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This paper deals with the problem of robot localization in dynamic corridor environments. If a robot uses only a
LiDAR (light detection and ranging) for its localization, the accuracy of robot localization degenerates as time
goes due to the occlusions by moving people around a robot and the lack of scan features in corridors. This paper
proposes a robust robot localization method with visually adaptive consensus filters (VACF) to solve the problem.
The VACF consists of LIDAR odometry estimation, probabilistic localization, visual odometry estimation, optical
flow recognition, object detection and adaptive consensus filters. To deal with long corridor environments,
optical flow methods are used to correct the robot’s position. For robust localization in dynamic environments,
object detection algorithm is used to detect dynamic objects, and localization algorithms are adaptively used as
input to a consensus filter based on the number of dynamic objects detected. The VACF was tested in real-world
experiments in dynamic corridor environments and showed better accuracy than other existing methods when

compared to pre-determined ground truth points.

1. Introduction

Indoor autonomous driving is a key technology for developing
autonomous robots. In order to perform indoor autonomous driving,
robot localization is the basis for the robot to know where it is. Since
autonomous driving is performed based on the results of localization,
localization is a highly important technology for robot autonomy. Robot
localization is performed using various sensors such as LiDAR, camera,
IMU (inertia measurement unit), and GPS (global positioning system),
each of which has its own advantages and disadvantages. LiIDAR-based
localization algorithms are relatively accurate compared to camera-
based localization algorithms, but they can produce inaccurate locali-
zation results in corridor environments and when there is little change in
features [1,2]. On the other hand, camera-based localization algorithm
is less accurate than LiDAR-based localization algorithm, but it shows
relatively better results in dynamic and corridor environments [3,4].
Therefore, it is necessary to use various sensors to improve the accuracy
of the localization algorithm and to prevent false localization in dynamic
and corridor environments, and various research is being conducted to
address dynamic and corridor environments [5-7].

There are many SLAM and robot localization algorithms that are the
basis for robotic autonomy. GMapping [8] is a representative
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localization algorithm using 2D LiDAR. GMapping is a grid-based SLAM
algorithm that uses a probabilistic grid map to simultaneously estimate
the robot’s position and the map. Particle filter is used to perform the
initialization and resampling process. It initially assumes a number of
probabilistic positions, keeps the best particles, removes the rest, and
repeats the process. With each iteration, the robot’s position and map
information are estimated more accurately. Other 2D LiDAR-based
SLAM methods that use particle filters and grid maps include Hector
SLAM [9] and AMCL [10] (adaptive monte carlo localization). GMap-
ping is generally suitable for environmental mapping, Hector SLAM has
the advantage of fast execution time, and AMCL is useful for accurate
real-time robot localization. Other LiDAR-based localization algorithms
include cartographer [11], EKF-SLAM [12], and FastSLAM [13].
Cartographer algorithm can be performed with 2D LiDAR and 3D
LiDAR, and consists of two main subsystems: local SLAM [14], global
SLAM [15]. First, local SLAM is primarily used to estimate the current
position of the robot and a map of the environment. It utilizes infor-
mation related to the current submap to estimate the robot’s path of
travel and local features of the environment to determine the robot’s
local position. Second is global SLAM. Global SLAM is mainly used to
estimate the overall path and map of the environment. It integrates
multiple submaps and estimates the global position of the robot and a
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Fig. 1. An example of the problem of rank deficiency in corridor environments. (a) A general environment and general LiDAR scan data from it without rank
deficiency. (b) A corridor environment and problematic LiDAR scan data from it with rank deficiency, which may decrease the accuracy of LiDAR scan matching for

robot localization.

