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�is study proposes an optimized algorithm for the navigation of the mobile robot in the indoor and dynamic unknown
environment based on the decision tree algorithm. Firstly, the error of the yaw value outputted from IMU sensor fusion module is
analyzed in the indoor environment; then, the adaptive FAST SLAM is proposed to optimize the yaw value from the odometer; in
the next, a decision tree algorithm is applied which predicts the correct moving direction of the mobile robot through the
outputted yaw value from the IMU sensor fusion module and adaptive FAST SLAM of the odometer data in the indoor and
dynamic environment; the following is the navigation algorithm proposed for the mobile robot in the dynamic and unknown
environment; �nally, a real mobile robot is designed to verify the proposed algorithm.�e �nal result shows the proposed
algorithms are valid and e�ective.

1. Introduction

�ere is a wide and extensive application of the mobile robot
in many �elds; it can ful�ll the repeated, heavy, accurate, and
complex work in many special environments; the navigation
is important for the mobile robot because it is the basic
function for the other actions of the mobile robot; it should
move freely to the destination without colliding with the
obstacles, just like people need to avoid colliding with the
other people on the road. �ere are many navigation algo-
rithms proposed which can be applied in many �elds to ful�ll
the di�erent requirement for human, so the optimization of
the navigation is necessary to make the mobile robot moving
more intelligently and e�ectively to the destination [1–3].

Di�erent from the outside static known environment, if
the mobile robot is running in the indoor dynamic unknown
environment, more con�icts and limitations will be con-
sidered; the following is a comparison between them.

�e �rst di�erence is the location and orientation func-
tion; the self-driving car is taken for example; all the cars are

running in the outside environmentwhere theGPS sensor can
receive the satellite signals properly, so GPS can show the
accurate position of the car on the roads, but if the car is
running in the indoor environmentwhere the satellite signal is
weak or shielded, theGPS functionwill be unavailable and the
correspondingGPSpositioning functionwill be limited. It can
only search few or no satellites and it cannot get the accurate
position. �e IMU sensors have the same problem, so the
mobile robot cannot get its location and orientation through
the IMU sensors in the indoor environment [4, 5].

�e second di�erence is all environments are known for
self-driving car because the map of all roads is provided for
the car, but sometimes the mobile robot needs to work in the
unknown environment where no map is provided, such as
the environment of 24-hour lobby �lled with moving people
where it is not easy to build the map with SLAM technology
[6]; otherwise, the mobile robot may need to ful�lling
burrow adventure tasks where it is a totally unknown en-
vironment, so the mobile robot cannot locate its position on
the map if it is running in an unknown environment.
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�e third di�erence is that sometimes mobile robot
cannot be located in the dynamic environment; the home
service mobile robot is taken for example; although it can
build the map for the environment inside the house with
SLAM, but people may move the position of the home
appliance sometimes, so the mobile robot will recognize the
wrong position through feature point matching whose data
come from the laser sensor or the camera [7].

Based on the above comparisons, as well as considering
the limited CPU and battery power for the mobile robot, the
navigation algorithm in the indoor dynamic unknown en-
vironment should be improved.

2. Decision Tree Algorithm for the Yaw
Value from IMU Sensor Fusion Module
and Odometer

2.1. YawValue from IMU Sensor FusionModule in the Indoor
Environment. In the navigation process of the mobile robot,

Figure 1: Gyroscope.
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Figure 2: �e 8-order curve �tting for the drifting yaw value.
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Figure 3: �e 4-order improved curve �tting for the drifting yaw
value.

Figure 4: IMU sensor fusion module with GPS, gyroscope, elec-
tronic compass, magnetometer, and accelerometer.
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it is necessary to get the accurate current orientation of the
mobile robot in every second, which can be obtained from
gyroscope shown in Figure 1.

