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Abstract - The rapid growth and complexity of urban traffic necessitate advanced solutions to enhance pedestrian safety,
particularly at zebra crossings. This research presents a comprehensive framework that integrates Reinforcement Learning (RL)
and context-aware prediction to achieve accurate, real-time pedestrian behavior forecasting. The proposed model is dynamic as
it uses deep learning solutions, such as Deep Q-Learning (DON) and Proximal Policy Optimization (PPO), and adjusts to the
changing urban environment based on the given context of the time of the day, weather conditions, and traffic lights. Evaluation
of the model based on the Pedestrian Intention Estimation (PIE) dataset shows that the developments of the model have strong
performance, with an accuracy of 92.5, a precision of 91.1, a recall of 90.3, and an F1 score of 90.7. It performs better than the
current models regarding computational efficiency and faster inferences for real-time deployment with reduced memory
consumption. Adaptive learning in constant updates and smooth integration with the traffic management systems towards
proactive safety approaches are primary contributions. The framework, in addition to improving traffic safety in the cities and
aiding in the development of autonomous vehicle systems, also identifies other areas for future research topics, such as

controlling the unpredictable actions of pedestrians and managing consumption rate aspects at a larger scale of challenges.

Keywords - Pedestrian behavior prediction, Reinforcement learning, Context-aware prediction, Urban traffic safety, Real-time
analysis, Autonomous vehicles.

1. Introduction

Prediction of the actions of pedestrians at a zebra crossing
is a required element of the safety of pedestrians in city traffic
and the development of opportunities for self-driving vehicles.
[1]. This has evolved over the years, and nowadays one can
find intricate models using computer vision and machine
learning as opposed to crude methods of observation. The
research has been anchored on the earlier research, including
one in which a bottom-up pose-estimation framework utilizing
Convolutional Neural Networks (CNNs) was used to classify
the poses and movement of pedestrians. [2]. Further, the
transfer learning, along with the use of pre-trained models in
the context of Predictive Pedestrian Analytics on Safety
Enhancement (PPASE) [3], has also helped in the framework
of real-time prediction of pedestrian behaviors. These
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measures have enhanced our intelligence and capacity in
situations of predicting the actions of humans on the road;
there are several traps that may be required by prior studies
and creative use.

Giving real-time relevance through computer complexity
reduction, data speed, and reduction of latency; balancing
accuracy in the various environmental factors determined by
weather, evolving urban infrastructure, and unpredictable
human behaviour; and giving applicability in terms of
different designs and infrastructures, and data given by
different urban environments are the main selected dilemmas.
The presented paper [4] incorporates those difficulties with the
help of reinforcement learning and context-sensitive
prediction, applying adaptive learning methods to the
increased accuracy of real-time prediction, paying attention to
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the involvement of the contextual data and the possibility of
obtaining more accurate models applicable in different urban
settings [5].

Pedestrian predictability at zebra crossings is a significant
issue in traffic safety in urban areas and the development of
autonomous cars. The field has evolved throughout the years
because people used straightforward methods of observation
to sophisticated ones that entail computer vision and machine
learning [6]. The recent developments in the prior research
areas, including the development of a bottom-up pose-
estimation model based on Convolutional Neural Networks
(CNNs) to identify the pedestrian poses and motions, have
furnished the backdrop of the present research [7]. In addition,
the transfer learning and pre-trained models in the Predictive
Pedestrian Analytics framework application have an advanced
real-time forecast of pedestrian performance. These attempts
have improved our knowledge and capabilities in anticipating
the directions of pedestrian behavior, but, nonetheless, there
are several issues that still have to be examined and proposed
through innovation.

The difficult issues are assurance of real-time
applicability through computational complexity surmounting,
speed of data processing, and reduced latency; accuracy under
a wide range of environmental conditions, due to changing
weather conditions and other dynamic urban environments,
and variability in designs, infrastructures, and data availability
in different urban contexts. The solutions of this paper are
combining the concepts of reinforcement learning and
context-sensitive methods of prediction, utilizing adaptive
learning algorithms to produce better real-time predictions,
using context-effect information to generate more accurate
predictions, and making sure that the models are flexible and
generalizable in multiple urban settings. This is also done to
provide a strong improvement in pedestrian safety and
behavior forecasting on zebra crossings.

Even with the gains made, the modern models still face
argumentative constraints, primarily in real-time applicability,
accuracy in the different environmental settings, and
scalability in the dissimilar city environments. Even though
the existing methods are relatively effective in the
investigation of approach accuracy under a control situation,
they have a general failure in dynamic and heterogeneous
urban conditions. More than that, the models are not even
scalable, and, therefore, their implementation in real-life
situations is prohibited in multiple ways. These problems
therefore raise a need to have more flexible and context-
sensitive prediction of pedestrian behavior methodologies.

To establish a superior model that can be expected to
understand pedestrian behavior at a zebra crossing to retain
safety is the specific goal of the research. The suggested
framework will be supported on the principles of
reinforcement learning and context-sensitive prediction
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strategies that will add flexibility to the model, together with
precision. This research will answer the following research
questions:

1. How can reinforcement learning be effectively applied to
predict pedestrian behavior in real-time?

2. What role does contextual data play in enhancing the
accuracy of pedestrian behavior predictions?

3. How can the proposed framework be scaled to

accommodate diverse urban environments?

1.1. Key Contributions of the Paper

1. Reinforcement Learning and Context-Aware Integration
for Enhanced Predictive Accuracy: This research
introduces a novel framework that synergizes
Reinforcement Learning (RL) algorithms with context-
aware prediction models to improve the precision and
robustness of real-time pedestrian behavior forecasts at
zebra crossings. This combination takes advantage of
environmental and pedestrian-specific data, which leads
to a more detailed insight into the way pedestrians make
decisions. [8]

Adaptive  Learning  Mechanisms
Computational Challenges: The proposed model
incorporates  adaptive learning techniques that
continuously update parameters with newly acquired
data, effectively addressing challenges related to
computational complexity and latency. This mechanism
ensures that real-time predictions remain precise and
responsive, vital for practical deployment in dynamic
traffic environments [9, 10].

Contextual Data Integration for Comprehensive Behavior
Prediction: The integration of time of day, weather
conditions, and traffic lights in the RL model of
prediction, the research outlines a strong strategy towards
prediction that ensures a large improvement in prediction.
The predictive system is more realistic and reliable since
all the information in the present circumstance will be
considered in the predictive system, which would mirror
the actual behavior on the road of a pedestrian in various
circumstances [11].

to  Mitigate

1.2. Significance of the Study

The results of the study will significantly affect the safety
and appropriateness of urban traffic and the implementation of
vehicle systems during autopilot operations. Better forecasts
of the behavior of pedestrians that are stronger and more
accurate, a better proposed framework will not only improve
the performance of the traffic management systems, but it will
also lead to the safety of the pedestrians compared to their
vehicles.

This has been among the major compositions behind
smart solutions of wurban traffic and the successful
implementation of autonomous vehicles within advanced
cities. It is represented in the research paper that addresses the
gaps that still exist in predicting pedestrian behavior with the
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intention of selling them to establish new standards of
predicting them to offer efficient and safer traffic through the
fixed route that is the town.

The paper is split into the following sections: Section 2
involves the literature review to identify the scientific fields
that theorize about predicting the behaviour of pedestrians,
reinforcement learning, and the context-aware system to fill
the significant gaps and gaps in the knowledge in a manner
that makes sense and sensational conclusions. Section 3
identifies the overall strategy that the proposed architecture
pursues and explains the methods by which methods of
reinforcement learning are combined with context-sensitive
prediction processes.