map of the environment. Next is EKF-SLAM, which uses the extended
Kalman filter method. It uses the continuously updated Kalman filter
state to estimate the robot’s position and environment map. Finally,
FastSLAM uses particle filters to model the environment and estimate
the robot’s position in a probabilistic manner. Localization algorithms
are performed by employing various sensors, not limited to algorithms
based on LiDAR, for position estimation. In addition to LiDAR, the most
commonly used sensor is camera. Representative localization algorithms
using camera include ORB SLAM [16], LSD SLAM [17], and MonoSLAM
[18]. ORB SLAM has good performance for real-time 3D environment
mapping and robot localization, and LSD SLAM is a large-scale direct
SLAM that is suitable for large-scale environments. MonoSLAM is SLAM
using a monocular camera. RGB-D SLAM uses both RGB image infor-
mation and depth data from the camera and performs better than visual
SLAM that lacks depth information.

Each sensor-based algorithm has strengths and weaknesses. LiDAR-
based SLAM or localization algorithms are relatively more accurate
than camera-based algorithms. But, LiDAR-based algorithms are
vulnerable to dynamic environments or low variation in features such as
corridors. Camera-based SLAM or localization algorithms are more
robust to dynamic environments and corridors than LiDAR-based algo-
rithms, but they tend to be less accurate overall. Therefore, other
methods such as sensor fusion [19], optical flow [20], and consensus
filter [21] are needed for robust localization algorithms in dynamic
corridor environments. There is a lot of research in this area, and the
most popular approach is to recognize dynamic objects and then remove
them from the mapping process without using them [22,23]. However,
these methods are computationally expensive and are likely to lead to
incorrect mapping if dynamic objects are half-covered or poorly recog-
nized. Also, these algorithms don’t consider the corridor environment
with the problem of rank deficiency. In addition, the accuracy of
localization algorithms is vulnerable to decrease in dynamic corridor
environments with data occlusion and rank deficiency problems. For
accurate localization in dynamic corridor environments, it is necessary
to use more than one localization algorithm and to take advantage of the
strengths of each sensor-based localization algorithm.

Therefore, this paper mainly improves the localization algorithm
accuracy for two environments: dynamic environment and corridor
environment. To address the decrease in localization accuracy in
corridor environments, an optical flow method is applied to perform
position correction when position is being incorrectly estimated. To
address the decrease in localization accuracy in the dynamic environ-
ment, adaptive consensus filter is applied to be used adaptively ac-
cording to the number of recognized people. camera and LiDAR-based
localization results are adaptively used to maximize the strengths of
each sensor without removing dynamic objects. A rule-based optical
flow method and a consensus filter method with rapid execution time
are used to efficiently use the strengths of each sensor.

The contributions of this paper are as follows:

e The VACF which integrates object detection, optical flow, and an
adaptive consensus filter has been proposed to achieve robust
localization in dynamic corridor environments.

o The problem of the accuracy of the localization algorithm decreasing
with the Rank Deficiency in corridor environments has been solved
by optical flow-based approach.

e The problem of the accuracy of the localization algorithm decreasing
with scan data occlusion due to dynamic objects which becomes
worse in corridor environments has been solved by an object
detection-based adaptive consensus filter.

e The proposed method was quantitatively compared with several
other methods in real dynamic corridor environments and showed
the better results than the others.

The remainder of this paper is organized as follows. Section 2
describe the problems of LiDAR-based localization in dynamic corridor
environments. Section 3 describes the overall structure of the method
proposed in this paper, the localization algorithms used, and defines the
VACF proposed in this paper. Finally, Section 4 describe the robot
hardware configuration and sensors used, compare the proposed algo-
rithm with other algorithms in a static and dynamic corridor environ-
ment, and analyze the results. The environment is validated by applying
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Fig. 2. An example of the problem of dynamic objects or human in corridor environments. The LiDAR scan data is significantly occluded by dynamic human, which
may decrease the accuracy of LiDAR scan matching for robot localization.

