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Featured Application 

The findings of this study can inform the design and planning of non-motorized shared 

spaces by incorporating the microscopic behavior patterns and psychological safety pref-

erences of vulnerable road users (VRUs), such as pedestrians, cyclists, and e-bike riders. 

By understanding interaction dynamics and perceived safety zones, urban planners and 

transport engineers can develop more inclusive and safer shared space environments, es-

pecially in high-density urban settings like Shenzhen City, China. The results also offer 

guidance for policymaking and infrastructure improvements, such as adjusting lane 

widths, introducing buffer zones, or accommodating users with large items to reduce con-

flict risks and enhance user comfort. 

Abstract 

The concept of shared space is proposed to improve the safety and health of vulnerable 

road users (VRUs) by promoting walking and cycling. However, despite the documented 

benefits of shared spaces, concerns were raised about the frequency and severity of road 

user interactions in shared spaces. Thus, the objective of this study is to investigate the 

microscopic behaviors and psychological characteristics of vulnerable road user interac-

tions (i.e., pedestrian–e-bike interactions and pedestrian–cyclist interactions) in non-mo-

torized shared spaces and their interplay mechanisms. We identify a total of 334 interac-

tions in the same- and opposite-direction using the Dutch Objective Conflict Technique 

for Operation and Research (DOCTOR) method at four locations in Shenzhen city, China. 

Trajectories of road users involved in these interactions were extracted to identify key 

points in trajectories and interaction phases, considering both microscopic behaviors and 

psychological factors synthetically. The study also compared lateral and longitudinal de-

cision distances, maneuvering distances, maneuvering time, and safety zones across dif-

ferent characteristics, including severity levels, road user types, genders, and whether 

road users carry large items or not. The results show that the main characteristic of the 

interaction’s starting and ending points changes in the lateral direction. Road users have 

a stronger sense of security in swerve-back phases. The average lateral psychological 

safety distance in shared spaces is about 1.125 m. Moreover, the average safety zone area 

for road users in opposite and same-direction interactions are 4.83 m2 and 9.36 m2, respec-

tively. Road users carrying large items perceived a higher risk in shared spaces and 
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required longer lateral psychological safety distances and larger safety zones. The find-

ings of this study can be used to better design shared space facilities, considering the per-

ceived risk of road users and their interactions and psychological behavior. 

Keywords: shared spaces; vulnerable road user; pedestrian–e-bike interactions;  

pedestrian–cyclist interactions; microscopic behavior 

 

1. Introduction 

Cycling and walking have been encouraged by many cities worldwide as healthy 

and environmentally friendly modes of transportation in recent years [1]. Specifically, 

electric bicycles (e-bikes) have become the preferred mode of commuting for more resi-

dents in China[2,3]. However, vulnerable road users (VRUs), including conventional bi-

cycles, e-bikes, and pedestrians, are exposed to higher risks than motorized vehicles. For 

example, VRUs account for nearly half (46%) of the traffic fatalities worldwide [4]. The 

concept of shared space is proposed to reduce collision and fatality risks. A shared space 

is defined as “a street or place designed to improve pedestrian movement and comfort 

while reducing the dominance of motor vehicles and enabling all users to share the space 

rather than follow the clearly defined rules implied by more conventional designs” [5]. 

No obvious segregation is set between shared space users, and the right-of-way is shared 

by all road users. Motorized vehicles can be prohibited in shared spaces to create non-

motorized shared spaces [6]. 

Despite the documented safety benefits of shared spaces, the frequency of interac-

tions between road users increases [7]. However, the majority of the previous studies fo-

cused mainly on vehicular traffic on conventional roads, while little attention was paid to 

the non-motorized road users’ interactions in shared spaces. Only a few studies have in-

vestigated the behavior of VRUs. Phase identification and distances during interactions 

were analyzed as the key to interaction behavioral research in these studies [8,9]. The in-

teraction behavior of VRUs in shared spaces can differ significantly from that of motorized 

vehicles or on conventional roads. 

Moreover, little is known about the psychological change and how psychological fac-

tors affect behavior when shared space users are involved in interactions. For example, 

safety attitude, risk perception, and other psychological factors affect traffic safety in 

shared spaces. Additionally, psychological factors are closely linked to microscopic be-

haviors and influence one another. Therefore, investigating psychological factors is also 

conducive to more accurately and comprehensively identifying interaction phases. 

This study aims to investigate the microscopic behaviors and psychological charac-

teristics of e-bikes, conventional bicycles, and pedestrian interactions in shared spaces. 

The contribution of this paper lies in proposing an interaction phase division method that 

considers both behavioral and psychological characteristics. The contribution includes the 

following: (1) proposing the definition and identification method of trajectory key points 

and interaction phases considering microscopic behaviors and psychological characteris-

tics synthetically; (2) investigating the lateral and longitudinal decision distance, maneu-

vering distance, maneuvering time, and safety zone by different characteristics; and (3) 

exploring psychological characteristics of road users during the interaction process and 

the relationship with microscopic behaviors. Specifically, this study addresses the re-

search gap by developing a novel trajectory key point identification method that incorpo-

rates psychological decision-making phases, quantifies lateral psychological safety dis-

tances, and establishes safety zone requirements for different interaction scenarios in 

shared spaces. 
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2. Literature Review 

2.1. Behavior Analysis of Non-Motorized Shared Space Users 

A few studies have investigated the behavior of VRUs in shared space. Bicycle fol-

lowing and overtaking maneuvers were characterized by [9] on cycling paths using mul-

tivariate finite mixture model-based clustering. Kaparias and Li [10] studied the behavior 

and perceptions of powered two-wheeler users in shared spaces and provided recommen-

dations about street layouts with elements of shared space. Beitel et al. [11] estimated the 

risk of pedestrian–cyclist interactions using several proposed surrogate safety measures 

(e.g., time-to-collision (TTC), Post-Encroachment Time (PET)). The study proposed a 

safety evaluation framework for shared spaces that combines behavioral analysis, event-

based surrogate safety measures (SSMs), and traffic flow. Alsaleh and Sayed [12] devel-

oped a Markov Game-based interaction model for non-motorized shared space users, 

which can replicate microscopic interaction behavior. 

Several parameters were used to discuss the behavior of VRS in shared spaces. These 

parameters include road user speed, acceleration, lateral distance, longitudinal decision, 

and comfort zone and were discussed as the key parameters of shared space user’s behav-

ior. Khan and Raksuntorn [8] investigated the passing interactions on exclusive bicycle 

paths. The lateral spacing during passing and average passing lengths were used to de-

scribe the passing interactions. Alsaleh et al. [6] classified the interactions between cyclists 

and pedestrians in shared spaces based on the interacting angle, and defined indicators in 

different interaction phases such as speed profiles, acceleration profiles, and longitudinal 

and lateral distances between road users. The participants were recruited by Lee et al. [13] 

to avoid a stationary dummy cyclist by braking or steering comfortably. The parameters 

such as speed, distance-to-collision, time-to-collision, and lateral clearance were calcu-

lated to model cyclist braking and steering using constant deceleration and Gaussian 

curves separately. The study indicated that the field of safe travel and minimum stopping 

distance can describe the comfort zone of bicycles. Furthermore, headway and pedestrian 

gait parameters were also explored in several previous studies (e.g., [14–16]). 

2.2. Psychology Analysis of Non-Motorized Shared Space Users 

The studies on the psychological analysis of VRUs focus on macro security behavior, 

while little attention is paid to the psychological factors of VRU interactions and their mi-

croscopic behavior. For example, Wang et al. [17] used a questionnaire method to analyze 

the relationship between psychological factors and risky driving behaviors of e-bike rid-

ers. The study found that the risk-taking attitude may lead to group violation actions. Yao 

and Wu [18] found that the possibility of aberrant riding behaviors decreases with the 

increase in positive attitudes toward safety and concern about traffic risk. Lehtonen et al. 

[19] compared the risk perception of two groups: frequent and infrequent bicyclists. The 

result shows that frequent bicyclists are more cautious, and it is advantageous to antici-

pate or detect more hazards. Zheng et al. [20] also verified the conclusion of Lehtonen et 

al. [19]. The study found that psychological factors are influenced by riding frequency and 

experience, and the riding risk perception increased with the increase in these factors. 