�e output data of the gyroscope will be unavailable in
the indoor environment; for example, when the mobile
robot stops rotating and keeps static in the indoor envi-
ronment, after the PID processing for gyroscope, the yaw
value is collected and marked with the red cross as shown in
Figure 2. It is obvious that the yaw value is still drifting and
gradually maintains stability after 300 seconds (5 minutes);
the blue line in Figure 2 shows the curve �tting for the yaw
value during 300 seconds; the 1–7-order curve �tting is not
perfect, but the 8 order can �t the curve more accurately as
shown in Figure 2; the �tting function is

y � 0.00000000000003 × x8 − 0.000000000000086 × x7

+ 0.000000000049473 × x6

− 0.000000015493482 × x5 + 0.000002873185886 × x4

+ 0.021422402741956 × x2 − 0.761774606869785 × x
+ 47.571395698231385.

(1)

Formula (1) is too complex and contains lots of double
�oat data calculations which will consume lots of CPU
resources and battery power, from the observation of Fig-
ure 2, that the data often drift dramatically in the �rst 30
seconds, which makes the curve complex and brings in lots
of high-order term; if the data in the �rst 30 seconds can be
deleted, it will simplify the curve �tting and polynomial
formulas, compared with the other groups test data of yaw
value; it is summarized that the yaw value will always drop
10%–20% in the �rst 30 seconds; the yaw value data at 30th
second are often 80–90% of the initial yaw value, so it is often
85% of the initial yaw value for average.

Figure 3 shows the fourth-order improved curve �tting
for drifting yaw value, and the yaw data in the �rst 30
seconds are deleted; the �tting formula is

y � 0.000000003 × x4 − 0.000002660 × x3 + 0.000647 × x2

− 0.0514723 × x + Yi × 0.85.
(2)

It is clear that the 4-order curve �tting is more simple; if
x has an assigned value as 270, the stable yaw value can be
computed according to formula (2), but it is still not accurate
because the yaw value comes from only one gyroscope in the
indoor environment; if the cost of the device for the mobile
robot is not considered, the multisensor fusion algorithm for
GPS, gyroscope, electronic compass, magnetometer, and
accelerometer is better than data processing for only one
gyroscope as Figure 4 shows.

�e multi-IMU sensor fusion module can be purchased
on the market, which has downloaded the software of multi-
IMU sensor fusion algorithm inside, so the output data of
this module are more accurate [8]; when the mobile robot is
rotating in the indoor environment and stops suddenly, the
output yaw value is shown in Figure 5.

Figure 5 shows that the output yaw value is periodical
which can be marked with green circle at the bottom of
Figure 5; the baud rate is 115200; there are 90 data points in a
period, and the output format is Byte, so the period is
10∗ 90/115200� 0.0078125 second; in one period, the data
still drift dramatically; it is needed to compute the mean yaw
value in one period, which is 90 degree in Figure 5.

If the test is repeated for 10 times, when every time the
mobile robot rotates and stops at a same direction, an object
is placed to verify it is the same direction for 10 times’ test,
the result of 10 times test is shown in Figure 6.

From Figure 6, for the same direction in the indoor
environment, the yaw value from one multi-IMU sensor
fusion module is di�erent every time and the range of value
is between 87 to 94 in 10 times’ test, so the yaw value from
IMU sensors is not accurate in the indoor environment.

2.2. Odometer Data from the Processing of Adaptive FAST
SLAM Algorithm. �ere is another method to obtain the
yaw value, and the odometer can compute the yaw value [9];
generally, the reduction ratio of the gear motor is 1 : 50; the
output pulses from the optical-electricity encoder is 500
when a DC motor rotate a circle; when gear motor connects
to DC motor, the output pulse is 25000 when the wheel
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Figure 5: �e output yaw value from multi-IMU sensor fusion module.
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rotates in a circle; although the yaw value can reach a high
accuracy when there is 25KHz pulse outputted, there is still
some error exists as shown in Figure 7.

�e error is about 360/25000� 0.0144 degree for a grid of
optical-electricity encoder; when the mobile robot moves for
a long time, the error will be accumulated to a large value; at
the same time, ground friction is another source of error,
especially when the mobile robot collides with a heavy
obstacle and the wheel is slipping in the dynamic envi-
ronment; in this status, the optical-electricity encoder is still
computing, but the yaw value does not change; usually, the
sensor error and observation error all can be accumulated,
which is accumulated error. Because the true yaw value can

be measured from round circle ruler in the indoor envi-
ronment, so the accumulated error can be computed.

