Robotica (2022), 40, pp. 421-446
doi:10.1017/S0263574721000497 %?%REIIT{}ESSE

RESEARCH ARTICLE

A novel navigation system for an autonomous mobile robot
in an uncertain environment

Meng-Yuan Chen', Yong-Jian Wu? and Hongmei He™*

'College of Electrical Engineering, Anhui Polytechnic University, Wuhu, China,” Wuhu HIT Robot Technology Research
Institute Co. Ltd., Wuhu, China and *School of Computer Science and Informatics, De Montfort University, Leicester, LE1
9BH, UK

*Corresponding author. E-mail: h.he@dmu.ac.uk

Received: 20 March 2020; Revised: 10 February 2021; Accepted: 2 April 2021; First published online: 2 August 2021

Keywords: sliding window; adaptive threshold clustering; obstacle recognition; collision prediction; Morphin path planning

Abstract

In this paper, we developed a new navigation system, called ATCM, which detects obstacles in a sliding window
with an adaptive threshold clustering algorithm, classifies the detected obstacles with a decision tree, heuristically
predicts potential collision and finds optimal path with a simplified Morphin algorithm. This system has the merits
of optimal free-collision path, small memory size and less computing complexity, compared with the state of the
arts in robot navigation. The modular design of 6-steps navigation provides a holistic methodology to implement
and verify the performance of a robot’s navigation system. The experiments on simulation and a physical robot
for the eight scenarios demonstrate that the robot can effectively and efficiently avoid potential collisions with any
static or dynamic obstacles in its surrounding environment. Compared with the particle swarm optimisation, the
dynamic window approach and the traditional Morphin algorithm for the autonomous navigation of a mobile robot
in a static environment, ATCM achieved the shortest path with higher efficiency.

1. Introduction

Researchers have thoroughly investigated the mobile robot navigation problems and achieved a cer-
tain progress in this area. As the navigation of autonomous mobile robots with free collisions could
increase the range of their applications, it has played an important role in various application domains,
such as transportation, rescue services, detection, mining, space exploration and military. For example,
autonomous vehicles are constantly improving with the autonomous navigation capability [21] and have
obtained the qualification on roads in some countries (e.g., Google autonomous vehicle). In the fields
of coal mines, intelligent mobile robots have been used to replace the manual work and tedious repeti-
tive operations [32]. Robots are key to future space exploration [6], and the autonomous navigation of
mobile robots allows them to have better operation capabilities. In the military field, mobile robots with
autonomous navigation can better help reach military missions, such as military patrols on the desert
border [20]. For the success of all applications above, effectively autonomous navigation of robots is the
precondition and guarantee.

Robot’s ability to navigate in an environment without a need for physical or electro-mechanical guid-
ance devices has made it more promising and useful. During the navigation of a robot in a recognised or
uncontrolled environment, usually it cannot take the direct route from its starting point to the destination.
This means the robot must have the capability of perception, localisation, cognition and motion planning
[2]. Hence, autonomous navigation requires a robot to be able to precept the surrounding environments
through processing or fusing the data, collected from sensors, and highly performed robot perception
enables a robot to make a right decision and thus to have a right response to any anomaly situation
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in its surrounding environment. The major challenges of robot navigation lie in localisation, obstacle
avoidance and motion planning [2, 23], of which, obstacles avoidance in dynamic environments is a
crucial issue in the navigation of a robot and has been paid much attention by researchers [24, 40, 51].
Earlier research focused on static obstacle avoidance. The research of Weerakoon et al. [44] shows that
the classic artificial potential field (APF) algorithm, which treats the robot’s configuration as a point in
a potential field that combines attraction to the goal and repulsion from obstacles to generate a robot’s
trajectory, has a major problem that the robot is easy to be trapped at a local minimum before reaching
its goal.

One of the main objectives for robot navigation is to improve the navigation performance. Improving
real-time performance of robot’s navigation is a critical challenge. While a robot can avoid any static
or dynamic obstacles on its paths, the following three performance indicators are often used to evaluate
the navigation of a robot.

Positioning accuracy, including static single point positioning error and dynamic track error, where
single point positioning error consists of X error, Y error and total error maximum, expectation, entropy
and super entropy, and dynamic trajectory error includes robot direction error, robot position maximum
error, error mean, error expectation, error entropy and error hyper-entropy. He et al. [16] used linguistic
decision tree (LDT) for robot routing problem, and the fuzzy technology in the LDT enables the robot to
effectively overcome the stochastic errors due to such factors as mechanical properties of robot’s motor
and the friction changing on the floor even in a static environment, thus reducing the accumulated error
of robot’s position.

Speed index, including the maximum speed or average speed of the mobile robot during the whole
test process. Especially, the maximum speed depends on the computing complexity and mechanical
properties of a robot. Under the mechanical properties of a robot, the computing complexity of robot
navigation determines the maximum speed, representing the real-time performance.

Navigation efficiency, including the length of time T used by the mobile robot to complete a specific
task, which is related to the speed V, the total length L of the entire process trajectory. Under a specific
speed V, the length of the path that robot travels from a start point to the target represents the navigation
efficiency.

The navigation of a robot should be robust in respects of the performance indicators above, reflecting
on all steps of the whole process. However, most of the existing research addressed partial steps of a
navigation process. There was little investigation of the whole navigation system. This is not helpful for
evaluating the performance of the whole process of a robot’s navigation.

To overcome the challenges in robot’s navigation, we proposed a holistic autonomous navigation
system of a robot, named as ATCM [9]. In this research, we further improve the new navigation system
with the six stages from data collection, obstacle detection, obstacle classification, potential collision
prediction and optimal path planning to the robot’s behaviour updating. The merits of ATCM lie in
that (1) we proposed a clustering algorithm with an adaptive threshold [55] for obstacle detection and
a decision tree for obstacle classification, based on the natural features of different types of obstacles,
represented by the data from sensor on the robot; (2) a heuristic algorithm is provided for potential
collision prediction in terms of the dynamics of the robot and obstacles; (3) we further simplify the
Morphin algorithm [35] for optimal path planning without losing the performance and (4) modular
design of 6-steps navigation provides a holistic methodology to implement and verify the performance
of a robot’s navigation system (Fig. 1).

Hence, in this paper, we examine how all the steps work harmonically and time changes for eight
scenarios, which are typical scenarios in real dynamic world. The navigation system is simulated and
integrated in a physical robot. The experiments are conducted on the simulation system and a physical
robot.

This paper is organised as follows: Section 2 reviews the state of the arts in robots’ navigation;
Section 3 provides the details of the proposed navigation system; Section 4 provides three groups of
experiments, including simulation, validation on a physical robot and comparison with other three
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Fig. 1. The flow chart of the navigation system.

path planning algorithms under static environment; finally, conclusions and future work are given in
Section 5.

