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Safety assessment of pedestrian-vehicle interaction 
at signalized intersections: An observational study

Valerio Gagliardi , Chiara Ferrante , and Francesco Bella 

Department of Civil, Computer Science and Aeronautical Technologies Engineering, Roma Tre 
University, Rome, Italy 

ABSTRACT 
Road safety is a crucial aspect of global policies and manage-
ment. Surrogate Safety Measures (SSMs) have gained attention 
in the study of pedestrian safety. This study aims to establish an 
effective SSM methodology to analyze driver-pedestrian inter-
actions. The analysis relies on SSM indicators, without the need 
for an initial classification of driver-pedestrian interactions into 
specific interaction patterns. The proposed methodology offers 
several advantages, including the accurate identification of con-
flicts through an affordable approach making it easily accessible 
for public administrations and authorities to assess pedestrian 
safety at road intersections. A dataset comprising 270 driver- 
pedestrian interactions, observed at three road intersections in 
Rome, Italy, was examined. The severity level of each event was 
assessed through a preliminary classification of each interaction 
into three patterns: high, low, and none. Subsequently, the 
severity levels were evaluated using three methods, employing 
Time-to-Collision (TTC), Post-Encroachment Time (PET), and a 
combination of TTC and PET. A comparison between the sever-
ity levels identified by the two approaches was conducted. The 
findings reveal that Method 2, utilizing PET, consistently identi-
fies conflicts. Additionally, a binomial logistic regression analysis 
was performed to identify the variables that influence the likeli-
hood of an interaction escalating into a conflict. The results 
demonstrate that the probability of conflict increases with the 
duration of a red signal, particularly for younger pedestrians.
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1. Introduction

Nowadays, road accidents are one of the primary causes of global mortality, 
and pedestrians are undoubtedly the most vulnerable participants among road 
users, facing significant risks of severe consequences when involved in such 
incidents. In recent years, pedestrian safety has become a matter of great 
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concern for public administrations and authorities, with a particular emphasis 
on pedestrian injuries and fatalities that carry social and economic implica-
tions. International organizations, including the World Health Organization 
(WHO) and the European Union, recognize the safety of Vulnerable Road 
Users (VRU) as a pressing issue, leading to the development of traffic safety 
programs and national campaigns (Olszewski et al., 2019; WHO, 2018; ITF, 
2022). Specifically, VRU encompass non-motorized road users, pedestrians, 
cyclists, motorcyclists, and individuals with disabilities or limited mobility 
(European Parliament & Council, 2010). According to the latest statistics from 
the European Commission’s Transport and Mobility Report (European 
Commission Road Safety Statistics, 2018), pedestrian fatalities accounted for 
approximately 21% of all road traffic accident-related deaths in 2018. In this 
regard, recent studies on risk behaviors and accident locations, as well as stat-
istical findings involving pedestrians, have highlighted the critical role of road 
intersections within road networks (Zhang et al., 2020; Ammar et al., 2022; 
Kathuria & Vedagiri, 2020; Salamati et al., 2011; Ren et al., 2012).

According to the Italian Institute of Statistics (ISTAT), Italy witnessed 
approximately 18400 pedestrian accidents annually from 2011 to 2021, of 
which 5300 (29%) occurred at road intersections. Over the same decade, an 
average of 550 pedestrian fatalities occurred each year, with around 20% of 
them happening at road intersections (ACI-ISTAT, 2021). Notably, the city 
of Rome experienced a significant number of incidents, with around 50 
pedestrian fatalities and over 2000 injuries occurring annually at road inter-
sections from 2011 to 2021. Furthermore, in 2021, Rome accounted for 
about 10% of all pedestrian fatalities recorded in Italy. These alarming fig-
ures underscore the urgent need to enhance pedestrian safety, particularly 
at road intersections, in order to reduce the number of deaths and injuries. 
Due to the complexity of this subject, numerous researchers emphasize the 
necessity of conducting in-depth investigations using innovative methods 
for evaluating road safety and identifying factors that affect driver-pedes-
trian interactions at road intersections (Kumar et al., 2019; Zhang et al., 
2020; Ammar et al., 2022; Kathuria & Vedagiri, 2020). Most studies for 
road safety analysis have relied on statistical analyses based on accident 
reports to address various safety-related concerns. However, these methods 
often prove ineffective due to several limitations, including the reliance on 
the availability and quality of accident reports, as well as the lack of regu-
larly updated data. To overcome these limitations, Traffic Conflict 
Techniques (TCT) have been progressively adopted by researchers for ana-
lyzing driver-pedestrian conflicts (Ni Y. et al., 2016; Zhang et al., 2020). 
Such techniques focus on analyzing traffic conflicts rather than road acci-
dents (Ismail et al., 2009; Laureshyn et al., 2009). The traffic conflict tech-
nique involves analyzing near-accident events and measuring spatial and/or 
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temporal indicators that describe the interactions between the road users 
involved in the conflict (Riser, 1985). These indicators are used to assess 
the severity of the conflicts in terms of spatial or temporal proximity 
(Tourinho & Pietrantonio, 2003; Archer, 2005; Tarko et al., 2009; Ismail 
et al., 2011; Saunier, 2013). This approach enhances the safety analysis of 
investigated sites, particularly signalized intersections, by examining con-
flicts, which are frequent occurrences, without relying only on accident 
observations. In recent applications, Ni et al. (2016) introduced an interest-
ing approach for evaluating pedestrian safety at traffic-light intersections, 
selecting the most appropriate Surrogate Safety Measure (SSM) to be iden-
tified. Other recent approaches evaluate the use of computer vision techni-
ques and conflict models for conflict analysis (Amini et al., 2022, Zhang 
et al., 2020, Zaki et al., 2013, Brunetti et al., 2018).

