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In this paper, we propose a novel method for mobile robot localization and navigation based on multispectral visual odometry (MVO). The
proposed approach consists in combining visible and infrared images to localize the mobile robot under different conditions (day, night,
indoor and outdoor). The depth image acquired by the Kinect sensor is very sensitive for IR luminosity, which makes it not very useful for
outdoor localization. So, we propose an efficient solution for the aforementioned Kinect limitation based on three navigation modes: indoor
localization based on RGB/depth images, night localization based on depth/IR images and outdoor localization using multispectral
stereovision RGB/IR. For automatic selection of the appropriate navigation modes, we proposed a fuzzy logic controller based on images’
energies. To overcome the limitation of the multimodal visual navigation (MMVN) especially during navigation mode switching, a
smooth variable structure filter (SVSF) is implemented to fuse the MVO pose with the wheel odometry (WO) pose based on the variable
structure theory. The proposed approaches are validated with success experimentally for trajectory tracking using the mobile
robot (Pioneer P3-AT).
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1. Introduction Different sensors and techniques exist to estimate the
position and orientation of the robot, among which are
The major problem of mobile robotics is autonomous nav- odometry [6,7], inertial system (INS), GPS and LASER [8].

igation [1,2], which means that the mobile robot must be  However, in recent years, the use of vision in mobile ro-
able to build a map, locate itself within this map and per-

form the requested mission. So the mobile robot has to
perform three basic tasks: localization, planning and navi-
gation. Localization relative to the environment is of po-
tential importance as it determines the smooth running of
the other two tasks. It consists in calculating and main-
taining the knowledge of the robot’s position and orienta-
tion in an absolute reference linked to the environment
work [3]. To achieve localization, a robotic system must be
able to perceive the environment in which it evolves and
calculate its position (estimate its position) [4,5].

botics has always attracted researchers because of the
analogy we can make with the human localization system.
Localization methods based on vision [9] (SLAM, visual
odometry) [10] are largely developed in recent years es-
pecially on visible images captured by one or more mon-
ocular cameras [11].

Classical visual localization uses visible images and it
suffers from several problems, such as features’ extraction
and matching, perceptual aliasing and nighttime localization.

Many solutions are proposed in the literature to over-
come these limitations; in Ref. 12, the authors have
proposed an approach based on integrate point-cloud seg-

Received 15 Aprll.2021; Accepted 6 September 2021; Pyb.hShEd. 27 mentation with 3D LiDAR scan-matching for mobile robot
November 2021. This paper was recommended for publication in its revised

form by editorial board member, Zhi Gao. . localizz_:ltion and ma}pping. Anot.her solution has be_e_n pro-
Email Addresses: thenyounes.fahima@gmail.com, Skarim_nemra@yahoo.fr posed in Ref. 13 which consists in computer stereovision for
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autonomous driving, where the authors talk about visual
feature detection, description and matching. Xuyou Li et al
in Ref. 13 proposed to use 6 DoF simultaneous localization
and mapping (SLAM) using the standard ICP method and its
variants. A new algorithm is illustrated in Ref. 14, where the
authors propose a multimodel EKF integration navigation
algorithm and estimate the measurement errors of beacons
online.

In this paper, a novel method for multispectral visual
odometry (MVO) for mobile robot localization and naviga-
tion is proposed. Unlike the classical visual odometry [9,10],
the proposed MVO consists in combining visible and infra-
red images to localize the mobile robot under different
conditions (day, night, indoor and outdoor). Similar to the
visual odometry algorithms, the MVO algorithm is based on
two main steps: first, 3D landmarks are localized in the word
frame using multispectral images (RGB, IR and depth images)
from the Kinect sensor [15,16]. Second, constructed 3D
landmarks are associated in order to localize the mobile robot.