2. Existing Work

Navigation of mobile robots is a classic issue in robotics. The robot’s route learning problem is one
of the robot’s navigation problems. Conventionally, an NARMAX model, a non-linear system identifi-
cation approach, was trained to represent the sensor-motor task [15]. To improve the robustness of the
robot’s navigation and overcome the drawback of NARMAX in losing performance due to the dynam-
ics of a running robot, a LDT was developed for the robot routing problem [16] and achieved excellent
performance. In fact, both of the two methods are guided by human, in which the data are retrieved
when human drives the robot along a specific path in a fixed environment, and then the model (e.g.,
NARMAX or LDT) is trained. Hence, this work is suitable for a robot working on a specific task in a
fixed environment.

However, for most cases, we expect robots can work in an uncertain environment with free collision.
There has been much research in this area. Generally, it can be categorised to map-based navigation and
map-less navigation. Whereas map-based navigation can be subdivided into metric map-based naviga-
tion and topological map-based navigation, map-less navigation can include reactive techniques based
on qualitative characteristics extraction, appearance-based localisation, optical flow, features track-
ing, plane ground detection/tracking, etc [4]. A grid-based mapping technique is usually used in the
map-based navigation system for an autonomous mobile robot [10].

Simultaneous localisation and mapping (SLAM) is a technique, used by robots and autonomous
vehicles to build a map within an unknown environment or to update a map within a known environ-
ment, while keeping track of their current locations [3]. Various SLAM techniques have been developed.
For example, Kovacs et al. [22] proposed a landmark-selection approach based on explicit and spatial
information for solving mobile robot navigation problems, where the visual odometry-based motion esti-
mation supports the template matching of landmarks. The important characteristic of SLAM techniques
that could assist in autonomous navigation is the ability of a mobile robot to concurrently construct a
map for an unknown environment and localise itself within the same environment. However, a SLAM
system might fail in handling extremely dynamic or harsh environments. Storing the map during long-
term operation is still an open problem. Even when the data are stored on the cloud, raw data points or
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volumetric maps may cost much memory; similarly, storing feature descriptors for vision-based SLAM
quickly becomes burdensome [7].

To implement a robot’s autonomy, its perception to external environments is very important.
Advanced sensors provide enabling techniques for robots’ perception. Most frequently, used sensors
include laser sensors [16, 49, 54], visual sensors [52], infrared sensors [41] and ultrasonic sensors [43]
Different sensor techniques may decide different navigation techniques.

Now, laser sensors are increasingly used, as they have the advantages of wide detection range, high-
precision measures, high reliability, good stability, strong anti-interference and lightweight. Recently,
Xin et al. [47] developed a dynamic obstacle detection model by fusing the Velodyne data from a 3D
laser sensor and the motion state information from a 4-wire laser sensor to derive the position of a mov-
ing obstacle in a grid map based on the confidence distance theory. In the research [48], an approach to
detecting the speed and direction of an obstacle was proposed, and the obstacle avoidance was imple-
mented, regarding the least Euclidean distance from the robot to the edges of the obstacle. As only
circular objects were addressed, this method is not robust for the diversity of obstacles.

Vision techniques have played significant roles in robots’ navigation [4]. For example, in the early
stage, the highly notable planetary vehicle, Mars Pathfinder [25], used a stereo camera to shoot images
of the Mars surface, when the rover explores the environment, which is controlled by human through
selecting the goal point in 3D representations of previously captured images of the terrain. Further,
pattern recognition from images has been widely used for obstacle detection in autonomous robot nav-
igation [8, 38]. Recently, Dirik et al. [11] provided a novel design for the kinematic control structure
of the wheeled mobile robot (WMR), using their previous visual-servo path planning method based on
interval type-2 fuzzy logic (IT2FIS) [12].

Artificial intelligence techniques are important drivers for implementing the autonomy of a robot.
Especially, machine learning techniques have been widely applied for obstacle detection. For exam-
ple, neural networks have been developed for a robot’s path planning [30]. A support vector machine
based on the spatial-time feature vector was developed to recognise dynamic obstacles, but without the
further exploration of the path planning for obstacle avoidance [18]. Wang and Zhou [42] proposed
a geomagnetic gradient bionic model with a parallel approach for robot navigation, which becomes a
multi-objective convergence problem. Mohanta and Keshari [26] proposed a knowledge-based fuzzy
control system for target search behaviour and path planning of mobile robots. This approach includes
two stages: the first stage is to generate a shortest path between the starting position and the target posi-
tion in a previously known messy environment, wherein the probability roadmap is used to construct a
straight path by connecting the intermediate nodes; the second folding step helps to convert the sharp
angle to a smooth curve throughout the path. Recently, Rubio et al. [33] proposed a fuzzy approach for
path following of a nonholonomic mobile robot, based on the information of a frontal camera, including
three stages: detect and isolate the desired path, estimate the orientation and use a fuzzy control system
to steer the direction of the mobile robot. The research of Sanchez et al. [34] shows that generalised
Type-2 fuzzy controllers outperform their Interval Type-2 and Type-1 fuzzy controller counterparts in
the presence of external perturbations for controlling a mobile robot.

It is commonly believed that deep convolutional neural networks (CNNs) are good for vision-based
pattern recognition problems. Hence, CNNs have been applied to improve the perception of robots. For
example, Steccanella et al. [36] proposed a two-stage approach to detecting waterline and obstacles based
on the images taken by the cameras mounted on a low-cost autonomous surface vehicle for environmental
monitoring, through using a CNN-based image segmentation to infer the position of waterline, which
is then used for obstacle detection, however, an embedded GPU board is needed for the segmentation;
Wu et al. [45] proposed a two-stage path planning method based on a CNN. Firstly, the comprehensive
features are extracted directly from original images of roads through a CNN; then, robots determine
their moving direction in terms of the classification results from the CNN. This approach is good for a
static environment, but not good for dynamic environments. Hence, it could be applied for robots’ pre-
training to get an initial path in a static environment. Due to the computing complexity, the first stage
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is completed offline. Online neural network training to adapt the dynamic environment is still an open
question.

Various meta-heuristic algorithms have been developed for robot path planning as well. Usually,
these approaches transform the path planning problem to an optimisation problem to implement offline
planning by producing a shortest path in a static environment with stationary obstacles, such as the
ant colony algorithm [5, 31], genetic algorithms (GAs) [19], the simulated annealing-based approach
[14] and particle swarm optimisation (PSO) of APF [1]. As they are time-consuming, offline planning
is needed. Based on the path generated by offline planning, the robot travels through the stationary
obstacles, then the robot will recalculate the path when a dynamic obstacle appears on the path. The
issue of such two-stage approaches is that the remaining path might not be the best after recalculating
the path to pass the detected dynamic obstacle, especially in dense obstacle environments.

Herojit Singh and Khelchandra [17] proposed a mobile robot navigation approach based on fuzzy
GA. Information about the distance and angle of obstacles from the robot is obtained by the exploration
of three directions in front of the robot (40°, 0° and 40°). When all three paths are blocked by obstacles,
the fuzzy system is used to avoid obstacles; otherwise, the conflict-free path is selected from the three
directions. The GA is used to find the optimal range of linguistic values of the variables of the mem-
bership function. It is shown that fuzzy GA with the three-path concept is computationally efficient,
compared to other hybrid methods. Wan et al. [39] proposed an improved ant colony algorithm, com-
bining the Morphin algorithm for mobile robot path planning. In the process of the global optimisation,
the Morphin algorithm is applied for local path planning in each step. Recently, Orozco-Rosas et al. [29]
proposed a hybrid path planning algorithm based on membrane pseudo-bacterial potential field, where
a pseudo-bacterial GA is applied to find the best parameters in the APF method.

