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Robot navigation allows robot mobility. Therefore, mobility is an area of robotics

that has been actively investigated since robots were first developed. In recent

years, interest in personal service robots for homes and public facilities has

increased. As a result, robot navigation within the home environment, which is an

indoor environment, is being actively investigated. However, the problem with

conventional navigation algorithms is that they require a large computation time

for their building mapping and path planning processes. This problem makes it

difficult to cope with an environment that changes in real‐time. Therefore, we

propose a humanoid robot navigation algorithm consisting of an image processing

and optimization algorithm. This algorithm realizes navigation with less computa-

tion time than conventional navigation algorithms using map building and path

planning processes, and can cope with an environment that changes in real‐time.
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1 | INTRODUCTION

In robotics, navigation provides a robot with mobility. Nav-
igation does not only allow for robots to move flexibly
within various environments, but also allows them to
broaden their range of activities. Therefore, navigation is
applied to various types of robots, such as mobile robots,
humanoid robots, and quadcopters. Moreover, research on
robot navigation has been actively conducted [1–3].

Owing to the specificity of hardware, bipedal walking
humanoid robots have been investigated within the field
of navigation. Footstep planning is a research area in the
field of navigation and has been investigated to create a
path for the robot through path planning, and to deter-
mine the footsteps required to follow that path [4,5]. A
problem encountered by these studies is that the global
map must be initially known for the path to be gener-
ated. Moreover, because of hardware limitations and
robot slippage during movement, it cannot be guaranteed

that the given footsteps will be followed accurately. Con-
sequently, this accumulation of errors can cause the robot
to collide with obstacles along the path. To compensate
for this problem, studies on the localization of robot
positions have been conducted [6–8]. However, localiza-
tion is only one of the navigation elements. For success-
ful navigation, the position and direction of the robot
should be determined. Environmental information is
required to determine the direction of the robot's motion.
Thus, sensors that receive environmental information are
required, and various studies have been conducted to
perform humanoid navigation using different types of
sensors [9–11] such as laser ranges and ultrasonic sen-
sors. In a few cases, multiple sensors have been used as
needed. Various studies have generated maps or utilized
pre‐generated maps by using multiple sensors [12]. How-
ever, in such situations, the robot has to stop moving to
obtain environmental information. Humanoid navigation
studies using cameras within indoor environments have
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also been conducted [13–15] and have performed naviga-
tion based on corridor lines or markers attached to obsta-
cles. However, such investigations have been limited to
static obstacles.

Existing robot navigation studies have encountered
problems related to the use of multiple combined sensors
and excessive sensor cost. Consequently, such problems
have had a hindering effect on the commercialization of
the navigation algorithms of various robots. As mentioned
previously, the problem with a navigation algorithm using
footstep planning is that the map has to be known or
obtained in advance, and that a map generation process is
required when the global map is not available. Algorithms
using maps incorporate path planning for path selection in
the used maps. However, this requires a substantial amount
of computation time for map building and path planning,
which makes it difficult to cope with environmental
changes in real‐time. Additionally, navigation using foot-
step planning faces difficulties in determining the position
of the robot because it accumulates errors when the robot
slips on the floor.

In this paper, we propose an indoor navigation algo-
rithm to solve the problems encountered during the investi-
gation of conventional robot navigation algorithms. In
recent years, interest in personal service type robots has
increased. Service robots are primarily used indoors, and
because the floor of an indoor environment is made of rela-
tively similar colors and patterns, it is easy to identify the
areas where the robot can move. In this study, a monocular
camera was used to utilize the floor as a navigational refer-
ence. The monocular camera is not only inexpensive, but
also has very high usability because it can interpret and
process information in various ways, in comparison with
other sensors. In the proposed algorithm, the computation
time was reduced by replacing the map building and path
planning processes with the particle swarm optimization
(PSO) algorithm, which is an optimization algorithm. This
allowed the robot to respond to changes in the environment
in real‐time.

2 | ALGORITHM FOR HUMANOID
NAVIGATION

This section presents the navigation algorithms of huma-
noid robots.

