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 As mobile robots or Automated Guided Vehicles age, and their navigation components wear 
down, downtime may increase, and therefore robots may lose their path planning 
capabilities. In such blind-navigation scenarios, we assume robot(s) is programmed to 
undergo a default random-walk locomotion in a two-dimensional confined workspace with 
spatially populated obstacles. The robot(s) has only one capability that is to identify its 
destination. Extensive simulations are conducted to evaluate the cost of sending such 
robots, measured in number of steps, to a safe “home” position. Specifically, the 
contribution of this paper is to provide guidelines on how such blind-navigation mission is 
accomplished under two conditions: (1) Robot(s) locomoting within static obstacles 
configured in desired patterns, and (2) Robot(s) locomoting within randomly and freely 
ranging objects (robot or human). The research compares the efficiencies of randomly 
walking objects to workspace size, the number of obstacles and their dynamics, which 
provide engineers an understanding of how obstacle design may reduce the risk of collision. 
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1. Motivation 

According to the Occupational Safety and Health 
Administration (OSHA), industry related injuries indicate that 
from 2015 to 2019, 76% of injuries (4 injuries total) were severe 
and 3 fatalities occurred throughout the USA [1]. These injuries 
are attributed to autonomous cars, mobile cars, and AGVs. 
OSHA states that there were 30 casualties in human-robot 
workspaces from 1987 to 2019. Due to a significant increase in 
robot installation worldwide, and the increasing amount of 
interaction, it has become important to investigate the robot(s) 
locomotion within workspace, examine the probability of 
accidents, and determine a solution to minimize unsafe 
interaction. Automated Guided Vehicle systems (AGVs) provide 
manufacturing and logistic facilities with added flexibility 
thereby increasing the overall rate of production. These AGVs 
are outfitted with appropriate safety equipment and sensors to 
make them safe while in operation [2]. The main advantage of 
AGVs are that “if properly guided”, they do not injure people 
and/or damage infrastructures. It is generally accepted that 
AGVs are safer than manual equipment such as conventional 
forklifts. The introduction of collaborative AGVs or robots has 
initiated the concept of fencing, and currently, in this advanced 
technology era, the combined work effort between humans and 
robots has become efficient and productive. However, the 
coexistence of autonomous mobile robots within themselves and 

most often in the presence of humans have made safety a priority 
in a shared workspace. This study is concerned with a worst-case 
scenario when a robot loses its path planning capability due to a 
communication or processing malfunction.  The locomotion type 
discussed in this research assumes random walk for both robot-
robot and human-robot interaction. This paper provides literature 
review on automatic guidance and safety method. The concept 
of Random Walk is then presented to application of robot 
locomotion, with a goal to understand efficiency to navigate in 
absence of a real-time localization system. Extensive 
computational simulations are performed for several robot 
interaction with structured and random obstacle in confined area, 
and with objective to study navigation tradeoff under random 
walk. 

2. Automatic Guidance  

AGVs can be used in external and internal environments 
such as manufacturing, distribution, transhipment and (external) 
transportation areas [3]. AGVs also play an important role in the 
transportation of materials that are associated with 
manufacturing processes. About 20,000 AGVs are utilized for 
industrial applications [4]. The use of the automated guided 
vehicle has increased significantly since their introduction. 
According to [5], the human-machine interfaces facilitate the 
users to perform coordinated logistical activities within 
industrial environments. For example, PMD-cameras (Photonic 
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Mixer Device camera) are typically used in sensing the obstacles 
within the path of an AGV. The PMD-camera acts as an 
interactive technique that records the video images of various 
objects and scenes in both 2-D and 3-D greyscales and deep-data 
images, respectively. In addition, the same technique is used 
when there is a need to monitor the area where an industry robot 
is working [6].  According to [7] , human-robot interface systems 
design considers the formation of a multi-agent framework, thus 
taking care of safety and possible conflict. Such interfaces can 
mimic social behaviors, uncertainties, and norms. Regardless of 
the constraints and shortcomings, Sabattini and fellow 
researchers proposes that AVG systems can be improved for 
factory logistics [8]. They agree on the means through which 
more of the human activities can be interpreted through artificial 
machine intelligence. The main goal is to act more like humans, 
with advanced efficiencies, and minimize human errors. 

It is important to provide insight into the research regarding 
AGVs routing via transhipment and transportation along with the 
scheduling of various material handling equipment in large AGV 
systems since research in these areas are limited. The integration 
of routing and scheduling is a challenging problem. Therefore, it 
is important to conduct a study in which these characteristics 
should be addressed. The advantage of multi-objective problems 
in scheduling plays a significant role in scheduling the operations 
and production planning in a flexible manufacturing system. For 
example, Heuristic based approaches include evolutionary 
algorithms adopted to address the multi-objective scheduling 
problems in a flexible industrial environment by analysing the 
vehicle and machine scheduling features in FMS, moreover, it 
addresses the mutual problem for the minimization of the mean 
flow time as well as for the mean tardiness objectives [9]. In 
contrast, differential evolution has been used as one of the most 
influential tools and [10] depicts the synchronised scheduling for 
material handling systems. To minimize the cycle time, a 
combination of vehicle assignment heuristics and machine 
selection heuristics are very useful. In Artificial Intelligent based 
approaches [11], the authors explain that the total cost can be 
minimized by generating the optimum schedule including 
simulated annealing (SA), genetic algorithm (GA), swarm 
algorithm (PSA), and memetic algorithm (MA). Additionally, 
these mechanisms help to overcome the idle time. While solving 
the optimization problem, the objective is often achieved by 
involving wide-ranging computational resources. Heuristic 
Approaches are employed to overcome the routing problems by 
minimizing transportation time [12].  

Countless inventions have been developed to accomplish the 
“guided” portion of AGV operation. One such patented 
invention enables an autonomous vehicle to adjust its pre-
programmed path in order to avoid obstacles [13]. This type of 
system works with several different types of guided vehicles 
from single cargo units to ones that tow a train of connected carts. 
Typically, a system is comprised of a computer that receives an 
input signal from a detection sensor such as a laser scanner. The 
computer, rather than stopping the vehicle when an obstacle is 
detected, calculates a safe offset from its normal path and 
navigates the vehicle around the obstacle according to this 
temporary safe path. This type of collision avoidance is 
preferable because the vehicle navigates safely without having 
to stop.  

