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ABSTRACT. Ezcellent behavior decision is a prerequisite for a mobile robot to perform
various tasks. Nowadays, a large number of behavior decision methods have been proposed
and achieved good performance in static and dynamic environments. Unfortunately, the
real scene faced by the mobile robot is a dynamically changing, unstructured environment.
FEzxcept the static obstacles and reqular moving obstacle in the environment, it is also ac-
companied by some sudden events, such as sudden appearing unknown uncertain obsta-
cles, emergency obstacles approaching the robot with high speed. In order for the mobile
robot to complete the specific tasks, the robot must have the capability to handle the em-
ergency events. Aiming at the dynamic complex environments with sudden events, this
paper proposes a novel real-time decision making model based on the scalable neural net-
work. It adopts a deliberate/reactive hybrid control architecture to detect the dynamics of
obstacles in real time, determine the type of obstacles, and direct the moving state of the
robot according to the detected information, so that the robot can make safe and excellent
moving decisions in a dynamic and complex environment with sudden events. The de-
liberate/reactive hybrid control architecture integrates the advantages of the hierarchical
architecture and reactive system structure, and the deliberate sub-structure conducts the
environment modeling and planning by consulting the hierarchical architecture, while the
reactive sub-structure realizes the quick response to the local environment information,
and overcomes the uncertainty of the dynamic changes in the environment. Simulation
and physical experiments verify the potential of the real-time decision making model.
Keywords: Mobile robot, Behavior decision, Deliberate/reactive control, Neural net-
work

1. Imtroduction. With the development of the science and technology, mobile robots
are getting more and more applications in diverse fields, such as industry [1], agriculture
2], military field [3], medical field [4], and household service [5]. To complete the different
complex tasks, the mobile robots must have excellent behavior decision ability. Therefore,
how to improve the behavior decision ability of the mobile robot has been a topic of intense
research in the recent past.

In the past decades, a substantial amount of methods, such as reinforcement learning
6], depth search principle [7], particle filter algorithm [8], model predictive control [9],
finite state machine [10], support vector machine [11], EEG Data-based [12], have been
proposed to make corresponding behavior decisions for the mobile robots.
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Despite all these researches have achieved good results in behavior decision of the mo-
bile robots, most of the methods focus on conventional application scenes which involve
stationary obstacle, and regular or irregular moving obstacles. Nevertheless, there is the
need to dynamically re-organize the robot’s work scenarios in co-existence with more com-
plex scenes, involving the unknown uncertain obstacles and/or emergency obstacles in the
environment. To deal with these more complex scenes, numerous robot behavior decision
methods have been proposed, such as the rescheduling policies [13], hidden Markov model
[14], and probabilistic approach [15].

Recently, with the rapid progress of the intelligence science, many artificial intelligence
methods, such as neural network [16], particle swarm optimization [17], ant colony op-
timization [18], fuzzy logic inferencing [19], immuno-inspired method [20], and grey wolf
colony optimization [21], are employed to enhance the behavior decision ability of the mo-
bile robots. Among these intelligent methods, due to the excellent ability to approximate
any nonlinear system, neural network has become one of the important tools for behavior
decision of the mobile robot [22,23].

For the general static and dynamic environment, neural network can direct the robot to
execute good behavior decision. However, for environments with the unknown uncertain
obstacles and high-speed emergency obstacles, the neural networks will be compromised
in terms of safety performance.

With this in mind, a novel real-time decision-making model based on the scalable neural
network (SNN) is proposed in this paper. It adopts a deliberate/reactive hybrid architec-
ture to detect the dynamics of obstacles in real time, determine the types of obstacles,
and guide the robot’s moving in light of the detected scene information; thus, the robot
can make safe and effective behavioral decisions in a dynamic and complex environment
with sudden events. Results of the simulation and physical experiment illustrate that the
real-time decision model proposed in this paper has excellent behavior decision ability.

The remainder of the paper is organized as follows. Section 2 describes the general
overview of the real-time decision-making model proposed in this work. Section 3 intro-
duces the theory of the SNN model. This section also explains the generating process
of the training samples for the SNN model. Sections 4 and 5 design the simulation and
physical experiments to testify the behavior decision performance of the SNN model in dy-
namic and complex environments respectively, and analyze the corresponding experiment
results, while the last section concludes this paper with a discussion on future work.