2.1 | Walking command for humanoid robots

In this study, robot motion was generated through the
humanoid robot walking pattern generator using the linear
inverted pendulum mode (LIPM) [16].

An example of humanoid robot movement is shown in
Figure 1. In this figure, left represents the left foot step,
while right represents the right foot step. In the case of a
bipedal humanoid robot, movement is realized by inputs to
the left and right feet. These inputs refer to the walking
command Cw, which is defined as follows:

Cw ¼ SF; SL; θ; TSS; TDS½ �T

where SF is the sagittal step length, SL is the lateral step
length, and θ is the walking direction. In the case of a
bipedal humanoid, there exists a double support phase
wherein both feet are supported on the ground, and a single
support phase wherein only one foot is supported on the
ground. The time of each state is defined as TDS and TSS,
respectively.

2.1.1 | Flow of proposed algorithm

Figure 2 shows the proposed algorithm's flowchart. Image
information is received through a camera mounted on the
robot. In this study, two different images were used to esti-
mate the movement of dynamic obstacles. The time to
receive these two images is TSS and TPSS, respectively.
Here, TSS is the time at which the single support phase
ends, while TPSS is the time at which ΔT is subtracted from
TSS before the single support phase ends. Evidently, ΔT
should be set to a value smaller than TSS. We define the
current image IC as the image received at TSS, and the
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previous image IP as the image received at time TPSS.
Through image processing, the ground of the image is
identified and the motion of the obstacles is estimated.
Then, these are used to generate Ir, which is a processed
image. The optimization algorithm is performed by input-
ting the Ir, robot position Probot, robot orientation Rrobot,
and goal position Pgoal. The inputs Probot and Rrobot can be
obtained by estimating the marker on the robot with Vicon
or a camera system within the indoor environment [17–19].
Through the optimization algorithm, the robot identifies the
point closest to the goal point in the currently viewed
image. Thereby, it avoids a collision with the obstacle. The
optimization result is one of the pixels in the image and is
defined as pr. Because the pixel position in the image is
not in scale with the actual world position, it is necessary
to match the optimization result with the actual location
scale. Additionally, because of hardware limitations, bipe-
dal humanoids cannot instantaneously change direction and
generate motion if large changes in direction occur. There-
fore, it is necessary to convert pr into a walking command
such that the robot can move. Through this process, the
robot navigation input Cw is generated. Accordingly, huma-
noid navigation is performed as described above. To gener-
ate robot motion in a single support phase, the input Cw

for each double support phase is needed. Therefore, a ser-
ies of processes to generate Cw should be performed within
time TDS, and the sum of the time for image processing,
optimization, and walking command conversion computa-
tion must be less than TDS, respectively.

3 | IMAGE PROCESSING

Contrary to infrared sensors, lidar, and so on, camera sen-
sors are sensor systems that utilize image information
instead of distance information. Moreover, a camera sensor
system is considerably similar to the human eye. Recently,
various studies using cameras, such as object identification
studies using artificial intelligence, have been conducted.
Therefore, it is expected that the use of cameras will con-
tinue to diversify. Thus, in this study, a camera was
selected as the sensor system to receive environmental
information. By using a camera as the sensor, an image
that identifies the region where the robot can move is cre-
ated. Dynamic obstacles in the image are considered such
that they can be used as a non‐transportable region for
robot navigation. The image processing procedure to create
a navigation image is shown in Figure 3.

3.1 | Ground image (Ig)

Indoor environments are different to outdoor environments
because they typically have a consistent color or pattern on

the floor. Image processing studies have been conducted to
distinguish the floor or ground by using color and pattern
recognition [20–22]. In this study, the ground was divided
into areas by using the color range. Accordingly, images
were generated based only on the ground.

3.2 | Obstacle edge detection image (IE)

If all obstacles are in contact with the ground, the edge of
the obstacle can be identified through the point where the
ground and the obstacle meet. A pixel, with the current
pixel as the obstacle and the pixel below it as the ground,
is extracted by using the 2� 1½ � mask in Ig. Through this
technique, the edge of the obstacle can be obtained.

