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Abstract

Examining pedestrian crossing violations at high-risk road midblock crossings has become
essential, particularly in high-speed corridors, as a result of accidents at crossings resulting
in fatalities. Hence, this article investigates such behavior in Alexandria, Egypt, as a
credible case study in a developing country. According to our research methodology, a
comprehensive dataset of over 2400 field-observed video recordings was used for real-life
data collection. Machine learning (ML) models, such as CatBoost and gradient boosting
(GB), were employed to predict crossing decisions. The models showed that risky behavior
is strongly influenced by waiting time, crossing time, and the number of crossing attempts.
The highest predictive performance was achieved by CatBoost and gradient boosting,
indicating strong interpersonal influence within small groups engaging in unsafe road-
crossing behavior. In the same context, the Shapley additive explanation (SHAP) values for
these variables were 3, 2, and 0.60, respectively. Subsequently, based on SHAP sensitivity
analysis, the results show that the total time (s) and age group (40-60 Y) had a significant
negative influence on model prediction converging to class 0 (e.g., crossing illegally). The
results also showed that shorter exposure times increase the likelihood of crossing illegally.
This research work is among the few studies that employ a behavior-based approach to
understanding pedestrian behavior at midblock crossings. This study offers actionable
insights and valuable information for urban designers and transportation planners when
considering the design of midblock crossings.

Keywords: urban mobility; sustainable built environment; active travel; unsafe pedestrian
road-crossing behavior; machine learning; urban transport planning
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1. Introduction

Ensuring the safety and security of pedestrians on roads is a pressing necessity
for sustainable urban transport. Devastating consequences result from exponential in-
creases in the number of vehicles worldwide, pushing research to act as a guard of
pedestrians’ safety [1,2].

Moreover, studying pedestrian movement patterns, pedestrian movement theories,
their routes, and their destinations is essential. Pedestrian crossing is one of the main safety
issues of pedestrian—vehicle interactions, helping urban planners to proactively implement
warrants, reducing risks in midblock sections. Moreover, midblock crossing on major
arterial roads should be studied due to complex interactions among higher vehicle speed,
higher traffic volumes, and mixed-use environments [3-6].

Developing countries (e.g., low- and middle-income countries (LMICs)) usually suffer
from a high fatality rate according to the Global Status Report on Road Safety 2023, with
about 92% of world road fatalities despite ownership of only 60% of worldwide vehicles [7].
Subsequently, vehicles are the top priority in these countries” considerations in road design
and operation [8]. Pedestrians in LMICs suffer from high-risk exposure, especially in a
densely populated urban context. As such, those vulnerable groups should receive more
attention and care. Challenges include underreported pedestrian accident data because
of a lack of communication among authorities in those countries. Moreover, the lack of
implementation of protection measures at dangerous locations, especially in and around
midblock sections, hinders any positive attitude towards pedestrian safety in these areas [9].

It is impractical to fully split this pedestrian—vehicle interaction along the whole road
length in urban areas. With a focus solely on the most hazardous locations, zebra crossings
and pedestrian footbridges, subways, crossing buttons, signs, markings, and signals are
placed tactically at the most hazardous locations in urban areas [10].

Pedestrian midblock crossings in urban areas of rapidly growing cities in developing
countries bring significant safety challenges. Although pedestrian decks, tunnels, and
signalized crossings are often present, many pedestrians choose to illegally cross at uncon-
trolled locations. Over the last decade, the growing rates of pedestrian accident rates in
developing cities, especially in Egypt, hit a record [11,12]. Most of these accidents occurred
due to illegal or unsafe crossing behaviors, known as crossing violations [13]. Such a
phenomenon grows in densely populated urban neighborhoods with arterial roads. In
these areas, pedestrians often experience excessive delays waiting for crossing signals.
Despite different crossing facilities, such as pedestrian decks or tunnels, many pedestrians
do not choose to use them for different reasons [14].

Little work has been performed to assess the effect of modeling illegal pedestrian
midblock crossing behavior in Egypt. To the best of the authors” knowledge, there have
been no studies investigating illegal crossing behavior at midblock crossings in Alexandria.
Furthermore, the machine learning method has not been used for analyzing pedestrian
crossing behavior in Egypt. Therefore, gaps remain with regard to methodology, study
area, and data source used (e.g., field video dataset analysis).

Only three research studies have been conducted in Egypt investigating pedestrian
crossing behavior. Okail (2022) [15] studied pedestrian behaviors in developing countries
(Egypt as a case study) using a pedestrian behavior questionnaire and exploratory factor
analysis. Moreover, Sayed et al. (2022) [16] investigated driver” behavior, personal character-
istics, risk perception, and involvement in crashes using the Driver Behavior Questionnaire.

Bayoumi et al. [17] investigated the Pedestrian Behavior Scale (PBS) in Egypt using
confirmatory factor analysis. In addition, they studied pedestrian crossing behavior at five
different midblock locations using video recordings, using logistic regression models, not
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machine learning models, based on socio-demographic characteristics such as gender, age,
using a phone, pedestrian crossing locations, and crossing side.

As a result, the tension between pedestrian needs and safety and operational strategies
reveals a major research gap. This gap drives the need to understand the reasons why
pedestrians ignore safety, even when crossings exist or no immediate danger is present.

To overcome this, comprehensive research on this relationship should be conducted.
Moreover, illegal crossing behavior should also be examined to better understand signifi-
cant related factors, such as perceived crossing time, exact pedestrian destination, average
vehicle speed, distance to the nearest legal designated crossing facilities (e.g., foot over-
bridge, pedestrian tunnels, on-road crossing marking/signs, etc.).

Some researchers [18-24] concluded that males adopt IPCB more often than females.
Other factors, such as habit and attitude, affect IPCB, as mentioned by refs. [25-27].
Moreover, social impact affects IPCB, as mentioned in refs. [13,21,23]. In addition, traf-
fic characteristics, road and environment, and behavior also affect IPCB, as mentioned
in refs. [19,22,24,25,28-33].

The influence of demographic factors on pedestrian safety has been examined in
many considerable studies [34-36]. Various valuable attempts have paid much attention
to investigating the effectiveness of various pedestrian control strategies [37]. Much less
research, however, has addressed crossing violations at midblock locations where many
fatal pedestrian crashes occur. Traditional statistical modeling, such as discrete choice
models and other classical models, provides a reasonable foundation for the interpretation
of behavioral patterns [38].

However, they are often ill-equipped to account for complex, nonlinear interactions
among behavior, temporal, and contextual factors. Recently, the ML revolution has ex-
panded the opportunity for researchers to explore these interactions and identify trends that
may not be captured through traditional modeling. Nowadays, recent research examines
explainable artificial intelligence (XAI) tools to examine illegal pedestrian crossing behavior
(IPCB) at midblock locations in depth.

Today, ML, deep learning (DL), the Internet of Things (IOT) integration, and com-
puter vision (CV) are being used to develop predictive pedestrian accident models for
exploring factors affecting non-compliant pedestrian crossing behavior (NCPCB) [39-41].
Niture et al. [42] developed a systematic review of factors for earlier prediction of col-
lisions using artificial intelligence (Al), ML, reinforcement learning (RL), inverse rein-
forcement learning (IRL), and DL. Furthermore, new data sources such as open sources
like Kaggle [43], road safety maps, and computer vision applications using DL facilitate
tremendous model development using new Al applications [42].

In addition, several ML methods have been developed and applied to model illegal
pedestrian crossing behavior (IPCB) at midblock locations such as AdaBoost, random forest
(RF), extremely randomized trees (ERTs), gradient boosting (GB), support vector machine
(SVM), semi-supervised learning (SSL), decision trees (DTs), neural network (NN), Bagged
CART, Model Trees, extreme learning machine (ELM), multivariate adaptive regression
spline (MARS), Bayesian generalized linear model (BGLM), k-nearest neighbor (KNN),
naive Bayes (NB), and artificial neural networks (ANNSs) [44].

On the other hand, DL has several methods, such as feedforward neural network
(FENN), recurrent neural network (RNN), radial basis function neural network (RBNN),
Kohonen self-organizing neural network (KSONN), modular neural network (MNN),
convolution neural network (CNN), Autoencoder, restricted Boltzmann machine (RBM),
long short-term memory (LSTM), and gradient descent (GD) [45].

The application of machine learning is widely used in pedestrian crossing be-
havior analysis, achieving a statistically acceptable level of accuracy. For example,
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Jun Cai et al. [46] compared machine learning with traditional analytical models and found
that the application of OpenCV image recognition and machine learning methods can ana-
lyze the mechanisms of pedestrian crossing behaviors with greater accuracy (about 92%).
Moreover, Dungar Singh et al. [47] applied random forest, extreme gradient boosting, and
binary logit model, with prediction rates of 81.72%, 77.19%, and 74.95%, respectively, to
analyze pedestrian crossing behavior at unsignalized intersections. They concluded that
the random forest approach is superior to the logit model.