Avoidance between multiple AVGs was developed in [14]. 
This method is executed using several steps. First, the vehicle’s 
computer tracks the position of all other vehicles in its detection 
area at regular intervals. Next, the computer calculates the 
trajectory of each surrounding vehicle from the collected 
velocity and directional data and predicts where the vehicle and 
the other vehicles will collide. The computer then sends a 
warning signal to the other vehicles and maneuvers itself to avoid 
the predicted collision. This type of system is useful because it 
allows an AGV to avoid dynamic obstacles that are constantly 
moving. 

Another way to avoid dynamic collisions is to allow each 
AGV to know where each other are located before it is assigned 
a path. This is achieved by a host computer that sends signals to 
all AGVs in the operating area that tells the AGV whether to 
move along a path or avoid the path [15]. The computer assigns 
a path for the subsequent vehicle, checks if there are other 
vehicles moving on that path, and sends the next vehicle along 
that path if no other vehicles are in the way. This method is 
proactive since it assigns clear paths before the vehicle starts to 
move. While steering clear of obstacles is important, the vehicle 
must be able to follow a pre-determined path. Kondo has 
invented a system that offers improved controls for the path of 
an automated guided vehicle [16]. This system is composed of 
several magnetic sensors underneath the vehicle that detects 
magnetic tape on the floor within the operating area. The main 
sensor is positioned in the middle of the vehicle, and several 
small sensors are positioned to the left and right of the main 
sensor. The side sensors allow the vehicle to better detect and 
adjust accordingly when it deviates left or right from the guide 
tape. Accurate movement and paths are essential for AGVs to 
work properly and efficiently; thus, having more sensors 
provides the ability to calculate small movements and deviations.  

Another method to determine a vehicle’s location was 
developed in [17]. Unlike the previous method that was guided 
by the floor, this method controls vehicle navigation by using the 
building’s ceiling. This is beneficial when light conditions vary 
across the vehicle’s operating area. The vehicles locate 
themselves by taking an image of the ceiling that are covered 
with numerous unique markers. The markers have areas that are 
infrared reflective and areas that are non-reflective. Based on the 
shape of the markers and the orientation of the reflective and 
non-reflective sections, the vehicle’s computer calculates its 
position and orientation in the workspace. This method has 
several benefits. As mentioned previously, this system works in 
difficult lighting conditions because the ceiling markers reflect 
unique patterns of light sent by the vehicle. This system also 
allows for a vehicle to know its orientation in the space as well 
as its current location. 

3. Collision Avoidance and Safety 

To ensure a safe human-robot or robot-robotic environment 
before installing a mobile robot, a safety assessment of the 
workspace is considered a best practice. There has been a 
significant amount of work conducted relative to safety in shared 
interaction. In [18], the authors surveyed various methods that 
have been used for the same human-robot interaction. The survey 
covered areas by addressing safety through control, robotic 

http://www.astesj.com/


I. Chowdhury et al. / Advances in Science, Technology and Engineering Systems Journal Vol. 6, No. 5, 335-347 (2021) 

www.astesj.com     337 

motion planning, prediction, and psychological factors. The 
survey also includes pre-collision and post collision methods that 
have been analyzed by predicting natural human action and 
motion. Other methods include operator safety on an assembly 
line for collaborative robots [19], hazard operability analysis to 
identify the hazards, risk assessment in a human-robot 
collaborative environment [20], and human-robot interaction 
guided by operator gesture [21]. In [22], the authors presented an 
algorithm for autonomous path planning and motion 
coordination for multiple AGV’s to determine the shortest 
feasible path by using reliable detection and prioritized conflict 
resolution in the shared workspace. 

In [23], the authors presented the essentials for the safe 
operation of AGVs.  Part of this was an analysis on the merit of 
what was then, modern optic and ultrasonic technologies for 
sensing. Today, many of the problems pinpointed by Miller & 
Subrin have been addressed however, they still warrant 
consideration. The primary concerns for both technologies are 
false positives and inaccuracy when used on curved paths. With 
modern lenses and filtering technologies, these problems are 
minimized using optic technology. Safety is an important and 
complex issue, and there are many ways to solve safety problems. 
Some researchers have advocated for the use of a full system to 
represent a reality-based process for solving these problems, 
beginning with discovery, and commencing with continuous 
improvement. According to [24], there are four “metaprinciples”; 
(a) inventorize, (b) capacitate, (c) prioritize, and (d) integrate. 
Inventorize, in this case, means to catalog anything that is 
considered a safety issue. This includes the nature and severity 
of systems either planned or existing. Capacitate entails 
determining how certain features of the system (as planned/built) 
can be used to help minimize those issues, as well as improving 
the efficacy of those features when used in this way. Prioritize 
simply means that the most important improvements are given 
top priority. Integrating extends the envelope of responsibility 
beyond the product itself, through education of the workforce 
and management who are involved in the use of the product. 
Extensive research was performed in Development of a 
Methodology for the Evaluation of Active Safety using the 
Example of Preventative Pedestrian Protection [25]. Using 
millions of simulations, Helmer provided a great deal of data on 
the efficacy of three basic systems used in preventative safety 
measures. These systems are: (a) warnings, (b) brake assist, and 
(c) automatic braking. The research examined the main factors 
that lead to the results of each of the three systems. 

To comply with safety rules, AGVs must include some 
safety sensors and devices to prevent risks. AGVs should contain 
sensors in the direction of travel covering the maximum moving 
width and length provided to prevent contact between the load 
and any possible obstacle. In Industry 4.0, robot or human risk 
mitigation through various safety measures has become a 
paramount concern. Laser scanners have been recently used in 
obstacle recognition and personnel safety. Other sensing 
methods include cameras, radar, and ultrasound sensors where 
the latter has been favored since the late 80’s [26]. The main 
AGV active safety devices and AGV safety sensors are collision 
avoidance system, contact bumpers emergency, stop buttons, and 
safety PLC’s.  The collision avoidance system on the AGV can 
apply several different laser sensors that are set up on the front, 

rear, side, and upper locations of the AGV. When the AGV is 
moving on a guided path, this system will detect an obstacle 
(such as a human) in any of the coverage locations. When the 
obstacle is within the warning field of any of these sensors, the 
AGV will decelerate to a slower speed in anticipation of a full 
stop. If the obstacle is still detected within the protective field of 
the sensor, the AGV will apply its brake to initiate a complete 
stop before contact is made. The AGV will resume automatic 
operation approximately three seconds after the obstacle is 
removed from the protective field [27]. 