3.3 | Optical flow image (Iof)

The optical flow is the pattern of the apparent motion of
an obstacle image between two consecutive frames and
is caused by the movement of the obstacle or camera.
Moreover, it is a 2D vector field, where each vector is a
displacement vector showing the movement of points
from the first to the second frame [23]. The optical
flows are divided into dense and sparse optical flows.
Although a dense optical flow has high accuracy, it is
disadvantaged by requiring extensive computation time to
calculate all of the image pixels. Conversely, a sparse
optical flow computes only a few pixels of the entire
image, and although it is less accurate than a dense opti-
cal flow, its computation time is shorter. In this study, a
sparse optical flow was used because the computation
time was required to be smaller than TDS. Specifically,
we used the pyramidal Lucas‐Kanade optical flow
method, wherein the accuracy increases because the pyra-
midal method changes the image size in a step‐by‐step
manner. Moreover, only a few reference pixels are
required to obtain the sparse optical flow. These refer-
ence pixels are obtained by implementing the corner
detection technique. Consequently, the movement of an
obstacle in the image is tracked.
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3.4 | Minimum optical flow image (Imin
of )

The reference pixel selection utilizes the corner detection
when calculating the optical flow. Therefore, if there are
several reference pixels in one obstacle, multiple optical
flows will be generated in one obstacle. However, only one
optical flow must be selected to determine the moving
speed of the obstacle.

The optical flow in the image is different from the posi-
tional change in the world coordinate system. Therefore, it
is necessary to convert the image pixel to the position of
the world coordinate system. An image projection model is
used to represent the pixel change in the image as a posi-
tion change in the world coordinates. Figure 4 shows an
image projection model indicating the pixel point Pi, where
the position Pw of the world coordinate system wf g is
located in the image plane. Moreover, the pixel coordinate
system is used to represent the xpixel and ypixel points in the
image plane. The image projection model is defined as
follows:

Pi ¼ K Rjt½ �Pw (1)

where

Pi ¼
xpixel
ypixel
1

2
4

3
5;Pw ¼

xw
yw
zw
1

2
664

3
775;K ¼

f c 0 cx
0 f c cy
0 0 1

2
4

3
5;

Rjt½ � ¼ c
wT ¼ w

c T
�1:

Here, Pi is the pixel position in the image plane, Pw is the
position in the world coordinate system, K represents the
camera internal parameter matrix that transforms the nor-
malized image coordinates into image coordinates, fc is the
focal length of the camera, ðcx; cyÞ are the pixels where the
optical axis meets the image plane, and Rjt½ � is a camera
external parameter, which is a transformation matrix that
transforms the world coordinate system wf g into the camera

coordinate system cf g. The camera coordinate system cf g
is the coordinate of the camera mounted on the robot. The
camera coordinate system cf g is defined as follows:

w
c T ¼ RZ αð ÞRY βð ÞRX γð ÞTðPcÞ (2)

where

RX γð Þ ¼
1 0 0 0
0 cosγ � sin γ 0
0 sin γ cosγ 0
0 0 0 1

2
664

3
775;

RY βð Þ ¼
cos β 0 sin β 0
0 1 0 0

� sin β 0 cos β 0
0 0 0 1

2
664

3
775;

RZ αð Þ ¼
cos α � sin α 0 0
sin α cos α 0 0
0 0 1 0
0 0 0 1

2
664

3
775;

Pc ¼
xcamera

ycamera

zcamera

2
4

3
5:

In the world coordinate system, the camera angles α, β,
and γ, and the camera position Pc can be obtained from
Probot and Rrobot.

In this study, it was assumed that the obstacle was in
contact with the ground surface. Therefore, zw became 0. In
this case, if K and Rjt½ � are known, Pw can be calculated by
Pi. With this method, the position change ΔP in the world
coordinate system can be determined from the pixel change
of the optical flow. Based on the optical flow obtained from
the two images during time ΔT, the velocity vof of the opti-
cal flow can be obtained by dividing ΔP by ΔT.