Fig. 3. Overall structure of the proposed method.
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Fig. 4. An example of conducting the optical flow method and calculating velocity vectors. The blue points represent each feature, and each feature has an optical
flow value in each x and y direction. The features on the left and right sides of the image are used to determine the robot’s direction of movement. (For interpretation
of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 1
Pseudo code of optical flow.

Algorithm 1 Optical flow node

Input: Image, Float threshold T
Output: OpticalFlowValue
1: Create Publisher for ‘OpticalFlowValue’ ROS topic
2:Vxyee = LeftSide(Image.resolution,yiqm )
3:VXrigne = RightSide(Image.resolution,iqp)
4: OpticalFlowValue.Avgyy,, = Mean(Vx)
5: OpticalFlowValue.Avgyy,, = Mean(Vyign)
6: if Avgyy,, > T and Avgyy,, > T then // Calculate the current
direction of the robot using optical flow values
7: OpticalFlowValue.Robot _direction = ‘left’
8: else if Avgyy,, < —T and Avgyy,,, < —T then
9: OpticalFlowValue.Robot_direction = ‘right’
10: else if Avgyy,, < —T and Avgyx,, > T then
11: OpticalFlowValue.Robot_direction = ‘forward’
12: else if Avgyy,, > T and Avgyy,, < —T then
13: OpticalFlowValue.Robot_direction = ‘back’
14: else
15: OpticalFlowValue.Robot_direction = ‘stop’
16: end if
17: Publish OpticalFlowValue

Table 2
Pseudo code of object detection.

Algorithm 2 Object detection node

Input: Image
Output: NumofPerson
1: Create Publisher for ‘NumofPerson’ ROS topic
2: NumofPerson = ObjectDetection(Image)
3. Publish NumofPerson

the approach proposed in this paper in both static and dynamic envi-
ronments for the same corridor environment.

2. Problem description
2.1. The problem of rank deficiency in corridor environments

As shown in Fig. 1(a), 2D LiDAR-based localization algorithms
perform strongly in feature-rich environments. However, the perfor-
mance of scan matching can be decreased in situations with low varia-
tion in the scan data, such as corridor environments.

As seen in Fig. 1(b), LiDAR scan data within a corridor environment
is predominantly aligned along a single directional axis, leading to
decreased localization accuracy. In the data presented in Fig. 1(a), the
eigenvalues of each principal component 1 and principal component 2
are comparable. Conversely, in the data shown in Fig. 1(b), the data is
concentrated along principal component 1, resulting in a significantly
larger eigenvalue for principal component 1, while the eigenvalue for
principal component 2 approaches zero. This issue, where scan data is
insufficient in either the x or y direction, is identified as a rank defi-
ciency problem. As demonstrated in Fig. 1(b), the matrix rank is
reduced, leading to a rank deficiency problem. Therefore, for accurate
LiDAR-based localization in feature-poor, long, narrow environments
such as corridors, the integration of camera sensors or other supple-
mentary methods is necessary.

2.2. The problem of dynamic objects in corridor environments

In addition to environments with sparse features, such as corridors,
significant discrepancies between pre-constructed 2D maps and real-
time LiDAR data can adversely impact localization accuracy. As shown
in Fig. 1. (a), even in feature-rich environments, the presence of
numerous dynamic objects poses a challenge for precise robot
localization.

Furthermore, as shown in Fig. 2, in environment with fewer features,
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Table 3
Pseudo code of visually adaptive consensus filter.
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Algorithm 3 Visually adaptive consensus filter node

Input: OpticalFlowValue, NumofPerson, Float Max_Linear_VelocityL, Current_Robot_Direction C, Int threshold ’[;{g"mn, T

LiDAR_Odometry_Estimation LOE, Probabilistic_Localization PL,
Visual_ Odometry_Estimation VOE
Output:Avggy

1: if NumofPerson < T{"  then

human

ax
uman’

2: a; = Compute_a;(LOE, PL) // Compute each g; using (5), Using the LiDAR-based localization results