2. General Overview of the Real-Time Decision System.

2.1. Localization of the mobile robot. Since the mobile robot works in 2D environ-
ment, its pose can be depicted by three variables, i.e., (z,y,0), where (z,y) is its 2D
Cartesian coordinates, and @ is its heading direction. Because the real mobile robot used
in the following physical environment is a differential drive robot, here we provide its dead
reckoning model, as shown in Figure 1.

In Figure 1, 6; is the heading between the neighbouring two poses, AD is the offset of
the robot, and R is its turning radius, L denotes the distance between the two wheels,
v denotes the linear speed, while v; and v, represent the speed of the left wheel and the
right wheel, respectively. d is the excess offset of the right wheel over the left wheel. w
is used to denote the angular speed of the robot, according to the relations among the
variables, the following expressions can be achieved:

d v + Up v U+, R
L’ 5 =5 2w 91’917&0 (1)
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Based on the above expressions, the pose formula of the mobile robot can be achieved:

' x —AD/6;sinf + AD /6 sin(0 + 6,)
Y | =1y |+ | —AD/0 cos — AD/O; cos( + 6;) (2)
o' 0 0

where (:c’ Y ,9’) represents the pose of the current moment, while (x,y,#) denotes the
pose of the last moment. Particularly, when the mobile robot moves along a line, 6; = 0,
then the pose of the robot changes into
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FIGURE 1. Scheme of the dead reckoning model of the differential drive robot

2.2. Global coordinate system construction. Based on the data from the odometer
sensor, the robot can obtain the position information relative to the start point by means
of a dead reckoning. In this work, a lidar is used to detect the obstacles. According to
the data obtained by the lidar, the global coordinate system is constructed, as shown in
Figure 2.

In Figure 2, xq0'yo denotes the coordinate system of the mobile robot, while xzoy is the
global coordinate system. Axis gy represents the movement direction of the robot, 6 is
the angle between the longitudinal axis of the robot and the axis of the global coordinate
system, ¢ is the angle between the robot and one obstacle, and di is the distance between
the robot and the obstacle.

In Figure 2, the robot’s position can be obtained by the dead reckoning, assuming
that at current time, the robot’s position in global coordinate system is (x,, Y, ). In the
robot coordinate system xy0'yg, the angle and distance between the obstacle and the
robot are known, and then the coordinates of the obstacle can be calculated. Further,
its coordinates (z1,y;) in the coordinate system x10'y; can also be achieved. After the
coordinate transformation, the coordinates (z,y) of the obstacle in the global coordinate
system can be obtained by the following Equation (4).

xo | | rsing x1 | | yocosf x| |ty ()
Yo reose || Yosing |7 |y Y1+ Yo
With the similar way, the coordinates of other obstacles and the target in the global
coordinate system can be achieved finally.
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FIGURE 2. Scheme of the robot coordinate system and its kinematic model

2.3. Description of the environment status. During the robot moving, change of
the environment can directly affect the motion of the robot, and the robot will make
corresponding motion decisions according to the environment information. To facilitate
the study of real-time decision making of the mobile robot, a set IM of the discrete state
events is used to classify the environment. The set IM can be described as follows:

IM = (A, B,C, D, E)

where event A denotes that the distance between the robot and the nearest obstacle is
not less than the first safety distance p, i.e., A = {Pa|p < |q — qos|}, Where g and qups
denote the coordinates of the robot and the nearest obstacle to it, respectively. Event B
denotes the obstacle that its moving state has been detected, and its moving velocity is
not greater than that of the robot. In addition, event B includes 3 sub-events, namely,
B = (B, Bs, B3), where By, By and Bz denote the static obstacles, the regular moving
obstacles, and the irregular moving obstacles, respectively. Event C' denotes the robot
reaching the target. Event D denotes the unknown uncertain obstacles that suddenly
appear, and it has 2 sub-events, D = (D, Ds), where D; denotes the unknown uncertain
obstacles whose distance to the robot is not greater than the second safety distance ¢, i.e.,
Dy ={Pp,||q — qobsa| < €}, where gopsq denotes the coordinates of the unknown uncertain
obstacles, and the sub-event Dy denotes the unknown uncertain obstacles whose distance
to the robot is greater than the second safety distance €, i.e., Dy = {®p,|e < |q — Gobsal }-
Event E denotes the emergency obstacles which move towards the robot and their mov-
ing velocity is greater than that of the robot, £ = (Ej, Ey), the sub-events E; denotes
the emergency obstacles whose distance to the robot is not greater than the first safety
distance pu, i.e., By = {Pg||q¢ — qobse| < 11}, where qupse denotes the coordinate of the
emergency obstacle, and sub-event Fy denotes the emergency obstacles whose distance to
the robot is greater than the first safety distance p, i.e., Fy = {®pg, |1t < |¢ — Gobse }