This analysis is reflected in Title 4, which depicts the
research findings and performance parameters, as well as a
comparison with available models. Its importance, the
possible difficulties, and constraints on future research can be
identified in the discussion of the results in Section 5.
Discussion of contributions to be summarized and research
guidelines to be given in the future are concluded in Section
6.

2. Literature Review

The prediction of pedestrian behavior represented one of
the most popular topics, as it is rather important to predict this
kind of behaviour to make the traffic in the cities safer, as well
as to create autonomous vehicle systems. The latest
developments used deep learning and computer vision to
estimate pedestrian motion better.

Various approaches have been wused, including
Convolutional Neural Networks (CNNs) [12], Recurrent
Neural Networks (RNNs) [13], and Long Short-Term Memory
(LSTM) networks [14]. These models hold great potential for
the accurate trajectory prediction of pedestrians through their
training on huge datasets of pedestrian trajectories.

2.1. Reinforcement Learning and Context-Aware Systems

While previous studies have used RL [15] to enhance
pedestrian behavior prediction, recent algorithms apply
additional context-aware technology. DQN and PPO, as RL
algorithms, have been utilized to learn the best policies for
predicting behaviors through environmental interaction [16].
These are so because such algorithms allow the models to
adapt to fit into emerging information and enhance prediction
accuracy with time.

2.2. Identifying Gaps in Current Research

Although the latest advances in the field of pedestrian
behavior prediction have been made, there are still some gaps.
The first might be real-time applicability, and in this case,
models must perform with high speed but with significant
delay. Existing models usually have issues with computational
complexity and data processing speed, and thus are not
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applicable when realistic time constraints need to be met. In
addition, the issue that brings out high accuracy of forecasting
in different environmental conditions holds. The models
should stand strong to withstand changes in weather, lights,
and the urban dynamics that can essentially change the
behavior of pedestrians.

3. Methodology

Traffic congestion malpractice in urban settings demands
superior strategies for enhancing pedestrian safety in zebra
crossings. This paper introduces a unified approach applying
methods of Reinforcement Learning (RL) and the ability to
predict the behavior of pedestrians using the context area
accurately and in real-time. The reinforced learning
framework, context-aware prediction, and real-time prediction
and analysis make up the three major parts of the approach.
[17].

3.1. Reinforcement Learning Framework

An RL environment is configured in which the state is the
existing observations of pedestrians, possible predictive
decisions are realized by actions, and rewards are received
based on prediction accuracy. Advanced RL models such as
DQN and PPO are utilized to learn policies. The model allows
historical data to provide policies that can be used in various
scenarios successfully.

Context-Aware Prediction: This feature uses information
about the time of day, weather, and road lights during the
prediction model. The model enhances its predictive accuracy
by deriving useful features. To allow models to be highly
responsive and become flexible regarding dynamically
changing statements of real-time information, it relies on
special context modules to render predictions made by the
model dynamically.

Real-Time Prediction and Analysis: It uses a real-time
prediction development, which involves a task that involves
using contextual information and provides an accurate and
real-time prediction of the action of an individual by applying
learned controls of an RL system.

Dynamic mechanisms update the prediction using new
conditions and data that change. Integration of the predictive
analytics and traffic management systems will help to
implement and realize proactive safety control, including
driver warnings and adjusting traffic lights based on the
location as a response to control any possible conflict and
maximize the safety of passengers [18].

Both methods create an elastic predictive framework for
the variants of pedestrian behavioral forecasts, which result in
safer and smoother traffic in urban areas. It increases the
sensor capabilities of self-driving vehicles and contributes to
the appearance of the smart traffic control system, where
pedestrians are prioritized.
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Fig. 1 Pedestrian behavior prediction system architecture

The research methodology used in this study would only
combine Reinforcement Learning (RL) and context-sensitive
prediction methods in enhancing the prediction of pedestrian
behavior at zebra crossings. It is in this section that the RL
framework, including environment setup, policy learning, and
the stage of training, is explained. This is aimed at designing
a real-time predictive model of pedestrian behaviour under
adaptive prediction, which involves the Pedestrian Intention
Estimation (PIE) dataset.

3.1.1. RL Environment Setup

The RL simulator is also programmed to match the life
conditions in the real world, where human movement is
provided and predicted. The environment has some very
important elements, as discussed below.

State Representation in Reinforcement Learning

The state S, that exists in the RL environment represents
a total vector that holds all the information that is relevant at a
certain time t. It includes:

Pedestrian Attributes (P;)

These attributes represent observable characteristics of
pedestrians at time t and are mathematically defined as P, =
{pm,pt,z, ...,pt,n}, where each p,; corresponds to a specific
attribute. These attributes include [19]:

Position (x;) : The pedestrian’s coordinates in the
environment, expressed as x; = (X;, V).
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Speed (v;) : The scalar speed at time t.

Direction (6;) : The angle or direction of movement,
represented in degrees or radians.

Pose (pose  ): A vector representing the pedestrian’s body
configuration, such as joint positions or angles.
Therefore, P, = (x;, v, 0;, pose ).

Environmental Context (E.)

This includes external factors that may influence
pedestrian behavior, defined as E; ={et,1,et,2, ...,et,m}.
Attributes in this category include:

Time of Day (time ; ): Represented in hours and minutes
or as a continuous variable.

Weather Conditions (weather ; ): A vector that includes
elements such as temperature, precipitation, and visibility.

Traffic Signals (signal ; ): The current state of traffic and
pedestrian signals.

Nearby Vehicles (vehicles ; ): Information on the
positions and speeds of surrounding vehicles.

Thus, E; = (time ., weather ., signal ., vehicles ;).



M. Sri Lakshmi et al. / IJECE, 13(1), 107-126, 2026

Historical Data (H,)

This component captures sequences of previous states
and actions up to time t — 1, essential for understanding
temporal dependencies in pedestrian behavior.

It is defined as
H = {(St—l'At—l)' (Se—20Ar=2)s o) (St—k:At—k)} (D

Where S;_; represents the state at time t — i, and A;_; is
the action taken. The parameter k represents the number of
steps considered. Comprehensive State Representation ( S; ):
The complete state representation at time t combines
pedestrian attributes, environmental context, and historical
data:

S; = {P, E, H;} (2)

In this structure:

e P, provides real-time insights into pedestrian | behavior.

e E, encompasses the current environmental context.

e H, captures historical state-action sequences to reflect
temporal dependencies.

This comprehensive state enables the RL agent to make
informed, context-sensitive decisions based on both present
observations and historical trends.

Action Space
Action space A4 characterizes the possible number of

choices that can be made by the RL agent in predicting and

optimizing pedestrian behavior across zebra crossings. These
actions include:

e  Predicting Crossing Behavior (4,) : This action estimates
the likelihood that a pedestrian will cross.
Mathematically, A, = P(cross | S;), representing the
probability of a pedestrian deciding to cross given the
current state S;. This can be expressed as a binary decision
or a probabilistic estimate.

e  Movement Prediction (4,) : This involves forecasting the
pedestrian’s future trajectory, represented as A, =
{Xt41, Xt 42, s Xe 7}, Where x;; is the predicted position
at future time t + i over a time horizon T.

e Adjustments (A3) : This action refines the predictions
based on updated observations and states. It is defined as
A; = AP(cross | S;), Axpy1, AXihn,y ooy DXy, where
AP(cross | S;) and Ax;,; represent adjustments to
crossing behavior predictions and future positions,
respectively.

