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As society continues to age, more elderly people experience mobility difficulties. 

With the walking-assist robot deemed to be helpful for their motion guidance and physical 

support, in this paper, we further extend its application from a home or nursing house, 

which may be less challenging, to more crowded environments in our daily lives. Conse-

quently, it demands a path planner that can efficiently deal with moving pedestrians, and 

also be socially aware. By taking into account the comfort of both the user and pedestrians, 

the concept of personal space is introduced, which is in accordance with the social norms, 

such as walking on the left or right, not crossing in front of others, and following instead 

of passing a group. Furthermore, because the passive type of walking-assist robot was 

adopted for safety concerns, which relies mainly on the user’s applied force to move, the 

corresponding passive control strategy is developed to realize the proposed navigation 

scheme. Extensive simulations and then a field study on our campus cafeteria are con-

ducted for demonstration. 
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1. INTRODUCTION 
 

  Owing to an aging society, a growing number of people suffer from mobility problems, 

thus soliciting the development of various kinds of walking aids [1]. Among them, the 

walking-assist robot is favored for being able to entice exercise, when the elders can still 

walk, in addition to its support for balance and motion guidance [2]. However, its current 

application is limited to a less challenging home or nursing house environment, as it is not 

that effective when interacting with a larger number of incoming persons. Motivated by it, 

in this paper, we propose equipping the walking-assist robot with a novel navigation 

scheme, so that it can be applied to a general public space, which may in turn encourage 

the elderly for more social engagement. 

 

The proposed navigation scheme mainly consists of a path planner that is able to derive 

a feasible path among the moving pedestrians in a socially aware manner, and a control 

strategy capable of governing the robot to follow that path. Including social norms in path 

planning should benefit robot-human interaction, which is especially desirable for the as-

sistive types of robots. Kylberg et al. pointed out that even if robots possess a highly ef-
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fective collision avoidance ability, the absence of socially reassuring cues in their interac-

tions could impact human comfort [3]. Rios-Martinez also mentioned that adherence to 

social customs can let the coexistence of humans and robots be more natural [4]. Mean-

while, the demand for social compliance will certainly complicate this already highly chal-

lenging task of searching for a collision-free path in a crowded space. 

 

Previous research on socially compliant navigation has primarily focused on mobile ro-

bots, with limited applications to walking-assist robots. Nevertheless, these studies have 

provided valuable insights into how walking-assist robots can handle social interaction. 

Chen et al. proposed applying deep reinforcement learning to derive collision-free paths 

by analyzing the future states of nearby pedestrians; however, their method requires high 

computational costs, posing certain limitations for applications demanding real-time per-

formance [5]. Everett et al. employed deep learning frameworks to train collision avoid-

ance algorithms in multi-pedestrian environments without assuming specific behavioral 

rules, while this approach may generate unnatural navigation trajectories when encounter-

ing new scenarios [6]. Mehta et al. proposed a navigation scheme based on multi-policy 

decision-making for dynamic, unstructured environments, but it demands substantial com-

putational resources [7]. Ferrer and Sanfeliu developed a human behavior estimator based 

on the social force model for environments with dynamic crowds and moving obstacles, 

while limitations persist when handling highly crowded scenarios [8]. Boldrer et al. com-

bined the potential field method with limit cycles to guide robots in avoiding pedestrians' 

personal space, but this approach is susceptible to local minima, affecting navigation sta-

bility [9]. 

 

Among these researches, although learning approaches excel in adapting to social norms, 

their high computational costs and scene dependency limit their feasibility in real-time 

applications. In contrast, model-driven approaches offer higher computational efficiency, 

making them more suitable for walking-assist robots operating in crowded environments. In 

this study, we opt for a model-based approach, combining it with flexible personal space 

modeling, starting from basic types of social norms to achieve an efficient navigation solution. 

Extending from our previous work [10], which had included spatial and visual comfort in 

path planning in a static environment for an active type of walking-assistive robot, the 

proposed scheme will move on to deal with dynamic obstacles, and can be applied to that of 

a passive type for safety concerns [11]. 

 

Relative to that of autonomous robotic vehicles, the walking-assist robot poses a differ-

ent kind of challenge in its close bondage with the user, while that of the passive type 

further raises its own in moving the robot only via the applied force from the user, which 

would then trigger the brakes for steering, instead of through active guidance [12]. In pre-

vious related research, Andreetto et al. introduced an authority-sharing approach, in which 

the motors were deactivated as the robot followed a planned path, and activated when it 

deviated [13]. Later, they further enhanced the system by incorporating vibrating wrist-

bands to notify users of deviations [14]. In responding to the challenge, we come up with 

a new passive control strategy to realize the path derived from the proposed socially aware 

path planner. The effectiveness of the proposed navigation scheme is demonstrated via a 

series of simulations that involve various crowd scenarios and also experiments at our 
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campus cafeteria during rush hour. Comparing with previous approaches, we consider the 

proposed scheme to have the following merits: 

 

 A novel path planner that is able to find a socially-aware collision-free path in a 

crowded environment is developed. To the best of our knowledge, this is the first 

attempt to include social norms into path planning in a pedestrian-rich environ-

ment for the walking-assist type of robot. 

 A new passive control strategy that responds well to the situations resulting from 

the social norms, such as sharp turns or sudden stops, is developed, so that it can 

govern the walking-assist robot to follow the planned path effectively and 

smoothly. 

 The proposed scheme is well integrated to be capable of conducting a field study 

at our campus cafeteria, with its performance compared to the state-of-the-art ap-

proaches via simulations. 
 
    The rest of this paper is organized as follows: Sec. 2 describes the proposed navi-

gation system, including the description of the employed walking-assist robot, and the 

modules of pedestrian tracking, personal space generation, trajectory planning, and pas-

sive control. Simulations and experiments conducted in the campus cafeteria are re-

ported in Sec. 3. Finally, concluding remarks are given in Sec. 4. 

 

2. PROPOSED NAVIGATION SYSTEM 

Fig. 1 shows a conceptual diagram of the proposed navigation scheme, including the 

modules for pedestrian tracking, personal space generation, trajectory planning, and pas-
sive control. The walking-assist robot employed in this study is named as i-Go, which is 

an advanced version of that previously developed in our laboratory [12], described in Sec-

tion 2.1. In Fig. 1, as the user maneuvers the walking-assistive robot to enter a crowded 

environment for daily activities, sensors, such as a camera and Lidar, will be activated to 

collect information of the incoming pedestrians and others, which will then be forwarded 

to the pedestrian tracker for analysis, described in Section 2.2. With the environmental 

status available, the personal space generator will then determine the personal space ad-

hering to social norms that corresponds to each individual, described in Section 2.3, and 

also build a cost map for the path planner to derive a socially compliant path, described in 

Section 2.4. In turn, the passive controller will be employed to ensure successful execution 

of the planned path via salient management of the demands from both the user and social 

norms, described in Section 2.5.  
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Fig. 1. A conceptual diagram for the proposed navigation scheme. 
 

      
(a) Outlook                                 (b) Chassis 

 
Fig. 2. The walking-assist robot i-Go and its chassis: (a) outlook and (b) chassis. 

2.1 Walking-Assist Robot 

Fig. 2(a) shows the outlook of the walking-assist robot, named as i-Go, which is at a 

height of 1.1 m, with left and right auxiliary wheels attached with corresponding DC mo-

tors. Several sensors are equipped, including a six-axis force sensor (WACOH) for user’s 

applied force measurement, 2D camera (Logitech) for pedestrian detection, 2D Lidar 

(YDLIDAR) for obstacle detection and robot positioning, and IMU (Sparkfun) also for 

robot positioning. The Jetson Xavier NX embedded computer (NVIDIA) was adopted as 

the computing platform, and an emergency stop switch was installed for safety considera-

tions. During task execution, the user first applies force to maneuver the i-Go, which is 

measured by the force sensor. The measured force, along with the visual information of 

the pedestrians and obstacles, are then forwarded to the proposed scheme to derive a so-

cially compliant path for navigation, which is further processed by the passive controller 

to generate proper braking torques for motion assistance. 