3: else if NumofPerson > Tj&  then // Using the visual odometry estimation

human
4:a; = Compute_a;(VOE)
5: else
6: a; = Compute_a;(LOE, PL, VOE) // Using all the algorithms
7: end if

8: if OpticalFlowValue.Robot_direction # C then

1
9: AVgpina = ITIZ (a;i + %) // Equation (6), using optical flow values when the robot moves in wrong direction

10: else

1
11: Avgpng = Nz (a;) // Using a normal consensus filter without optical flow values when the robot moves in right direction

12: end if

Fig. 5. The grid map obtained from the first environment.

the occlusion of scan data caused by dynamic objects exacerbates the
difficulty of accurate localization. Therefore, to achieve robust locali-
zation in environments characterized by sparse features, such as corri-
dors, and in dynamic environments with moving objects, an adaptive
consensus filter that leverages the strengths of both camera-based and
LiDAR-based localization algorithms is essential.

3. Proposed method
3.1. Overview of the proposed method

The overall structure of the proposed method is shown in Fig. 3.
Three localization algorithms are used in this paper: LiDAR odometry,

monte carlo localization (MCL), and visual odometry. Both LiDAR and
camera-based localization algorithms are used to improve the accuracy
of the localization. In addition, a computer vision-based algorithm
called optical flow is utilized to solve the problem in a corridor envi-
ronment. Optical flow will be described in more detail in Section 3.2.
Localization based on LiDAR odometry, MCL, and visual odometry al-
gorithms are performed independently, and optical flow is performed by
the camera. To further improve performance in dynamic environments,
dynamic objects are recognized through object detection algorithm, and
a consensus filter is adaptively applied to the localization results of each
algorithm with optical flow according to the number of dynamic objects.
This will be discussed in detail in Section 3.3. The robot operating sys-
tem [24] (ROS) is applied to all the algorithms performed.
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Fig. 7. Robot system configuration.

1) LiDAR Odometry Estimation (LOE).

The cartographer algorithm is used for LiDAR odometry. Basically,
cartographer produces high-performance mapping and localization re-
sults compared to other algorithms. It can be applied to various sensors
such as 2D LiDAR and 3D LiDAR, and has the advantage of being able to
adjust the appropriate parameters according to the surrounding envi-
ronment, so it can improve performance according to the situation. In
addition, the loop closing function, which detects the difference be-
tween the current area and the previously visited area, enables position
correction when a cumulative error in localization occurs. In this paper,

Engineering Science and Technology, an International Journal 64 (2025) 101998

Fig. 8. The result of performing object detection. The dynamic object, i.e. the
number of people, obtained through object detection is used as input to
the VACF.

cartographer is performed using 2D LiDAR and use cartographer for
both mapping and localization. Maps based on localization are created
with cartographer, and maps created with both cartographer and MCL
are used. The maps used will be described in Section 4. In the proposed
method, LiDAR odometry is used in the case where dynamic objects are
not abundant because LiDAR-based robot localization algorithms are
more robust to static environments than dynamic environments.

2) Probabilistic Localization (PL).

MCL algorithm is one of the most popular algorithms for robot
localization. MCL uses a particle filter to determine the position of the
robot, and particles with probabilities are used to represent the potential
positions of the robot. It starts with the assumption that the robot has no
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Fig. 9. The result of performing optical flow. The robot’s direction and robot
velocity vector obtained through optical flow are used as input to the VACF.

information about its current position and could be at any point. The
robot resamples the particles using recursive Bayesian estimation
whenever it detects an object in its environment. By repeating this
process, it gradually gets closer to its true position, and the larger the
number of particles, the more accurate the localization. Among the
various MCL algorithms, the EMCL2 (MCL with expansion resetting)
[25] algorithm is used, which has an expansion resetting feature. EMCL2
performs localization based on the map created by the cartographer
above. As with LiDAR odometry, MCL is used in cases where dynamic
objects are few and far between, as it performs localization based on
LiDAR.