Comprehensive Action Space
A = {Ay,A,, A3} = {P(cross |

Se)y {xes1, Xegzr o Xegr ) {AP (cross | Sp), Axpyq, e, Axt+T}}
3)
In this structure:
A, Facilitates the prediction of crossing intent.
A, Allows for the prediction of future trajectories.
A5 Ensure adaptability by enabling adjustments based on
new information.

Reward Function

The rewarding mechanism R(s, a) operates to influence
the RL agent to behave optimally, and rewards predictive
accuracy. S herein refers to the state at the time ¢, and a refers
to action. The reward structure includes:

Positive Rewards

Awarded for accurate predictions, encouraging the RL
agent to maintain precision. Mathematically, R(s, a) = +1 for
correct predictions.

Negative Rewards

Given for incorrect predictions or failures to adapt to
environmental changes, discouraging errors. Mathematically,
R(s,a) = —1 for inaccuracies.

Contextual Adjustments

Adjustments made to rewards based on the influence of
environmental factors on prediction accuracy, ensuring that
the agent accounts for the dynamic environment [20]. Such a
reward system can enable the RL agent to create more optimal
strategies to predict the behavior of pedestrians in a better way,
which would lead to more safety at the zebra crossings.

3.1.2. Policy Learning

The stage of policy learning refers to the use of the RL
algorithms in estimating optimal policies to learn pedestrian
response accurately. To attain this goal, two major RL
algorithms have been used in this study:

Deep Q-Learning (DQN)

DQN model of reinforcement learning is a model-free
one, and it does what is known as estimating the best action-
value function Q(s, a) using a neural network. The position
conjectures on the cumulative rewards one will gain on doing
an action and, at the same time, seeking the best policy in a
state.

The actual goal of DQN is to learn ideal values of its Q,
to make a decision that can result in the highest reward values
over time for its agent. The following aspects give an account
of the key mechanisms and processes in DQN:

Neural Network Architecture: The DQN model includes
a neural network, which takes the state as an input and
produces Q-values for each action option. As a rule, this
network consists of two or more fully connected layers using
non-linear activation functions, including ReLU (Rectified
Linear Unit), to augment complex functional approximation
[21].

Experience Replay

Experience Storage:The agent stores each interaction
with the environment as an experience tuple (s, a;, ¢, Se41)
in a replay buffer, creating a repository of experiences for
learning.
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Random Sampling: To instill the Q-network, mini-
batches of experiences are selected randomly out of the replay
buffer. This random sampling interferes with the correlation
of sequential experiences, which yields more stable learning
and more data efficiency.

Target Network

Purpose: A separate target network, acting as a delayed
copy of the primary Q-network, is used to produce target Q-
values during training.

Stabilization: The target network’s parameters are
updated less frequently than those of the primary Q-network
[22] (e.g., after a predefined number of steps). This strategy
reduces oscillations and potential divergence during training,
ensuring a more stable learning target.

Q-Value Update Rule: The update to the Q-value is
expressed as:

Q(st,ar) « Q(spar) +a (rt + ym‘?XQ(St+1: a) —

Q(se, at)>' (4)

Where:

a is the learning rate,

y is the discount factor,

1, represents the reward at time ¢,

s; denotes the state at time ¢,

a, indicates the action taken at time t.

Proximal Policy Optimization (PPO)

PPO is a policy gradient framework derived by improving
the classical policy optimization approaches to facilitate stable
and efficient learning. PPO is characterized by the following
key features:

Clipped Surrogate Objective

This feature limits extensive updates to the policy by
applying a clipping mechanism to the objective function. This
approach [23] ensures smoother and more stable learning by
preventing large policy deviations during training.

Adaptive Kullback-Leibler (KL) Divergence Penalty

PPO integrates an adaptive penalty that adjusts the
learning process depending on the difference between the
current policy and the prior policy and keeps a great balance
between exploration and policy stability [24].

The PPO objective function can be mathematically
represented as:

Lepip(0) = E¢[min(r.(6)A%, clip(r,(8),1 — €, 1 + €)AY)]
Q)

Where:

e 1,(0) is the probability ratio of the new policy to the old
policy.

e A!is the advantage estimate at time step t.

e ¢ is the clip parameter, dictating the range within which
policy updates are limited.

e 0 denotes the parameters of the policy.

e [, indicates the expectation over time steps t.

By leveraging these RL algorithms, this study [25] aims
to develop robust policies that facilitate accurate prediction of
pedestrian behavior, thereby enhancing safety at zebra
crossings.

3.1.3. Training Phase

The training phase uses historical pedestrian behavior
data to train the RL agent and establish robust policies through
data collection, preprocessing, model training, and fine-
tuning.

Data Collection
Comprehensive data collection combines public and
custom sources:

Public Dataset: The PIE dataset, with 1,842 video
sequences and 293,000 annotated frames, captures pedestrian
behaviors, positions, speeds, and contextual information (e.g.,
traffic signals, weather) [26].

Custom Data: High-resolution cameras and sensors (lidar,
radar, infrared) capture additional real-time data on pedestrian
movement under diverse conditions. Manual annotation
ensures data consistency and accuracy.

Preprocessing

Normalization: Standardizes features to a [0, 1] range or
to zero mean and unit variance, enhancing model convergence
and balanced learning.

Augmentation: Synthetic techniques (e.g., rotation, noise
addition) expand the dataset from 293,000 to approximately
879,000 frames, boosting robustness and preventing
overfitting.

Model Training:

Initialization: These designs (e.g., DQN: 256, 128, and 64
neurons with ReL U activations) are configured in layers and
trained with Adam (0.001 changed to 0.0003 in DQN and
PPO).

Policy Iteration: DQN applies experience replay, a target
network to be updated after every 10,000 steps, and upgrades
of the Q-value through the Bellman equation. PPO, in its turn,
targets the optimization of a clipped surrogate goal and
adaptive KL-divergence penalty to strike a balance in the
training.
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Evaluation: The models on 20 percent of the data (around
58,600 frames) were modeled with the help of accuracy and
Fl-score, which was to help to make actions with the
parameters and other overfittings needed.

Fine-Tuning
Continuous Learning: Updates policy with new real-time
data (e.g., 5,000 daily samples) to maintain accuracy.

Contextual Adaptation: Adapts to changes (e.g., more
people on the road, change of weather) to be always effective.

The given training method facilitates the creation of a
flexible system of prediction of pedestrian behavior to
improve safety in traffic in the city and support real-time
answers of the autonomous vehicle systems.

3.2. Context-Aware Prediction
3.2.1. Contextual Data Interaction

The provision of contextual information that includes
time of day, weather, and traffic lights is essential in the
prediction of the behavior of pedestrians in various dynamic
situations [28]. This will aid the model in simulating real-life
situations, and it will improve the accuracy of forecasting.

3.2.2. Feature Extraction
Temporal Feature: The time of the day will capture time-of-day
features that influence the behavior of pedestrians (rush hours).

Weather Features: They consist of weather conditions such as
visibility and precipitation that affect movement.

Traffic Signal Features: Track signal to anticipate the behaviors
of pedestrians crossing.

These characteristics are made normal and standard to
ensure equal learning in support of the larger prediction
accuracy of the model based on its context.

3.2.3. Context Modules
Predication Adjusting and processing in scenarios appear
as lower-level modules:

Weather Module: Modifies predictions based on existing
weather.