 

Fig. 2(b) shows the chassis of i-Go with a rotational center (x, y) and a heading angle 

𝜃 in Cartesian coordinates. Assuming the walking-assist robot moves on a flat surface 

without wheel slip, we can obtain [11] 
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�̇� = [
𝑐𝑜𝑠𝜃 0
𝑠𝑖𝑛𝜃 0
0 1

] 𝑉 (1) 

where 𝑞 = [𝑥, 𝑦, 𝜃]𝑇 , 𝑉 is the vector of the speed 𝑣 and angular speed 𝜔, i.e., 𝑉 =
[𝑣, 𝜔]𝑇. By further assuming the walking-assist robot is symmetric, its dynamic equation 

can be derived as  

              �̇� + [

𝐷𝑥𝑦

𝑚
0

0
𝐷𝜃

𝐽

] 𝑉 =  𝐀𝜏𝑚 + [

1

𝑚
0

0
1

𝐽

] 𝐹ℎ (2) 

with 

              𝐀 = [

1

𝑚𝑟

1

𝑚𝑟
𝑊

2𝐽𝑟
−

𝑊

2𝐽𝑟

], 𝜏𝑚 = [
𝜏𝑟

𝜏𝑙
], 𝐹ℎ = [

𝑓ℎ
𝜏ℎ

] (3) 

where 𝑓ℎ and 𝜏ℎ stand for user's applied force and torque, respectively, 𝜏𝑟 and 𝜏𝑙 for 

the torque generated by right and left wheels, respectively, 𝐷𝑥𝑦 = 45.0 (N ⋅ s/m) and 

𝐷𝜃 = 20.0 (N ⋅ m ⋅ s/rad)  as the damping parameters, 𝑟 = 0.0625 m , 𝑊 = 0.6 m, 

𝑚 =  30 kg , and 𝐽 = 10.0 (kg ⋅ m2) as the wheel radius, distance between the rear 

wheels, mass of the robot, and its moment of inertia, respectively. This dynamic equation 
will then be utilized to derive the passive control strategy in Sec. 2.5. 

2.2 Pedestrian Tracking 

The pedestrian tracker is used to acquire the status of the pedestrians via close 

monitoring of their movements in a crowded environment, intended for the following 

personal space generation and path planning. It thus needs to be able to differentiate the 

pedestrians from the static obstacles, and also determine their directions relative to the 

robot. Fig. 3 shows its process. The images of the pedestrians obtained by the 2D camera 

are first bounded by using the Yolov4_tiny neural network [15], which are assigned with 

directional vectors from the robot to the m pedestrians, denoted as �⃗⃗� d = [�⃗� d 
1 , �⃗� d 

2 ,⋯ , �⃗� d 
𝑚]. 

Meanwhile, the point clouds obtained from the 2D Lidar are clustered into groups by using 

the DBSCAN (density-based spatial clustering of applications with noise algorithm) [16], 

which are assigned with vectors that identify the distances and directions of each Lidar 

cluster (including obstacles and pedestrians), denoted as �⃗⃗� s = [�⃗� s 
1 , �⃗� s 

2, ⋯ , �⃗� s 
𝑛]. While 

both �⃗⃗� d and �⃗⃗� s are available, the Hungarian algorithm [17], commonly used for solving 

assignment problems, is then employed to accurately allocate the cluster to their respective 

pedestrian with the coordinates C. As the pedestrians may be obstructed by objects or other 

pedestrians during the tracking process, the AB3DMOT (A Baseline for 3D Multi-Object 

Tracking) [18], known for its effectiveness in 3D multi-object tracking, is then used to 

estimate the pedestrians' positions, directions, and velocities. Finally, the state vectors of 

the pedestrians 𝑆ℎ in the global coordinate system, including their position, direction, and 

velocity, are derived from a series of C: 
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𝑆ℎ = [𝑠ℎ
1, 𝑠ℎ

2, … , 𝑠ℎ
𝑖 ] (4) 

where 𝑠ℎ
𝑖 = [𝑥0, 𝑦0, 𝜃, 𝑣] , denoting the state of the ith pedestrian, with 𝑥0  and 𝑦0 

representing the pedestrian's position, as 𝜃 and 𝑣 stand for the direction and velocity, 

respectively. 

 

 
Fig. 3. The pedestrian tracking process. 

2.3 Personal Space Generation 

The inclusion of social awareness into path planning can be realized basically by 

surrounding a person with a zone as a buffer, referred to as a personal space [10]. It started 

with simply using a circle, as shown in Fig. 4(a) [19]. To respond to the situation that 

people may experience higher psychological stress when facing the incoming object, 

Batista et al. suggested using an asymmetric Gaussian function (AGF), so that more space 

should be allocated in front, as shown in Fig. 4(b) [20]. To meet the requirements for the 

specific social norms, in this paper, we further propose a new form of personal space, AGF-

SN (asymmetric Gaussian function-social norm), that allows the Gaussian function to vary 

its sizes in various portions accordingly, as shown in Fig. 4(c). 

 

  
Fig. 4. Three kinds of social spaces: (a) circle, (b) AGF, and (c) AGF-SN. 
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Fig. 5. Three basic social norms (right-handed rule): (a) adhering to the walking left/right convention, 

(b) yielding when crossing, and (c) following behind a group. 

 

Fig. 5 shows the three basic types of social norms selected for the robot to abide by, 

including adhering to the walking left/right convention, yielding when crossing, and fol-

lowing behind a group. In response, we propose the AGF-SN, which is designed to be able 
to vary its sizes in the front, back, and two sides, and also according to the approaching 

speeds of the pedestrians. The AGF-SN is formulated by using the asymmetric Gaussian 

function, but with much flexibility in its shape variation to comply with social norms. Re-

ferring to Fig. 4(c), for each point (𝑥, 𝑦) within the personal space described by AGF-SN, 

the function 𝑓𝑝(𝑥, 𝑦) that derives its corresponding cost when facing an incoming pedes-

trian is formulated as 

𝑓𝑝(𝑥, 𝑦) = 𝑒−(𝑎(𝑥−𝑥0)2+2𝑏(𝑥−𝑥0)(𝑦−𝑦0)+𝑐(𝑦−𝑦0)2) 
(5) 

where (𝑥0 ,𝑦0 ) is the position of the pedestrian, and a, b, and c are the functions of 𝜎f , 𝜎b , 

𝜎r , 𝜎l , and 𝜃 for determining its shape, size, and orientation, with 𝜃 indicating the di-

rection of the robot relative to the pedestrian, and 𝜎f , 𝜎b , 𝜎r , and 𝜎l  the variance for its 
front, back, right, and left direction, respectively.  

 

To respond the social norms of adhering to the left(right) walking convention, yield-

ing when crossing, and following behind a group, the strategy is to choose smaller 𝜎r (𝜎l ) 

and 𝜎b , so that 𝑓𝑝(𝑥, 𝑦) will come up with lower costs in the left(right) and back sides of 

the space, prompting the robot to obey these rules. The values of these parameters may 

also be adjusted along with the increase(decrease) of the pedestrian's movement speed. 

During our experiments, we set 𝜎b  = 0.3𝜎f , 𝜎r  = 0.6𝜎f , 𝜎l  = 0.3𝜎f , and 𝜎f  to be 1 by 

assuming the average pedestrian speed to be 0.5 m/s. These parameters were suitable for 

our experiments under the walking-right convention, while they can be adjusted to fit dif-

ferent social norms and working environments.  

 

Meanwhile, for the case that the pedestrian stands still, we let 𝑓𝑝(𝑥, 𝑦) become sym-

metric by setting a = c and b = 0, as users’ moving directions are unknown. As for static 

obstacles, such as walls and tables, the symmetric Gaussian function is also used, but with 
smaller variances for their non-human nature. By integrating all space costs, it allows for 
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the creation of a cost map ℳ, with the cost for each of its grid cells adjusted to range from 

0 to 1. 

2.4 Trajectory Planning 

Navigating a robot in a crowded environment is very challenging, particularly with 

the social norms to adhere to. The learning approach, such as deep reinforcement learning, 

has shown its potential in dealing with complex environments, but may result in unnatural 

trajectories when encountering previously unseen scenarios [5-6]. The potential field ap-

proach is capable of overcoming unknown scenes through its intuitiveness, while facing 

the possibility of getting stuck in local minima [7]. Meanwhile, the dynamic window ap-

proach is deemed to be effective for dynamic obstacle avoidance, which is at the expense 

of high computational load [21].  

 

Due to real time consideration and limited computational resources on the walking-assist 

robot, our design concept is first to plan a shortest path 𝒫 to reach the goal G under the 

social norm constraint based on the cost map ℳ derived in Sec. 2.2 above. The robot 

should follow 𝒫 , except when the incoming pedestrian(s) blocks the path within its 

sensing distance (set to be around 5 m). It would detour to avoid them, and then return 

back to 𝒫. Following the concept, we chose a relatively simple A* algorithm [22] to plan 

path 𝒫, with the cost ℱ that considered social norms, derived to be 

ℱ = 𝐺 + ℋ + 𝑘 · 𝐼 (6) 

where 𝐺 stands for the cost for movement from the starting point to a specified grid cell, 

ℋ the estimated cost from that cell to the destination, 𝐼 the cost for the cell in the cost 

map corresponding to social norms ℳ derived in Section 2.2, and 𝑘 the weight.  

 

For the situation that a pedestrian is detected to get into the way, the planner will search 

for a temporary goal within the range of 0°~180° at a 10° interval, which is determined by 

considering both its cost on map ℳ and distance to goal G. Because the walking-assist 

robot is not meant to move fast, the proposed planner serves well, as demonstrated by the 

simulations and experiments later. 