The Morphin algorithm was proposed based on the Ranger algorithm for obstacle avoidance and
safeguarding of a lunar rover in space [35]. The Morphin path planning is an area-based approach. The
basic idea is that the patches of terrain are analysed to determine the traversability of each patch. The
Morphin algorithm has the merits of low computing complexity, and thus, it can implement the real-time
performance for a robot’s path planning [50]. Hence, the Morphin algorithm has been widely applied
for path planning in an uncertain environment with dynamic obstacles [39, 57], and it, integrating in
a global path planning algorithm, has achieved good performance for the path planning in indoor and
complex environments [46, 53].

Various approaches for robot path planning have been developed by researchers [28] and obtained
significant performance in solving certain aspects of the path planning problem. However, they have
their own disadvantages [27, 37]. Also, many researchers only validated their algorithms in simulation.
Therefore, a high-performance autonomous navigation system in effectiveness and efficiency is still
demanded.

3. The Proposed System

A navigation system of a mobile robot is thoroughly investigated, regarding all the six steps shown in
Fig. 1. Initially, the robot sets a sliding window, the centre of which is the robot; the environmental data
are collected from the laser scanner on the robot; static and/or dynamic obstacles in the surrounding
environment are detected based on the data within the window, using the adaptive-threshold clustering
algorithm; a simple decision tree, learned from experienced parameters, is used to determine the types
of obstacles (new, dynamic or static); the movement of dynamic obstacles is computed, in terms of their
speed and direction and the relation between the robot and the detected obstacles, and the potential of
conflict is predicted; the Morphin algorithm is applied to avoid obstacles if a potential collision in front
of the robot is not avoidable; finally, the robot updates its state, moving towards the generated local
sub-target, and correspondingly, the sliding window is updated; the process is repeated until the robot
reaches the global target. Algorithm 1 provides the pseudo-code of the navigation system.
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Algorithm 1 RobotNavigation(rw, R, Target)

Initialise(r,, R); /*a sliding window with radius of r,, */
t=0;
while (R has not reached the Target) do
D=ReadData(); /*from laser scanner*/
O ¢uin= Clustering (D);
for (O () €0 4ain(t)) do
O,,,.=0bstacleRecognision(Ow(t),0 sain(t-1));
0,,,=calculateObstacleInfo(O(t),0,y,.);
Collision = CollisionPrediction(O,,,, R);
if (Collision# NULL) then
if (Collision is avoidable) then
Vir= Vg- AVy; [*slow down the robot*/
else
Mophin(Collision, R);
end if
break;
end if
end for
update(R, r,,);
t=t+1;
end while

3.1. Data acquisition from the laser sensor

A grid map with a specified resolution is usually created in map-based navigation [56]. In this research,
a grid-based environment model is established. Assume the robot is in the global coordinate system,
sharing the origin of the global coordinate system. To collect the information of obstacles in the sur-
rounding environment of the robot, a two-dimensional laser sensor, the product of the German company
SICK, is installed on the robot. The value of readings from the laser scanner on the robot is proportion
to the distance between the robot to an obstacle, which reflects the time interval between sending and
return of the laser beams. In each step of data collection, the laser scanner scans the front semicircle of
the robot, ranging in [0°, 180°], with an angular interval of 0.5°.

Figure 2 illustrates the positions of a robot and an obstacle and their relationship in positions. The
pair of (p;, «;) represents the location of an obstacle in the local polar coordinates, where the robot is
the original point, p,; indicates the length of a laser beam, representing the distance between the obstacle
and the robot, ;€ [0°,180°], i =0. . .360, indicating the index of the laser beam; «; is the angle between
a laser beam and the robot’s direction and 6y, is the angle of the robot in the global polar coordinates.
The coordinates of the obstacle’s position in the global coordinate system can be calculated with Eq.
(1). The global coordinates (x,,y,) of an object can be transferred to the coordinates (x, y)) in the grid
map with Eq. (2).

Xo = Xg+p; COS (Op—0t;) , )
Yo = Yr+pi sin (Op—a;) .

¥, = floor (=+ 1) o
v = floor (= + 1)

where r is the resolution of the grid map (see Fig. 3).
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Fig. 3. The grid map model.

3.2. Data clustering for obstacle detection

After collecting the data from the laser scanner, the robot will check if there exist any obstacles within
the sliding window. An adaptive threshold nearest-neighbour clustering method is developed to group
data points. It is believed that the data out of the sliding window (i.e., p>r,,) do not provide any hazard to
the robot. Hence, it will not be used for clustering, like O; in Fig. 3, as p;>r,,.. The Euclidean distance is
used to represent the distance between two data points. Two available consecutive data points (p, and p,)
are believed to belong to different obstacles, respectively, if the distance between them is larger than the
distance between two neighbouring laser beams that have the identical length and the angular interval 0.5
(e.g., p; and p,). Therefore, a threshold ¢ is defined, linearly related to the value of [po(#)sin(0.5)], which
is the approximate of the distance between two neighbouring data points in one cluster. ¢ is proportional
to the current laser beam p(#). As the shape of an obstacle could be irregular, we use an adaptive rate to
indicate the irregularity of obstacle shapes. Two closed obstacles could be viewed as one cluster. This
could improve the robustness of the clustering algorithm. For the rectangle of obstacles, A can be set to
closeto 1.

¥ = Ap(1)sin(0.5°) 3)

To cluster the data points, one can calculate the distance between the current data point and the
previous data point in turns of the data points from 0° to 180°. If the distance is larger than the threshold,
then the current data point belongs to a new cluster, otherwise, it belongs to the cluster that the previous
data point belongs to. A cluster represents an obstacle. Finally, the clustering algorithm will produce a
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chain of obstacles O, (Eq. (4)) at time ¢.
0(:hain = Ol(t)y OZ(t)7 ) On(t) (4)

The attributes of an obstacle, Ok(t), can be represented as the vector of four items in Eq. (5).

Ok(1) = (Z(1), Si(1), §(1), Vi(1)), (5)

where Z,(¢) is the centre of O,(¢), S(¢) is the area of the grids that O, (7) occupies, E(¢) is the coincidence
of O,(?) to an obstacle at time 7-1 and V,(¢) is the speed of O,(¢). If O.(¢) is a dynamic obstacle, then
Vi(t) > 0, otherwise, V,(t) =0. Assume O,(t) is represented by cluster C;, which includes n, laser
beams, [;, ..., Ly, and ;= (p; ;). The centre Z,(t) of O,(¢) can be calculated with Eq. (6), and the
global coordinates of the centre can be calculated with Eq. (1).

g
2in @i

zi-’gi ©

ng

oy =

k

It is easy to obtain the pairs (min(p), min(«)) and (max(p), max(«)) in cluster C,, which determine
the edges of cluster C;. The global coordinates of cluster edges (X min, Yimin) @0d (Xxmaxs Yimax) €0 be
calculated with Eq. (1). Further, the grid coordinates of cluster edges (X ,i» Vimin) @04 (X 100> Yimax) €20
be calculated with Eq. (2). Hence, the area S, covers all grids within the coordinate ranges, expressed
by Eq. (7).
X, e[x, . x )
k [ k,min, k,max] (7)
y;c € [yl/f,min,y;@max ] *

One can calculate the global and grid coordinates of all data points in C; at time ¢ with Eqgs. (1) and
(2), respectively. Assume obstacles O(f) and O(¢-1) occupy areas S(¢) and S(z-1), respectively. The grid
coordinates of S(#) and S(¢-1) are shown in Eq. (8).

