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ABSTRACT: This paper presents a method for static environment mapping using an 

autonomous mobile robot by integrating the Social Force Model (SFM) for obstacle 

avoidance and frontier-based detection for dynamic goal selection. The objective is to enable 

the robot to autonomously explore unknown environments, avoid obstacles, and generate 

accurate maps. The system was developed and tested in the Gazebo simulator, with RViz 

employed to visualize real-time sensor data, including lidar and odometry. Two frontier point 

selection strategies were evaluated: one based solely on the nearest distance, and another 

incorporating both distance and orientation. Experimental results demonstrate that the first 

strategy enabled the robot to complete the mapping task in an average of 10.66 minutes over 

a distance of 76.37 meters. In contrast, the second strategy, although more directionally aware, 

resulted in a longer duration of 14 minutes and a travel distance of 104.08 meters. These 

outcomes highlight the impact of map update delays and suboptimal frontier point selection 

on overall navigation efficiency. The findings suggest that while the system exhibits 

promising autonomous navigation capabilities, further improvements in frontier map update 

speed and goal point optimization are necessary to enhance path efficiency and reduce 

unnecessary movement. 

ABSTRAK: Kertas ini membentangkan kaedah pemetaan persekitaran statik menggunakan 

robot mudah alih autonomi dengan mengintegrasikan Model Daya Sosial (SFM) bagi 

mengelak halangan dan pengesanan berasaskan sempadan bagi pemilihan matlamat dinamik. 

Objektifnya adalah untuk robot meneroka persekitaran yang tidak diketahui secara autonomi, 

mengelak halangan, dan menjana peta dengan tepat. Sistem ini dibangunkan dan diuji dalam 

simulator Gazebo, manakala RViz digunakan bagi memvisualisasikan data sensor masa nyata 

termasuk input lidar dan odometri. Dua strategi pemilihan titik frontier telah dinilai: satu 

berdasarkan jarak terdekat sahaja, dan satu lagi yang mengambil kira jarak serta orientasi. 

Dapatan eksperimen menunjukkan bahawa strategi pertama membolehkan robot 

melengkapkan tugas pemetaan dalam purata masa 10.66 minit dengan jarak perjalanan 76.37 

meter. Manakala, strategi kedua, walaupun lebih peka terhadap arah, memerlukan masa yang 

lebih lama iaitu 14 minit dengan jarak perjalanan 104.08 meter. Dapatan kajian ini 

menunjukkan bahawa kelewatan dalam mengemas kini peta dan pemilihan titik frontier yang 

kurang optimum memberi kesan kepada kecekapan navigasi keseluruhan. Walaupun sistem 

ini menunjukkan kebolehan navigasi autonomi yang baik, penambahbaikan dalam kelajuan 

kemas kini peta frontier dan pengoptimuman pemilihan titik matlamat diperlukan bagi 

meningkatkan kecekapan laluan dan mengurangkan pergerakan yang tidak perlu. 

KEYWORDS: Autonomous Navigation, Social Force Model (SFM), Simultaneous 

Localization and Mapping (SLAM), Frontier Detection, Robot Exploration. 
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1. INTRODUCTION  

Robotic technology has greatly sped up its development in response to the growing need 

for more difficult tasks and roles [1-6]. To fulfill the need for human-robot interaction, 

psychological and social factors are increasingly being considered [7-10]. Along with hardware 

systems that function well, software and algorithms, such as those used in detection and 

analysis, navigation, object avoidance, localization, and mapping, are also crucial. 

One essential capability that a mobile robot must possess is the ability to navigate within 

a specific environment. Typically, the environment where the robot will operate can be mapped 

beforehand. When applied in environments with static obstacles (such as walls and furniture) 

and dynamic ones (including humans, animals, and other moving objects), a human-operated 

robot must first map the area [11, 12]. Making maps can also be done by a mobile robot on its 

own in places where there are only static barriers [13]. Consequently, the majority of robots 

encounter difficulties navigating unfamiliar environments [14, 25-27]. 