2.5 Passive Control 

To ensure that the walking-assist robot can smoothly follow the planned path derived 

above, especially under the circumstance that sharp turns or sudden stops may occur due 

to compliance with social norms, a new passive controller is proposed based on that pre-
viously developed in our laboratory [11]. Fig. 6 shows the scene in which the walking-

assist robot is guiding a user to follow a desired path. The proposed controller is intended 

to minimize both the orientation error �̃� = 𝜃 − 𝜓, i.e., the angle between the robot and 

trajectory 𝒫, and the position error 𝑑, i.e., the shortest distance from the robot to 𝒫. With 

a slow-moving robot, the orientation error should be small, so that their derivatives can be 

derived as  

              �̇̃� = �̃� = 𝜔 − 𝜔𝑑 , �̇� = 𝑣．�̃� (7) 
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where �̃�, 𝜔, and 𝜔𝑑  are the rotational velocity error, actual and desired rotational ve-

locities, respectively, and 𝑣 is the linear velocity.  

 

To respond to possible sharp turns due to social norm adherence, we propose adding an 

inhibitory force 𝑓𝑖𝑛ℎ to slow down robot’s speed in a smooth manner. For this purpose, 

the magnitude of 𝑓𝑖𝑛ℎ is set to be zero when there is no orientation error (�̃�), and gradually 

increases until �̃� reaches π/4. Accordingly, as shown in Fig. 7, 𝑓𝑖𝑛ℎ is chosen to be  

              𝑓𝑖𝑛ℎ = −𝑓ℎ/(1 + exp(−40|�̃�|/𝜋 + 5)) (8) 

 

 
Fig. 6. The walking-assist robot is guiding a user to follow the desired path. 

 

 
Fig. 7. Illustration for 𝑓𝑖𝑛ℎ vs. �̃�. 

 

With 𝑓𝑖𝑛ℎ included and considering the dynamic equation in Eq.(2), we set up the control 

law by choosing 𝜏𝑚 to be 

              𝜏𝑚 = 𝐀−1 [
𝑓𝑖𝑛ℎ/𝑚

𝐷𝜃𝜔

𝐽
−

𝜏ℎ

𝐽
− 𝑘1�̇̃� − 𝑘2�̃� + 𝜔𝑑˙

] 
     

(9) 

where 𝑘1 and 𝑘2 represent control gains, with both greater than 0. By substituting (9) 

into (2), it leads to  
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[
�̇�
�̇�

] + [

𝐷𝑥𝑦

𝑚
0

0
𝐷𝜃

𝐽

] [
𝑣
𝜔

] = [

𝑓𝑖𝑛ℎ

𝑚
𝐷𝜃𝜔

𝐽
−

𝜏ℎ

𝐽
− 𝑘1�̇̃� − 𝑘2�̃� + (�̇� − �̇̃�)

] + [

1

𝑚
0

0
1

𝐽

] [
𝑓ℎ
𝜏ℎ

]   (10) 

 

After rearrangement, we can obtain 

              �̈̃� + 𝑘1�̇̃� + 𝑘2�̃� = 0 
   

(11) 

With 𝑘1 and 𝑘2 positive, orientation error �̃� should converges to zero. And, via Eq.(7), 

we can also obtain that �̇� = 𝑣．�̃� converges to zero. Since the planned path starts at the 

robot’s current position, with the initial position error being zero, the position error 𝑑 

should converge to a small value, demonstrating the stability of the proposed control law.  

 

Here, we propose another controller, which is intended for robot autonomous naviga-

tion. The reason is that we intend to compare the performance of the proposed navigation 

scheme with those related state-of-the-art methods, while most of them have been applied 

to autonomous robotic vehicles. Our strategy is to let the walking-assist robot behave like 
an autonomous mobile one, i.e., it is without the governance from the user. Consequently, 

by removing user’s applied force 𝐹ℎ, the dynamic equation in Eq.(5) becomes 

              �̇� + [

𝐷𝑥𝑦

𝑚
0

0
𝐷𝜃

𝐽

] 𝑉 =  𝐀𝜏𝑚   
   

(12) 

By selecting 𝑣pref  as the desired velocity for this mobile robot and applying the sim-

ilar concept on designing 𝑓𝑖𝑛ℎ in Eq.(8) for smoothing the impact from sharp turning, we 

come up with a corresponding control law by choosing 𝜏𝑚 to be 

              𝜏𝑚 = 𝐀−1 [

𝐷𝑥𝑦𝑣

𝑚
− 𝑘1(𝑣 − 𝑣𝑝𝑟𝑒𝑓) −

𝑣pref 

1+exp (−40|�̃�|/𝜋+5)

𝐷𝜃𝜔

𝐽
− 𝑘1�̇̃� − 𝑘2�̃� + 𝜔𝑑˙

]   
   

(13) 

where 𝑘1 and 𝑘2 are set to be the same as that for the walking assist robot. The stability 

of this controller can be proved following the similar procedure above. 

 

 3. SIMULATIONS AND EXPERIMENTS  

We conducted a series of simulations and experiments based on using the i-Go to 

evaluate the performance of the proposed navigation scheme, including a comparison with 

the state-of-the-art methods and a field study at our campus cafeteria during rush hour. For 

simulations, we first used Solidworks to build a proportional model of the i-Go, shown in 

Fig. 8, including all components and sensors, and then Gazebo 9 for rendering the corre-

sponding functions, such as sensing and control, in addition to the working environment. 
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For pedestrian emulation, the Pedsim_ROS library [23] was utilized to furnish each pedes-

trian with a human-like behavior [24]. We took into account the uncertainty of information 

processing, sensing noise, etc., and also considered the situations that might lead to mis-

judgment, such as the case that pedestrians were occluded by others, to make the simulated 

environment more realistic. 

 

 
 

Fig. 8. The virtual walking-assistive robot used in the simulations. 

3.1 Comparison with State-of-the-Art Methods 

The first set of simulations were intended to compare the performance of the proposed 

navigation scheme with that of the state-of-the-art methods, including the Optimal Recip-

rocal Collision Avoidance (ORCA) approach based on the concept of velocity obstacle 

[25], and the two reinforcement learning approaches reviewed in the introduction, LM-

SARL [5] and LSTM-RL [6], in addition to our previous approach on comfort-based mo-

tion guidance (CBMG) [10] and that using the asymmetric Gaussian function (AGF) to 

formulate personal space for social navigation [20]. Because most of the methods were 

developed for autonomous navigation, we let i-Go behave like an autonomous mobile ro-

bot during simulations, and adopted the control law in Eq. (13) for the proposed navigation 

scheme.  

 

We developed the simulated environment to be similar to that used in [5][6], in which 
the pedestrians were randomly distributed on a circular path of 8 m in diameter, as shown 

in Fig. 9. They moved in a manner that might cross each other, and the robot needed to 

pass them to reach the goal on the other end. Both pedestrian and robot speeds were set to 

be 0.5 m per second to allow more interaction, with an angular velocity of 0.5 radian per 

second for the robot. A total of 200 trials were conducted and the number of pedestrians 

selected to be 4 and 8. The results are listed in Table 1, including the time for the robot to 

reach the destination, average minimum distance between pedestrians and the robot, and 

the number of navigation failure. Referring to Table 1, the CBMG led to a most comfort-

able path for the pedestrians with a largest average shortest distance between the pedestrian 

and robot, but it also spent the longest time to reach the destination for its conservative 

nature. The AGF exhibited the second-best time efficiency, that might be attributed to the 
introduction of the personal space. LSTM-RL had the highest failure rate, while ORCA 

and LM-SARL had mediocre performance. Meanwhile, the results show that the proposed 

scheme achieved a better balance between time efficiency and pedestrian comfort, as it 



 

 

12 

 

was with a more flexible personal space and a path planner was capable of locating a 

shorter path among the crowd. 

 

  
 
Fig. 9. Simulation scene for comparison with the state-of-the-art methods. 