2. Literature review

2.1. Traffic conflict techniques and surrogate safety measures

According to the literature, the Traffic Conflict Technique (TCT) is a 
method used for road safety analysis, aimed at identifying and evaluating 
hazardous locations on roads and intersections. These TCT methods ana-
lyze near-accident situations, which may not necessarily involve actual acci-
dents between road users. TCT primarily focuses on assessing interactions 
between road users, such as vehicles, cyclists, and pedestrians, with a focus 
on events that have a high potential to result in accidents, considering their 
severity and frequency. The initial proposal for this approach was made by 
Perkins and Harris in the 1960s (Perkins & Harris, 1967). Later, the con-
cept of the "safety pyramid" was introduced by Hyden, (1975) (Figure 1).

This method involves safer and more frequent undisturbed passages situ-
ated at the base of the pyramid, while the most serious events (e.g. conflicts), 
which are less frequent, are located at the top. The method recognizes that 
accidents, being rare events, have low frequencies but high levels of severity. 
Consequently, the concept of a "conflict point" was introduced to analyze 
near-accident events. A conflict point is defined as a potential situation 

Figure 1. The safety pyramid - interactions between road users as a continuum of events.
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where two or more road users approach a point in both time and space, and 
without changes in their dynamic characteristics, a collision would occur 
(Hyden, 1987). Conflicts are categorized as serious, slight, or potential and 
occupy the space between safe passages and accidents in the safety pyramid 
(Hyden & Linderholm, 1984) as depicted in Figure 1. By considering the 
relationship between severity and frequency, the frequency of accidents can 
be estimated based on the frequency of conflicts.

Referring to driver-pedestrian interactions at traffic-light intersections, 
turning maneuvers, in addition to illegal crossings (i.e. during the red-light 
phase), can generate severe conflicts between drivers and pedestrians dur-
ing the common phase of green:

� the right-turn maneuvers of vehicles, which occur if drivers do not 
properly notice pedestrians crossing;

� the left-turn maneuvers of the vehicles, which arise if drivers, engaged 
in the search for an adequate gap to perform the maneuver, do not 
promptly detect pedestrians crossing.

In the last decade, several studies have addressed the developments of 
the TCT technique proposing indicators of temporal proximity and spatial 
indicators (SSMs), in order to classify the severity of interactions (Zhang 
et al., 2020, Kathuria & Vedagiri, 2020, Svensson, 1998; Svensson & Hyd�en, 
2006, Guttinger, 1982, Sayed et al., 2013). Several applications have widely 
demonstrated the high suitability of SSMs methods for analyzing traffic 
conflicts and driver-pedestrian interactions (Tarko et al., 2009, Tarko, 2012, 
2018, Saunier, 2013, Ismail et al., 2009, 2011).

The most acknowledged SSMs time-based indicators are described below:

� Time to Collision (TTC), defined as the time for which two users would 
collide if they continued with the same speed and trajectory (Hayward, 
1971, Ismail et al., 2009; Tarko, 2018);

� Post-Encroachment Time (PET): time interval between the first road 
user leaves the spatial conflict zone and the second user reaches the 
path of the first (Peesapati et al., 2018, Cooper, 1984, Ismail et al., 
2011);

� Gap Time (GAP), which is the time difference between when the first 
road user leaves and the second arrives at the corresponding conflict 
zone (Vogel, 2002; Archer, 2005);

Amongst the SSMs spatial indicators, the Potential Index for Collision 
with Urgent Deceleration (PICUD) and the Proportion of Stopping Distance 
(PSD), are the most implemented in the literature (Lu et al., 2021).

