, making traditional pedestrian density
metrics inadequate. The primary objective is to provide a more accurate assessment of congestion
and safety in these shared spaces by incorporating both pedestrian and vehicle interactions, unlike
traditional methods that focus solely on pedestrians, regardless of road type. Pedestrian Congestion
was calculated using Time to Collision (TTC)-based safety occupation areas, while Pedestrian Safety
was assessed by accounting for both physical and psychological safety through proxemics, which
measures personal space violations. The algorithm dynamically adapts to changing vehicle and
pedestrian movements, providing a more accurate assessment of congestion compared to existing
methods. Statistical validation through t-tests and K-S (Kolmogorov—-Smirnov) tests confirmed
significant differences between the proposed method and traditional pedestrian density metrics,
while Bland—Altman analysis demonstrated agreement between the two methods. The experimental
results reveal that Pedestrian Congestion and Safety varied with time and location, capturing the
spatio-temporal characteristics of alleyways. Visual comparisons of Pedestrian Congestion, Safety,
and Density further validated that the proposed algorithm provides a more accurate reflection of
real-world conditions compared to traditional pedestrian density metrics. These findings highlight
the algorithm’s ability to measure real-time changes in congestion and safety, incorporate psycho-
logical discomfort into safety calculations, and offer a comprehensive analysis by considering both
pedestrian and vehicle interactions.

Keywords: pedestrian congestion; pedestrian safety; occupancy space; alleyways; time to collision

1. Introduction

In modern urban environments, roads serve as the most critical infrastructure for the
movement of both pedestrians and vehicles, making the monitoring and assessment of road
congestion and safety a crucial area of research. Numerous studies have been conducted
on road congestion, primarily focusing on the calculation of congestion levels and the
evaluation of service quality for motor vehicles. These studies typically assess congestion
based on vehicle occupancy, travel time, speed, and acceleration [1-5]. Additionally,
pedestrian congestion has been studied using pedestrian speed, direction, and turning
angle [6-8], or by calculating the pedestrian area occupancy [9,10]. Other studies have
measured road saturation by analyzing the density of both pedestrians and vehicles [11-15].

In early research on service levels for pedestrian pathways, Fruin [16] proposed a
method to assess pedestrian service levels based on the space occupied per pedestrian, a
method still widely referenced today. The Highway Capacity Manual in the United States also
presents criteria for measuring pedestrian service levels by combining average walking
speed and pedestrian occupancy with sidewalk area to evaluate the overall service qual-
ity [17]. Most studies evaluating road congestion or service levels have either focused on
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vehicles or pedestrians in isolation. However, in mixed-traffic roads where pedestrians and
vehicles share the same space, such as backstreets or alleyways, the traditional approaches
face significant limitations in representing actual congestion and safety levels. In these
contexts, the risk of accidents is particularly high. For instance, a study by a Korean traffic
safety institute reported that, from 2013 to 2016, the average number of pedestrian fatalities
per year was 7015, of which 5252 (74.9%) occurred on such mixed-use roads [18]. According
to the Ministry of Land, Infrastructure, and Transport of the Republic of Korea, 67% of
roads in South Korea are classified as backstreets or alleyways. This highlights the need for
a new approach to measuring congestion and safety in such environments, distinct from
methods used for roads where pedestrians and vehicles are separated.

Given this context, the objective of this study is to develop an algorithm for mea-
suring pedestrian congestion and safety in mixed-use backstreets. Section 2 reviews the
relevant literature on pedestrian congestion, while Section 3 details the development of
the proposed algorithm for calculating pedestrian congestion and safety. In Section 4, the
algorithm is applied to real-world data to assess congestion and safety levels, analyze
spatial characteristics of the study area, and compare the algorithm’s performance with
existing pedestrian service level measurement methods. Finally, Section 5 discusses the
significance of the study and future research directions.

This study distinguishes itself from previous research in three significant ways. First,
it calculates pedestrian congestion on backstreets by simultaneously accounting for the
movement characteristics of both pedestrians and vehicles, including speed, acceleration,
inter-object distance, and the safety buffer between them. Second, the safety buffer is not
determined by a static snapshot at the moment of observation but is dynamically calculated
using Time to Collision (TTC), offering a more predictive and nuanced measure of safety.
Third, pedestrian safety is assessed through a dual approach: physical risk, represented
by the potential for collisions between pedestrians and vehicles, and psychological safety,
evaluated using proxemics theory. The latter considers metrics such as personal space—the
distance within which pedestrians feel secure [19]. By leveraging objective trajectory data
to measure the actual utilized feature space and quantify psychological safety, this method
provides a more comprehensive and realistic assessment of pedestrian congestion and
safety on mixed-use roads. Ultimately, it offers valuable insights into spatial characteristics
and contributes to accident prevention strategies.

2. Related Works
2.1. Pedestrian Congestion

Research on pedestrian congestion has primarily focused on pedestrian-only roads
or crosswalks, with congestion typically evaluated based on the number of pedestrians
relative to the available walking area. Lower pedestrian density is commonly associated
with lower congestion levels [12-15]. Similarly, Ruiz-Perez et al. [20] assessed pedestrian
congestion by calculating the number of pedestrians per available walking area. They
adjusted the observed pedestrian counts by incorporating data collected via Wi-Fi networks.
Beyond pedestrian density-based methods, Jeon and Son [9] proposed an approach that
evaluates pedestrian service levels by accounting for the loss of effective walking area
when pedestrians from different directions intersect, thereby reflecting the impact of such
conflicts on pedestrian space utilization.