A research study conducted in Jordan in 2024 [48] included over 2400 individual
pedestrians’” demographic characteristics collected at nine signalized intersections. The
model investigated behavioral measures, timing measures, and context characteristics,
primarily using structured field observations and video-based tracking. There have also
been studies that have applied ML approaches to model crossing behaviors [49], but
these studies mainly focus on how to cross, not on the original decision to cross illegally.
Moreover, pedestrian activity patterns were examined and classified using classical ML
approaches, including ANN, SVM, DT, and RF, at nine signalized intersections in three
cities in Jordan (Amman, Irbid, and Zarqa) [48]. The variables were gender, age, carrying
bags, crossing conditions, and mobile phone use.

One of the key measures that have been implemented is the development of a com-
prehensive midblock crossing pedestrian safety action plan through cooperation between
the Texas Department of Transportation (TxDOT) and the Federal Highway Adminis-
tration (FHWA). In addition, pedestrian safety margin and surrogate safety measures
are tested in terms of conflicts and interaction severity [50]. This action plan identi-
fies the riskiest midblock locations across urban corridors based on local crash modifi-
cation factors (CMFs), incorporating site ranking, treatment prioritization strategies, and
enforcement considerations [3]. This analytical study examines the factors directly corre-
lated to the accuracy of the prediction procedure and explores the reasons behind these
predictions. This study relied on using SHAP values and permutation importance to exam-
ine the factors influencing pedestrian crossing behavior through the analysis process [51].
When a strong prediction is linked to interpretability, the obtained results are more reliable
and highly significant.

This research study primarily aims to establish an innate recognition framework
for pedestrian safety by identifying the motivations behind illegal crossing behavior in
developing urban areas. In addition, it does not merely describe pedestrian patterns, as the
findings also provide new ways to reconcile safety requirements with the need to ensure
mobility for people, benefiting transportation planners and policymakers.

This research study, therefore, focuses on crossing behavior at two high-risk mid-
block sites in Alexandria, Egypt, one of the most congested and populated cities in the
Alexandria Governorate. Moreover, it particularly examines the characteristics associated
with illegal crossing behavior on Al-Mahmoudiya Road, a newly redeveloped and highly
trafficked corridor.

Overall, this study attempts to reshape the understanding of pedestrian behavior at
midblock locations in high-speed corridors in a developing country. To achieve the research
objectives, therefore, this study is built upon the following sub-objectives:

e  Identify the important determinants in relation to legal and illegal pedestrian crossing
decisions at midblock locations along major urban roads.

e  Develop and compare multiple ML classification models to predict pedestrian crossing
behavior with high accuracy.

e  Use intelligible tools (e.g., SHAP and permutation importance) to evaluate the com-
parative impacts of behavioral, demographic, and temporal variables.
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e Examine how pedestrians adapt their crossing behavior to compensate for waiting
time, crossing speed, grouping, and age in dealing with infrastructural challenges and
traffic conditions.

e  Assess the generalizability and robustness of ML models in predicting crossing behav-
ior under differing conditions.

e Provide evidence-based support to urban and transportation planners that will assist
them in re-designing midblock environments that will reduce violations and improve
pedestrian safety.

2. Literature Review

The authors summarize previous related studies focusing on the application of ML
and DL on the modeling of IPCB, as mentioned in Table 1. In addition, related studies are
categorized based on population and objectives, models, results, and research outcomes.
Moreover, the authors divided this review into four main categories: First, modeling
pedestrian movements is investigated using Al-aided tools, data collection, simulation
models, etc. Second, the authors address factors affecting ICPB, especially near pedestrian
crossing facilities. These factors are categorized from different perspectives (demographics,
psychological, social influence, traffic characteristics, road and environment, behavioral,
policy, and regional and cultural aspects), as mentioned in Table 2. Third, actions taken by
developing countries to overcome IPCB are presented. Fourth, models developed for IPCB
are discussed, focusing on ML and DL applications.

2.1. Modeling Pedestrian Movements

Understanding pedestrian movements is a crucial point in modeling their illegal
crossing behavior. Thus, simulation of pedestrian crossing behavior at midblock locations
is especially important. Piyalungka S. et al. [52] developed a model using a DL-enhanced
MEIRL prediction trajectory model, which has higher accuracy than traditional DL models.
Furthermore, Yongjie Wang et al. [53] also used the MEIRL-DL model and drone videos,
addressing the efficiency of autonomous vehicles at midblock locations. The authors
in refs. [52,53] concluded that MEIRL-DL has superior accuracy over traditional DL. In
addition, the simulation of pedestrian-vehicle conflict was modeled using ML at signalized
intersections as a strategic game [8]. Subsequently, a proactive approach to reducing
the incidence of crashes and fatalities using Al and surrogate safety assessment was
provided [54]. Additionally, a multiagent system was developed to model pedestrian—
vehicle interaction [54].

Furthermore, CV-enhanced conflict detection and pedestrian simulation using auto-
mated video analysis were investigated [55]. As a result, a novel camera-invariant structure
for predicting pedestrian crossing using trajectory data from CCTV footage was developed.
It consists of Transformer-based models, graph convolutional networks (GCNs), and a hy-
brid Transformer +GCN approach [55]. The identification of risky midblock crossing behav-
ior is also vital from an economic point of view. As a result, saving more lives and prevent-
ing more crashes from happening needs decision tools to detect the most hazardous loca-
tions to implement pedestrian control interventions [10,56]. Prakash S. et al. [57] developed
pedestrian path change behavior models using binary models and ML. Song Kim et al. [58]
used real-time videos, analyzed using ML, and then validated the output using gradient
boosting and logistic regression. Bhagat S. et al. [59] concluded that traditional ML methods
are superior to some DL models. They also deduced that the Albert Model achieved the
highest accuracy with expert classification.
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2.2. Reasons Behind Pedestrians’ 1llegal Crossing Behavior

Illegal crossing behavior exists in poorly designated pedestrian facilities, especially in
developing countries. Developing countries usually neglect pedestrian precautions in road-
way network design, giving greater importance to vehicles [8], unlike developed countries,
which pay more attention to the most vulnerable road users (pedestrians, cyclists, etc.),
who surpass vehicle users in importance [60]. Thus, developing countries suffer from higher
fatality rates due to pedestrian crashes based on the Human Development Index (HDI) [61].

Challenges facing developing countries include limited funding, broken authority,
insufficient data, and informal urban growth [60]. This endangers pedestrians, the most
vulnerable road users, as it fosters illegal actions, which puts them in risky situations where
conflicts with vehicles are likely to happen. However, illegal crossing behavior also exists
in highly pedestrian-friendly road networks due to other reasons [49]. Pedestrians crossing
at undesignated areas exposes them to fatal crash injuries [62,63]. Moreover, pedestrians
often focus on time saving and the shortest distance from the boarding/alighting point to
the final exact destination. Without properly designated crossings, they tend to engage
in illegal behavior at black-spot locations, where there is a high probability of pedestrian
accidents [63]. Furthermore, time pressure or being in a hurry encourages pedestrians to
engage in NCPCB [1]. Signal timing, pedestrian amenities, and social and psychological
factors, including impatience and group behavior, can influence jaywalking [8].

This paper categorizes factors influencing IPCB into eight types, as mentioned in
Table 2:

e  Demographics (age, gender, income, crossing groups, and walking patterns). The
authors in refs. [18-24] concluded that males engage in IPCB more than females. Also,
the crossing time was found to be affected by age and gender. In addition, the mean
crossing speed for elderly pedestrians varies from 0.82 m/s to 1.37 m/s, and young
and middle-aged pedestrians are noted to have crossing speeds ranging from 1.24 m/s
to 2.04 m/s and from 1.37 m/s to 2.11 m/s, respectively. The middle-aged pedestrian
category has a 60.1% higher likelihood of interrupted crossing than older and younger
pedestrians. The male pedestrian category and the middle-aged pedestrian category
are more likely to accept the smallest gap between the vehicles, showing the risky
nature of their crossing behavior.

e  Psychological factors, such as attitude toward risk, habit, subjective norms, perceived
behavioral control, wrong perceptions, convenience, and time-saving motivation. The
authors in refs. [25-27] concluded that IPCB was mainly affected by habit and attitude.

e  Social impact, such as friends’/peers’ perceptions, group size, and social acceptance
of risky crossing. The authors in refs. [13,21,23] concluded that women’s decisions are
highly influenced by their own thoughts, while men’s risky behavior is inspired by
their friends’ perceptions.

e  Traffic characteristics, such as traffic volume, vehicle speed, number of lanes, presence
of vehicles, gap size, headway, and vehicle type. The authors in refs. [13,19,22-24,28-33]
concluded that the size of the vehicle has a significant influence on gap acceptance
and crossing behavior of pedestrians. They also found that traffic volume, pedestrian
red-light time, waiting time, vehicle illegal crossing behavior, and group crossing
decreased the probability of violations by pedestrians.

e Road and environment, such as crosswalk type (e.g., zebra, raised, and signalized),
crossing length, road width, intersection spacing, lighting, and illegal parking. The au-
thors in refs. [19,24,25,28,30,31] concluded that traditional pedestrian safety measures
such as speed cushions or roads narrowing to one lane have a superior impact than
the other measures analyzed. Traffic lights or grade-separated solutions (footbridges
or tunnels) are good measures for decreasing IPCB.
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e Behaviors, such as waiting time, distraction (e.g., phone and headphones), crossing
speed, rolling gap acceptance, and crossing in groups. The authors in
refs. [18,19,22,24,29,31-33,64] concluded that the crossing time was influenced by gen-
der, age, mobile phone use, clothing type, group crossing, crossing point, crossing
path, and the presence of a vehicle. Moreover, the traffic light cycle is an impor-
tant variable that improves the safety of pedestrian midblock crossings. In addition,
parked cars at crosswalks affects the waiting and delay times of pedestrians. Regard-
ing driver behavior, the models indicate that the number of lanes and lane width,
crosswalks” width and length, pedestrian crossing time, vehicle speed, time head-
way, post-encroachment time, and roadside parking are the most significant factors
influencing driver-yielding behavior.

e  Policies, such as law enforcement, surveillance, road safety campaigns, and engineer-
ing measures (e.g., lane narrowing and speed reduction). The authors in refs. [25,30]
concluded that these policies should be used to improve observed behavioral control.