4 V. GAGLIARDI ET AL.



2.2. Pedestrian-vehicle interactions analysis

The analysis of the interactions between drivers and pedestrians at road 
intersections is a complex task due to the rapid changes in trajectories and 
crossing speeds (Govinda & Ravishankar,2022, Quaye et al., 1993, Lord, 
1996). In the last decade, several effective applications of SSMs, for evaluat-
ing pedestrians’ safety at road intersections, were presented. Several applica-
tions are based on analyzed interactions collected by video-inspections, 
including also comparison between simulated and field-measured conflicts 
(Guo et al., 2017, Guo et al., 2019). In this context, time-based Surrogate 
Safety Measures (i.e. TTC, GAP, PET), or a combination of them, were 
progressively implemented by researchers to successfully analyze the driver- 
pedestrian interactions and evaluate their severity (Arun et al., 2021, Guido 
et al., 2011, Kaparias et al., 2010). However, there is not a general consen-
sus about the optimal SSMs to be applied for the analysis of driver-pedes-
trian interactions, as well as on SSMs threshold values to be used for the 
classification of their severity. (Zaidel & Hocherman, 1987; Zhang et al., 
2020, Laureshyn et al., 2009; Ren et al., 2012). For instance, the Dutch 
Manual for Conflict Observation specifies that a minimum TTC value less 
than 1.5s is associated with dangerous situations in urban areas, and PET 
values lower than 1.0s indicate possibly critical traffic situations (Van der 
Horst & Kraay, 1986). Ismail et al. (2011) classified vehicle-pedestrian 
interactions in traffic conflicts, important events, and uninterrupted pas-
sages, according to their severity, choosing PET as the most reliable param-
eter to detect conflicts and important events (with a threshold varying 
from 2.8 and 2.2 s). In (Zhang et al., 2020), the authors implement PET 
and TTC to predict near-accident events between drivers and pedestrians 
at signalized intersections, by means of automated computer vision techni-
ques. Several indicators to analyze the driver-pedestrian conflicts were 
implemented by Kumar et al. (2019), including PET, Time to Vehicle 
(TTV), Deceleration to Safety Time of pedestrians (DSTp), and Time to 
Accident (TTA). More specifically, the threshold value of PET to classify 
hard interactions was 2.32 s. A similar PET threshold (2.64 s) was found by 
Xin et al. (2016) to classify the same interactions. However, these PET 
threshold values are almost half of the value (4.87 s) found by Gang et al. 
to classify hard interactions. Other researchers, such as (Almodfer et al., 
2016), found a higher threshold value (5 s) of PET, to identify a safe inter-
action. Many studies classify a driver-pedestrian interaction as safe if TTC 
values are greater than 3s (Hussein et al., 2015; Ni et al., 2016; Jahandideh 
et al., 2017). More recently, (Ni et al., 2016) presented a novel procedure to 
analyze driver-pedestrian interactions at traffic-light intersections by identi-
fying the appropriate SSMs, on the basis of interaction patterns, consider-
ing the behavioral connotations of drivers and pedestrians. Three 
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interaction patterns were defined, namely “hard interaction”, “no inter-
action” and “soft interaction”, respectively. TTC, PET, and a combination 
of them (TTC and PET) were used to classify the interactions in terms of 
severity (safe, critical, and conflict events), following each interaction pat-
tern. According to Ni et al., 2016, the values of SSM (i.e. TTC and GAP) 
for Pattern 1 (hard interactions), have similar trends and reach their min-
imum values concurrently, in the middle of the interaction. This is verified 
for both cases in which drivers or pedestrians pass first, respectively. 
Pattern 2 includes all the cases where “no interactions” occur. In this case, 
both the SSMs reach the minimum values at the end of the process (no 
interaction), where the major risk occurs (Ni et al., 2016). In these cases, 
the SSMs have similar decreasing trends during the whole interaction pro-
cess. In other cases, the interaction belongs to Pattern 3, corresponding to 
a “soft interaction”. Three examples of experimental TTC and GAP profiles 
of a driver-pedestrian interaction, classified in patterns, are reported in 
Figure 2.

The following SSM thresholds were implemented to evaluate the severity 
of each interaction, after the pattern classification (Ni et al., 2016):

� For Pattern 1(hard interaction), TTC was used and the interaction was 
categorized as safe, when TTC > 3.0 s, critical if 1.5 s<TTC � 3.0 s, 
and a conflict if TTC � 1.5 s;

� For Pattern 2 (no interaction), PET was used and the event was classi-
fied as safe if PET > 3.0 s, a critical passage if 1.0 s<PET � 3.0 s and a 
conflict if PET � 1.0 s;

� For Pattern 3 (soft interaction), TTC and PET were adopted concur-
rently. The event was defined as a safe event if TTC > 3.0 s and PET >
3.0 s, a conflict if TTC � 1.5 s and PET � 1.0 s, and a critical event in 
other cases.

However, the advanced method proposed by Ni et al. (2016) appears to 
be complex to be performed, due to the high-computational load for the 
identification and classification of each interaction into the proper pattern. 

Figure 2. Examples of TTC/GAP vs time related to the driver-pedestrian in a) hard-interaction; 
b) no interaction and c) soft-interaction.
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Furthermore, potential errors could be introduced in the process, if the pat-
tern classification is not properly assigned.

3. Objectives

This research aims to define a methodology for the investigation of driver- 
pedestrian interactions based on SSMs. More specifically, the proposed 
methodology is oriented to the effective detection of interactions of higher 
severity (conflicts), without the need to conduct a preliminary characteriza-
tion of driver-pedestrian interaction patterns. Therefore, the main objective 
of this research is to provide an effective methodology, readily employable 
by public administrations and authorities, for evaluating pedestrian safety 
at road intersections. This approach is designed to accommodate an afford-
able computational load, ensuring seamless execution. Moreover, a bino-
mial logistic regression was proposed in order to identify the variables 
affecting the probability that a driver-pedestrian interaction becomes a 
conflict.

4. Methodology

The implemented methodology of this research is based on the following 
steps:

� Three intersections of the city of Rome were selected as case-studies 
(section 4.1);

� For these intersections, the video recordings of the driver-pedestrian 
interactions were processed by image processing algorithms (section-
tion 4.2);

� The driver-pedestrian interactions have been extracted and several SSMs 
indicators during the whole interactive process were calculated (section 
4.3). This allows to classify each interaction into a pattern of interaction 
(section 4.3.1);

� The level of severity (safe, critical, conflicts events) was evaluated for 
each interaction, based on the preliminary classification into three pat-
terns (section 4.3.2);

� The levels of severity were evaluated without a preliminary pattern clas-
sification, using three SSMs-based methods based on: TTC values, PET 
values, TTC and PET values, respectively (section 4.3.3);

� The levels of severity of the interactions identified through the two 
approaches, were compared to determine the most reliable SSMs 
method for identifying the most serious interactions (conflicts). To this 
purpose, the results obtained applying three SSM-based methods, 
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without a pattern classification, were compared to the literature method 
based on the preliminary classification of interactions in patterns;

� Lastly, for the right-turn maneuvers, composed of a consistent dataset 
to be analyzed, a binomial logistic regression analysis was carried out, 
to identify the variables which affect the probability that a driver-pedes-
trian interaction becomes a conflict, identified by the most effective 
SSM-based method (section 5).