Due to the difficulty of obtaining pedestrian trajectory data, recent studies have
turned to CCTV footage to calculate pedestrian congestion or simulate pedestrian safety.
Zanlungo et al. [8] used simulations to generate virtual data for assessing congestion at a
narrow, crowded intersection, proposing the congestion number (CN) as a metric. The CN
quantitatively evaluates dynamic pedestrian interactions under various crowd densities,
speeds, and directions. Another method involves dividing CCTV footage into grid cells
and measuring pedestrian movements between cells, with reduced movement indicating
higher congestion [21]. Khan [7] proposed a method for identifying congested areas in
large crowds by extracting pedestrian trajectories from images at a per-second interval
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and calculating trajectory speed. The difference in average movement angles between
trajectory points was treated as a vibration value, with higher vibrations indicating faster
movement and lower vibrations indicating slower movement. These vibration values
were visualized in heatmaps to identify densely populated, congested areas. In some
cases, cellular base station data have been used to estimate pedestrian congestion due
to the difficulty of obtaining accurate pedestrian counts or trajectories. In Seoul, South
Korea, real-time population congestion levels are provided for 115 locations, categorized
into four levels: “very crowded”, “somewhat crowded”, “normal”, and “relaxed”. These
congestion levels are adjusted based on the current population compared to historical
averages, using data collected from cellular networks [22]. Additionally, pedestrian density
on backstreets has been estimated by comparing administrative district road areas with
floating population data [23].

In urban environments, pedestrian congestion is predominantly measured using
pedestrian density—the number of pedestrians per available walking area. Recent studies
have incorporated CCTV footage to assess congestion at intersections, identify congested
areas in large-scale gatherings, and estimate pedestrian congestion using cellular base
station data. However, little research has been conducted on pedestrian congestion or
safety that simultaneously accounts for the movement of both vehicles and pedestrians.

2.2. Proxemics

In this study, we also consider the qualitative psychological safety that pedestrians
perceive in assessing pedestrian congestion and safety. This is particularly important for
backstreets, where narrow spaces between buildings cause pedestrians to feel less safe
when in close proximity to others. The basis for considering psychological safety can be
found in the field of proxemics. Proxemics, first introduced by anthropologist Edward
T. Hall, studies the relationship between human behavior, communication, and social
interaction in relation to physical distance. It highlights how psychological distance can
change with physical proximity, providing the foundation for spatial analysis in fields such
as architecture, transportation, and urban planning [24].

Although research applying proxemics to pedestrian safety is limited, there are a few
notable examples. Dosey and Meisels [25] conducted an experiment measuring participants’
tension when approached by individuals of different genders and at varying distances.
They found that female participants experienced tension when a male approached within
an average distance of 16.2 cm, whereas tension decreased to 13.9 cm when the approaching
individual was another female. This demonstrates that both the type of object moving near
pedestrians and the physical proximity influence pedestrians’ psychological tension. In
another study, the impact of the distance between a car and passing pedestrians on the
driver’s psychological discomfort was measured [24]. The concept of a “comfort zone” was
used to describe the minimum required space before discomfort occurred, with findings
showing that discomfort was affected by the distance, speed, and number of passing
pedestrians, with vehicle speed being the most influential factor.

Based on these studies, it becomes evident that psychological factors related to prox-
emics should be included alongside physical variables such as movement speed and
vehicle-pedestrian spacing when evaluating pedestrian congestion and safety on back-
streets. Thus, this study aims to develop an algorithm that incorporates pedestrian and
vehicle trajectories extracted from CCTV footage, considering variables such as speed,
acceleration, safety buffers, and the concept of psychological safety distance to evaluate
pedestrian congestion and safety.

3. Proposed Method
3.1. Definition of Terms

The key terms used in this study are defined as follows. The formulas associated with
each term will be discussed in detail in their respective sections.
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e  Minimum Area: The minimum area required when a pedestrian or vehicle is station-
ary. The Minimum Pedestrian Area is calculated by multiplying the width of the
pedestrian’s shoulders by their chest width while standing in an upright position,
with an additional 4 cm of buffer added on each side. The Minimum Vehicle Area is
determined by multiplying the average width and length of a typical Korean passenger
vehicle, with an additional 2 m safety buffer added to ensure safe distancing from
other vehicles or pedestrians while the vehicle is stationary (Figure 1).

e  Safety Buffer: The additional area required for safety when an object is moving, based
on its speed, acceleration, and distance using the TTC metric. The size of the safety
buffer increases as the object moves faster and decreases as it moves slower.

e  Safety Occupation Spatio-Temporal Area (categorized by pedestrians and vehicles as
Pedestrian Spatio-Temporal Area (PSTA) and Vehicle Spatio-Temporal Area (VSTA)):
The area occupied by an object, either stationary or in motion, over a given time period.
This area is the sum of the Minimum Area and the Safety Buffer, integrated over the
observed time. A larger Safety Occupation Spatio-Temporal Area indicates higher
congestion on the road.

e  Pedestrian Congestion: The ratio of the Safety Occupation Spatio-Temporal Area to the
total spatio-temporal area of the backstreet during the observation period. A higher
ratio implies that a larger portion of the road space is occupied by moving objects,
indicating a higher level of congestion.

e  Pedestrian Safety: A metric used to measure the safety level of the backstreet. Pedes-
trian safety is divided into two categories: Pedestrian-to-Pedestrian Safety (Ped-Ped
Safety) and Pedestrian-to-Vehicle Safety (Ped-Vehi Safety). Pedestrian Safety is initially
calculated on a per-second basis. For analysis periods longer than two seconds, the
maximum value is selected from the pre-calculated per-second Pedestrian Safety val-
ues within that period to represent overall Pedestrian Safety. This value is cumulative,
meaning that a higher Pedestrian Safety score corresponds to a lower actual level
of safety. In other words, as the Pedestrian Safety value increases, it reflects greater
potential risks in the observed area.

e  Pedestrian-to-Pedestrian Safety (Ped-Ped Safety): This metric measures the safety
level between pedestrians, based on the distance between them as they approach
from different directions. The reference distance for this metric is 1.2 m, derived from
proxemics’ concept of personal space. When the distance between pedestrians is less
than 1.2 m, it is assumed that psychological discomfort may arise, and this instance is
counted. A higher value for Ped-Ped Safety indicates a lower level of safety.

e  Pedestrian-to-Vehicle Safety (Ped-Vehi Safety): This metric measures the safety level
between pedestrians and vehicles, based on the number of instances in which the
safety occupation spatio-temporal areas of pedestrians and vehicles overlap. A higher
value for Ped-Vehi Safety indicates a lower level of safety.