The safety area must be designed depending on many factors, 
which include the surrounding area, vehicle speed, payload, and 
floor conditions. Every point of the path followed by an AGV 
must have its own safety area to ensure that the time and distance 
to stop the vehicle is sufficient to avoid contact with obstacles. 
According to recent information about AGV accidents 
demonstrates that even with onboard sensors these vehicles did 
not detect nearby workers [1]. Additional complications 
involving operator safety will occur as AGVs are employed in 
open environments or when robot arms are added to AGV 
platforms. These safety risks can be alleviated with the use of 
new technologies, such as three-dimensional sensors and 
algorithms that provide industrial vehicles with information 
about potential collisions in their paths. However, the 
capabilities of new sensors need to be fully explored and their 
strengths and weaknesses understood before they can be 
incorporated onto AGVs that are deployed on the production 
floor. 

Researchers have developed various algorithms to improve 
safety of robotic movement through motion planning techniques 
and sensing function. In [28], the authors proposed an innovative 
method for extrinsic calibration of sensors to track arbitrary 
obstacles around the robot. In [29], the authors utilized KinectV2 
depth cameras to track moving obstacles within workspace. 
Alternatively, optimizing the layout of obstacles in workspace 
can be essential for ensuring worker safety. The authors 
presented a geometrical analysis of a free workspace for a 
collaborative robot. The method uses an octree model of the free 
workspace for geometrical analysis to characterize the robots and 
obstacles using Constructive Solid Geometry (CSG) and 
Computer Aided Design (CAD) [30]. In [31], the authors 
introduced task specific interaction for both robots and human to 
determine suitable location for human robot interaction tasks. In 
[32], the authors proposed a risk-based framework for human-
robot interface through safety control systems which includes 
proximity detection, collision avoidance systems and docking & 
compliance control.  

Safety measures with probabilistic approach are imminent 
to avoid these collisions. There are ranges of approaches to 
calculate the probability of collisions in human-robot distributed 
workspace. The analyses of the probability of risk due to 
intrusion uses several factors such as the safety function of the 
robot, human and robots, relative velocity, and position [33]. 
Lambert, Gruyer and Saint Pierre [34] presented a probabilistic, 
Monte Carlo algorithm to reduce risk from Gaussian integrals 
with vehicle volume and obstacle volume as considerations [34]. 
J. van den Berg, P. Abbee, and K. Goldberg [35] proposed an 
approach which decreases the probability of collisions based on 
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linear quadratic Gaussian-motion planning. The algorithm uses 
rapid a random trees model to minimize the collision by sensing 
the uncertainty. Applying sampling-based algorithms such as the 
Monte Carlo sampling strategy model, collision probabilities are 
estimated by extrapolating the ratio of the number of collision 
free of simulated executions [36]. 

Several collision avoidance approaches have been proposed 
in the field of robotics research. In [37], the authors developed a 
human-robot collision avoidance approach through a potential 
field method where the repulsive command for the robot is 
generated to avoid obstacles. The distance between the robot and 
the moving obstacle is calculated and the repulsive vector is used 
to control the generic motion of the robot. Path finding methods 
such as artificial potential field, particle swarm optimization, and 
ant colony optimization are also used to foster safe mobile robot 
path planning. The authors used the artificial bee colony 
algorithm on motion planning of multiple mobile robots in a 
dynamic environment [38]. In [39], the authors indicated that 
most robots in manufacturing plants follow the sense and avoid 
approach with a camera mounted on a robot which computes the 
distance if an obstacle comes within a minimum distance, then 
the sense and avoid algorithm is applied to stop the robot.  

Researchers have also studied safety measures through 
collision detection algorithms. For example, multi robot collision 
avoidance based on a velocity obstacle paradigm is used in a 
dynamic workspace to reduce collision probability [40], [41]. 
Collision probabilities of high definition robots in a dynamic 
environment are used with Gaussian distribution where the 
obstacles are represented in the workspace as a probability 
distribution [42]. In [43], the authors introduced and 
implemented an obstacle-dependent Gaussian potential field 
method for autonomous vehicles to avoid obstacle collision [43]. 
Mathematical models are present to facilitate the optimization of 
motion planning in a dynamic workspace. Examples of models 
based on analytical models include Gaussian distribution [34], 
[35], [42], random tree [35], and Monte Carlo sampling 
strategies [34], [36]. Current research [35], [36], [38], [44]-[46] 
indicates that the focus is primarily on the improvement of 
robotic path planning using different mathematical models. 
However, there is no substantial evidence of any mathematical 
form that can be used to calculate a process of creating random 
motion such as Simple Random Walk (SRW) for studying the 
effect of static and dynamic obstacles. 

In recent research, the Random Walk model has been used 
in robot motion planning such as the swarm robotics area 
exploration strategy where the random walk methods, based on 
Brownian motion, and the levy flight method, are used as the 
direction moved by a robot after each step is stochastic[46]. New 
approaches based on Monte Carlo random walk such as 
bidirectional and optimizing planner Arvand are used to improve 
motion-planning performance by using simple random walk. The 
method uses the distance  measurement between the goal point 
and the sampled states [44]. Fast random walk approach that 
determines diverse and efficient paths from different Homotopy 
class have also been proposed to improve robotic path planning 
[45].  