Furthermore, mapping the area is not difficult for either the robot or the operators in 

structured and safe environments. However, in unstructured or dangerous areas, a human user 

might not be present, so the robot needs to be able to map the area on its own. Additionally, 

the need for a workforce is also something to consider [15]. This study combines Simultaneous 

Localization and Mapping (SLAM) technology with local navigation tools, particularly the 

Social Force Model (SFM) [9, 17, 21-23]. This enables a mobile robot to navigate 

autonomously while identifying its location and interpreting its surroundings. Being able to 

move independently means that the robot can avoid both static and moving objects while it is 

working. 

SLAM-toolbox was selected in this research due to its robust features and practical 

advantages [20]. SLAM-toolbox not only simplifies the implementation of SLAM by providing 

a ready-to-use framework, eliminating the need to develop SLAM algorithms from scratch, 

which can be highly time-consuming, but it also incorporates occupancy grid mapping. This 

feature is particularly beneficial as it allows seamless integration with additional algorithms, 

such as frontier-based exploration, to enhance mapping and navigation capabilities in diverse 

environments [14, 25-27]. The reason SFM was chosen is that it is easy to use, can accurately 

model social interactions, can avoid collisions, works well in dynamic environments, and can 

adapt to various situations [10]. 

The main contributions of integrating the Social Force Model (SFM) navigation method 

with SLAM-toolbox and frontier-based exploration are: 

• The integration of SFM and SLAM-toolbox enables the robot to autonomously navigate 

dynamic environments, such as areas with human activity or moving objects, by accounting 

for social interactions. This ensures that the robot can not only build and maintain an 

accurate map of the environment but also safely avoid collisions with humans and dynamic 

obstacles. 

• SLAM-toolbox provides a robust framework for real-time map generation and updates 

using occupancy grids. At the same time, the inclusion of frontier-based exploration allows 

the robot to identify unexplored areas efficiently. Coupled with SFM, the robot adapts to 

dynamic environmental changes, maintaining safety and mapping precision during 

autonomous navigation and exploration. 

• The SFM allows the robot to mimic human-like navigation behavior, maintaining safe 

distances and moving naturally in crowded or socially sensitive environments. This ensures 
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comfortable interactions and reduces potential disruptions in human-robot interaction 

scenarios. 

• The combination of SFM, SLAM-toolbox, and Frontier-based Detection provides the robot 

with adaptability in diverse scenarios, whether in static or dynamic environments, and 

enhances its capability to explore both confined and open spaces with varying population 

densities. 

• This integration significantly increases the robot’s autonomy by enabling it to navigate, 

explore, and interact with dynamic and complex environments without human intervention. 

The robot can dynamically adjust its behavior while simultaneously updating its map and 

planning exploration paths to maximize coverage. 

The remainder of this paper is organized as follows. Section 2 describes the mobile robot 

navigation, frontier detection, localization, and mapping system simultaneously. Section 3 

delivers the experimental results and discussion. Finally, the conclusion and future work are 

presented in Section 4. 

2. LITERATURE REVIEW 

2.1. Social Force Model (SFM) 

The Social Force Model (SFM) predicts human movement in dynamic environments [17]. 

It considers "social forces," which reflect not just physical forces but also the desire to achieve 

goals while avoiding obstacles and interacting with others. This model is particularly effective 

for socially aware navigation in robots. 

In robotics, the SFM helps robots avoid fixed and moving obstacles by calculating the 

necessary force to navigate. The total navigation force (𝐹𝑛𝑎𝑣) refer to Eq. (1) is the sum of two 

components: the force to move toward the goal (𝐹𝑔) refer to Eq. (2) and the force from static 

obstacles (𝐹𝑠). Here, 𝑣0 represents the desired velocity of the robot, while 𝑣 is the current 

velocity. The sum of physical and social repulsion is a static force, referred to as Eq. (3). This 

force keeps the robot away from a stationary object. 