 
Table 1. Simulation results for autonomous navigation 

 

Method 
Average 

time (s) 

Average shortest  

distance to pedestrian (m) 
Failure (collision, timeout) 

 4 pedestrians 

ORCA 20.2  1.10 2.5 (1.5, 1.0) 

LM-SARL 20.2 0.99 3.5 (2.5, 1.0) 

LSTM-RL 26.3 0.91 35.0 (10.5, 24.5) 

CBMG 20.5   1.20 2.5 (0.0, 2.5) 

AGF  19.7   1.07 1.0 (1.0, 0.0) 

Proposed 

scheme 
19.3   1.05 1.0 (1.0, 0.0) 

 8 pedestrians 

ORCA 21.5  1.04 3.0 (0.5, 2.5) 

LM-SARL 23.2 1.04 9.0(8.0, 1.0) 

LSTM-RL 27.2 0.85 45.0 (36.5, 8.5) 

CBMG 23.3 1.11 6.5 (0.0, 6.5) 

AGF 21.2 1.04 1.5 (1.5, 0.0) 

Proposed 

scheme 
20.5 1.00 1.5 (1.5, 0.0) 

3.2 Simulations for Walking Assistance 

With its capability demonstrated above, we went on to conduct the second set of sim-

ulations by applying the proposed scheme for walking assistance. Fig. 10 shows the two 
scenes for simulations, the crossing and straight corridors commonly seen within a build-

ing. Eight pedestrians were arranged to walk in a steady flow. The user’s applied force was 

assumed to be in a triangle-like waveform with a 2:7 up-down slope and a period of 2.5 

seconds following the empirical evidence from our experiments. By responding to the ap-

plied force, the proposed scheme should govern the i-Go to assist him/her to move from 

the starting point to reach the goal without colliding with passing pedestrians. 
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Fig. 11 shows the resulting robot and pedestrian trajectories for the crossing-corridor 

simulations, where the time was identified on the right side of the robot, and Fig. 12 illus-

trates the corresponding state variables. From Fig. 11, the i-Go successfully accompanied 

the user to pass through the crowd, while several sharp turns and sudden stops occurred 

during the process, which would solicit the proposed scheme to respond with the inhibitory 

forces. As shown in Fig. 12(a), two types of inhibitory forces (the red line) were generated, 

which were derived according to Eq. (8) in Sec. 2.5, one (T-type) for assisting the i-Go to 

make the turning more smoothly, and the other (S-type) to prevent collision with the pe-

destrians via a larger opposing force. By taking a closer look, at 1.2, 3.7 and also 6.7 sec-

onds, the scheme initiated three consecutive turns to deviate from the pedestrian in front; 

consequently, the T-typed inhibitory force, indicated by the peaks, was generated to alle-
viate the pushing effect due to user’s applied force (the blue line), thus resulting in 

smoother turning. While from 11.5 to 13.7 seconds, the scene became too crowded for 

turning, the scheme thus resorted to the S-typed inhibitory force, indicated by the peaks, 

to make several temporary stops. Fig. 12(a) also shows the user’s applied force in the tri-

angle-like waveform (the blue line) and Fig. 12(b) corresponds to driving torque imposed 

on the i-Go generated by the proposed scheme, and Figs. 12(c) and (d) are the resultant 

linear and angular velocities, respectively, which exhibited smooth variations. As for the 

simulations in the straight-corridor environment, it also yielded similar performance, as 

demonstrated by the robot and pedestrian trajectories shown in Fig. 13. With successful 

execution of this set of simulations, the proposed navigation scheme was ready for the 

following experiments in the real world.  

 

 
 

(a) Crossing corridor 
 

 
 

(b) Straight corridor 
 
Fig. 10. Simulation scenes for walking assistance: (a) crossing and (b) straight corridor. 
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Fig. 11. The robot and pedestrians’ trajectories for the crossing-corridor simulations. 
 

  
(a) Force 

  
(b) Driving torque 

  
(c) Linear velocity  

  

(d) Angular velocity 
Fig. 12. Corresponding state variables: (a) force, (b) driving torque, and (c) and (d) linear and angular 

velocities. 
 

  
Fig. 13. The robot and pedestrians’ trajectories for the straight-corridor simulations. 
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3.3 Field Study at Campus Cafeteria 

We conducted the field study at our campus cafeteria during rush hour. Fig. 14 shows 

its map generated by the SLAM equipped on the i-Go through an exploration of the entire 

area in advance, and also the desired path intended for navigation. When facing a crowded 

environment with social norms to abide by, the two major actions often taken by the pro-

posed scheme were sharp turn smoothing as well as waiting and following, as shown in 

Figs. 15(a) and (b), respectively. Fig. 16 shows the corresponding state variables of the i-

Go. In Fig. 16(a), at 14.5 seconds, the i-Go sensed a potential collision threat, which trig-

gered the scheme to generate a large opposing force to stop. Later at 30.5 seconds, in re-

sponse to the appearance of a crowd, the scheme came up with a path of a large curvature 

for detouring, which should lead to sharp turning. Consequently, at 33.8 and 36.4 seconds, 

two inhibitory forces were generated to smooth the turning. The i-Go went on to pass tables 
and chairs in the seating area and finally reached the goal, during which the T- and S-typed 

inhibitory forces were summoned for assistance at around 50 and 59 seconds, respectively. 

Fig. 16(a) shows the user’s applied force and Fig. 16(b) the corresponding driving torque 

imposed on the i-Go, and Figs. 16(c) and (d) the resultant linear and angular velocities. In 

summary, the experimental results have demonstrated the effectiveness of the proposed 

socially aware navigation scheme when applied to crowded public environments. Note: 

the connection to the video that shows the demonstration for this field study and the sim-

ulation for autonomous navigation can be found at https://youtu.be/XX00RrCC61g. 

 

Regarding the computational aspects, the execution time for each module of the pro-

posed scheme was analyzed during the field study. The visual information was captured 

by the 2D camera at 30 Hz and the 2D Lidar at 11 Hz fixed rates. The pedestrian tracker 
module processed the sensor data and output tracking information at approximately 4.7 Hz, 

which included pedestrian detection using YOLOv4_tiny (averaging 158 ms), point cloud 

clustering via DBSCAN (approximately 32 ms), and trajectory estimation through 

AB3DMOT (around 43 ms). The personal space generation module, which also operated 

at 4.7 Hz, took about 42 ms to create cost maps for social awareness. The trajectory plan-

ning module computed socially compliant paths at 3.8 Hz, with the A* algorithm requiring 

roughly 97 ms per iteration. Finally, the passive control module executed path-following 

control at a fixed rate of 10 Hz, consuming approximately 8 ms per control cycle. The total 

processing time for a complete navigation cycle averaged around 380 ms, which proved 

sufficient for real-time operation in the crowded cafeteria environment, while also demon-

strated its excellence in time efficiency. 
  

Currently, only a small number of subjects have participated in this campus-cafeteria 

field study. Although most of them reported that the walking-assist robot provided timely 

assistance during the process, especially when turning, in the next stage of the study, we 

plan to conduct a more thorough evaluation of system performance. More subjects will be 

invited for experiments, along with a questionnaire survey to collect subjects’ feedback, 

so that meaningful statistical analysis can be achieved. The questionnaire will be designed 

according to system usability scale (SUS), which is widely used for evaluating human-

machine interaction [26] and has been used in our previous research [10]. 

 

https://youtu.be/XX00RrCC61g
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Fig. 14. Cafeteria map and desired path for navigation. 
 

             
(a) Sharp turn smoothing          (b) Waiting and following 

Fig. 15. Two actions taken by the proposed scheme during navigation: (a) sharp turn smoothing and 
(b) waiting and following. 

  
(a) Force 

 
(b) Driving torque 

  
(c) Linear velocity 

  
(d) Angular velocity 

Fig. 16. State variables for the i-Go during navigation: (a) force, (b) driving torque, and (c) and (d) 
linear and angular velocities. In (a), T and S stand for the type of inhibitory forces. 
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3.4 Discussions on Extensions 

 
To extend its applications to diverse real-world environments, such as malls, parks, or 

hospitals, firstly, we need to check whether the proposed scheme can meet their specific 

requirements. In our following study, it will start with the hostipal, as the walking-assist 

robot suits the purpose. Compared to that of the campus cafeteria, the hospital environment 

poses different kinds of challenges. It can be expected that the crowd there may include 

patients with crutches, sitting on the wheelchairs, or accompanied by the caregiver, along 

with medical staffs and others, as in the simulated scene shown in Fig. 17. Meanwhile, the 

corresponding social norms may also be slightly different due to a very strict safety demand 

and special attention paid to medical staff and patients. In response, we will proceed with 

new formulation of personal space to accommodate the cases of individuals (with crutches 

or on wheelchairs) and also people in groups, and come up with more fitting social norms. 

The visual system will also be enhanced to be able to distinguish the incoming persons as 

individual or group in real-time. With these refinements, as one of our future works, we 

plan to conduct experiments in the hospital-like intelligent ward at our university, which 

is designed specifically for testing the intelligent medical systems developed by research 

teams in our school. 

 

 

Fig. 17. A patient on the wheelchair and two persons walking together. 

4. CONCLUSIONS 

In this paper, we have proposed a socially aware navigation scheme for the walking-

assist type of robot. Especially, it includes a new form of personal space, which is more 

flexible and can be adjusted according to the requirements of various social norms. Along 

with a novel passive controller, their combination leads to a balance between time effi-

ciency and user’s comfort during navigation. A comparison with the state-of-the-art ap-

proaches via simulations and the experiments conducted at our campus cafeteria have 

demonstrated its superiority. In next phase of the research, we will continue its enhance-

ment, so that the i-Go can achieve the final goal of providing assistance for the elderly in 

daily lives. 
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As society continues to age, more elderly people experience mobility difficulties. 