 

4. Simple Random Walk (SRW) 

Random Walk is a stochastic process where the path consists 
of a succession of random steps. Conditional probabilities are 
used in formulating the probability expression and commonly 
used in complex situations that make the use of a single simple 
probability calculation inaccurate. SRW is a stochastic process 
which involves the collection of identical independent random 
variables where each of those random variables represents the 
next move [47]. In a rectangular gridded workspace, the AGV 
has a 25% chance of moving in any of the four possible 
directions, at any given grid point position other than the 
boundaries. When repeated n times, the probability 
becomes(25%)𝑛𝑛 . For example, for a robot moving in a grid 
workspace, at any given position, the robot has the chance of 
moving along each of the adjacent grid points. In one-
dimensional SRW, the walk state X1 jumps left or right equally 
likely at each time along the X-direction. Similarly, in two-
dimensional SRW, each step will have an equal probability 
bounded by a rectangular wall defined by two-end corners  〈0,0〉 
and〈𝑎𝑎, 𝑏𝑏〉. A step is defined by the displacement unit made by 
AGV in x and y coordinates. The average steps per walk are used 
to account for the uncertainties in the robotic motion and to avoid 
outliers. The average step of an AGV roaming in a finite plane 
with obstacles, with an initial point “i” and end point “f”, has no 
analytical form. Therefore, a numerical simulation has been 
being adopted in this research to investigate several case studies 
related to the ability of the AGV to succeed in completing a 
mission in the presence of obstacles. Pseudo code algorithms will 
be used to analyze the probability and the success to arrive at the 
desired location simulated for different environments 

5. Scope of Research 

While the previously aforementioned path planning 
methods require navigation, a capability based on on-board and 
distributed sensors that can realize and analyze the surrounding 
environment in real-time, however this paper presents a failsafe 
method for controlling the path of randomly moving robots or 
humans during worst case scenario particularly when minimum 
sensing capabilities are present. The sensing capabilities 
assumed in this paper are first, capability of sense and avoid, and 
second, capability to know final state upon arrival but not during 
the intermediate states. It is assumed throughout the paper that 
human or robot motion exhibit random walk locomotion. The 
social behavior model of a randomly walking worker and 
coexisting with other objects in a workplace is assumed in this 
research to follow simple random walk scheme if the worker 
stops upon the arrival to a predefined destination. This method 
expands on the Random Walk theory to include simulation of 
freely ranging robots in confined areas comingling with static 
and dynamic obstacles. This modified process uses random step 
to steer AGV randomly until it reaches the end point. Directing 
robot performance to go to a safe home position without any 
guidance is currently not determined. One primary research 
question is to understand how the distribution of obstacles within 
a workspace could affect the ability of robot to achieve a simple 
task, and how marching locomotion could help in the design and 
layout for a safe working environment. 
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The following section introduces the ‘Obstacle Design’ 
approach method. This method is based on probabilistic 
approach through simulation on the effect of obstacles using the 
Simple Random Walk (SRW) model in a shared workspace. 

6. Method: Navigation based SRW 

When the navigation systems on an AGV or a robot fail, the 
best the users can hope for is to send a signal to shut it down or 
direct it to a safe home position. The use of simple and robust 
sensors, such as inductive sensors, could be a viable solution to 
report whether a free ranging AGV has arrived at a desired state. 
This could be analogous to having a blind person randomly 
navigates his or her way in a room to an exit door.  These free 
marching walks, whether applied to a person or robot, can be 
modeled by the SRW principle that randomizes steps during a 
journey to a desired location. This sensor-less roaming method, 
when combined with obstacle avoidance, could be an alternative 
to the navigation system when the communication or processing 
malfunction. On the other hand, with the increasing installation 
of AGVs in manufacturing plants, and with demand for inclusion 
of collaborative human robot interaction, it is desired to 
understand the risk of such collaboration at worst-case scenario. 
That is workers randomly and carelessly roaming around AGVs. 
The question that one could ask is, what is the probability of an 
accidence within given manufacturing workspace area, and what 
should be done better to improve the facility layout in such a way 
that if a layout is strategically reconfigured the accident 
probability reduces.   

The relationship between robots and obstacles will be 
examined through an obstacle design approach. In a real-time 
workspace, AGV may malfunction and lose its navigational 
capability and that may lead to robot- robot collisions or human 
injuries and/or fatalities. To avoid these undesirable events, the 
relationship between the variables in the workspace must be 
studied and evaluated. This research develops an environment 
and a model for robot or human stepping randomly around 
several obstacles within a specified boundary. An array of static 
and dynamic obstacles will be populated randomly and 
deterministically within the workspace. This is to introduce 
various obstacle design approaches and then evaluate the average 
number of steps taken by the robot to reach its final position.  

The proposed simulated algorithms attempt to answer the 
following three research questions:  

• How does the distance D, measured between an initial and a 
final position, relate to the success of the robot to reach its 
final position when m number of obstacles are placed 
randomly in a confined workspace?  

• Would such success be improved if the obstacle were 
determinately arranged in pattern such as L-shape, passage, 
and Zigzag? 

• What is the success of the robot in the workspace where 
obstacles are undergoing Markov chain motion or random 
walk? 

6.1. Workspace Conditions 

In the simulation examples that follow, the workspace is 
defined by a rectangular area whose size is (a, b) as shown in 
Figure 1. n is the number of swarming robots that are comingling 
with m number of stationary obstacles and with h number of 
obstacles in motion. All robots and obstacles in motion or 
“dynamic obstacles” follow SRW properties. The location of 
static obstacle does not change with time. Let 𝑠𝑠(𝑡𝑡) define the 
step count at time or discreet event t. The location of an object in 
the Cartesian coordinates can then be defined by the value of 
their components for a given step count (𝑥𝑥(𝑠𝑠(𝑡𝑡)), 𝑦𝑦(𝑠𝑠(𝑡𝑡))) . For 
example, robot k and dynamic obstacle w march simultaneously 
under SRW algorithm. The walk stops when all robots in a subset 
reach their desired locations. Let us say that the subset has one 
robot at zero step with initial position (𝑥𝑥(𝑠𝑠(0)), 𝑦𝑦(𝑠𝑠(0))), and 
then it requires 𝑠𝑠(𝑡𝑡𝑓𝑓)  steps to reach the final location 
�𝑥𝑥(𝑠𝑠(𝑡𝑡𝑓𝑓)),𝑦𝑦(𝑠𝑠(𝑡𝑡𝑓𝑓))�. During one walk journey, a robot could 
collide with a workspace boundary, an obstacle, or another robot.  

Multiple walks will be simulated to average the number of 
steps it takes a robot to reach destination starting from the same 
initial condition.  In one walk, a success is defined as the average 
number of steps taken by the robot to reach its final position. 
However, not all walks could lead to success. Therefore, a cut- 
off step of 106 is applied to limit the maximum number of steps 
within one walk.  

 

Figure 1: Robots & obstacles marching in confined workspace with stationary 
obstacles. 