The depth image acquired by the Kinect sensor is very
sensitive to IR luminosity because the infrared sensor is
parasitized by the sunrays [17], which makes it not very
useful for outdoor localization. Moreover, an RGB camera
requires enough lighting to be used for features’ extraction
during nighttime. Thus, in order to make the Kinect more
useful, we propose an efficient solution for the Kinect lim-
itation based on multimodal visual navigation [13]. The
proposed solution combines the Kinect data (RGB image, IR
image and depth image) [17-19] in three navigation modes:
indoor localization mode based on RGB/depth images,
nighttime localization mode based on depth/IR images and
outdoor localization mode using multispectral stereovision
RGB/IR. The latter is very important to extend the utility of
the Kinect sensor in outdoor environment. For automatic
selection of the appropriate navigation modes, a fuzzy logic
controller (FLC) is proposed using multispectral images’
energies as the input and navigation modes as the output.
To improve the robustness of the proposed algorithm and
to overcome the limitation of the multimodal visual navi-
gation especially during navigation mode switching, the
MVO pose is fused with the wheel odometry (WO) pose
using, first, an extended Kalman Filter (EKF) and second, a
smooth variable structure filter (SVSF). The latter does not
make any assumption about noise characteristics and pro-
vides a robust estimation of the mobile robot pose from
multiple sensors. When visual information is not available,
the WO localization system will be used. The proposed
approaches are validated and evaluated experimentally for
a trajectory tracking problem with the mobile robot (Pio-
neer P3-AT). Many scenarios are considered in indoor,
outdoor and during nighttime. Good results of 3D features’
estimation and mobile robot localization and navigation are
obtained under any conditions.
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Fig. 1.

Pioneer mobile robot.

The main contributions of this article are, first, the
proposition of a new MVO for multimodal localization for
mobile robots. Second, optimal and robust fusion of the
MVO and WO pose using the EKF filter and SVSF. Finally,
a FLC has been proposed for automatic selection of the
suitable navigation modes (indoor, outdoor or nighttime)
using images’ energies. These contributions are validated
in simulation and experimentally using the mobile robot
P3-AT (Fig. 1).

This paper is organized as follows, first, in Sec. 2, we will
talk about system modeling (process and observation
model) for the mobile robot and Kinect sensor. Second, in
Sec. 3, the 3D estimation using multispectral vision is de-
scribed. Third, in Sec. 4, we will present the MVO for mul-
timodal navigation (MMN) as well as the MVO algorithm
based on the ICP-SURF algorithm. After that, in Sec. 5, the
SVSF is presented, and then we will talk about mobile robot
localization using EKF-MVO and SVSF-MVO algorithms. In
Sec. 6, we present the strategy of navigation mode selection
using FLC; before ending, experimental validation, results
and discussion are given in Sec. 7. Finally, in Sec. 8 a
conclusion is presented.

2. Mobilization

2.1. Mobile robot model

The mobile robot, Pioneer P3-AT (Fig. 1), is a non-holonome
four-wheel robot. This kind of robot is unable to make in-
stantaneous translations parallel to the axis of the wheel.
Such a move requires many maneuvers [20].

The kinematic modeling of a mobile robot makes it
possible to obtain the trajectory that it must describe by
knowing its initial configuration and its translational and
rotational speeds.

The mobile robot moves in 2D environment. The robot
pose vector is given by R = (x,,y,,0)7, with (x,,y,) being the
coordinates of the robot in the global coordinate system
and 6 being the robot orientation in the global frame (Fig. 2).
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Fig. 2. Presentation of robot in the global frame.

The non-holonomic constraint is written as follows [10]:

y -sin(f) —y - cos(#) = 0. (1)

From Fig. 2, we get
X, = V{cos(d) — V! sin(6),
yr= V&sin(0) — V! cos(0), (2)
0=,

where V¥ and V are the robot translation speeds along the
x and y axes of the local coordinate system linked to the
robot, respectively, and V, is its rotation speed.

As the robot does not move sideways, i.e., V{ = 0, so the
cinematic model of the robot will be as follows:

X.= V,cos(h),
Yr= V,sin(6), (3)
6="1,.

2.2. Observation model

A standard visual sensor collects Red, Green and Blue (RGB)
wavelengths of light. Multispectral sensors are able to col-
lect, in addition to visible wavelengths, many infrared ra-
diation wavelengths [21]. Multispectral imaging combines
many spectral bands (from 3 to 15 nm) (Fig. 3).

We have chosen the Kinect 360 V1 because it is less
expensive and not greedy in computing time (Fig. 4).
However, as we have already mentioned above, its opera-
tion is limited because the infrared sensor is parasitized by
the sunrays; furthermore, it cannot observe objects within a
range less than 500 mm. The Kinect camera principal is
based on structured light; it contains two cameras, an RGB

Fig. 3. Multispectral bands.

Fig. 4. The kinect sensor which was released by Microsoft.

camera that provides visible specter and an IR camera
which acquires near infrared (NIR) images. To provide the
depth image of the 3D observed scene, a 3D LASER pro-
jector is combined with the IR camera. Stereovision be-
tween an RGB and an IR image is called multispectral
stereovision.

