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Abstract—Visual self-localization of mobile robots is a 

fundamental problem in robot navigation. It is the premise 

of trajectory planning or vSLAM. In this paper, the 

research results of mobile robot vision self-localization in 

recent years are reviewed. The principle, advantages and 

disadvantages of various methods are introduced.  

 

Index Terms—mobile robot, machine vision, self-localization 

I. INTRODUCTION 

Location problem is to find the current position of a 

mobile robot by knowing the location of landmarks in its 

driving environment. If we know the actual position of 

the robot to solve the location of the landmarks, it is the 

problem of map creation. When the position of robot and 

environment map are unknown, it is a vSLAM problem 

[1] to build environment navigation map incrementally by 

using visual sensor and solve the problem of map creation 

and self-localization which are complementary and 

inseparable simultaneously. The self-localization problem 

of mobile robots is an important research field at present. 

It is the premise and foundation of mobile robots' 

vSLAM. 

In order to achieve vision self-localization, mobile 

robots also need a variety of auxiliary sensors to work 

together, such as ultrasonic sensors, laser rangefinders, 

radar sensors [2], lidar [3], odometer, magnetometer [4], 

radio frequency identification [5], inertial navigation 

system. In this paper, the research results of visual self-

localization for mobile robots in recent years are 

summarized, and their advantages and disadvantages are 

analyzed. The basic flow of visual self-localization is 

shown in Fig. 1.  

II. ROBOT DRIVING ENVIRONMENT 

Mobile robot driving environment is mainly divided 

into indoor environment, outdoor environment, structured 

environment, unstructured environment. Indoor robots are 

mostly home-based, including home care robots [6], 

sweeping robots, etc. These robots need to know their 

location in static physical space when they work. In the 

early research, the robot environment map and path are 

usually given, and the edge of the image is extracted and 

then compared with the expected map to determine the 

location of the robot. Akihisa Ohya's method [7] allows 

the robot to identify the safe channel in the foreground 

field of vision. The camera's field of view distance is 1 m 

and the range is 60 degrees. This method only focuses on 
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the front area and eliminates a lot of irrelevant data 

processing. But there are two drawbacks: 1. The accuracy 

of obstacle recognition depends on the size and color of 

obstacles. 2. When there are many obstacles filling the 

camera's view, the robot cannot find a safe way to move 

forward. Liangchen Pan [8] proposed a method of visual 

odometer based on feature tracking. This method is 

applied in indoor environment with unknown map. It has 

high real-time performance and strong robustness to 

illumination changes. The speed of the robot is 0.3m/s, 

and the ratio of cumulative error to distance is less than 

3%.  

 

Figure 1. Visual positioning flow chart for robots 

In the structured competitive environment, RoboCup 

[9] and FIRA Cup[10] are the frontiers of the application 

of visual self-localization technology, and many visual 

robots [11] and strategic simulation software [12] are 

produced for soccer matches. C. Marques [13] uses the 

visual system to reset the odometer periodically, which 

can eliminate the accumulated error of the odometer 

intermittently. So the soccer robot has a faster reaction 

speed and smooth trajectory to avoid obstacles when 

encountering opponents. The positioning error is 0-10cm 

related to the position of the robot in the field. Xiaohan 

Zhang[14] designed Monte Carlo self-positioning system 

for walking soccer robot, which probability distribution 

was used to represent the optimal estimation of the 

current robot position. A shorter side of the rectangular 

competition field has a greater impact on the positioning 

accuracy. In 20 experiments, the average error between 

the average positioning point and the actual position point 

of the robot at rest was 3.30% of the wide side of the field, 

2.20% of the long side, and the floating range of the 

positioning point was 4.4 cm. The average error of 

walking is 3.97% of the wide side and 2.65% of the long 

side. The floating range of the error is 6.5 cm. 
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III. DIFFERENT KINDS OF VISION SYSTEMS 

The vision system of mobile robot is mainly divided 

into monocular vision, binocular vision, trinocular vision, 

panoramic vision and infrared vision. Monocular vision, 

that is, a single camera takes pictures in a single position. 

Binocular vision can take pictures of scenes either by two 

cameras or by image information obtained by one camera 

in different positions, such as installing a camera that can 

change position on a robot.  