Chest thickness + 4cm| () (b)

Length of vehicle + 2m

Length of vehicle

Chest
thickness

Figure 1. Concepts of minimum area and safety area. The red, orange, and green areas represent pre-
requisite areas where objects exist, the minimum area, and safety buffers, respectively: (a) pedestrian;
(b) vehicle.
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3.2. Algorithm

In this study, Pedestrian Congestion and Pedestrian Safety are calculated separately.
Pedestrian Congestion is derived based on the TTC, considering the safety occupation
area. Pedestrian Safety, on the other hand, is assessed by setting minimum thresholds
for distances between pedestrians and between pedestrians and vehicles. The premise is
that, the closer the distance between moving objects on a backstreet, the higher the risk.
Pedestrian Safety is calculated based on proxemics for pedestrian-to-pedestrian interactions,
while pedestrian-to-vehicle safety is measured by counting instances where the TTC-based
safety occupation areas overlap.

3.2.1. TTC and Safety Buffer

Pedestrian Congestion is calculated by comparing the total area of the backstreet with
the safety occupation areas of pedestrians and vehicles. The safety occupation area refers
not only to static space but to dynamic spatio-temporal changes, as the space occupied by
each object varies every second. This dynamic area is determined by adding a safety buffer—
based on speed, acceleration, and distance to the next movement point—to the minimum
required space occupied by the object. Pedestrian Congestion is the ratio of the total safety
occupation area of all observed objects to the total area, observed at specific time points.
The intersections of these occupation areas are used later to calculate Pedestrian Safety.

To calculate the safety buffer based on the movement information of objects, this study
employs TTC. TTC was first introduced by Hayward in 1971 [26] and refers to the time
remaining until a collision, assuming that the relative velocity and trajectory between two
objects remain constant at a given time t [27]. TTC has been widely used to assess traffic
safety [28]. The basic TTC calculation is shown in Equation (1). In this study, to account for
scenarios where an object is either accelerating or not, we use Equation (2) from one of the
latest studies on TTC by Wessels and Oberfeld [29].

TTC = 2

D = distance 1)
v = velocity

t = time

—o(t 20-D(8)+(v(t))?
TTC — ()WD(?)()(())’Q#O
EC) ,a=20
D = distance 2)
v = velocity
t = time

a = acceleration

The original use of TTC calculates the expected time to collision between two distinct
objects based on their speed, acceleration, and relative distance. However, in this study,
TTC is used not to measure collision time between different objects, but to estimate the
time it takes for an object to reach its next position 1 s later from its current position. This
method allows us to calculate not only the minimum required space based on current
speed and acceleration but also the necessary safety buffer to prevent collisions with other
moving objects.

The data collection interval in this study is set to 1 s. Since the data are collected at 1 s
intervals, the TTC used as the baseline for collision prediction is also set to 1 s. Using the
object’s current attributes, such as speed and acceleration, we calculate the expected time
to reach the next point 1 s ahead, which allows us to determine the safety buffer beyond
the minimum required area for movement. In cases where TTC is calculated to be less
than 1 s, the object is moving quickly, indicating that a larger safety buffer is required. If
TTC is greater than 1 s, the object is moving more slowly, meaning a smaller safety buffer
is sufficient.
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Additionally, there are cases wherein TTC may be calculated as 0 or approaches zero,
as well as cases where it is infinite. These indicate that the object’s current and future
positions overlap, which, for two separate objects, would signify a collision. However, in
this study, since we are calculating the trajectory of a single object at both its current and
next positions, overlapping positions indicate that the object is stationary. In such cases,
only the minimum required area for the stationary object is considered, without adding a
safety buffer (Algorithm 1).

Algorithm 1 TTC and Buffer Area Calculation

Function TTC (data, trajec_id, type_code)
D < distance between now and next point of data
v < speed of data
a < acceleration of data
type_code < type_code
if v == 0 then
ttc < o0
elif 1 == 0 then
te + %ifv;éOelseoo
else
discriminant < (2-a-D) + v?
tte +— =ubvdiscriminant les;”"”””"t if discriminant > 0 else oo
ttc < 0 if ttc == —0.0 else ttc
return tfc

Function BUFFER_AREA (ttc, object_length, object_width)

» object_length, object_width are include safety length already

width <— object_width

length < object_length

minimum_area < width-length

if ttc == oo then » Already considered as collided
total_v < minimum_area

elif ttc < 0.1 then » Already considered as collided
total_v < minimum_area

else

safety_area < ( %) - minimum_area

PSTA or VSTA < safety_area + minimum_area
return PSTA or VSTA

Equations (3) and (4) are used to calculate the PSTA and VSTA. These areas are
calculated on a per-second basis, and by integrating the per-second safety occupation
area over the observation time t, the spatio-temporal area for the observed object over the
observation time t is determined. Pedestrians and vehicles each have distinct minimum
required areas, denoted by P and V, respectively.

Psra = [y D(t)dt
D(t) = P+ B(ttc)
P = minimum pedestrian area = (4 cm + length 4+ 4 cm) x (4 cm + width 4 4 cm)
B(ttc) = safety buffer = rh= X P
length = shoulder length = 0.417 m
width = chest thickness = 0.233 m

3)
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Vsta = Jif D(t)dt
D(t) = V + B(ttc)
V = minimum vehicle area = (length 4+ 2 m) x (width 4+ 2 m)
B(ttc) = safety buffer = 4= x V
length = vehicle length = 4.7 m
width = vehicle width = 1.7 m

The minimum required area for pedestrian (P) is calculated using a median shoulder
length of 0.417 m and a median chest width of 0.233 m based on the anthropometric data
of Koreans surveyed in 2021 [30]. An additional buffer of 4 cm is added to each side to
account for lateral sway during walking [16,31]. For vehicles, the minimum required area
(V) is determined using the standard dimensions of a passenger car in Korea, where the
width and length are 1.7 m and 4.7 m, respectively, as specified by the Korean Ministry of
Land, Infrastructure, and Transport. Additionally, a safety buffer of 2 m is added to both
the width and length, resulting in final dimensions of 3.7 m and 6.7 m. The 2 m buffer
corresponds to the minimum safe stopping distance typically maintained between a vehicle
and a crosswalk on a road when the vehicle is stationary.

