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Abstract: Escape path planning belongs to the domain of fire safety design in buildings, ensuring 

the safety of individuals during emergencies. Applied Reinforcement Learning (RL) research has 

focused on optimizing training for simple evacuation scenarios. Research findings indicate that 

agents can learn to escape environments using path-planning methods. However, it has yet to be 

considered in depth how immediate changes to the environment affect the learning process. By 

using dynamic environment modeling, the agent can learn to modify floor plans based on the results 

of escape paths. This approach leads towards a performance-based validation tool, where the 

results of evacuation path planning can be used to, e.g., support regulatory compliance checks. Our 

work focuses on creating a reinforcement learning environment that simulates a floor plan to train 

the agent to identify escape paths and strategically optimize the layout by placing the exits for 

evacuation. The environment creation is based on a grid-based environment using a discrete action 

space. This allows for fast prototyping since learning in environments with fewer choices leads to 

less variability of outcomes and facilitates comparison with existing research, which the study 

addresses regarding reproducibility and comparability of the environments and the robustness of the 

algorithm's outcomes. 
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1 Introduction 

Fire safety is a multifaceted domain within construction, impacting various other areas. For example, 

including openings can influence structural design, while fire safety systems like sprinklers can affect 

MEP design. Additionally, the layout of escape routes can significantly impact the overall floor plan. 

The collaboration between floor plan designers and those responsible for compliance checking is 
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not just beneficial but crucial for the safety of the building's occupants. Ensuring compliance with 

prescribed and safety goal-oriented fire safety requirements involves a lengthy process, as 

automated methods also demand extensive knowledge [1]. The building design must be continually 

updated to reflect changes made by designers from other fields to meet fire safety standards. Escape 

paths, crucial for ensuring the safety of occupants, represent a fire safety aspect of floor plan design 

that must comply with cross-domain fire safety requirements. These are closely linked to room 

layouts, door placements, component parameters, and systems such as fire extinguishers. The 

principle of reinforcement learning (RL), which utilizes machine learning to optimize a simulation 

environment through continuous adaptation and learning, has been explored in existing research [2] 

- [4]. This research primarily focuses on optimizing training specifications to determine escape paths 

in static environments that do not change dynamically.  

However, the application of RL in modifying floor plans based on escape path knowledge has yet to 

be thoroughly explored. A key question is whether an RL agent can be trained to develop fire-safe 

floor plans or improve existing ones by simulating escape path scenarios and making corresponding 

adjustments to the layout. The goal of setting up an environment for training an RL agent to recognize 

escape paths and strategically position fire safety elements, such as doors, based on pathfinding 

outcomes by incorporating dynamic environment modeling into the agent's learning process has 

been addressed only in a preliminary form [5]. This work presents the initial approaches that facilitate 

the development of a performance-based validation tool. It employs a more complex yet still 

straightforward methodology, which, through its implementation, focuses on identifying efficient and 

feasible environmental variables. These variables can then be utilized to describe the optimal 

environment for the specified use cases. Utilizing a grid-based environment with a discrete action 

space fulfills the requirement for more efficient prototyping. 

The paper opens by reviewing the latest research and categorizing its contributions. It then describes 

the background and methodology for developing the prototype with dynamic environment modeling 

and shares initial results. The paper ends with a discussion of future research directions. 

2 Background 

Understanding that learning occurs through interaction with the environment is essential to grasp the 

nature of learning. Reinforcement learning (RL) is a computational method centered on goal-directed 

learning through interaction and maximizing reward signals. This approach involves discovering 

which actions yield the highest rewards through trial and error, without direct instructions, and 

observing the long-term consequences of actions [6]. 

RL has been used to model human behavior and interactions during emergencies in escape 

scenarios. While RL environments do not necessarily depend on visual representation, appropriate 

visualization can enhance realism and facilitate the agent's tasks by tracking its actions. For instance, 

one study simulates realistic fire scenarios and tests pre-trained agents on a large, complex building 

model represented solely as a graph, demonstrating scalability without visuals. The results indicate 

that combining off-policy, model-free algorithms improves performance in real-world fire evacuation 
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emergencies [2]. Several studies advocate for explicit visualization methods. One research paper 

employs a grid-based approach to pathfinding, discussing how an agent decides on escape routes 

[7]. Another study examines evacuation routes in a single room with multiple exits and obstacles [4]. 

Additionally, a framework using deep reinforcement learning in a 3D environment simulates crowd 

evacuation, analyzing how height, mass, and exit width affect evacuation dynamics [3]. Another 

piece of research applies RL to enhance emergency evacuation drills, using a controlled 3D 

environment where an agent trained as an evacuation leader streamlines the evacuation process for 

more efficient management [8]. Others employ tools such as Unity to adapt to the real-world needs 

of case studies that require it, such as active shooter incidents. The subsequent analysis then 

considers the understanding, implementation, and investigation of the impact of building design 

parameters on evacuations [9]. 

