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Abstract—Vision-based localization for some specific ar-
eas is significant to low cost mobile robots, since no
addition devices or even sensors are required to be de-
ployed. Although image processing methods can be applied,
the complex environment, high localization accuracy and
lightweight of hardware and algorithm requirements are
still challenging. In this paper, we propose a marker-
based monocular visual localization method to estimate the
distance and yawing angle using a single equipped camera.
A simple artificial marker is labeled in the typical indoor
place to provide the matching reference points. We develop
the adaptive threshold to convert the image into binary, and
extract the contours to recognize the position. The distance
and angle of the marker is calculated by solving the
Perspective-n-Points (PnP) problem. The proposed method
is evaluated with different lighting, different floors and
positions, where the estimated deviation of distance is 1.8
cm and the estimated deviation of yawing angle is 0.029
radians.

Index Terms—Image processing, low-cost mobile robot,
localization, perspective-n-points problem.

I. INTRODUCTION

Mobile robots are widely applied in industry, agri-
culture, medicine and domestic [1], etc. The ability
of detection and localization is significant for mobile
robots [2]. For instance, in the automated assembly
lines, robots need to estimate the contact points of the
objects and perform the tasks of grasping [3]. And
in a self-navigation application, robots need to locate
their positions to determine the following actions. For
domestic robots, the cleaning or carrying services can be
achieved with high accurate localization techniques. Ex-
isting approaches of robotic localization include wireless
local area network (WLAN) based [4], laser rangefinder
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based [5] and vision-based [6]. For the low cost mobile
robot, less sensors are equipped to reduce the overall
cost. In this case ,vision-based approaches have the ad-
vantages of low-cost and rich visual information, which
is compatible for mobile robot.

There are recent researches that focus on applying vi-
sual localization for robots [7]. For instance, the robotic
grasping system uses the eye-in-hand camera to capture
information [8], the modular robots use the RGB-D
camera to acquire RGB and depth images of scene [9],
and the surgical navigation based on optical tracking sys-
tem [10]. Feature extraction from the image is essential
for pose estimation in vision-based application [11]. A
probabilistic paradigm and a set of corresponding 3D-
to-2D points [12] are applied to locate the position of
robot. These works are mainly used for some specific
industry or medical applications.

However, the complex environment and varying light-
ing will generate noise and degrade the estimated ac-
curacy in visual localization. Firstly, images captured
in low lighting usually contain low visibility and low
contrast, as well as the image noise and blur. There-
fore, it is important to enhance the images for better
detection. Ho et al. propose a binarization method based
on deep learning technology [13]. Yang et al. use an
iterative multi-branch network to extract the feature, and
reconstruct the image to enhance the quality of images
[14]. On the contrary, there are wrong detection or partial
covering of the objects in complex environment. In these
scenes, the estimation accuracy is degraded. He et al.
propose a generative feature-to-image framework [8].
This framework accepts the features as input and pro-
duces the images as output. Iterative process is conducted
to eliminate the deviation between approximated image
and the real image, to optimize the pose estimated for
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textureless objects. Liu et al. propose an unsupervised
monocular depth estimation framework that combined
visual and inertial attributes, to improve the pose esti-
mated accuracy [15]. However, the cumulative error of
inertial sensor will leave to a degradation of the accuracy
during long-term working. Ding et al. build a database
with extracted features of images and the ground truth
absolute poses [16]. Walch et al. use the convolution
neural network (CNN) to regress the camera pose from
a captured image [17]. Yang et al. combine Transformer
and CNN modules to improve the performance [18].
However, such models contain a large amount of pa-
rameters, and it is difficult to deploy such models in
the low-cost and real-time application. In addition, the
deep learning based algorithms require large data amount
for training, whereas it still can not explore all the
possibilities in the complex domestic environment.

