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ABSTRACT

This work presents an end-to-end pipeline that transforms a single
RGB image into a high-fidelity crowd simulation. The framework
integrates multidimensional scene perception and socio-emotional
agent intelligence. The platform supports both interactive GUI and
GPU-accelerated headless modes for large-scale, complex scenarios.
By bridging real-world visual data with autonomous behavioral
modeling, this unified, data-driven framework provides a scalable
solution for advanced crowd safety research and repeatable experi-
mentation.
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1 INTRODUCTION

Crowd Management (CM) is related to the analysis and prediction
of large crowd behavior dynamics in complex environments, at both
collective and individual level, including safety concerns [12, 14]. It
is central to urban and architectural design [1], as well as large-scale
event planning, and its requirements for efficient management dic-
tate the need for highly reliable solutions, where advanced digital
tools allow of the exploration of scenarios of natural or human-
made disasters, to identify potential emergencies or bottlenecks,
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with recent studies [6, 12] focusing on the use of Artificial Intelli-
gence and Machine Learning (ML), for real time models. Acknowl-
edging that CSM constitutes a complex process, we present a set of
mechanisms forming an integrated simulation framework.

Modern CM faces a critical gap between static visual data and
the dynamic behavior required for high-fidelity simulations. Our
primary contribution is an end-to-end modular pipeline! that au-
tomates this transition: we extract multidimensional crowd data
and 3D environment models from a single RGB image. Within
these spaces, we leverage Deep Reinforcement Learning (DRL) to
facilitate sophisticated, human-like decision-making. This unified
framework enables repeatable, scalable analysis of complex crowd
dynamics across diverse scenarios.

2 PIPELINE OVERVIEW

The proposed end-to-end framework is organized into a three-
layered architecture designed to bridge the gap between static vi-
sual data and dynamic agent behavior. The process begins with Raw
Scene Analysis, where Deep Learning (DL) and Computer Vision
(CV) models extract spatial and semantic data from a single RGB
image. These outputs feed into Agent Logic and Behavior Model-
ing layer, where human data is translated into autonomous agents
equipped with DRL and cognitive exchange mechanisms. Finally,
the Integrated Simulation and Evaluation layer brings these com-
ponents into a unified digital twin [5], enabling the execution of
complex scenarios and the extraction of actionable safety metrics.
This pipeline is depicted in Figure 1.

2.1 Layer I: Multidimensional Scene Perception

The pipeline’s foundational layer transforms a single RGB image
into a semantically rich 3D digital twin. In the reconstruction phase,
the scene’s location is identified via image-based localization [16],
with 3D terrain and urban structures rendered through a georefer-
encing framework, Figure 1 (2a).

Concurrently, a perception-driven stack extracts granular agent
data using DL and CV approaches to detect individuals [15] and
estimate their age, gender, and emotional state [10]. To refine these
outputs, a Vision Language Model (VLM) [3, 13] is utilized, validat-
ing initial predictions against the broader environmental context
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Figure 1: The end-to-end pipeline: (1) Input RGB image, Layer I: (2a) 3D scene reconstruction, (2b) depth estimation, and (2c)
multidimensional perception (pose and emotion recognition). Layer II: (3a) autonomous navigation and (3b) socio-emotional
behavior modeling. Layer III: (4) Crowd simulation scenario execution.

and providing semantic explanations for the agents’ emotional
states[2]. Finally, by calculating 3D pose coordinates and depth
estimation [8], we determine the precise spatial positioning of each
person for measuring distances between individuals, ensuring that
the initial agent placement in the 3D environment accurately mir-
rors the real-world density and social distribution (Figure 1 (2b,

2¢)).

2.2 Layer II: Agent Intelligence and Social
Dynamics

In this layer, the pipeline translates perceived crowd data into a
multi-agent system governed by socio-emotional dynamics [4].
Individuals are replaced by autonomous agents whose adaptable
behavior is based on fear and situational knowledge. Each agent
maintains an Event Certainty Level [0, 1], which increases through
environmental awareness and a social contagion mechanism that
models the flow of information between neighboring agents. We
model spatial knowledge based on agent profiles (e.g., staff vs. first-
time visitors), while a Fear Level dynamically degrades navigation
accuracy to simulate realistic panic states and evacuation dynam-
ics [7], Figure 1 (3b). This interplay ensures that information diffu-
sion directly impacts collective crowd behavior.

We utilize DRL as the core motion controller, specifically em-
ploying the Proximal Policy Optimization (PPO) [11] algorithm for
its stability and reliability in continuous action spaces. Agents nav-
igate via a 120° field-of-view (FOV) simulated through ray casting,
as seen in Figure 1 (3a). We implement two architectures:

o Flat RL Model: A single end-to-end policy that maps sen-
sory inputs directly to navigation actions for obstacle avoid-
ance and goal-reaching.

e Hierarchical RL Model: A multi-level policy structure
where a low-level controller is trained for reactive collision
avoidance, while a high-level controller learns strategic path
selection and decision-making.

This hierarchical structure enables a human-like combination of
reactive maneuvering and long-term strategic planning, allowing
agents to navigate uncertainty with high fidelity.
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2.3 Layer III: Simulation Execution and
Scenario Analysis

The final layer of the pipeline is a data-driven platform designed
for complex, repeatable simulations. Developed on a state-of-the-
art game engine, it exploits physics engine to ensure high-fidelity
interactions and realistic environmental conditions. All simulation
parameters—including the reconstructed environment, crowd com-
position, and agent profiles—are defined in JSON configuration files.
The platform supports two distinct operational modes:

¢ Interactive GUI Mode: Real-time visualization for scenario
debugging, parameter tuning, and direct behavioral observa-
tion.

e GPU Headless Mode: Optimized background execution
for large-scale, complex scenarios by eliminating graphical
overhead [9].

During runtime, the platform synthesizes the multi-layered data-
integrating the 3D environmental models and agent profiles from
Layer I with the cognitive and DRL-based behaviors from Layer
II. Agents are instantiated and grouped by specific scenarios (e.g.,
emergency evacuation), see Figure 1 (4). Throughout execution, the
platform records high-fidelity agent state trajectories and computes
aggregated safety metrics. These results are exported as structured
JSON data, facilitating both quantitative post-simulation analysis
and qualitative visual validation.

3 CONCLUSIONS

This work demonstrates a modular, three-layer pipeline that signif-
icantly enhances the fidelity and scalability of agent-based crowd
simulations. By integrating multidimensional scene perception with
socio-emotional and DRL-based agent intelligence, we bridge the
gap between static imagery and dynamic behavioral modeling. Our
data-driven simulation platform exploits state-of-the-art game en-
gine physics and a GPU-accelerated headless mode to execute com-
plex, large-scale scenarios with minimal overhead. Ultimately, this
framework provides a scalable, high-performance solution for iden-
tifying and managing simulation contexts, offering a robust tool
for advanced crowd safety and urban planning research.
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