It is assumed that the robot has a defense mechanism such 
as a simple obstacle avoidance bumper switch that instructs the 
robot to try to move away by repeating the step again hoping it 
does not land on a boundary or another object. Such overlap is 
counted as a step and it will weight on the robot’s success to find 
its desired location. On the other hand, obstacles are assumed to 
have least intelligence; therefore, they do not change the course 
of motion when overlaps occur. An example of that could be a 
worker wondering in workspace and not paying attention to 
surrounding. 

In practice, AGVs or in general, most programmable mobile 
robots are equipped with basic obstacle avoidance sensors such 
as low range ultrasonic sensors or spring-loaded switches. The 
mobile robot could know its final position by means of magnetic, 
color, inductive, or capacitive sensors mounted on the floor. The 
examples discussed in the following simulation subsections 
assume that all navigation sensors are turned off except for the 
obstacle detection sensor and final state sensor. In this paper, 
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simulations of AGVs are studied in several environments defined 
in the following subsections.  

6.2. Random Walk Roaming amidst Static Obstacles 

The static obstacles are defined as non-moving objects that 
are randomly and deterministically structured within the 
workspace. The obstacles(s) are placed in such a way to mimic 
various kinds of obstacle arrangements. Random Walk amidst an 
array of static obstacles is implemented by using Algorithm 1.  

Algorithm (1): Random walk of a robot within confined 
environment with static obstacles. 

 
Algorithm (2): Random walk of a robot within confined 
environment with dynamic obstacles. 

 

6.3. Random Walk Roaming amidst Dynamic Obstacles 

The dynamic obstacles are defined in this research as 
moving objects under constant change in motion. The obstacles 

can move either on a preprogrammed path or on a random walk 
that abides by different robot-robot and human-robot interactions. 
Algorithm 2 describes the boundary conditions for dynamic 
obstacle. The Dynamic Obstacles are simulated for a Markov 
Chain obstacle and Random Walk obstacle. The Markov Chain 
obstacle design is based on the Markov Property which states 
that “Future is independent of the past given the present” [48]. 
Mathematically this statement can be expressed as 

 𝑷𝑷𝒓𝒓(𝑺𝑺𝒕𝒕+𝟏𝟏 |𝒔𝒔𝒕𝒕) = 𝑷𝑷𝒓𝒓(𝑺𝑺𝒕𝒕+𝟏𝟏 |𝒔𝒔𝟏𝟏, … . , 𝒔𝒔𝒕𝒕)                               (1) 

where in the above equation, 𝐬𝐬𝐭𝐭 or 𝐒𝐒(𝐭𝐭) denotes the current state 
and 𝐒𝐒(𝐭𝐭 + 𝟏𝟏) or 𝐒𝐒𝐭𝐭+𝟏𝟏 denotes the next state. The transition state 
of the Markov Chain obstacle is entirely independent of the past 
states. An obstacle such as (ow) in the workspace (a,b) in Figure 
1 is based on Markov Chain model. In this obstacle design, the 
obstacle changes its positions on n fixed number of states with 
the probabilities from a fixed transition matrix. The Markov 
Chain in this study is assumed to be known absorbing. On the 
other hand, the Random Walk Obstacle design assumes a free-
ranging AGV roaming between random obstacles. In this study, 
the robot such as (Rk) and obstacle(s) such as (Ow) both are 
moving on a Random Walk model. The obstacles are 
independent entities moving around the workspace (a,b) 
generating random initial positions with no destinations. The 
random walk concept is related to the Hamiltonian cycle. A 
Hamiltonian cycle is a path along a set of points that passes 
through every point exactly once before returning to the original 
start point. In the context of an AGV, a Hamiltonian cycle would 
allow the vehicle to pass through every point on a grid that 
defines its working zone. Generating a Hamiltonian cycle 
ensures that the robot reaches the end-point, but at the cost of 
moving efficiently. While this method will not be used directly, 
the results of the random walk can be compared to the 
Hamiltonian cycle of the operating space.   

6.4. Probability of Presence 

The “Probability of Presence” of a robot for a specified 
obstacle region are also simulated to present long-term chances 
of a robot to be in a certain position. To pursue a long-term 
probability of presence, the robot is performing infinite SRW 
with no destination within the obstacle region [49]. The theorem 
stipulates that the long-term stationary probability matrix P of 
random walk be computed from a matrix degree of freedom D 

𝑃𝑃 = � 1
∑𝐷𝐷𝑖𝑖𝑖𝑖

�                                                  (2) 

where 𝐷𝐷𝑖𝑖𝑖𝑖  is the number of directions the robot can move when 
at the position (i,j) and 𝐷𝐷𝑖𝑖𝑖𝑖= 0 for (𝑖𝑖, 𝑗𝑗) at obstacle’s position [50]. 
It is important to note that here the P is an invariant or stationary 
distribution vector written in form of a matrix since we have a 
2D workspace grid. 
6.5. Proposed Obstacle Designs 

The proposed approach is to ensure safety through 
probabilistic “Obstacle Design” approach in a workspace and 
are composed of mainly six types of structured static obstacle 
designs including:  Diagonal Design, Passage Design, L-shaped 
Design, Zig Zag Design and Dynamic Obstacles Design. The 
dynamic obstacle contains two types (i) Markov Chain Obstacle 

Algorithm (1) – Static Obstacles 
 
S = 0 
B ← workspace boundaries 
O ← randomly placed obstacle(s) positions or deterministic boundaries 
C ← cutoff 
W ← number of journeys robot takes from (Xi, Yi) to (Xf, Yf) 
For w = 1:W 

(Xr, Yr) ← (Xi, Yi) 
While (Xr, Yr) ≠ (Xf, Yf) 

S = S + 1 
(Rx, Ry) ← randomly generated ± 1  
Xr = Xr + Rx 
Yr = Yr + Ry 
If (Xr, Yr) = B 

robot pushes back into workspace 
If (Xr, Yr) = O 
robot takes a step back or forward away from O 
Or, robot pushes back into the obstacle region 

  If S >= C 
   loop breaks 
Avg_Step = mean S over all w 
 

 

Algorithm (2) – Dynamic Obstacles 
S = 0 
B ← workspace boundaries 
O ≡(Xoj, Yoj) ← j obstacle(s) performing independent random motion 
C ← cutoff 
W ← number of journeys robot takes from (Xi, Yi) to (Xf, Yf) 
For w = 1:W 