4.1. Case studies

Three road intersections, located in Rome (Italy), were selected as case-studies 
and investigated. For this purpose, several surveillance video recordings 
collected at road intersections were acquired and processed. These videos, 
provided by “Agenzia della Mobilit�a” of the Municipality of Rome, were col-
lected for six consecutive hours, (ranging from 10:00 to 4:00 pm), in the prox-
imity of the analyzed intersections. The intersections’ features, including 
vehicle and pedestrian flows, are reported in Table 1, while the layouts of the 
inspected intersections are shown in Figure 3.

The selection of the intersections has allowed the investigation of the 
SSM-based methods in different conditions in terms of geometry, intersec-
tion configuration, and traffic flows. The peculiarity of each intersection, 
made it possible to perform several investigations about the driver-pedes-
trian interactions, providing a more comprehensive and complete 

Table 1. Intersection description.

Intersection Description Code Municipality

Vehicular  
flow 
(v/h)

Pedestrian  
flow 
(p/h)

Green  
phase  

(s)

Yellow  
phase  

(s)

Red  
phase  

(s)

Pedestrian  
distance  

(m)

Brance  
angle 

(degrees)

1 Viale Vaticano, 
via Leone IV

SD22 I 330 1005 60 4 30 10.6 81

2 Viale Regina Elena,  
Viale dell’Universit�a

SD43 II 90 580 53 4 63 10 70

3 Viale Palmiro Togliatti, 
via dei Meli

SD88 V 50 55 26 4 30 8.3 90

Figure 3. Layout of three intersections selected as case-studies and the analyzed turning 
maneuvers.
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representation of the outcomes. Accordingly, the following turning maneu-
vers were analyzed for each intersection, as reported in (Figure 3):

� right-turn maneuvers from Via Leone IV to Viale Vaticano;
� right-turn maneuvers from Via dell’Universit�a to Via Regina Elena;
� left-turn maneuvers from Via dell’Universit�a to Via Regina Elena;
� right-turn maneuvers from Viale Palmiro Togliatti to Via dei Meli.

4.2. Video processing and image analysis

The processing phases of the video recordings were implemented using the 
software “Traffic Analyzer - v. 3.4” (Suzuki & Nakamura, 2006). This tool 
integrates a video processing system for traffic flow analysis including several 
image processing functions (i.e. projection transformations), for the evalu-
ation of the trajectory data from the video. In addition, in order to estimate 
the position, speed, and acceleration of drivers and pedestrians, the Kalman 
filter, a well-known data filtering technique, has been implemented. Amongst 
the main advantages of the software, the user-friendly interface and the possi-
bility to be implemented in workstations characterized by medium computa-
tional loads equipment, can be mentioned. The tracking of moving objects 
was performed by determining their position within the video for each frame, 
by considering several reference points (Figure 4). A calibration phase was 
implemented by including several details related to the geometry of the inter-
section, retrieved by satellite imageries, through the Google Earth# platform. 
Specifically, the surfaces of the objects in the foreground, were identified 
using the background subtraction technique and the centroid of each region 
was considered as a reference point for the movement of the object. The 
tracking speed was corrected by matching the recognized position of the 
object with the position of the consecutive frame, which is predicted by inter-
polation through the Kalman filter. The tracking processes were carried out 
considering the geographical coordinates of several points located in the area 
of interest. The trajectories were recorded between the driver approaches the 

Figure 4. Reference points at intersections and trajectory extraction using the Software Traffic 
Analyzer.
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intersection, with a comprehensive view of the crossing area, until the first 
user leaves the conflict area (Figure 4).

Only pairs of users, which are not influenced by external conditions (i.e. 
the presence of other drivers or pedestrians) were considered. In the case 
of pedestrian platoons, the first and last pedestrian were considered.

4.3. Data collection, processing and results

4.3.1. Interaction patterns classification
The total number of recorded interactions for each intersection is reported 
in Table 2.

According to Ni et al. (2016), all the interactions were initially classified 
in patterns. The measurements of TTC and GAP were performed using a 
theoretical model based on the distances and the speed values of both driv-
ers and pedestrians during their interaction (Figure 5). Two possible cases 
were identified related to the user who proceeded first (i.e. vehicle or ped-
estrian). These indicators were evaluated considering the external wheel at 
the back of the vehicle as the reference point (Figure 5).

TTC and GAP indicators are calculated as follows (Eqs. 1 and 2):
Case 1: Vehicle passes first

TTC ¼ max
dpðiÞ
vpðiÞ

,
dcðiÞ þ l

vcðiÞ

 !

; GAP ið Þ ¼
dpðiÞ
vpðiÞ

�
dc ið Þ þ l

vcðiÞ

�
�
�
�

�
�
�
� (1) 

Case 2: Pedestrian passes first

TTC¼max
dpðiÞþw

vpðiÞ
,

dcðiÞ
vcðiÞ

 !

; GAP ið Þ ¼max
dp ið Þþw

vpðiÞ
�

dc ið Þ
vcðiÞ

�
�
�
�

�
�
�
� (2) 

Where:
l is the length of the conflicting vehicle;
w is the width of a vehicle;
dc(i) is the distance from the front of the vehicle to the extrapolated out-

line of the conflicting pedestrian at the time i;
dp (i) is the distance from the pedestrian to the extrapolated outline of 

the conflicting vehicle at the time i;
vc(i) is the speeds of the conflicting vehicle at the time i;
vp (i) is the speeds of the conflicting pedestrian at the time i.
The Pattern classification is performed for each intersection.