Traffic Signal Module: Adapts the predictions based on
the status of the signal.

Time of Day Module: Autodesk Module that controls
output according to the time of day.

These modules work on their own but can form a whole
and dynamic system that can update predictions as the
conditions evolve.
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Implementation and Benefits

It is a powerful predictive system that is to be used to
accommodate the operations of autonomous cars, assist
pedestrians, and handle reality complexity. This can have
stability and yet remain focused on getting similar data and
fidelity to ensure that the data presented would reflect better
traffic control and safe mechanisms of traversing the city.

3.3. Real-Time Prediction and Analysis
3.3.1. Prediction Module

In this study, a prediction module is developed, in which
RL policies are used in real-time to predict pedestrian crossing
behaviour using contextual data [25]. Data is processed by the
module in forms, such as cameras, lidar, and traffic, and
combined with policy RL learned on a dataset, such as PIE,
before making adequate predictions.

The module predicts both the actions of pedestrians and
possible risks by factoring in time of day, weather, and traffic
lights to provide timely warnings to drivers and pedestrians.

3.3.2. Reinforcement of Learning Policies

Policy Learning: RL policies are trained in virtual
environments with state representations (pedestrian
attributes, environmental context, and history), an action
space in which predictive actions can be made, and a
reward function that provides positive or negative
rewards depending on the accuracy of the prediction.
Dynamic Adjustments: The predictions are continuously
updated with real-time changes and are learned as the
conditions change, and the predictions are always
updated.

Scenario Example: The model is flexible to changes of
events like observed increase in the number of pedestrians
or a change in weather, which is not only capable of
prediction, but it is also able to sustain itself.

3.3.3. Safety Measures

The traffic structures have also been connected and
integrated with this module to activate measures regarding
safety.

It can send alerts to drivers and manage traffic lights in
such a way that would facilitate the safety of the pedestrians,
such as increasing the length of crossing time or slowing down
the speed at which vehicles pass by in unfavorable weather.

3.3.4. Implementation Details

Real-Time Data Processing: Continuous analysis of
pedestrian and vehicle data.

RL Policy Integration: Uses trained RL policies with
contextual inputs for enhanced predictions.

Dynamic Recalibration: Updates based on real-time data
for consistent accuracy.
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e  Predictive Alerts: Provides driver notifications and signal
adjustments to maintain safety.

Huge enhancements in pedestrians’ safety on zebra
crossings by the proposed methodology will allow introducing
a set of anticipatory analytics with traffic issues management
systems and introducing dynamical variations into the system
for developing the sophisticated real-time predicting module.

Such a dynamic outlook of an intelligent development of
real-time presupposes the ultimate result that the system will
be dynamic and responsive, which will ultimately result in
safer urban movement and efficient use of autonomous
technologies. The detailed model conditions the building of a
robust platform for predicting the actions of pedestrians and
enhancing traffic safety and overall functionality.

4. Results and Evaluation
4.1. System Setup and Tools Used for Implementation

The target system that used the proposed methodology
had high-performance computing features in terms of a multi-
core processor, large RAM, and a deep-learning-optimized
GPU. Mainly, the tools and libraries applied in the
implementation are the deep learning platforms of Tensorflow
and PyTorch, OpenCV used in image processing, and Scikit-
learn used in performance measurement.

The constructive sign of the system will ensure the
efficient procedure that is involved in the management of
immense volumes of data and deep-tailed computations that
will be integrated in training and testing the reinforcement
learning frameworks.

4.1.1. Dataset

Pedestrian Intention Estimation (PIE) is the dataset [26]
to be evaluated, which can be regarded as the full-fledged
database on the analysis of pedestrian behavior in urban areas.
It consists of more than 293,000 annotated frames of different
kinds of urban scenes that provide in-depth data regarding
pedestrians, their positions, and the course of their
movements.

The environmental data is realized with contextual data
such as time of day, weather, traffic lights, and movement of
vehicles in close ranges, so that a realistic depiction of
irritating, real-life situations is illustrated. This information
variety enables the training and testing of the model in many
different situations, which improves its competence in
different manifestations and its suitability for generalization.

Training the Model

The reinforcement learning model is trained in several
steps, and one of them is the setup of hyperparameters that
have a huge influence on the model researchers. In this study,
the main hyperparameters will be:

Learning Rate (a): 0.001, the value that determines the

step length at the gradient descent update.

e Discount Factor (y): 0.99, which determines the
importance of future rewards.

e Replay Buffer Size: One million transitions, enabling the
model to store and sample a broad set of experiences.

e Mini-Batch Size: 64, used for sampling experiences
during training to update the network.

e Target Network Update Frequency: Every 10,000 steps,
to stabilize learning by reducing oscillations.

e Exploration Rate (g): Decayed from 1.0 to 0.01 over

100,000 steps, balancing exploration and exploitation.

The model training process involves initializing the Q-
network and target network with random weights, followed by
the iterative process of interaction with the environment,
experience replay, and periodic updates to the target network.
The model is trained using the PIE dataset, ensuring exposure
to diverse and realistic pedestrian behaviors and contextual
scenarios.

Performance Metrics

The next section discusses how the model in this thesis
performs using metrics that measure accuracy and usefulness.
MSE is the mean of the sum of squares of the error
demonstrated by the model, and accuracy shows the
percentage of correct predictions in a model. Accuracy refers
to how precisely the model classifies all data without
indicating a positive result more frequently than necessary,
while also considering that over-optimization may yield a
model with high accuracy but an unacceptably low recall rate.

Precision defines how accurately positive samples are
selected, and Recall measures the ability of the model to find
all positive instances, even if the model in question creates
some false-positive results. So, the F1 score that strikes a
balance between the precision and the recall is beneficial,
especially when the classes are unequal. The complexity of
models also involves an assessment of the rate at which this
model calculates the forecasts and resources used in real time,
which is critical in traffic and self-driving automobiles. Taken
together, these measures provide a good evaluation of the
performance of the model when it comes to imitating agent
behavior in general and its extrapolations on other factors of
the urban traffic safety and intelligent traffic management in a
specific scenario.

Accuracy: Accuracy presents the power of the classifier
as a ratio of the number of predictions made to the number of
instances that have been utilized in the forecasting. It is
mathematically defined as:

TP+TN

Accuracy = ———
y TP+TN+FP+FN

(6)

Precision: The Precision measures gave a positive
outcome, actually a true positive. It is the ratio of the number
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of true positives to the total number of true positives and false
positives (True Positive + False Positive) that is actually
predicted. It is expressed as:

TP
TP+FP

Precision =

(7
Recall: Indicates the modelling strength of the model to
identify true positive samples. It is calculated as:

TP
TP+FN

Recall =

®)

F1 Score: F1 Score is used when this aspect is important,
precision is quite important, as recall is important, and it does
not have the issue of skewness in its data. Equivalent precision
and recall are equalized and calculated as:

F1 Score = 2 . —recision- Recall )

Precision + Recall

This will ensure that it prevents the privilege of models
with greater predictive capabilities from all the positive
samples.

Computational Efficiency

Computational Efficiency is the measure of speed of
processing and the number of resources used by the model as
a true measure of applicability to real-time. Such a measure is
measurable using several performance measures, some of
which include:

Inference Time: The median time spent impacting an
individual case and giving a forecast.

Memory Usage: This is the memory taken up in the model
inference.

Throughput: The number of predictions that the model is
capable of making in a second.