(Xr, Yr) ← (Xi, Yi) 
O ← random initial positions to all obstacles 
While (Xr, Yr) ≠ (Xf, Yf) 

S = S + 1 
(Rx, Ry) ← randomly generated ± 1  
Xr = Xr + Rx 
Yr = Yr + Ry 

For j ɛ O 
(Qxj, Qyj) ← randomly generated ± 1  
Xoj = Xoj + Qoj 
Yoj = Yoj + Qoj 

If (Xr, Yr) = B 
robot pushes back into workspace 

If O = B 
obstacle(s) pushes back into workspace 

If (Xr, Yr) = O 
robot takes a step back or forward away 

from O 
  If S >= C 
   loop breaks 
Average Steps = mean S over all w 

http://www.astesj.com/


I. Chowdhury et al. / Advances in Science, Technology and Engineering Systems Journal Vol. 6, No. 5, 335-347 (2021) 

www.astesj.com     341 

(ii) Obstacles performing Simple Random Walk. The main 
emphasis behind making different obstacle designs is to cover 
the geometry of real-world workspaces and study their tradeoff. 
In this paper, our hypothesis is that various obstacle designs have 
a significant effect on the success of a freely moving AGV.  

Both Algorithms (1) and (2) simulate the step movements of 
AGV randomly within workspace. The AGV pushes back when 
it hits a static or dynamic obstacle (such as another AGV) or 
workspace boundary and recalculate its walk again. These steps 
are still counted in the measuring the efficiency of the AGV. 
Algorithm (1) deals with structured static obstacles that are 
configured through various design approaches. Meanwhile, 
Algorithm (2) is deployed for randomly moving dynamic 
obstacles.  

7. Simulation: Randomly Walking AGV within Structured 
Static Obstacles and in Confined Workspace 

7.1. Diagonal Obstacle Design 

The first obstacle design examines the relationship between 
a free ranging AGV and any m number of obstacles arranged 
diagonally. Let the linear accumulative distance,𝐷𝐷  index be 
defined by, 

𝐷𝐷 = ∑ �(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑖𝑖)2 + (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖𝑖)2 +𝑚𝑚
𝑖𝑖=1

�(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑓𝑓)2 + (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑓𝑓)2     (3) 

where �𝑥𝑥𝑖𝑖 ,𝑦𝑦𝑖𝑖� is the location of the ijth obstacle. The simulation 
case study examines 22 obstacles arranged diagonally between 
initial position at (𝑥𝑥𝑖𝑖 ,𝑦𝑦𝑖𝑖) at (1,1) unit, and final desired location 
�𝑥𝑥𝑓𝑓 ,𝑦𝑦𝑓𝑓� at (25,25) unit. The Average Step (AS) corresponding 
to, D, is simulated for every 𝑚𝑚 ∈ {1,2, … 22} .The robot 
locomotion is set to take place within a confined workspace area 
of (50×50) unit square, as shown in Figure 2. Algorithm (1) is 
deployed to compute the average number of successful steps it 
takes the robot to travel from the initial point to the final point. 
According to the ‘Law of Large numbers’ theorem [51], it is 
sufficient to use 300 random “walk” in order to compute the 
average number of successful steps.  

 
Figure 2: Diagonal design with m number of obstacles are alighned diagonally 

between initial and final locations. 

The relationship between the diagonal obstacles and the 
average successful steps for every m diagonal obstacles are 
computed and plotted in Figure 3. The results show that the more 
linear obstacles are added between the start and final positions, 
the less steps will require AGV to find the desired location. 

 
Figure 3:  The effect of installing diagonal obstacles on the success of a ranging 

AGV to finds its destination. 

The probability of occurrence, i.e. the long-term probability 
in equation (2), is simulated for workspace area of size (20×20) 
unit square with eight obstacles located between initial point (1,1) 
unit, and final point (10,10) unit. The probability of occurrence 
can help predict the robot path and warn the facility workers 
about which area to avoid during work. It can be easily 
concluded from the results in Figure 4 that the probability of 
occurrence of robot colliding with nearby obstacle increases. In 
addition, the chance to find the AGV elsewhere in the workspace 
is uniformly minimum. As a result, an AGV exhibiting a random 
walk in a confined area can find its destination faster by creating 
a physical or virtual diagonal obstacle within proximity of 
desired final location. In general, one advantage of installing the 
obstacle is due to the high probability of finding a robot nearby 
the boundary. 

 
Figure 4: Probability of occurrence for the diagonal obstacle design. 

7.2. L-Shape Obstacle Design 

The second case study deals with an obstacle design 
configured in L-shape with fixed width, W, as suggested in 
Figure 5. The length of the L-shape corresponds to the maximum 
linear distance traveled between two points within the workspace. 
The initial and final desired position of a free ranging AGV are 
assumed at (1,1) and (𝑎𝑎 − 1, 𝑏𝑏 − 1) , respectively. The AGV 
stays within the L-shape area. Algorithm (1) is executed to 
determine the average number of successful steps for various 
width. 
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Figure 5: Example of ‘L- shaped’ obstacle containining the initial and desired 

locations. 

Multiple simulations are carried out for widths ranging from 
𝑊𝑊 = [1,20] and at step size, ∆𝑊𝑊, of one unit. Consider three set 
of workspaces sizes (50×50), (75×75) and (100×100) unit 
square. The average success vs. width of L-shape is computed 
for workspace size, and all curves are plotted in Figure 6.a. Let 
the “efficiency” be defined by the average success normalized to 
the area size of the workspace. The average steps/enclosed L-
shaped obstacle area is plotted in Figure 6.b.  

 
Figure 6: L-shape obstacle design.: (a) Success simulated for several widths and 

workspaces sizes. (b) Effeciency of successful search. 

Let a cutoff threshold of 105 define the maximum number of 
steps before the AGV stops searching. Figure 6.a shows a rapid 
decay relationship, where it takes an AGV less steps to succeed 
in smaller workspace. The normalized plot in Figure 6.b implies 
that the exponential decay relationship becomes independent of 
the workspace size when the width size is large. However, the 
overall efficiency of search is better for the large workspace size 
within W ∈[1 ~7] unit. 