The Safety Occupation Spatio-Temporal Areas (PSTA and VSTA) vary depending
on how the TTC changes relative to the 1 s threshold. According to Equation (2), if the
acceleration is zero, the TTC and safety buffer are determined by the instantaneous speed of
the trajectory point and the distance to the next point. The safety buffer added to the basic
minimum required area depends on whether the acceleration is zero, positive, or negative.

3.2.2. Pedestrian Congestion

The Pedestrian Congestion level on the backstreets is calculated as the ratio of the com-
bined spatio-temporal areas occupied by all moving objects passing through the observed
backstreets during the observation period to the total spatio-temporal area of the road as
shown in Equation (5).

Pedestrian Congestion(PC) = %

STA = road length x road width x time(m?-s) ©)
The Pedestrian Congestion index is derived as a ratio between 0 and 1, where values
closer to 0 indicate low congestion, while values closer to 1 suggest high congestion. If
the ratio exceeds 1, it indicates that the entire road area has been utilized, and the value
is adjusted to 1. To calculate the total safety occupation area of all objects during the
observation period, the safety buffers of each object are generated and aggregated at 1 s
intervals. This aggregated buffer is then integrated over an hour to compute the pedestrian
congestion level.

3.2.3. Pedestrian Safety
(1) Ped-Ped Safety

Pedestrian-to-pedestrian (Ped-Ped) safety is assessed by identifying potential threats
when one pedestrian’s personal space, as defined by proxemics, is encroached upon by
another pedestrian (Table 1). This is quantified by counting the number of opposing-
direction trajectories that come within 1.2 m of each trajectory point. The threshold of 1.2 m
is derived from the four spatial zones outlined in proxemics [19]. Distances exceeding
1.2 m fall within the social or public space, which is more appropriate for interactions in
environments where encounters with strangers are common and unremarkable. In contrast,
personal space—defined as the area within 1.2 m—is generally reserved for interactions
with familiar individuals. As noted in [32], objective measures of spatial boundaries, such
as personal space, have a stronger correlation with human behavior in built environments
than subjective perceptions. These spatial boundaries significantly influence walking
patterns and perceptions of safety. In this context, a breach of personal space by unfamiliar
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individuals can cause discomfort, especially in shared public spaces where interactions are
often involuntary. Only interactions between pedestrians moving in opposite directions
are analyzed, based on walking direction (0: same direction, 1: opposite direction). This
approach assumes that pedestrians traveling in the same direction are more likely to be
companions, while those moving in opposite directions are more likely to evoke feelings of
discomfort or unfamiliarity when invading each other’s personal space.

Table 1. Definition of the four levels of proxemics distances [19].

Level Distance Psychological Meaning

The distance in close relationships such as those

Intimate Space ~45 em with a partner or family
The distance within arm’s reach, allowing friends
Personal Space 45 cm~1.2m . , K
and acquaintances to gauge each other’s emotions
Social Space 1.2m~3.6 m The distance for business and formal interactions

A distance that is easy to retreat from in case of
Public Space 3.6 m~7.6 m threat, where voices are raised and non-verbal
communication becomes more active

(2) Ped-Vehi Safety

Ped-Vehi Safety is calculated by counting the number of instances where the TTC-
based safety occupation areas of pedestrians and vehicles overlap. The direction of move-
ment for both pedestrians and vehicles is not considered in this calculation, as the risk
of collision increases regardless of direction when pedestrians and vehicles are in close
physical proximity. Ped-Vehi Safety is determined by aggregating the intersections of PSTA
and VSTA, with higher counts indicating a greater number of potential collision points
between pedestrians and vehicles. Ped-Vehi Safety and Pedestrian Congestion are calcu-
lated simultaneously to enhance computational efficiency. By using spatial join techniques,
we reduce unnecessary repeated calculations and increase the computational speed by
processing both algorithms in parallel.

Algorithm 2 presents the pseudocode for the algorithm that simultaneously calculates
Pedestrian Congestion and Ped-Vehi Safety. It begins by generating geometric buffers for
PSTA and VSTA based on TTC. The TTC-based geometric buffers are created by calculating
the buffer radius as v/area/ 7t using the PSTA and VSTA areas for pedestrians and vehicles,
respectively, and applying this radius to generate geometric buffers around each point.
Then, it joins these buffers to compute both the intersections and unions. To identify
overlapping areas between pedestrian and vehicle buffers, a spatial join operation is
performed using the sjoin function from GeoPandas, with the predicate intersects to locate
intersecting regions. Additionally, to calculate the total safety occupation area, the unary
union function from the Shapely library is applied to unify pedestrian and vehicle buffers,
avoiding overlap duplication when computing the union.

1.  Both pedestrians and vehicles are present: Ped-Vehi Safety is calculated as the inter-
section of PSTA and VSTA, while Pedestrian Congestion is calculated with the sum of
the PSTA and VSTA areas.

2. Only pedestrians are present: Ped-Vehi Safety returns 0, and Pedestrian Congestion is
calculated with the sum of the PSTA areas.

3. Only vehicles are present: Ped-Vehi Safety returns 0, and Pedestrian Congestion is
calculated with the sum of the VSTA areas.