2.4. Real-time decision system with the deliberate/reactive structure. In the
environment described by the discrete state set IM, safety of the robot cannot be en-
sured only relying on the neural network which does not consider the obstacle’s types and
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velocity, the unknown uncertain obstacles (corresponding to the event D) and the em-
ergency obstacles approaching the robot with high velocity (corresponding to the event
E). Aiming at the complex environment, the real-time decision system is introduced
and works together with the neural network, and the output of the neural network is
a partial of the final decision outputs. This real-time decision system is based on the
deliberate/reactive hybrid structure, which integrates the advantages of the hierarchical
architecture and reactive system structure, it divides the system into two sub-structures,
i.e., deliberate and reactive, as shown in Figure 3, where the deliberate sub-structure con-
ducts the environment modeling and planning by consulting the hierarchical architecture,
while the reactive sub-structure realizes the quick response to the local environment in-
formation, and overcomes the uncertainty of the dynamic changes in the implementation
process. Concretely, it can realize three main functions of the mobile robot: environment
perception, environment cognition and motion control.

Deliberation
Environment | Neural
cognition network
1

+1

Coordination

Y A
" Env1ronr_nent | |—>_§pe_€?ci |Pl_rq:t5)n Movement
perception [[ 4] Motion control
|. Movement
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FIGURE 3. Scheme of the real-time decision system under the delibera-
tion/reaction control architecture

The deliberate sub-architecture has the ability of environment cognition and the neural
network is included in it, while reactive sub-architecture has the ability of environment
perception and motion control. There is a coordination module between the two sub-
architectures to coordinate the diverse events, and then output the corresponding velocity
to control the robot.

The environment perception module directly faces the external environment, detects
and collects the environment data through the sensors. Except collecting the environ-
ment data, the environment perception module also has a simple ability to identify the
environment status and this ability can be depicted as follows.

1) According to the distance between the robot and the nearest obstacle, the environ-
ment perception module judges whether the current environmental status of the robot
is event A, if so, the robot velocity will be increased to 2 times of its current velocity.
Otherwise, the robot moves with its current velocity.

2) In terms of the distance between the robot and the target, the environment perception
module judges whether the robot reaches the target, i.e., the environmental status belongs
to event C, if so, the behavior decision task is completed, and the robot stops.

3) A simple environment library is established, and the detected obstacles are classified
into two categories, namely, the known obstacles and the unknown uncertain obstacles
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suddenly appeared. The known obstacles have been saved in the environment library
and their position information is transmitted to the environment cognition module in
the deliberate sub-structure. When an unknown obstacle appears, this obstacle is further
classified into two events, D and D, according to the distance between it and the robot. If
it belongs to the event Dy, the robot emergently brakes and re-plans its moving behavior
according to current environment information. If it belongs to event Dy, the position
information of the obstacle is transmitted to the coordinator. Meanwhile, it is saved to
the environment library in the environment perception module.

The environment cognition module locates in the deliberate sub-architecture, and main-
ly processes the known obstacles from the environment perception module, namely, the
events B and FE, further classifies these obstacles and forecasts their moving trajecto-
ries. Moreover, the environment cognition module records the global coordinates of the
known obstacles. For each obstacle, it uses a specific sequence to record the coordinates
of the obstacle at different times. Then the following Equation (5) is used to calculate
the moving velocity and direction of the obstacles, and modifies them as shown in Table
1.

Vobji =

2 2
\/(l’tiﬂ - xti) + (yti+1 - yfz‘) = tan—! |:yt7;+1 - ytz} (5)

tz’—i—l - ti xti+l — Tt

%

TABLE 1. Classification table of different kinds of obstacle

Obstacle type Speed Direction
Static Vobji = 0 a; = 0.
Regular moving | vopji < Urop a; = m, m is a constant.
Irregular moving | venji < Vrop | i = rand, rand is a random.
Emergency Uobji = Urob a; = n, n is a constant.