7.3. Passage Obstacle Design 

Passage obstacle design refers to rectangular area that 
confines the movement of AG, as suggested in Figure 7. It is 
assumed that the starting and final positions are always located 
within the passage area, and distance between these points 
defines the passage length. In this case study, the intent is to 
determine how the width of the passage, W, relates to the success 
of the AGV to find final position. Let the starting and final 
position be at (1,1) unit, and (a-1, b-1) unit, respectively. 
Algorithm (1) is deployed to study this relationship for various 
workspaces sizes, including (50×50), (75×75), (100×100), and 
(125×125) unit square. The simulation is also carried out for 
width 𝑊𝑊 = [1,20]unit, and at step size, ∆𝑊𝑊, of 1 unit. It can be 

observed from the results shown in Figure 8.a that the size of the 
workspace has little significance to the average success. The 
average success drops significanly for widths ranging from 1 to 
5 unit. This sharp exponential decay could explain why all 
workspaces have almost identical efficiency, as observed in 
Figure 8.b. 

 
Figure 7: Passage Design is created encompassing the initial and desired 

location of AGV. 

 
Figure 8: Passage obstacle design: (a) Success simulated for several widths and 

workspaces sizes. (b) Effeciency of successful search. 

A more in-depth simulation is performed to examine if the 
curves in Figure 8.a reach steady state. To make the analysis 
more robust, a higher walk value of 9600 is chosen, as it is highly 
likely to converge to the true value. Across different workspace 
sizes, it is observed that the average steps concave up after 
attaining its lowest possible value. It is evident from Figure 9 that 
the lowest value corresponds to an optimum width at which the 
average number of steps is minimum. It is, however, important 
to note that the increase in the optimum width is very small with 
respect to the increase in workspace sizes. It is also observed that 
the optimal width shifts up as workspace size increases. 

 
Figure 9: Optimum widths for passage design computed at different workspace 

sizes. 
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7.4. Defected Passage Obstacle Design 

Consider p number of consecutive obstacles being removed 
from the passage design. Let the defects be present in the “lower 
side” or “upper side” of the passage as shown in Figure 10. 
These two configurations are asymmetric along the diagonal line 
that connects the initial to final position. However, the large area 
that is open to the passage is equivalent in both case, and 
therefore, simulations will be carried out separately for each case.  

 
Figure 10: Example of defect on one diagonal side of the passage: (a) Lower 

side defect (b) Upper side defect. 

 
Figure 11: AGV success in the realm of defective obstacle design. 

The simulations are carried out for “upper side” and “lower 
side” defected passage within the workspace of (50 × 50) unit 
square. The goal is to plot the average success against the number 
of obstacles removed. The order of the obstacle removed in the 
“lower side” case is chosen to begin from the lower corner of the 
workspace, i.e. removal begins closer to the initial position. The 
“upper side” case, however, begins from the upper corner of the 
workspace, i.e. removal begins from the final position. The 
maximum number of obstacles in each side is 28 units. It is clear 
from the simulation results in Figure 11 that in the case of defects 
in the “lower side”, the average success improves (or linearly 
decreasing) as the defects (or the number of sequentially 
removed obstacles) increase. Whereas an exactly opposite effect 
is observed for the defect in the “upper side”. The slopes 
obtained from the linear regression for defects [1 27] are equal 
in magnitude, but opposite as observed in Figure 11. This implies 

that when k=1, the average success is identical whether the 
obstacle is removed from upper side or lower side. However, the 
average success is farthest apart when only one obstacle is left 
close to the “upper side” or “lower side”. Interestingly, placing 
only one obstacle near to the final position would significantly 
improve the success of the AGV to find its final position. 
However, at p=28, the average steps between lower and upper 
sides drops drastically and becomes identical simply because the 
entire obstacles in the diagonal side is removed.  

7.5. Zig-zag Obstacle Design 

Zig-zig obstacle, such as example in Figure 12, could be 
utilized across the workspace to mimic certain complexities of 
an industrial workspace. The average success of an AGV 
performing SRW is studied against widths by using Algorithm 
(1). The width, W, defined in Figure 12, is varied between [1,30] 
unit, with increment, ∆𝑊𝑊, of 1 unit. Various workspaces sizes 
were tested including (50 × 50), (75 × 75), (100 × 100), and 
(125×125) unit square.  

 
Figure 12: Example of zigzag obstacle design. 

The simulation result shown in Figure 13.a depicts a 
fluctuating decay of the average success as the width increase. In 
addition, the average success curves, corresponding to each 
workplace size, are significantly spread apart from each other. 
These effects could be related to irregularity of the obstacle 
design, especially because the interior search area is sensitive to 
the width. On the other hand, the normalized plot in Figure 13.b 
shows that the efficiency of search in the zigzag design is 
approximately uniform when the workspace size is scaled. 

 
Figure 13: Zig-zag obstacle design: (a) The average success is simulated for 

several widths and workspaces sizes. (b) Effeciency of successful search. 

7.6. Comparison Between Obstacle Designs 

A simulation study is conducted to evaluate how effective 
the obstacle designs are, in terms of their ability to guide an AGV 
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from initial position (1,1) into a final desired position located at 
(𝑎𝑎 − 1, 𝑏𝑏 − 1). Consider the test conducted on a workspace size 
of (50×50) unit square. The average success is simulated for 
passage, L-shaped and zigzag designs, and for various width. 
The results shown in Figure 14 shows that the passage design 
performed better than other types for all simulated widths. The 
L-shape obstacle design was the least effective, however, the 
decay profile is smooth, and it could be approximated by Cosine 
Annealing function. 

 
Figure 14: Comparison between passage, L-shaped and zigzag design. 

8. Simulation: Randomly Walking AGV within Random 
Static Obstacles and in Confined Workspace 

A case study is put forward to examine the relation between 
a free ranging AGV, and m number of random obstacles placed 
inside a workspace. Let the degree of obstacle aggregation be 
defined by scattered distance  

𝐷𝐷𝑠𝑠 = � �𝑥𝑥𝑖𝑖 − �̅�𝑥�2 + �𝑦𝑦𝑖𝑖 − 𝑦𝑦��2 
𝑚𝑚

𝑖𝑖=1
                               (4) 

where (�̅�𝑥, 𝑦𝑦�)  is the mean value of the scattered obstacles. 
Simulations are carried out to calculate the average success for 
m number of various subsets of randomly placed obstacles. Each 
m subset of obstacle was also iterated, q, number of times.  