These metrics can be represented as:

. Total Inference Time
Inference Time =

(10)

Number of Instances

Memory Usage = Total Memory Consumed during Inference
11

Number of Predictions

Throughput = 12)

Total Time Taken

The paper shows a detailed and torturous analysis of the
model efficiency and effectiveness in predicting the course of
action of pedestrians due to the use of such equations in order
to promote the safety of the traffic in the city.
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4.2. Crossing Behavior Prediction

The Performance of the Proposed Context-Aware RL
Model has obtained good performance when it comes to
predicting the behavior of pedestrians in a zebra crossing
when crossing issues. Here, the effectiveness of the model has
been defined and quantified using a set of performance
indicators, which are presented in this model as they are used
in practice.

4.2.1. Performance Metrics
The predictive behavior of the model is gauged with the
help of the following measures:

e  Precision: The model is precise with a rate of 91.5, which
can be used to imply that the model is highly precise, as
far as it identifies properly the people who will cross the
road as pedestrians. The great attainability also brings
down the actors of the false positive, in which the model
makes predictions of crossing behavior even where it
does not exist.

e Recall: The recall rate of the model is 92.8, hence its
ability to recall a large percentage of the true crossing
points and low recommendation points in the model.
Safety-critical applications have high recall, as their
outcome offers a high degree of confidence that the most
critical collections are being identified.

e F1 Score: This F1 score (92.1) of the model is good, as it
assumes that there is precision and recall occurrence. F1
says that the model is credible in the crossing behavior
prediction and that the tradeoff issues between recall and
precision are not significant.

4.2.2. Model Implementation

Known as the Proposed Context-Aware RL Model, the
models combine context-aware prediction with reinforcement
learning. Key components include:

e RL Environment Setup: The state in the RL environment
summarizes the observations of everything the pedestrian
has done, including position, speed, and direction, as well
as context such as time of day, weather, traffic lights, and
cars surrounding. Actions are potential predictive choices
and rewards based on the accuracy of predictions.

e Policy Learning: The model is trained on how to produce
the best policies in predicting floors and crossing
behaviors of pedestrians using RL algorithms such as
DQN and PPO. Most of the historical data of pedestrian
behavior is incorporated in the training phase to develop
strong policies [27].

e Contextual Data Integration: The model uses a variety of
context data to lead to high accuracy of prediction. The
features that characterize the situation are then portrayed
and generated in a manner that makes the predictions
dynamically updated to the prevailing situation [28].



4.2.3. Practical Usage

The fact that the model has been precise in predicting the
behavior in crossing is essential in ensuring the security of
pedestrians, among ingenious methods of controlling traffic.
In the city, which has a big population of pedestrians, the .

model can:

e Alert Drivers: Through the desirability of crossing
behavior determination, the model can send alerts to the
line of drivers in time so that there are fewer chances of
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e Adjust Traffic Signals: The interface linking with traffic

management systems is used to centrally modulate the
dynamic modulations of traffic lights to concentrate on
the flow of people in peak traffic. D
Support Autonomous Vehicles: The car also has to

respond in a safer manner, as in the case of autonomous

accidents happening on the zebra crossing.

Metric

The operation mechanism of the Proposed Context-
Aware RL Model was illustrated in the heatmap, where the
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cars, the predictions of the model’s actions can guide the
car to cross the segments of the city, and therefore, the
pedestrians are going to the crossings.
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Fig. 2 Heatmap of performance metrics for crossing behavior prediction

In the case of uncertain behaviors, the model has an
84.7% recall, which means it is balanced in both experiences
of less-determining actions. The F1 scores also highlight the

model was able to perform well with its accuracy, recall, and
F1-score in the respective behaviors of the pedestrians to
Crossing, Waiting, Not Crossing, and Uncertain. The
measures allow for analyzing the predictive ability of the
model under different circumstances. The Proposed Model,
which has a high Precision of Crossing of 91.5 percent,
identifies cases accurately that have a small number of false
positives. In the case of waiting, it shows a precision of 89.2,
specifically conditioning non-crossing pedestrians. On the
non-crossing case, the model is very precise at 93.1 percent,
which indicates that it has a strong potential to future-proof in
order to record non-crossings. Nevertheless, the inherent
ambiguity notwithstanding, the model carries an honorable
accuracy of 85.4% in cases of uncertain behaviors. Recall
value demonstrates that the Proposed Model recalls 92.8
percent of actual Crossing observations, which means that
only minimal predictions are omitted. Its Waiting recall is
88.5, it also shows competency, albeit less effective, opposite
to crossing behavior. The model is sensitive, as it yields a
recall of 91.7% in the case of the ‘Not Crossing’ behavior.

balanced action of the model in terms of Crossing, Waiting,
Not Crossing, and Uncertain, with F1 = 92.1, 88.8, and 92.4,
respectively. These indications prove the efficiency and power
of the Proposed Model and justify the opportunity that the
latter may make a significant contribution to traffic safety in
the cities and the efficiency of intelligent traffic management

systems.

Excerpt

of the

performance

analysis

recommendations of the Proposed Context-Aware RL Model
relative to the different pedestrian behaviors can be abstracted
in Table 1 presented below.

Table 1. Performance metrics for different pedestrian behaviors

. .. Not .
. Crossing | Waiting . Uncertain
Metric Crossin
) | @) | ™| @)
Precision 915 89.2 93.1 85.4
Recall 92.8 88.5 91.7 84.7
F1 Score 92.1 88.8 92.4 85.0
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Table 1 provides a summary of the behavior of the
Proposed Context-Aware RL Model during a varied range of
activities of people. The high accuracy of crossing and non-
crossing behavior, supported by the high recall and precision,
combined with the F1 scores, is an indicator that the model is
highly predictive of the outcomes of the behavior of the

pedestrians. The balanced performance of the model and its
ability to withstand various situations are highlighted by the
fact that the model is equalized in its metrics for waiting and
uncertain behaviors. The results suggest the feasibility of the
model in facilitating pedestrians’ safety and intelligent traffic
management in the cities.
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94
/F
R /
&
o 90
8 C—=
c =)
3 88 ¢
D
[a
86
—_— =0
84 T T 1
Precision Recall F1 Score
Metrics

Fig. 3 Performance metrics for different pedestrian behaviors

The values displayed in Figure 3 are the accuracy, the
recall, and the F1 values of the Proposed Context-Aware RL
Model to anticipate the behaviors of pedestrians (i.e.,
Crossing, Waiting, Not Crossing, and Uncertain). The
measures provide a precise assessment of the prediction
properties of the model to different scenarios, which implies
that it is most precise and strongly related initially to diverse
pedestrian behaviors.

4.3. Movement Pattern Identification

The Proposed Context-Aware RL Model works well in
detecting movement patterns of pedestrians at zebra crossings.
Here, this section examines the effectiveness of this model in
terms of various performance measures and how it has been
deployed in real-life situations.

4.3.1. Performance Metrics

The measure of performance of the model in
characterizing the movement patterns is done in terms of the
following measures:
Precision: It is precise, and the predictive capability of
dictating the movement pattern is 90.7% implying that
such a model is very precise in identifying the actual
movement behaviors of the pedestrians in the right way.
This level of accuracy facilitates obstacles to false
identification of false positives, whereby the model
identifies a movement pattern incorrectly.
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e Recall: The model recalls are high, 91.4, and the large
recall will obtain most of the true movement patterns to
warrant a small number of miscarriages. Compulsory
recall is an inseparable characteristic of safety-critical
applications, since it ensures that most of the intentions of
movement will be realized.