Other researchers have identified several factors that affect pedestrians’ illegal crossing
behavior, such as pedestrian-related social factors like age, gender, employment status,
educational level, and group crossing behavior [65-68]. Furthermore, researchers have
investigated factors that influence where, how, and when pedestrians illegally cross in
midblock sections near pedestrian crossing facilities. Pedestrian speed, waiting time,
vehicle time, pedestrian group size, accepted gap size, and crossing nature are the major
factors that cause conflict and higher interaction severity [50]. Moreover, mobile distraction
is one of the main factors affecting NCPCB [41,69-71].

Moreover, crossing time, pedestrian crossing speed, and distance and time gap per-
ception for safe road crossing within 25 m of overpasses in both directions are the main
factors affecting IPCB [72]. Another trend focuses on physical and psychosocial factors,
such as vehicle type, pedestrian existence, and traffic volume, which substantially impact
IPCB [73]. Pedestrians tend to engage in IPCB when they perceive minimal risk or face a
long waiting time [8]. “Self-enforcement feature” is the main factor affecting the use of over-
pass/underpass foot overbridges (FOBs), while the least cited factor is “Attractiveness” [74].
Moreover, the purpose of the trip, location, time, convenience, and comfort have a strong
positive relationship with the use/non-use of underpasses/overpasses [74-76].

Table 1. Previous related studies focused on the application of ML and DL on the modeling of
pedestrian crossing behavior.

Study

Objective and Model Data Results Outcomes

Piyalungka S. et al.

Predict pedestrian crossing
behaviors at midblock prediction of Accuracy of pedestrian

Pedestrians at Deep MEIRL enhanced

unsignalized midblock

crosswalks and improve . pedestrian trajectory crossing behavior
[52] crosswalks, Xi’an, L ..
safety for autonomous . versus traditional prediction.
. China.
vehicles. models.
Machine learning models, eil\e/s/[triz f(j;gz?n
specifically SVM, can Pedestrian crossing at pbehavior with theg Pedestrian crossing
Cai, Junetal. [46]  predict pedestrian crossing  signalized intersections . prediction accuracy
S . . ) - highest accuracy
probabilities and speeds in in Chinese cities. and speed.
among the

smart cities.
tested models.
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Table 1. Cont.

Study Objective and Model Data Results Outcomes
Pedestrians illegally cross Pedestrians add a
urban midblock roads by factor of 1.25-1.5 to .
Shaaban K. adding a factor of 1.25-1.5 Doha, Qatar. vehicle speed to judge Pedestrian 5ap
etal. [77] . . acceptance behavior.
to vehicle speeds before gaps when crossing
anticipating the gap. illegally.
Drone video and Deep MEIRL Adi:iis;rr;geiftﬁactlent
Yongjie Wang et al. Deep MEIRL and RL. t}'a]ectory features outperforms MEIRL unsignalized midblock
[53] (distance, speed, and based on MAE
. crosswalks for
vehicle type). and HD. .
autonomous vehicles.
Iderﬁ?fﬁi?s?(n of Insights to prioritize
- Heatmaps, Association STATS19 dataset and U8 . safety measures that
Shenggi Liu . . behaviors/locations; .
Rules, PCA, spatial /behavioral data, . enhance pedestrian
et al. [56] . infrastructure
and clustering. UK. . . safety at
influences illegal Lo .
. unsignalized crossings.
crossing patterns.
Waiting time has a
Field data, Path changes are more negaiﬂligge;tl on
Prakash S. Binary logit and ML zebra/no-zebra likely without zebra behfvior and %rogsin
etal. [57] v 108 ’ marking, and waiting marking; waiting time ’ 8

time.

reduces path changing.

stages have a positive
influence on path-
changing behavior.

Dungar Singh1 et al.

[47]

k-Nearest neighbors,
artificial neural networks,
and support vector
machines.

A videographic survey,
India.

Prediction of
pedestrians based on
random forest, extreme
GB, and binary logit
model achieved 81.72%,
77.19%, and 74.95%.

Support for
infrastructure-to-
vehicle interactions,
negotiation of rolling
pedestrian behavior,
and improvement in
pedestrian safety.

Md. Bayezid
etal. [78]

CART, RF, XGBoost, and
logistic regression.

Survey and crosswalk
attributes.

RF best predicts
crosswalk use;
infrastructure and
lighting are key factors.

Support for
policymakers to
develop more efficient
traffic safety measures
in Dhaka.

Madhar M.
Taamneh et al. [48]

ANN, SVM, DT, and RF.

Video and
demographic/spatial
data.

RF is the most accurate;
local infrastructure/
traffic conditions
influence compliance.

Measurable solution to
improve pedestrian
safety dynamically.

YOUNGGUN KIM
etal. [55]

Transformer-based models,
graph convolutional
networks (GCNs), and a
hybrid Transformer + GCN
method.

Camera-invariant
structure for predicting
pedestrian crossing
directions using
trajectory data from
CCTV footage.

The Transformer-based
model achieved an
accuracy of 94.10%,

showing its
effectiveness in
capturing pedestrian
intentions across
diverse scenarios.

The
geometric-invariant
model ensures that the
system is easily
transferable across
intersections by
collecting fewer data.

Song-Kyoo Kim
et al. [58]

Use of real-time video
analysis and ML to
alert pedestrians.

You Only Look Once
algorithm using
video footage.

Validation with
gradient boosting and
logistic regression.

Development of smart
city initiatives that
prioritize safety
through advanced
technological solutions.

Manoguid A.
etal. [79]

Modified Faster RCNN,
Squeeze and Excitation
Network, Feature Pyramid
Network, and Contrast
Limited Adaptive
Histogram Equalizer.

Philippines.

An improvement of the
unmodified Faster
RCNN architecture and
Faster RCNN with a
ResNet50 backbone.

Detects vehicles, but
had difficulty-
detecting pedestrians.
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Table 1. Cont.
Study Objective and Model Data Results Outcomes
1. Traditional ML
H;i;ggi:z?el;:ﬁd Hybrid approaches
SVM, XGBoost, BERT performance compared Coé?;:sr;ii SE;O;ZTEd
Bhagat S. et al. [59] Sentence Embeddings, Iowa, USA with some DL methods. targeted expert review
gat > ’ BERT Word Embeddings, ! ’ 2. The Albert Model o ffegr a2 me thrc)) doloav for
and Albert Model. achieved the highest improvin cragl}i
efficiency with expert Cf ¢ gl'
classifications and ata quality.
original tabular data.
Decision-support tool T};f);lsetiiscstllg of
comprising two The best-performing footbridees ingthe
Eloglu B. [10] complementary stages for Ankara, Ttirkiye. model had an accuracy &

footbridge planning and
design with ML methods.

score of 0.92.

predicted locations was
critically evaluated by
the researcher.

Table 2. Factors affecting illegal pedestrian crossing behavior from the literature.

Factor Category Studies Detailed Factors
Demographics [18-24] Age, g?nde}r (mgles and mlddle-gged are more likely to
commit a violation), group crossing, and walking patterns
Attitude toward risk, habit, subjective norms, perceived
Psychological factors [25-27] behavioral control, wrong perceptions, convenience,
time-saving motivation
Social impact [13,21,23] Friends’/peers’ perceptions, group size, and social

acceptance of risky crossing

Traffic characteristics

[13,19,22-24,28-33]

Traffic volume, vehicle speed, number of lanes, presence of
vehicles, gap size, headway, and vehicle type

Road and environment

[19,24,25,28,30,31]

Crosswalk type (e.g., zebra, raised, and signalized),
crossing length, road width, intersection spacing, lighting,
and illegal parking

Waiting time, distraction (e.g., phone and headphones),

Behavioral [18,19,22,24,29,31-33,64] crossing speed, rolling gap acceptance, and crossing

in groups

Law enforcement, surveillance, road safety campaigns, and
Policy [25,30] engineering measures (e.g., lane narrowing and

speed reduction)
Regional and cultural [21,26] Differences between developed and developing countries,

and local norms

2.3. Actions Taken by Developed Countries to Enhance Safety and Decrease IPCB

Smart pedestrian traffic signals, pedestrian-only zones, raised crosswalks, traffic calm-

ing, and intelligent transport system applications are the most important countermeasures

to ensure pedestrians’ safety [60]. In Sweden, Vision Zero aims at zero fatal or serious
injuries, leading to half of the deaths on Swedish roads [80]. Moreover, Al and ML are inte-
grated to predict and mitigate high-risk intersections [81]. Some authors recommend traffic

calming measures in midblock sections and awareness campaigns to ensure pedestrian

crossing safety maneuvers [73]. Other measures include addressing the consequences of
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and common beliefs regarding IPCB and improving riders” awareness and risk perception
through education and training [82].