Only a few studies have investigated the psychological factors in non-motorized 

shared spaces. Risk compensation theory was used to explain how people adjust their 

behavior (compensate) according to their own perceived risk level [21]. It has provided 

important information on the relationship between psychological factors and behavior. 

Overtaking interactions were improved more critically than oncoming interactions in 

terms of safety perspective. Gkekas et al. [22] conducted an intercept survey of 337 trav-

elers on a university campus and found that road users who have experienced an incident 

before may perceive more security in pedestrian–cyclist interactions. 
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In summary, while existing research has made significant contributions to under-

standing VRU behavior in shared spaces, several critical gaps remain. Current studies pri-

marily focus on physical behavioral measures without integrating psychological factors 

that influence decision making during interactions. The majority of research lacks system-

atic methods for identifying key trajectory points that reflect both behavioral and psycho-

logical transitions. Furthermore, limited attention has been given to quantifying safety 

zones and psychological comfort distances that could inform infrastructure design. This 

study addresses these gaps by proposing a comprehensive framework that synthesizes 

microscopic behavioral analysis with psychological trajectory point identification, provid-

ing quantitative measures for shared space design optimization. 

3. Methodology 

3.1. Interaction Identification 

The Dutch Objective Conflict Technique for Operation and Research (DOCTOR) is a 

standardized conflict manual observation technique with objective, well-defined observa-

tion units developed by the Stichting Wetenschappelijk Onderzoek Verkeersveiligheid 

(SWOV) and the Instituut voor Zintuigfysiologie (TNO) in The Netherlands [23]. In this 

study, we improved the DOCTOR technique considering more relevant characteristics for 

VRUs than motor vehicles, such as maneuvering time and space and controlling situa-

tions. This technique was used to identify normal interactions and traffic conflicts. A traffic 

conflict is defined as “an observable situation in which two or more road users approach 

each other in space and time to such an extent that there is a risk of collision if their move-

ments remain unchanged”[24] . The key prerequisite for judging a conflict in this study is 

a high collision likelihood if the direction or speed of the road user does not change. In 

addition, VRU evasive action, available space, time-to-collision (TTC), and Post-Encroach-

ment Time (PET) are recorded by observers and are used for identifying a conflict. How-

ever, the normal interaction refers to a situation where a road user’s moving situation 

(e.g., speed or direction) changes due to the existence of other road users without being 

involved in a conflict. Normal interactions and traffic conflicts are collectively referred to 

as interactions. The severity of normal interactions is 0, and the severity of traffic conflicts 

is scored on a scale of 1–5. The specific scoring criteria of different severity classes are 

shown in Table 1 [23,25]. For instance, a normal interaction (severity 0) occurs when a 

cyclist slightly adjusts their path upon seeing a pedestrian ahead, maintaining safe dis-

tance throughout. A traffic conflict (severity 2–3) occurs when a cyclist must brake sud-

denly and swerve sharply to avoid a pedestrian who unexpectedly changes direction, re-

quiring controlled evasive action with limited maneuvering time. 

Table 1. Classification of the normal interactions and traffic conflicts by severity. 

Severity Class Definition 

0 Positively evasive action with no collision probability 

1 Precautionary evasive action with a low collision probability 

2 
Controlled evasive action to avoid a collision with ample maneuvering 

time and space 

3 
Strong evasive action to avoid a collision with relatively ample maneu-

vering time and space 

4 
Emergency evasive action or uncontrolled evasive action just to avoid 

collision with little maneuvering time and space 

5 Emergency evasive action resulting in a near-crash or slight collision 
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Two expert analysts validate and code the interactions together. Uncertain events are 

discussed by the two analysts before being recorded to ensure data accuracy, similar to 

the previous studies [26,27]. The disagreement rate was minimal (less than 2%). The spe-

cific coding rules are shown in Table 2 [23,25].  

Table 2. Traffic interaction variables. 

Variable Category 

Road users  

   Type Pedestrian, Conventional bicycles, E-bikes 

   Gender Male, Female 

   Whether carry large items Yes, No 

Conflict indicators  

   TTC 0–0.5, 0.5–1, 1–1.5, 1.5–2, >2 s 

   PET 0–0.5, 0.5–1, >1 s 

Type of interaction  

   Severity level Class 0–5 

Evasive actions  

   Reaction situation Reaction, No reaction 

   Control situation 

Controlled, Uncontrolled (The behavior is con-

trolled or not is based on whether there are actions, 

such as swaying, keeping balance assisted by foot)  

3.2. Trajectory Extraction 

In this study, we extracted VRU trajectories using the semi-automated T-Analyst soft-

ware [28]. In this software, a camera calibration procedure is firstly carried out using the 

TSAI model [29], where the camera image coordinates are matched to the corresponding 

real-world coordinates so that the trajectory of each type of road user in the actual coor-

dinated system can be extracted frame by frame. Then, road users are tracked each time 

frame to form road user trajectories. The extracted road user coordinates represent the 

center of the road users. Then, road user variables (e.g., speed, acceleration) are calculated 

each time frame using the extracted trajectories. A flowchart for the road user trajectories’ 

extraction process is presented in Figure 1. 
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Figure 1. A flowchart for the road user tracking process. 

3.3. Behavioral and Psychological Variable Calculations 

Several variables are used to describe the behavior of cyclists, e-bikers, and pedestri-

ans in shared paths. These variables are selected based on previous studies on cycling 

behavior [30,31], e-bike behavior [10,20,32], pedestrian behavior [15,33,34], vulnerable 

road user interaction behavior [11,35], and mixed traffic research in shared paths/space 

[36–39]. The previous studies used several variables to describe the behavior of cyclists, e-

bikers, and pedestrians, including speed, decision distance, swerve-away maneuvering 

distance, swerve-back maneuvering distance, safety distance, swerve-away time, swerve-

back time, psychological starting point ratio, psychological ending point ratio, and safety 

zone. 

A road user trajectory (𝑇) consists of a tuple of the spatial coordinates (x and y coor-

dinate values) at each video frame (1/25 s), as shown in Equation (1). The road user speed 

components in the x and y coordinates are calculated as the rate of change in the road user 

spatial corresponding coordinates each time frame. 

𝑇(𝑡) = {(𝑋1, 𝑌1, 𝑉𝑋1
, 𝑉𝑌1

, …  , 𝑋𝑖 , 𝑌𝑖 , 𝑉𝑋𝑖
, 𝑉𝑌𝑖

, …  , 𝑋𝑛, 𝑌𝑛 , 𝑉𝑋𝑛
, 𝑉𝑌𝑛

)} (1) 

where 𝑡  is a discrete temporal index, 𝑖 = {1, … , 𝑛}t is a discrete temporal index, 

𝑋𝑖  and 𝑌𝑖  are the spatial coordinates of the road user at time frame (𝑖), and 𝑉𝑋𝑖
, 𝑉𝑌𝑖

 are the 

corresponding velocities. A speed profile (S) for each road user is defined along the tra-

jectory lifetime as 𝑆 = 𝑛𝑜𝑟𝑚(𝑉𝑥 , 𝑉𝑦), norm(.) is the Euclidean norm (L2 norm), and 𝑉𝑥 and 

𝑉𝑦 are the velocity vectors of length n, for the 𝑋 and 𝑌 coordinates, respectively. 

The decision distance is defined as the distance between two interacting road users 

at the moment when any of them decides to start swerving. The lateral 
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(𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛) and longitudinal decision distance (𝐷𝑙𝑜𝑛𝑔_𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛) are given in Equations 

(2) and (3). 

𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = |𝑋𝑠𝑡𝑎𝑟𝑡_𝑠𝑤𝑒𝑟𝑣𝑒 − 𝑋𝑎𝑛𝑜𝑡ℎ𝑒𝑟| (2) 

𝐷𝑙𝑜𝑛𝑔_𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = |𝑌𝑠𝑡𝑎𝑟𝑡_𝑠𝑤𝑒𝑟𝑣𝑒 − 𝑌𝑎𝑛𝑜𝑡ℎ𝑒𝑟| (3) 

where 𝑋𝑠𝑡𝑎𝑟𝑡_𝑠𝑤𝑒𝑟𝑣𝑒  and 𝑌𝑠𝑡𝑎𝑟𝑡_𝑠𝑤𝑒𝑟𝑣𝑒  are the spatial coordinates of the road user who took 

swerving action (calculation object) at the start point and 𝑋𝑎𝑛𝑜𝑡ℎ𝑒𝑟   and 𝑌𝑎𝑛𝑜𝑡ℎ𝑒𝑟   are the 

spatial coordinates of the other interacting road user. The lateral and longitudinal maneu-

vering distance is the moving distance of road user during the swerve-away phase 

(𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑎𝑤𝑎𝑦 , 𝐷𝑙𝑜𝑛𝑔_𝑎𝑤𝑎𝑦)  and swerve-back phase (𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑏𝑎𝑐𝑘 , 𝐷𝑙𝑜𝑛𝑔_𝑏𝑎𝑐𝑘) , and can be 

computed using Equations (4)–(7). 

𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑎𝑤𝑎𝑦 = |𝑋𝑓𝑎𝑟𝑡ℎ𝑒𝑠𝑡 − 𝑋𝑠𝑡𝑎𝑟𝑡| (4) 

𝐷𝑙𝑜𝑛𝑔_𝑎𝑤𝑎𝑦 = |𝑌𝑓𝑎𝑟𝑡ℎ𝑒𝑠𝑡 − 𝑌𝑠𝑡𝑎𝑟𝑡| (5) 

𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑏𝑎𝑐𝑘 = |𝑋𝑒𝑛𝑑 − 𝑋𝑠𝑡𝑎𝑟𝑡| (6) 

𝐷𝑙𝑜𝑛𝑔_𝑏𝑎𝑐𝑘 = |𝑌𝑒𝑛𝑑 − 𝑌𝑓𝑎𝑟𝑡ℎ𝑒𝑠𝑡| (7) 

where 𝑋𝑠𝑡𝑎𝑟𝑡 , 𝑋𝑓𝑎𝑟𝑡ℎ𝑒𝑠𝑡 , 𝑋𝑒𝑛𝑑 , 𝑌𝑠𝑡𝑎𝑟𝑡 , 𝑌𝑓𝑎𝑟𝑡ℎ𝑒𝑠𝑡 , 𝑌𝑒𝑛𝑑   are the spatial coordinates of the start 

point, farthest point, and end point, respectively. The farthest point is the largest lateral 

distance point between the interacting road users. Moreover, it is the demarcation point 

of the swerve-away and swerve-back phases. The swerving direction from left to right or 

from right to left in the lateral direction is the most obvious feature of the farthest point, 

and correspondingly, the value of Vx must be 0 at this point. 

The safety distance describes how far two interactive road users are when the swerv-

ing road user reaches the farthest point (road users think they keep a safe distance at this 

point). Similarly, the lateral (𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑠𝑎𝑓𝑒𝑡𝑦)  and longitudinal distance components 

(𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑠𝑎𝑓𝑒𝑡𝑦) are calculated separately, as shown in Equations (8) and (9), respectively. 

𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑠𝑎𝑓𝑒𝑡𝑦 = |𝑋𝑓𝑎𝑟𝑡ℎ𝑒𝑠𝑡_𝑠𝑤𝑒𝑟𝑣𝑒 − 𝑋𝑎𝑛𝑜𝑡ℎ𝑒𝑟| (8) 

𝐷𝑙𝑜𝑛𝑔_𝑠𝑎𝑓𝑒𝑡𝑦 = |𝑌𝑓𝑎𝑟𝑡ℎ𝑒𝑠𝑡_𝑠𝑤𝑒𝑟𝑣𝑒 − 𝑌𝑎𝑛𝑜𝑡ℎ𝑒𝑟| (9) 

where 𝑋𝑓𝑎𝑟𝑡ℎ𝑒𝑠𝑡_𝑠𝑤𝑒𝑟𝑣𝑒 , 𝑌𝑓𝑎𝑟𝑡ℎ𝑒𝑠𝑡_𝑠𝑤𝑒𝑟𝑣𝑒  are the spatial coordinates of swerving road users 

and 𝑋𝑎𝑛𝑜𝑡ℎ𝑒𝑟  , 𝑌𝑎𝑛𝑜𝑡ℎ𝑒𝑟   are spatial coordinates of another interaction of participants at 

same moment. In addition, the ratio of the completed process and the whole swerve away 

(𝑅𝑙𝑎𝑡𝑒𝑟𝑎l_away, 𝑅𝑙𝑜𝑛𝑔_𝑎𝑤𝑎𝑦)  or swerve back phase (𝑅𝑙𝑎𝑡𝑒𝑟𝑎l_back, 𝑅𝑙𝑜𝑛𝑔_𝑏𝑎𝑐𝑘)  when the road 

user reaches the psychological point is calculated using Equations (10)–(13), respectively. 

𝑅𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑎𝑤𝑎𝑦 =
|𝑋𝑝𝑠𝑦𝑐ℎ𝑜𝑙𝑜𝑔𝑖𝑐𝑎_𝑠𝑡𝑎𝑟𝑡 − 𝑋𝑠𝑡𝑎𝑟𝑡|

𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑎𝑤𝑎𝑦

 (10) 

𝑅𝑙𝑜𝑛𝑔_𝑎𝑤𝑎𝑦 =
|𝑌𝑝𝑠𝑦𝑐ℎ𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑠𝑡𝑎𝑟𝑡

− 𝑌𝑠𝑡𝑎𝑟𝑡|

𝐷𝑙𝑜𝑛𝑔𝑎𝑤𝑎𝑦

 (11) 

𝑅𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑏𝑎𝑐𝑘 =
|𝑋𝑝𝑠𝑦𝑐ℎ𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙_𝑒𝑛𝑑 − 𝑋𝑓𝑎𝑟𝑡ℎ𝑒𝑠𝑡|

𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑏𝑎𝑐𝑘

 (12) 

𝑅𝑙𝑜𝑛𝑔_𝑏𝑎𝑐𝑘 =
|𝑌𝑝𝑠𝑦𝑐ℎ𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙_𝑒𝑛𝑑 − 𝑌𝑓𝑎𝑟𝑡ℎ𝑒𝑠𝑡|

𝐷𝑙𝑜𝑛𝑔_𝑏𝑎𝑐𝑘

 (13) 

where 𝑋𝑝𝑠𝑦𝑐ℎ𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙_𝑠𝑡𝑎𝑟𝑡 , 𝑌𝑝𝑠𝑦𝑐ℎ𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙_𝑠𝑡𝑎𝑟𝑡  are the X and Y coordinate value of the psycho-

logical starting point, and 𝑋𝑝𝑠𝑦𝑐ℎ𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙_𝑒𝑛𝑑 , 𝑌𝑝𝑠𝑦𝑐ℎ𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙_𝑒𝑛𝑑   are the X and Y coordinate 
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values of the psychological ending point. The illustrations of the distances are presented 

in Figure 2. 

 

Figure 2. Illustration of (a) longitudinal and lateral decision distance; (b) longitudinal and lateral 

safety distance; (c) longitudinal and lateral swerve-away maneuvering distance; and (d) longitudi-

nal and lateral swerve-back maneuvering distance. 

Serious surrogate safety measures were used in behavioral and psychological analy-

sis studies to evaluate the interactions, such as overtaking speed, vehicle lateral placement 

at the time of passing bicyclists, and comfort zone boundaries (CZBs) [40–43]. The comfort 

zone boundary (CZB), which describes the minimum distance of two road users, is one of 

the most common measures. However, most of these measures can only describe a mo-

ment in the interactions. We define the safety zone in this study as a new index that can 

describe the whole interaction process. We defined the area enclosed by the actual trajec-

tory and the virtual original trajectory if the road users are not involved in the interactions 

(i.e., the area is occupied by road users due to the interaction). The definition of the safety 

zone for two different types of trajectories is illustrated in Figure 3. In order to easily cal-

culate the safety zone, the coordinate system of each trajectory is reset. The start point is 

set as the coordinate origin and the virtual trajectory direction is set as the y-axis. Equation 

(14) shows the calculation method. 

 
(a) (b) 
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Figure 3. Schematic diagram of the safety zones: (a) trajectory no crossing, (b) trajectory crossing. 