X (t) € [-xmin (t) > Xmax (t)]
y (t) € [ymin (t) > Ymax (t)]
X (t - 1) S [xmin (t - 1) > Xmax (t - 1)]
YE=D =1, Y (1= 1]

If S(¢) and S(z-1) fully overlap, the (Xpin, Ymin) a0d (Xmax, Ymax) Of the two areas should be the same.
Hence, Eq. (9) is true.

@)

SO NS@E—1) = S,

9
S@H USt—1) = S®).

If Xnax (2-1) <Xin (1) OF Xpin(7 1) >Xpax () OF Yinax (£ -1) <Ymin(£) OF Yin(# -1) >Vinax (7), then the two areas
do not overlap, otherwise, the two areas overlap partially or fully.

If S(#) and S(z-1) partially overlap, their x ranges and y ranges overlap. Hence, one can sort the
boundary values of x at times ¢ and #-1, and the boundary values of y at times ¢ and ¢-1. Then the order
of x boundary values x,; < x,,< x;3< x;4 and the order of y boundary values y,; < y,,< y,3< ¥4 can
be obtained. Hence, the overlapping area has the boundary of [(x;,, X43), (Vs2, V3)], and the number of
overlapping grids can be calculated with Eq. (10).

SONSE) = (xp3 — X0 + DYz =y + 1) (10)
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(a)

Fig. 4. The types of obstacles. (a) New, (b) static and (c) dynamic.

The total number of grids that the two obstacles occupy can be calculated with Eq. (11).
SHUSE—1)=SO+St—1)—S®ONSiE—1). (11)

Further, the coincidence of O, can be expressed as Eq. (12).
()= ——. (12)

The spatial correlation (£;4,) between two obstacles can be expressed as a function of two parameters:
the distance (§) between the centres of two clusters and the non-overlapping rate (1), and &4 can be
calculated with Eq. (13), in which § and n are expressed with Eq. (14), and y; and y, are the efficiencies.

s yn
8+1+n+1

e = §(Ok(D), Okt — 1)) = 13)

8 =12 (1), Z (1= DI
S0, ()N Sp, (1= 1) (14)
Sou (0 USo, (1 —1)°

7’]:

If O,(¢) and O,(z-1) represent the same obstacle, the distance between their centres should be zero (i.e.,
8 =0). If two obstacles fully overlap, n = 0. If two obstacles are isolated, n = 1. Assume y; =0.5 and y,
=0.5. Two fully overlapped obstacles have { = 1. The maximal value in all spatial correlations between
O,(?) and all Oy, (2-1) €0 i, (2-1) is denoted as & xy.max, and expressed in Eq. (15). The maximal spatial
correlations of O,(¢) are one of the important parameters for distinguishing the type of the obstacle.

Sy max = MAXp2—1 k(- 1) Sk k2—1) (15)

3.3. Recognition of obstacle types

For each obstacle, O,(t) €0.,(t), one can easily calculate the centre Z,(¢), the grid area S,(¢) and the
coincidence E,(¢) with Egs. (6)—(12), as well as the spatial correlation with Eqs. (13) and (14). Further,
one can identify the maximal spatial correlation & ;) m. Of obstacle O, (¢) to the obstacles in O, (¢-1).
Figure 4(a)—(c) shows three types of obstacles: new, static and dynamic. To recognise which type of
obstacle is met by the robot in its surrounding environment, a simple decision tree is used, as shown in
Fig. 5. In the decision tree, the first attribute node is the maximal spatial correlation ¢ ,.x of the obstacle
O,(1). Two thresholds ¢,, and 9., of the spatial correlation are set to recognise whether an obstacle is
new or static, where (0<¥,;<9,,<1). If {4 max <91, then it is a new obstacle (Fig. 4(a)); if {4 max>Y:2, then
the obstacle is static (Fig. 4(c)); if £y ma€ [O:1, 9¢2], then it might be a dynamic obstacle (Fig. 4(b)) or
not. So, it will be further assessed in terms of the distance (0 <8< r,,) between two obstacles’ centres.

A threshold §; of the centre distance is set to further judge whether the obstacle is static or not. If
8 <Y, it can be recognised as a static obstacle, otherwise, a threshold ¢z of the obstacle coincidence
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Fig. 5. Obstacle recognition with decision tree.
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Fig. 6. Motion process of an obstacle.

8 is used to further judge whether the obstacle is static or dynamic. If E;, <9z, then it is dynamic,
otherwise, static. Here, all threshold values are obtained through primary experiments.

3.4. Movement of a dynamic obstacle

If the obstacle is dynamic, the speed and angle of its movement will be further calculated. Figure 6
illustrates the motion process of the obstacle and the robot from #-T to ¢ in the global coordinates system,
where T is the time period of laser scanning from 0° to 180°. A moving robot in the environment has the
global coordinates R(x(¢),y(¢)) at time ¢ and R(x(¢-T), y(¢-T)) at time #-T. One can easily calculate the
global coordinates of the obstacle, O, (x,(?),y.(?)) at time ¢ and O, (x;(¢-T),y,(¢-T)) at time ¢-T', in terms of
the values of laser beams at time ¢ and ¢-T', via Eq. (1). It is easy to calculate the speed v,, the direction
angle «, and the distance d,, of the moving obstacle from ¢-T to ¢ via Eq. (16). In the same way, one
can calculate the speed v, the direction angle o; and the distance dy of the moving robot from time

t-T tot.
v, =&
o, = arctan <M> (16)
Ve =y (t=T)

dy= () —x (1 =T) Y+ () =y (t = T) ).
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Fig. 7. Morphin paths.

The potential collisions ahead can be predicted in terms of the states of the robot and the obstacle.
There could be eight scenarios where a robot is running, as shown in Fig. 8. Scenario (a) is the simplest
that there is no obstacle, where the robot is running in the straight direction towards the target; in scenario
(b), an obstacle is statically staying on the path where the robot is going, and the potential collision is
just at the place where the obstacle is, if the robot does not change its path; in scenario (c), an obstacle
at the probing area of the robot may cross the path of the robot before the robot arrives the crossing
point, which may be a potential collision point (PCP) if robot speeds up; in scenario (d), an obstacle at
the probing area of the robot may cross the path of the robot, but it has not arrived at the PCP when
the robot arrives there; in scenario (e), the robot would collide with the obstacle, when they arrive
at the crossing point between the robot’s path and the obstacle’s path at the same time; in the scenario
(), the obstacle is moving on the path of the robot but towards the robot; hence, the robot would collide
with the obstacle, if it does not change its path; in scenario (g), the robot and the obstacle are moving
on the same path, and the robot is behind the obstacle, but faster than the obstacle, then the robot would
collide with the obstacle at a point on the path if the robot neither deduces its speed nor changes its path;
scenario (h) shows both dynamic and static obstacles are on the path of the robot. This requires robot
could avoid both obstacles on the path in real time, no matter how close the two obstacles are.