A simulation example is conducted for an AGV roaming 
within a confined workspace area of (50×50). The AGV is 
assumed to be initially placed at (1,1) unit, with target destination 
located at (25,25) unit. Consider that m subsets belong to 
individual values in set {1,4, 9,16, 25, 36}. The number of 
iterations tested per subset is set to q=50. The average success is 
plotted against the scattered distance and linear accumulative 
distance (Equation 3) for every iteration, with results shown in 
Figure 15. 

Let the dispersion of randomly placed obstacles, 𝛅𝛅, be 
defined by the range of 𝐷𝐷𝑠𝑠 for q iterations of a subset m. Also, let 
the variation in the average success, 𝝽𝝽, be defined by the range 
of the average successes obtained for q iterations of a subset m. 
The following observation can be depicted from Figure 15.a: (1) 
Although the average success computed for each iteration seems 
random, the mean-value calculated for all the average success 
iterations increases as m increases, i.e. has a negative impact, and 
(2) 𝛅𝛅 and 𝝽𝝽 widen as m increases. The linear cumulative indicator, 
D, used in the simulation shown in Figure 15.b, references the 
obstacles relative to the initial and final positions, instead of the 
mean-value. The difference between D and Ds indicators is 
regarded to the dispersion of data points. The D value of each m 
obstacles correspond to distinct aggregation as compared to Ds. 

 

 
(a)  

 
(b) 

Figure 15: The effect of randomly placed static obstacles on the success of a 
free ranging AGV to find its destination .(a) compared with scattered 

distance. (b) compared with linear accumulative distance. 

 
Figure 16: Probability of occurance  for randomly placed static obstacles. 

An example of long-term probability is simulated for an 
AGV performing random walk in a workspace (20×20) unit 
square, amidst 10 randomly generated static obstacles. Figure 16 
shows long-term likelihood of the AGV to be present in the light 
region, “yellow-color”, whereas the dark regions, “blue-color”, 
corresponds to avoided region.   

9. Simulation: Multiple Randomly Walking AGVs in 
Confined Workspace  

This study mimics a real-world collaborative workspace 
where human-robot or robot-robot interactions co-exist in a 
confined workspace with randomly placed static obstacles. 
Mobile robots or AGVs, and human motion are assumed to 
undergo independent SRW.  

The first simulation case study is based on AGV performing 
SRW motion from the initial point to the final point in the 
presence of another independent AGV that is in 5-state Markov 
Chain motion. The Markov Chain implies that the AGV can only 
jump from one state into one of the other 5-states located within 
the workspace. Let the workspace size be assigned to (50×50) 
unit square, with the initial and final desired position for one 
AGV be located at point (1,1) unit, and  (49, 49)  unit, 
respectively. Algorithm (2) is implemented to compute the 
average number of successful steps and the average collision 
probability by using 300 random walks per test. 
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Figure 17: Simulation of collision probability of an AGV and a ‘5 state 

Markov Chain’ AGV, in workspace free of obstacles. 

The simulation calculates the average success against the 
collision probability for 150 random tests, with results shown in 
the scatter plot in Figure 17. The linear regression fit has a slight 
negative slope; indicating that an increase in the probability of 
the collision between the two AGVs has resulted in a decrease in 
the average success of the free ranging AGV. The mean values 
of the scatter plot data are approximately, ~(1.2 × 104, 5.6 ×
10−4), which is uniquely characterizes the average number of 
successful steps and probability of collision for the given 
boundary conditions. 

The second case study considers (m+1) independent AGVs 
in dynamic motion, where all are assumed to undergo simple 
random walk, i.e. they can travel from any point to another point 
in a step wise manner. One of these AGVs is tasked to navigate 
from same the previous initial to the final desired positions, 
while others are in continuous random motion. The obstacle 
avoidance is enforced between any combination of AGVs, while 
all are kept inside workspace. Conversely, this case study is 
equivalent to a robot swarming among a crowd of randomly 
moving humans. 

 
Figure 18: Collision Probability of an AGV performing SRW with ‘m’ number 

of SRW AGVs. 

Simulations are carried out for several number of AGVs 
described in group set m= {1, 2, 3, 4, 5}, where each group is 
simulated 50 iterations.  The scattered data shown in Figure 18 
indicates that the mean values of the average steps evaluated for 
each group are approximately equal.  I.e., the number of roaming 
AGVs, m, has little impact on the average success. However, the 
increase of number of AGVs installation results in increase in the 
probability of collision. 

The effect of the diagonal distance measured between the 
initial and final positions, R, is examined within the context of 
this case study. Let the workspace be modified into (100,100).  
The average success is simulated for same set of groups and plot 

against R. This relationship is linear for all m, as shown in Figure 
19. 

 
Figure 19: The effect of distance between initial and final points on the success 

of a free ranging AGV to finds its destination. 

In addition, the linear plots confirm that in an industrial 
workspace, increasing random dynamic obstacles has no impact 
on the average number of steps required for an AGV to find its 
destination.  

10. Conclusions 

This paper examined the random walk locomotion in 
confined workspace.  The goal of the research is to help design a 
safe shared workspace where humans and robots could co-exist, 
and further propose a navigation-free method that could help 
AGVs with malfunctioned navigation retrieve to a safe location 
at worse case scenarios. The research tested the hypothesis that 
placing obstacles in workspace could improve the ability of 
AGV to locate its destination. Several patterns were tested 
including L-shape, passage, and zigzag. In general, it can be 
concluded that as the area (characterized here by the width) of 
obstacle region increases, the AGV will take greater number of 
steps to reach its final position. However, there exist a threshold 
at which the increase of the width would have no effect. Passage 
Design’ is the most efficient way to guide AGV to its final 
position. In the case of dynamic obstacles, if the obstacles are in 
Markov chain, the lost AGV will reach its final position in a 
minimum average number of steps. Finally, as the number of 
randomly placed obstacles increases, the average number of 
steps taken by the AGV to reach its final position increases. 

11. Future Work 

Future work will extend the 2D random walk to study 3D 
complex interaction of swarm of robots based on Brownian 
motion model. 
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