𝑆𝑎𝑓𝑒𝑡𝑦 𝑧𝑜𝑛𝑒 = ∫ {𝑇𝑎𝑐𝑡𝑢𝑎𝑙

𝑌𝑒𝑛𝑑𝑝𝑜𝑖𝑛𝑡

𝑌𝑠𝑡𝑎𝑟𝑡𝑝𝑜𝑖𝑛𝑡

(𝑋, 𝑌)}𝑑𝑦 (14) 

where 𝑇𝑎𝑐𝑡𝑢𝑎𝑙(𝑋, 𝑌) is the function represented as the actual trajectories in X and Y coor-

dinates. Prior to conducting t-tests and ANOVA analyses, data normality was assessed 

using Shapiro–Wilk tests and homoscedasticity was verified using Levene’s test to ensure 

the validity of parametric statistical procedures. Tests of significance (two-sample t-test 

and ANOVA) were used with a significance level of p < 0.05 to investigate the significance 

of parameters in different factors during the interaction. Paired t-tests were used to com-

pare the change in speed before and during the interactions. 

3.4. Trajectory Key Points 

The trajectory key points of road users who adopted evasive actions are classified 

into five points, as shown in Figure 4. These points include (1) the start point where the 

road user starts to adopt the evasive maneuver (e.g., swerving); (2) the psychological start-

ing point where the road user’s psychology changes in the swerve away process; (3) the 

farthest point where the lateral distance between road users reaches the maximum; (4) the 

psychological ending point where the road user’s psychology changes in the swerve back 

process; and (5) the end point where the road user ends the collision avoidance maneuver 

and comes back to the normal moving condition. Thus, road user interactions can be clas-

sified into two phases: the swerve-away phase (from the starting point to the farthest point) 

and the swerve-back phase (from the farthest point to the ending point). The key points 

were identified manually based on both lateral speed (vx) and trajectories of road users. 

It is important to note that ‘psychological’ variables in this study refer to behaviorally 

inferred psychological states based on observable trajectory changes, rather than direct 

psychological measurements from participants. 

 

Figure 4. Schematic diagram of trajectory key points and correspondence to Vx. 
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3.4.1. Trajectory Key Points Identification 

The starting and ending points of road user interactions are associated with changing 

the moving direction or the acceleration status when the moving direction remains con-

stant. Based on this phenomenon, five types of feature points of Vx used to identify starting 

and ending points are proposed and listed in Table 3. During the swerve-away phase, the 

two arcs split by the psychological start-point curve in different directions. The psycho-

logical start point and the psychological end point mark the positions along the smoothed 

trajectory where the longitudinal velocity (Vx) reaches its highest peak or lowest valley. 

Table 3. Feature points of vx for the interaction starting and ending points. 

Evasive Action Type Feature Points of vx Corresponding Situation of Start/End Point 

Swerving Maneuver 
Type 1 0 values which are across positive and negative 

Road user changes direction to the left or right in the 

lateral direction 

Type 2 
The inflection point from a horizontal line (vx < 0.1 m/s) 

to a curve or an oblique line 

Road user changes from moving straight forward to 

swerving 

Acceleration  

Maneuver (ax) 
Type 3 Peak value/valley value 

Road user switches between acceleration and deceler-

ation in the lateral direction 

Type 4 
The inflection point from a horizontal line (vx > 0.1 m/s) 

to a curve or an oblique line 

Road user changes from constant speed to variable 

speed in the lateral direction 

Type 5 
The inflection point where the change to a different 

slope line occurs 

The value of ax changes significantly. However, the ac-

celeration and deceleration states did not change 

3.4.2. Psychological Starting and Ending Points 

The psychological starting and ending point represent road users’ perception of how 

complete their swerving maneuver is. For example, at the psychological starting point, the 

road user is still swerving away from the other interacting user but shifts from accelerat-

ing laterally to decelerating in order to prepare for swerving back. The centers of the two 

arcs divided by the psychological starting point also differ in direction during the swerve-

away phase. The psychological starting and ending points correspond to the peak or val-

ley values of Vx in the smoothed trajectories. These kinematic markers indicate when road 

users transition between acceleration and deceleration phases, reflecting behavioral 

changes in their comfort level during interactions. 

4. Data Description 

4.1. Video Recordings 

Video data were collected at four shared space facilities in the Futian district of Shen-

zhen city: Lianxin Street, Caitian Street, and two locations on Sungang West Street (Figure 

5). Recordings were conducted during the morning (7:30–9:30) and evening (17:30–19:30) 

peak periods on normal working days in September 2019, under mild weather conditions. 

The cycleway type and widths in Lianxin Street, Caitian Street, and Huanggang Street are 

cement with 1.6 m, brick with 1.5 m, and cement with 1.6 m, respectively. Similarly, the 

walkway type for the three locations is bricks with widths of 1.6 m, 2.5 m, and 1.6 m, 

respectively. 

  



Appl. Sci. 2025, 15, 11418 11 of 25 
 

(a) (b) 

  
(c) (d) 

Figure 5. Camera field of view at observed locations: (a) Lianxin Street, (b) Caitian Street, (c) Sun-

gang West Street 1, and (d) Sungang West Street 2. 

In total, the dataset includes pedestrians, conventional bicycles, and e-bikes. User 

density varied slightly between morning and evening periods, with slightly higher activ-

ity during the evening peak. 

Videos were recorded at a resolution of 1920 × 1080 pixels and a frame rate of 25 

frames per second, ensuring high-quality coverage of interactions between road users. 

This dataset provides a comprehensive basis for analyzing movement patterns, safety dis-

tances, and interaction behaviors in shared space environments. 

Figure 5 presents four urban scenes selected from shared space facilities in the Futian 

district of Shenzhen. These scenes were chosen to reflect the diversity of spatial configu-

rations and user interactions observed across the study sites. While Scene C does not in-

clude a bus stop and Scene D features a pedestrian overpass, these variations were inten-

tional to capture a range of design elements commonly found in shared space environ-

ments. Rather than representing a uniform typology, the scenes illustrate specific cases 

that highlight different infrastructural features, user densities, and interaction patterns. 

This approach enables a more nuanced analysis of how shared space principles are ap-

plied in varied urban contexts. 

4.2. Interaction and Trajectory Data 

Road user interactions in the shared spaces were classified into two categories: (1) 

opposite-direction interaction and (2) same-direction interaction. A total of 668 road users 

involved in interactions were observed in the analyzed video data (412 in opposite-direc-

tion interactions and 256 in same-direction interactions). The interaction types were man-

ually reviewed and classified based on the interaction angle, similar to [6,11]. The interac-

tion angles for the opposite- and same-direction interactions are 180° ± 30° and 0° ± 30°, 

respectively. In the same-direction interactions, most of the interactions occur by faster 

road users in the rear (i.e., e-bikes) that overtake slower road users (i.e., pedestrians) in 

the front. In the opposite-direction interaction, at least one of the interacting road users 

swerves to avoid a collision. 

The trajectories of all shared space users were extracted, smoothed, and recorded by 

T-Analyst. The trajectories of road users involved in the same-direction and opposite-di-

rection interactions are presented in Figure 6. 
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Lianxin Street Caitian Street Sungang West Street 1 Sungang West Street 2 

(a) Opposite-direction interaction.  

    
Lianxin Street Caitian Street Sungang West Street 1 Sungang West Street 2 

(b) Same-direction interaction. 

Figure 6. Trajectory data of observed locations. 

5. Result 

5.1. Opposite-Direction Interactions 

5.1.1. Start Point 

We have listed the different start point types, severity levels, and road user types in 

opposite-direction interactions in Table 4. Class 0 is defined as a normal interaction, Class 

1 and 2 conflicts are defined as slight conflicts, and Class 3, 4, and 5 conflicts are defined 

as serious conflicts. Figure 7 shows the proportions of different start point types across 

interaction severity levels and road user types. Overall, type 1 is the most frequent starting 

point type, accounting for more than half of all categories (except pedestrians, where type 

1 and type 2 are the most frequent). 

Table 4. Overview of start point types and statistics by different classifications in opposite-direction 

interactions. 

Start Point Type Type 1 Type 2 Type 3 Type 4 Type 5 

Total 213 60 65 24 8 

      

Severity level *      

I 86 22 34 6 2 

II 96 32 18 10 3 

III 31 6 13 8 3 

Road user type      

C 60 7 16 5 1 

E 132 32 39 9 4 

P 21 21 10 10 3 

* I: normal interaction, II slight conflict, III serious conflict. 
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(a) (b) 

Figure 7. Proportions of start point types in opposite interactions: (a) proportions by different se-

verity levels; (b) proportions by road user types. 