As shown in Table 3, several actions and interventions have been conducted by
countries/organizations to enhance traffic safety and decrease IPCB. These actions include
midblock pedestrian signals (MPSs), rectangular rapid flashing beacons (RRFBs), pedestrian
hybrid beacons (PHBs), active warning systems, road narrowing and speed cushions, raised
crosswalks and medians, pavement markings and signage, enforcement and surveillance,
and public awareness.

2.4. Models Developed for IPCB

Many researchers use logit models with all subtypes to model illegal pedestrian
crossing behavior in midblock sections [50,63,83-87]. Other models, such as the Random
Parameter Multinomial Logit Model with Heterogeneity, were developed to study hidden
pedestrian behavior in a low-visibility environment and stressed crossing pedestrians [82].

Consequently, there is an urgent need to adopt a safety system approach (SSA) that
integrates engineering measures with psychological strategies to help risky demographic
groups better comply with legal crossing requirements [82]. On the other hand, Bayesian
combined neural networks (BCNNs), permutation-invariant support vector machines
(piSVM), and distributional auto-replicative random forest (ditARF) models have been
developed to model a dilemma zone passive warning system to model jaywalking [88].

Other researchers have used an ordinal logit model to examine the probability of
occurrence based on a vehicle-scaled risk indicator (VSRI) [50]. Other studies have focused
on surveys, onsite observations, exploratory factor analysis (EFA), and binary logistic
regression (BLR) for modeling IPCB [73]. The Theory of Planned Behavior was applied to
understand factors affecting motorist crossing behavior in Vietnam, applying the structural
equation modeling (SEM) approach [82]. A multiagent adversarial inverse reinforcement
learning (MAAIRL) within a Markov game framework was developed to model pedestrian
jaywalking, representing a dynamic decision-making context [8,54]. Moreover, smaller pre-
dicted time-to-collision (TTC) and post-encroachment time (PET) values, reduced minimum
distances, and faster pedestrian movements in jaywalking compared with non-jaywalking
scenarios have been found in urban areas [8].

Table 3. Actions to enhance safety and reduce IPCB.

Actions Studies Outcomes
Use of adaptive signal systems at midblock crossings
Midblock Pedestrian Signals (MPSs)  [89] substantially decreases pedestrian—vehicle conflicts and

upgrades safety compared with other interventions

Rectangular Rapid Flashing
Beacons (RRFBs)

Use of high-visibility flashing beacons at midblock crossings

[89-911 increases driver yielding rates to over 90%

Pedestrian Hybrid Beacons (PHBs) [89,91]

Signalized crossings with pedestrian-activated phases lower
conflicts and improve safety edges

Active Warning Systems

LED lights and variable message signs alert drivers to
[28,92,93] pedestrian presence, increasing yielding rates and
reducing conflicts

Road Narrowing and
Speed Cushions

Lane narrowing and installing speed cushions to reduce

(28] vehicle speeds at midblock crossings

Raised Crosswalks and Medians [90]

Raised sidewalks and medians slow down vehicles, providing
safe waiting areas for pedestrians
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Table 3. Cont.

Actions Studies Outcomes

Use of red paint, anti-skid surfaces, and clear markings to
increase crosswalk visibility and driver awareness

Pavement Markings and Signage [28]

Deployment of police, ePolice, and cameras to monitor
Enforcement and Surveillance [94] compliance and deter illegal crossing behavior
and non-yielding

Campaigns for pedestrians and drivers about safe

Public Awareness [95] crossing habits

3. Methodology
3.1. Research Framework

This section narrates the methodology considered by the researchers. This methodol-
ogy is illustrated in Figure 1, which provides a sequential process to determine the best
model. This model will investigate key variables affecting illegal pedestrian crossing be-
havior (IPCB) in midblock sections on a major roadway. First, a comprehensive review
of related studies was conducted, and then the study area was determined based on the
researchers’ experience. Second, video-recorded data near midblock were collected to be
analyzed through ML algorithms. Later, data were refined, read, screened, and filtered.
Third, a heatmap of the Pearson correlation coefficient matrix was developed to investigate
cross-correlation between explanatory variables affecting IPCB.
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Literature review of related studies

v

Research obiectives

Study area (Two midblock crossings on Al

Mahmoudiya Road, Alexandria, Egypt)

Data collection (Video recording) and

data reading, screening, and filtering

\ 4

Heatmap construction of Pearson
correlation coefficients
Splitting dataset

I
v v

Training dataset Test dataset

| 7}
v

Application of different ML algorithms

(RF, ET, AdaBoost, GB, and CatBoost)

v

Model evaluation based on performance functions (accu-

racy, precision, F1 Score, Recall, and AUC)

v

Sensitivity Analysis for feature importance

v

Policy implications

Figure 1. Research methodology.

This research study differentiates between two crossing behaviors (legal and illegal),
where legal crossing behavior involves FOB usage and illegal crossing behavior denotes
road crossing in midblock sections. Fourth, data were split into two main groups: the
training dataset and the test dataset. Fifth, five ML algorithms were applied for model
development (RF, ET, CatBoost, AdaBoost, and GB). These models were evaluated based
on several performance functions such as accuracy, precision, AUC, F1 Score, and Recall. Fi-
nally, sensitivity analysis was conducted for feature importance investigations using SHAP.
In other words, we quantified the contribution of each feature to model predictions with
positive or negative impact, as well as the impact value. ML models have superior model
accuracy over discrete choice models, providing deeper insights into IPCB investigation.
This framework also contributes to model sensitivity, focusing on the most effective factors
in model prediction. This sheds light on enhancing pedestrian safety in a sustainable built
environment in a developing country.
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3.2. Machine Learning Models

ML is a field of data science and Al that enables systems to learn and improve from
provided data without surplus software intervention. Moreover, it is classified into these
categories: supervised learning, unsupervised learning, semi-supervised learning, self-
supervised learning, and reinforcement learning [96,97].

e  Supervised ML: The model is trained on a labeled dataset [98], classified into the
following algorithms:

> Regression algorithms predict product values by discovering linear relationships
(e.g., linear regression, RE, and GB).

> C(lassification algorithms predict categorical outcome variables by labeling por-
tions of input data (e.g., logistic regression, KNN, and SVM).

Y

Naive Bayes classifiers enable categorization for huge datasets (e.g., DT).

Y

Neural networks replicate how the human brain works with neural networks,
with a substantial number of linked nodes that can assist in tasks such as
natural language translation, image recognition, speech identification, and
image construction.

> RF algorithms predict a value or category by combining the results from a few
decision trees.

e  Unsupervised ML: Algorithms such as Apriori, Gaussian mixture models (GMMs),
and principal component analysis (PCA), which make inferences from unlabeled
datasets, enabling pattern identification and predictive modeling. Here are the most
used methods [99,100]:

>  K-means clustering assigns data points close to a given centroid into K groups,
and K represents the cluster-based size and level of granularity.

Y

Hierarchical clustering, including agglomerative and divisive clustering.

Y

Probabilistic clustering solves density estimation by grouping data points based
on their likelihood of belonging to a particular distribution.

o  Self-supervised ML: Self-supervised learning (SSL) [101] enables models to train
themselves on unlabeled data, instead of requiring massive annotated and/or
labeled datasets.

e  Semi-supervised learning (SeSL): It offers a combination of supervised and unsuper-
vised learning and is trained on a tiny, labeled dataset and a large unlabeled dataset.
The SeSL model [100] can use unsupervised learning to recognize data clusters, so
it uses supervised learning to label the clusters. The following subsections narrate
the techniques used in this paper for ML, such as RF, ET, AdaBoost, GB, DT, and
cat boosting.

3.2.1. Random Forest (RF)

It is a supervised learning procedure combining the outcomes of multiple DTs to
reach a single output, avoiding overfitting. It applies the bagging technique to create
multiple replaced, randomized datasets [101]. Arunabha Banerjee et al. [102] used RF to
model fourteen locations in Indian cities to study the use or non-use of foot overbridges
(FOBs). They divided the data into 80% for training and 20% for testing. About 100 to
500 trees were tried in RF; the maximum tree depth was fixed at 40. Furthermore, four
distinct scenarios were developed using RF. Training data model performance metrics
included model accuracy, which ranged from 0.7 to 0.96; area under the curve (AUC),
which ranged from 0.7 to 0.98; and mean square error (MSE), which ranged from 0.03
to 0.18. Moreover, for the test dataset, accuracy ranged from 0.74 to 0.96 and AUC from
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0.73 to 0.97. Subasish Das et al. [103] applied RF to classify pedestrian crash types. Model
accuracy reached 0.6 for the training and test datasets.