2.3. Kinect sensor

The Kinect appeared on November 4, 2010, as an accessory
to Xbox 360 console. It is a device developed by PrimeSense
in collaboration with Microsoft. In January of 2012, more
than 18 million units were sold. In February of 2012, a
version for Windows was released [18,22].

The Kinect sensor is able to provide the RGB image, IR
image and depth image simultaneously. Figure 5 shows
different images taken from the Kinect sensor.

The sensor is used in Xbox 360 gaming console for
control free game experience.

3. 3D Estimation Using Multispectral Vision

3D reconstruction from stereo images refers to the tech-
nique of obtaining a 3D representation of a scene from a set
of images under different viewpoints. Furthermore, the
problem of 3D estimation consists in combining several 2D
representations of the same area to reconstruct it in three
dimensions.

In our work, we propose three approaches for 3D estimation
using different images acquired from the Kinect sensor under
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Fig. 5. Kinect provided data: RGB image (left), depth image (middle) and infrared image (right).

and good results of features’ correspondence are obtained,

after a step of processing of the IR image. This step is used to

improve the quality of the IR image, in order to facilitate
IR/DEPTH features’ extraction and matching with the RGB one, (Fig. 7
shows the previous steps). This treatment is mainly based on
scale transformation and histogram adjustment.

To evaluate the average depth precision for ten (10)
points located at the same distance from the Kinect sensor.
IR/DEPTH To realize this experiment, we have fixed the Kinect on a
Indoor during support facing a checkerboard. We have moved the Kinect

day sensor along the Z axis and measured the real distance
between the camera and the 10 points fixed on the check-
erboard each time. Several tests have been carried out by

RGB/IR

Outdoor
during day

During
night

Fig. 6. Multimodal 3D estimation (day, night, indoor and outdoor).

different conditions (day, night, indoor and outdoor), according Camera

to Fig. 6. Kinect
As shown in Fig. 6, in indoor environment and during

day, the combination of RGB and depth images is used for

3D estimation; this combination is allowed only when the v v

depth image is available, and this is possible only in indoor Indoor H Nighttime P

environment because the IR infrared projector is highly

L ] 1 J
parasitized by sunlight. \ \l/ Q’ \1/ Q'\

During nighttime as well as in dark area, the quality of Depth rRGB L R

Outdoor

~

the RGB image decreases significantly. In this case, the only [

solution for 3D estimation is to combine IR and depth

images to estimate the 3D coordinate of the environment. A 4 v A 4
The major limitation of the Kinect sensor is its sensitivity P IR image

to face sunlight, which makes it inefficient in outdoor en- MapColorFrame  |€ processing

vironment. The presence of sunlight infrared radiation

highly disturbs the Kinect IR projector leading to inaccurate

depth measure. As a solution, we proposed a multispectral 7 \L 7

stereovision algorithm that combines RGB and IR images to

estimate the features’ depth. One of the major challenges in b Z Intrinsic Feature extraction

computer vision [23], and stereovision in particular, is the (mm) parameters and matching

correspondence/matching problem [24]. This task is

proved possible when applied on images of the same ¥ v

spectral band and very challenging on images captured with
sensors operating in different spectrum such as visible Estimation of (X, Y, Z) (mm)
(RGB) and infrared (IR) [25]. For this reason, we proposed
to use features’ extraction matching based on local invariant, Fig. 7. 3D estimation using (RGB/depth/IR) images.
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Table 1. 3D estimating accuracy.
Day indoor Day outdoor Night

Position RGB/DEPTH RGB/IR IR/DEPTH

(mm) Z €[800 2000] Z € [1400 2200] Z € [800 2000]

X (mm) oy =07 oy =15 oy =10

Y (mm) o, ==10 o, =20 o, =15

Z (mm) o, =30 o, =37 o, =33

moving the sighting device following the Z axis from
800 mm to 2800 mm.

The following table summarizes the obtained results of
3D estimating accuracy in the three aforementioned cases.
X, Y and Z as well as the standard deviation are estimated
using 100 points with known coordinates.

Precision of estimation for the three approaches of depth
estimation is illustrated in Table 1. Overall, 3D estimation in
indoor, outdoor and during night is accurate and suitable
for localization and navigation of unmanned vehicles. A
depth error smaller than 37 mm is obtained for a distance of
2400 mm which corresponds to a relative error of 1.85%
which represents a good precision for mobile robot navi-
gation. In order to maintain a good localization, during
navigation the observed points with depth > 2400 mm will
not be considered. In the next section, visual odometry
based on 3D point estimation is developed for mobile robot
localization and navigation using the Kinect sensor.