To solve the optical flow noise problem and determine
one optical flow per obstacle, the optical flow of the small-
est vof among the various optical flows in one obstacle is
selected. The optical flow with the smallest vof value is dis-
played to generate Imin

of .

3.5 | Resulting image (Ir)

The objective of image processing is to create an image
that represents an area wherein the robot can move by con-
sidering dynamic obstacles.

The velocity of the optical flow vof, which was obtained
previously, is the obstacle movement during ΔT. However,
the obstacle moves in the next time step TDS + TSS. There-
fore, the obstacle region should be expressed as a rate
obtained by multiplying vof by TDS + TSS. The image pro-
jection model is used to express the expected position of
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FIGURE 4 Image projection model
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the obstacle in the robot's next step. This indicates a region
wherein the robot cannot move. The resulting image Ir is
the region wherein the predicted position of the obstacle is
removed from Ig. Hence, only the region where the robot
can move is displayed in the image.

4 | OPTIMAL POINT SELECTION
USING PARTICLE SWARM
OPTIMIZATION ALGORITHM

Particle swarm optimization is an algorithm that was pro-
posed by Russel Ebenhart and James Kennedy. It was
developed based on the regularity of animal social behav-
ioral patterns [24]. Based on individual cluster theory,
movement is determined based on the experiences of the
individual and the experiences of the swarm. The PSO
algorithm is similar to the genetic algorithm (GA) because
it also uses a population, which makes it possible to search
a large area. Because the operation of the PSO algorithm is
not as complicated as the evolutionary operation of the
GA, the computation time of the PSO algorithm can be
reduced in comparison with that of the GA.

This study was limited by the fact that the sum of the
computation time for the image processing, optimization,
and walking command change were required to be smaller
than TDS. This problem is similar to a global search problem
in two‐dimensional space because it requires the identifica-
tion of an optimal point in the image. The solution to the
optimization problem was attempted by using the PSO algo-
rithm, which is suitable under the abovementioned limita-
tion. In this section, the optimization problem is defined as
the selection of points where the robot is able to move stea-
dily while approaching the goal in the currently viewed
image.

4.1 | Objective function

Because an optimal point in the image is being sought,
each particle represents a pixel. The particle is defined as
follows:

Ppixel ¼ xparticle; yparticle
� �

:

The position of this particle in the world coordinate system
is defined as Pptc. To evaluate the particles, the following
objective functions are set.

4.2 | Cost function

The cost function evaluates how close the position of Ppixel is to
the goal point in the world coordinate system. If the obstacle is
in contact with the ground, the z‐axis values in the world coordi-
nate system are all zero. By using the image projection model,

the Pptc of the world coordinate system wf g of the Ppixel can be
obtained. The cost through the distance between Pptc and Pgoal
in the world coordinate system wf g can be evaluated as follows:

C ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pptc � Pgoal
� �T Pptc � Pgoal

� �q
(3)

where

Pptc ¼
Pptc;x

Pptc;y

0

2
4

3
5;Pgoal ¼

Pgoal;x

Pgoal;y

0

2
4

3
5:

4.3 | Penalty function 1: Avoid collision at Pptc

Penalty function 1 determines whether the robot will col-
lide with an obstacle when it reaches Pptc. When the Pptc

position of the world coordinate system is reached, the size
of the robot is obtained from the image plane by reflecting
the actual size of the robot. This region is defined as
Rrobot. In Ir, Rground and Robs are defined as regions
wherein the robot can and cannot move, respectively.

p1 ¼ 1 ðRrobot ∩Robs ≠ ∅Þ
0 ðRrobot ∩Robs ¼ ∅Þ

�
; (4)

Equation (4) expresses penalty function 1. If there is a
pixel in Rrobot, where the robot cannot move among the
pixels, this means that the robot collided with an obstacle
upon reaching Pptc.

4.4 | Penalty function 2: Avoid collision while
moving

Penalty function 2 determines whether the robot will col-
lide with an obstacle while moving towards Pptc.