The means and standard deviation of lateral and longitudinal decision distances, 

swerve-away maneuvering distances, and swerve-away time of total and various classifi-

cations are shown in Table 5. The average lateral and longitudinal distances are found to 

be 0.45 m and 14.14 m, with standard deviations of 0.34 m and 8.38 m, respectively. There 

is no significant difference in the lateral (p-value = 0.874) and longitudinal (p-value = 0.734) 

decision distances between conventional bicycles and e-bikes, although both are consid-

erably higher than those of pedestrians. 

Table 5. The decision distances and features of the swerve-away phase in opposite-direction inter-

actions. 

 
Total 

Mean [SD] 

Severity Level 

Mean [SD] 

Road User Type 

Mean [SD] 

Gender 

Mean [SD] 

  I II III C E P Male Female 

𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (m) 
0.45 

[0.34] 
— — — 

0.48 

[0.39] 

0.47 

[0.34] 

0.39 

[0.28] 

0.45 

[0.34] 

0.46 

[0.36] 

𝐷𝑙𝑜𝑛𝑔_𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (m) 
14.14 

[8.38] 
— — — 

14.76 

[9.31] 

15.12 

[8.30] 

10.28 

[5.85] 

14.12 

[8.40] 

14.32 

[8.32] 

𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑎𝑤𝑎𝑦  (m) 
0.55 

[0.38] 
— — — 

0.59 

[0.38] 

0.58 

[0.38] 

0.36 

[0.26] 

0.56 

[0.36] 

0.50 

[0.39] 

𝐷𝑙𝑜𝑛𝑔_𝑎𝑤𝑎𝑦  (m) 
7.71 

[4.55] 
— — — 

7.44 

[4.25] 

9.26 

[4.17] 

2.92 

[2.31] 

7.81 

[4.60] 

7.49 

[4.40] 

Swerve-away time (s) 
2.07 

[0.91] 

2.04 

[0.87] 

2.12 

[0.95]  

2.04 

[0.90]  

2.10 

[0.94] 

2.03 

[0.85] 

2.20 

[1.03] 

2.00 

[0.89] 

2.24 * 

[0.93] 

* Statistically significant at 95% confidence level. 

The average lateral and longitudinal swerve-away maneuvering distances are found 

to be 0.55 m and 7.71 m, with standard deviations of 0.38 m and 4.55 m, respectively. The 

lateral and longitudinal distances of pedestrians are far less than other road users (p-value 

< 0.001). The longitudinal swerve-away phase distance of e-bikes is the largest. The aver-

age swerve-away phase time is 2.07 s, with a standard deviation of 0.91 s. No significant 

differences are observed in the swerve-away times across the different severity levels (p-
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value = 0.709) or across the different road user types (p-value = 0.413). However, females 

are found to spend more time swerving away than males (p-value = 0.015). 

5.1.2. Psychological Starting Point 

The means and standard deviation of the psychological starting point across different 

interaction severity levels are shown in Table 6. The psychology start point presents the 

extent to which the swerve-away phase is completed. The ratios in the lateral and longi-

tudinal directions are 0.47 and 0.48, with standard deviations of 0.17 and 0.18. No signifi-

cant differences were found among the different interaction severity levels. Thus, the psy-

chological point of road users usually occurs when they think they have completed half 

of the swerve-away phase both in lateral and longitudinal directions. 

Table 6. The features of psychology start point in opposite-direction interactions. 

 
Total 

Mean [SD] 

Severity Level 

Mean [SD] 

Road User Type 

Mean [SD] 

Gender 

Mean [SD] 

  I II III C E P Male Female 

𝑅𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑎𝑤𝑎𝑦 
0.47 

[0.17] 

0.48 

[0.17] 

0.46 

[0.16] 

0.50 

[0.20] 

0.46 

[0.16] 

0.47 

[0.17] 

0.51 

[0.20] 

0.48 

[0.17] 

0.46 

[0.16] 

𝑅𝑙𝑜𝑛𝑔_𝑎𝑤𝑎𝑦 
0.48 

[0.18] 

0.48 

[0.16] 

0.48 

[0.17] 

0.51 

[0.22] 

0.45 

[0.16] 

0.49 

[0.17] 

0.48 

[0.20] 

0.48 

[0.16] 

0.48 

[0.17] 

5.1.3. Farthest Point 

The farthest point is the point with the largest lateral distance, also the point where 

the road user starts to swerve back. The result shows that about 67% of road users (235) 

decided to swerve back to their original moving direction before completely passing the 

other road user. Moreover, around 33% of road users (135) start to swerve back when they 

completely pass the other interacting road user. Table 7 presents the distances between 

the two road users at this point. The average lateral distance of road users at the farthest 

point is 1.12 m, with a standard deviation of 0.33 m. This value represents the safe lateral 

distance as perceived by road users. The mean longitudinal safety distance is 3.55 m, with 

a standard deviation of 3.57 m. Among the classifications, serious conflicts exhibit the 

lowest average lateral safety distance (p < 0.001). Pedestrians have the shortest lateral and 

longitudinal safety distances, whereas e-bikes show the highest average longitudinal dis-

tance (lateral, p = 0.001; longitudinal, p < 0.001). Moreover, the average lateral distance is 

significantly affected by the carrying of sunshades, large items, and takeout boxes (p-value 

= 0.002). The differences are not statistically significant regardless of gender. 

Table 7. The features of farthest point in opposite-direction interactions. 

 
Total 

Mean [SD] 

Severity Level 

Mean [SD] 

Road User Type 

Mean [SD] 

Gender 

Mean [SD] 

Large items 

Mean [SD] 

  I II III C E P Male Female yes no 
𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑠𝑎𝑓𝑒𝑡𝑦 1.12 

[0.34] 

1.19 

[0.30] 

1.14 

[0.31] 

0.89 

[0.39] 

1.13 

[0.31] 

1.16 

[0.34] 

0.99 

[0.31] 

1.14 

[0.34] 

1.09 

[0.31] 

1.26 

[0.33] 

1.11 

[0.33] 

𝐷𝑙𝑜𝑛𝑔_𝑠𝑎𝑓𝑒𝑡𝑦  3.55 

[3.58] 

3.72 

[3.70] 

3.67 

[3.57] 

2.80 

[3.22] 

2.88 

[2.89] 

4.21 

[4.00] 

2.31 

[2.10] 

3.52 

[3.44] 

3.63 

[3.83] 

3.58 

[3.53] 

3.48 

[3.55] 

5.1.4. Psychological Ending Point 

Similar to the psychology start point, the psychological ending point ratios were cal-

culated and shown in Table 8. The average lateral and longitudinal ratios are found to be 

0.38 and 0.42 with standard deviations of 0.15 and 0.16, respectively. Differences were not 
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statistically significant in the psychological end point distances observed across the dif-

ferent severity levels, road user types, and genders. 

Table 8. The features of psychology end-point in opposite-direction interactions. 

 
Total 

Mean [SD] 

Severity Level 

Mean [SD] 

Road User Type 

Mean [SD] 

Gender 

Mean [SD] 

  I II III C E P I II 

𝑅𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑎𝑤𝑎𝑦  
0.38 

[0.15] 

0.38 

[0.17] 

0.38 

[0.16] 

0.40 

[0.11] 

0.41 

[0.15] 

0.39 

[0.16] 

0.34 

[0.12] 

0.38 

[0.16] 

0.41 

[0.15] 

𝑅𝑙𝑜𝑛𝑔_𝑎𝑤𝑎𝑦  
0.42 

[0.16] 

0.44 

[0.16] 

0.40 

[0.17] 

0.43 

[0.14] 

0.45 

[0.17] 

0.42 

[0.16] 

0.38 

[0.15] 

0.41 

[0.16] 

0.45 

[0.16] 

5.1.5. Interaction End Point 

Table 9 and Figure 8 show the overview of end point types and statistics by different 

severity levels and road user types. Table 10 shows the time and maneuvering distances 

in the swerve-back phase and the time of the whole interaction process. The average lat-

eral and longitudinal swerve-back maneuvering distances are 0.62 m and 7.43 m, with 

standard deviations of 1.43 m and 5.81 m. The average time of the whole process is 3.75 s. 