3.2.2. Extra Trees (ETs)

The conventional batch-mode supervised learning algorithm emphasizes learning
scenarios defined by many numerical input variables and a singular target variable, which
may be either categorical or numerical. Furthermore, it converts tree bagging into the
ET algorithm in case of an infinite number of trees. As shown in Equation (1), an infinite
ensemble of ETs presents an estimate in the form of [104]

N N
g =YY Igy, (X)), Aligroin) [1x 1)
i in=0 xC{xlmx,,} Xj€ex

where the real-valued parameters )L’(‘l.l i) depends on input x; and output y;.
For a one-dimensional input space, the model is transformed into a piecewise linear
model, as shown in Equation (2).

o N x
y(X) = Zilzo I(il) (X) Zxc{xl} /\(il) ijex xj (2)

3.2.3. AdaBoost

AdaBoost combines weak learning algorithms frequently in a sequence slightly more
reliable than random guessing that can be “boosted” into a randomly accurate “strong”
learning algorithm. It can also be a technique acting as functional gradient descent, as a
logistic regression estimate, and as a repetitive game-playing algorithm. It has the potential

for success since it has a “good” base learner with a moral sequence of base classifiers [105].

3.2.4. Gradient Boosting (GB)

It constructs the new base learners to be highly correlated with the negative gradient
of the loss function, linked to the entire ensemble [106]. The authors in ref. [107] narrate
the first attempt at a greedy function estimate, later enhanced and updated by others.
Furthermore, this algorithm depends on the choice of the base learner model and the loss
function, as well as negative gradient computation, followed by fitting the new learner and
then finding the best gradient descent step. Finally, this algorithm involves updating the
function estimate [108].

Banerjee et al. [102] used the GB algorithm to model the use or non-use of pedestrian
FOBs in Indian cities. They proved that GB is a better algorithm than RF and the generalized
linear model in terms of accuracy of training and test data. Subasish Das et al. [103]
developed the Pedestrian and Bicycle Crash Analysis Tool (PBCAT). Furthermore, they
used an extreme GB algorithm to catalogue crash types from the formless textual data
of pedestrian crash locations in Texas, USA. They proved that the XGBoost classifier has
higher accuracy than RF and SVMs, with 77% for trained data and 72% for test data.

Researchers developed a categorization model with respectable accuracy using the
Shapley (SHAP) additive explanation explainable ML approach. Moreovert, a binary classi-
fication task is formulated for legal and illegal crossing behavior using/not using existing
FOBs. Basically, this algorithm is a summation of a group of weak learners. Furthermore,
the data are split into 25% for testing and 75% for training. The following equation shows
the total loss minimization function [109]:

Min 10 = min(y L Hys, 97) + Y (1T +050 Y w?) 3)
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where 1(*) is the chosen loss function, v is the parameter of the penalty for complexity, -y is
the degree of the regularization of function f, T stands for the number of leaves of the tree
model, and w; is the weight of the jth leaf of the tree model.

3.2.5. Decision Tree (DT)

It is used for building classification models to predict the possible value of a specific
known attribute based on the values of input attributes. It is represented by a direct graph
with nodes (input attributes with several branches) and leaves (target attribute value).
Entropy is calculated in Equation (4) [48].

E(S)=— 25:1 pi *log, (p;) 4)

where S is the decision tree building dataset, c is the target attribute’s number of classes,
and Pi is the instance ratio of class I to the total dataset instances. The IG for feature A is
calculated as shown in Equation (5):

v 1S
=15

IG(S,A) =E(S)-)_ * E(Sy) ®)
where n is the value’s feature, S, denotes the instances, | S, | the total number of instances
in |Sy|, and |S| is the total number of instances in S.

3.2.6. CatBoost

This algorithm is an application of binary DT as a base forecaster. The following
equation clarifies the learning task’s goal to train a function H [110]:

I(H):= EL(y, H(x)) (6)
where L is a smooth loss function and (x, y) is a test data point from the dataset.

3.3. Model Validation

To create two separate datasets (training—75%; independent test—25%), the dataset
was first randomly partitioned into two subsets. The training dataset was used exclu-
sively for model fitting and hyperparameter tuning. A 10-fold cross-validation technique
was used to both optimize the model parameters and determine the model’s in-sample
predictive performance.

Upon selecting the final model, it was assessed on the previously held-out independent
test dataset, which had not been used at any stage of model training, tuning, or selection. By
using this two-stage evaluation process, cross-validation supports model selection, while
the independent test dataset provides an unbiased estimate of the model’s out-of-sample
predictive performance.

3.4. Case Study and Data Collection

In Egypt, frequent non-compliant pedestrian crossing behavior is noticed and noted as
a crossing violation. Thus, this behavior contributes to a widespread increase in pedestrian
injuries and fatalities. Dense traffic volumes and higher crossing flows exacerbate the
problem, especially in high-speed major arterials in urban areas [111]. These issues have
created an environment where pedestrians are at even greater risk. Most pedestrians in
Egypt experience real danger, as many feel compelled to cross illegally, avoiding the use of
legal means. This underscores the importance of implementing measures that have already
proven effective elsewhere in reducing such risky behavior. When pedestrian crossings are
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safer and easier to use, people tend to rely on them more, and the rate of illegal crossing
behavior declines accordingly.

In Egypt, in 2024, based on the annual bulletin results of cars and train accidents,
about 2125 pedestrians (crossing the road) died, which indicates that they are the most
vulnerable road users [112], while vehicle passengers or drivers (the passenger) came in
the last place with a number of 1174 deaths in 2024 [112].

Also, 20752 pedestrians were injured out of 76362 total injuries in Egypt [112]. Alexan-
dria had a considerable share about 3.9% of total Egyptian injuries, out of which about
37.7% were pedestrians. Moreover, 7.3% of total Egyptian road accident deaths were from
Alexandria. In addition, about 66% of accident deaths in Alexandria were pedestrians.
Contrarily, Alexandria suffers from governmental ignorance, as it only has 1.1 ambulance
centers per 100,000 inhabitants and 0.6 ambulances per 25,000 inhabitants, but it is the
second largest city in Egypt [112]. Thus, this situation underscores the urgent need to study
the causes of pedestrian accidents and illegal crossing behavior [104-106].

Alexandria has ongoing traffic congestion challenges, and some mitigation efforts may
be challenged by unsafe pedestrian behavior [113]. Thus, the city introduced several safety
measures, such as pedestrian bridges, tunnels, and signalized crossings, to reduce fatal and
serious crashes. Despite the notable efforts, illegal crossing behavior is still widely common
at the observed locations, even along high-speed corridors such as Al-Mahmoudiya Road.
Two midblock crossings along Al-Mahmoudiya Road were selected as realistic case studies.
These locations experience severely risky pedestrian crossing behavior, which underscores
the urgent need for action.

Site 1 is in Hadara, and Site 2 is in the Hagar Nawatiya area along Al-Mahmoudiya
Road, as illustrated in Figure 2. Item (a) in Figure 2 shows the location of Egypt in the
middle east, while item (b) indicates the location of Alexandria city in Egypt, and item
(c) indicates Alexandria boundary, while item (d) illustrates the location of the study area
location in Alexandria city. The two sites captured in the video recordings at Site 1 and Site
2 are illustrated in Figures 3 and 4, respectively. The concrete narrow road barrier fails to
hinder illegal pedestrian crossing behavior. Moreover, both study sites experience high
traffic rates, with a higher speed limit, enhancing IPCB-related accidents.
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Figure 3. The characteristics and a screenshot from the recorded videos at Site 1.
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Figure 4. The characteristics and a screenshot from the recorded videos at Site 2.

About 2400 individual pedestrian data were extracted from two sites using video
tracking in October 2023, with a detailed evaluation of pedestrian crossing behavior. The
recordings reveal the exact waiting time and interactions with vehicular traffic in the
background of the video. A structured observational survey was incorporated to document
pedestrian crossing behavior and was conducted through manual documentation by trained
field coders and subsequent video observations. The observations were made during peak
hour to account for the pedestrian interactions under heightened stress. The recorded
data were segmented into demographic characteristics: gender and age group; crossing
behavior: legal vs. illegal; situational factors: use of cell phones while crossing and group
size; risk signs: number of crossing attempts; and temporal features: waiting time, time to
cross, and total time crossing.

Each pedestrian was assigned a distinct Pedestrian ID and coded consistently across
all observations in the dataset. Moreover, key performance measures were calculated, in-
cluding average pedestrian waiting time, crossing time, and vehicle-pedestrian interaction.