3) Visual Odometry Estimation (VOE).

Finally, ORB SLAM2 [26] algorithm is used for visual odometry. ORB
SLAM2 is a representative visual SLAM algorithm using a camera. It uses
the ORB (oriented FAST and rotated BRIEF) extraction method to extract
features of the environment. It is mainly divided into three threads:
tracking, local mapping, and loop closing. ORB SLAM2 has several build

Engineering Science and Technology, an International Journal 64 (2025) 101998

types. In this paper, the RGB-D build version is utilized, which uses
depth information to show more accurate results than the monocular
and stereo versions. Unlike LiDAR-based localization algorithms, visual
odometry is used in cases with a lot of dynamic objects because it is less
affected by the dynamic environment.

3.2. Optical flow method

The optical flow method is one of the most important concepts used
in image processing and computer vision. Optical flow uses the differ-
ence between the previous and current frames obtained from the input
image to calculate the movement of each pixel through the relationship
between each pixel to determine the motion of objects. The optical flow
method is used in a variety of ways. The Lucas-Kanade [27] and Horn-
Schunck [28] methods are representative. The Lucas-Kanade method
has the advantage of being computationally lightweight and can be
processed in real time. It can accurately trace local behavior, and pro-
vides stable performance with relatively simple implementation. On the
other hand, the Horn-Schunck method can smoothly track the motion in
the whole image and maintain the continuity of the motion. However, it
is computationally intensive, which can be burdensome for real-time
processing. Therefore, due to the processing time, the Lucas-Kanade
method is chosen in this paper. The Lucas-Kanade algorithm has the
following three conditions as prerequisites. 1) Constant brightness. 2)
The flow should be locally smooth. 3) The optical flow in the window
region N(x, y), centered at pixel (y, x), is the same, i.e., it is assumed that
neighboring pixels in the frame move together in the same direction and
that the difference in brightness between the previous frame and the
current frame is zero or very small. The expression for the first of these
three prerequisites can be expressed as follows:

I(x,y,t) =I(x+dx,y +dy,t+dt) (@D

In the equation (1), I(x,y,t) represents the brightness at time t. Pre-
requisite 2 asserts that dt assumes a considerably small value to ensure
the smoothness of time t with minimal motion. Consequently, by
employing Taylor’s formula on (1) and disregarding terms of higher

Fig. 10. Localization results with the map of the first environment. Red corresponds to MCL, blue to LiDAR odometry, green to visual odometry, and yellow to VACF
proposed in this paper. (a) Results of each localization in a static corridor environment. (b) Results of each localization in a dynamic corridor environment. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 11. Results of each localization algorithm trajectory in a static and dynamic corridor environment including proposed method used map of the first envi-
ronment. Red corresponds to MCL, blue to LiDAR odometry, green to visual odometry, yellow to VACF proposed in this paper, and X is ground truth point. (a) Results
of each localization trajectory in a static corridor environment. (b) Results of each localization trajectory in a dynamic corridor environment. (For interpretation of
the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 4
Quantitative average comparison results for static corridor environments used
map of the first environment.

- X(m) Y(m) 0(angle)

MCL[25] 0.0792 0.0801 0.825

LiDAR 0.108 0.0985 0.604
Odometry[11]

Visual 1.032 3.137 1.2
Odometry[26]

VACF(Proposed.) 0.063 0.079 0.563

Table 5

Quantitative average comparison results for dynamic corridor environments
used map of the first environment.

— X(m) Y(m) O(angle)
MCL[25] 1.3904 0. 3878 1.298
LiDAR Odometry[11] 1.5445 0.394 1.139
Visual Odometry[26] 1.1045 1.4301 1.607
VACF (Proposed.) 0.081 0.0527 1.0304

Table 6
Quantitative average comparison results for static corridor environments used
map of the second environment.