4. Multispectral Visual Odometry

Visual odometry is defined as the process of estimating the
robot’s motion (translation and rotation with respect to a
reference frame) by observing a sequence of images of its
environment.

For every new image I, (or image pair in the case of a
stereo camera or Kinect), the first two steps consist of
detecting and matching 2D features in consecutive frames.
Image features that are the reprojection of the same 3D
features across different frames are called 2D/3D image
correspondences [26].

4.1. Multispectral visual odometry for multimodal
navigation

In this paper, the localization algorithm based on MVO using
the Kinect sensor is proposed for Multimodal Navigation
(MMN) [27]. Three modes of navigation are considered:
indoor navigation, outdoor navigation and nighttime navi-
gation. For every new observation given by the Kinect, a 3D
estimation (P}) of the observed features is obtained using
the available images at time i, according to the navigation
mode (Fig. 6). The next step of the MVO is the estimation of

Z2nd Reading

Multispectral Visual Odometry Using SVSF for Mobile Robot Localization 277

the robot pose (translation and rotation) by minimizing the
criterion through the following equation [28],

1 Y . .
FRt) =+ D IRP + 1) — Pi|%. (4)
k=1

4.2. Multispectral visual odometry algorithm
based on ICP-SURF

To minimize the criterion given in Eq. (4), an iterative
closest point (ICP) algorithm combined with a SURF de-
tector/descriptor is proposed. In this case, the pose esti-
mation consists in two steps. The first step involves finding
the correspondence between two consecutive 3D scans
using SURF detection and matching. The second step is to
estimate the geometric transformation (rotation and
translation) by minimizing the mean square error (MSE)
between two consecutive scans (Fig. 8). Using the SURF
descriptor for points’ association significantly decreases
the computation time of the ICP algorithm, and the esti-
mated pose will satisfy the convergence criterion quickly.

Kinect
Camera

Image acquisition

o] T ] [+7

Converts the IR image
RGB image pre-
to Gray processing

v v

[ Multispectral Stereovision

v

Construction of 3D Cloud
- W/
RANSAC filter

v

ICP algorithm

\

Pose estimation

Step 1 —

Step 2 ‘{

Fig. 8. MVO algorithm using ICP-SURF algorithm.
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The principal of iterative closest SURF points’ (ICP-SURF)
algorithm for visual odometry [29,30] is represented in the
following flowchart:

5. Data Fusion for Localization

In certain scenarios, in which the visual information is not
available (bad weather or dark area), few number of SURF
features are detected; thus the MVO algorithm [27] provides
poor localization performances. Furthermore, when the
mobile robot switches from the navigation mode to another
navigation mode, the MVO may lose the estimated position.
As a solution, in this paper, we propose to combine the MVO
pose with the mobile robot WO pose using an extended
Kalman filter [31,32]. The use of an additional sensor (WO)
can maintain a suitable pose estimation and overcome MVO
limitations. Moreover, the proposed EKF-MVO algorithm
allows the localization algorithm to maintain an accurate
position when switching between different localization
modes (Fig. 9).

5.1. Mobile robot localization using EKF-MVO

The EKF is a well-known nonlinear version of the linear KF
Algorithm [33]; it adopts the linearization method of the
nonlinear function which takes the Taylor expansion to

Wheel

Kinect
Odometer

RGB DEPT IR

Outdoor

v
3D Cloud of point Px

v

Multispectral Visual Odometer

Indoo

EKF/SVSF
v

Mobile Robot Position and Orientation

Fig. 9. Multimodal localization using multispectral visual odometer.
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approximate the battery nonlinear function into a linear
function [34,35],

Xy = f(Xk-1, Uxk—1) + Wy, (5)
Zg = h(Xy) + V. (6)

The model and implementation equations for extended
Kalman filter are defined as follows:

Prediction:
Xik1 = F(Xe), (7)
Pijk-1 = F(X¢)PeFT (X¢) + Q. (8)
Update:
T -
Kq = P (H Py - H 4R (9)
Xie = Xiejx—1 + Ki[Zx — h(Kijx-1)], (10)
Py = Py — KgHPy 1, (11)

where X, is the predicted state vector, Xi/k-1 is the es-
timated state vector, K is the Kalman gain matrix, Py is the
covariance matrix, F is the Jacobian matrix of the state
equation f with respect to the state vector X;,, and the
noise variable Wy, Hy,, is the Jacobian matrix of the mea-
surement h with respect to the state vector X;,; and the
noise variable V} [34].