The model includes nine independent variables: gender, age, cell phone usage during
crossing, pedestrian group size, number of crossing maneuvers attempted, the presence
of children accompanying the pedestrian, conflicts with vehicles, pedestrian waiting time
(in seconds), and pedestrian crossing time (in seconds). Key findings from descriptive
statistics are shown in Figure 5a—i. Figure 5a indicates the gender distribution. Figure 5b
illustrates the location distribution. Age distribution is highlighted in Figure 5c, while the
split of the data according to children accompanied with the pedestrian during crossing
is presented in Figure 5d. The usage of cell phone analysis during crossing is described

in Figure 5e. The analysis of platoon crossing is demonstrated in Figure 5f. Figure 5g
illustrates the number of crossing trials conducted by the pedestrian before successfully
completing the road crossing. Figure 5h,i presents the analysis of total crossing time
(including waiting and crossing time) and the crossing time, respectively. The data analysis
are summarized as follows:

e A total of 80% of the pedestrians showed illegal crossing behavior.
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e A total of 77% of pedestrians at the Hadra midblock crossing crossed illegally, while
83% of pedestrians at Hagar Nawatiya crossed illegally, showing the worse FOB
accessibility of the second crossing.

e A total of 58% of the pedestrians were male, while 42% were female.

e A total of 80% of males crossed illegally, and so did females.

e  The largest age group was 20 to 40 years old, representing 63% of the sample, 80% of
whom engaged in illegal crossing behavior, showing the risky choice tendency of this
age group. The same manners were found in the age group 40-60 Y, with 95% of them
crossing illegally.

e A total of 6% of pedestrians were using a cell phone while crossing. Moreover, 84% of
them crossed illegally. Furthermore, about 80% of pedestrian crossing without using
a cell phone crossed illegally, indicating that cell phones are not the main reason for
risky behavior.

e A total of 61% of pedestrians crossed the road individually, while 25% crossed in pairs,
and 14% crossed in groups of three or more. About 81%, 78%, and 80% of individual
pedestrian groups consisting of one person, two persons, and three or more persons
crossed illegally, respectively. This pattern shows that the pedestrian has the intention
to cross illegally for various reasons.

e A total of 11% of pedestrians had a child with them while crossing. Almost 80% of
them engaged in illegal crossing behavior.

e The average waiting time before crossing illegally was approximately 4.88 s.

e The average crossing time was 34.5 s for crossing illegally, compared with 44.6 s for
crossing legally via pedestrian bridges.

Participants” age group and gender were collected through direct self-report rather
than observer estimation or inference. Respondents selected their age category and gender
from a predefined list of options, thereby eliminating subjective classification by researchers
and reducing the risk of systematic misclassification. Records with missing or inconsistent
demographic information were excluded from the analysis. Accordingly, the dataset reflects
age and gender based on participants’ self-identification rather than external assumptions,
which minimizes classification bias and enhances the reliability of age and gender as
explanatory variables.
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Figure 5. Analysis of variables versus legal or illegal crossing behavior.

All behavioral variables were defined before coding to ensure consistency and repli-
cability in both data collection and analysis. The term “crossing attempt” was defined
as any instance in which a pedestrian moved from the sidewalk into the roadway with
the intention of crossing, including unsuccessful attempts. A “successful crossing” was
recorded when a pedestrian reached the opposite curb or a designated refuge area without
external help. The term “conflict” referred to an interaction between a pedestrian and a
vehicle in which the two entities approached one another closely in time and space, such
that one or both engaged in observable evasive behavior. This included driver responses,
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such as braking, abrupt deceleration, swerving, or stopping, as well as pedestrian responses,
including hesitation, retreat, acceleration, or evasive movement to avoid collision.

The dependent variable was defined as the crossing mode (legal or illegal). The
number of crossing attempts refers to the observed attempts by a pedestrian trying to
cross between conflicting vehicles before finally deciding to cross the road after finding an
acceptable gap from the pedestrian’s perspective. This variable was included in the model
as a continuous variable. This episode-based classification ensures that the model captures
the decision process associated with each crossing event rather than aggregating behavior
across persons, which would mask short-term situational effects such as gap availability,
traffic flow, and time pressure.

3.5. Representativeness and Generalizability of the Case Study

This research study focused on two midblock locations along the Al-Mahmoudiya
Road corridor in Alexandria. These sites were selected because they showed considerable
pedestrian risky crossing behavior, but they share key characteristics with many midblock
locations in large urban areas across low- and middle-income countries. These shared char-
acteristics include (a) high vehicular traffic volumes, (b) elevated vehicle speeds, (c) limited
formal at-grade pedestrian infrastructure, (d) strong pedestrian demand generated by
surrounding mixed land uses (e.g., shopping, banking, dining, and daily errands), and
(e) pressure to minimize waiting time and walking effort.

However, several site-specific attributes may differ across locations and could explain
variations in observed crossing behavior, such as the placement of pedestrian bridges,
roadway width, and the presence or continuity of median barriers. These physical features
influence perceived convenience and accessibility and may shape pedestrians’ crossing
decisions differently across different contexts.

The research results should be interpreted as behaviorally representative of midblock
crossing in high-density, high-speed urban arterials characterized by high pedestrian de-
mand and significant perceived considerations associated with the physical effort required
to use grade-separation crossing facilities.

Therefore, this study offers insights into the key behavioral mechanisms that influence
pedestrians’ decisions to cross outside designated facilities under constrained urban condi-
tions, particularly those related to time pressure, exposure duration, and physical effort
needed for grade-separation crossings.

4. Modeling Results

First, the researchers studied the intercorrelation between the variables measured to de-
termine which among them have the highest importance to be included in the models. Thus,
a Pearson correlation matrix was developed, as shown in the heatmap in Figure 6. This
heatmap shows that pedestrian crossing time and total crossing time are the most impor-
tant variables (Pearson correlation coefficient of 0.95), followed by the number of crossing
attempts and pedestrian waiting time to cross, to be included in any developed model.

Data were divided into two parts, training data (representing 75% of the data), and
test data (representing 25% of the data), for model training using several classifiers. The
prediction models were assessed using a confusion matrix. It involved four class occasions
(true positive (TP), true negative (TN), false positive (FP), and false negative (FN)). Fur-
thermore, the accuracy rate is one of the most important measures to evaluate a classifier’s
performance. It represents the ratio of correctly grouped occurrences with respect to all oc-
currences, according to Equation (7). Moreover, another important measure is Recall, which
represents the ratio of occurrences that have been correctly categorized as positive accord-
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ing to all positive occurrences and can be calculated as mentioned in Equation (8), while
precision and F1 Score can be estimated with Equations (9) and (10), respectively [48,109].
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Figure 6. Heatmap of Pearson correlation coefficients.

Model accuracy is one of the most important measures for model assessment. Table 4
shows the accuracy and F1 Score of different ML classifiers. It is worth noting that LGBM,
Bagging, LinearSVC, calibrated classifier, and DT have the highest model accuracy and F1
Score, with almost 0.97.

Table 4. Machine learning models’ assessment.

Model Accuracy F1 Score
LGBM Classifier 0.97 0.97
SGD Classifier 0.96 0.96
Bagging Classifier 0.97 0.97
Linear SVC 0.97 0.97
Calibrated Classifier CV 0.97 0.97
Decision Tree Classifier 0.97 0.97
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Table 4. Cont.
Model Accuracy F1 Score
Quadratic Discriminant Analysis 0.92 0.93
svC 0.95 0.95
Logistic Regression 0.96 0.96
Perceptron 0.95 0.95
Random Forest Classifier 0.93 0.93
Linear Discriminant Analysis 0.93 0.93
Extra Tree Classifier 091 091
K Neighbors Classifier 0.9 0.9
Label Propagation 0.89 0.89
Label Spreading 0.89 0.88
Ridge Classifier 0.9 0.9
Ridge Classifier CV 0.9 0.9
Nearest Centroid 0.69 0.72

Furthermore, Table 5 shows the model results for the best estimators. It is noted that RF,
ETs, and DT have the highest training accuracy, with 0.99, but GBoost and CatBoost have
the highest accuracy for testing models to estimate the likelihood of pedestrian crossing
behavior in midblock sections. In addition, precision, as mentioned above, refers to model
accuracy and effectiveness. Therefore, DT and ETs have the highest training precision,
while CatBoost has the highest test precision.

Table 5. Machine learning models’ results.

Classifier Training Test Training F1  Test F1 = Training Test Training Test Training  Test
Acc Acc Score Score  Precision Precision Recall Recall Acc Acc

1 RF 0.99 0.94 0.98 0.91 0.97 0.92 0.99 0.9 0.99 0.9
2 ETs 0.99 0.92 0.98 0.88 0.98 0.9 0.99 0.86 0.99 0.86
3 | AdaBoost 0.86 0.83 0.81 0.78 0.78 0.76 0.87 0.84 0.87 0.84
4 | GBoost 0.97 0.97 0.96 0.95 0.94 0.93 0.98 0.97 0.98 0.97
5 DT 0.99 0.96 0.98 0.94 0.98 0.93 0.99 0.94 0.99 0.94
6 | CatBoost 0.98 0.97 0.98 0.96 0.96 0.94 0.99 0.97 0.99 0.97

The ROC curves were created by translating the model-predicted probabilities into
class labels using different thresholds. Moreover, the AUC (area under the curve) is a
metric to quantify a model’s performance. Each fold gives an AUC value, which is also
illustrated on the label of each ROC curve. Finally, Figures 7 and 8 show different ML
models calculated for the training and test sets. For the training set, RF, DT, and CatBoost
are the most suitable models that have the highest AUC value (0.99), while AdaBoost has
the lowest AUC value (0.87). Moreover, for the test set, CatBoost and GBoost have the
highest AUC value (0.97). All developed models have a consistent split ratio (25% for test
data) and the same number of folds. More folds will determine the standard deviation
of the average AUC value for each model type. The AUC model variation for the same
type of model under different seeds demonstrates the initial conditions” impact and model
randomness in the training and validation process.
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Figure 7. ROC curve for training data.
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Figure 8. ROC curve for test data.
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Sensitivity Analysis and Feature Importance

Permutation importance is a technique for evaluating the influence of a variable on the
efficacy of predictive models, fundamentally relying on the concept of randomizing each
feature’s value and analyzing the resultant impact on model performance. Other feature
importance techniques, such as permutation importance, are model-agnostic, indicating
their applicability across any model. The model is first trained on the original dataset,
followed by an evaluation of its performance.