With the walking-assist robot deemed to be helpful for their motion guidance and physical 

support, in this paper, we further extend its application from a home or nursing house, 

which may be less challenging, to more crowded environments in our daily lives. Conse-

quently, it demands a path planner that can efficiently deal with moving pedestrians, and 

also be socially aware. By taking into account the comfort of both the user and pedestrians, 

the concept of personal space is introduced, which is in accordance with the social norms, 

such as walking on the left or right, not crossing in front of others, and following instead 

of passing a group. Furthermore, because the passive type of walking-assist robot was 

adopted for safety concerns, which relies mainly on the user’s applied force to move, the 

corresponding passive control strategy is developed to realize the proposed navigation 

scheme. Extensive simulations and then a field study on our campus cafeteria are con-

ducted for demonstration. 

 

Keywords: socially aware navigation, walking-assist robot, personal space, passive control 

 

 

1. INTRODUCTION 
 

  Owing to an aging society, a growing number of people suffer from mobility problems, 

thus soliciting the development of various kinds of walking aids [1]. Among them, the 

walking-assist robot is favored for being able to entice exercise, when the elders can still 

walk, in addition to its support for balance and motion guidance [2]. However, its current 

application is limited to a less challenging home or nursing house environment, as it is not 

that effective when interacting with a larger number of incoming persons. Motivated by it, 

in this paper, we propose equipping the walking-assist robot with a novel navigation 

scheme, so that it can be applied to a general public space, which may in turn encourage 

the elderly for more social engagement. 

 

The proposed navigation scheme mainly consists of a path planner that is able to derive 

a feasible path among the moving pedestrians in a socially aware manner, and a control 

strategy capable of governing the robot to follow that path. Including social norms in path 

planning should benefit robot-human interaction, which is especially desirable for the as-

sistive types of robots. Kylberg et al. pointed out that even if robots possess a highly ef-
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fective collision avoidance ability, the absence of socially reassuring cues in their interac-

tions could impact human comfort [3]. Rios-Martinez also mentioned that adherence to 

social customs can let the coexistence of humans and robots be more natural [4]. Mean-

while, the demand for social compliance will certainly complicate this already highly chal-

lenging task of searching for a collision-free path in a crowded space. 

 

Previous research on socially compliant navigation has primarily focused on mobile ro-

bots, with limited applications to walking-assist robots. Nevertheless, these studies have 

provided valuable insights into how walking-assist robots can handle social interaction. 

Chen et al. proposed applying deep reinforcement learning to derive collision-free paths 

by analyzing the future states of nearby pedestrians; however, their method requires high 

computational costs, posing certain limitations for applications demanding real-time per-

formance [5]. Everett et al. employed deep learning frameworks to train collision avoid-

ance algorithms in multi-pedestrian environments without assuming specific behavioral 

rules, while this approach may generate unnatural navigation trajectories when encounter-

ing new scenarios [6]. Mehta et al. proposed a navigation scheme based on multi-policy 

decision-making for dynamic, unstructured environments, but it demands substantial com-

putational resources [7]. Ferrer and Sanfeliu developed a human behavior estimator based 

on the social force model for environments with dynamic crowds and moving obstacles, 

while limitations persist when handling highly crowded scenarios [8]. Boldrer et al. com-

bined the potential field method with limit cycles to guide robots in avoiding pedestrians' 

personal space, but this approach is susceptible to local minima, affecting navigation sta-

bility [9]. 

 

Among these researches, although learning approaches excel in adapting to social norms, 

their high computational costs and scene dependency limit their feasibility in real-time 

applications. In contrast, model-driven approaches offer higher computational efficiency, 

making them more suitable for walking-assist robots operating in crowded environments. In 

this study, we opt for a model-based approach, combining it with flexible personal space 

modeling, starting from basic types of social norms to achieve an efficient navigation solution. 

Extending from our previous work [10], which had included spatial and visual comfort in 

path planning in a static environment for an active type of walking-assistive robot, the 

proposed scheme will move on to deal with dynamic obstacles, and can be applied to that of 

a passive type for safety concerns [11]. 

 

Relative to that of autonomous robotic vehicles, the walking-assist robot poses a differ-

ent kind of challenge in its close bondage with the user, while that of the passive type 

further raises its own in moving the robot only via the applied force from the user, which 

would then trigger the brakes for steering, instead of through active guidance [12]. In pre-

vious related research, Andreetto et al. introduced an authority-sharing approach, in which 

the motors were deactivated as the robot followed a planned path, and activated when it 

deviated [13]. Later, they further enhanced the system by incorporating vibrating wrist-

bands to notify users of deviations [14]. In responding to the challenge, we come up with 

a new passive control strategy to realize the path derived from the proposed socially aware 

path planner. The effectiveness of the proposed navigation scheme is demonstrated via a 

series of simulations that involve various crowd scenarios and also experiments at our 
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campus cafeteria during rush hour. Comparing with previous approaches, we consider the 

proposed scheme to have the following merits: 

 

 A novel path planner that is able to find a socially-aware collision-free path in a 

crowded environment is developed. To the best of our knowledge, this is the first 

attempt to include social norms into path planning in a pedestrian-rich environ-

ment for the walking-assist type of robot. 

 A new passive control strategy that responds well to the situations resulting from 

the social norms, such as sharp turns or sudden stops, is developed, so that it can 

govern the walking-assist robot to follow the planned path effectively and 

smoothly. 

 The proposed scheme is well integrated to be capable of conducting a field study 

at our campus cafeteria, with its performance compared to the state-of-the-art ap-

proaches via simulations. 
 
    The rest of this paper is organized as follows: Sec. 2 describes the proposed navi-

gation system, including the description of the employed walking-assist robot, and the 

modules of pedestrian tracking, personal space generation, trajectory planning, and pas-

sive control. Simulations and experiments conducted in the campus cafeteria are re-

ported in Sec. 3. Finally, concluding remarks are given in Sec. 4. 

 

2. PROPOSED NAVIGATION SYSTEM 

Fig. 1 shows a conceptual diagram of the proposed navigation scheme, including the 

modules for pedestrian tracking, personal space generation, trajectory planning, and pas-
sive control. The walking-assist robot employed in this study is named as i-Go, which is 

an advanced version of that previously developed in our laboratory [12], described in Sec-

tion 2.1. In Fig. 1, as the user maneuvers the walking-assistive robot to enter a crowded 

environment for daily activities, sensors, such as a camera and Lidar, will be activated to 

collect information of the incoming pedestrians and others, which will then be forwarded 

to the pedestrian tracker for analysis, described in Section 2.2. With the environmental 

status available, the personal space generator will then determine the personal space ad-

hering to social norms that corresponds to each individual, described in Section 2.3, and 

also build a cost map for the path planner to derive a socially compliant path, described in 

Section 2.4. In turn, the passive controller will be employed to ensure successful execution 

of the planned path via salient management of the demands from both the user and social 

norms, described in Section 2.5.  
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Fig. 1. A conceptual diagram for the proposed navigation scheme. 
 

      
(a) Outlook                                 (b) Chassis 

 
Fig. 2. The walking-assist robot i-Go and its chassis: (a) outlook and (b) chassis. 

2.1 Walking-Assist Robot 

Fig. 2(a) shows the outlook of the walking-assist robot, named as i-Go, which is at a 

height of 1.1 m, with left and right auxiliary wheels attached with corresponding DC mo-

tors. Several sensors are equipped, including a six-axis force sensor (WACOH) for user’s 

applied force measurement, 2D camera (Logitech) for pedestrian detection, 2D Lidar 

(YDLIDAR) for obstacle detection and robot positioning, and IMU (Sparkfun) also for 

robot positioning. The Jetson Xavier NX embedded computer (NVIDIA) was adopted as 

the computing platform, and an emergency stop switch was installed for safety considera-

tions. During task execution, the user first applies force to maneuver the i-Go, which is 

measured by the force sensor. The measured force, along with the visual information of 

the pedestrians and obstacles, are then forwarded to the proposed scheme to derive a so-

cially compliant path for navigation, which is further processed by the passive controller 

to generate proper braking torques for motion assistance. 