5.2. Mobile robot localization using SVSF-MVO

The SVSF is a predictor-corrector filter. This filter is based
on the sliding mode control and estimation techniques,
mostly used for the state and parameter estimation of a
dynamic system whether linear or nonlinear, accurate fault
detection, estimation and tracking applications.

The SVSF defines a hyperactive plane, which is referred
to as the sliding surface and applies a discontinuous force
on the estimate to make it reach the hyperactive plane in
two stages: prediction and update stages. The estimates in
each stage remain within the subspace surrounding the
sliding hyperactive plane, referred to as the existence sub-
space as illustrated in Fig. 10. During each stage, an artificial
noise referred to as chattering is created depending on
uncertainties and the SVSF coefficient matrix Y. Chattering
obtained in the prediction stage is referred to as the sec-
ondary indicator of performance. Conversely, chattering in
the a posteriori estimate decays with time by the factor Y*;
therefore no information could be obtained.

The goal of SVSF is the attitude estimation of the mobile
system by fusing inertial data with the three GPS antenna
data. The convergence of the SVSF results in a switching
around the system state. The way of switching depends on
the smoothing subspace presented by the width 6, and
the existence subspace presented by the width 3, which
represents the model uncertainties (modeling errors and
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Fig. 10. The SVSF concepts.

measurement noise). If § > (3, the estimated state trajectory
is smoothed (Fig. 3). Whereas, if § < §, the chattering
phenomenon appears owing to the underestimation of
uncertainties (Fig. 4).

The estimation process is iterative and may be summa-
rized by the following set of equations [36,37]:

The predicted state:

Xk+1/k :f(j(k/kv Uk)a (12)
the corresponding predicted measurement:
Zioak = h(Xeoa ), (13)
the a priori measurement error:
Exi1jk = Zke1 — Zipa /i (14)

and the (SVSF) gain:

Kiy1 = (Hipa) "diag[(|Exrayul + Vi)
x sate(p ' Ejq k)] * [diag(Exr1/6)] ", (15)

where

H: the linearized measurement matrix,

~: the convergence rate matrix with ((0 <; < 1)),

: the smoothing boundary layer width,

°: the Schur (or element-by-element) multiplication, the
superscript,

+: the pseudoinverse of a matrix and

@~ : the diagonal matrix constructed from the smoothing
boundary layer vector ¢,

with

sate(p '« Eyyq k)
1 it * B> 1

= @i B —1<@i'*Eqap<1. (16)

-1 @it * By < —1

The updated state estimate:

Xt 1 = Xesyie + Ko * ke (17)
The updated measurement estimate:
Zis1jirr = MXstjien)- (18)
The posterior measurement error:
Ek+1/k+1 = Zk+1 - 2k+1/k+1- (19)

6. Automatic Selection of Navigation Mode

The main challenge in multimodal navigation (MMN) is the
switching condition between different modes (indoor, out-
door and nighttime). The mobile robot should automatically
detect which mode of navigation is required following the
availability of data. In our work image, energy was used as
criteria to automatically switch between localization modes
[38]. For example, during nighttime, the energy of the RGB
image decreases significantly less than the threshold; thus
MVO-SVSF and MVO-EKF algorithms based on RGB/depth
and RGB/IR cannot be used; on the other hand, the MVO-
EKF and MVO-SVSF based on IR/depth images are more
appropriate in this navigation mode.

6.1. Images energy calculation

In this paper, image energy is used as criteria to automati-
cally switch between localization modes. The energy of
image I of size N x M can be calculated as follows:

Image energy = E

N M
=333 1(i,j)%/(255 « N« M).
7

i=1 j=1

(20)

In this case, the image energy is normalized between [0, 1].
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(a] ERGB =0.9588

Fig. 11.

(b) Egepen = 0.7363

(C) E]R =0.1385

Indoor localization: (a) RGB image, (b) IR image and (c) depth image.

Nz
] Ry,

[

s
|

(a) Eggg = 0.5982

Fig. 12.

. &

(a) Ergp = 0.0194

Fig. 13.