Accounting for the above challenges, we propose a
lightweight visual localization method based on monoc-
ular visual camera and a 2D marker for low-cost mobile
robot system. The robot needs no extra electronic devices
but just a simple marker label which can be stick to the
corner to achieve high accurate real-time localization.
Our proposed method contains three parts, which are
image processing, marker feature extraction and PnP
based localization. The proposed method is robust to the
varying lighting and complex environment e.g., different
textures of floor plans and walls. And the contributions
of our work are summarized as follows:

e In the visual signal processing, we apply an
adaptive-threshold method to convert the image
into binary. The threshold is calculated according
to the neighbor pixels. When the image suffers
from different illumination in different regions, the
adaptive threshold can reduce the interference and
increase the accuracy of detection.

We propose a grouping method to extract 2D fea-
ture points from the marker, which can improve
the accuracy in complex environment. The marker
contains several triangles and rectangles. Here, the
contour simplification based on Douglas-Peucker
algorithm and grouping based marker recognition
are applied to decline the interference of environ-
ment and improve the accuracy of proper matching.
The localization problem is formulated as the
Perspective-n-Points (PnP) problem according to
the extracted feature points. We provide the close-
form solution by matching the 3D points according
to the translation matrix. Therefore, the overall
localization complexity is rather low, which can be
implemented in the lightweight MCU of the robot.

We evaluate the proposed method on a cleaning robot
that equipped with monocular camera. The experiments

450

——mmm / 3 \
[ . coordinates N
 in real world | |
"N 1 . P
7 )| : (AP
| adaptive | coordinates
I thresholding : | 12 I I | inimages I
il | grouping | I i T - I
I contours I | =0 I
[ el | | | —
| I I | transformation I
| V | I marker | |
contours) recognition l |
l simplification | | \R’ T|fofy )
I L
S | estimated position
image capturing ( 1 )image processing | (Il) marker recognition | (lll) marker localization ‘

Fig. 1.

The architecture of proposed method

with varied illumination, different resolution, different
floors and positions show the robustness of our proposed
method. In addition, we compare the estimated accuracy
with other methods that based on extended Kalman Filter
(EKF), the adaptive extended Kalman Filter (AEKF)
and RPnP [10], [19], [20]. Experimental results have
validated the performance of our proposed method. The
mean deviations of estimated distance and angle are
1.8 cm and 0.029 radians, which outperforms other
algorithms.

II. SYSTEM DESIGN

The proposed monocular visual localization scheme
contains three parts: image processing, marker recogni-
tion, and marker localization, as illustrated in Fig. 1.
The whole scheme is implemented in a low cost mobile
robot. We print a typical designed marker at a certain
place of the room. Such marker contains 6 triangles in
two groups and put 7 small rectangles between these two
groups. In the image processing, we enhance the contrast
of the image and obtain the contour information. Then,
we recognize the position of the marker by grouping
and filtering the contours. Localization is executed by
obtaining the pixel coordinates of feature points, and
estimate their positions relative to the camera by solving
PnP problem.

A. Image Processing

1) Adaptive Threshold: In the stage of processing, the
input image is converted to grayscale using the formula
[21]:

F =0.299 - Red + 0.587 - Green + 0.114 - Blue (1)

where F' is the grayscale image. Then, we convert the
image from grayscale to binary. Let F{, ,) be the gray
value at the coordinate (u,v) of the image, and 0y, ., is
the corresponding threshold, the binary image fy(y,») 18
obtained by:

fb(u,v) = {

0 Fluw) > Ou,w)

255  otherwise @
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Black pixels Marker in the image

White pixels

Fig. 2. The binary image. Edges or contours are marked as white
color, and the background is black.

In this process, a block of size kg;.e X kg;ze 1S used to
determine the threshold. Then, we compute the weighted
sum of the pixels around (u,v):

ut ’%iz;*l o4 ’%izgefl
Suy = Y Yo g Gy — Fsize
i=u ksiz;*l j=v— ksize—1

3)
where, G(i,j) is the 2-D Gaussian kernel, with the size
of kgize X ksize. The standard deviation in v and v are
o, and o, respectively, as follows:

—(i — u)?

2
202

Gy = aexp( 4
where « is a scale factor with ) G(; ;) = 1.