Panoramic vision has a panoramic perspective of 

nearly 360 degrees, which can obtain more complete 

environmental information and enhance the self-

localization ability of mobile robots. Huimin Lu [15] 

proposed a robust omnidirectional vision soccer robot 

self-localization method based on particle filter and 

matching optimization localization algorithm. This 

method can achieve global localization efficiently and 

accurately. At the same time, the camera parameters 

(exposure time and gain) can be adjusted by feedback 

according to the change of image entropy, so that the 

output of omnidirectional vision can adapt to the change 

of ambient light. When the robot is occluded by 1/8, 1/4 

and 1/2 shown in the Fig. 2, the average positioning error 

is less than 8 cm, the average direction error is less than 

0.064 rad, and the particle filter algorithm takes 15 ms to 

25 ms. In most cases, the matching optimization 

algorithm takes 1 ms to 3 ms, and the camera parameter 

adjustment can be completed in hundreds of milliseconds. 

Jingchuan Wang [16] designed a panoramic near infrared 

vision self-localization system based on coded landmarks. 

The auxiliary light source is used to overcome the 

influence of illumination, shadows, occlusion and other 

factors. Using the global absolute positioning advantage 

of vision and the local relative positioning advantage of 

odometer, it has high robustness and positioning accuracy 

in outdoor environment. 

        
No Shelter                                     1/8  Shelter 

         
1/4  Shelter                                1/2  Shelter 

Figure 2. The results of image processing and the detection of white line 

points under different occlusions 

Multi-sensor cooperative positioning makes up for the 
shortcomings of single sensor and has good robustness. 
However, in most cases, data fusion of different sensors 
is carried out at the lower level, and errors will propagate 
upward to affect the internal map representation at the 
higher level. Hyukseong Kwon [17] used interval-based 
logic to limit the uncertainty of sensor data. Once the 

robot went beyond the specified interval, it checked the 
consistency of different sensor data elements at all levels. 
The overall error was only 0.91% of the loop path that 
needed to be constructed. Inspired by pigeon orientation, 
Zhen Luo [18] introduced a positioning method based on 
decision-level multi-sensor information fusion. The self-
positioning of mobile robot was divided into two modes: 
panoramic vision positioning and odometer positioning. 
The robot switched the positioning mode according to 
certain criteria. This method can reduce the amount of 
data calculation and balance the accuracy and efficiency 
of positioning. In the experiment, the soccer robot 
travelled a curve at 0.3m/s linear speed, and carried out 
416 positioning, 181 visual positioning and 235 odometer 
positioning. The positioning accuracy is related to the 
position of the robot in the field and is also affected by 
the size of the site, the number and shape of obstacles, 
and illumination conditions. 

IV. VISUAL POSITIONING FEATURES 

The vision self-localization of mobile robots needs a 
reference standard, i.e. road signs, which can be divided 
into artificial landmarks and natural landmarks. Robots 
are easier to recognize artificial landmarks, so they have 
faster positioning speed and accuracy. Maximilian 
Beinhofer [19] optimize the location of landmarks, 
reduce the number of landmarks while ensuring the 
reliability of location, and reduce the number of location 
calibrations, which is suitable for long-term self-location 
operation of mobile robots.  

Natural landmarks are self-localization by directly 
utilizing the color, texture and edge density of 
environmental scenery. The disadvantage is that it is 
susceptible to the change of illumination, and it consumes 
resources to store a large amount of environmental 
information. Environmental features can be summarized 
as shape features and color features. Shape feature can be 
divided into line feature [20] and point feature which can 
also be divided into edge point and corner point. Fairul 
Azni Jafar [21] used the learning algorithm of neural 
network to match the color and shape features to realize 
the self-localization of mobile robot. Under different 
experimental conditions, the recognition success rate is 
more than 91%. Mattia Castelnovi [22] use clustering 
algorithm to match the perception model's color with the 
pre-stored environment model's color to achieve the 
indoor self-localization of mobile robots. However, it is 
susceptible to the influence of illumination and the 
storage environment has limited pixels, so the matched 
environment map is smaller. In addition, visual features 
can also be divided into global appearance features and 
local appearance features. Global appearance features 
include WGII features and WGOH features; local 
appearance features include Harris corners, SUSAN 
corners, SIFT features, SURF features, KLT features, etc. 