3.5. Obstacle collision avoidance

The classic Morphin algorithm is used to implement the local path planning based on limited environ-
ment information. If a robot identifies an obstacle and finds that it might collide with the obstacle, then
it will set up a few alternative paths and select the best path in the alternative paths to replace the path
where the robot and the obstacle will meet, thus avoiding the obstacle (Fig. 7). In the eight scenarios
(Fig. 8), scenarios (b), (e)—(h) exist potential collisions. Hence, the robot needs to adjust their running
parameters. For scenario (e), the robot and the dynamic obstacle are running on the crossing paths and
could meet at the crossing point; hence, the robot only needs to reduce its speed, thus allowing the
dynamic obstacle to pass the PCP before the robot reaches the point, or increase its speed to enable
itself to pass the PCP before the obstacle arrives at the point; for scenario (g), the robot can reduce
its speed, make it keep a certain distance to the obstacle in front of the robot. The Morphin algorithm
assumes that the robot is facing to the obstacle. Hence, it is applicable for scenarios (b) and (f). We can
connect the robot’s current position and the centre of the obstacle to form a centreline and draw several
arcs on the two sides of the centreline, respectively (Fig. 7). Strictly, the central line should be the link
between the robot’s position and the PCP (red point in Fig. 8(b) and (f)).

As the robot is running in a grid environment, each of alternative arcs could occupy several grids.
In the robot navigation, the path length is an important performance indicator. Moreover, the robot
should not bear away from original path very much; hence, the turning angle should be as small as
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Fig. 8. Eight scenarios.

possible. Hence, the evaluation of each arc can be done in terms of the parameters of the arc in the grid
environment, such as the arc length, the angle to the line from the robot to the target, as well as the
distance between the path end and the sub-target. Wan et al. [39] formulated the evaluation function of
each arc as Eq. (17).

oo, if the path crosses an obstacle (a PCP), (17
B &L+ &,G+ esAL+ e,W, others.

where L is the length of each arc path, which is represented with the number of grids that the arc goes
through from the start point (the place of robot) to the end point of the arc; G is the parameter at the
inflexion point on each arc path, and it is to ensure the robot does not go far away; AL is the average
distance from each grid where the arc goes through to the sub-target on the global path, and it is to
ensure the alternative path has a small distance to the sub-target; for scenarios (a) and (e), the sub-target
could be set at the point of next grid close to the obstacle or collision point; W = m#ﬂ, m is the number
of grids where both the arc and the global path go through. The parameter W is to ensure the alternative
path as close to the global path as possible. €, €, €3, €, are the coeflicients of the four items, respectively.
If the arc crosses the obstacle, the value of y is 0o, and the smallest y indicates the alternative path is the
best in the local probing area of the robot.

For the simplicity of computing, the arcs can be drawn in straight lines (Fig. 9), and the length of
all paths beside the central line is the same as the length of the central line from the robot to the PCP.

Hence, the evaluation function could be simplified as Eq. (18) regardless of the arc length L.
o0, if the path crosses an obstacle (a PCP), (18)
y =
K1 |G| + K, AL + KW, others.

where G is the angle between an alternative path and the central line (e.g., Gy, and G,), -11/2<G< I1/2;
AL is the distance between the target and the sub-target (R’ in Fig. 9), divided by the grid edge length;
W represents the number of times when the line between an alternative path end point and the sub-target
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Fig. 9. Morphin paths on a grid map.

point intersects the global path. Obviously, if the current position of the robot is on the global path (the
straight line from start to the target), W is at most 1/2. If the robot is not on the global path, it is possible
that a path does not intersect any grid on the global path, for which, W = 1. The larger the number of
grids where the path intersects the global path, the smaller the value of W. &;. . .R; are the weights of
parameters in the evaluation function. For example, as shown in Fig. 9, G1 <G,, AL,;<AL,, the number
of grids where both /; and the global path go through is 4, while the number of grids where both /, and
the global path go through is 3. Hence, leﬁ =0.2, W,= 1#+3=0.25, and W,<W,. Obviously, [, is a
better path than I,, as y; <yp.

There is no potential collision in scenarios (c) and (d). Hence, the robot will not change its moving
parameters and continue. In scenario (e), the robot will stop until the obstacle passes the predicted
collision point; in scenarios (b) and (f), a potential collision is identified, and the robot has to change its
direction. Hence, the robot calls the Morphin algorithm to select the optimal alternative path instead of
the original path to avoid the potential collision; in scenario (g), the robot could slow down to avoid the
potential collision. However, if the PCP has been in the sliding window, to avoid the rear-end accident,
the robot either stops or calls the Morphin algorithm to change the direction. Scenario (g) is different
to scenario (f), as the robot and the obstacle in scenario (g) are moving in the same direction. In this
research, for scenario (g), the robot will slow down or stop to avoid potential collision.

4. Experiments and Evaluation

Three groups of experiments are conducted: (1) the simulation experiments; (2) scenario-based vali-
dation and robustness experiments on a physical robot and (3) comparison of ATCM with other path
planning algorithms, such as the PSO algorithm, the traditional Morphin algorithm and the dynamic
window approach (DWA) [13], which is a velocity-based local planner that translates a Cartesian goal
(x,y) into a velocity (v,w) command for a mobile robot. DWA includes two main goals, calculate a valid
velocity search space that produces a safe trajectory, and select the optimal velocity to maximise the
robot’s clearance, maximise the velocity and obtain the heading closest to the goal.

4.1. Simulation experiments

The simulation is to verify the effectiveness of the proposed navigation system through some exper-
iments. A specific start point and a specific target point are set up for robot’s navigation tasks. All
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parameters in the experiments are set through the primary experiments with trial-and-error method. A
20 x 20 grid environment with many static obstacles is set up. The edge of each grid is set to 500 mm.
The edge of each grid is set to 500 mm. The radius r,, of the sliding window should be larger than the
running distance of the robot in a running cycle, then robot can predict the collision earlier; thus, it has
enough time to deal with any potential collision before reaching the PCP. Namely, it should meet the
condition in Eq. (19), where T 47¢y is the total time of a six-step cycle and the actuator’s response. T 4rcy
depends on the running environment. If the environment is more complex, then T 4r¢) is longer. The
average T 4rcy is about 0.157s, according to our primary experiments. In the simulation, r,, is set to 8
grids, while the robot is running at the speed of 100 mm/s. Hence, r,, is set to 4 m, such that the system
is robust for various environments.