— X(m) Y(m) O(angle)
MCL[25] 0.0908 0.0736 0.564
LiDAR Odometry[11] 0.0301 0.0605 0.509
Visual Odometry[26] 0.089 0.0825 1.032
VACF (Proposed.) 0.0303 0.0412 0.387
order, equation (2) is derived in the subsequent manner:
ol ol ol
Wt +-=0 2
ox ™ ay” ot &)

Define oI /ox as I, oI/dy as I, 0l /ot as I,, each is represented by the
brightness gradient of one pixel. v,, v, are the optical flow solutions in
each x, y direction. Expressing (2) as a matrix is equivalent to (3), and
expressing (3) as AV = c finally yields V(v,, vy), the optical flow solution.

Table 7
Quantitative average comparison results for dynamic corridor environments
used map of the second environment.

- X(m) Y(m) 6(angle)
MCL[25] 0.0467 0.0609 0.49
LiDAR Odometry[11] 0.039 0.0473 0.348
Visual Odometry[26] 0.034 0.56 1.01
VACF (Proposed.) 0.0297 0.03409 0.288
La In —In
Lo Ip ||y Ly
= 3)
Vy

Lo Ln In

ATAV = ATc—»V = (ATA)'A"c (4)

An example and the pseudo code of conducting the optical flow
method and calculating velocity vectors are shown in Fig. 4 and Table 1,
respectively. The final velocity vectors v, and v, are used for robot ve-
locity input commands in each of the x and y directions. Within a single
image frame, the values of the pixels on the left and right sides of the
frame are calculated in the form of a matrix, which is represented by the
value of the velocity vector. These two velocity values are used to obtain
four states about the robot’s direction: “left”, “right”, “forward”, and
“back”.

In summary, the velocity vector value V(vy, v,) and the robot’s di-
rection information is obtained by performing optical flow. The robot’s
direction information is used to determine whether the current locali-
zation is incorrect, and the velocity vector value is used to correct the
robot’s position when it is determined that the localization is incorrect.
For example, in a long corridor section, if the robot is currently moving
forward and the localization result is increasing backward or stuck, it is
determined that the localization is incorrect and the velocity vector
value is applied appropriately to correct the incorrect position. This will
be discussed in more detail in Section 3.3.
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Fig. 12. Localization results with the map of the second environment. Red corresponds to MCL, blue to LiDAR odometry, green to visual odometry, and yellow to
VACF proposed in this paper. (a) Results of each localization in a static corridor environment. (b) Results of each localization in a dynamic corridor environment. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 13. Results of each localization algorithm trajectory in a static and dynamic corridor environment including proposed method used map of the second envi-
ronment. Red corresponds to MCL, blue to LiDAR odometry, green to visual odometry, yellow to VACF proposed in this paper, and X is ground truth point. (a) Results
of each localization trajectory in a static corridor environment. (b) Results of each localization trajectory in a dynamic corridor environment. (For interpretation of
the references to colour in this figure legend, the reader is referred to the web version of this article.)

3.3. Visually adaptive consensus filter

Consensus filter algorithms have gathered a lot of research and
attention in areas such as multi-sensor fusion and sensor networks.
Consensus filters can be applied in several ways, among which the
average consensus algorithm [29] is used. The average consensus filter is
a commonly used method for solving for an average solution. In a
network with N nodes, assume that each node, denoted by i, has a state
a;. The goal is to find the average solution of these node states. Each

node in the Average consensus filter algorithm starts by initializing its
consensus state to a; = a; (0), and then iterates to compute the average
value. The single-step consensus formula is given by (5).