Table 2. Sample of driver-pedestrian interactions of the intersections.
Turning maneuvrers at the intersection N. of interactions

Right-turn from via Leone IV to Viale Vaticano 120
Right-turn from via dell’Universit�a to via Regina Elena 70
Left-turn from via dell’Universit�a to via Regina Elena 50
Right-turn from Viale Palmiro Togliatti to via dei Meli 30
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4.3.1.1. Pattern classification of the selected intersections. Regarding the first 
intersection (Viale Vaticano - via Leone IV), the majority of interactions 
fall into Pattern 3 (soft interaction), corresponding to 51% of the total 
interactions (61 interactions). In addition, 33% of the interactions (40 
events), have been classified into Pattern 1 (hard interaction), which can be 
most likely related to the elevated presence of pedestrian platoons (19 
events). The interactions classified into Pattern 2 (no interaction), are 16% 
of the cases (19 events), as shown in Figure 6. For the second intersection 
(Viale Regina Elena - Viale dell’Universit�a), 61 events, corresponding to 
51% of the driver-pedestrian interactions, were classified in Pattern 3 (soft 
interaction). In addition, 32% of interactions, (38 events), result in Pattern 
2 (no interaction). Lastly, 17% of interactions, corresponding to 21 exam-
ined maneuvers, belong to Pattern 1 (hard interactions), as reported in 
Figure 6. For the third intersection (Viale Palmiro Togliatti - via dei Meli), 
the highest percentage of interactions results in Pattern 3 (soft interaction), 
corresponding to 63% (19 interactions). In addition, 27% of interactions 
were classified into Pattern 1 (hard interaction), corresponding to 8 interac-
tions. A minor presence of interactions (10%) was classified into Pattern 2 
(Figure 6).

4.3.2. Severity levels of the interactions under the different patterns
After the classification of each driver-pedestrian interaction into the proper 
pattern (i.e. hard, soft, no interaction), the level of severity was evaluated 

Figure 5. Theoretical scheme of driver-pedestrian interaction. The conflict area is represented 
by the hatched zone.

Figure 6. Interaction patterns for intersection “Viale Vaticano - via Leone IV”, “Viale Regina 
Elena – Viale dell’Universit�a”, and “via Palmiro Togliatti – via dei Meli”.
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and each interaction was classified as a safe, critical or conflict event. The 
threshold values of the SSMs implemented for the identification of the 
severity, were assumed according to Ni et al. (2016), as reported in Section 
2.2. The outcomes of the analysis are reported in Table 3.

The results show a high level of severity for the majority of the analyzed 
interactions, with a predominant presence of critical events, corresponding 
to more than 50% of the totality of driver-pedestrian interactions for each 
analyzed intersection. More specifically, considering the right-turn maneu-
vers, the percentage of driver-pedestrian interactions classified as critical 
events are: 59% for the first intersection (“Viale Vaticano - via Leone IV”), 
54% for the second one (“Viale Regina Elena - Viale dell’Universit�a”) and 
67% for the third intersection (“Viale Palmiro Togliatti - via dei Meli”) 
respectively. Furthermore, a consistent number of conflicts was detected, 
corresponding to a percentage of 37%, 42% and 23% for the three intersec-
tions, respectively. All the safe events are in a limited number. Considering 
the left-turn maneuvers of the second intersection (Viale Regina Elena - 
Viale dell’Universit�a”), 56% of the interactions are critical events, while 
42% are conflicts.

Table 3. Interaction severity level of the investigated intersections for right and left 
maneuvers.
Intersection 1 - “Viale Vaticano - via Leone IV” (right-turn) Severity (right-turn)

Pattern Type N. % Safe event Critical event Conflict

1 Hard 40 33 6 21 13
2 No interaction 19 16 0 10 9
3 Soft 61 51 0 40 21

Percentage of severity 4% 59% 37%

Intersection 2 - Viale Regina Elena - Viale dell’Universit�a (right-turn) Severity (right-turn)

Pattern Type N. % Safe event Critical event Conflict

1 Hard 21 18 6 14 1
2 No interaction 38 32 0 22 16
3 Soft 61 51 0 29 32

Percentage of severity 4% 54% 42%

Intersection 2 - Viale Regina Elena - Viale dell’Universit�a (left-turn) Severity (left-turn)

Pattern Type N. % Safe event Critical event Conflict

1 Hard 10 20 5 5 0
2 No interaction 20 40 0 12 8
3 Soft 20 40 0 11 9

Percentage of severity 10% 56% 34%

Intersection 3 - Viale Palmiro Togliatti - via dei Meli (right turn) Severity (right-turn)

Pattern Type N. % Safe event Critical event Conflict

1 Hard 8 27 2 6 0
2 No interaction 3 10 0 2 1
3 Soft 19 63 1 12 6

Percentage of severity 10% 67% 23%
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4.3.3. Severity level of the interactions without the preliminary pattern 
classification

The severity of each interaction was evaluated without a preliminary classi-
fication in patterns of the driver-pedestrian interactions, considering three 
SSMs methods based on: TTC, PET, TTC and PET combination, respect-
ively. For these three methods, the severity of each interaction (safe, critical 
event and conflict) was evaluated using the threshold values proposed by 
Ni et al. (2016) and reported in Section 2.2, without considering a prelim-
inary patterns classification. The results of the analysis referred to the 
right-turn and left-turn maneuvers are presented in Table 4.

4.3.4. Comparison of the SSMs approaches
The severity of the interactions evaluated through the two approaches iden-
tifying the safe, critical and most serious interactions (conflicts), were then 
compared with the literature-based method, (founded on the preliminary 
classification into patterns), in order to identify the SSMs method with the 
most consistent results. More specifically, the percentage of the events cor-
rectly classified by the methods in comparison to the literature-based 
method, the percentage of false positives (the event listed as conflicts, crit-
ical or safe by the SSM-based method, and not by the literature-based 
model), and false negatives, (the events wrongly not listed as conflicts, crit-
ical or safe events in comparison with the literature-based method), have 
been determined. The outcomes of the analysis for all the methods, consid-
ering the right maneuvers, are reported in Table 5.