1y > Tarem X Vi (19)

As all obstacles added to the grid environment have a regular shape, the value of adaptive threshold for
data points clustering is set to 1.2; for simplicity, the values of thresholds in the decision tree (Fig. 5) for
obstacle recognition are set as: ¥,1=0.30, 9,,=0.7, 9,=0.4 and 9z=0.5, respectively. The parameters
(R ~ R;) of Morphin algorithm are set to 1, 1.3 and 0.6, the same as the corresponding values of
&, ~ g, in the research [39]. Three experiments are conducted: (1) static obstacles only, (2) some dynamic
obstacles appear in the grid environment and (3) static and dynamic obstacles appear instantly.

4.1.1. Static obstacles in the environment.

Assume there is a density of static obstacles in the experiment environment (Fig. 10) and no dynamic
obstacles appear during the navigation of the robot. The start point is the bottom-left corner of the grid
map, and the target is the top-right corner of the grid map. A mobile robot is moving from the specific
start point to the specific target point in the unknown environment. The global optimal path is the straight
line from the start to the target. During the navigation, if the mobile robot finds a static obstacle on its
global path in the grid environment, it will call the Morphin path planning to avoid the obstacle towards
next sub-target. In each step of the navigation, robot uses its current position as the centre to update the
sliding window and moves towards the next step. The local sub-targets are updated towards the global
target step by step and constructs an actual trajectory from the start to the target (Fig. 10(a)—(d)). Finally,
the robot completes the navigation. The experimental results demonstrate that the robot can effectively
avoid the obstacles with multiple static obstacles on the global optimal path from start to the target.

4.1.2. Instantly appeared dynamic obstacles in the environment.

No matter what scenarios in which a robot is running, the robot will generate a local sub-target in each
step. The computing complexity is increased for predicting PCP and path planning to avoid the dynamic
obstacle. Figure 11 shows the simulation of the local path planning process by adding three types of
dynamic obstacles to the experimental environment. The mobile robot starts from the bottom-left corner,
retrieves the data from the laser scanner and identifies the dynamic obstacle Ob, in the current probing
area. The robot calculates the motion parameters of Ob, and predicts that it will not reach the point
where Ob, crosses the path. This is scenario (c) in Fig. 8. Hence, the robot will not collide with Ob,,
and it will keep the original speed and the moving direction. The mobile robot continues and finds Ob,,
a moving obstacle. The robot predicts that it will reach the point at the time when the obstacle crosses
the path. Namely, the robot could collide with Ob,, as shown in scenario (e) of Fig. 8. Hence, it stops
or slows down until Ob, passes the collision point (Fig. 11(c)). When a dynamic obstacle Ob; appears
on the path that the robot is going through in the opposite direction towards the robot, as scenario (f) in
Fig. 8, the collision is unavoidable if the robot does not change its direction. The robot predicts the PCP,
calls the Morphin algorithm to get an optimal path, moves to the sub-target and follows the global path
until reaching the final target, as shown in Fig. 11(d).

https://doi.org/10.1017/50263574721000497 Published online by Cambridge University Press


https://doi.org/10.1017/S0263574721000497

Robotica 435

(@) (b)

- T 11 - . T T 11
w mi i

o
L)
b
o
o«
=
=}
—
b
-
o
—
o
e
1=4
o)
*
-
o
w
=)
]
-
—
o
—
@
L)
S

=] L
——
[
—.*
b

(c) (d)

.

20 T T 11 20 ||
18] 18

16 I I 16 | I

12 12 4
10 10 -1

yd Vd

s 8

- - =

6 6 = —]
4 4

o=l 2

8 11 0 L LT

0 2 I I3 s 10 12 14 16 18 20 0 2 4 6 8 10 12 14 16 18 2

Fig. 10. Local path planning in a static environment. (a) Moving process 1: start point. (b) Moving
process 2. (c) Moving process 3. (d) Moving process 4.

4.1.3. A mixed case.

Figure 12 illustrates the navigation process of instantly adding static and dynamic obstacles in the envi-
ronment. In each step, the sliding window is updated in real time, and the trajectory of the robot forms
the central trajectory of the sliding window. In Fig. 12, V,, V,, V; and V, denote the sliding windows, S,
S,, S5 and S, are static obstacles in the environment and D, D,, D;., D, and D, are the dynamic obsta-
cles appearing in the environment. The speeds and the angles of the four dynamic obstacles detected in
the environment are shown in Table 1.

As illustrated in Fig. 12, when the robot creates the sliding window V, at point A, it finds the static
obstacle S; and executes the Morphin path planning to avoid the collision with §;. The robot moves
from A to B and finds the dynamic obstacle D, with the speed of 450 mm/s and the angle of 80.83°; it
predicts that there is no potential collision with S; and continues towards the target; a sliding window
of V, is created immediately after the robot runs beyond the probing area of V,. When the robot moves
from C to D, it finds the static obstacle S, and the dynamic obstacle D, with the speed of 760 mm/s
and the angle of 62.47° and predicts that there will be no collision with both of S, and D,. At point D,
the robot finds S5 with potential collision, it executes the Morphin path planning again to avoid S3; in
the same way, when the robot is beyond the range of V,, a sliding window of V; is updated. At point
E, the robot finds the dynamic obstacle D; ; at a speed of 510 mm/s and the angle of 91.05° and predicts
that it could collide with the obstacle at point O;. The robot stops until the obstacle D5, passes the
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Fig. 11. Local path planning in an environment with dynamic obstacles added instantly. (a) Starting
point: adding Obl. (b) Avoiding Obl, adding Ob2. (c) Avoiding Ob2, adding Ob3. (d) Avoiding Ob3,
reaching the target.

PCP on the path to become D5, in the environment. In the sliding window of V,, at point F, the robot
finds the dynamic obstacle D, in the opposite direction towards the robot, at the speed of 805 mm/s and
the angle of 180.05°. The robot predicts that the obstacle could collide with it at point O,, if it does not
change its path immediately. Hence, the robot executes the Morphin path planning immediately to select
an optimal path, thus avoiding the collision with the obstacle D,.

4.2. Experiments on a physical robot

4.2.1. The robot in the experiment.

An ‘UP-Voyager II-A’ mobile robot (Fig. 13(a)), the product of Beijing Bochuang Xingsheng Robot
Technology Co., Ltd., is used for the performance test experiment. The robot is equipped with a SICK
two-dimensional laser scanner, a twelve-sonar ring, a Logitech camera and an odometer. But the data
are collected from the laser sensor. The robot has a self-loading computer with i7-6700HQ, 4-Core
processor, 16GB memory, GTX960M and 2G discrete graphics. Table II provides the specification of
technical parameters of the robot. On the Ubuntu 14.04 of the PC, ROS indigo is running.

https://doi.org/10.1017/50263574721000497 Published online by Cambridge University Press


https://doi.org/10.1017/S0263574721000497

Robotica 437

Table I. Movement speed and angle of obstacle.

D, D, D, D,
v 450 mm/s 760 mm/s 510 mm/s 805 mm/s
o 80.83° 62.47° 91.05° 180.09°

Table I1. Specification of Voyager-II.