The swerve-back phase accounts for an average of 1.7 s. Male road users are faster in com-

pleting the whole process compared to female road users (p-value = 0.011). 

Table 9. Overview of end point types and statistics by different classifications in opposite-direction 

interactions. 

Number of Different Start Point Types Type 1 Type 2 Type 3 Type 4 Type 5 

Total 167 87 46 27 4 

      

Severity level      

I 58 44 17 9 0 

II 86 30 17 14 2 

III 23 13 12 4 2 

Road user type      

C 49 15 10 5 2 

E 108 51 19 10 1 

P 10 21 17 12 1 

 

  

(a) (b) 

Figure 8. Proportions of end point types in opposite-direction interactions: (a) proportions by dif-

ferent severity levels; (b) proportions by road user types. 
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Table 10. The features of the swerve-back phase and whole process time in opposite-direction 

interactions. 

 
Total 

Mean [SD] 

Severity Level 

Mean [SD] 

Road User Type 

Mean [SD] 

Gender 

Mean [SD] 

  I II III C E P Male Female 

𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑏𝑎𝑐𝑘 (m) 
0.62  

[1.42]  
— — — 

0.61 

[0.53] 

0.72 

[1.80] 

0.30 

[0.33] 

0.59 

[1.28] 

0.68 

[1.69] 

𝐷𝑙𝑜𝑛𝑔_𝑏𝑎𝑐𝑘 (m) 
7.43  

[5.81]  
— — — 

7.24 

[4.89] 

8.97 

[6.09] 

2.68 

[2.22] 

7.61 

[5.98] 

7.08 

[5.44] 

Swerve-back time (s) 
1.70  

[0.88]  

1.63 

[0.79]  

1.79 

[0.95]  

1.65 

[0.87]  

1.77 

[0.82]  

1.65 

[0.89]  

1.79 

[0.90]  

1.65 

[0.83]  

1.82 

[0.97]  

Whole process time (s) 
3.75  

[1.40]  

3.65 

[1.26]  

3.88 

[1.55]  

3.64 

[1.28]  

3.87 

[1.46]  

3.63 

[1.32]  

3.94 

[1.52]  

3.62 

[1.33]  

4.04 

[1.52]  

5.1.6. Comparison of Speed by Interactions 

The speeds before and during the opposite-direction interaction (swerve-away 

phase) are shown in Table 11. On average, the speed of e-bikes is reduced significantly by 

approximately 5.02% to ease the conflict and to ensure evasive action is taken (p-value < 

0.001). Conventional bicycles significantly reduced their speed by 2.85% (p-value < 0.001). 

Conventional bicycles show a similar pattern to electric vehicles, but the speed drop is 

lower than that of electric vehicles. Values reported in Table 11 suggest that there is no 

significant change in pedestrian speeds when they swerve. A similar result is reported in 

[6] . 

Table 11. Speed’s significance by interaction in opposite-direction interactions. 

Type of Road Users Before Interaction During Interaction 

Average speed of e-bikes (m/s) 4.98 [2.47] 4.73 [2.27] 

Average speed of conventional bicycles 

(m/s) 
3.51 [0.79] 3.41 [0.78] 

Average speed of pedestrians (m/s) 1.29 [0.06] 1.23 [0.05] 

5.1.7. Safety Zone 

The average safety zone for opposite-direction interactions is about 4.83 m2, with a 

standard deviation of 5.19 m2. The average value of the safety zone under various classi-

fications is shown in Table 12. The results show that the safety zones of e-bikes and con-

ventional bicycles are much larger than that of pedestrians (p-value < 0.001). Road users 

carrying other large items occupy larger safe zones (p-value = 0.033). 

Table 12. The average value of a safety zone under various classifications in opposite-direction in-

teractions. 

 
Total 

Mean [SD] 

Severity Level 

Mean [SD] 

Road User Type 

Mean [SD] 

  I II III C E P 

Safety zone 
4.83 

[5.19] 

4.75 

[5.38] 

5.15 

[4.98] 

4.20 

[5.28] 

5.34 

[5.65] 

5.55 

[5.33] 

1.76 

[1.86] 

5.2. Same-Direction Interaction 

Similar to opposite-direction interactions, same-direction interactions are analyzed 

from aspects of start point, psychology start point, farthest point, psychology end point, 

and end point. The behavior of the road user who adopted evasive actions (mostly con-

ventional bicycles and e-bikes) is the same in same-direction interactions. 
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5.2.1. Start Point 

The different start point types of the same-direction interactions are presented in Ta-

ble 13. Type 1 and type 2 are the two major types of the start point. As the severity level 

increases, the proportion of type 1 increases while the proportion of type 2 decreases, as 

presented in Figure 9. 

Table 13. Overview of start point types and statistics by different classifications in same-direction 

interactions. 

Start Point Type Type 1  Type 2 Type 3 Type 4 Type 5 

Total 59 39 25 4 1 

      

Severity level      

I 11 13 8 0 0 

II 32 22 11 4 1 

III 16 4 6 0 0 

Road user type      

C 19 8 8 1 1 

E 40 30 17 3 0 

P 0 1 0 0 0 

 

 
 

(a) (b) 

Figure 9. Proportions of start point types in same-direction interactions: (a) proportions by different 

severity levels; (b) proportions by road user types. 

For same-direction interactions, the mean lateral and longitudinal decision distances 

are 0.87 m and 10.18 m, with standard deviations of 0.43 m and 4.92 m, respectively (Table 

14). The lateral and longitudinal swerve-away maneuvering distances average 0.35 m and 

7.02 m, with standard deviations of 0.26 m and 4.40 m. E-bikes exhibit longer maneuvering 

distances compared with conventional bicycles (p < 0.001). 

Table 14. The decision distances and features of the swerve-away phase in same-direction interac-

tions. 

 
Total 

Mean [SD] 

Severity Level 

Mean [SD] 

Road User Type 

Mean [SD] 

Gender 

Mean [SD] 

  I II III C E Male Female 

𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (m) 
0.35 

[0.26] 
— — — 

0.33 

[0.28] 

0.35 

[0.25] 

0.34 

[0.26] 

0.36 

[0.26] 

𝐷𝑙𝑜𝑛𝑔_𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (m) 
7.02 

[4.40] 
— — — 

5.95 

[3.12] 

7.43 

[4.80] 

6.69 

[4.36] 

8.38 

[4.41] 

𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑎𝑤𝑎𝑦 (m) 
0.87 

[0.43] 
— — — 

0.85 

[0.39] 

0.83 

[0.38] 

0.90 

[0.43] 

0.73 

[0.36] 
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𝐷𝑙𝑜𝑛𝑔_𝑎𝑤𝑎𝑦 (m) 
10.18 

[4.92] 
— — — 

9.06 

[3.61] 

13.29 

[4.71] 

10.01 

[4.83] 

10.86 

[5.28] 

Swerve-away time (s) 
2.54 

[0.98] 

2.92 

[1.11] 

2.31 

[0.80] 

2.55 

[1.11] 

2.60 

[0.91] 

2.52 

[1.01] 

2.51 

[0.96] 

2.64 

[1.06] 

5.2.2. Psychological Starting Point 

The psychological starting point ratios in lateral and longitudinal directions are 0.52 

and 0.53, with standard deviations of 0.25 m and 0.18 m, as shown in Table 15. No notable 

variation in various severity levels, road user types, and genders are found. 

Table 15. The features of the psychological starting point in same-direction interactions. 

 
Total 

Mean [SD] 

Severity Level 

Mean [SD] 

Road User Type 

Mean [SD] 

Gender  

Mean [SD] 

  I II III C E Male Female 

𝑅𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑎𝑤𝑎𝑦 
0.52 

[0.25] 

0.51 

[0.25] 

0.54 

[0.13] 

0.42 

[0.15] 

0.47 

[0.21] 

0.53 

[0.15] 

0.52 

[0.15] 

0.54 

[0.23] 

𝑅𝑙𝑜𝑛𝑔_𝑎𝑤𝑎𝑦 
0.53 

[0.18] 

0.48 

[0.17] 

0.55 

[0.18] 

0.46 

[0.15] 

0.54 

[0.23] 

0.53 

[0.18] 

0.52 

[0.18] 

0.54 

[0.21] 

5.2.3. Farthest Point 

About half of the road users in the analyzed dataset started the swerving-back ma-

neuver before completely overtaking the slower road users (pedestrians in most cases). 