 𝐹𝑛𝑎𝑣 = 𝐹𝑔 + 𝐹𝑠 (1) 

 𝐹𝑔 = 𝑚 ∙ 𝑎 =  𝑚
𝑣0−𝑣

𝑡
 (2) 

 𝐹𝑠 = 𝑓𝑠𝑜𝑐
𝑠 + 𝑓𝑝ℎ𝑦

𝑠  (3) 

 𝑓𝑠𝑜𝑐
𝑠 = 𝑘𝑠𝑒𝑥𝑝 + (

𝑟𝑅−𝑑𝑅
𝑠

 𝜓𝑠 ) ∙ 𝑒𝑠⃗⃗  ⃗ (4) 

 𝑓𝑝ℎ𝑦
𝑠 = 𝑘𝑠 ∙ (𝑟𝑅 − 𝑑𝑅

𝑠 ) ∙ 𝑒𝑠⃗⃗  ⃗ (5) 

The social robot's repulsive force against static obstacles is denoted as 𝑓𝑠𝑜𝑐
𝑠  refer to Eq. (4), 

while its physical repulsion force is 𝑓𝑝ℎ𝑦
𝑠   as seen as Eq. (5). The robot's radius of the proxemics 

area is 𝑟𝑅, its distance to the nearest static obstacle is 𝑑𝑅
𝑠 , and a gain factor 𝑘𝑠 determines future 

feedback. The effective distance value for avoiding dynamic obstacles is  𝜓𝑠, and 𝑒𝑠⃗⃗  ⃗ represents 

the vector direction of the working force. The vector of SFM is represented in Fig. 1. 
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Figure 1. The forces that operate within the SFM framework. 

2.2. Simultaneous Localization and Mapping 

Simultaneous Localization and Mapping, or SLAM, is a way for robots or self-driving cars 

to make maps and figure out where they are on the map simultaneously. In this case, SLAM 

uses algorithms, mathematical models, and sensor data to assist robots in determining their 

position and actions within unfamiliar environments. Besides that, the SLAM software system 

can also figure out where the robot is in its surroundings [18]. 

SLAM-toolbox is a widely used framework in robotics for simultaneous localization and 

mapping (SLAM), enabling a robot to construct a map of its surroundings while simultaneously 

determining its position within the environment. SLAM-toolbox is particularly effective for 

applications requiring high-precision 2D or 3D mapping, especially in structured indoor 

settings with static features [20]. The key processes and formulations implemented in SLAM-

toolbox are detailed in Algorithm 2. 

2.3. Robot Model 

The Differential Drive Mobile Robot (DDMR) Kinematic function determines the wheel 

speed of the robot, which requires kinematics, allowing it to calculate the wheel speed 

difference between the left and right wheels using the robot’s coordinate distance to the goal. 

In the DDMR robot kinematic system with 2 wheels and 1 free-wheel front wheel, to calculate 

the speed of the robot, the formula for linear speed and angular speed is as Eq. (6 - 9) follows: 

 𝑉𝑅 = 𝜔𝑅 . 𝑟𝑅  (6) 

 𝑉𝐿 = 𝜔𝐿 . 𝑟𝐿 (7) 

 𝑣 =
𝑉𝑅+ 𝑉𝐿

2
 (8) 

 𝜔 = 
𝜔𝑅 − 𝜔𝐿

2
 (9) 

𝑉𝑅 and 𝑉𝐿 show how fast the right and left wheels are moving in a straight line, and 𝑅 and 

𝐿 show how fast the wheels are turning in a circle. Using the coordinate points (𝑥, 𝑦) of the 

end point to find the wheel speeds, the inverse kinematics of each wheel's speed is used. Here, 

the input 𝜃, which tells the robot which way to go, will be set separately. The values of 𝑥, 𝑦 

and 𝜃 are obtained as in Eq. (10 – 12). 

 𝑥̇ =  𝑣. cos (𝜃)  (10) 
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 𝑦̇ =  𝑣. sin (𝜃)  (11) 

 𝜃̇ = 𝜔   (12) 

An illustration of equations on the DDMR Robot can be seen in Fig. 2. 

 

Figure 2. Illustration of Equations on the DDMR Robot [24]. 