The environment cognition module further classifies the obstacle denoted by the events
B and E, as shown in Figure 3. Obstacles in event B can be further classified into three
sub-events, namely, By, By and Bs. Similarly, obstacles in event E can be further classified
into two sub-events, namely, F; and Es, where event F; denotes the emergency obstacle
close to the robot, so its position at next moment can be calculated with the above
Equation (5), and then the decision system puts the position of this obstacle at moment
t+1 and positions of other obstacles at moment ¢ together and considers comprehensively.

Neural network module also locates in the deliberate module, and it has been trained
already. Its main function is to control the robot’s movement direction according to the
input information. In the selection process of obstacles, the neural network gives priority
to the nearest obstacle.

The coordination module locates between the deliberate sub-architecture and reactive
sub-architecture, and it receives the obstacle information classified already. Its main
function is to control the robot’s speed.

1) For the events By, By, B3, Dy and Es, the robot’s moving speed keeps unchanged.

2) For the event FEj, the robot increases its speed to twice of the current speed, and
accelerates to avoid the emergency obstacles, through combining with the neural network.

Since the real-time decision-making system uses the neural network to predict the
robot’s moving direction, in next section, the neural network used in this work will be
designed.
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3. Scalable Neural Network (SNN) Model.

3.1. Architecture of the SNIN. As shown in Figure 4, the SNN has three layers: sen-
sory layer X, internal layer Y and motor layer Z. Layer Y works as a “bridge” to connect
the two “banks”, i.e., the sensory layer X and motor layer Z. Layer Z corresponds to
the output layer, and has diverse functions in different working status: if the SNN is
supervised, layer Z works as another input; if the SNN is tested, the layer Z outputs the
corresponding decision in light of the current sensory information.

‘\g

— O
O X
I o7 SN S— @
O) S =e AP
PSS ese— @ S S @ Output
Input | @ €KX >>*:~2~%:.(< SR,
Vf/j‘.:?}‘o:-;‘\zaoq ® F":,i 0 | —
O ELA A L2525 Teach or
W/}“\“\“‘ﬁ ® Z =@ :
@ ,,\\\\ @ '7// I practice
Z
1 |
. |

FIGURE 4. Scheme of the architecture of the SNN. Only 8 neurons in inter-
nal layer Y are illustrated, actually, number of the neurons in the internal
layer Y is increasable according to the practical requirement, that is, its
architecture is scalable.

3.2. Theory of the SNN. Theory of the SNN can be depicted as follows.

1) At time t = 0, for each layer of the SNN, its adaptive part N = (W, ) and the
response vector r are initialized, where W is the synaptic weights, and G denotes the
neuronal age (denoting its activated times).

2) At time ¢ = 1,2,..., the SNN is trained. During the training, layer X receives the
sensory signals and transforms to the layer Y. For each sensory input, the layer Y fires
a corresponding neuron. To fire a neuron, the area function f is applied to computing
the pre-response energy and updating the adaptive part N and the response vector r, as
follows:

(r’,N’) = f(b,N) (6)
where 1’ represents the new response vector of the fire neuron, and b denotes the bottom-
up input from the sensory layer X. Particularly, assuming that the ith neuron in layer
Y fires, then the adaptive part N and the response vector r of this fire neuron can be
modified accordingly:
where W,, (i) denotes the synaptic weights between the ith neuron in the layer Y and
the layer X, and n; denotes its age. Next, the ith component in the response vector r is
set to 1, and other components are set to 0, thus achieving the new response vector r’.
Then, the adaptive part N of the neuron associated with the sample label in the motor
layer 7 is also modified. For instance, supposing that in motor layer Z, the sample label
corresponding to the sensory input is 7, then the synaptic weights and the corresponding
age n of the jth neuron in motor layer 7Z will also be modified. The update manner of
its age is the same as Equation (6), while the update rule of the synaptic weights can be
described as follows:
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Wye() = 2w, ) + v (®)

1

where W, denotes the synaptic weight between the jth neuron in the motor layer Z and
the internal layer Y.