JEN;

a(K) =a(K-1)+e) (q(K—1) - a(K-1)) )

1 v
AVina = Z(ai + (Z)) (6)
1
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where q;(K —1) is the previous value of the neighboring node, a;(K —1) is
the previous value of its own node, the number of nodes N, the current
state K, and the ratio parameter €. Repeat for the number of nodes N to
find the current value q; for that node, and use equation (6) to derive the
final consensus mean value Avgg,,. We reformulate the consensus
average formula by adding the v/L. where v is the optical flow solution
obtained in Section 3.2, and L is the maximum linear velocity parameter
of the robot. This can be adjusted according to the maximum linear
velocity of the used robot.

In addition, to deal with dynamic environments, object detection
algorithm is used to recognize dynamic objects such as people, and a
consensus filter is adaptively applied according to the number of people.
If there is no or single person in the environment, the LiDAR-based
localization algorithm is mainly performed because it can overcome
the LiDAR data distortion and occlusion problems when their portion is
not large. However, if there are many people in the environment, the
VIO estimation algorithm is conducted because the VIO estimation al-
gorithm is more robust than the LiDAR-based localization algorithm
when the LiDAR data distortion and occlusion portion is large. Except
for these two cases, all the algorithms are conducted to find the
consensus on robot localization. The details of this process are included
in Table 3. Table 3 shows the pseudo code for the VACF. The parameters
Tpin ., Tmex can be appropriately adjusted by experiments.

In Table 3, NumofPerson is the number of dynamic objects, i.e. peo-
ple, currently recognized by object detection, N is the number of local-
ization algorithms used in the final result, and the inputs of a; to be
computed are represented by PL, LOE, and VOE, respectively.

The value obtained by performing the optical flow is used as one of
the inputs. In addition, the number of currently recognized dynamic
objects (people) obtained through object detection in Table 2 and the
localization results of PL, LOE, and VOE are used as inputs, respectively.
Depending on the value of the parameter NumofPerson, the inputs to the
Final Position are changed. Equations (5) and (6) correspond to the
Compute the Final Position in the pseudo code in Table 3. The VACF
function is the function that performs all the calculations of the proposed
method, including calculating the final position of the robot. The final
output is the Avgg, variable, which is the position of the robot applied
with the VACF.

4. Experimental results
4.1. Environmental setup

The experimental environment is compared for static and dynamic
environments for each map of the environment. Each map of the envi-
ronment contains two long corridor segments with few features. The
maps used in the experiments are shown in Fig. 5 and Fig. 6. Both en-
vironments are large-scale, covering an area of about 3000 square me-
ters, and include long corridor sections of about 60 m. To validate the
proposed method for dynamic environments, it is compared for both
static and dynamic environments for each map. The dynamic corridor
environment is defined as an environment with the following condi-
tions: 1) one or more long corridor segments. 2) one or more dynamic
objects such as a person or a group with unpredictable trajectories.

4.2. Robot and sensor system HW/SW configuration

The mobile robot and sensor system configuration for real experi-
ments is shown as Fig. 7. The sensor system consisted of a LiDAR sensor
and a camera sensor on the top front. The camera was used to perform
dynamic object detection, optical flow, and visual odometry, and the
LiDAR was used to perform MCL and LiDAR odometry localization
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algorithms. The entire algorithms were implemented based on ROS and
conducted on a laptop.

4.3. Experimental results and analysis

The results of the object detection algorithm and optical flow per-
formed using the camera are shown in Fig. 8 and Fig. 9, respectively. The
number of dynamic objects currently being recognized is obtained
through object detection, and the velocity vector value and robot di-
rection are obtained through optical flow. The number of dynamic ob-
jects, velocity vector values, and robot direction are all used as inputs to
the VACF.