Considering the conflicts, Method 1 returns a percentage of corrected 
events of 62.1%, with moderate false negatives (0.8%), but numerous false 
positives (37.9%). This implies that Method 1 overestimates the number of 
conflicts, identifying, in most cases, the critical events as conflicts. The crit-
ical events were correctly identified in most cases (98.7%), with a low rate 
of false positives (1.3%). However, Method 1 returns a very high rate of 
false negatives (69.7%). Accordingly, Method 1 underestimates the critical 

Table 4. Severity assessment for right-turn/left-turn maneuvers.
Literature Method 1 – TTC Method 2 - PET Method 3 - TTCþ PET

Right Turn N. % N. % N. % N. %

Safe event 9 4 12 5 4 2 2 1
Critical event 128 58 76 34 120 55 143 65
Conflict 83 38 132 60 96 44 75 34

Left Turn N. % N. % N. % N. %

Safety event 5 10 8 16 0 0 0 0
Critical event 28 56 17 34 30 60 37 74
Conflict 17 34 25 50 20 40 12 24
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events. In addition, 12 safe passages were detected by the method, against 
the 9 events detected by the literature method.

Method n. 2 (based on PET), identifies conflicts correctly in most cases 
(83.3%), with very few false negatives (3.1%) and a moderate number of 
false positives (16.7%), as reported in Table 5. Furthermore, 92.5% of the 
critical events were correctly identified, with a relatively low percentage of 
false negatives (14.2%) and false positives (7.5%). The number of safe pas-
sages is very limited (4 events of which only 2 corrected). Considering 
Method n.3, all the conflicts (100%) were correctly identified and no false 
positives were detected. However, a higher percentage of false negatives 
(10.7%), were detected by Method 3, than Method 2 (3.1%). The critical 
events were correctly detected in most cases by Method 3 (89.5%), without 
false negatives. However, a higher percentage of false positives were 
detected by Method 3 (10.5%). The comparison of the two approaches was 
limited to conflicts, since they were considered the more reliable accident 
precursors, than other interactions which are characterized by lower levels 
of severity. Considering the conflicts, Method 1 showed a relevant overesti-
mation than the literature-based method (132 against 83), with 37.9% of 
false positives. A slight overestimation was found by Method n.2 (96 con-
flicts against 83), with very limited cases of false negatives (3.1%), com-
pared Method 3 (10.7%). Lastly, Method 3 failed in the recognition of 
conflicts with a rate of false negatives of 10.7%, (indentifying 75 conflicts 
against 83), which is more than three times higher than Method 2 (3.1%). 
Amongst the proposed methods, Method 2 (based on PET) identifies the 
conflicts more consistently and closely to the detection of conflicts by the 
literature-based method.

The same analysis was conducted considering the left-turn maneuvers. 
The results are reported in Table 6.

Table 5. Comparison of the two approaches - right-turn maneuvers.

Literature(a)

Method  
1 –  

TTC (b)
Correct  

(c)

False  
Negative  

(d)

False  
Positive  

(e)

Correct  
[%]  

(c/b)

False 
Negative  
[%] (d/b)

False  
Positive  

[%] (e/b)

Safe events 9 12 9 0 3 75 – –
Critical Events 128 76 75 53 1 98.7 69.7 1.3
Conflicts 83 132 82 1 50 62.1 0.8 37.9

Literature(a) Method  
2 – PET  

(b)

Correct  
(c)

False  
Negative  

(d)

False  
Positive  

(e)

Correct  
[%]  

(c/b)

False 
Negative  
[%] (d/b)

False  
Positive  

[%] (e/b)
Safe events 9 4 2 7 2 50 – –
Critical events 128 120 111 17 9 92.5 14.2 7.5
Conflicts 83 96 80 3 16 83.3 3.1 16.7

Literature(a) Method  
3 - TTC 
þ PET (b)

Correct  
(c)

False  
Negative  

(d)

False  
Positive  

(e)

Correct  
[%]  

(c/b)

False 
Negative  
[%] (d/b)

False  
Positive  

[%] (e/b)
Safe event 9 2 2 7 0 100 – –
Critical events 128 143 128 0 15 89.5 0 10.5
Conflicts 83 75 75 8 0 100 10.7 0
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Considering the conflicts, 68% of the interactions were correctly identi-
fied by Method 1, with the absence of false negatives, but a significant high 
percentage of false positives (32%). The critical events were correctly identi-
fied (100%), with no false positives, but with a high percentage of false neg-
atives (64.7%).

The conflicts were correctly identified by Method n.2 in 85% of the 
cases, with the absence of false negatives and a slight rate of false positives 
(15%). The critical events were correctly identified in most cases (90%), 
with a low rate of false positives (10.0%) and false negatives (3.33%). 
Referring to Method 3, the conflicts were correctly recognized, but with a 
very significant rate of false negatives (41.67%). Otherwise, the critical 
events were correctly identified in most cases (73.68%) by Method 3, with 
no false negatives, but a higher rate of false positives (26.32%), compared 
to Method 2 (10.0%). Consequenlty, also for the left-turn maneuvers, the 
more suitable method to identify the interactions with major risk (conflicts) 
is Method 2, with a slight overestimation of the conflicts (20 conflicts 
against 17 detected by the literature-based method), with no false negatives 
and a limited number of false positives (3.1%). Accordingly, the binomial 
logistic regression analysis was based on Method 2, analyzing the sample 
collected with a more consistent quantity of driver-pedestrian interactions 
(220 events), thus referring to right-turn maneuvers.