 

Fig. 2(b) shows the chassis of i-Go with a rotational center (x, y) and a heading angle 

𝜃 in Cartesian coordinates. Assuming the walking-assist robot moves on a flat surface 

without wheel slip, we can obtain [11] 
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�̇� = [
𝑐𝑜𝑠𝜃 0
𝑠𝑖𝑛𝜃 0
0 1

] 𝑉 (1) 

where 𝑞 = [𝑥, 𝑦, 𝜃]𝑇 , 𝑉 is the vector of the speed 𝑣 and angular speed 𝜔, i.e., 𝑉 =
[𝑣, 𝜔]𝑇. By further assuming the walking-assist robot is symmetric, its dynamic equation 

can be derived as  

              �̇� + [

𝐷𝑥𝑦

𝑚
0

0
𝐷𝜃

𝐽

] 𝑉 =  𝐀𝜏𝑚 + [

1

𝑚
0

0
1

𝐽

] 𝐹ℎ (2) 

with 

              𝐀 = [

1

𝑚𝑟

1

𝑚𝑟
𝑊

2𝐽𝑟
−

𝑊

2𝐽𝑟

], 𝜏𝑚 = [
𝜏𝑟

𝜏𝑙
], 𝐹ℎ = [

𝑓ℎ
𝜏ℎ

] (3) 

where 𝑓ℎ and 𝜏ℎ stand for user's applied force and torque, respectively, 𝜏𝑟 and 𝜏𝑙 for 

the torque generated by right and left wheels, respectively, 𝐷𝑥𝑦 = 45.0 (N ⋅ s/m) and 

𝐷𝜃 = 20.0 (N ⋅ m ⋅ s/rad)  as the damping parameters, 𝑟 = 0.0625 m , 𝑊 = 0.6 m, 

𝑚 =  30 kg , and 𝐽 = 10.0 (kg ⋅ m2) as the wheel radius, distance between the rear 

wheels, mass of the robot, and its moment of inertia, respectively. This dynamic equation 
will then be utilized to derive the passive control strategy in Sec. 2.5. 

2.2 Pedestrian Tracking 

The pedestrian tracker is used to acquire the status of the pedestrians via close 

monitoring of their movements in a crowded environment, intended for the following 

personal space generation and path planning. It thus needs to be able to differentiate the 

pedestrians from the static obstacles, and also determine their directions relative to the 

robot. Fig. 3 shows its process. The images of the pedestrians obtained by the 2D camera 

are first bounded by using the Yolov4_tiny neural network [15], which are assigned with 

directional vectors from the robot to the m pedestrians, denoted as �⃗⃗� d = [�⃗� d 
1 , �⃗� d 

2 ,⋯ , �⃗� d 
𝑚]. 

Meanwhile, the point clouds obtained from the 2D Lidar are clustered into groups by using 

the DBSCAN (density-based spatial clustering of applications with noise algorithm) [16], 

which are assigned with vectors that identify the distances and directions of each Lidar 

cluster (including obstacles and pedestrians), denoted as �⃗⃗� s = [�⃗� s 
1 , �⃗� s 

2, ⋯ , �⃗� s 
𝑛]. While 

both �⃗⃗� d and �⃗⃗� s are available, the Hungarian algorithm [17], commonly used for solving 

assignment problems, is then employed to accurately allocate the cluster to their respective 

pedestrian with the coordinates C. As the pedestrians may be obstructed by objects or other 

pedestrians during the tracking process, the AB3DMOT (A Baseline for 3D Multi-Object 

Tracking) [18], known for its effectiveness in 3D multi-object tracking, is then used to 

estimate the pedestrians' positions, directions, and velocities. Finally, the state vectors of 

the pedestrians 𝑆ℎ in the global coordinate system, including their position, direction, and 

velocity, are derived from a series of C: 
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𝑆ℎ = [𝑠ℎ
1, 𝑠ℎ

2, … , 𝑠ℎ
𝑖 ] (4) 

where 𝑠ℎ
𝑖 = [𝑥0, 𝑦0, 𝜃, 𝑣] , denoting the state of the ith pedestrian, with 𝑥0  and 𝑦0 

representing the pedestrian's position, as 𝜃 and 𝑣 stand for the direction and velocity, 

respectively. 

 

 
Fig. 3. The pedestrian tracking process. 

2.3 Personal Space Generation 

The inclusion of social awareness into path planning can be realized basically by 

surrounding a person with a zone as a buffer, referred to as a personal space [10]. It started 

with simply using a circle, as shown in Fig. 4(a) [19]. To respond to the situation that 

people may experience higher psychological stress when facing the incoming object, 

Batista et al. suggested using an asymmetric Gaussian function (AGF), so that more space 

should be allocated in front, as shown in Fig. 4(b) [20]. To meet the requirements for the 

specific social norms, in this paper, we further propose a new form of personal space, AGF-

SN (asymmetric Gaussian function-social norm), that allows the Gaussian function to vary 

its sizes in various portions accordingly, as shown in Fig. 4(c). 

 

  
Fig. 4. Three kinds of social spaces: (a) circle, (b) AGF, and (c) AGF-SN. 
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Fig. 5. Three basic social norms (right-handed rule): (a) adhering to the walking left/right convention, 

(b) yielding when crossing, and (c) following behind a group. 

 

Fig. 5 shows the three basic types of social norms selected for the robot to abide by, 

including adhering to the walking left/right convention, yielding when crossing, and fol-

lowing behind a group. In response, we propose the AGF-SN, which is designed to be able 
to vary its sizes in the front, back, and two sides, and also according to the approaching 

speeds of the pedestrians. The AGF-SN is formulated by using the asymmetric Gaussian 

function, but with much flexibility in its shape variation to comply with social norms. Re-

ferring to Fig. 4(c), for each point (𝑥, 𝑦) within the personal space described by AGF-SN, 

the function 𝑓𝑝(𝑥, 𝑦) that derives its corresponding cost when facing an incoming pedes-

trian is formulated as 

𝑓𝑝(𝑥, 𝑦) = 𝑒−(𝑎(𝑥−𝑥0)2+2𝑏(𝑥−𝑥0)(𝑦−𝑦0)+𝑐(𝑦−𝑦0)2) 
(5) 

where (𝑥0 ,𝑦0 ) is the position of the pedestrian, and a, b, and c are the functions of 𝜎f , 𝜎b , 

𝜎r , 𝜎l , and 𝜃 for determining its shape, size, and orientation, with 𝜃 indicating the di-

rection of the robot relative to the pedestrian, and 𝜎f , 𝜎b , 𝜎r , and 𝜎l  the variance for its 
front, back, right, and left direction, respectively.  

 

To respond the social norms of adhering to the left(right) walking convention, yield-

ing when crossing, and following behind a group, the strategy is to choose smaller 𝜎r (𝜎l ) 

and 𝜎b , so that 𝑓𝑝(𝑥, 𝑦) will come up with lower costs in the left(right) and back sides of 

the space, prompting the robot to obey these rules. The values of these parameters may 

also be adjusted along with the increase(decrease) of the pedestrian's movement speed. 

During our experiments, we set 𝜎b  = 0.3𝜎f , 𝜎r  = 0.6𝜎f , 𝜎l  = 0.3𝜎f , and 𝜎f  to be 1 by 

assuming the average pedestrian speed to be 0.5 m/s. These parameters were suitable for 

our experiments under the walking-right convention, while they can be adjusted to fit dif-

ferent social norms and working environments.  

 

Meanwhile, for the case that the pedestrian stands still, we let 𝑓𝑝(𝑥, 𝑦) become sym-

metric by setting a = c and b = 0, as users’ moving directions are unknown. As for static 

obstacles, such as walls and tables, the symmetric Gaussian function is also used, but with 
smaller variances for their non-human nature. By integrating all space costs, it allows for 
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the creation of a cost map ℳ, with the cost for each of its grid cells adjusted to range from 

0 to 1. 

2.4 Trajectory Planning 

Navigating a robot in a crowded environment is very challenging, particularly with 

the social norms to adhere to. The learning approach, such as deep reinforcement learning, 

has shown its potential in dealing with complex environments, but may result in unnatural 

trajectories when encountering previously unseen scenarios [5-6]. The potential field ap-

proach is capable of overcoming unknown scenes through its intuitiveness, while facing 

the possibility of getting stuck in local minima [7]. Meanwhile, the dynamic window ap-

proach is deemed to be effective for dynamic obstacle avoidance, which is at the expense 

of high computational load [21].  

 

Due to real time consideration and limited computational resources on the walking-assist 

robot, our design concept is first to plan a shortest path 𝒫 to reach the goal G under the 

social norm constraint based on the cost map ℳ derived in Sec. 2.2 above. The robot 

should follow 𝒫 , except when the incoming pedestrian(s) blocks the path within its 

sensing distance (set to be around 5 m). It would detour to avoid them, and then return 

back to 𝒫. Following the concept, we chose a relatively simple A* algorithm [22] to plan 

path 𝒫, with the cost ℱ that considered social norms, derived to be 

ℱ = 𝐺 + ℋ + 𝑘 · 𝐼 (6) 

where 𝐺 stands for the cost for movement from the starting point to a specified grid cell, 

ℋ the estimated cost from that cell to the destination, 𝐼 the cost for the cell in the cost 

map corresponding to social norms ℳ derived in Section 2.2, and 𝑘 the weight.  

 

For the situation that a pedestrian is detected to get into the way, the planner will search 

for a temporary goal within the range of 0°~180° at a 10° interval, which is determined by 

considering both its cost on map ℳ and distance to goal G. Because the walking-assist 

robot is not meant to move fast, the proposed planner serves well, as demonstrated by the 

simulations and experiments later. 