2) Contours Extraction: The next step is to extract
the contours of the marker in order to locate its position
in the image. As illustrated in Fig. 2, the black pixels in
the binary image are recorded as 0-pixels, and the white
pixels are recorded as 1-pixels, respectively. The pixels
following method is used to extract contours, where, the
1-pixel is marked as a starting point, if it has one or more
0-pixels in its neighbor region, as shown in Fig. 3(a). In
addition, the 1-pixel is marked as an ending point, if
it is located in the 3 x 3 neighborhood of the starting
point, as shown in Fig. 3(b). The image is scanned to
find the points that satisfy the above conditions. Once a
starting point and an ending point are found, continuous
procedures are conducted to track the 1-pixels that are
connected to the starting point, as illustrated in Fig.
3(c). A contour is found if all connected 1-pixels from
the starting point to the ending point are tracked. Their
coordinates in the image are recorded, and an index is
assigned to distinguish different contours, as presented
in Fig. 3(d).

3) Contour Simplification: After extracting all con-
tours in the image, we simplify the contours by removing
unnecessary points, but do not change their original
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(a) Starting point of (b) Ending point of the (c) Tracking and mark-
the contour contour ing the contour

(d) Different contours are detected
Fig. 3.

Boundary tracking in the binary image.

shape. For instance, to represent a triangle in the image,
we can just record the coordinates of its three vertices
and discard others. Eliminating redundant points can not
only reduce the processing data, but also simplify the
marker detection. Because there are six triangles that
contained in the marker, if a simplified contour has three
vertices, it can be a part of the marker.

The Douglas-Peucker algorithm is applied to simplify
a contour [22]. At the beginning, the first point and
the last point of contour are marked as P; and Ps,
respectively. Here, P, P> denotes a line that connects P;
to P,. For each point P; of the contour, the distance
between P, and P; P, is calculated. In addition, P;,gecs
denotes the point that has the maximum distance to the
P, P, recorded as d,,q;. And Pi,ge, Will be retained
if dyhq, 18 larger than a designated value e, otherwise
it will be discarded, as described in Algorithm 1, where
PointList can be defined as all or a subset of the points
on the contour. By repeatedly applying this algorithm
to different subsets of the contour, redundant points are
eliminated and the contour is simplified.

B. Marker Recognition

We focus on the triangular contours in the image, and
utilize the geometric attributes of the marker to filter out
the outliers. As shown in Fig. 4(a), the marker contains
three groups of patterns, where both the first group and
the third group have three triangles, and the second
group have 7 rectangles. Therefore, we take two steps
to recognize the position of marker. In the first step,
we divide all of the triangular contours into different
groups, where, each group has three triangles. In the
second step, we analysis the geometric features of each
group, to recognize the real group that is belonging to
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Algorithm 1 Simplify contours based on Douglas-

Peucker Algorithm

Input: The points of contour PointList, the threshold

€

Output: The points after simplification Qutput List
1: Initialize the first point and the last point of the
PointList: Py, Py

. Initialize the maximum distance and its index:
dmaz = 0, index = 0

3: for all P; in PointList do

4:  Calculate the distance between P; and B_Lﬁl

5 Calcuylate the djstance between P; and P Py: d =
|P1F)/L‘SZTL<P1P);, P1P2>

6:  Find the maximum distance d,,,,, and the corre-

sponding point Pj;, e,
7. end for
8: Compare d,,q, with €
9: if dyq0 >= € then

10 Add Pipger to OutputList: QOutputList <
-Pinde:ra P1, P2
11: end if
12: return QOutputList
L,
I k k l : ' - ' ' '
u—v—/ —
The first group The third group
(a) Attributes of the marker
u
(ug,vy)
h k k - ' : ' ' '
(uz,v3) (u3,vs)
. maximum interval
(b) Vertices of the marker
Fig. 4. The geometric attributes of the marker.
the marker.