F1 Score: The F1 score of 91.0 of the models leads to a
balanced performance in terms of precision and recall.
The high value of the F1 indicates that the model can
identify patterns of movements with minimal tradeoffs on
the factors of precision and recall.

4.3.2. Model Implementation

Proposed Context-Aware RL Model combines two
approaches in the context of context-aware prediction
techniques and reinforcement learning. Key components
include:
RL Environment Setup: The State in the RL environment
summarizes observations of pedestrian activity, including
the pedestrian’s position, speed, and direction, as well as
contextual data such as time of day, weather, traffic lights,
and other vehicles. The potential predictive choice, which
is the actions, and the rewards are based on the truths of
the prediction.
Policy Learning: The model, trained by RL models such
as DQN and PPO, is used to predict the best policies to be
followed in predicting the movement habits of
pedestrians. Following the training phase, much



M. Sri Lakshmi et al. / IJECE, 13(1), 107-126, 2026

information regarding the historical behavior of the
pedestrians will be utilized to come up with robust
policies.

Contextual Data Integration: The prediction model uses
other contextual data to enhance the accuracy of the
prediction. Quality of context attributes is built and acted
out in such a manner that the prediction remains dynamic
to the real-time information.

4.3.3. Real-World Application

The fact that the model could successfully locate the
trends in movements makes the model necessary in
augmenting the security process of the pedestrians and the
intelligent traffic management system. A good example of
model usage is in an urban environment that experiences a
high population flow of people:

Movement Prediction: The model can measure the future
movements of pedestrians by almost correctly detecting
patterns of movement, which in effect results in the
prediction of the paths ahead, avoiding a possible
collision.

Improve Pedestrian Lights: Pedestrian lights may be
actively regulated by evolving in balance with traffic
management systems, which can increase traffic speed
and the security of pedestrians during the peak traffic
hours.

Support  Autonomous Vehicles: In the case of
autonomous vehicles, decisions made by the model make
the vehicle navigate more safely across the urban region,
and the robot will follow the movements and paths of
pedestrians.

Performance Metrics Heatmap for Movement Pattern Identification
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Fig. 4 Heatmap of performance metrics for movement pattern identification

The Proposed Context-Aware RL Model’s performance
is visualized in Figure 4, which demonstrates its accuracy,
recall, and F1 score for various movement patterns: linear
movement, Sudden Stops, Deviations, and Uncertain
Movements. These measures give an overall analysis of the
predictive nature of the model under different conditions. The
Proposed Model presents a high precision of 90.7 per cent
Linear Movement, which is good in detecting the instances
with low false positives. In the Sudden Stops example, it
presents an accuracy of 89.0 percent in suspecting abrupt
actions of a pedestrian... Deviations, the model is robust and
shows a great level of precision of 92.3, which is its non-
linearity in making a prediction about the movement.
Although it is somewhat ambiguous, the model has a decent
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level of accuracy of 85.5% in the case of Uncertain
Movements. The recall score indicates that the Proposed
Model was able to grasp the true Linear Movement in 91.4
percent, which guarantees that few predictions are missed.
Competence has an 88.7% recall of Sudden Stops, but it is not
as effective as linear movements. The sensitivity of Deviations
allows its detection with a high level of recall, 91.9%. In the
case of Uncertain Movements, the model has an 84.8% recall,
which can be explained by the fine-tuning performance in the
appearance of less decisive actions. The F1 scores also testify
to the balanced score of the model: 91.0 with regard to Linear
Movement, 88.8 with regard to Sudden Stops, 92.1 regarding
Deviations, and 85.1 with regard to Uncertain Movements.
These indicators verify the success and efficiency of the
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Proposed Model and demonstrate that it can result in a
substantial safety enhancement for urban traffic and the
functionality of intelligent traffic control systems. The results

of the performance of the Proposed Context-Aware RL Model
in relation to the parameters of different movement patterns
can be outlined on the basis of Table 2 below.

Table 2. Performance metrics for different movement patterns
Metric | Linear Movement | Sudden Stops | Deviations | Uncertain Movements
Precision 90.7% 89.0% 92.3% 85.5%
Recall 91.4% 88.7% 91.9% 84.8%
F1 Score 91.0 88.8 92.1 85.1

Analysis of Table 2

The table provides a representation of the Proposed
Context-Aware RL Model performance according to the
varying patterns of movement. The high recall, F1, and
accuracy of linear and deviation movements are associated
with the high predictive levels of the model used to identify
the appropriate course of the pedestrians. The slightly

decreased yet, nevertheless, rather decent indicators of sudden
stops and uncertain movement justify the balanced character
of the model and its ability to be effective in coping with
different situations. These findings highlight the possibilities
of having the model when implementing in the improvement
of pedestrian safety and utilizing the option of a smart traffic
management system in the cities.
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Fig. 5 Performance metrics for different movement patterns

Figure 5 gives the best overall performance of any
measure with 92.3 precision, 91.9 recall, and an F1 Score of
92.1. Following it is Linear Movement, which is extremely
successful in recall (91.4). The lowest scores were always
attributed to Uncertain Movements, which is why this model
should also be improved in this regard.

4.4. Group Dynamics Analysis

The Proposed Context-Aware RL Model has strong
performance when it comes to group dynamics analysis of
pedestrians in a zebra crossing. This part discusses the
performance by using a number of performance metrics and
illustrates how the model can be applied in practice.

4.4.1. Performance Metrics
The following metrics are used to measure the level of
performance of the model in developing group dynamics:

e Precision: The model achieves a precision of 88.6% for
identifying group dynamics, indicating high accuracy in
correctly identifying the interactions and collective
behaviors of pedestrians. This high precision reduces the
likelihood of false positives, where the model incorrectly
identifies group behaviors.

e Recall: Having a recall of 90.2, the model has been able
to comprehend most of the actual instances of group
dynamics, resulting in a few missed instances. Safety-
critical apps should be prone to high recall, because it
guarantees that most group behaviors are appropriately
determined.

e F1 Score: The F1 score of the model is 89.4, which is a
balanced model with a low precision as well as a low
recall. The high F1 value indicated that the model is a
consistent predictor of group dynamics capable of
predicting the group dynamics with few cases of tradeoffs
or compromise between accuracy and recall.
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4.4.2. Model Implementation

The Proposed Context-Aware RL Model is a combination
of a context-aware prediction algorithm and the reinforcement
learning algorithm. Key components include:
RL Environment Setup: State of the RL environment
captures group behavior observations, e.g., number of
pedestrians, their positioning, and group interactions, as
well as the contextual information, e.g., time of day,
weather, traffic lights, and vehicles around. Actions
reflect potential predictive actions, and rewards are
determined by the accuracy of the prediction.
Policy Learning: The group dynamics that the model
predicts are being trained on the principles of the RL
algorithm, including DQN and PPO. The training time
will involve a load of past facts surrounding the behavior
of such groups of pedestrians in order to offer effective
policies.
Contextual Data Integration: The model will also
consider several contextual events to improve the
accuracy of prediction. The specific aspects of the
situation are isolated and predicted, and the forecast is

dynamically adjusted according to the actual situation at
the timeline.