Subsequently, for each variable, the values inside that variable column are randomly
permuted while maintaining the integrity of the other variables, and the performance is
re-evaluated to document the variation in model efficacy. Furthermore, the permutation
relevance of a variable is often defined as the disparity between the original and after-
shuffling performance.

To mitigate the influence of randomness, it is necessary to repeat this operation numer-
ous times, and the mean variation in performance is regarded as the permutation relevance
of that variable. After model evaluation, SHAP is used to quantify the contribution of each
feature to model predictions.

Feature importance was ranked within the CatBoost model, as it was the best-
performing model with the highest AUC, ROC, accuracy, and precision.

As shown in Figure 9, pedestrian crossing time (s) has the highest SHAP value
(almost 3), followed by total time (s), (with a SHAP value of almost 2) and age (SHAP of
almost 0.6), indicating that pedestrian crossing time (s) has the most substantial impact
on model predictive outcomes. As shown in Figure 10, pedestrian crossing time (s) has
the highest impact on pushing the model prediction towards a higher class (e.g., legal
crossing behavior). Contrarily, total time and age category (40 to 60 years) have the highest
negative impact on the model, which pushes the model towards the lower class (e.g., illegal
crossing behavior).

Pedestrian Crossing time (s)
Total Time (s)

40 <Age < 60

Pedestrian platoon

10 <Age <20

20 <Age <40

Age<10Y

Gender

Children accompanied

Age > 60

Usage of cell phone

0.0 0.5 1.0 L5 2.0 2.5 3.0

mean(|SHAP value|) (average impact on model output magnitude)

Figure 9. SHAP for different the variables considered (CatBoost model).
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Figure 10. Sensitivity analysis of variables using SHAP (CatBoost model).

5. Discussion and Policy Implications

Based on the results, a deeper understanding and actionable insights into pedestrians’
crossing behavior can obviously be gained. Different observations, e.g., high traffic speed
and few crossing opportunities, were examined. Moreover, the case when high urban
density creates an obstacle to crossing was also considered. The CatBoost and gradient
boosting results show that crossing outside pedestrian crossings is not simply an impulsive
decision. Compared with other similar studies, as shown in Table 6, the results for XGBoost
reach 77%, and those for RF reach about 81%, indicating results similar to this paper.

Table 6. Comparison of results between different models.

STUDY

Model Used Results

Albert S. [114]

Stepwise multiple linear regression (MLR)
vs. artificial neural network (ANN) for
gap-acceptance model

ANN, R? = 0.79 (better than
MLR’s R? = 0.52)

Cai C. etal. [115]

Reinforcement learning with

; > 0.
post-encroachment time Success rate > 0.8

Zhang C et al. [116]

Neural networks, random forests, and other Accuracy of over 90% was reported for

Refs. [41,46,48,117,118]

ML + unsupervised clustering many tasks
Random forest, XGBoost, binary logit, SVM,
k-NN, Convolutional Neural Networks RE, ~81.7%; XGBoost, ~77.2%; logit,

(CNN), the light GBM, and ANN were ~75.0%, CNN, 94.93%, the light GBM, 80%,
also tested

Jin C. etal. [119] XGB and Light Gradient Boosting (LGB) Success rate > 0.8
Younggun Kim et al. [55] GCN and Transformer Accuracy ranged from 81% to 87%
. Advanced ML-based Pedestrian Crossing Accuracy (GB = 0.9, LogR = 94%,
Song-Kyoo Kim et al. [55] Alert System RER = 89%, and SVM = 89%)
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Table 6. Cont.
STUDY Model Used Results
Accuracy (XGBoost = 87%, sVM = 86%, BERT
Sudesh Bhagat et al. [59] Different ML models Word Embeddings = 82%, BERT Sentence

Embeddings, and Albert Model = 88%)

Qinyu Sun et al. [120]

Accuracy (RF and SVM = 87% and

Different ML models LSTM = 91%)

The considered crossings are crossings in the normal sense of the term which have a
normal shape depending on numerous observable factors but which are not necessarily
considered in pedestrian safety. The crossing time was a factor strongly correlated with
the probability of crossing outside crossings; this highlights how important the notion
of time is for pedestrians to move efficiently in the urban environment. They have to
continuously balance roads with high traffic density, the advantage of time saving given
by a direct crossing bringing them to a point where it is possible to cross the roadway,
and the increased travel time they need in order to safely access ad hoc facilities and
crossroads with heavy traffic several times. It should never be seen as risky behavior on
their part; the findings of this study reveal that in terms of pedestrian movement, this is
rational on the part of pedestrians in their constrained environment. The machine learning
models emphasize that crossing illegally is not a random or impulsive violation but an
action shaped by underlying factors. Such type of crossing represents adaptive behavior
shaped by the shortcomings of the current system. The outputs not only produce accurate
predictions, but they also provide actionable insights that function as a practical behavioral
decision map.

The total crossing time reinforces this finding, indicating that pedestrians explicitly
evaluate the likelihood of crossing before beginning the action. Those who believe they may
be exposed for long periods are more likely to use legal facilities, but those who think they
can cross quickly—either based on their own experience or because of traffic behavior—
may exhibit risky behavior initially. The 40-60 bracket is an important observation: this
demographic could be more risk-averse but also more limited in their physical effort
to access pedestrian bridges. Conventional safety interventions often overlook subtle
concepts related to physical discomfort, a concept that emerged clearly in the model as a
consideration of importance.

The propensity to overfit of the random forest and decision tree models indicates that
some learning methods are extremely sensitive to aspects of site-specific characteristics;
however, the stability of findings for CatBoost, gradient boosting, and SHAP reinforces
the stability of the identified behavioral drivers. The SHAP results verify clear directional
effects: shorter waiting time and more crossing attempts. Furthermore, reduced overall
exposure time consistently shifts the model toward illegal behavior.

The proposed models show clear evidence of the social amplification effect. Pedestri-
ans in small groups tended to take more risks, drawing confidence from the presence of
others, even without consciously relying on their support. Although vehicles were included
as features in the dataset, the models identified them as being weak indicators of risk in
pedestrian crossing.

In dense urban corridors, this is to be expected, as close encounters are part of the
norm. When danger is an everyday occurrence, near misses become trivial components of
routine street navigation. The heatmap supports these findings and shows close correlations
among waiting times, attempts to cross, and crossing speeds. All of these indicate how
pedestrians adapt their navigation.

Based on the results, we can conclude that pedestrians’ behavior at midblock crossings
in evolving urban centers cannot be explained purely by the concept of environmental
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friction, by the mere presence of infrastructure, or by logical adaptation in isolation. It is a
combination of these forces working in union.

Considering the data collected up to October 2023, the ML models demonstrate the
ability to capture real-time decisions made at specific moments. They not only produce
accurate information but also classify data based on predicted behavior to support the
design of future models.

The key insights are as follows:

o  Time efficiency supersedes pedestrian decision making: Crossing time was consistently
demonstrated to be the strongest predictor; pedestrians prioritize exposure time to
crossing rules over their formally defined behaviors.

o  Crossing illegally is a planned act, not reactive: Pedestrian decision making factored
in the speed of traffic, gaps, and distance, representing a consideration of tradeoffs
that reflect a decision-making process that responds to a context.

e  Short waiting times indicate higher risk aversion: Individuals who wait a brief time
before beginning to cross are more likely to indicate a willingness to take risks when
crossing fast-moving traffic streams.

e  Multiple crossing attempts reinforce risk-taking behavior, rather than just one attempt:
All subsequent crossing attempts indicate pedestrian behavior is learning-adaptable,
becoming more confident with less sensitivity to danger.

e  Larger groups indicate a higher likelihood of taking risks: Individuals crossing in pairs
or small groups increase collective confidence and reduce hesitation while engaging
in illegal middle-of-the-street crossing behavior.

e  Age of pedestrians gives complexity to decision making: Individuals aged 40-60 have
mixed behavior, being more cautious but more deterred by the physical demand to
use pedestrian bridges, increasing the likelihood of violation.

e  Vehicle conflicts are desensitized in dense environments: The frequency of near con-
flicts is small and has limited relevance as a predictor, indicating pedestrians are
desensitized to near conflict hazards.

o lllegal crossing behavior results from friction within the built environment, not ig-
norance about crossing laws: Pedestrians’ awareness, for example, did not dictate
pedestrian crossing to be legal; instead, pedestrians’ understanding led them to cross
towards medians according to distance and placement.

e  Predictable flow of traffic properties leads to violations: Pedestrians are more likely to
ignore the law and traverse through gaps in a predictable flow of traffic movement.

e Time on the roadway provides greater influence than the volume of traffic: It was not
the number of cars in the proportional distance that was observed to have an influence
but the assigned time in the roadway, whether the crossing behavior was legal or
illegal, which was strongly associated with crossing influence.

e  Risky crossing develops in response to dysfunction of infrastructure: Illegal midblock
crossing behaviors develop through systemic shortcomings rather than
deviant disposition.

e  Behaviors share patterns across similar midblock conditions: The relative stability of
variable importance across models indicates that these findings are transferable across
similar road conditions within other developing countries.