2.4. Frontier Detection 

Frontier detection with an occupancy grid is a method for pinpointing cells at the interface 

between mapped and unmapped regions inside a grid. Frontier cells are crucial for devising 

exploration routes, as they delineate the boundary between known (blocked or free) and 

unknown regions [14, 25-27]. 
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The algorithm detects frontier cells in a matrix, which are cells with a value of -1 that 

border empty areas (value 0) and have at least one known neighbor (not -1), as shown in 

Algorithm 1. It then identifies strongly connected components (SCCs) using Kosaraju’s Depth-

First Search and computes the centroid of each component with more than 8 cells (Algorithm 

2). These centroids represent candidate destinations, and the final goal is selected based on the 

chosen destination selection strategy. 

2.5. Related Works 

Several previous studies have explored the use of the Social Force Model (SFM) in 

combination with various supporting technologies to improve mobile robot navigation. Table 

1 summarizes representative research efforts that utilize SFM, highlighting their main 

objectives and key findings. These studies demonstrate the adaptability and effectiveness of 

SFM across diverse environments and applications. 

Table 1. Summary of related works using SFM for mobile robot navigation 

Authors (Year) Supporting Technologies Primary Objective Key Findings / Results 

Rifqi et al. (2021) 
Fuzzy Inference System 

(FIS), LiDAR 

Adaptive navigation 

for healthcare robots in 

social environments 

79.9% navigation success; safe 

behavior via adaptive SFM 

parameters. 

Dewantara & 

Miura (2016) 

Reinforcement Learning 

(Q-learning 

Generate socially 

aware guiding 

behaviors for a guide 

robot 

Reduced over-reactive 

behavior; achieved smoother, 

safer, and more comfortable 

guidance. 

Dewantara & 

Ariyadi (2021) 

Fuzzy Inference System 

(FIS) 

Adaptive navigation 

control for robot 

soccer in dynamic 

environments 

Improved reactivity and 

responsiveness; adaptive SFM 

parameters outperformed 

constant ones. 

Ramadhan et al. 

(2023) 

Fuzzy Inference System 

(FIS), Genetic Algorithm 

(GA) 

Optimize SFM 

parameters adaptively 

for mobile robot 

navigation 

Smoother robot travel (reduced 

heading deviation); reached 

goal 1.6 sec faster than fixed 

parameters. 
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Inspired by the adaptive use of SFM in the aforementioned studies, this paper proposes a 

system that combines SFM with frontier-based exploration and SLAM for enhanced 

autonomous mapping and navigation. 

3. METHODOLOGY 

3.1. Proposed System 

The proposed system design is illustrated in Fig. 3. The lidar sensor is used to measure 

object distances within the environment. The lidar data is processed to determine distances to 

static objects. The information from static objects is then fed into the Social Force Model 

(SFM) module to compute the robot's heading and speed, ensuring safe and human-aware 

navigation. Simultaneously, the static object data is processed by the SLAM-toolbox module, 

which localizes the robot and generates an occupancy grid map of the environment. The 

Frontier-based Detection module further utilizes the resulting map to identify unexplored 

regions, enabling efficient and autonomous exploration of the environment. 

 

Figure 3. Proposed system 

3.2. Simulation  

This study is mainly about robot navigation, localization, and mapping. It uses crucial 

algorithms like the Social Force Model (SFM) for planning local paths, Simultaneous 

Localization and Mapping (SLAM) for mapping environments, and Frontier Detection for 

finding goal points. The primary simulation tool for the robot's behavior and environment is 

Gazebo. RViz is used as the graphical user interface to see how the robot interacts with its 

environment. In this setting, RViz processes and monitors real-time sensor data, including lidar 

inputs and odometry readings. This lets people see where the robot is (𝑅(𝑥, 𝑦)), which way it 

is facing, and how good the maps made by the SLAM method are. The study concentrates on 

three primary objectives: 

• Navigation: The Social Force Model (SFM) tests the robot's autonomous movement. The 

local planner tool SFM helps the robot avoid impediments on its way to its destination. 

Social influences regulate the robot's speed and path to the goal to mimic human movement. 