Item names Description

SICK Laser scanner Cover 0°-180°, 0.5°resolution, 361 points in the range [0°,180°]
12 sonar sensors Cover 360°, each sensor can detect obstacle within 30° cone
Camera Logitech camera

Motor encoder 500 units per circle

Dell XPS15-9550-R4825 Control and communicate with the robot

Fig. 12. Simulation results for the mix case.

(b)

Fig. 13. The UP-Voyager IIA robot and the lab environment. (a) UP-Voyager IIA. (b) The lab
environment.
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Table II1. Approaching times of the robot for different scenarios.

Scenarios Approaching time(s) Av. (s)

(a) No obstacle 61.77 62.00 61.98 61.92

(b) A static obstacle in front of the robot 65.48 64.37 63.89 64.58

(c) A faster dynamic obstacle 62.68 62.27 61.57 62.17

(d) A slower dynamic obstacle 62.05 62.24 61.94 62.07

(e) Predicted collision with a dynamic obstacle 64.53 65.02 64.97 64.87

(f) A dynamic obstacle in opposite direction 76.12 77.20 76.45 76.59
towards the robot

(g) A slower dynamic obstacle in the same 75.61 76.01 75.92 75.85
direction in front of the robot

(h) Mix obstacles 77.85 78.56 78.97 78.46

Mo Camen  Mymteat [Jieea - OPomivmste .~ WNnGal § 2=,

Retet  Laft-Click: Rotate. Middie-Click: Move X/¥. Right-Clicks: Zoom. ShIft: More option.

Fig. 14. The grid map of the robot lab environment.

30 fpa

Figure 13(b) depicts the environment for the experiments of robot’s navigation. The developed navi-
gation system is embedded into the robotic system. The robot is driven within the specified environment
without any obstacle, and the environment information is collected. A high quality of grid map of the
environment is produced and visualised in the window of the RVIZ system, as shown in Fig. 14.

4.2.2. Scenario-based experiments and assessment.

The experiments are conducted for all the eight scenarios in Figs. 7(a)—(h) in the robotics lab. A mobile
robot will start from the same point, automatically search and avoid obstacles on its path, and finally
reach the same target. The initial speed of the robot is V=100 mm/s, and the straight-line distance
between the start point and the target is 6 m. The start time is recorded when the mobile robot starts, and
the end time is recorded when the robot reaches the target. To reduce the random errors, each experiment
is repeated three times, and the average running time of the robot is calculated. The experimental results

are shown in Table III.
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Experimental results show: for scenario (a), the robot does not meet any obstacle, thus it directly
reaches the target with smallest time; for scenario (b), the robot finds a static obstacle, successfully
avoids the obstacle, and reaches the target; for scenario (c), the robot finds a dynamic obstacle, which
has a faster speed than the robot, the robot predicts the obstacle will pass the path before it reaches the
PCP, keeps the original speed and direction and safely reaches the target; for scenario (d), the robot
finds a slower obstacle, the robot predicts that it will not conflict with the detected obstacle if the robot
keeps the original speed and the direction; for scenarios (e), (f) and (g), the robot must adjust moving
direction or speed; otherwise, it will conflict with the obstacle. For scenario (e), the robot either speeds
up or slows down to avoid the obstacle; for scenario (f), the robot must change direction, so the robot
applies the Morphin algorithm to avoid the obstacle; for scenario (g), the robot reduces its speed, so
that it is slower than the obstacle in its front. The experimental results demonstrate that the robot can
continuously deal with different obstacles in its front. From the results in Table III, it can be concluded
that:

(1) the results for scenario (a) show the robot spent the shortest time to reach the target, namely for
all other scenarios, the robot needs to spend some time to detect and avoid obstacles select a
proper path.

(2) for scenarios (c) and (d), although the robot does not need to change its moving direction and
speed to reach the target, it still needs to spend time to detect the obstacle and make the decision.
For these two scenarios, the running times of the robot are similar, but they are shorter than
that for scenarios (b) and (e), in which the robot needs to run the Morphin algorithm to select a
suitable path.

(3) for scenarios (b) and (e), the running time of the robot is for obstacle detection, obstacle classi-
fication, collision prediction and path planning. Obviously, the running time is longer than that
in scenarios (c) and (d). The average time for static obstacle (scenario (b)) is slightly less than
that for dynamic obstacle (scenario (e)).

(4) for scenario (f), as the obstacle is running in the opposite direction towards the robot, the robot
detects the obstacle multiple times, and even after the robot changes its direction, the obstacle is
still in the range of the sliding window. Hence, the running time is longer than scenarios (a)—(e).

(5) for scenario (g), the obstacle is running in the same direction as the robot, the robot is faster than
the obstacle and follows after the obstacle; hence, the distance between the robot and the obstacle
is getting closer and closer. In this scenario, the robot detects the obstacle many times, and once
the robot identifies that it could collide with the obstacle, it will slow down and keep a certain
distance to the obstacle. Hence, the running time of the obstacle is longer than scenarios (a)—
(e), but slightly shorter than scenario (f); as in scenario (g), the robot does not call the Morphin
function for path planning.

(6) In scenario (h), the robot needs to deal with two obstacles: a static obstacle and a dynamic obsta-
cle. Hence, the robot continues detecting obstacles on the path towards the target. When the
robot finds out the dynamic obstacle, it reduces its speed to avoid the potential concision; when
the robot finds out the static obstacle on the path, the robot needs to call the Morphin function
for path planning. Therefore, the running time of the robot, reaching the target, is longest in all
scenarios.

4.2.3 Robustness of the navigation system in an environment with multiple obstacles.
The robot, used for the validation of robustness, is the same as in Section 4.2.2, and the experiments are
conducted in the same lab environment, but with multiple static or dynamic obstacles. Robot’s speed
V& =100 mm/s, V op,;=0 mm/s, V=75 mm/s, V ,;=150 mm/s, V ,s=100 mm/s.

First, a grid map of the lab environment is created. Second, the start and the end points of robot
navigation are set up. Under the static environment without dynamic obstacles, the robot can run along

https://doi.org/10.1017/50263574721000497 Published online by Cambridge University Press


https://doi.org/10.1017/S0263574721000497

440 Meng-Yuan Chen et al.

(a) (b)

P —— — S M

S AR b e g b e L) B A Th [ WA ey e B e AR e S L s A% g S B, A s s

(e) U]

Py Owwes (G s e P ¢ =,

P —— ——p————— e oA R Sss e O e L Syt O o S ey s

Fig. 15. Localpath planning in the lab environment. (a) Starting point: static Obl detected. (b) Avoiding
static Ob1, dynamic Ob2 detected. (c) Keep moving with original speed, avoiding Ob2. (d) Dynamic Ob3
detected. (e) Avoiding Ob3, dynamic Ob4 detected. (f) Avoiding Ob4, reaching the target.

with the optimal path, the straight line from the start point to the target, shown as the yellow line in the
grid map in Fig. 14.

In the lab environment, adding some temporary static and dynamic obstacles, the mobile robot detects
obstacles through the laser scanner, classifies obstacles, predicts the state of obstacles and avoids them
on the path. Figure 15 depicts the process of robot navigation from the start to the target. The green line
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Table IV. The main experimental parameters of the four algorithms.