4. No objects are present: Both Ped-Vehi Safety and Pedestrian Congestion return 0.

This structure ensures that both safety and congestion metrics are efficiently computed
for varying conditions, accounting for the interactions between pedestrians and vehicles
on shared road spaces.
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Algorithm 2 Calculating Buffered Geometry and Intersections

Function CALCULATE_TTCBUFFER_GEOMETRY/(df)
Create a GeoDataFrame from the DataFrame and apply the buffer
Convert the coordinate reference system to “EPSG:5179” to calculate buffer as a meter
Calculate the buffer radius from the buffer area using the formula: \/area/
Apply the buffer to the geometry using the calculated radius
Set the buffered geometry as the default geometry column
Create a spatial index for the GeoDataFrame
return geo_pd

Function CALCULATE_INTERSECTION(pedestrian, vehicles)
Check if the pedestrian DataFrame is not composed only of NaN values
if pedestrian DataFrame is not NaN then
Check if the vehicles DataFrame is not composed only of NaN values
if vehicles DataFrame is not NaN then »  Both pedestrians and vehicles exist
Calculate the buffered geometry for pedestrians
Calculate the buffered geometry for vehicles
Perform a spatial join to find intersecting objects using the predicate “intersects”
Combine all pedestrian and vehicle buffers and calculate the union of these buffers
Calculate the area of the union
Return intersections.shape[0], union_area
else  » Only pedestrians exist
Calculate the buffered geometry for pedestrians
Calculate the union of all pedestrian buffers
Calculate the area of the union
Return 0, union_area
end if
else
Check if the vehicles DataFrame is not composed only of NaN values
if vehicles DataFrame is not NaN » Only vehicles exist
Calculate the buffered geometry for vehicles
Calculate the union of all vehicle buffers
Calculate the area of the union
return 0, union_area
else » Neither pedestrians nor vehicles exist
return 0, 0
end if
end if

4. Experiments
4.1. Experimental Setup
4.1.1. Workflow

To verify the suitability of the proposed algorithm, real-world data were used to
calculate Pedestrian Congestion and Pedestrian Safety. The overall workflow is shown in
Figure 2. After preprocessing pedestrian and vehicle trajectory data collected from CCTYV,
the Safety Buffer for pedestrians and vehicles was calculated using TTC, and this was used
to compute Pedestrian Congestion and Ped-Vehi Safety. Ped-Ped Safety was measured
by calculating the distance between pedestrians moving in opposite directions to assess
situations wherein psychological discomfort could arise. After calculating both Pedestrian
Congestion and Pedestrian Safety, a paired ¢-test and a K-S (Kolmogorov-Smirnov) test were
conducted to examine whether there were significant differences between the results of the
proposed algorithm and existing pedestrian density calculations. A Bland—Altman plot was
used to test whether the algorithm could serve as an alternative to traditional pedestrian
density measures. Finally, the data buffers were visualized as snapshots to compare the
Pedestrian Congestion results from the algorithm with the pedestrian density from Korea
Highway Capacity Manual (KHCM). This comparison was intended to assess how well the
new algorithm reflects real-world pedestrian congestion compared to existing standards.
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Data Preprocessing

P Trajectory attributes added
P Data divided by seconds
P Object movement direction assigned

Time to Collision Buffer

P Point-based TTC calculation
) Safety buffer based on TTC

Pedestrian Congestion Pedestrian Safety

P Sum of safety buffers per second

P Pedestrian proximity threshold violations
P Safety buffer ratio in time-space

P Overlap count of pedestrian & vehicle buffers

Verification

P Comparision with KHCM pedestrian density
» Map visualization

Figure 2. Workflow of the experiment.

4.1.2. Data

The data used in this study consist of pedestrian and vehicle trajectory points extracted
from 12 CCTV cameras installed along the backstreets of the Indeokwon area in Anyang,
South Korea. Figure 3 shows the CCTV locations on a map. The observation period spans
from 12:00 p.m. on 6 December 2023, to 4:00 p.m. on 20 December 2023, with data collected

at 1 s intervals. The neighborhood characteristics of the backstreets captured by each CCTV
camera are detailed in Table 2.
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Figure 3. The location of CCTVs.
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Table 2. Neighborhood characteristics by CCTV.

CCTV Neighborhood Characteristics

A bustling commercial area consisting of restaurants

V0000, V0001, V0002, V0003, V0005, V0007 .
and karaoke rooms surrounding a park

A residential complex with the first floor consisting

V0008, V0010, V0011 .
of commercial shops

An intersection composed of a dining alley, karaoke
V0016, V0018, V0019 rooms, massage shops, and franchise restaurants
adjacent to a cluster of medical facilities

The data used in this study comprise a total of 3,044,706 trajectories collected from
12 CCTV cameras over a 15-day period, with 98,647,066 trajectory points. The collected
objects include both pedestrians and vehicles, and the data were captured at the point level
for each object. The data were preprocessed by grouping points by object ID to generate
trajectories, as shown in Figure 4. In addition to the unique ID, object type, latitude
and longitude coordinates, and timestamp, mobility-related attributes such as speed,
acceleration, heading angle, turning angle, and distance to the previous trajectory point
were added for each point. Moreover, the trajectory’s direction—whether the pedestrian
was moving forward or in the opposite direction—was determined by comparing the
heading angle of the trajectory point with the road alignment and added as an attribute.
Using Python libraries, including GeoPandas and MovingPandas, additional attributes
were calculated and added, as shown in Table 3, to facilitate the calculation of Pedestrian
Congestion and Pedestrian Safety.
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Figure 4. A sample of the raw data: (a) data points from CCTV between 13:00 and 14:00 on December
6th; (b) trajectories for CCTV V0003, where points are connected by object ID.
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Table 3. Attributes of data.

Name Attribute Unit
id Unique Trajectory ID Number
type_code Object Type 1 (Pedestrian)/2 (Car)
Original Attributes X Longitude Number
Y Latitude Number
t Collection Date and Time YY-MM-DD hh:mm:ss
acceleration * Acceleration m/s?
angular_difference * Degree of Object Direction Change 0~360°
direction * Object Travel Direction 0~360°
Added Attributes speed * Speed m/s
distance Distance Between Current and Subsequent m

Object Points

bi-direction bi-direction of feature

0: Forward/1: Reverse

* Calculated using the current and previous points.