Applying the map of the first environment shown in Fig. 5, the
localization results in a static environment are shown in Fig. 10(a).
Fig. 10(a) shows the localization results of each algorithm using ROS
visualization tool in a static environment, and Fig. 11(a) shows the
corresponding trajectory results in a static environment used map of first
environment. For comparison of results, MCL, LiDAR Odometry, and
Visual Odometry are used. First, MCL is a Rao-Blackwellized particle
filter (RBPF)-based localization algorithm and popular when a LiDAR
sensor is used. Second, the LiDAR odometry, Cartographer developed by
Google, is also a widely-used algorithm when a LiDAR sensor is used.
Finally, the visual odometry algorithm, ORB SLAM2, is also a widely-
used algorithm when a visual sensor is used. The most used and
powerful algorithms are used for the comparison. In Fig. 10 and Fig. 11,
red corresponds to MCL, blue to LiDAR odometry, green to visual
odometry, and yellow to proposed VACF in this paper. Except for the
proposed method in this paper, all of localization algorithm results show
pure localization results without applying the VACF. Except for the vi-
sual odometry algorithm, which is not affected by the corridor envi-
ronment, the results of MCL and LiDAR odometry algorithms are
affected, although the difference is small.

The start point is at the far end of corridor 1, and the destination is at
the end of corridor 3. The bottom left corner in Fig. 10 is the same start
point as the bottom left corner in Fig. 11, and the bottom left corner in
Fig. 11 corresponds to the origin. The ground truth values were obtained
by specifying a few points in advance. The quantitative comparison re-
sults for localization in a static environment used map of the first
environment are shown in Table 4. The result of comparing the pre-
dicted localization result (x, y, 0) with the pre-specified GT using the
RMSE (Root Mean Square Error), the proposed method in this paper
shows the best results, and secondly, the MCL algorithm shows good
results overall. In Tables 4-7, bold indicates the best result and under-
line indicates the second-best result. The RMSE equation used for vali-
dation is shown in (7). For x, y, 0 (pred), calculate the RMSE result for
each environment by comparing the error to the predetermined ground
truth (gt) at the same timestamp.

RMSE = 7

The results of localization in a dynamic corridor environment used
map of the first environment are shown in Fig. 10(b) and Fig. 11(b).
Unlike a static environment with no dynamic objects or changes in the
surrounding environment, differences exist in whether the door is open
or closed, changes in static obstacles, and dynamic objects. A dynamic
environment includes one or more dynamic objects, such as people or
groups, with unpredictable trajectories. The colors corresponding to
each algorithm are the same as in the static environment, and it can be
seen that the method proposed in this paper shows the best results. The
quantitative comparison results for localization in dynamic environ-
ments used map of the first environment are shown in Table 5.
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Compared to the quantitative comparison results in a static environ-
ment, the presence of dynamic objects and changes in static obstacles
definitely affect the robot localization. In summary, the overall results
show that the method proposed in this paper is effective for robust
localization in dynamic corridor environments.

The localization results of each algorithm with map of the second
environment shown in Fig. 6 are shown in Fig. 12 and Fig. 13. Second
environment is a slightly larger environment than first environment and
similarly has two corridor segments. Fig. 12(a) shows the localization
results of each algorithm in a static environment, and Fig. 12(b) shows
the localization results of each algorithm in a dynamic environment
using ROS visualization tool. The trajectory results of each algorithm’s
localization in the static and dynamic environments used map of the
second environment are shown in Fig. 13. The quantitative average
comparison results of applying map of the second environment in a
static environment are shown in Table 6. And the quantitative average
comparison results of used map of the second environment in a dynamic
environment are shown in Table 7. The results in Table 6 and Table 7
show that the proposed method in this paper is more effective than other
methods in both static and dynamic corridor environments.

5. Conclusion

In this paper, a robust robot localization method with the VACF was
proposed to solve the problem of robot localization in dynamic corridor
environments. The VACF consisted of LiDAR odometry estimation,
probabilistic localization, visual odometry estimation, optical flow
recognition, object detection and adaptive consensus filters. The pro-
posed method was tested by real-world experiments in dynamic corridor
environments and showed better accuracy than other existing methods
when compared to pre-determined ground truth points. In future work,
the proposed method will be extended to deal with other complex en-
vironments such as glassy environments or illumination changing.
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