PSO Population Inertia weight  Learning factor C; Maximum iteration
and C ,
50 0.9 1.2 300
Traditional  Searching paths  Searching radius Temporal resolution =~ Maximum iteration
Morphin 15 2m 0.1s 300
DWA Line speed Angle speed Temporal resolution ~ Maximum iterations
resolution resolution
0.01m/s 1.0° /s 0.1s 300
ATCM Laser scanning  Sliding window  Clustering adaptive Maximum iteration
angle interval radius threshold
0.5° 4 m 1.2 300

is the optimal line, and the blue line is the real path that the robot executes. As shown in Fig. 15(a), the
actual moving path of the mobile robot is along with the blue line, while the static and dynamic obstacles
are added successively. The mobile robot moves along the global path from the start point. When finding
a static obstacle Ob, appeared on the global path (scenario (b)), the robot calls the Morphin algorithm
and changes its path. After safely avoiding the obstacle Ob,, the robot gets back to the global path; after
moving for a distance, a dynamic obstacle Ob, is detected (Fig. 15(b)), and the potential collision is
predicted to occur at the front of the robot (scenario (e)). The obstacle avoidance strategy is that the
mobile robot stops in the place until the obstacle passes the path and leaves away (Fig. 15(c)). As shown
in Fig. 15(d), when the dynamic obstacle Ob; is detected, the mobile robot predicts the potential collision
and judges that the original speed can be maintained (scenario (d)). As shown in Fig. 15(e), when the
obstacle Ob, is detected, the predicted collision is inevitable (scenario (f)); hence, the robot carried out
the Morphin algorithm immediately and changes its path before the collision to avoid the obstacle, then
goes back to the global path, and finally, it reaches the target (Fig. 15(f)).

Briefly, the experimental results have proved that the proposed navigation system is effective. As the
computing is simple, the navigation can perform in real time. It can be seen that, for scenarios (b) and
(), the robot can effectively avoid the potential collision if it changes its path, using the Morphin path
planning; for scenarios (e) and (g), the robot can avoid the potential collision by stopping or slowing
down its speed; for scenario (g), if the robot needs to overtake the slowly moving obstacle in its front,
then it needs to call the Morphin algorithm to change its path, which is similar to the scenario (f). But
it should be noticed that the sub-target, at which the robot goes back to the global path for scenario
(g), should be further than the sub-target on the global path for scenarios (b) and (f), as the obstacle in
scenario (g) is running on the same direction as the robot.

4.3. Comparison experiments

4.3.1 Performance of different algorithms under new static obstacle environments.

For easy comparison, the simulation experiments of the four path planning algorithms are conducted

under the environment with static obstacles. The experimental parameters are set as shown in Table I'V.
The black areas in the grid map, shown in Fig. 16, are inherent obstacles to the environment and the

grey areas are new static obstacles. In order to reduce the interference caused by experimental chance on

the experimental data, the PSO, the DWA, the traditional Morphine algorithm and ATCM were tested

repeatedly in the same environment, and the optimal results of path planning for the four algorithms are

shown in Fig. 16. Table IV displays a comparison of the performance metrics for each algorithm.
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Table V. Comparison of performance metrics of different algorithms.

Algorithms Optimal path length (m) Running time (s)  Number of iterations
PSO 48.5 2.835 54
DWA 21.02 1.495 43
Traditional Morphine 22.265 1.432 19
ATCM 14.605 1.256 8

hE

6
-I"F;* m 1
| T .

0 2 4 6 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14 16 18 20

Fig. 16. Path planning results of the four algorithms with additional static obstacles. (a) PSO, (b) DWA,
(c) traditional Morphine algorithm and (d) ATCM.

The simulation results and performance metrics show that all four algorithms are able to well com-
plete the navigation from start to the specific target. However, while the other three algorithms have large
turning angles in the process of obstacle avoidance, ATCM is not only able to avoid obstacles safely but
also has a smoother trajectory. The optimal path is obtained through eight iterations of convergence,
which is only 14.8% of the iterations in the particle swarm algorithm; the length of the optimal path
obtained by ATCM is 14.605(m), which is 34.4% less than that obtained by the traditional Morphin
algorithm. Moreover, ATCM takes the shortest time to complete the navigation, and the total global
path time is 1.256 s. In short, ATCM shows advantages in respect of the three performance indicators
as shown in Table V.
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Fig. 17. Path planning results of the four algorithms in different geometric obstacle environments. (a)
Circular obstacle environment. (b) Rectangular obstacle environment. (c) Evolutional path length on
the number of iterations in a circular obstacle environment. (d) Evolutional path length on the number
of iterations in a rectangular obstacle environment.

4.3.2. Performance of the four algorithms in different geometric obstacle environments.

Figure 17(a) and (b) depicts the path planning effects of the four algorithms under different geometric
obstacle environments, with the green dot in the figure being the starting point and the red pentagram
showing the end point, and the simulation experimental environment being a square area of 400 x
400. The results demonstrate ATCM, based on the proposed ‘Data Clustering for Obstacle Detection’,
can better identify and classify the types of obstacles in the environment, and plan an optimal path
solution in the space unoccupied by obstacles. The blue curves in Fig. 17(a) and (b) are the optimal
paths obtained by ATCM in different types of obstacle environments, and Fig. 17(c) and (d) illustrates
the relationship between the iteration numbers and their optimal path lengths. Figure 17(c) shows that
ATCM obtains the shortest path length at the smallest iteration number 6 in all algorithms; Fig. 17(d)
shows that ATCM obtained the shortest path in the four algorithms, although DWA has a slightly smaller
number of convergence iterations than ATCM.
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5. Conclusions

We have developed a new navigation system, using an adaptive threshold clustering algorithm to detect
the obstacles, a simple decision tree based on the dynamics of the detected obstacles to identify the
obstacle types, a scenario-based heuristic algorithm to predict the potential collision and a simplified
Morphin path planning algorithm to find the optimal path. The computing complexity of the proposed
algorithm is improved, as it avoids the training process of machine learning model, thus implement-
ing the full autonomy of a robot with a fast and effective navigation in an unknown environment. The
eight scenarios are analysed and tested in simulation and on a physical robot. The experimental results
demonstrate that the proposed navigation system enables a mobile robot to avoid any static and dynamic
obstacles on the path effectively and efficiently, where the robot goes through. Comparing with other
path planning techniques, ATCM obtained shortest length of navigation path. The modular design of
the six-step navigation system for a mobile robot provides a framework of navigation system for further
research and development.

To further improve the robustness of the navigation system, we can use fuzzy decision tree to classify
the types of obstacles, which will be our future work. The study of scenario (g), where a robot is faster
than a dynamic obstacle ahead of the robot in the same direction, could be applied for autonomous
vehicles to avoid the potential rear-end accidents, which is a critical challenge in autonomous vehicles.
Hence, further research on scenario (g), overtaking a dynamic obstacle to avoid the rear-end accident,
the verification of the maximal speed of the robot in different cases in a real environment, as well as the
improvement of the real-time performance of the navigation system, will be the future work.
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