Despite the advancements, existing research critiques these models' static nature and lack of real-

world features [2] - [4]. Dynamic environment modeling for escape scenarios using continuous 

ranging state and action spaces shows promise but necessitates extensive test runs and prolonged 

training [5]. Further research is needed on dynamic (non-stationary) modeling approaches within 

environments that yield faster results, such as using discrete action spaces to influence the decision-

making process. Our proposed research framework aims to fill these gaps by integrating dynamic 

modeling into RL environments for escape scenarios, addressing the limitations of current models. 

3 Methodology 

Planning escape routes for emergency evacuation scenarios focuses on pathfinding individuals 

affected by the situation. Human movement patterns, which form these escape routes, can be 

modeled using various approaches. Our prototype movement is modeled using discrete action 

spaces within a grid-based environment. This approach translates navigation through the floor plan 

into numerical values, such as 0 for moving left, 1 for moving right, and 2 for moving straight. The 

agent then moves through the floor plan by executing these actions, progressing from point A (the 

starting point) to point B (the emergency exit or terminated state), thereby learning the escape path 

within the environment. 

Concurrently, the agent must learn to apply the insights gained from escape path learning to modify 

the floor plan. This process involves adapting to changes in the environment during the agent's 

learning or training episodes. Therefore, the environment model must support a suitable action space 

and dynamic changes to facilitate effective learning and adaptation. Dynamic environment modeling 

refers to the capacity to alter the state of the environment within an ongoing episode in response to 

actions taken by an agent or external factors. Depending on the task, most RL environments within 

modeling frameworks remain stationary throughout an episode (initialized at the start and reset at 

the end). In evacuation scenario planning, pathfinding maps human movement through escape 

routes. These movement patterns can be modeled using simulations that support dynamic 

environment modeling, essential for adapting the floor plan during training. As the agent learns and 

Fitkau, I.

35. Forum Bauinformatik, Hamburg, 2024 84



interacts with the environment, this approach enhances the applicability of the learned escape paths 

under varying conditions. 

In our work, we employed the technique of prototyping to generate initial results for our approach. 

This entailed a continuous loop of developing, testing, demonstrating/visualizing, and refining the RL 

environment. Prototyping is beneficial as it allows us to improve the model iteratively, ensuring it 

accurately reflects real-world conditions and effectively adapts escape paths. This method aligns 

with our approach by enabling hypothesis testing, repeated experimentation, and ongoing 

refinement based on visualized results. A summary of RL modeling frameworks was conducted to 

develop an effective workflow for the simultaneous learning of escape paths and design decisions. 

This entailed the utilization of Farama's Miniworld [10] for the modeling of the environment, 

implementing reliable and widely-used RL algorithms via Stable Baselines 3 [11], and wandb.ai [12] 

for the logging and tracking of experiments. The model was trained using the Proximal Policy 

Optimization Algorithm (PPO) [13]. 

4 Results 

4.1 The environment 

The agent's objective is to navigate from a starting point, 

designated as A, to a goal location, defined as B. The agent is 

randomly positioned at various starting locations, as described in 

section 4.2. The agent learns to navigate to B, the terminated 

state, solely through the input provided by the environment 

setup, the action and observation space, and the reward 

function. 

The prototype we are discussing is a simple setup of three rooms 

and a hallway on an 8x20m floor. Four walls surround the arena, 

which are fixed in size and cannot be escaped. Another five walls 

separate the floor, each separating two rooms. The hallway has 

a door leading to a staircase, representing the terminated state 

(the target) where the agent reaches safety (see Figure 1). The 

partition walls have a sensor that detects the agent's touch when 

he decides to move through it, automatically creating a door. This 

door, represented by a passage, is placed where the agent 

touched the partition wall, enabling the agent to pass from one 

room into the other (see Figure 2). During reset, all placed doors 

are removed.  

The duration of an episode is set to 3000 steps before resetting for a new episode. This timeframe 

was identified as pertinent for the agent to explore and locate the target in initial test runs. Tables 1 

and 2 present the action and observation spaces. The rewards have been refined during several 

 

Figure 1: The environment set-up.  
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prototyping steps and are meant to foster fast escape times. We tend to model a realistic 

environment that includes design aspects such as regulatory requirements (e.g., hallways have 

higher fire resistance requirements) without introducing too many biases simultaneously. 

The rewards are given as follows: 

1. reward += 1 / (distance_to_terminal + 1) for reducing the 

distance to the target, else: 

reward -= 0.5 / (distance_to_terminal + 1) 

2. reward += 100 for creating a door 

3. reward += 0.5 for being in the hallway 

4. reward += 3000 for step-count < 1000,  

reward += 2000 for 1000 < step-count < 2000,  

reward += 1000 for 2000 < step-count < 3000 

for termination 

5. reward -= 500 for truncation 

The prototype resulted in some assumptions (partly adjusted from 

[5]) and parameters being set as 1) fixed set up of floor plan walls, 

2) no orientation/sight included for the agent – the agent neither 

has knowledge of the escape path nor a lidar sight or else 

implemented, 3) the door he positions through walking towards the 

exit has a fixed size and cannot be moved again during an episode 

and 4) the obstacles represent simplified furniture (e.g., office 

tables) and do not move or change sizes during training. 