The image and image plane obtained through the robot's
camera are shown in Figure 5. In the image plane, the
large value of the ypixel is closer to the robot. The pixels
points closest to the robot are defined as pixelleftnearest and

Image
(xparticle, yparticle)

pixelnearest

xpˆ

ŷp

Image plane

xpˆ

ŷp

pixelnearest
left right

FIGURE 5 Robot camera image concept
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pixelrightnearest, and reflect the width of the robot. Lleft is
defined as the pixel set of the line connecting Ppixel and
pixelleftnearest, while Lr is defined as the pixel set of the line
connecting Ppixel and pixelrightnearest. Moreover, Ll represents
the left boundary when the robot moves to Pptc, while Lr
represents the right boundary.

p2 ¼ 1; Ll ∩Robs ≠ ∅ or Lr ∩Robs ≠ ∅
0

�
: (5)

Equation (5) expresses penalty function 2. If there are
pixels in the region where the robot cannot move in the
pixel sets Ll and Lr, this means that the robot collided with
an obstacle while moving.

4.5 | Penalty function 3: Blind spot solution

Penalty function 3 was introduced to avoid a collision
caused by the robot's viewing angle. The robot's camera
was mounted at a certain height and did not have a full
view. Owing to the camera's field of view, there existed an
area that could not be seen in the image. This area is
defined as the blind spot. The nearest area that the robot
could see was the lower part of the image, while the clos-
est area was the blind spot. In this regard, two pixels,
namely, pixel1 and pixel2, at the edge closest to the image
are defined in the image coordinate system as follows:

pixel1 ¼ 0; ymaxð Þ; pixel2 ¼ xmax; ymaxð Þ
where ymax is the largest y‐pixel value, and xmax is the largest
x‐pixel value in the image plane. If an obstacle is detected in
pixel1, the robot will collide with the obstacle when it moves
towards the left direction. To prevent this collision, the robot
is given an Sm if xparticle is less than xmax/2. For the same rea-
son, when an obstacle is detected in pixel2, the robot must
refrain from proceeding towards the right direction. If xparticle
is greater than xmax/2, the robot is given an Sm. The number
of Sm is equal to the invisible distance of the robot camera
divided by SF. If there are no obstacles in pixel1 and pixel2
in the next step, Sm is reduced by 1.

p3 ¼ 1 ðSm ≠ ∅Þ:
0

�
(6)

Equation (6) above expresses penalty function 3 and
restricts the direction change to the direction of the obsta-
cle, when Sm is required.

4.6 | Penalty function 4: Step angle
restriction

Owing to hardware limitations, bipedal walking humanoid
robots are not able to change their directions instanta-
neously or move with large changes in direction. Therefore,

penalty function 4 was introduced to limit the angle
change. In the world coordinate system, the directional
angle θp is obtained based on the distance from the robot
position Probot to Pptc, as follows:

θp ¼ tan�1 P1;x

P1;y

� �
(7)

where
P1;x ¼ Pptc;x � Probot;x;P1;y ¼ Pptc � Probot;y;

Probot ¼
Probot;x

Probot;y

Probot;z

2
4

3
5:

Accordingly, θsafety
�� �� is defined to allow the robot to maxi-

mize its movement, depending on the robot model. How-
ever, because of the robot's field of view, a few additional
steps are required to reach the ymax position in the world
coordinate system, and this is defined as the Nstep. Until
the robot reaches the ymax point, the robot can change its
angle (in degrees) by θsafety

�� ��� Nstep.

p4 ¼ 1; θp
�� �� > θsafety

�� ��� Nstep

0

�
: (8)

Equation (8) expresses penalty function 4, which
ensures the generation of stable motion for the robot.