4.2. Experimental Results
4.2.1. Pedestrian Congestion

The hourly Pedestrian Congestion data for December 8 and 9 are presented in Figure 5.
Pedestrian Congestion is represented as a ratio between 0 and 1, with values closer to
1 indicating higher congestion. The V0019 area exhibited the highest Pedestrian Congestion
across all observed dates, followed by the V0003 area. The V0001 area had the lowest
Pedestrian Congestion. During the 15-day observation period, congestion was generally
low between 2:00 a.m. and 7:00 a.m., while higher congestion was observed from 2:00 p.m.
to the evening hours. The results also demonstrate significant variations in Pedestrian
Congestion across different CCTV-monitored areas, which is likely attributable to the
differing characteristics of the surrounding neighborhoods and the varying volume of
people and vehicles visiting each backstreet. These findings highlight the importance of
considering localized factors when assessing Pedestrian Congestion on backstreets.
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Figure 5. Hourly Pedestrian Congestion plots: (a) December 8th; (b) December 9th.
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Figure 6 presents heatmaps of Pedestrian Congestion by time of day and CCTV
location for December 7 and 16. Since December 7 was a Thursday and December 16 was
a Saturday, and differences in Pedestrian Congestion patterns can be observed. These
differences can be interpreted in connection with the surrounding neighborhoods. For
example, in the V0003 area, which is located near a cluster of restaurants, pedestrian
congestion remained consistently high on both weekdays and weekends. However, it
reached its peak on Saturday between 5:00 p.m. and 6:00 p.m., likely due to increased
foot traffic around dining hours. In contrast, the V0010 area exhibited marked differences
between weekdays and weekends. This road is located in a residential area, suggesting
that the variation in pedestrian and vehicle traffic may be due to residents traveling
elsewhere or staying home during weekends, resulting in lower road traffic compared to
weekdays. These observations underscore the influence of local land use and infrastructure
on pedestrian congestion patterns, particularly when comparing weekdays and weekends.
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Figure 6. Heatmaps of Pedestrian Congestion: (a) 7th of December; (b) 16th of December.
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4.2.2. Pedestrian Safety

The visualization of Pedestrian Safety for the V0001 and V0019 areas over 14 days is
shown in Figure 7. Pedestrian Safety was calculated by distinguishing between Ped-Ped
Safety and Ped-Vehi Safety, with the maximum value within each analysis interval t used
for the final safety score. This approach focuses on capturing the most dangerous situations.
Figure 7 illustrates the safety scores on an hourly basis, where higher values indicate
greater danger.
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Figure 7. Pedestrian Safety plots: (a) CCTV V0001; (b) CCTV V0019.

The analysis revealed that the likelihood of collisions increased in the evening, par-
ticularly when pedestrian and vehicle activity was higher. A notable finding is that, for
almost all CCTV-monitored areas, the likelihood of pedestrian-to-vehicle collisions was
significantly higher than pedestrian-to-pedestrian collisions. This suggests that, on these
backstreets, the risk of collisions between pedestrians and vehicles is greater than that
between pedestrians themselves. Furthermore, since Ped-Vehi Safety is based on TTC-
derived safety occupation areas, higher scores reflect moments where the number of nearby
vehicles or their speeds posed significant danger to pedestrians.

Pedestrian Safety also showed variation depending on the day of the week. On
weekends, particularly from Friday to Sunday (8th-10th and 15th—17th), most CCTV areas
reported higher safety scores, indicating lower safety. This can be interpreted as an increase
in pedestrian and vehicle traffic during weekends, resulting in a higher risk of collisions.
Furthermore, the patterns of Ped-Ped Safety and Ped-Vehi Safety varied by CCTV area.
For example, in the V0001 area, the patterns of Ped-Ped Safety and Ped-Vehi Safety were
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similar, whereas in the V0019 area, Ped-Ped Safety was relatively safe, but Ped-Vehi Safety
had high scores, indicating greater risk. This discrepancy highlights the varying dynamics
of pedestrian safety depending on the local context of each backstreet.

4.3. Algorithm Validation
4.3.1. Evaluation Metrics

To validate the suitability of the proposed algorithm, two evaluation methods were
employed. First, we assessed whether there was a statistically significant difference between
the Pedestrian Congestion results calculated using our algorithm and the Pedestrian Density
metrics provided by the KHCM. Second, we performed a Bland-Altman analysis to visually
confirm whether the proposed algorithm achieves a similar level of accuracy in data
measurement compared to existing methods.

For statistical validation, we conducted paired-sample t-tests and K-S tests on the
hourly Pedestrian Congestion score generated by our algorithm and the Pedestrian Density
score calculated by Equation (6) from the KHCM [33]. The KHCM'’s Pedestrian Density
metric calculates the average number of pedestrians relative to the total road area, and the
corresponding levels of pedestrian service are shown in Table 4. Level A represents the
highest service level, indicating a comfortable walking environment, while level F indicates
congestion. The paired-sample t-test shown in Equation (7) was used to statistically evaluate
whether there was a significant difference in the mean values between the results from
the proposed algorithm and the traditional method [34]. In this equation, T is the t-test
statistic, D is the mean difference between the two datasets, sp is the standard deviation of
the differences, and n is the sample size. A smaller p-value supports the hypothesis that
there is a significant difference between the two methods.

Table 4. Pedestrian service level of KHCM [34].

Level Density (People/m?)

<0.3
<05
<0.7
<1.1
<2.6
>2.6

Hm O N W >

The K-S test is a non-parametric test that compares two cumulative distribution
functions to determine whether they come from the same distribution [35]. In this study, we
employed the K-S two-sample test, as shown in Equation (8), to compare the distributions
of the two samples. In the equation, D is the K-S test statistic, sup, represents the maximum
difference for x, and F; (x) and F,(x) are the empirical cumulative distribution functions
for the two samples. A smaller p-value supports the hypothesis that the distributions of the
two datasets are different. This dual approach of statistical and visual validation provides
a comprehensive assessment of whether the proposed algorithm can serve as a reliable
alternative to conventional pedestrian density metrics.

