Visual Odometry Algorithm Using an RGB-D
Sensor and IMU in a Highly Dynamic
Environment
Deok-Hwa Kim, Seung-Beom Han, and Jong-Hwan Kim
Department of Electrical Engineering, KAIST
291 Daehak-ro, Yuseong-gu, Daejeon, 305-701, Republic of Korea,
dhkim@rit.kaist.ac.kr, sbhan@rit.kaist.ac.kr, johkim@rit.kaist.ac.kr

Abstract. This paper proposes a robust visual odometry algorithm using a Kinect-style RGB-D sensor and inertial measurement unit (IMU) in
a highly dynamic environment. Based on SURF (Speed Up Robust Features) descriptor, the proposed algorithm generates 3-D feature points
incorporating depth information into RGB color information. By using
an IMU, the generated 3-D feature points are rotated in order to have
the same rigid body rotation component between two consecutive images. Before calculating the rigid body transformation matrix between
the successive images from the RGB-D sensor, the generated 3-D feature
points are filtered into dynamic or static feature points using motion
vectors. Using the static feature points, the rigid body transformation
matrix is finally computed by RANSAC (RANdom SAmple Consensus)
algorithm. The experiments demonstrate that visual odometry is successfully obtained for a subject and a mobile robot by the proposed algorithm
in a highly dynamic environment. The comparative study between proposed method and conventional visual odometry algorithm clearly show
the reliability of the approach for computing visual odometry in a highly
dynamic environment.
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Introduction

Nowadays, many different kinds of robots have been used in various environments
like home, museum, school, etc. To carry out tasks in such environments, autonomous navigation systems become more important [1, 2]. In the autonomous
navigation systems, humanoid robots [3, 4] or aerial vehicles [5, 6, 7] might not
directly use their encoder values for the odometry information. However, wheeled
robots can use their encoder values for odometry information. For this reason,
usage of the encoder sensors for the odometry information limits the scalability
of platform to conduct various tasks. Because of this limitation, visual odometry, which is not much affected by platform types, has become more important
than the classical encoder odometry. Actually, in robotics and computer vision,
many techniques and algorithms have been developed for 3-D mapping and visual odometry using monocular cameras [8, 9], fish-eye vision sensors [10], stereo
cameras [11] and RGB-D sensors [12, 13].
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Most of the 3-D mapping and visual odometry systems require spatial alignment of successive images. To solve the relationship between two consecutive images, various methods were proposed. Chen and Medioni proposed the method
of point-to-plane registration [14], which has been widely used as a more accurate variant of the standard iterative closest point (ICP) algorithm. Challis
organized the procedure for point-to-point registration based on singular value
decomposition (SVD) [15, 16]. This point-to-point registration technique is useful
to estimate transformation parameters using the matched image points obtained
by feature detection algorithms. Based on rotation and scale invariant feature
points, the spatial alignment between the two consecutive images is generally
computed by the RANSAC algorithm [17]. This algorithm is usually used for
estimating specific model parameters, like a line, plane, sphere, rotation, etc. To
estimate the rigid body transformation, the RANSAC algorithm is much faster
than the ICP. However, due to insufficient information, the RANSAC algorithm
is more inaccurate than the ICP. Steinbrucker et al. proposed a visual odometry algorithm in an aspect of maximizing photoconsistency using the GPGPU
parallelization technique [18].
Many researchers have conducted research to determine the ego-motion using
various sensors with the methods of spatial alignment in the field of computer
vision. Davision et al. presented MonoSLAM which can recover the 3-D trajectory of a monocular camera [8]. However, it has a drawback that initialization
process is required to measure feature point depths or odometry. Based on this
MonoSLAM research, Tardif et al. suggested monocular visual odometry using
an omnidiriectional camera [19]. This research conducted the decoupled estimation of the rotation and translation using epipolar geometry. Nister et al.
proposed a simple visual odometry algorithm using a stereo camera through the
preemptive RANSAC [20]. To solve the problem of an unstructureed outdoor
navigation, Konolige et al. conducted research on outdoor mapping and navigation using a stereo camera [21]. This research integrated information from IMU
and GPS devices. Using a Kinect-style RGB-D sensor, Newcombe et al. proposed a system, Kinectfusion for accurate real-time mapping of indoor scenes
[22]. Through the ICP algorithm, Kinectfusion could successfully obtain the
ego-motion of a RGB-D sensor, only using the depth information. Henry et al.
proposed a RGB-D mapping method, which combines the ICP and RANSAC
algorithm to calculate visual odometry [23]. Furthermore, they introduced optimization techniques [24, 25, 26] when loop-closure [27, 28] was detected.
Although the previous researches has been applied to estimating ego-motion
and achieved successful results, they have not taken highly dynamic environments into account. In this paper, dynamic environments that cannot properly
estimate the ego-motion using only vision sensors are defined as “highly dynamic
environments”. In real life, there are various moving objects such as people, animals, and vehicles. Those moving objects usually affect the calculation of visual
odometry as a type of noise. Generally, the noise of moving objects can be eliminated by the RANSAC algorithm. However, in a highly dynamic environment,
the RANSAC algorithm cannot eliminate the noise of moving objects when static
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feature points are overwhelmed by dynamic feature points. Therefore, it is difficult to compute accurately odometry information in such a highly dynamic
environment.
In this paper, considering the highly dynamic environment, a robust visual
odometry algorithm using a Kinect-style RGB-D sensor and inertial measurement unit (IMU) is proposed. Based on the SURF descriptor, 3-D feature points
are generated by incorporating depth information into RGB color information.
In particular, rotation components between the two consecutive images are compensated using an IMU in order to generate motion vectors of the feature points.
Using the descriptor information of each feature point, the proposed algorithm
makes the correspondence between the rotary-compensated feature points of
the two successive images. Motion vectors of the matched feature points are
generated by calculating translation vectors and velocities between them. Before calculating the rigid body transformation matrix between the successive
images from the RGB-D sensor, the generated 3-D feature points are filtered
into dynamic or static feature points using the motion vectors. Using the static
feature points, the rigid body transformation matrix is finally computed by the
RANSAC algorithm.
This paper is organized as follows. Section 2 proposes a robust visual odometry algorithm using an RGB-D sensor and IMU in a highly dynamic environment.
In Section 3, experimental environment and scenarios are presented and the experimental results for a subject and a mobile robot in various environments are
discussed. Finally, concluding remarks follow in Section 4.