1) Grouping Step: As illustrated in Fig. 4(a), L, and
Ly, are base and height of the triangle, L; is the interval
between two adjacent triangles, and Lg is the space
between two groups of triangles. It should be noted
that we use uppercase letters, Ly, Ly, L; and L to
represent the length in the real world. On the contrary,
lowercase letters, [, [;,, I; and [, are used to denote
the length projected in the image, respectively. Let 3
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(i =1,2,...,N) be the triangles in the image, and ¢*.u;
(j = 1,2,3) be the u-coordinates of vertices, as shown
in Fig. 4(b). Then we have:

{lb = [ty —

li=1lp- £
Let [,,, be the maximum interval between the triangles
within same group. According to 4(b), we have:

V' ug| 5)

(6)

where, [, and [; are computed by (5). The grouping
method based on maximum interval [, is illustrated in
Algorithm 2.

lm=2-1;+3-1

Algorithm 2 Triangles grouping method

Input: The set of triangles {¢'}, the interval and the
base of triangles in real world L;, Ly
Output: The triangles group {A;}
1: for all 4% in {¢*} do

2:  Calculate the interval and the base in image: [, =
[0y — s, I; =1y -

3:  Calculate the maximum interval: [,, = 2-1;+ 31,

4. Find ¢! and " in {4} that are closest to 1%

5. if  distance(ytt, ) < l;,  and
distance(*2,1°) <, then

6: Assign ¥, ¢*! and ¢ to the same triangles

group A;
7 end if
8: end for

9: return The triangles group {A;}

2) Marker Recognition: Considering that the marker
is a predefined pattern, its geometric features are utilized
to distinguish with other contours. Therefore, for the
three triangles within the same group which is denoted
by 1, 2, 43, the deviations in both u-coordinate and
v-coordinate are calculated as:

df{ = Zi:l Wi-“n - 1bj-un|
did =23 [ty — b v,
A threshold ¢4 is used to constrain the deviation of
d, and d,, as described in Algorithm 3, and only the

groups with deviations which are smaller than e; will
be recognized as marker.

)

C. Marker Localization

To further locate the robot based the processed marker
image, the perspective projection model is used to com-
pute the relative pose transformation between the camera
and marker, as presented in Fig. 6. Let (X, Yy, Zy)
represent the coordinates of marker in the real world,
and (X, Y., Z.) represent the corresponding coordinates
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Fig. 5. Experiments of distance estimations under varying lighting condition. (a) Distance estimations with light turn on (b) Distance estimations
with light turn off. The ground truth of the distance is gradually increasing over time, to validate the estimated accuracy in different distance
between camera and marker.(c) Angle estimations with light turn on (d) Angle estimations with light turn off. The robot is moving left and
right repeatedly, to validate the estimated accuracy in different yawing angle

in the camera frame. The transformation between real
world and camera frame can be described by a rotation

Input: The triangles group {A;} matrix R and a translation matrix T
Output: Coordinates of marker in the image {(u;,v;)}

Algorithm 3 Marker recognition

X X
1: for all A; in {A;} do N v
Y.| =R |Y, T 8
2 PRt e A ) T ®
3:  Calculate the deviations in u-coordinate: ¢ e
3
4 diZ =50 |tun — P X, ri1 T2 13| [ Xw T,
500 d2? =300 [P — YRy Yo| = |ro1 122 roz| | Yu | + |1y (8b)
6:  Calculate the deviations in v-coordinate: Ze r31 Tz T33| | Zw T,
7. d2=5"0 |l — 2, .
93 =t 3 The transformation between the camera frame and the
8 dy’ =D |vtun — 0y . . . .
. S image coordinate can be described by a pin hole camera
9:  Define the constraint of deviations:

model [23]. Let (u,v) represent the coordinates of the

10: =12 p%v; — 92 . . .
cd [% 01 = 9% marker projected in the image, we have:

11:  Compare the deviations with €g4:

122 if d!? < ¢g and d?® < ¢4 and |d}? — d23| < u 1 [fe 0 wo] [Xe
min(dL?,d?) then vl = 0 fy, wo| |Ye )
13: Record the position of !, 123 in image: 1 10 0 1 Ze
(u?—,vi) where f, and f, are the focal lengths of the camera
14:  end if . .
in the z and y, ug and vy account for the translation
15: end for

from the origin of image coordinates to the origin of
0 ) camera frame. Combining equations (8b) and (9), the
i, Vi homogeneous matrix is written as:

16: return  Coordinates of marker in the image

[Al Ay Ag,} S=AS=0 (10)
where

T
S = [r11,712, 713, T, 721,722, 723, Ty, 731, 732, 733, T)

world
(11D
Ot Yo Z) and Aq, A,, Az are defined as follows:
x " X’w x " Yw x ° Zw T
A = [f 0 f 0 . 0 H (12a)
0 0 0 0
camera Az = 12b
(Xc, Yo, Zo) 2 |:fy - X fy Yo fy L fy:| ( )

A — (o —u) - X (uwo—u) Y (uo—u) Zw (uo—u)
3 (vo—v)  Xw (wo—v)-Yu (vo—v) Zyw (vo—0)
Fig. 6. Perspective projection model. (12c)
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Note that a pair of corresponding points, (u,v) and
(Xw, Yw, Zy), can provide two equations in (10). There-
fore, for each detected group of triangles in the image,
there are 9 feature points that can be utilized to calcu-
late the transformation. We solve the PnP problems by
matching the corresponding feature points, and find the
translation matrix T' = [T}, T, T.] from equation (10).
Then, the distance between camera and the marker is
equal to |72 + T?2|, and the yawing angle is equal to
arctan (T, /T%).

III. EXPERIMENT

To evaluate the proposed model, we deploy the local-
ization scheme into a vacuum cleaning robot equipped
with singular camera, and we also put the marker as the
reference point. The localization scheme is compiled in
a virtual environment of Linux, and then it is transferred
to the robot. During experiments, we put the marker in
different positions, and use the camera to capture the
images. The ground truth of the physical distance and
angle are measured simultaneously. And the accuracy is
evaluated by computing the deviation of distance and
angle between estimated value and ground truth.

A. Varying Lighting

Firstly, we evaluate the performance with varying
lighting condition. The marker is firstly put in the
laboratory with the light turn on. During the experiment,
we change the relative position of the marker to the
robot and estimate its position from the captured images.
After testing in 153 frames, we turn off light and repeat
the above procedures again. We test the performance
in 122 frames with the light turn off. The estimated
distance and angle are compared with the ground truth,
as shown in Fig. 5. The numerical results are summarized
in Table I, where, the mean and maximum deviations are
similar under different lighting. However, the number
of detected frames decreases when turning off the light.
This is caused by a dark environment, which will make
it harder to recognize the marker in images. Note that,
the estimation error looks similar for both cases. The
mean distance error is 1.41 cm when the light is turned
on, while it is 1.45 cm when the light is turned off.
However, the angle estimation error is even smaller with
the average value of 0.0058 radians in the dark which is
lower than 0.02 radians for the bright environment. This
is due to the less light noise and blur when the detected
frame in the dark leads to high accurate estimations. In
addition, if the frame is not detectable, the estimation
fails.

B. Different Floor Textures

In the second experiment, we verify the adaptability
of proposed method to different materials of floors. The
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TABLE I
MEAN AND MAXIMUM DEVIATIONS (CENTIMETERS AND RADIANS)
IN DIFFERENT LIGHTING CONDITION

Lighting Number of frames Distance (cm) Angle (radians)
Total Detected | Mean Maximum| Mean Maximum
frames | frames

turn on | 153 151 1.4106 |7.763 0.0214 |0.0355

light

turn off | 122 93 1.4518 |6.339 0.0059 |0.0237

light

(a) Experiments on the carpet (b) Experiments on the wooden
floor

(c) Experiments on the ceramic
floor

Fig. 7.

Experiments on different floors.

experimental floors include carpet, wooden and ceramic,
as shown in Fig. 7. Figure 8(a) presents the deviation of
estimated distance, where, the experiment on ceramic
floor has the minimum deviation which is 1.41 cm
compared with other two floors. Figure 8(b) presents
the deviation of estimated angle, and the estimation
on wooden floor has the maximum deviation which
is 0.0189 radians. Although the estimation error for
different textures is quite close, we find that the white
of ceramic floor is easily filtered during the imaging
processing stage, which demonstrates the lowest distance
estimation error. However, such impact can not affect the
angle estimation if the contour is recognized. Thus, the
angle estimation performances among different textures
are similar.