% Y1, pedestrian;

Average Pedestrian Density = Road Aven (6)
D

T= 7% )

D = sup,|Fi(x) = B(x)] ®)

The Bland—Altman analysis is used to examine the agreement between two methods,
providing a visual assessment of whether the proposed algorithm measures data with
similar accuracy to traditional methods [36]. This analysis is commonly used in clinical
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settings to evaluate the consistency between a new method and an existing one, where high
consistency indicates that the new method can serve as a replacement for the traditional
approach [37]. A Bland—-Altman plot interprets the difference between the two methods
by analyzing the mean difference, the distribution of the data, and the limits of agreement.
The mean difference represents the bias between the two datasets, shown as the central line
in the plot. A bias close to zero indicates no significant difference between the two methods.
The distribution of the data is usually represented by a scatter plot, and a concentration of
points near the center suggests no systematic differences between the two methods. The
95% limits of agreement are calculated as the mean difference plus and minus 1.96 times
the standard deviation, as represented in Equation (9). Narrower limits of agreement
indicate that the two methods are closely aligned. Through this methodology, the algorithm
can be shown to produce statistically distinct results from traditional Pedestrian Density
measurement methods, while also demonstrating sufficient agreement to be considered a
clinically acceptable alternative. Through this methodology, the algorithm can be shown
to produce statistically distinct results from traditional Pedestrian Density measurement
methods, while also demonstrating sufficient agreement to be considered a clinically
acceptable alternative.

Upper Limit of Agreement

= mean dif ference + 1.96 x standard deviatioin
Lower Limit of Agreement

= mean dif ference — 1.96 X standard deviation

4.3.2. Statistics Validation

The results of the t-test and K-S test comparing Pedestrian Congestion with KHCM
Pedestrian Density are shown in Table 5. Both statistical tests show that the p-values for all
CCTV locations are significantly smaller than the threshold of 0.05, indicating statistical
significance. The t-test results demonstrate that the mean difference between Pedestrian
Congestion and Pedestrian Density is statistically significant, proving that Pedestrian
Congestion, as calculated by the proposed algorithm, represents a distinct measurement
method from traditional Pedestrian Density. Similarly, the K-S test results indicate that the
distributions of the two metrics differ, suggesting that the two methods analyze data from
different perspectives. This can be interpreted as evidence that the proposed algorithm
measures the pedestrian environment from a new angle. These findings confirm that the
Pedestrian Congestion calculated in this study and the Pedestrian Density from KHCM
exhibit statistically significant differences. Thus, the proposed algorithm provides a novel
measurement approach distinct from the traditional distribution of Pedestrian Density.

Table 5. Paired sample t-test and two-sample K-S test between Pedestrian Congestion and Pedestrian

Density.
CCTV t-Stats p-Value K-S Stats p-Value
V0000 98.8691 <0.0001 1.0000 <0.0001
V0001 30.8659 <0.0001 0.8768 <0.0001
V0002 67.1417 <0.0001 1.0000 <0.0001
V0003 68.5373 <0.0001 1.0000 <0.0001
V0005 48.0672 <0.0001 0.9941 <0.0001
V0007 56.5825 <0.0001 1.0000 <0.0001
V0008 120.1083 <0.0001 1.0000 <0.0001
V0010 46.2439 <0.0001 0.9971 <0.0001
V0011 67.8659 <0.0001 1.0000 <0.0001
V0016 63.0891 <0.0001 1.0000 <0.0001
V0018 64.2722 <0.0001 1.0000 <0.0001

V0019 115.9746 <0.0001 1.0000 <0.0001
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4.3.3. Bland-Altman Analysis Validation

The Bland—-Altman plot comparing the Pedestrian Congestion calculated by the pro-
posed algorithm and the Pedestrian Density from the KHCM is shown in Figure 8. The
figure presents the Bland—Altman plots for the V0003 and V0007 areas. In both scatter
plots, the data points exhibit a linear dispersion pattern. As the difference between the
two datasets increases, the mean of the two measurements also increases. This suggests
that, as Pedestrian Congestion increases, the difference between Pedestrian Congestion
and Pedestrian Density becomes more pronounced. This increasing divergence as the
mean value grows is important evidence that the proposed algorithm provides information
distinct from traditional pedestrian density measurements. Specifically, it indicates that our
algorithm, by including interactions with vehicles, offers a more comprehensive assessment
of congestion and safety in real-world settings. The larger Pedestrian Congestion scores are
likely driven by the additional safety occupation areas of vehicles and pedestrians, which
are accounted for in the Pedestrian Congestion calculation but not in the Pedestrian Density
metric. This indicates that the divergence between the two measurement methods is largely
influenced by the TTC-based safety occupation areas and the presence of vehicles, which
are factors not considered in traditional Pedestrian Density measurements.

V0003 (a) V0007 (b)

Difference

0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.05 0.10 0,'15 0.20 0,'25
Mean Mean
Figure 8. Bland—Altman plots for Pedestrian Congestion and KHCM Pedestrian Density. The gray line
denotes the mean of the two datasets, and the red lines denote the 5% and 95% limits of agreement:
(a) V0003; (b) V0007.

Additionally, since the majority of the data points fall within the 95% limits of agree-
ment, we can conclude that the Pedestrian Congestion and Pedestrian Density metrics are
in general agreement in terms of their interpretation of congestion levels. The absence of
substantial bias between the two methods further indicates that the proposed algorithm
produces results comparable to those of traditional Pedestrian Density measurements. The
statistical analysis and data consistency validation demonstrate that the proposed Pedes-
trian Congestion algorithm is a reliable and clinically acceptable alternative to existing
methods for measuring pedestrian density.

4.3.4. Compared Visualization

To provide a more detailed comparison between Pedestrian Congestion and Pedestrian
Density, the hourly Pedestrian Congestion results from the proposed algorithm and the
Pedestrian Density from the KHCM are shown in Figure 9. The red line, representing
Pedestrian Congestion, exhibited more dynamic changes over time and date compared to
the purple line, which denotes Pedestrian Density. In both backstreets monitored by the
two CCTVs, the Pedestrian Density suggests that these areas consistently experience low
pedestrian volumes, indicating a generally comfortable walking environment. However,
according to the Pedestrian Congestion results from this study, both locations showed
significant congestion during the afternoon hours on all observed dates. This highlights
the proposed algorithm’s ability to capture dynamic variations in congestion, especially in



ISPRS Int. ]. Geo-Inf. 2024, 13, 434

18 of 21

scenarios where traditional Pedestrian Density metrics may fail to account for factors such
as vehicle presence and varying pedestrian flow patterns.
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Figure 9. Comparison between Pedestrian Congestion and KHCM Pedestrian Density score for
(a) V0001 and (b) V0003.