If the accumulated error is v(k), the diameter of wheel is
D, and the pulse from optical-electricity encoder is P,
through analyzing the status of the mobile robot in Figures 8
and 9, the systematic observation model can be obtained
from

the error
exists in this

area

Figure 7: �e error exists in each gap of grid of the optical-
electricity encoder.
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Figure 8: �e yaw value of the mobile robot from the odometer.
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Figure 6: �e 10 times’ test of the output yaw value from multi-IMU sensor fusion module.
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Figure 9: �e simulation of the mobile robot moves in the indoor environment.
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Figure 10: �e error of EKF algorithm for the yaw value.
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+ v(k).

(3)

�e state estimation of the mobile robot is analyzed to
get the method to eliminate the accumulated error; the
purpose is to obtain the maximum probability of the state of
the mobile robot:

x̂ � arg
max

x
p(x|v, y). (4)

Formula (4) can be decomposed by Bayes formulas, so
the probability of pose under the condition of obtaining
sensor value and observation value can be decomposed as
the following formula:

Figure 12: �e 360 classi�cations of the decision tree.

Figure 13: �e detailed information of the decision tree.
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Figure 14: �e movement of the mobile robot in the dynamic
unknown environment.
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􏽢x � arg
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x
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K
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(5)

Usually, the distribution of the probability of the input
value and observed value obeys Gauss distribution; in order
to simplify the expression and computation, the maximum
likelihood estimation is computed; for example, prior
probability before the observation in each step can be
expressed as the following:

ln p xk|xk−1, vk( 􏼁 � −
1
2

xk − Ak− 1xk− 1 − vk( 􏼁
T
Q

−1
k xk − Ak−1xk−1 − vk( 􏼁

−
1
2
ln (2π)

M detQk􏼐 􏼑
T
,

(6)

where Qk is the noise in the moving process and Ak−1 is the
transfer matrix at time k-1 because the first part of the
formula (6) is relative to the states x, which can be expressed
as

J(v,k)(x) � −
1
2

xk − Ak− 1xk− 1 − vk( 􏼁
T
Q

−1
k xk − Ak−1xk−1 − vk( 􏼁, (7)

where J(v,k)(x) stands for the error from the real value to the
estimated value, so it is necessary to get the minimum value
of J(v,k)(x) as follows:

zJ(v,k)(x)

zx
T

� 0, (8)

where it means that when J(v,k)(x) get the minimum value, x
can get the suitable estimated value whose probability is the
maximum value; in this way, the EKF function can be
deduced.

From Figure 10, it is obvious that, after the processing of
EKF algorithm, the error of the yaw value is still large. EKF
algorithm only considers the linear system; for the assessment
of the nonlinear system, EKF algorithm will not be effective
because it ignores Taylor’s high-order term, which makes the
big error of the status assessment. Because the particle filter
algorithm has no limit for the system noise, it is taken as the
good solution for the nonlinear Gaussian system [10–12].

However, as the number of particles increases, the
computational complexity will also increase. In addition,
due to the sequential importance sampling particle filter,
the samples with bigger weight are chosen for many times,
resulting in a decline in the diversity of the particle
collection of samples, and thus, there will be sample
depletion problems [13–15].

Fast SLAM is the universal SLAM technology, which can
run the particle filter with few particles; similarly, low-di-
mensional KF is used to filter the surrounding features with
known absolute position and consistency. Adaptive
resampling algorithm can improve Fast SLAM algorithm; it
sets the threshold number of resampling particles as 0.6
times of particles, which can take effective resampling op-
eration by real time, computing effective particle number
and particle degradation degree, to deal with the problem
“sample degeneration” and “sample impoverishment” which
is result in the frequent resampling [16].

*e test between Fast SLAM and adaptive Fast SLAM is
conducted on the mobile robot; in Figure 11, it is shown that
when the mobile robot moves for a longer time, the yaw
value error in adaptive FAST SLAM is much lower than it in
FAST SLAM, so the yaw value which comes from odometer
will be more accurate if they are processed by adaptive FAST
SLAM [17].

Table 1: *e relationship between angle of destination and turning direction.