3) After the SNN is trained, then it is tested. During the testing, layer X gets the test
samples, and the response value of each neuron in internal layer Y is computed, and the
neuron with the highest response value is determined by the following Equation (9), then
the response vector r of this fire neuron in layer Y is modified, and the modifying manner
is the same as that in the above training stage.

. 1 . .
ry(i) = ma J = arg 11%12-85}5;1 ry(9) (9)

where 7,(7) denotes the response value of the ith neuron in internal layer Y, and m
represents the number of the neurons in layer Y.

Subsequently, the response of each neuron in motor layer Z is computed with the
following Equation (10). Similarly, the neuron with the highest response value in layer Z
is determined, and then the output Z(j) of this fire neuron represents the final predicting
output of the SNN.

ro(i) = v, Wye(5), j = arg max (i) (10)

where 7, (i) denotes the response value of the ith neuron in motor layer Z, 7, represents

the new response vector of the layer Y, and n is the number of the neurons in motor layer
Z.

3.3. SNN model used in this work. In this paper, a novel neural network model
consisting of two basic SNNs is constructed, as graphically depicted in Figure 5. The
working spaces of the two basic SNNs are different; thus the parameter settings in the
two SNNs are also different.

SNN-1 always works in the movement of the mobile robot. Layer X; is assigned to 3
neurons, according to the dimension of the sensory input. Number of the neurons in layer
Y} is changeable, in accordance with the actual requirements, in this work it is set to 10,

FIGURE 5. Schematic diagram of the new SNN model used in this work
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since the performance is good after the test. Motor layer Z is assigned to 72 neurons,
corresponding to the 72 movement directions of the robot. In the training of the SNN,
inputs of the SNN-1 are the 2016 groups of the training samples. Concretely, the inputs
of the SNN-1 can be depicted as follows:
1 Y1 W

Input, = (14’ 14’ 27r) (1)
where coordinates (z1,y;) denotes one group of the training sample, and the angle w;
represents the angle between the positive direction of the coordinate axis X and the line
from the origin of the coordinate system to the coordinates (x1,y;).

SNN-2 works in risk regions where the distance between the agent and the obstacle is
not greater than 1. In this work, the safe threshold is set to 1. It is noteworthy that it
is changeable according to the actual requirement. Layer X is assigned to 4 neurons,
similarly, the number of the neurons in layer Y5 is also changeable, and in this work, it
is set to 10. Training samples of the SNN-2 come from the 36288 groups of the training
data. Concretely, the input of the SNN-2 can be depicted as follows:

]np,LLt2 = (1'2, Y2, ﬁ? é) (12)
27 27
where (23, y2) denotes the coordinates of the obstacle, 6; and 6, denote the angle between
the positive direction of the coordinate axis X and the line from the origin of the co-
ordinate system to the obstacle coordinates (z3,¥2) and the target coordinates (z1,y1),
respectively.
In the following two sections, the simulated experiment and physical experiment will
be performed to demonstrate the potential of the proposed methodology in this work.

4. Simulation Experiment.

4.1. Setting of the simulation environment. The simulation environment is con-
structed in 10 % 10 space, as shown in Figure 6(a). There are 6 static obstacles, 2 obsta-
cles in regular motion, 1 obstacle in irregular motion and 1 emergency obstacle. Figure
6(b) shows the final scene of this simulation environment. At one moment, an unknown
uncertain obstacle appears at position (2.5,4), the emergency obstacle starts to move, its
moving direction is 225° and the step length is set to 0.2.

4.2. Behavior decision based on the real-time decision system. The initial loca-
tion of the agent is located at (0, 0) and the target locates at (9,9). The agent’s movement
step is set to 0.1, the first safe distance pu is set to 2, and the second safe distance € is set
to 1. If the distance between the agent and the target is less than 0.4, it is considered
that the agent approaches the target and the movement stops, the behavior decision of
the agent finishes. In addition, when the agent moves out of the scene boundary, or it
collides with the obstacle, or its movement step is greater than 500, the experiment is
considered to be failure, and the agent stops the current movement.