Figure 11 illustrates three images (RGB, depth and IR)
acquired by the Kinect sensor in indoor environment; as can
be seen, RGB and depth images have significant energy
compared to the IR image energy. In this navigation mode,
the EKF-MVO based on RGB/depth is more suitable for
mobile robot localization. Images acquired (RGB, depth and
IR) in the outdoor navigation mode are presented in
Figs. 12(a)-12(c). As can be seen, the RGB and IR images
have significant energy compared to the depth image en-
ergy (the IR projector is highly affected by the IR sunlight).
In this navigation mode, the EKF-MVO based on RGB/IR is
more suitable for mobile robot localization. During night-
time, as shown in Fig. 13, depth and IR images have sig-
nificant energy compared to the RGB image energy. In this
navigation mode, the EKF-MVO based on depth/IR is more
appropriate for mobile robot localization.

(b) Edepth =00

e

(b) Eqepen = 0.8831

(c) Err = 0.7974

Outdoor localization: (a) RGB image, (b) IR image and (c) depth image.

() Er = 0.1179

Night localization: (a) RGB image, (b) IR image and (c) depth image.

When visual information is not available, the MVO lo-
calization is not possible and the WO will be used to localize
the mobile robot.

Table 2 illustrates the suitable navigation mode follow-
ing image energies (Egpgg: energy of the RGB image, Epepw:
energy of the depth image, and Ejg: energy of the IR image).

6.2. Automatic navigation mode selection using fuzzy
logic controller

To ensure automatic and smooth switching between navi-
gation modes when a new environment is detected, a
switching FLC is proposed. The switching FLC has three
inputs (images’ energies) and one output (navigation mode)
as illustrated in (Fig. 14), where M1-M4 represent the
navigation mode as illustrated in Table 3.
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Table 2. Relation between image energy and visual navigation

Multispectral Visual Odometry Using SVSF for Mobile Robot Localization

mode.
ERGB < thrgb
& Edepth < thdepth
Energy Epce < thrgp Egepth < thgepnn  Eir < thig & Eg < thy
Algorithms MVO- MVO- MVO- WO
Filter Filter FilterRGB/
depth/IR RGB/IR Depth WO
Navigation M1 M2 M3 M4
modes

Notes: Thggp, thgeps, and thyg are the energy threshold of RGB,
depth and IR image, respectively. M1, M2, M3 and M4 represent
the navigation modes based on the available visual data.

T

Ercs

2 3
g
=)
Edepth ﬁ -> %
%’3 M3
Z. | —
Emr > I 'V

Fig. 14. Switching FLC block for navigation mode selection.
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6.2.1. FLC inputs

The membership functions of the FLC inputs (for RGB,
depth and IR energies) are illustrated in Figs. 15(a)-15(c).

The controller output is illustrated in Fig. 16, where four
navigation modes can be selected as shown in Table 3. The
mode M4 is the mobile robot WO; this mode is activated
when visual information is not available.

6.2.2. Fuzzy rules

The inference matrix (fuzzy rules) of the proposed con-
troller is illustrated in Table 3. This table is developed
based on eight (08) IF-THEN fuzzy rules.

7. Results and Discussion

In Sec. 3, 3D estimation algorithms are validated and eval-
uated in different navigation modes. Based on these results,
further experiments are considered to evaluate and validate
the proposed MVO algorithm for mobile robot localization.
The localization algorithm is validated on a trajectory-
tracking task, where the mobile robot with an embedded
Kinect sensor (Fig. 17) should accurately track a desired
(reference) trajectory using the proposed approaches.

HIGHT

LOow HIGHT

c
L
rh

(b) Input variable “Epgpry”

(c) Input variable “E\r”

Fig. 15. Membership function of FLC inputs.
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Navigation
mmleM

M1 M2 M3 M4

Fig. 16. Controller output of FLC automatic switching.

Table 3. Fuzzy inference matrix for localization mode selection.

Erce Er Epeptn Output

Mode 4: Odometer
Mode 4: Odometer
Mode 4: Odometer
Mode 3: Night (IR/Depth)
Mode 4: Odometer
Mode 1: Indoor (RGB/Depth)
Mode 2: Outdoor (RGB/IR)
Mode 1: Indoor (RGB/Depth)

Low Low  Low
Low Low High
Low High Low
Low High High
High Low  Low
High Low  High
High High Low
High High High

Fig. 17. The mobile pioneer robot with a mounted Microsoft
Kinect camera.

Different navigation modes for the mobile robot are consid-
ered in indoor, outdoor and during night time. The proposed
EKF-MVO is compared to the MVO and the mobile robot WO.