The visualization of the Safety Occupation Spatio-Temporal Area, along with the
calculated Pedestrian Congestion, Pedestrian Safety, and Pedestrian Density metrics, is
shown in Figure 10. This figure represents the V0001 area at 15:58:28 on 20 December 2023.
Despite the relatively low number of vehicles, Pedestrian Congestion was found to be
high in this area due to the large VSTA buffers of two vehicles, represented by the green
circles. The speed of the vehicle corresponding to the largest circle is 1.676368 m/s, and the
second largest vehicle’s speed is 4.352353 m/s, which convert to 6.03 km/h and 15.67 km /h,
respectively. On this narrow backstreet, the movement of these two vehicles reduced the
available space for both pedestrians and other vehicles, contributing to the high Pedestrian
Congestion. Ped-Vehi Safety was recorded as four instances, and it was observed that the
PSTA of most pedestrians overlapped with the VSTA of the moving vehicles, except for one
pedestrian. The Pedestrian Density from the KHCM for this area is 0.005, with a pedestrian
level of service rated as Level A, indicating a smooth flow. However, based on the analysis
using this study’s algorithm, considering the relationship between moving vehicles and
nearby pedestrians, along with the Pedestrian Congestion and Pedestrian Safety values, it
can be concluded that, at the moment of observation, the V0001 road was congested, and
there was a potential risk of pedestrian—vehicle collisions. This comparison underscores
the importance of considering vehicle presence and movement when evaluating Pedestrian
Congestion and Safety, especially in mixed-use environments such as narrow backstreets.
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Figure 10. Visualization of Pg74 and Vg4 for V0001 on 20 December 2023. The green and purple
circle represent Vsty4 and Pgyq buffer, respectively.

5. Conclusions

Unlike major roads or arterials where sidewalks and roadways are clearly separated,
alleyways present unique challenges for pedestrian safety and congestion due to parked
vehicles and moving traffic that often reduce usable space. These factors pose significant
risks to pedestrian safety, making it crucial to account for both pedestrians and vehicles
when measuring Pedestrian Congestion and Safety on alleyways. Moreover, since vehicle
movement and parking continuously change in these spaces, it is essential to incorporate
such dynamic conditions into the calculation of pedestrian congestion and safety. In this
context, the aim of this study was to develop an algorithm for measuring Pedestrian
Congestion and Pedestrian Safety on alleyways.

Pedestrian Congestion was calculated based on TTC using safety occupation areas,
while Pedestrian Safety was determined by setting minimum thresholds for pedestrian-
to-pedestrian and pedestrian-to-vehicle distances and recording instances wherein safety
buffers overlapped. The threshold for Ped-Ped Safety was established using the concept
of proxemics, while Ped-Vehi Safety was measured by aggregating TTC-based safety oc-
cupation areas. The proposed algorithm was applied to real-world data, visualized, and
statistically validated. The experimental results show variations in Pedestrian Congestion
and Safety based on observation time and location, enabling the measurement of conges-
tion and risk according to the spatio-temporal characteristics of each alleyway. Notably,
the incorporation of both pedestrian and vehicle movement allowed for a more refined
measurement of alleyway congestion compared to traditional Pedestrian Density metrics
that consider only pedestrian movement.

The contributions and distinctiveness of this study are as follows. First, by measuring
the real-time changes in the occupation areas of pedestrians and vehicles, the algorithm
provided a more precise assessment of real-world congestion compared to existing methods.
Second, unlike previous studies that focused solely on pedestrians, this study considered
both pedestrians and vehicles when measuring Pedestrian Congestion and Pedestrian
Safety in areas without clear separation between sidewalks and roadways. Third, the sepa-
ration of Pedestrian Safety from Pedestrian Congestion allowed the algorithm to measure
not only the potential for physical collisions between objects but also the psychological
discomfort felt by pedestrians, which is another distinguishing feature of this study.

The results of this study provide specific congestion and safety values for alleyways
at given moments in time. Narrowly, these results can contribute to basic information
about road conditions, while broadly, they hold significance as reference data for public
services and policy decisions aimed at improving road safety and flow. For example, if a
particular section of an alleyway is found to be congested at specific times, policies could
be implemented to limit vehicle access during those times to facilitate smoother pedestrian
flow. Similarly, if certain alleyways are consistently identified as unsafe, services such as
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reduced vehicle speed limits or safety patrols could be introduced to enhance pedestrian se-
curity in those areas. Furthermore, the proxemics-based psychological measures proposed
in this study could extend beyond identifying congestion and safety zones to extracting
extreme congestion areas. This capability could aid in recommending avoidance routes,
thus supporting pedestrian decision-making and improving overall mobility efficiency.
Future studies could integrate behavioral data and traffic psychology principles to enhance
psychological safety measures and optimize pedestrian and vehicle flow in real time.

While the Pedestrian Safety measure in this study considers the psychological safety of
pedestrians based on the distance between approaching pedestrians, there are limitations.
For instance, the algorithm does not account for cases wherein approaching pedestrians
are companions or acquaintances, which would mitigate the sense of psychological dis-
comfort. This limitation arises from the difficulty of extracting such information from the
available data. Incorporating behavioral cues, such as the speed, direction, and distance
at which pedestrians recognize and adjust their behavior (e.g., slowing down), could also
help account for social relationships between pedestrians. Additionally, this study does not
incorporate direct subjective validation methods, such as surveys or interviews, to measure
pedestrians’ perceived psychological safety. Future studies could address this by combin-
ing objective metrics with subjective data, such as analyzing pedestrians’ self-reported
feelings of safety in specific scenarios. Moreover, as alleyways are frequently used by other
types of vehicles beyond cars and pedestrians—such as motorcycles, electric scooters, and
shared bicycles—future work could refine the calculation of pedestrian congestion and
safety by incorporating the trajectories of these personal mobility devices alongside cars
and pedestrians.
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