During the experiment, at moments ¢; and to, the state of the agent and obstacles are
recorded. At the moment ¢;, the unknown uncertain obstacle suddenly appears, and the
agent moves to the 36th step (as shown in Figure 7(a)). At this moment, the distance
between the agent and the unknown uncertain obstacle is not greater than the second
safe distance €, namely, the agent state belongs to the event D;, and the agent stops
immediately and re-plans in accordance with the environment status. Figure 7(b) provides
the environment status at the moment f,. At this moment, the agent moves to the 96th
step, an emergency obstacle enters the first safe distance of the agent, then the agent is
under the state of the event E;, and the real-time decision system predicts the position of
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FIGURE 6. Schematic diagram of the simulation environment at the (a)
initial scene and (b) the final scene
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FIGURE 7. Scheme of the simulation environment state at the (a) the first
moment t; and (b) the second moment ¢,

the emergency obstacle according to the agent’s environment, and accelerates the agent
to avoid it, and Figure 7(b) shows the avoidance process of the agent. Moreover, at the
initial stage of the agent motion, the distance between the agent and the nearest obstacle
is greater than the first safe distance u, and the agent has a short acceleration stage, as
shown in Figure 8.

Figure 9 provides the distance between the agent and the nearest obstacle in this
experiment, and each valley floor corresponds to each obstacle the agent avoids during
its movement. When the robot moves about 22 steps, the valley floor corresponds to the
agent avoiding the static obstacle. When the robot moves about 50 steps, the valley floor
corresponds to the agent avoiding the unknown uncertain obstacle. Similarly, the valley
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floor between 67 and 82 steps corresponds to the agent avoiding the obstacle in irregular
motion and the second obstacle in regular motion. Finally, when the agent moves about
100 steps, the distance between the agent and the obstacle varies greatly as shown in
Figure 9, and it corresponds to the agent accelerating to avoid the emergency obstacle.

4.3. Comparative experiment. To analyze the effect of the behavior decision of the
agent in dynamic complex environment, in this section, the movement steps of the agent
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are used to be the evaluation criteria to evaluate the performance. Since the dynamic
window algorithm (DWA) and ant colony optimization (ACO) are often used in the path
planning of the mobile robot, we compare the experiment results of the path planned by
these three algorithms, namely, the minimal, average and maximal movement steps with
these three algorithms in 50 runs are used to illustrate their performance, as shown in
Table 2.

TABLE 2. Experiment results in the 50 runs with the three algorithms

Algorithm | Minimum steps | Maximum steps | Average steps
DWA 140 153 147
ACO 133 151 140

Our method 128 137 131

Table 2 shows that in the 50 experiments, the behavior decision algorithm proposed in
this work achieves the best decision effect, which results from the fact that in the dynamic
complex scenes, when unexpected emergency events occur, the real-time decision system
with the delibetare/reactive framework can react quickly to the changes in the environ-
ment and make faster corresponding response; thus the agent can avoid the obstacles
quickly and flexibly, leading to the less movement steps.

5. Physical Experiment.

5.1. Experiment environment construction. The real experimental environment is
a smooth indoor space with nine obstacles, as shown in Figure 10(a), labels 1-4 denote
the static obstacles, label 5 denotes the unknown uncertain obstacle suddenly appearing,
labels 6-7 denote the obstacles in regular motion, label 8 denotes the emergency obstacle
moving towards the robot quickly, and label 9 denotes the obstacle in irregular motion.
In Figure 10(a), the red arrows represent the movement directions of the obstacles 6, 7
and 8, and the black arrow denotes the movement direction of the obstacle 5. In Figure
10(b), the red dotted lines display the trajectories of the obstacles 6, 7 and 8, while the
black line displays the trajectory of obstacle 5.

(b)

FIGURE 10. (color online) The experiment environment status at (a) the
initial moment and (b) the final moment
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5.2. Performance demonstration of the behavioral decision-making. The initial
linear velocity and the angular velocity of the robot are set to 0.1 m/s and 0.2 rad/s,
respectively. During the whole experiment, the mobile phone is used to capture the robot’s
environmental state at 4 moments when the robot avoids the obstacles, and the display
interfaces of the corresponding 4 moments are recorded in the Rviz of the laptop.