The lateral and longitudinal safety distances are 1.13 m and 1.25 m, with standard devia-

tions of 0.25 m and 1.67 m (Table 16). The average lateral safety distance of road users 

carrying large items is significantly shorter than other road users in same-direction inter-

actions (p-value = 0.074). 

Table 16. The features of the farthest point in same-direction interactions. 

 
Total 

Mean [SD] 

Severity Level 

Mean [SD] 

Road User Type 

Mean [SD] 

Gender  

Mean [SD] 

  I II III C E Male Female 

𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑠𝑎𝑓𝑒𝑡𝑦 (m) 
1.13 

[0.25] 

1.20 

[0.23] 

1.13 

[0.21] 

1.10 

[0.24] 

1.08 

[0.22] 

1.15 

[0.25] 

1.13 

[0.25] 

1.12 

[0.22] 

𝐷𝑙𝑜𝑛𝑔_𝑠𝑎𝑓𝑒𝑡𝑦  (m) 
1.25 

[1.67] 

1.24 

[1.09] 

1.29 

[1.90] 

1.20 

[1.67] 

1.45 

[2.64] 

1.16 

[1.06] 

1.28 

[1.80] 

1.12 

[0.93] 

5.2.4. Psychological Starting Point 

The features of psychology end points in the same-direction interactions are shown 

in Table 17. The average lateral and longitudinal psychological ending point ratios are 

found to be 0.43 and 0.44, with standard deviations of 0.18 and 0.16. Results were mostly 

consistent across severity levels, road user types, and genders. 

Table 17. The features of the psychology end point in same-direction interactions. 

 
Total 

Mean [SD] 

Severity Level 

Mean [SD] 

Road User Type 

Mean [SD] 

Gender  

Mean [SD] 

  I II III C E Male Female 

𝑅𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑏𝑎𝑐𝑘 
0.43 

[0.18] 

0.52 

0.20 

0.43 

0.18 

0.36 

0.10 

0.43 

[0.24] 

0.44 

[0.16] 

0.43 

[0.16] 

0.47 

[0.24] 

𝑅𝑙𝑜𝑛𝑔_𝑏𝑎𝑐𝑘 
0.44 

[0.16] 

0.51 

[0.15] 

0.43 

[0.17] 

0.38 

[0.14] 

0.40 

[0.16] 

0.45 

[0.17] 

0.43 

[0.15] 

0.47 

[0.21] 

5.2.5. End Point 
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The analysis of the different end point types in the same-direction interactions is 

shown in Table 18. The features of swerve-back time and the complete process time are 

shown in Table 19, as presented in Figure 10. Different from the start point, the proportion 

of type 1 increases with the increase in severity level. The average lateral and longitudinal 

maneuvering distances in the swerve-back phase are 0.62 m and 7.43 m, with standard 

deviations of 1.43 m and 5.81 m. 

Table 18. Overview of end point types and statistics by different classifications in same-direction 

interactions. 

Number of Different Start Point Types Type 1  Type 2 Type 3 Type 4 Type 5 

Total      

 53 28 14 5 0 

Severity level      

Normal interaction 13 5 1 1 0 

Ordinary conflicts 31 18 9 1 0 

Serious conflicts 9 5 4 3 0 

Road user type      

C 15 3 6 3 0 

E 38 25 8 2 0 

 

  
(a) (b) 

Figure 10. Proportions of end point types in same-direction interactions: (a) proportions by different 

severity levels; (b) proportions by road user types. 

Table 19. The features of swerve-back phase and whole process time in same-direction interactions. 

 
Total 

Mean [SD] 

Severity Level 

Mean [SD] 

Road User Type 

Mean [SD] 

Gender  

Mean [SD] 

  I II III C E Male Female 

𝐷𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (m) 
0.86 

[0.53] 
— — — 

0.76 

[0.53] 

0.90 

[0.53] 

0.85 

[0.55] 

0.89 

[0.45] 

𝐷𝑙𝑎𝑡𝑒𝑟𝑎𝑙_𝑏𝑎𝑐𝑘 (m) 
9.15 

[4.86] 
— — — 

8.25 

[4.43] 

9.60 

[5.00] 

8.92 

[4.93] 

10.12 

[4.52] 

𝐷𝑙𝑜𝑛𝑔_𝑏𝑎𝑐𝑘 (m) 
2.07 

[0.82] 

2.06 

[0.65] 

2.14  

[0.82]  

1.91  

[0.94]  

2.08 

[0.98] 

2.07 

[0.76] 

2.01  

[0.78] 

2.31 

[1.05] 

Swerve-back time (s) 
4.58  

[1.30] 

5.07  

[1.47]  

4.48  

[1.06]  

4.40  

[1.64]  

4.66 

[1.33] 

4.55 

[1.30] 

4.50  

[1.34]  

4.77 

[1.17] 

5.2.6. Comparison of Road User Speed by Interaction 

The average value of the e-bike and conventional bicycle speeds before and during 

same-direction interactions are presented in Table 20. The results show that e-bike speed 
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reduced by 4.24% (p-value = 0.03), while conventional bicycle speed increased by 6.67% 

during the interaction (p-value = 0.04). 

Table 20. Speed’s significance by interaction in same-direction interactions. 

Type of Road Users Before Interaction During Interaction 

Average speed of e-bikes (m/s) 4.48 [1.49] 4.29 [1.37] 

Average speed of conventional bicycles (m/s) 3.45 [0.86] 3.68 [0.93] 

Average speed of e-bikes (m/s) 4.48 [1.49] 4.29 [1.37] 

5.2.7. Safety Zone 

The average safety zone for the same-direction interaction is 9.36 m2, with a standard 

deviation of 6.26 m2. The average values of the safety zone under various classifications 

are shown in Table 21. Safety zones did not differ noticeably between road users carrying 

large items and others. 

Table 21. Safety zone average value of various classifications in same-direction interactions. 

 
Total 

Mean [SD] 

Severity Level 

Mean [SD] 

Road User Type 

Mean [SD] 

Gender  

Mean [SD] 

  I II III C E Male Female 

Safety zone (m2) 
9.36 

[6.26] 

10.31 

5.95 

9.32 

6.42 

8.56 

6.24 

8.53 

5.28 

9.78 

6.62 

9.82 

[6.54] 

7.75 

[4.60] 

6. Discussion 

6.1. Changing Maneuver in the Lateral Direction 

Road user interaction behavior has been investigated in several previous studies. The 

phases of vulnerable users in shared spaces were identified by the change in the interac-

tion state and road user trajectories [6]. In this study, key points of trajectory and feature 

points of vx were proposed to improve the accuracy of phase division. The findings con-

clude that changing direction in the lateral direction (type 1 and 2) is the main character-

istic of the interaction’s starting and ending points. The proportion of cases where only 

acceleration changes but the moving direction remains constant (type 3, 4, and 5) is low. 

Compared with e-bikes, the proportion of type 1 of conventional bicycles is higher. 

Different from the electric power system of e-bikes, conventional bicycles are entirely hu-

man-powered. Thus, cyclists tend to keep balance by turning the handlebars and traveling 

in arcs [44]. This may indicate that a certain lateral space is preferred in conventional bi-

cycle interactions. 

6.2. Road Users Have Higher Perceived Safety in the Swerve-Back Phase 

Several previous studies have explored the feature points and phases of the swerving 

process. However, the majority of these studies are based on physical division and rarely 

consider psychological factors [8,9,40]. Unlike previous studies, changes in road user tra-

jectories and psychological factors were considered in this study. The findings conclude 

that psychology start points in the same and opposite-direction interactions usually occur 

at the midpoint of the process. At the psychology start point, interacting road users per-

ceive the resolution of the conflict (i.e., they do not accelerate away from each other in the 

lateral direction). 