5. Binomial logistic regression

A binomial logistic regression has been carried out on the sample of 220 
events of right-turn maneuvers, classified in terms of severity by using 

Table 6. Comparison of the two approaches - left-turn maneuvers.

Literature  
(a)

Method  
1- TTC (b)

Correct  
(c)

False  
Negative  

(d)

False  
Positive  

(e)
Correct  

[%] (c/b)

False False
Negative  
[%] (d/b)

Positive  
[%] (e/b)

Safe events 5 8 5 0 3 100% – –
Critical events 28 17 17 11 0 100 64.71 0
Conflicts 17 25 17 0 8 68 0 32

Literature  
(a)

Method  
2- PET (b)

Correct  
(c)

False  
Negative  

(d)

False  
Positive  

(e)

Correct  
[%] (c/b)

False False
Negative  
[%] (d/b)

Positive  
[%] (e/b)

Safe events 5 0 0 5 0 – – –
Critical events 28 30 27 1 3 90 3.33 10
Conflicts 17 20 17 0 3 85 0 15

Literature  
(a)

Method  
3- TTCþ PET  

(b)

Correct  
(c)

False  
Negative  

(d)

False  
Positive  

(e)

Correct  
[%] (c/b)

False False  
Positive  

[%] (e/b)
Negative  
[%] (d/b)

Safe events 5 0 0 5 0 – – –
Critical events 28 38 28 0 10 73.68 0 26.32
Conflicts 17 12 12 5 0 100 41.67 0
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Method 2 (based on PET). This analysis was carried out with the aim of 
proposing a model that can predict the probability that an interaction 
result in a conflict or not. To this purpose, the values of the dependent 
variable Y (i.e. Conflict) were equal to 1 for conflicts events (Y¼ 1) and 0 
in other cases (Y¼ 0). The logistic regression model which returns the log 
odds ((P(Y¼ 1)/(1-P(Y¼ 1))) of conflicts is given by:

Logit P Y ¼ 1ð Þ½ � ¼ log
P Y ¼ 1ð Þ

1 − P Y ¼ 1ð Þ

 !

¼ bo þ
Xm

i¼1
bi∙xi (3) 

Where bi are the coefficients of m predictor xi and b0 is the constant 
term.

The probability value for the conflict was provided by the following 
equation:

P Y ¼ 1ð Þ ¼
eboþ

Pm

i¼1
bi∙xi

1þ eboþ
Pm

i¼1
bi∙xi

(4) 

The model reported in Eq. (3) allows to determine the effect of each pre-
dictor on the odds of Y. More specifically, the value of the odds ratio (OR) 
represents the multiplicative factor of the odds of Y, when the independent 
variable Xi increases by one unit, with all other factors remaining constant. 
In other words, the Odds Ratio indicates the relative amount by which 
the odds of the outcome increase (OR> 1) or decrease (OR< 1) when 
the value of the corresponding independent variable increases by 1 unit 
(Washington et al., 2020).

Firstly, a correlation analysis between the potential explanatory variables 
has been conducted. The potential explanatory variables were grouped into 
three categories: i) driver-related; ii) pedestrian-related; iii) intersection 
related, as reported in Table 7.

The matrix of the correlation variables expresses the Pearson ratio (Table 
8). All the variables with a value of Pearson higher than 0.8 (in bold), 
imply a high correlation. More specifically, high values of the Pearson cor-
relation coefficient were found for the variables “Pedestrian flow” and 
“Vehicular flow” (0.91), “Pedestrian flow” and “Distance of pedestrian 
crossing” (0.97), as well as the “Inclination of road segments” and the 
“Duration of red phase” (-0.93). Therefore, these correlated variables were 
not used as independent variables in the same model.

Several binomial regression models have been proposed and tested. The 
significance of the variables and the consistency of the signs of the b coeffi-
cients, were evaluated. The developed procedure provided the following 
best-fitting model (Table 9).
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The model uses as variables the age of pedestrians, divided into age 
classes, and the duration of red. Both variables are acceptable from a statis-
tical point of view, such as p-value< 0.05. The coefficient signs show that 
the probability to have a conflict decreases, when the age increases (-0.511), 
and increases with the duration of red (þ0.226). The first aspect is most 

Table 7. Variables implemented in the binomial-logistic regression model.
Categories Variables Description

Driver-related 
variables

Vehicular flow The vehicular flow of drivers who perform the right-turn 
maneuvers is measured in vehicle/hour along the duration 
of the video. It is a continuous variable.

Pedestrian-related  
variables

Pedestrian flow The pedestrians flow in both crossing directions measured in 
number of pedestrian/hours. It is a continuous variable.

Gender It is a nominal variable divided into two classes for pedestrian 
gender.

Pedestrian platoon The presence of pedestrian platoon isconsidered as at least 
two pedestrians crossing the road at the same speed. It is 
a binary variable: 1in the presence of platoons and 0 
otherwise.

Age It is an ordinal variable divided into age classes: young 0- 
25 years, adult 26-65 years, and old > 66 years.

Intersection-related  
variables

Inclination of road segments The inclination of road segments in degrees. It is a continuous 
variable.

Distance of pedestrian  
crossing

The distance between the pedestrian crossing and the center 
of the intersection, which is measured in meters. It is a 
continuous variable.