At the first moment, the obstacle 5 suddenly appears in the detection field of the robot
from behind the obstacle 2. At this moment, the distance between the robot and the
obstacle 5 is less than the second safety distance €, so the robot makes an emergent braking
and re-plans the path to avoid the obstacle 5. Figure 11(a) displays the experiment status
at the first moment. As depicted graphically in Figure 11(a), the robot moves towards
its left front direction to avoid the obstacle suddenly appearing. The red dotted lines
in Figure 11(a) display the moving trajectories of the obstacles 6 and 7 at this moment.
Figure 11(b) provides the display interface in the Rviz at this first moment. In Figure
11(b), the black object resembling a rectangle is the Rikirobot in Figure 11(a), and the
green line connecting to the robot represents its moving trajectory, and the red circle
points denote the environment information detected by the lidar. When the robot starts
moving from the start point, the distance between the robot and the nearest obstacle
(label 1) is greater than the second safety distance €, namely, during the robot moving
from the start point to the position at the first moment, the robot accelerates in a short
distance.

(b)

FIGURE 11. (color online) The experiment environment status at (a) the
first moment and (b) the corresponding display interface in the Rviz of the
laptop at this moment

At the second moment, the robot locates between the dynamic obstacle 9 in irregular
motion and the static obstacle 3, and the robot first avoids the dynamic obstacle 9 that
moves towards it. When the robot moves near the static obstacle 3, it begins to avoid it.
At the second moment, the physical environment status and its corresponding interface in
Rviz are displayed in Figure 12(a) and Figure 12(b), respectively. The moving trajectories
of the obstacles 6 and 7 are shown in Figure 12(a), and at this moment, the obstacle 6
stops.

Furthermore, Figure 13(a) and Figure 13(b) show the physical environment status and
its corresponding interface in Rviz at the third moment. At this moment, the robot mainly
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(b)

FIGURE 12. (color online) The experiment environment status at (a) the
second moment and (b) the corresponding display interface in the Rviz of
the laptop at this moment

(b)

FIGURE 13. (color online) The experiment environment status at (a) the
third moment and (b) the corresponding display interface in the Rviz of the
laptop at this moment

avoids the emergent obstacle 8 which moves towards it with high speed. The real-time
decision system predicts the location of the obstacle 8 at the next moment according to
its speed and movement direction, then the movement speed and direction of the robot
are determined, so that the robot can accelerate to avoid the obstacle 8. At this moment,
except the obstacles 8 and 9, all other obstacles stop. The moving trajectories of the
obstacles and the robot are shown in Figure 13(a) and Figure 13(b).

Finally, Figure 14(a) and Figure 14(b) display the physical environment status and its
corresponding interface in Rviz at the fourth moment. At this moment, the robot safely
reaches the destination; meanwhile, all the obstacles and the mobile robot stop. Figure
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(a) (b)

FIGURE 14. (color online) The experiment environment status at (a) the
fourth moment and (b) the corresponding display interface in the Rviz of
the laptop at this moment

14(a) shows the moving trajectories of the obstacles 5, 6, 7 and 8, while Figure 14(b)
displays the total moving trajectory of the robot.

The above whole experiment process illustrates that the proposed real-time decision-
making model based on the deliberate/reactive structure can make perfect moving deci-
sion for the mobile robot, even in the dynamic complex environment with the unexpected
emergent events. The inherent reason lies in the fact that in the dynamic complex en-
vironment, whatever the static obstacles, dynamic obstacles in regular motion, dynamic
obstacles in irregular motion, or the unexpected emergent obstacles suddenly appearing,
the real time decision system with the delibetare/reactive framework can react quickly to
the changes in the environment and make faster response, causing the robot to avoid the
obstacles quickly and flexibly.

6. Conclusions and Future Work. This paper proposes a real-time behavioral deci-
sion-making model for mobile robots in dynamic complex environment. The real-time
decision model is based on the SNN and uses a deliberate/reactive hybrid control ar-
chitecture, to detect the dynamics of obstacles in the environment, determine the type
of obstacles, and decide the movement behavior of the robot based on the detected in-
formation. Experiment results in the simulation environment and physical environment
demonstrate the potential of the proposed method.

Although the real-time decision model has achieved good performance in robot be-
havioral decision, there are still some aspects needed to be further studied in the next
research.

1) The scene information is achieved only through the lidar equipped on the mobile
robot, which can be equipped with visual sensors and other type sensors. Hence, inves-
tigating the multi-sensor fusion technology to achieve more precise scene information in
practical applications requires further research.

2) In this work, the real-time decision system is designed for only a single robot. How
to extend the decision system and make it suitable for multi-robot system is another
research direction in the future.
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