In this experiment, we consider a trajectory tracking for
multimodal navigation (MMN). In this case, the mobile
robot navigates through different environments under

ISSN: 2301-3850

Z2nd Reading

@ Indoor

@ Night

O Outdoor

Fig. 18. Multimodal localization and navigation.

different conditions and several localization modes are re-
quired for mobile robot localization and suitable trajectory
tracking (Fig. 18).

First, when T € [0,400s] the mobile robot is in indoor,
then, when T € [4005s,800s] the mobile robot explores
an outdoor environment, and finally, for T € [800s, 1250 s]
the mobile robot crosses a dark area. Trajectory tracking
results using different localization modes are illustrated
blow.

7.1. Multimodal localization and navigation based
on MVO-EKF

Trajectory tracking results using different localization
modes are illustrated in Fig. 19. As can be seen from this
figure, the MVO-EKF provides good tracking precision
comparing to the MVO localization system. The FLC system
ensures a smooth switching between different navigation
modes.

Mobile robot poses (X, Y and Theta) are illustrated
in Fig. 20. Figures 21(a)-21(c) show that the MVO-EKF

15

Y Position

-10|—Odometry
—Reference
MVO-EKF

135 -10

X Position

Fig. 19. Trajectory tracking using MVO, EKF-MVO and odometry
for long-term localization (multimodal localization).
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Fig. 20.

algorithm provides an accurate mobile robot pose when the
odometry diverge and the MVO diverge gradually during
the navigation mode change. The tracking algorithm based
on MVO-EKF localization maintains a good tracking
precision; when the navigation environment changes, the
switching FLC maintains accurate and smooth pose
estimation, even when the navigation mode changes.

7.2. Multimodal localization and navigation based
on MVO-SVSF

Experiment 1

Figure 22 represents the obtained results’ indifferent
localization modes using the three localization approaches
(robot odometry, MVO and MVO-SVSF) that are imple-
mented and compared to the desired trajectory. As can be
seen from this figure, the MVO-SVSF localization is more

(a) Mobile robot X position, (b) mobile robot Y position, (c) mobile robot THETA position.

accurate and smooth compared to the MVO localization,
when the mobile robot odometry position drifts signifi-
cantly with time.

Figures 23(a)-23(c) show the mobile robot position and
orientation (X, Y and Theta) for different localization sys-
tems; precision evaluation is given in Figs. 24(a)-24(c),
where the MVO-SVSF’s error following X, Y and Theta is
smaller compared to MVO and odometry errors. The latter
drifts significantly with time.

Table 4 illustrates a comparative study (precision/
computational time) between the MVO, MVO-EKF and MVO-
SVSF. As can be seen, the best performances have been
obtained with the proposed MVO-SVSF. Moreover, the MVO-
SVSF performs much better than the MVO-EKF, which
requires a linearization step for pose estimation. The line-
arization process increases the computational time and
makes the EKF less precise than the SVSF.
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Fig. 21. (a) X error, (b) Y error and (c) THETA error.

15 (robot odometry and MVO) that are implemented and
compared to the desired trajectory. As can be seen from this
figure, the MVO localization is more accurate and smooth
,,,,,,,, A compared to the WO localization, when the mobile robot

odometry position drifts significantly with time.

= MVO
=== Odometry
Reference

10

Y Position

Mobile robot Y position

X Position

Fig. 22. Trajectory tracking using MVO, MVO-SVSF and odometry
for long-term localization (multimodal localization).

Experiment 2

In this experiment, the mobile robot P3-AT will navigate in s
800 1000 1200 1400

a large area of the LVAI laboratory (Fig. 25); the blue points Time [s]
represent the indoor area while the yellow points represent
the outdoor area. (@)

Figure 26 represents the obtained results in different  Fig 23. (a) Mobile robot X position, (b) mobile robot Y position
localization modes using the two localization approaches and (c) mobile robot Theta position.