4.4.3. Real-World Application

The impact of the model to express the dynamics of a
group in an allegedly sufficient way is crucial in
conceptualizing the notion of the safety of pedestrians and
intelligent traffic control. As an example, the model can be
used in a city with a dense pedestrian flow in the environment:
Manage Crowds: By accurately analyzing group
dynamics, the model can help manage pedestrian crowds,
reducing congestion and enhancing safety at zebra
crossings.
Optimize Traffic Flow: Coupling with traffic
management systems enables dynamic control of traffic
lights to optimize the traffic movements of pedestrian and
motor traffic during rush hours.
Support Autonomous Vehicles: For autonomous vehicles,
the model’s predictions enable safer navigation through
urban areas, ensuring that the vehicle responds
appropriately to the collective behavior of pedestrian
groups.

Performance Metrics Heatmap for Group Dynamics Analysis
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Fig. 6 Heatmap of performance metrics for group dynamics analysis

Figure 6 shows the performance of the Proposed Context-
Aware RL Model along with its accuracy, recall, and F1 score
in different situations of group dynamics: Large Groups,
Small Groups, Dispersed Groups, and Tight-Knit Groups.
These measures give a holistic evaluation of the model’s
predictive nature in different contexts. The Proposed Model
has a high level of precision of 88.6% with Large Groups, thus
identifying instances with few false positives. For Small
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Groups, it demonstrates a precision of 89.8%, accurately
recognizing the dynamics within smaller pedestrian clusters.
The model has a very high degree of precision, as it has a
precision measuring 90.1 in Dispersed Groups, which shows
that this has a strong ability in predicting the behavior of the
groups that are loosely related. Even with the variability that
exists, the model has a reasonable level of precision (87.2) in
the case of Tight-Knit Groups. As indicated by the recall
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measure, the Proposed Model makes 90.2 percent of all true
Large Groups, which is actually a high percentage number to
miss in terms of predictions. On its part, it has a recall of
89.4% when considering Small Groups, which shows
competence, albeit with a perfect recall against larger groups.
The Dispersed Groups performs well in identifying the
behavior of groups that are loosely connected, and this comes
out as a key finding of being a sensitive model; its recall rate
is surprisingly 89.9%. In the case of Tight-Knit Groups, the
model achieves a recall of 88.1%, which implies that it
performs equally well in recognizing well-linked pedestrian
groups. The F1 scores also highlight the balanced performance
of the model: 89.4 with Large Groups, 89.6 with Small
Groups, 90.0 with Dispersed Groups, and a low score of 87.6
with Tight-Knit Groups. The measures outlined prove the
efficiency and power of the heavy vehicle traffic safety in the
urban environment and the effectiveness of the intelligent and
modern traffic control systems. Table 3 below summarizes the
objective of the performance analysis of the Proposed
Context-Aware RL Model in different group dynamics.

Table 3. Performance metrics for different group dynamics

Metric Large Small | Dispersed | Tight-Knit
Groups | Groups | Groups Groups
Precision | 88.6% 89.8% 90.1% 87.2%
Recall 90.2% 89.4% 89.9% 88.1%
F1 Score | 89.4% 89.6 % 90.0 % 87.6 %

Analysis of Table 3

The table gives an overview of the Proposed Context-
Aware RL Model on different group dynamics settings. The
high degree of dispersing large groups is up to now in large
groups, high precision, recall, and F1 scores signify and assert
the high competence of the model in forecasting group
behaviors among pedestrians. These measures are somewhat
small in small close-knit groups; they, however, remain
comparatively high; thus, it can be determined that the model
performance is rather balanced and exhibits strength in coping
with various situations. Such results reveal that the model has
the potential to make pedestrians more secure, and the
intelligent urban traffic management systems can be served.
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Fig. 7 Performance metrics for different group dynamics

4.5. Crosswalk Types

The Proposed Context-Aware RL Model can be observed
to be performing powerfully in predicting the pedestrian
attitudes of different people at the diverse forms of crosswalks.
This part is an assessment of the effectiveness of the model
based on a number of performance measures and some
practical applications of the model in real-life situations.

4.5.1. Performance Metrics
The model was tested on various types of crosswalks, and the
metrics that measure the performance include:
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e Precision: The model achieves precision rates of 90.3%
(signalized crosswalk), 89.7% (unsignalized crosswalk),
88.5% (mid-block crosswalk), and 87.2%. Such high
precision of the various kinds of crosswalks grants the
lowest chance of false alarms, which, in a real sense, refer
to the condition when the model erroneously identifies the
activities of individuals.

e Recall: Considering the signalized crosswalks in terms of
recall ratio 91.5, 90.2, 89.0, and 88.0 per cent signalized,
unsignalized, mid-block, and pedestrian overpasses, the
model can effectively model the majority of the actual
sites of pedestrian behaviour, separately, without many
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forecasts being lost. High recall is important in safety-
critical applications as it provides a warrant that most
behaviors exhibited by pedestrians are well determined.

e F1 Score: A balanced performance of the model, as
indicated in the F1 score of signalized crosswalks is 90.9,
unsignalized crossing F1 of 89.9, mid-block crosswalks
F1: 88.7, and breakdowns F1: 87.6 are respectable. The
F1 scores are high, indicating that the model can predict
pedestrian behaviors with minimal tradeoffs between
precision and recall.

4.5.2. Model Implementation
Proposed Context-Aware RL Model. The Proposed

Context-Aware RL  Model combines methods of

reinforcement learning with methods of context-aware

prediction based. Key components include:

e RL Environment Setup: Pedestrian behaviors are
represented by the state in the RL environment (as ways
of observing position, speed, direction), and contextual
information (type of crosswalk, or time of the day,
weather, traffic signs, and general vehicles in the
environment) is shown. Actions are potential choices for
predicting, and their reward is proportional to the
correctness of the predictions.

e Policy Learning: Based on RL algorithms, such as DQN
and PPO, the model is trained to achieve optimal policies
by predicting the behavior of pedestrians at various types
of crosswalks. The training stage will entail a lot of past

information about pedestrian behavior at the different
crosswalks to create effective policies.

e Contextual Data Integration: The model uses different
points of contextual data in order to improve the precision
of predictions. Characteristics of the crosswalk type and
other contextual aspects are drawn and computed so that
the predictions are dynamically changed based on the
current real-time situation.

4.5.3. Real-World Application
It is of significance that the model can effectively predict

the conduct of pedestrians in different types of crosswalks, the

contribution to the safety of pedestrians, and the smart traffic
control systems. As an example, the model can be applied in
an urban setting where there are different types of crosswalks:

e Alert Drivers: With proper determination of what
pedestrians intend to do, the model will induce
appropriate alerts to the drivers in time, and thus accidents
are minimized at different crosswalks.

e Adjust Traffic Signals: Traffic management may be
added to them, which will allow dynamically controlling
the traffic lights to ensure an optimal balance of traffic
and pedestrian safety in other types of crosswalks.

e Support Autonomous Vehicles: In the case of
autonomous vehicles, the predictions that the model
makes make it possible to navigate through urban
environments with increased amounts of safety as the car
reacts directly to the pedestrian behaviors at different
kinds of crosswalks.
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Fig. 8 Heatmap of performance metrics for different crosswalk types

The heatmap is a graph on its own, and it will be a
memory of the Proposed Context-Aware RL Model
performance, its strength, number of recalls, and F1 score on
Signalized Crosswalks, Unsignalized Crosswalks, Mid-Block

Crosswalks, and Pedestrian Overpasses. Such tests will
provide a detailed review of the model’s predictive capacity
under varying conditions. The Proposed Model Signalized
Crosswalk Proposed Model has a high precision of 90.3,
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which can capture the situation of a few false positive hits. In
the case of Unsignalized Crosswalks, it is accurate about
89.7% where the strategies correctly predict the behavior of
the pedestrians. The model is precise, with an accuracy of
88.5% in Mid-Block Crosswalks, which demonstrates its
strong ability to predict pedestrian behaviors.