Table 1: Action Space. 

turn_left turn_right move_forward action_space 

0 1 2 discrete(3) 

 
Table 2: Observation Space. 

agent 
position 

direction of 
agent 

target B 
position 

distance to 
target B 

encoded room 
name  

observation_
space 

x, y, z angle x, y, z length [1, 0, 0, 0] Box(11) 

 

4.2 The findings 

Preliminary results indicate that when using the environment described in section 4.1, the agent can 

learn to navigate the environment for the trained number of steps and position doors within the floor 

plan based on its learned optimal escape path. The mean reward throughout the training can differ 

slightly for the mean length of an episode as the agent is randomly placed in a room by episodes 

reset, frequently changing the distance and location to the target. 

Transfer learning during prototyping, resulting in the training results below (see Figure 3). Run 0 has 

been conducted by placing the agent in four starting positions in Room 1 randomly. The resulting 

paths are shown in Figure 3a. After discovering and solving an environmental bug of too large of the 

 

Figure 2: Dynamic environment 

modeling during an episode  

(example Room 1; applies to all 

walls once per episode). 
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obstacles bounding boxes, we reran the training but overfitted to the former solution of run 0. Then, 

we conducted run 1 using the 6mio-global step result model from run 0, representing half of the 

experiences and final learnings of run 0-agent (see Figure 4), which led to more exploratory and 

expected results (see run 1-paths of Figure 3b). Then, we transferred the final learning of run 1 and 

added three starting positions A in Room 2, resulting in seven starting positions A for run 2. For the 

last run 3, we added three starting positions A in Room 3 to the existing ones, leaving us with ten 

starting positions A and the final learning of run 2, which resulted in the learning of paths shown in 

Figure 3b. Figure 4 presents the transferred learning from one run to another. Except for the 

described reusing of run 0 for run 1, all the other transfers used the learning results at the end of 

each training run, e.g., final learning at 9mio global steps of run 1 for the start of run 2. 

5 Discussion and Conclusion 

This paper presents a novel approach to integrating dynamic environment modeling within a 

reinforcement learning (RL) framework. The objective is to optimize escape paths in evacuation 

scenarios. The agent modifies its environment dynamically by placing doors and learning optimal 

escape routes through interaction and adaptation. The discrete state and action space, operating 

within the defined range of motion, yielded usable, rapid results and facilitated additional refinement 

steps within the prototype method. 

  

Figure 3a: Prelimary paths shown for run 0. 

Bounding boxes of obstacles represented with 

orange circles. 

Figure 3b: Visualization of paths and sequence of 

runs after resolving the environmental bug of 

bounding boxes. 

Figure 3:  A typical sequence of prototyping. The paths shown in 3a (run 0) resulted from the fact that the 

obstacles bounding boxes prevented the agent from moving in certain areas (orange circles). After 

resolving the environmental bug, 3b shows the transfer learning results (run 1, then run 2, then run 3). 
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Figure 4: The agents mean episode length. run 0 equals the training results shown in Figure 3a. To 

avoid overfitting: training run 1 starts using the 6mio-global step result model from run 0. 

Nevertheless, several limitations require further attention in future research. The static nature of the 

floor plan and the fixed size of components like doors restrict the adaptability of our model. 

Implementing scalable solutions for floor plan creation and additional building elements will assist in 

creating more realistic scenarios. Implementing scalable solutions for floor plan creation and 

additional building elements will assist in creating more realistic scenarios. The preliminary results 

indicate that incorporating orientation awareness and lidar sight could enhance the agent's human-

like characteristics, thereby improving the efficacy of the training process. Furthermore, investigating 

the integration of semantic knowledge (e.g., hot-encoded room names) of learning outcomes would 

enhance the model's realism. Fine-tuning the algorithm's hyperparameters is paramount to achieving 

stable learning. Implementing advanced strategies to avoid local optima could enhance the current 

prototype’s complexity and deceptive rewards [14]. The PPO algorithm [13] proved beneficial; 

however, the dynamic environment setup requires an in-depth sensitivity analysis of variables and 

parameters. 

This novel approach to escape path planning in a dynamic RL environment demonstrates promising 

results, indicating both feasibility and potential benefits for performance-based validation, such as 

developing authority compliance checks. Future work will focus on enhancing the environment's 

scalability and flexibility and fine-tuning algorithms to reflect realistic conditions better. This research 

contributes to advancing adaptive RL systems, which can inform the design of safer floor plans for 

fire safety. 
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