*e angle of destination compared the current orientation Turning direction
If stop forward � 0 and angle of destination is between 340° ∼ 20° Forward
If stop forward> 0 and angle of destination is between 340° ∼ 20° Right
If angle of destination is between 20° ∼ “160°” Right
If stop forward � 0 and angle of destination is between 160° ∼ 200° Backward
If stop forward> 0 and angle of destination is between 160° ∼ 200° Right
If angle of destination is between 200° ∼ “340°” Left

Figure 15: *e designed mobile robot.
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2.3. Decision Tree Algorithm. Lots of the data are obtained
from the IMU sensor fusion module and the odometer every
second, which can be analyzed through machine learning
algorithms; considering the limited CPU and battery power
of the mobile robot, the complex machine learning algo-
rithms are not suitable for running on the mobile robot. For
example, SVM algorithm can convert the data from low
dimension to high dimension to classify the data into cat-
egories, but it will consume lots of hardware resource and
take long time [18], so decision tree algorithm is suitable to
run on the mobile robot to predict the yaw value every
second because it runs fast and save CPU computation
compared with the other machine learning algorithms.

Usually, decision tree algorithm can be used on the
classification, but not prediction [19]; if the yaw value can be
divided into 360 classifications, every classification stands
for one degree; then, the classification can be converted into
prediction.

*e true yaw value can be measured by the round ruler,
and there are only two attributes data, one is yaw value
comes from the IMU sensor module and the other is the yaw
value which comes from the odometer which is processed by
adaptive FAST SLAM.*e large number data can be divided
into training set, test set, and validation set, with the K fold
cross-validation method; then, the data can be trained to get
a decision tree model [20]. It should be noted that the data
should contain the yaw value when the mobile robot is in
some special status, such as the wheel of the mobile robot
slips when mobile robot collides with a heavy obstacle in the
dynamic environment, or the mobile robot in the dense
cluster of buildings where the Earth magnetic field is very
weak and the outputted data from IMU sensor fusion
module are vibrating dramatically; in this way, the over-
fitting ability of the model will be intensified.

In Figure 12, the yaw value can be classified into 360
classifications through the processing of decision tree

Figure 16: *e LCD and touchscreen with camera video display in the embedded Linux system.

mobile robot

up

le� right

down

stop manual mode

camera video

confirm cancel

laser scan sensor

Figure 17: *e software on the PC.
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algorithm, and each classification stands for the predicted yaw
valueineachsecondfor themobilerobot; ifFigure12iszoomed
larger, some details can be visualized as shown in Figure 13.

In Figure 13, the each classification is distributed on the
end point of the tree, the value in each end point is a matrix
that contains 360 integers, in which one is 1 and others are 0,
the position of integer 1 in the matrix stands for the cor-
responding yaw value. *e outputted accuracy of the yaw
value from the decision tree can reach 99%; it is very near the
true yaw value which is measured by the round ruler, which
provides a method to predict the true yaw value of the
mobile robot in the indoor environment.

After the accurate yaw value is obtained in the indoor
dynamic environment, the following is to judge the next step
movement when mobile robot is in the dynamic unknown
environment, as shown in Figure 14; the black object in
Figure 14 is the dynamic moving object; the red line is the
scanned environment from the laser scanning sensor. If the
length of the mobile robot is 600mm, it will go from the gap
between moving objects whose length is larger than 600mm
while whose orientation is most near the angle of the des-
tination. *e distance and angle of the obstacles can be
obtained from the laser scanning sensor, the location of the
mobile robot can be computed from the odometer through
adaptive FAST SLAM algorithm, and the orientation of the
mobile robot can be computed through the decision tree
algorithm. If there is an object appearing in the “320°” ∼“40°”
of the mobile robot, the mobile robot will stop move forward
and start rotate left or right to move bypass the object; in this
situation, the bit stop_forware is 1, else it is 0; based on the
above analysis, the next step movement can be judged
according to Table 1.

According to the above analysis, the mobile robot can
move to the destination without colliding with moving
obstacles in the indoor dynamic unknown environment.

3. Experiment

A mobile robot is designed by us; the CPU is S5PV210 CPU
with ARM structure and OS is embedded Linux system,
which is shown in Figure 15. On each side of the mobile
robot, the belt connects 2 wheels that are driven by the DC
motor and 1 : 50 reduction ratio gear motor, so the mobile
robot can bear heavy object on it.