The objective function is determined by the sum of the
cost function and the penalty functions. The objective func-
tion to evaluate the particles is expressed as follows:

Ovalue ¼ C þ ∑
4

i¼1
pi: (9)

5 | WALKING COMMAND
CONVERSION

For the robot to move during navigation, SF; SL; θ; TSS, and
TDS are required. Image processing and optimization should
be performed within time TDS. The value of θ can be
obtained from the Pbest position, which is obtained from the
optimization result pr in the world coordinate system and the
robot's position (Probot). Accordingly, θ is defined as follows:

θ ¼ tan�1 P2;x

P2;y

� �
(10)

where
P2;x ¼ Pbest;x � Probot;x;P2;y ¼ Pbest;y � Probot;y;

Pbest ¼
Pbest;x

Pbest;y

Pbest;z

2
4

3
5:
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However, if Ovalue, which is the evaluation value of the pr
objective function that results from optimization, is ∞,
there exists uncertainty in the resulting value. Therefore, in
this case, movement is restricted. Hence, the robot is left to
rotate and receive new environmental information. At that
time, the walking command Cw; penalty is defined as the
motion.

6 | SIMULATIONS

In this section, the implementation of the proposed naviga-
tion algorithm in a simulation, and the confirmation of the
algorithm's usability through the results of the navigation
are discussed.

6.1 | Simulation composition

The proposed navigation algorithm was applied to a DAR-
wIn‐OP robot model by using a three‐dimensional (3D)
dynamics simulator and OpenCV. We used the Webots pro-
gram, which is a 3D robotics simulation software developed
by the Cyberbotics company [25]. Because image process-
ing is restricted in the Webots software, the simulation pro-
ceeded according to the diagram shown in Figure 6.

First, the image was saved through the robot model of
the simulator. Thereafter, it was imported into Visual Stu-
dio, where image processing and optimization were per-
formed by using OpenCV and the PSO algorithm. Finally,
robot navigation was performed by utilizing the optimiza-
tion results that were input to the robot in the simulator.

6.2 | Configuration of simulation
environment

The height, width, and depth of the DARwIn‐OP robot
were 0.455 m, 0.164 m, and 0.110 m, respectively. There-
fore, the indoor environment was appropriately reduced to
correspond to the robot's size.

Figure 7 shows the simulation environment. This envi-
ronment was similar to that of a home, which is essentially

an indoor environment. The coordinate system wf g repre-
sents the world coordinate system in the simulation. This
world coordinate system is a reference coordinate system
to represent any position in the image. The indoor environ-
ment spanned 4 m in the x‐axis and 5.6 m in the y‐axis.
The initial position of the robot was located at (0, −0.3),
which means that it was 0 m in the x‐axis and −0.3 m in
the y‐axis. The position of the robot was received in real‐
time by placing a global positioning system (GPS) on the
robot during the simulation. To obtain the rotational angle
of the robot's camera and the world coordinate system, the
GPS was attached along the axis direction of the robot's
camera. The rotational angle of each axis in the world
coordinate system was obtained by the roll‐pitch‐yaw fixed
angles, which rotated about each of the three rotation direc-
tions in the reference coordinate system. The roll, pitch,
and yaw were equal to α, γ, and β, respectively, as dis-
cussed in Section 3.4. If the camera's field of view was
narrow, the nearest position from the robot was distant.
The pitch angle indicated the degree of bowing for the
robot's head. In this study, the pitch angle was set to 30°.
This allowed the robot to see closer areas. The camera
mounted on the robot had a resolution of 720 × 720 pixels
and a field of view of 90°. Because the robot was capable
of bowing its head, it was also capable of seeing far points
at a distance of approximately 0.16 m. Additionally, based
on the hardware of the DARwIn‐OP robot model used in
this study, SF was set to 0.04 m. Therefore, Sm and Nstep

were set to 4.
When the robot moved, if SF and SL were considerably

distant, the stability of the robot could not be assured.
Throughout the experiment, the parameter values were set
to a range wherein the robot could walk stably by setting
SF and SL to 0.04 m and 0 m, respectively. Moreover, the
maximum walking direction angle θsafety

�� �� was 14°. Conse-
quently, the angle at which the robot could rotate was

Image
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Image
processing

Visual studio

OptimizationRobot

3D dynamic
simulator
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FIGURE 6 Simulation configuration diagram
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limited to 14°. A case where the optimization result's cost
Ovalue was ∞ has been described above. At this instance,
the robot had to rotate, and the walking command was set
to Cw; penalty, which is defined as follows:

Cw; penalty ¼ 0; 0; 14; 0:3; 0:35½ �T :
If time TSS was long, the navigation time was pro-

longed. Additionally, if ΔT was considerably short, it was
difficult to evaluate the obstacle's motion. Conversely, if
ΔT was substantially long, an unreliable optical flow could
be obtained. Accordingly, ΔT was set to 0.2 s, and TSS
was determined as 0.3 s. Moreover, TDS had to be longer
than the image processing and optimization time. In this
study, the average time and the sum of the image process-
ing and optimization time were approximately 0.3 s. There-
fore, TDS was set to 0.35 s.

The goal point of the robot was initially located at (0,
4). In Figure 7, d1, d2, and d3 constitute the e‐puck mobile
robot model, which represented a dynamic obstacle in the
simulation. The initial position of d1 was (0.6, 1.1), and the
velocity, which changed with a time interval of 25 s, was
±0.06 m/s in the x‐axis direction. The initial positions of
d2 and d3 were (0, 0.7) and (−0.2, 3.3), respectively. The
velocities of the dynamic obstacles d2 and d3 with time
intervals of 18 s changed by ±0.06 m/s in the y‐axis direc-
tion and by ±0.06 m/s in the x‐axis �

ffiffi
2

p
2 and y‐axis �

ffiffi
2

p
2

unit vector directions, respectively.
Table 1 shows the computation environment used in the

simulation. The simulation computer was equipped with
Intel's i7 CPU. The actual amount of memory used to per-
form the algorithm was approximately 200 MB and varied
depending on the resolution of the image obtained through
the camera.

6.3 | Image processing result

Figure 8 shows the robot's image processing scenes during
navigation. Specifically, Figure 8A shows the current
image IC, while Figure 8B shows the previous image IP.
Figure 8C is the ground image Ig of the current image IC.
Figure 8D shows the optical flow (Iof) of the previous
image (IP) and the current image (IC). Figure 8E shows
only the boundary between the ground and the obstacle in

TABLE 1 Computing environments

Property Details

CPU intel® i7‐7600

CPU speed 4.5 GHz

Memory 8 GB

Actual used memory 200,000 KB

Operating system MS windows 7

Programming language C++

FIGURE 8 Image processing result: (A) current image, (B) previous image, (C) ground image, (D) optical flow, (E) obstacle edge detection,
(F) minimum optical flow, (G) result image, and (H) confirmation image
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Ig, which made it possible to distinguish the obstacles sepa-
rately. Figure 8F shows only the output of the smallest
optical flows in the image to distinguish the obstacles. For
each obstacle in the minimum optical flow image (Imin

of Þ,
the minimum optical flow was converted into a positional
change in the world coordinate system. This change was
applied to the boundary image and marked by the expected
movement of the obstacle in the image. Figure 8G shows
the combined movement of the obstacle and ground image
(Ig). Thereby, the expected position of the dynamic obsta-
cle in the image indicates the regions where the robot
could not move. Figure 8G is the image resulting from
image processing. Figure 8H shows the intermediate pro-
cess during the navigation.

6.4 | Optimization result

The variables used in the PSO algorithm are listed in
Table 2. The result of the PSO algorithm was a pixel in
the image. A 720 × 720 camera was used in the simula-
tion. Hence, the x‐axis ranged from 0 to 719. The range of
the y‐axis was set from 120 to 719 because the region
where y was less than 120 could not be the ground, owing
to the camera's field of view and the degree of pitch of the
robot's camera. In the PSO algorithm, the sum of self‐con-
fidence and swarm confidence was generally equal to 4.
Therefore, each value was set to 2. The setting of the iner-
tia factor determined if the global search or the local search
would have to be weighed further. In this study, because
the search area was not large, a value of 2 was set, with
emphasis on a more detailed search. This was equivalent to
moving two pixels according to the inertia factor. The
number of particles was changed to 20, 30, and 50, while
the number of epochs was changed to 50, 100, and 150.
Therefore, the particle and epoch numbers were determined
such that the optimization could be completed within time
TDS.