2.5 Passive Control 

To ensure that the walking-assist robot can smoothly follow the planned path derived 

above, especially under the circumstance that sharp turns or sudden stops may occur due 

to compliance with social norms, a new passive controller is proposed based on that pre-
viously developed in our laboratory [11]. Fig. 6 shows the scene in which the walking-

assist robot is guiding a user to follow a desired path. The proposed controller is intended 

to minimize both the orientation error �̃� = 𝜃 − 𝜓, i.e., the angle between the robot and 

trajectory 𝒫, and the position error 𝑑, i.e., the shortest distance from the robot to 𝒫. With 

a slow-moving robot, the orientation error should be small, so that their derivatives can be 

derived as  

              �̇̃� = �̃� = 𝜔 − 𝜔𝑑 , �̇� = 𝑣．�̃� (7) 
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where �̃�, 𝜔, and 𝜔𝑑  are the rotational velocity error, actual and desired rotational ve-

locities, respectively, and 𝑣 is the linear velocity.  

 

To respond to possible sharp turns due to social norm adherence, we propose adding an 

inhibitory force 𝑓𝑖𝑛ℎ to slow down robot’s speed in a smooth manner. For this purpose, 

the magnitude of 𝑓𝑖𝑛ℎ is set to be zero when there is no orientation error (�̃�), and gradually 

increases until �̃� reaches π/4. Accordingly, as shown in Fig. 7, 𝑓𝑖𝑛ℎ is chosen to be  

              𝑓𝑖𝑛ℎ = −𝑓ℎ/(1 + exp(−40|�̃�|/𝜋 + 5)) (8) 

 

 
Fig. 6. The walking-assist robot is guiding a user to follow the desired path. 

 

 
Fig. 7. Illustration for 𝑓𝑖𝑛ℎ vs. �̃�. 

 

With 𝑓𝑖𝑛ℎ included and considering the dynamic equation in Eq.(2), we set up the control 

law by choosing 𝜏𝑚 to be 

              𝜏𝑚 = 𝐀−1 [
𝑓𝑖𝑛ℎ/𝑚

𝐷𝜃𝜔

𝐽
−

𝜏ℎ

𝐽
− 𝑘1�̇̃� − 𝑘2�̃� + 𝜔𝑑˙

] 
     

(9) 

where 𝑘1 and 𝑘2 represent control gains, with both greater than 0. By substituting (9) 

into (2), it leads to  
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[
�̇�
�̇�

] + [

𝐷𝑥𝑦

𝑚
0

0
𝐷𝜃

𝐽

] [
𝑣
𝜔

] = [

𝑓𝑖𝑛ℎ

𝑚
𝐷𝜃𝜔

𝐽
−

𝜏ℎ

𝐽
− 𝑘1�̇̃� − 𝑘2�̃� + (�̇� − �̇̃�)

] + [

1

𝑚
0

0
1

𝐽

] [
𝑓ℎ
𝜏ℎ

]   (10) 

 

After rearrangement, we can obtain 

              �̈̃� + 𝑘1�̇̃� + 𝑘2�̃� = 0 
   

(11) 

With 𝑘1 and 𝑘2 positive, orientation error �̃� should converges to zero. And, via Eq.(7), 

we can also obtain that �̇� = 𝑣．�̃� converges to zero. Since the planned path starts at the 

robot’s current position, with the initial position error being zero, the position error 𝑑 

should converge to a small value, demonstrating the stability of the proposed control law.  

 

Here, we propose another controller, which is intended for robot autonomous naviga-

tion. The reason is that we intend to compare the performance of the proposed navigation 

scheme with those related state-of-the-art methods, while most of them have been applied 

to autonomous robotic vehicles. Our strategy is to let the walking-assist robot behave like 
an autonomous mobile one, i.e., it is without the governance from the user. Consequently, 

by removing user’s applied force 𝐹ℎ, the dynamic equation in Eq.(5) becomes 

              �̇� + [

𝐷𝑥𝑦

𝑚
0

0
𝐷𝜃

𝐽

] 𝑉 =  𝐀𝜏𝑚   
   

(12) 

By selecting 𝑣pref  as the desired velocity for this mobile robot and applying the sim-

ilar concept on designing 𝑓𝑖𝑛ℎ in Eq.(8) for smoothing the impact from sharp turning, we 

come up with a corresponding control law by choosing 𝜏𝑚 to be 

              𝜏𝑚 = 𝐀−1 [

𝐷𝑥𝑦𝑣

𝑚
− 𝑘1(𝑣 − 𝑣𝑝𝑟𝑒𝑓) −

𝑣pref 

1+exp (−40|�̃�|/𝜋+5)

𝐷𝜃𝜔

𝐽
− 𝑘1�̇̃� − 𝑘2�̃� + 𝜔𝑑˙

]   
   

(13) 

where 𝑘1 and 𝑘2 are set to be the same as that for the walking assist robot. The stability 

of this controller can be proved following the similar procedure above. 

 

 3. SIMULATIONS AND EXPERIMENTS  

We conducted a series of simulations and experiments based on using the i-Go to 

evaluate the performance of the proposed navigation scheme, including a comparison with 

the state-of-the-art methods and a field study at our campus cafeteria during rush hour. For 

simulations, we first used Solidworks to build a proportional model of the i-Go, shown in 

Fig. 8, including all components and sensors, and then Gazebo 9 for rendering the corre-

sponding functions, such as sensing and control, in addition to the working environment. 
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For pedestrian emulation, the Pedsim_ROS library [23] was utilized to furnish each pedes-

trian with a human-like behavior [24]. We took into account the uncertainty of information 

processing, sensing noise, etc., and also considered the situations that might lead to mis-

judgment, such as the case that pedestrians were occluded by others, to make the simulated 

environment more realistic. 

 

 
 

Fig. 8. The virtual walking-assistive robot used in the simulations. 

3.1 Comparison with State-of-the-Art Methods 

The first set of simulations were intended to compare the performance of the proposed 

navigation scheme with that of the state-of-the-art methods, including the Optimal Recip-

rocal Collision Avoidance (ORCA) approach based on the concept of velocity obstacle 

[25], and the two reinforcement learning approaches reviewed in the introduction, LM-

SARL [5] and LSTM-RL [6], in addition to our previous approach on comfort-based mo-

tion guidance (CBMG) [10] and that using the asymmetric Gaussian function (AGF) to 

formulate personal space for social navigation [20]. Because most of the methods were 

developed for autonomous navigation, we let i-Go behave like an autonomous mobile ro-

bot during simulations, and adopted the control law in Eq. (13) for the proposed navigation 

scheme.  

 

We developed the simulated environment to be similar to that used in [5][6], in which 
the pedestrians were randomly distributed on a circular path of 8 m in diameter, as shown 

in Fig. 9. They moved in a manner that might cross each other, and the robot needed to 

pass them to reach the goal on the other end. Both pedestrian and robot speeds were set to 

be 0.5 m per second to allow more interaction, with an angular velocity of 0.5 radian per 

second for the robot. A total of 200 trials were conducted and the number of pedestrians 

selected to be 4 and 8. The results are listed in Table 1, including the time for the robot to 

reach the destination, average minimum distance between pedestrians and the robot, and 

the number of navigation failure. Referring to Table 1, the CBMG led to a most comfort-

able path for the pedestrians with a largest average shortest distance between the pedestrian 

and robot, but it also spent the longest time to reach the destination for its conservative 

nature. The AGF exhibited the second-best time efficiency, that might be attributed to the 
introduction of the personal space. LSTM-RL had the highest failure rate, while ORCA 

and LM-SARL had mediocre performance. Meanwhile, the results show that the proposed 

scheme achieved a better balance between time efficiency and pedestrian comfort, as it 
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was with a more flexible personal space and a path planner was capable of locating a 

shorter path among the crowd. 

 

  
 
Fig. 9. Simulation scene for comparison with the state-of-the-art methods. 