Duration of red phase The duration of the red phase for both users measured in 
seconds. It is a continuous variable.

Table 8. Correlation matrix.

Pedestrian  
platoon TTCmin GAPmin Gender Age

Vehicular  
flow

Pedestrian  
flow

Inclination  
of road segments

Duration  
of red  
phase

Distance of  
pedestrian  

crossing

Pedestrian platoon 1.00 0.20 −0.18 0.06 0.01 0.26 0.27 0.01 −0.11 0.25
Gender 0.06 0.07 0.10 1.00 0.00 −0.05 −0.01 −0.11 0.11 0.02
Age 0.01 0.08 0.02 0.00 1.00 0.08 0.00 0.18 −0.18 −0.04
Vehicular flow 0.26 0.04 −0.03 −0.05 0.08 1.00 0.91 0.29 −0.61 0.78
Pedestrian flow 0.27 0.02 0.03 −0.01 0.00 0.91 1.00 −0.13 −0.23 0.97
Inclination of road segments 0.01 0.05 −0.15 −0.11 0.18 0.29 −0.13 1.00 −0.93 −0.37
Duration of red phase −0.11 −0.06 0.14 0.11 −0.18 −0.61 −0.23 −0.93 1.00 0.02
Distance of pedestrian  

crossing
0.25 0.00 0.07 0.02 −0.04 0.78 0.97 −0.37 0.02 1.00

Table 9. Binomial logit model.

b Odds Ratio (Exp(b)) Sig.

95% Confidence Interval (C.I.)  
for Exp(b))

lower upper

Age −0.511 0.600 0.05 0.357 1.010
Duration of red (Dr) 0.226 1.026 0.02 1.004 1.040
Intercept −0.470 0.625 0.517
−2Log L (−2 Log Likelihood Criterion) ¼ 290.039
N¼ 220; 
Hosmer Lemeshow goodness of fit Chi2 (3) ¼2.073; p-value ¼ 0.557 
Model  v2 ¼ 11.373, p¼ 0.003
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probably related and could be explained by a higher level of prudence 
adopted by older pedestrians, while the second could be related to the phe-
nomena of impatience of users that occur by increasing the duration of red 
(Dr). The values of the odds ratio for the independent variables show that 
the Dr has the strongest influence, followed by age. More specifically, the 
odds of conflicts are increased 0.6 times if the age class of pedestrians 
increases (i.e. young, adult, old), and are increased 1.026 times for an 
increase of 1 s of the Dr. Therefore, the logit model is:

Logit P Y ¼ 1ð Þð Þ ¼ −0, 470þ 0, 226� Duration red − 0, 511� Age (5) 

The effects of the variables on the probability of conflict are reported in 
Figure 7, showing the trends of the probability to have a conflict in relation 
to the Dr, associated with the age classes of pedestrians (i.e. young, adult, 
old). The values of probability of conflicts were obtained from Eq. (5), 
varying the values of the variable Dr from 0 to 120s. The process has been 
conducted for each class of age of pedestrians (young, adult and old), as 
reported in Figure 7.

The age of pedestrians has an impact on the probability of conflict. This 
is clear by analyzing the probability values associated with juveniles (blue 
curve). The likelihood of conflict increases with the duration of red, and 
for the same duration of red, reaches higher values for younger road users, 
than adult and older pedestrians.

6. Conclusions and future perspectives

This study focuses on signalized road intersections, which represent critical 
points with regard to pedestrian safety. The analysis encompasses three dis-
tinct case studies with varying geometric layouts, configurations, and traffic 
volumes. Within these intersections, a dataset of 270 driver-pedestrian inter-
actions was examined, specifically focusing on different turning maneuvers. 
The objective of this research was to investigate and develop an innovative 

Figure 7. Probability of conflict related to the duration of red and age classes of pedestrians.
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methodological approach for the effective analysis of driver-pedestrian inter-
actions and the assignment of severity levels using Surrogate Safety 
Measures, all while ensuring a manageable computational load. This 
approach is designed to be easily utilized by public administrations and 
authorities for assessing pedestrian safety at road intersections. Utilizing 
video recordings from the three intersections, a model derived from existing 
literature was implemented to define severity levels based on three funda-
mental interaction patterns: hard, no, and soft. Additionally, three SSM- 
based methods were explored to evaluate interaction severity without prior 
classification into patterns. This approach facilitated the identification of an 
efficient method for assessing the severity of driver-pedestrian interactions. 
Method 2, based on PET, closely aligned with the literature-based pattern 
classification approach and effectively identified interactions with a higher 
risk level (i.e. conflicts) compared to other SSM-based methods (such as 
TTC or the simultaneous use of PET and TTC). Notably, the proposed 
methods offer a high level of simplicity and efficiency in implementation, 
distinguishing them from previous approaches. These findings corroborate 
prior research that employed PET values to evaluate the severity of driver- 
pedestrian interactions (Alhajyaseen et al., 2012; Marisamynathan & 
Vedagiri, 2020; Ni et al., 2016). Furthermore, the derived binomial logistic 
model enables the quantification of conflict probability based on pedestrian 
age and signal duration. The likelihood of conflict increases with longer sig-
nal durations, with younger road users exhibiting higher probabilities com-
pared to adult and older pedestrians. As a future extension of this research, 
expanding the database of driver-pedestrian interactions through the collec-
tion of additional in-situ data is envisioned to investigate intersections with 
different characteristics and traffic conditions. This study lays the founda-
tion for applying the described methodology to further explore driver-pedes-
trian interactions in the context of signalized intersections. Subsequently, 
future applications can incorporate computer vision and machine learning 
techniques to automate conflict analysis.
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