Figure 8H shows the optimization results and esti-
mated position of the obstacle in the image. The results
of the penalty functions are also shown in the image.
The area marked in red is the optical flow and indicates
the expected position of the obstacles during the robot's
next step. In the case of a static obstacle, the position

appeared at the edge of the obstacle, whereas, for a
dynamic obstacle, the next expected position was dis-
played on the ground. The vertex of the green triangle
in the image represented the optimal point obtained
through the PSO algorithm. The blue rectangle indicated
the edge of the robot when it finally reached the optimal
point, while the two solid green lines indicated the edge
of the robot's width in the movement path. Thereby, it
was confirmed that a collision with an obstacle did not
occur while the robot was moving. Navigation was
performed through the generation of a walking com-
mand directed at the optimal point resulting from
optimization.

6.5 | Navigation simulation

6.5.1 | Navigation within indoor environment
with dynamic obstacles

The initial position of the goal point was (0, 4). After
70 s, the position of the goal point changed to (−1, −0.2);
after 130 s, it changed to (1, 0.1); after 150 s, it changed
to (−1, 4); after 200 s, it changed to (1, 0). The robot
avoided the obstacle and moved to the goal point. Figure 9
shows a snapshot of the navigation simulation. Starting
from the initial position, the robot avoided the dynamic
obstacles during its movement. Through optimization, the
optimal point was selected as the point closest to the goal
among the areas where the robot was similarly capable of
avoiding a dynamic obstacle. When the robot encountered
a dynamic obstacle, it moved without colliding with that
obstacle.

6.5.2 | Various obstacle shapes and real‐time
goal change

In this simulation, the navigation was performed in a
narrow environment as the robot moved toward the goal
point. Figure 10 shows a snapshot corresponding to real‐
time navigation, even if the goal point changed. Thus, it
was demonstrated that the proposed algorithm is capable
of coping with a goal changing in real‐time. In Fig-
ure 10, the obstacles had polygonal and hemispherical
shapes. However, because the navigation algorithm only
used the ground as the environmental information in this
study, it was observed that the navigation was not influ-
enced by the obstacle's shape. The obstacles were
avoided and the movement of the robot was directed to
the goal point. When a dynamic obstacle was encoun-
tered, the robot moved without colliding with that obsta-
cle.

Figure 11 shows the computation time of the algorithm
during the simulation. In this simulation, the robot took a

TABLE 2 Particle swarm optimization parameters

Parameter Range or value

Input1 xparticle range [0, 719]

Input2 yparticle range [120, 719]

Number of particles 50

Number of epochs 100
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total of 124 steps. The total computation time, which is the
combined time of image processing and optimization dur-
ing the simulation, was less than TDS. We confirmed that
the defined period of 0.35 s satisfied the computation time
required for navigation.

7 | CONCLUSIONS

In this paper, an algorithm using a monocular camera for
the navigation of a biped humanoid robot was proposed.
The information received from the monocular camera was
subjected to image processing and the processed image
was optimized by an optimization algorithm. The optimal
point through which the robot could move was selected by
implementing an optimization process. Thereafter, the
walking command of the robot heading towards the opti-
mal point was generated and input to the robot. To confirm
the algorithm's usability, we simulated the proposed navi-
gation by using a 3D dynamics simulator.

In this study, owing to the field of view limitation of
the robot's camera, it was not possible to select an optimal
point closer to the goal point when navigating. This

FIGURE 10 Real‐time target point change simulation (from left
to right, and top to bottom)
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FIGURE 11 Computation time of various obstacle shapes and
real‐time goal change simulation

FIGURE 9 Simulation within indoor environment with dynamic obstacles (from left to right, and top to bottom)
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confirmed the necessity of gaze. To solve these problems,
gaze control is currently being investigated [26]. Accord-
ingly, in future work, we will develop a navigation algo-
rithm to solve the camera's field of view problem by
adding gaze control.
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