C. Image Resolution Evaluation

The resolution of each frame determines the processed
data amount and further the processing time. Here, we
evaluate our proposed method with different image res-
olution. We change the configuration of the camera and
capture images with different resolution of 1920 x 1080,
1280 % 720 and 640 x 360 pixels. The experimental result
is illustrated in Fig. 10. In the images of low resolution,
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TABLE II
MEAN AND MAXIMUM DEVIATIONS (CENTIMETERS AND RADIANS)
COMPARE WITH DIFFERENT METHODS

Fig. 8.

ém ;f \ Distance (cm) Angle (radians)
& ot ° Methods Mean Maximum| Mean Maximum
. — EKF 2.9159 48.7748 10.02924 | 0.19085
Diséfnce to camera / cm 0 ’ Dist:ﬂnce to camerawlncm \50 AEKF 45644 96442] 00291 3 O 1 9085
(a) Deviation of estimated dis-(b) Deviation of estimated angle RPnP 3.1243 33.908 [0.0284 |0.1904
tance on different floor on different floor
DLT+EKF 1.6207 20.6617 |0.02909 |0.19078
The deviation of estimated distance and angle on different
floor. Horizontal axis is the distance between marker and camera. Proposed Method | 1.8001 19.8155 | 0.02902 | 0.18839

only part of the marker is recognized, as illustrated in
Fig. 9. When the distance between the marker and the
camera increases, the estimated deviation also increases.
In addition, applying a higher resolution can reduce the
deviations of distance, as shown in Fig. 10(a). Moreover,
when the distance to camera increases to 60 cm, the
deviation of angle increases to 0.024 radians, as shown
in Fig. 10(b).

D. Performance Comparison

In addition to our proposed localization method of PnP
problem, we also compare with other methods, including
EKF [19], AEKF [20], RPnP [10], and DLT+EKF [24],
[25]. These methods utilize the system’s dynamic model
and the error covariance to predict the pose from noisy
signals, and have been employed in the estimation of
robot’s pose. We collect 490 images that contained
different pose of the robot, to calibrate the covariance of
measurement and noise. During experiments, the robot
is approaching to the marker. We establish a serious of
checkpoints along the moving path of the robot, and
gauge the ground truth of position using a measuring
tape. Images are captured when the robot moves to
the checkpoints, and we apply EKF, AEKF, DLT+EKF
and our proposed method to estimated the pose from
the images, respectively. We compare the estimated
results with ground truth and compute the deviation.
The experimental results are presented in Fig. 11(a).
When frames = 50 and frames 150, EKF and
AEKF fail to track the marker properly, because the
movement of the robot suddenly changes. However, the
proposed method can properly track the marker with low
error. The cumulative frequency of estimated deviation
is illustrated in Fig. 11(b), where the proposed method
shows better performance than EKF and AEKF. The
result of the experiment with distance from 10cm to
180cm are summarized in Table II, where the proposed
method has the mean deviation of 1.8 cm and maximum
deviation of 19.8155 cm. Although DLT+EKF is close
to our method and the mean deviation is 0.2 cm less than
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ours, DLT+EKEF requires prior statistical information of
the environment and our method is much simpler with-
out such prior knowledge, which is robust to different
environments.

IV. CONCLUSION

A visual localization method for low-cost mobile robot
is proposed based on the 2D marker and monocular
camera. The marker is added to the environment for
robust localization. We convert the captured image into
grayscale, and extract the geometric features. The angles
and distances of marker relative to camera is calcu-
lated by matching the corresponding feature points. We
evaluate our proposed method in different experiments
with challenges of varying illumination and complex
environment. Experiments demonstrate that the proposed
method is accurate to centimeter level, with the mean
distance deviation of 1.4 cm and mean angle deviation
of 0.02 radians.
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