• SLAM/Mapping: This goal combines localization and mapping so the robot can find itself 

and map its surroundings. Independent navigation requires SLAM to provide the robot with 

a worldview to plan its subsequent actions.  

Frontier detection finds and investigates unexplored environmental areas. Frontier 

Detection finds known and undiscovered map edges. Recognizing these edges enables the robot 

to determine where to investigate next, thereby expanding the mapped areas. This function 

436



IIUM Engineering Journal, Vol. 26, No. 3, 2025 Irsyad et al. 
https://doi.org/10.31436/iiumej.v26i3.3554 

 

 

allows the robot to explore new places and avoid previously visited ones, thereby making the 

map more comprehensive. 

The combination of Gazebo and RViz provides a controlled and flexible platform to 

simulate ideal sensor data in a realistic virtual environment. This approach enables the 

validation of navigation and SLAM algorithms without the risks and limitations of physical 

hardware, supporting efficient research in customizable simulation scenarios. 

3.3. Experimental Setup 

All experiments were conducted on a system with the following specifications: Intel NUC, 

Core i5-1135G7 (4.2 GHz), 8 GB DDR4 RAM, Iris Xe Integrated Graphics, Ubuntu 22.04 

LTS, and a 128 GB NVMe M.2 SSD. The development environment included Visual Studio 

Code (VSCode), OpenCV 4.9.0 libraries, as well as the Gazebo and RViz 3D simulation tools. 

Gazebo and RViz were integrated with ROS2 for real-time robotic control and visualization. 

For experimental purposes, the specified SFM parameters are presented in Table 2. 

Table 2. SFM Parameters 

Parameters Value 

Gain 3 

Robot mass 1.5 kg 

Max. speed 0.35 m/sec 

Proxemic type half circle 

Proxemic radius 1.3 m 

Effective range 1 m 

3.4. Experimental Scenario 

In this research, using the TurtleBot3 Waffle model, as shown in Fig. 4, which is provided 

by the community in the ROS 2 framework [28]. This model was chosen because it is well-

integrated into the ROS 2 ecosystem and comes equipped with the 360° lidar sensor required 

for this research. Using the available model can avoid the time-consuming process of designing 

the robot from scratch, allowing for a greater focus on algorithm development and testing in 

simulations. In addition, TurtleBot3 is classified as a Differential Drive Mobile Robot 

(DDMR), which utilizes two independent wheels to drive the robot, providing precise control 

over its movement and making it an ideal platform for research and development in robotics. 

 

Figure 4. Turtlebot3 model used in the simulation. 
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Fig. 5 shows the experimental scenario where the robot is placed in a room, as seen in the 

image, with an area of approximately 155 𝑚2. The robot's objective is to map the entire room 

without colliding with obstacles, then measure the distance traveled to complete the mapping 

and the time required to perform the mapping. 

 

Figure 5. Experiment layout room scenario. 

4. EXPERIMENTAL RESULTS AND DISCUSSION 

Frontier detection produces candidate frontier points that represent potential goal locations 

for the robot. In the scenario illustrated in Fig. 6, the selection strategy relies solely on 

identifying the nearest point from the robot’s current location. While this approach is 

computationally simple, it often results in inefficient trajectories, as the robot consistently 

chooses the closest frontier point without considering direction or overall path efficiency. This 

can cause the robot to perform frequent orientation changes, including abrupt turns of up to 

180 degrees. After reaching a goal, the map is updated and new frontier points are generated, 

prompting the robot to re-evaluate and select the next closest target. Due to this greedy 

behavior, the resulting path is sometimes unnecessarily convoluted. 

The outcomes across three trials under this strategy demonstrate variations in performance. 

The robot traveled 77.53 m, 61.33 m, and 90.26 m, with corresponding mapping times of 13, 

9, and 10 minutes, respectively. On average, the travel distance was 76.37 m, and the mapping 

time was 10 minutes and 40 seconds. 
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Figure 6. Mapping a room using the nearest distance of frontier points. 