 
Table 1. Simulation results for autonomous navigation 

 

Method 
Average 

time (s) 

Average shortest  

distance to pedestrian (m) 
Failure (collision, timeout) 

 4 pedestrians 

ORCA 20.2  1.10 2.5 (1.5, 1.0) 

LM-SARL 20.2 0.99 3.5 (2.5, 1.0) 

LSTM-RL 26.3 0.91 35.0 (10.5, 24.5) 

CBMG 20.5   1.20 2.5 (0.0, 2.5) 

AGF  19.7   1.07 1.0 (1.0, 0.0) 

Proposed 

scheme 
19.3   1.05 1.0 (1.0, 0.0) 

 8 pedestrians 

ORCA 21.5  1.04 3.0 (0.5, 2.5) 

LM-SARL 23.2 1.04 9.0(8.0, 1.0) 

LSTM-RL 27.2 0.85 45.0 (36.5, 8.5) 

CBMG 23.3 1.11 6.5 (0.0, 6.5) 

AGF 21.2 1.04 1.5 (1.5, 0.0) 

Proposed 

scheme 
20.5 1.00 1.5 (1.5, 0.0) 

3.2 Simulations for Walking Assistance 

With its capability demonstrated above, we went on to conduct the second set of sim-

ulations by applying the proposed scheme for walking assistance. Fig. 10 shows the two 
scenes for simulations, the crossing and straight corridors commonly seen within a build-

ing. Eight pedestrians were arranged to walk in a steady flow. The user’s applied force was 

assumed to be in a triangle-like waveform with a 2:7 up-down slope and a period of 2.5 

seconds following the empirical evidence from our experiments. By responding to the ap-

plied force, the proposed scheme should govern the i-Go to assist him/her to move from 

the starting point to reach the goal without colliding with passing pedestrians. 
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Fig. 11 shows the resulting robot and pedestrian trajectories for the crossing-corridor 

simulations, where the time was identified on the right side of the robot, and Fig. 12 illus-

trates the corresponding state variables. From Fig. 11, the i-Go successfully accompanied 

the user to pass through the crowd, while several sharp turns and sudden stops occurred 

during the process, which would solicit the proposed scheme to respond with the inhibitory 

forces. As shown in Fig. 12(a), two types of inhibitory forces (the red line) were generated, 

which were derived according to Eq. (8) in Sec. 2.5, one (T-type) for assisting the i-Go to 

make the turning more smoothly, and the other (S-type) to prevent collision with the pe-

destrians via a larger opposing force. By taking a closer look, at 1.2, 3.7 and also 6.7 sec-

onds, the scheme initiated three consecutive turns to deviate from the pedestrian in front; 

consequently, the T-typed inhibitory force, indicated by the peaks, was generated to alle-
viate the pushing effect due to user’s applied force (the blue line), thus resulting in 

smoother turning. While from 11.5 to 13.7 seconds, the scene became too crowded for 

turning, the scheme thus resorted to the S-typed inhibitory force, indicated by the peaks, 

to make several temporary stops. Fig. 12(a) also shows the user’s applied force in the tri-

angle-like waveform (the blue line) and Fig. 12(b) corresponds to driving torque imposed 

on the i-Go generated by the proposed scheme, and Figs. 12(c) and (d) are the resultant 

linear and angular velocities, respectively, which exhibited smooth variations. As for the 

simulations in the straight-corridor environment, it also yielded similar performance, as 

demonstrated by the robot and pedestrian trajectories shown in Fig. 13. With successful 

execution of this set of simulations, the proposed navigation scheme was ready for the 

following experiments in the real world.  

 

 
 

(a) Crossing corridor 
 

 
 

(b) Straight corridor 
 
Fig. 10. Simulation scenes for walking assistance: (a) crossing and (b) straight corridor. 
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Fig. 11. The robot and pedestrians’ trajectories for the crossing-corridor simulations. 
 

  
(a) Force 

  
(b) Driving torque 

  
(c) Linear velocity  

  

(d) Angular velocity 
Fig. 12. Corresponding state variables: (a) force, (b) driving torque, and (c) and (d) linear and angular 

velocities. 
 

  
Fig. 13. The robot and pedestrians’ trajectories for the straight-corridor simulations. 
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3.3 Field Study at Campus Cafeteria 

We conducted the field study at our campus cafeteria during rush hour. Fig. 14 shows 

its map generated by the SLAM equipped on the i-Go through an exploration of the entire 

area in advance, and also the desired path intended for navigation. When facing a crowded 

environment with social norms to abide by, the two major actions often taken by the pro-

posed scheme were sharp turn smoothing as well as waiting and following, as shown in 

Figs. 15(a) and (b), respectively. Fig. 16 shows the corresponding state variables of the i-

Go. In Fig. 16(a), at 14.5 seconds, the i-Go sensed a potential collision threat, which trig-

gered the scheme to generate a large opposing force to stop. Later at 30.5 seconds, in re-

sponse to the appearance of a crowd, the scheme came up with a path of a large curvature 

for detouring, which should lead to sharp turning. Consequently, at 33.8 and 36.4 seconds, 

two inhibitory forces were generated to smooth the turning. The i-Go went on to pass tables 
and chairs in the seating area and finally reached the goal, during which the T- and S-typed 

inhibitory forces were summoned for assistance at around 50 and 59 seconds, respectively. 

Fig. 16(a) shows the user’s applied force and Fig. 16(b) the corresponding driving torque 

imposed on the i-Go, and Figs. 16(c) and (d) the resultant linear and angular velocities. In 

summary, the experimental results have demonstrated the effectiveness of the proposed 

socially aware navigation scheme when applied to crowded public environments. Note: 

the connection to the video that shows the demonstration for this field study and the sim-

ulation for autonomous navigation can be found at https://youtu.be/XX00RrCC61g. 

 

Regarding the computational aspects, the execution time for each module of the pro-

posed scheme was analyzed during the field study. The visual information was captured 

by the 2D camera at 30 Hz and the 2D Lidar at 11 Hz fixed rates. The pedestrian tracker 
module processed the sensor data and output tracking information at approximately 4.7 Hz, 

which included pedestrian detection using YOLOv4_tiny (averaging 158 ms), point cloud 

clustering via DBSCAN (approximately 32 ms), and trajectory estimation through 

AB3DMOT (around 43 ms). The personal space generation module, which also operated 

at 4.7 Hz, took about 42 ms to create cost maps for social awareness. The trajectory plan-

ning module computed socially compliant paths at 3.8 Hz, with the A* algorithm requiring 

roughly 97 ms per iteration. Finally, the passive control module executed path-following 

control at a fixed rate of 10 Hz, consuming approximately 8 ms per control cycle. The total 

processing time for a complete navigation cycle averaged around 380 ms, which proved 

sufficient for real-time operation in the crowded cafeteria environment, while also demon-

strated its excellence in time efficiency. 
  

Currently, only a small number of subjects have participated in this campus-cafeteria 

field study. Although most of them reported that the walking-assist robot provided timely 

assistance during the process, especially when turning, in the next stage of the study, we 

plan to conduct a more thorough evaluation of system performance. More subjects will be 

invited for experiments, along with a questionnaire survey to collect subjects’ feedback, 

so that meaningful statistical analysis can be achieved. The questionnaire will be designed 

according to system usability scale (SUS), which is widely used for evaluating human-

machine interaction [26] and has been used in our previous research [10]. 

 

https://youtu.be/XX00RrCC61g
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Fig. 14. Cafeteria map and desired path for navigation. 
 

             
(a) Sharp turn smoothing          (b) Waiting and following 

Fig. 15. Two actions taken by the proposed scheme during navigation: (a) sharp turn smoothing and 
(b) waiting and following. 

  
(a) Force 

 
(b) Driving torque 

  
(c) Linear velocity 

  
(d) Angular velocity 

Fig. 16. State variables for the i-Go during navigation: (a) force, (b) driving torque, and (c) and (d) 
linear and angular velocities. In (a), T and S stand for the type of inhibitory forces. 
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3.4 Discussions on Extensions 

 
To extend its applications to diverse real-world environments, such as malls, parks, or 

hospitals, firstly, we need to check whether the proposed scheme can meet their specific 

requirements. In our following study, it will start with the hostipal, as the walking-assist 

robot suits the purpose. Compared to that of the campus cafeteria, the hospital environment 

poses different kinds of challenges. It can be expected that the crowd there may include 

patients with crutches, sitting on the wheelchairs, or accompanied by the caregiver, along 

with medical staffs and others, as in the simulated scene shown in Fig. 17. Meanwhile, the 

corresponding social norms may also be slightly different due to a very strict safety demand 

and special attention paid to medical staff and patients. In response, we will proceed with 

new formulation of personal space to accommodate the cases of individuals (with crutches 

or on wheelchairs) and also people in groups, and come up with more fitting social norms. 

The visual system will also be enhanced to be able to distinguish the incoming persons as 

individual or group in real-time. With these refinements, as one of our future works, we 

plan to conduct experiments in the hospital-like intelligent ward at our university, which 

is designed specifically for testing the intelligent medical systems developed by research 

teams in our school. 

 

 

Fig. 17. A patient on the wheelchair and two persons walking together. 

4. CONCLUSIONS 

In this paper, we have proposed a socially aware navigation scheme for the walking-

assist type of robot. Especially, it includes a new form of personal space, which is more 

flexible and can be adjusted according to the requirements of various social norms. Along 

with a novel passive controller, their combination leads to a balance between time effi-

ciency and user’s comfort during navigation. A comparison with the state-of-the-art ap-

proaches via simulations and the experiments conducted at our campus cafeteria have 

demonstrated its superiority. In next phase of the research, we will continue its enhance-

ment, so that the i-Go can achieve the final goal of providing assistance for the elderly in 

daily lives. 
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