June 7, 2022

2nd Reading

285

1400

12:02:01pm WSPC/284-US 2250015 ISSN: 2301-3850
Multispectral Visual Odometry Using SVSF for Mobile Robot Localization
Mobile robot X position
~
””””””””””””””” 1 E
1
g
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, S
>
Reference
Uy 777}77 —Odometry
. [==mvo
TTTTTTTTYT MVO-SVSF
600 800 1000 1200 1400 Time [s]
Time [s] b)
(b)
200 T T T T
== (QOdometry ! ! ! !
Mobile robot THETA position =—MVO : : : :
100 T 100 _MVO-svsE| | b
| ‘ | = A | I
: : : 5 . : : : : : :
0 1 y fooeees 1 o RS e
| | | S N
~ | | : | -100------ R IRk o R o it Faaine 1
~ l J H R ] | | | | | |
Tz -100 : : : : ! ! : : : !
~ ! ! ! ! 200 : : : : ! :
Reference i J Ji ii 200 400 607(')ime ?SI}O 1000 1200
-200( == Qdometry [~~~ """ 1 A b R 1
=-—MVO ! ! ! ! ©
300 MVO-SVSF : : : : Fig. 24. (Continued)
200 400 600 800 1000 1200 1400
Time [s]
C
(@ Table 4. Consumed time and RMSE of odometry, MVO, MVO-EKF
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Table 5 summarizes some

work already done in each

specific environment compared to our approach. As we see
in Ref. 39, the authors propose an approach for outdoor
localization, based on GPS and stereovision between visible
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=-=MVO
MVO-SVSF
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'
i
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Fig. 24.

(a) X error, (b) Y error and (c) Theta error.

Odometry MVO

MVO-EKF MVO-SVSF

X-RMSE (m) 1.08 0.60 0.095 0.082
Y-RMSE (m) 0.60 0.80 0.30 0.25
0-RMSE (°) 0.90 0.60 0.80 0.80
Frame per second (fps) / 13.72  14.79 15.41
Sampling time (ms) 2854 72.86 67.6 64.86
A [ ) 1 éi
;§J 1
18'm $ 000, rd /
s & %000, OOQE%@MQQO
37goﬁa@@
v
) 44 m -

Fig. 25. Laboratory area where the experiment was done (blue:
indoor, yellow: outdoor).
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Fig. 26. Top: multispectral images, bottom: MVO localization and navigation in indoor and outdoor.

Table 5. Comparison of our experiment with previous methods in
each specific environment.

Night Accuracy
Environments Indoor Outdoor localization (%)
Axel Beauvisage et al.[39] - + - 6.87
Tarek Mouats et al.[40] - + - 8.50
CHAIB Khaoula[20] + - - 6.33
Asha Anoosheh et al.[41] - - + 9.10
Our approach + + + 3.30

and Long Wave InfraRed (LWIR) spectral bands. Another
approach for the same environment is proposed by Tar-
ekMouats et al in Ref. 40, where a stereovision algorithm
based on optical (visible) and thermal cameras is imple-
mented to localize an autonomous vehicle.

In Ref. 20, the authors combined the RGB and IR
images acquired from the Kinect sensor for indoor locali-
zation. Images of daytime and nighttime are fused by
AshaAnoosheh et Al in Ref. 41, to ensure localization at
nighttime.

We can see that our approach ensures the localization in
different conditions and it yields a better estimate of the
trajectory. In accuracy (%), our approach is about 3.30,
whereas the other approaches are about 6.33-9.10.

Another solution has been proposed in Ref. 13 which
consists in computer stereovision for autonomous driving,
where the authors talk about visual feature detection, de-
scription and matching. Xuyou Li et al. in Ref. 13, proposed
to use 6DoF simultaneous localization and mapping
(SLAM) using the standard ICP method and its variants. A new
algorithm is illustrated in Ref. 14, where the authors propose
a multimodel EKF integration navigation algorithm and
estimate the measurement errors of beacons online.

8. Conclusion

In this paper, an adaptive algorithm of multimodal locali-
zation using MVO for mobile robot navigation is proposed.
The first objective was to implement a robust algorithm for
3D estimation using the Kinect sensor in different condi-
tions: day, night, indoor and outdoor. A multimodal locali-
zation system using a fuzzy adaptive MVO is proposed for
switching between different navigation modes. To overcome
the limitation of the multimodal MVO especially during the
navigation mode switching, a SVSF and an EKF are imple-
mented and compared with MVO/WO data fusion.

The proposed localization algorithms are evaluated
and validated on a trajectory tracking problem. From the
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experimental results, good precision of 3D estimation has
been obtained by the proposed approach even in outdoor
environment. The best multimodal localization perfor-
mances for indoor, outdoor, and nighttime localization are
obtained using fuzzy adaptive MVO-SVSF and MVO-EKF,
with superiority for MVO-SVSF. The latter is able to main-
tain a suitable precision during navigation modes’ switching
without any assumption about noise characteristics.
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