In contrast, Fig. 7 shows the result of using a more refined selection strategy that considers 

both the nearest distance and the closest orientation relative to the robot's current heading. This 

method aims to reduce unnecessary rotation and improve navigational smoothness. However, 

in practice, this strategy still suffers from inefficiencies due to timing mismatches between goal 

arrival and frontier detection updates. Specifically, when the robot reaches a goal point, the 

system may not yet finish updating the frontier points based on the new map, as the algorithm 

performs a complete scan of all cells. Consequently, the robot may select a suboptimal goal, 

one that appears optimal based on outdated map information resulting in a longer and more 

winding path. 

In the three experiments conducted under this method, the robot traveled 99.47 m, 88.75 

m, and 124.02 m, with mapping times of 17, 13, and 12 minutes, respectively. The average 

travel distance was 104.08 m, and the average mapping time was 14 minutes.  
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Figure 7. Mapping a room using the nearest distance and nearest orientation of frontier points. 

A comparison of the two frontier point selection strategies is summarized in Table 3. The 

first strategy selects the frontier point based only on the shortest distance to the robot, while 

the second strategy additionally considers the orientation of the robot toward the point. Each 

approach was tested in three different experimental runs. 

Table 3. Comparison of travel distance and mapping time for different point selection 

strategies. 

Point Selection 
Experiment 

(n) 

Travel Distance 

(m) 

Mapping Time 

(minutes) 

Shortest distance 

1 77.53 13 

2 61.33 9 

3 90.26 10 

Avg 76.37 10.66 

Shortest distance & 

closest orientation 

1 99.47 17 

2 88.75 13 

3 124.02 12 

Avg 104.08 14 
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From the table above, it is evident that the strategy considering both distance and 

orientation tends to result in a longer travel distance and mapping time. Although this approach 

aims to align the robot’s direction with the target, the delayed frontier update occasionally 

causes the robot to select less optimal points. In contrast, the shortest distance only strategy 

yields more efficient performance in terms of time and distance, albeit with less smooth 

trajectories. 

The computation time required for frontier detection is also critical. Fig. 8 illustrates the 

detection time performance throughout the exploration. In the shortest distance scenario (Fig. 

8a), the average frontier detection time is 2.34 seconds, with a maximum of 5.87 seconds and 

a minimum of 0.80 seconds. Meanwhile, in the shortest distance and closest orientation 

scenario (Fig. 8b), the average detection time increases to 2.95 seconds, with a maximum of 

4.62 seconds and a minimum of 0.97 seconds. 

These results indicate that as the map grows and the number of cells increases, the time 

needed to detect frontiers becomes longer, especially when the algorithm scans all grid cells 

(as described in Algorithm 1). Consequently, the robot may select a suboptimal or outdated 

frontier point before the detection algorithm completes processing the updated map. 

 
(a) Shortest distance point selection scenario. 

 
(b) Shortest distance and closest orientation point selection scenario. 

Figure 8. Detection time for the frontier detection algorithm over time during exploration. 
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5. CONCLUSION 

This study integrated the Social Force Model, SLAM Toolbox, and frontier-based 

detection to enable autonomous map exploration by a differential drive mobile robot. The 

system was evaluated in a controlled environment using the Gazebo simulator. Two frontier 

point selection strategies were tested: (1) based solely on the nearest distance, and (2) based on 

the nearest distance with orientation consideration. Experimental results show that the first 

strategy enabled the robot to complete the mapping task in an average of 10.66 minutes over a 

distance of 76.37 meters, while the second strategy required an average of 14 minutes and a 

distance of 104.08 meters. Although the second strategy incorporated orientation alignment, it 

resulted in a longer and more convoluted path. This was primarily due to two factors: limited 

frontier point selection logic and delay in frontier map updates, which occasionally caused the 

robot to choose outdated or inefficient target points. These findings indicate the need for 

improvements in both the frontier detection update speed and the frontier point selection 

strategy. Enhancing the update frequency of the frontier map would allow the robot to make 

more informed and timely decisions. Furthermore, optimizing the point selection mechanism 

by balancing distance, orientation, and predicted travel efficiency could significantly improve 

overall navigation performance and reduce unnecessary movements. 
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