For hardware of the mobile robot, the first is the main
board with “S5PV210” CPU and various connectors, which
connecting the following IMU sensor fusion module, USB
camera, LCD display, and touch screen operation, Serial port
to Bluetooth module, USB to wifi module, and laser scan
sensor.*e second is theMCU board; it can send the speed of
themotors to the serial port of mainboard and can receive the
motor control command from the mainboard through the
designed protocol. Because the Linux system is not the real-
time operating system, the ARM board cannot read the high
frequent pulse accurately, so theMCU board takes the task to
read the 25KHzmotor speedpulse.*e third part is the power
board with SCM6716 chipset to supply the large current and
power, and the peak current can reach 1.8A, which is as-
surance that the mobile robot can carry the heavy objects.

Various widgets on the LCD is designed with the em-
bedded QT in the embedded Linux system, which is shown in
Figure 16; through the signal and slot principle of QT, it can
fulfill theLCDand touch screen functions.*esoftwareon the
PC isdesigned to control themobile robot andalso to show the
camera video and laser scanning environment, as shown in
Figure 17.*eAndroidAPP is designed to communicatewith
the mainboard with Bluetooth protocol, which can send the
value and command of the mobile robot to the Serial-Blue-
tooth module on the mainboard, as shown in Figure 18. *e
mjpeg-streamer is a universal tool for the remote monitoring
in the B/S structure through the TCP/IP protocol, which can
run on the mobile robot in the embedded Linux system; the
camera video can be shown on Firefox browser in the Win-
dows system with mjpeg-streamer as shown in Figure 19.

*e map of the laboratory environment is not stored in
the mobile robot; in order to test the navigation algorithm in
the real world environment, the mobile robot is running in
our laboratory environment which is the indoor dynamic

Figure 18: Android APP.

Computational Intelligence and Neuroscience 9



Figure 19: Remote monitoring on Firefox browser.

Door 1 step 2

step 3

Step 1 destination angle: 300

destination distance: 4300 mm

Initial position

Figure 20: Navigation test of the mobile robot in the laboratory environment.

Figure 21: �e navigation test on the designed mobile robot in the laboratory environment.
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unknown environment just as shown in Figures 20 and 21;
compared with initial position, the angle of destination is
300° and the distance of destination is 4300mm which can
be inputted in the Android APP; the orientation of the
mobile robot can be computed according to the decision tree
algorithm; the turning direction is judged according to
Table 1 in every second; the angle of destination and distance
is calculated and updated again in every second; finally, it
can move to the destination without colliding with the
obstacles on the path.

4. Conclusion

*e testing result shows the proposed navigation algorithm
is effective and real time responding in the indoor dynamic
unknown environment. Compared with other algorithms,
themobile robot can obtain the accurate orientation through
the decision tree algorithm in the indoor environment; it can
obtain its location through the odometer data which are
processed by adaptive FAST SLAM algorithm in the dy-
namic and unknown environment; it can scan the distance
and angle of moving obstacles through the outputted data
from the laser scanning sensor, which provide the data to
judge the next step movement as shown in Table 1 in the
dynamic and unknown environment.

*ere are some challenges in the navigation algorithm
and realization of the mobile robot; one challenge is how to
obtain the accurate orientation of the mobile robot in the
indoor environment; through the decision tree algorithm,
the predicted yaw value is much accurate especially when
there is serious slipping of the wheels. *e other challenge is
that how to make the synchronization of the two threads;
there is always errors when reading the outputted data from
IMU sensor fusion module; finally, the problem detected
that another thread is processing this data while this thread
is reading this data; after adding the mutex lock on two
threads, the none synchronous problem of two threads is
solved and the reading and processing of the data from IMU
sensor fusion module becomes normal.

*e advantage of the proposed navigation algorithm is
that it can be applied in the indoor dynamic unknown
environment where there is the working environment for
the home service robot; especially, this algorithm can save
lots of CPU computation and battery power for the mobile
robot which runs on the embedded platform. *e next step
work is to design and apply the deep learning algorithm on
the mobile robot, which can recognize the human face and
the appearance of home appliances, making the home
service robot more stable and intelligent.
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