Policy Implications

Based on the main findings of this research study, applicable related policies can be
developed for transportation and urban policymakers in developing nations as follows.

First, the findings from this investigation hold major implications for transportation
and urban policy in developing cities around the world. First, planning decisions must be
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based on actual pedestrian behavioral patterns instead of design intentions. Pedestrian
bridges should be built at locations where pedestrians walk across the street, not in places
where planners expect them to walk. This means that you need to systematically observe
pedestrian behavior, base your intervention decisions on data, and be willing to modify the
original corridor layouts. Planners themselves should pay much attention to minimizing
vertical circulation costs (ramps, elevators, slope, or linked access) that significantly increase
the time cost of crossing legally. In many places, reducing this cost would be sufficient to
make pedestrian cross legally.

Second, we should consider reducing perceived inconvenience to be a guiding princi-
ple of midblock safety interventions. Providing a shaded walkway, a pathway that feels
like a shortcut, good lighting, or an escalator will motivate pedestrians to cross a bridge by
decreasing the travel effort.

Policies to decrease vehicle speed when vehicles travel down higher-risk segments
of the road, adjust the width of road lanes, implement speed enforcement cameras, and
deploy raised medians to create other potential vehicle speed changes (while you adjust
the road design) will influence pedestrian risk and crossing opportunity.

Third, transportation agencies need to focus on behavioral responses. Campaigns
targeting an audience, especially middle-aged women who have well-known mixed ob-
servance of caution and constraints, can increase awareness of the illegal consequences of
crossing a roadway.

The fourth aspect is that bridge design guidelines should use universal design guide-
lines to ensure that entire user groups, such as older pedestrians, people with mobility
limitations, and parents with children, can use the bridge. Providing rest areas, man-
ageable slopes, or visually continuous routes can make legally designated paths more
visually appealing.

Finally, planning for a sustained future should involve simulation-based evaluation
tools. Policies can benefit from the incorporation of pedestrian behavior models, like those
developed in this study or models that may have been developed previously, into a platform
to evaluate design alternatives and predict behavioral responses before implementation.
Implementing evidence-based approaches can promote better decision making for designs,
focused enforcement efforts, and integrated safety procedures that directly observe the
behavioral mechanisms verified through the built models.

This research study offers valuable policy implications, which should be applicable
in similar contexts in which the data were gathered. The analysis was conducted using
only a few sites located in one large metropolitan area, and the sample size reflects the
behavior of a specific group of individuals within a limited geographic, operational, and
cultural context.

Therefore, while developing cities may have similar characteristics to the study sites,
the results should be verified. The results can serve as an indication of the mechanisms
impacting behavior in areas with high urban population density and high pedestrian
demand but limited formal crossing opportunities.

When applying these results to other locations, it would not, therefore, be wise to
consider them universally applicable recommendations, and local adaptation and empirical
validation should take place prior to any policy implementation elsewhere.

6. Conclusions

This study underscores a deep understanding of illegal pedestrian crossing behavior
at midblock locations in a dense urban built environment. In addition, identification of
key factors affecting this behavior, such as pedestrian crossing time (s), total time (s), and
age group (40-60 Y), are the main contributing factors pushing model prediction towards
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illegal behavior. ML methods deeply infer hidden factor layers not clarified in traditional
discrete choice models.

A comprehensive suite of ensemble and tree-based ML models, including random
forest, extra trees, decision tree, AdaBoost, gradient boosting, and CatBoost, was system-
atically evaluated. Among these, CatBoost demonstrated clear superiority in predictive
performance and generalization capability, achieving an accuracy of 0.98, an adjusted
F1 Score of 0.975, a precision of 0.96, and a Recall of 0.989. The robustness of this model
was further confirmed by AUC values of 0.99 for the training dataset and 0.97 for the
test dataset, indicating minimal overfitting and strong discriminative power. This level of
performance represents a substantial advancement over commonly applied statistical and
econometric pedestrian behavior models reported in the prior literature.

Beyond prediction, a key methodological contribution of this research study is the
application of sensitivity analysis and SHAP-based explainability to interpret model behav-
ior. Feature importance results consistently identified pedestrian crossing time, total travel
time, and the 40-60 year age group as the most influential predictors of illegal crossing
behavior. SHAP analysis quantified these effects with values of approximately 3, 2, and
0.60, respectively, providing transparent attribution of model decisions. Importantly, SHAP
sensitivity results revealed that the higher total time and the 40-60 year age group exert
negative influence, increasing the likelihood of illegal crossing behavior. This behavioral
asymmetry offers new empirical insights into time-pressure-driven risk taking that are not
directly observable through aggregate statistical inference.

From an applied perspective, the findings demonstrate that CatBoost constitutes
a highly effective and scalable analytical tool for diagnosing illegal pedestrian crossing
behavior near midblock foot bridges. The results also expose critical deficiencies in current
FOB design, particularly in addressing pedestrian comfort, accessibility, and directness of
movement. The prevalence of illegal crossing behavior within short walking distances from
FOBs highlights the disconnect between infrastructure provision and actual pedestrian
needs. Accordingly, FOBs should be complemented with user-oriented design elements
such as ramps, elevators, adequate lighting, and seamless inlet and outlet connectivity to
public transport stops, major destinations, and urban landmarks.

Finally, this study advances policy discourse by emphasizing that pedestrian-friendly
infrastructure alone is insufficient to maximize FOB utilization and safety outcomes. Ef-
fective mitigation of illegal crossing behavior requires an integrated strategy combining
improved geometric design, targeted law enforcement, educational and behavioral aware-
ness campaigns, and Al-driven monitoring and decision-support tools. Complementary
enforcement measures, including physical sidewalk barriers, median island treatments,
and controlled parking restrictions within the effective influence zone of FOBs, can further
discourage unsafe crossing. Collectively, these interventions support safer pedestrian mo-
bility, promote active travel, and contribute to resilient and sustainable urban environments
aligned with smart city objectives.

While this study offers insights into the key behavioral factors influencing pedestrians’
risky crossing behavior at midblock crossings supported by grade-separation pedestrian
facilities, it is recommended to enrich the study outcomes by expanding the case studies to
include different contexts, regions, income levels, road categories, etc.

On the other hand, it is recommended to develop choice models using traditional
approaches (e.g., binary logit) and conduct a comparison with the ML method to quantify
the superiority of ML over traditional modeling.
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Abbreviations

The following abbreviations are used in this manuscript.

Al artificial intelligence

AUC area under the curve

ANN artificial neural network

BCNNs Bayesian combined neural networks
BGLM Bayesian generalized linear model
CMF crash modification factor

CNN convolution neural network

DT decision tree

DL deep learning

ditARF distributional auto-replicative random forest
ETs extra trees

EFA exploratory factor analysis

ERTs extremely randomized trees

ELM extreme learning machine

FHWA Federal Highway Administration

FpP false positive

FN false negative

FFNN feedforward neural network

GB gradient boosting

GMMs Gaussian mixture models

GD gradient descent

GCN graph convolutional network

HDI Human Development Index

IPCB illegal pedestrian crossing behavior
10T Internet of Things

IRL inverse reinforcement learning

KNN k-nearest neighbor

KSONN  Kohonen self-organizing neural network
LMICs low- and middle-income countries
LST™M long short-term memory

MAAIRL  multiagent adversarial inverse reinforcement learning
ML machine learning

MNN modular neural network

MSE mean square error

MARS multivariate adaptive regression spline
MPS midblock pedestrian signals

NN neural network

NCPCB non-compliant pedestrian crossing behavior
NB naive Bayes
piSVM permutation-invariant support vector machines
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PET post-encroachment time

PHBs pedestrian hybrid beacons

PCA principal component analysis
RRFBs rectangular rapid flashing beacons
RL reinforcement learning

RNN recurrent neural network

RBNN radial basis function neural network
RF random forest

RBM restricted Boltzmann machine

SVM support vector machine

SeSL semi-supervised learning

SHAP Shapley additive explanation

SSA safety system approach

SEM structural equation modeling
TxDOT Texas Department of Transportation
TTC time to collision

P true positive

N true negative

VSRI vehicle-scaled risk indicator

XAI explainable artificial intelligence
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