For the psychology end point, the interacting road users do not focus on the swerving 

back maneuver. For the opposite and same-direction interactions, the lateral ratios are 

found to be 0.38 and 0.43, and the longitudinal ratios are found to be 0.42 and 0.44, respec-

tively. The comparison between the swerve-away phase and swerve-back phase is clearly 
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shown in Figure 11. This result may indicate that road users have a stronger sense of se-

curity in the swerve-back phase than in the swerve-away phase and are more leisurely in 

their behavior. In addition, the ratio of psychology end points in opposite-direction inter-

actions is smaller. It shows that swerve-back behavior in opposite-direction interactions 

is easier to complete for road users. One reason is that both road users perceive the conflict 

clearly and take evasive actions in most cases. Another reason is that the sense of being in 

conflict is reduced when they pass each other in opposite-direction interactions since they 

are far away from each other in the opposite-direction with a very low collision probabil-

ity. In contrast, the road user in the same-direction interaction would feel a certain conflict 

after passing another road user, as the other interaction participant who is overtaken is 

moving in the same-direction, and the distance between them is still close. 

  
(a) (b) 

Figure 11. Box plot of lateral and longitudinal ratio in different interaction phases; (a) opposite-

direction interaction; (b) same-direction interaction. 

6.3. Lateral Psychological Safety Distance 

The distance between a road user and other interacting users is determined by the 

road user’s personal comfort zone [45]. Based on that, the farthest points in this study 

mean that the road users reach comfortable lateral distances and begin to swerve back. 

Therefore, the lateral distance at the farthest point of two road users can be seen as the 

lateral psychological safety distance. The average lateral psychological safety distances in 

opposite- and same-direction interactions are 1.12 m and 1.13 m, respectively. However, 

the maneuvering distances in the swerve-away phase of these two types of interaction are 

significantly different (0.55 m in opposite-direction interactions, 0.87 in same-direction in-

teractions). This can be attributed to swerving a single road user in the same-direction 

interaction compared to both road users in opposite directions [25]. Finally, they reach 

almost the same lateral psychological safety distance. The average lateral psychological 

safety distance is about 1.125 m (average mean of lateral psychological safety distance in 

opposite- and same-direction interactions). On the other hand, road users feel safe when 

keeping a 1.125 m lateral distance. A similar result was reported by [13]. Their model 

shows that overtaking a steady cyclist may require approximately 1 m in the lateral direc-

tion. Although the traffic scene is different from this study and the results are slightly 

different, it can still provide evidence for our results. 

The results show that the average lateral psychological safety distance of pedestrians 

is smaller than e-bikes and conventional bicycles. There is no difference between e-bikes 

and conventional bicycles. The average speeds of e-bikes and conventional bicycles at the 

farthest point are 4.74 m/s2 and 3.49 m/s2 in opposite-direction interactions (p < 0.001) and 

4.40 m/s2 and 3.62 m/s2 in same-direction interactions (p < 0.001), respectively. It may in-

dicate that speed is not critical in lateral psychological safety distance. A similar result is 

obtained by [41], when drivers overtake cyclists, the drivers appear to be unaware that 

faster speeds necessitate greater clearances in order to maintain comfort. Although the 
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power system and speed of e-bikes and conventional bicycles are different, the body struc-

tures are similar. The structure leads to a lower controllability, stability, and flexibility of 

bicycles than pedestrians. The psychological safety of road users is influenced by these 

factors, which determine different lateral psychological safety distances. In addition, gen-

der also had no effect on lateral psychological safety distance. 

6.4. Road Users Carrying Large Items Perceive Higher Risk in Shared Spaces 

The lateral psychological safety distance and safety zone of road users carrying large 

items is larger than other road users in opposite-direction interactions. This may indicate 

a higher perceived risk of road users carrying large items compared to other road users in 

shared spaces. The findings can also be supported by [46], where a series of reasons are 

identified that contribute to e-bike-related deaths, including carrying goods or children 

while riding. Similarly, Wang et al. [47] found that carrying a passenger may increase 

difficulty maneuvering, causing e-bikes to lose control more easily. Zhang et al. [3] also 

suggested that road users carrying passengers are 1.9 times and 1.6 times more likely to 

report crashes than those riders who do not carry passengers. 

6.5. Maneuvering Time Is a Crucial Psychological Defense Factor of Road Users 

The maneuvering distances in the swerve-away phase were counted according to 

road user types in this study, respectively, and the speeds of conventional bicycles, e-

bikes, and pedestrians are different. The data indicate that maneuvering distance in the 

swerve-away phase increases as the speed increases. It is worth noting that the time used 

in the swerve-away phase is similar, although road user types, speed, and swerve-away 

phase longitudinal distances are completely different. The average time of conventional 

bicycles, e-bikes, and pedestrians are 2.10 s, 2.03 s, and 2.20 s in opposite-direction inter-

actions (p = 0.413). The average times of conventional bicycles and e-bikes are 2.60 s and 

2.52 s in same-direction interactions (p = 0.678). Road users evaluate their situation and 

traffic environment, then plan their swerve trajectories at the beginning of interactions, 

and the decision criteria may be the maneuvering time. This mental process also can be 

seen in car drivers. Overtaking safety is contingent on proper planning and correct antic-

ipation of potentially critical situations [41]. So, maneuvering time can be an important 

psychological defense factor for road users in non-motorized shared spaces compared 

with other factors (i.e., distance, speed, or other factors). 

While this study provides a foundational framework for identifying psychological 

trajectory points through kinematic markers, future research should develop more precise 

numerical formalization methods. Advanced statistical modeling or machine learning ap-

proaches could enhance the objectivity and reproducibility of psychological point identi-

fication, moving beyond the current qualitative–quantitative hybrid approach. 

7. Conclusions 

This study investigated the microscopic behavior and psychological characteristics 

of vulnerable road user interactions in non-motorized shared spaces. We analyzed a total 

of 334 opposite- and same-direction interactions along 16 h of footage from four different 

locations. The definition and identification method of trajectory key points, including the 

interaction start point, psychological starting point, farthest point, psychological ending 

point, and the interaction end point, were proposed considering both microscopic behav-

iors and psychological characteristics to better describe the interaction process. The 

change in the lateral direction (types 1 and 2) is the main characteristic of the starting and 

ending points for both interaction types. This can be attributed to the moving state and 

power system of bicycles. Moreover, the psychology start points usually occur at the mid-

point of the swerve-away phase. The psychology start points appear more forward in the 



Appl. Sci. 2025, 15, 11418 23 of 25 
 

swerve-back phase, it indicates that road users perceive more security in this phase. More 

specifically, the sense of security is stronger in opposite-direction interactions’ swerve-

back phase than in same-direction interactions. 

The lateral and longitudinal maneuvering distance in all interaction phases and de-

cision distances were calculated and compared by different factors, such as severity levels, 

road user types, genders, and whether road users carry large items or not. It may be worth 

noting that the average lateral psychological safety distance is about 1.125 m, which can 

serve as a minimum design standard for shared space widths. The lateral psychological 

safety is not affected by speed or gender but is determined by road users’ controllability, 

stability, and flexibility. The speed before and during opposite and same-direction inter-

actions was calculated. In most cases, the speeds of e-bikes and conventional bicycles de-

crease during the interaction. Only the speed of conventional bicycles increases during 

the same-direction interaction to overtake pedestrians. The average area of the safety zone 

for road users who swerve in opposite-direction interactions is 4.83 m2 and in the same-

direction interactions is 9.36 m2. A larger safety zone and longer lateral psychological 

safety distance are needed by road users carrying large items, and they may be at higher 

risk in shared spaces. The findings conclude that maneuvering time is an important psy-

chological defense of road users in non-motorized shared spaces. This indicates that de-

signers should prioritize wider spaces in areas where overtaking is expected, such as near 

transit stops or high-activity zones. 

In this study, VRU interactions along a linear path were considered. Future work can 

consider different spatial configurations of shared spaces, other types of VRU interactions, 

or different modalities (e.g., motorized vehicles). Moreover, the parameters identified in 

this study can be used to model VRU interactions and provide relevant guidance for im-

plementing non-motorized shared space facilities. More importantly, the exploration of 

psychological factors can be beneficial in creating a comfortable traffic environment for 

VRUs under the people-oriented traffic concept. Second, analyzing the interaction behav-

ior between motorized and vulnerable road users can be considered in future work. Third, 

utilizing a fully automated approach for extracting road user trajectories can be consid-

ered in future work instead of the semi-automated approach utilized in this study. Fourth, 

considering vulnerable and user interactions in other geographical regions (e.g., North 

America) can be considered in future work. As well, future studies can consider inter-

rater reliability assessments (e.g., Cohen’s kappa). 
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