V. SELF-LOCALIZATION ALGORITHM 

Absolute location algorithm mainly includes: 

perspective method, line-of-sight method, map matching 

algorithm. El Mustapha Mouaddib [23] describes an 

absolute localization algorithm for mobile robots, which 
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divides the evolutionary region of the robot into 

rectangles limited by angle, matches maps with 

interpretation tree search method, and locates in indoor 

environment with pedestrian interference with a precision 

of 100 mm. Clark F. Olson [24] uses the variant of 

Markov localization algorithm to fit the likelihood 

function of Hausdorff distance of image parameterized 

surface, and then matches the local map with the global 

map by maximum likelihood estimation. He uses the 

branch and bound method to find the best relative 

position, realizes the location accuracy of 0.1M in 

unstructured terrain, and has strong fault-tolerant ability. 

Relative localization algorithm, also known as 

trajectory inference algorithm, will accumulate errors 

over time. Liwei Han [25] proposed a visual inference 

positioning method based on straight line and single 

feature point, which takes two intersecting lines and 

intersections of indoor ceiling as features to carry out 

self-localization of mobile robots. After transforming the 

captured image into gray image, the global search is 

carried out. The average time of each localization is about 

31.8 Ms. The average time of each localization is about 

10.8 ms after introducing local search. The maximum 

error of 945 locations is 27.7 mm, and the average error is 

11.72 mm. If the visual self-localization of mobile robots 

is regarded as an optimization problem, the particle 

swarm optimization algorithm can also solve it well [26].  

Jingchuan Wang [27] used Kalman filter algorithm to 

fuse multi-sensor data to observe landmarks for global 

self-localization. The error between the self-localization 

curve and the expected path was less than 200 mm, and 

the error changes were not cumulative. Ofir Cohen [28] 

proposed an online sensor fusion framework to select the 

most reliable logical sensor and the most suitable 

algorithm for data fusion. 

VI. MAP REPRESENTATION METHOD 

The self-localization map representation of mobile 
robots can be divided into raster map, geometric map, 
topological map, semantic map which adapts to Visual 
Self-localization of Mobile Robots in Semi-static or 
Dynamic Environment [29], Hybrid Map and so on. In 
recent years, there have been many studies on semantic 
mapping of spatial information [30, 31, 32]. Self-
localization of mobile robots requires not only spatial 
information, but also a deeper understanding of the 
environment to improve autonomy and intelligence. With 
the development of artificial intelligence, a high level of 
human-computer interaction mode has emerged, which 
also promotes the robot navigation based on semantic 
map [33, 34]. The representation of the robot’s 
knowledge is shown in the Fig. 3. Traditional map 
representation is static. If a table or chair in space 
randomly changes its position permanently, it will affect 
the accuracy of map representation and generate more 
storage data. A two-layer navigation scheme [35] in 
indoor environment has good recognition and 
classification ability. Hybrid map is a combination of 
several single maps to represent the spatial location of 
mobile robots. Wu Hao [36] constructed a hybrid map 

combining the semantic map based on QR code label and 
topological map. The location accuracy and search time 
are better than the traditional single map representation. 
In addition, there are some MAP-free navigation methods, 
such as optical flow-based navigation [37], appearance-
based navigation [38], behavior-based navigation and so 
on.  

 

Figure 3. Representation of the robot’s knowledge 

VII. SUMMARY AND DEVELOPMENT DIRECTION 

This paper summarizes the research achievements of 

visual self-localization for mobile robots in recent years. 

Visual self-localization technology still has many 

problems to be solved:  

1. Real-time localization problem, a large number of 

image data need to be processed and analyzed by 

computer, which is a great challenge to the computer's 

computing and storage capacity. Most of the research is 

carried out in limited space, because when the space 

expands, a large number of image data will be generated. 

Logarithmic polar coordinate imaging technology [39] 

can reduce data processing time, save resources, and 

enable mobile robots to achieve real-time positioning in a 

wide range. 

2. Occlusion problem, realizing real-time and robust 

localization under occlusion has been puzzling us.  

3. Multi-sensor data fusion problem, the selection of 

effective data among sensors, the efficiency of the fusion 

algorithm and the reduction of error transmission also 

need to be solved.  

In many cases, formation of robots is needed to 
complete tasks. Cooperative localization[40] or map 
creation[41] among robots is also a technical problem. Of 
course, we also hope that robots can perform visual self-
localization in dynamic environment for a long time. 
Bladimir Bacca Cortes [42] proposed a histogram method 
with stable features to solve this kind of problem, and a 
spherical view method [43] can also update the 
topological representation of dynamic environment.  

The visual self-localization system of mobile robot has 

many modular software architectures [44], shared 

libraries and related test platforms [45], which provide 

convenience for developers. 
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