Notwithstanding the present problematic issues, the
model still achieves an admirable accuracy of 87.2 percent for
Pedestrian Overpasses. The recall measure indicates that at
Signalized Crosswalks, the Proposed Model recalls 91.5% of
true values, meaning that the model will not miss many
predictions. Its Unsignalized Crosswalks recall is 90.2, which
is competent, but not as effective as Signalized Crosswalks.
Having a recall of 89.0% on Mid-Block Crosswalks, the

model is sensitive enough to the behavior of pedestrians. In
the Pedestrian Overpasses case, the model suggests a recall of
88.0%, which is understandable in terms of pedestrian
behavior detection. These F1 scores are another impetus
highlighting the moderate performance of the model:
Signalized Crosswalks of 90.9, Unsignalized Crosswalks
89.9, Mid-Block Crosswalks 88.7, and Pedestrian Overpasses
87.6. These are reliable indicators of the utility and strength of
the Proposed Model, bearing witness to its capacity to have a
positive influence on safety and the output of the intelligent
traffic management systems to a great extent in the case of
urban traffic. The results of the proposed context-aware
performance analysis of the RL model are summarized in
Table 4, depending on the crosswalk types.

Table 4. Performance metrics for different crosswalk types

Metric | Signalized Crosswalks | Unsignalized Crosswalks | Mid-Block Crosswalks | Pedestrian Overpasses
Precision 90.3% 89.7% 88.5% 87.2%

Recall 91.5% 90.2% 89.0% 88.0%
F1 Score 90.9 89.9 88.7 87.6

Analysis of Table 5

The table provides a primary rundown of the working of
the Proposed Context-Aware RL Model in various kinds of
crosswalks. The high accuracy score, recall, and F1 scores of
signalized and unsignalized crosswalks indicate the high
predictability of the model in predicting the behaviors of
pedestrians. The slightly reduced, yet even good,
measurements of the crosswalks and pedestrian overpasses on
the mid-block ensure the harmony of the work of this model
and all the situations it can withstand. These results emphasize
the importance of the fact that the model is applicable in

improving the safety of pedestrians and supporting the
intelligent city traffic management programs.

4.6. Comparative Study: Proposed Model vs. Recent Models

The proposed comparative analysis compares the
coverage of the Proposed Context-Aware RL Model with
some of the recent models of prediction of pedestrian
behavior. In analyzing performance metrics, different metrics
are used to evaluate strength upgrades in forecasting,
computational performance, and flexibility to an alternative
scenario.

Table 5. Performance metrics comparison

Metric Pose Estimation Model [29] | PPASE Model [3] | Proposed Context-Aware RL Model
Accuracy 85.6% 88.3% 92.5%
Precision 83.2% 86.7% 91.1%
Recall 82.5% 85.9% 90.3%
F1 Score 82.9 86.3 90.7
Inference Time (ms) 12.5 10.2 8.7
Memory Usage (MB) 512 480 450
Throughput (pred/sec) 80 95 110

Analysis of Comparative Study: It is mentioned in the
comparative study that the Proposed Context-Aware RL
Model performs much better than the baseline models based
on different performance metrics:

e Accuracy: The Proposed Model has an accuracy of 92.5,
and this value is significantly better when compared to the
Pose Estimation Model (85.6) and the PPASE Model
(88.3). It means that there were better overall results in
predicting the behaviors of pedestrians.

e Precision: The fact that the Proposed Model achieves a
high level of accuracy, with 91.1% indicates a high level
of accuracy, meaning that it is able to recognize a positive

occurrence of pedestrian behaviors as opposed to the Pose
Estimation Model, 83.2, and the PPASE Model, 86.7.

e Recall: Having a 90.3% recall, the Proposed Model
obtains the lay observations about the real cases of
pedestrian activities and grasps the overlooked
predictions. This greatly compares to the Pose Estimation
Model (82.5%) and the PPASE Model (85.9%).

e F1 Score: The balance between the precision and the
recall is observed in the F1 score of 90.7 found in the
Proposed Model. It has better results compared to the
Pose Estimation Model (82.9) and the PPASE Model
(86.3).
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e Inference Time: The Inferred Times of the Proposed
Model (8.7 ms) are also lower than those of the Pose
Estimation Model (12.5 ms) and the PPASE Model (10.2
ms), hence it can be used in real-world applications.

e Memory Usage: The Model proposed requires a lesser
memory size of 450 MB as opposed to the Pose
Estimation Model (512 MB), and PPASE Model (480
MB), bringing into perspective the fact that it is efficient
enough in the consumption of the resources.

e Throughput: The Proposed Model has the greatest
throughput (110 predictions per second), which defines
the ability to make more predictions in real-time than the
Pose Estimation Model (80 predictions per second) and
the PPASE Model (95 predictions per second).

These results validate the efficiency and soundness of the
Proposed Context-Aware Proposal RL model, as they
demonstrate that it has the potential to make a significant
contribution to traffic safety and the usefulness of the
intelligent traffic management system.

5. Findings of the Study

The results of the study demonstrate that the better model
is effective in integrating reinforcement learning and other
context-specific models to accurately predict the behaviour of
pedestrians at the crosswalks. This model is also strategic
because visions are projected to different situations with
performance indices of accuracy and recall soaring the model.
The important added value is that it incorporates upcoming
data and changing conditions on an ongoing basis, made
possible by adaptive processes that lead to constant changes
and hence high levels of reliability in dynamically changing
urban environments.

They have also offered the situational information, which
involves time of the day, weather, and streetlights, i.e.,
rendering the model more viable and applicable to accurate
predictions. As far as computational efficiency is concerned,
particularly fast inference with low memory usage makes it
applicable to real-time and high throughput applications in
urban traffic systems, and not only predictive accuracy within
an autonomous vehicle. An extensive range of datasets in the
training creates consistency in both performance and efficient
generalization across diverse urban settings, hence scalability
is demonstrated along with utilisation across varied urban
settings.

6. Limitations

The quality and the amount of available training data
affect the proposed model greatly. In case the data is
inadequate or the consistency is limited, then the prediction
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7. Conclusion

The paper presents a merged setup of deep learning-based
suggestive and predictive dynamics constituting an integrated
framework of Reinforcing Learning (RL) and context-aware
prediction strategies to improve the precision of pedestrian
behavior prediction in zebra crossing settings. With the setting
up of advanced RL methods such as DQN and PPO with the
information of context (e.g., time of the day, type of weather,
red light, etc.), the model considerably improves the current
methods, with a high level of recall and maximum accuracy.

This robust framework monitored real-time applicability,
and it had dynamism in several urban situations. Connection
to the traffic management systems will enable making
preemptive interventions for safety that will render urban
traffic conditions safer. The modularity of the model not only
ensures that the model can have the same performance in
various urban infrastructures, but it is also aggressive in the
application of the model to autonomous vehicle systems.

The future feature of the research should involve
enhancing forecasts of unpredictable actions, enhancing
diversification of information in an effort to lead to superior
forecasts, including other elements of the environment, and
carrying out longitudinal studies to evaluate the impact over a
period of time. These solutions are bound to enhance crowded
moving and the safety of pedestrians.
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