2

Visual Odometry in a Highly Dynamic Environment

This section describes the proposed visual odometry algorithm for applying in a
highly dynamic environment. A diagram of the overall algorithm is shown in Fig.
1. The proposed visual odometry algorithm has five different modules to estimate
a rigid body transformation of the RGB-D sensor. Through the five different
modules, such as the feature extractor, the rotation compensator, the motion
vector generator, the motion vector filter, the sensor motion estimator and the
moving object detector, the disturbance of dynamic movements is effectively
removed for calculation of visual odometry.
5$16$&

,08

09*HQHUDWRU

5*% 5*%')HDWXUHV

5*%'

)HDWXUHV
'HSWK

5

0RWLRQ9HFWRUV

&RPSHQVDWLRQ

09)LOWHU
6WDWLF)HDWXUHV
'\QDPLF)HDWXUHV

5RWDWLRQ0DW
7UDQVODWLRQ9HF

0RYLQJ)HDWXUHV
02'HWHFWLRQ
02$YRLGDQFH

Fig. 1. A diagram of the proposed visual odometry algorithm.
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2.1

Feature Extraction

For extracting feature points, the proposed algorithm uses the SURF algorithm.
The SURF algorithm is based on the sum of 2-D Haar wavelet responses and
makes efficient use of integral images. The SURF feature point has scale-invariant
and rotational-invariant features. To speed up the process of the SURF algorithm, graphic processing unit (GPU) is applied. After the extraction of feature
points, the matching process of the feature points is performed between the
two consecutive images by the Brute-force matcher. The Brute-force matcher
matches feature points between the two images using descriptors of the feature
points.
After the matching process of the feature points, the coordinate conversion
from image plane to 3-D space is followed. The 3-D feature points are calculated
from


 1
ui,j − cu
fu 0 0
(1)
pi,j = d(ui,j , vi,j )  0 f1v 0   vi,j − cv 
1
0
1
where pi,j is the 3-D feature point and pi,j ∈ Pi ; i the number of images; j the
index of the feature points; d the distance from a depth image; u, v the pixel
coordination of the feature points; fu , fv the focal length of the sensor; cu , cv the
principal point of the sensor. The camera parameters like fu , fv , cu , and cv can
be obtained from the chess-board calibration.
2.2

Rotation Compensator

In this paper, motion vectors of the feature points are used to remove the disturbance of dynamic movements. To generate the motion vectors, the rotary
compensation process should be done first. Rotation for each frame is represented with Euler angles (roll-pitch-yaw). The rotation matrix at the i-th frame
using Euler angles is as follows:
Ri = Ri,z (ψ) × Ri,y (θ) × Ri,x (φ).

(2)

An IMU sensor is also used to compensate the rotation between the consecutive
images. The main reason for using the IMU sensor is to remove the effect of
dynamic movements. The only vision-based odometry algorithms have the limitation in getting rid of the disturbance caused by moving objects in a highly
dynamic environment. P̄i is the rotary-compensated Pi with the rotation matrix, △Rimu,i , obtained by IMU sensor between the two consecutive images:
P̄i = △Rimu,i × Pi .
2.3

(3)

Motion Vector Generator

From the rotation compensator, P̄i and Pi−1 have the same Euler angles (φ, θ, ψ).
Using the rotation matched feature points set, the motion vectors are simply defined as a velocity of feature points as follows:
pi−1,j − p̄i,j
(4)
mi,j =
ti
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where mi,j is the motion vector of the j-th feature point at the i-th frame; ti is the
time interval between the two consecutive images. If there are no movements of
the RGB-D sensor, the magnitude of each motion vector is near to zero. On the
other hand, the RGB-D sensor moves to a certain direction, the motion vectors
also show the same tendencies. In this paper, it is assumed that the motion
vectors showing different tendencies with the RGB-D sensor are generated by
moving objects or noise. Fig. 2 shows an example of motion vectors in 3-D
Motion Vectors of Feature Point
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Fig. 2. Example of motion vectors of feature points for the x-axis moving RGB-D
sensor (the arrows are motion vectors).

space. In the figure, most of motion vectors have the same tendencies with the
RGB-D sensor movement. However, the small number of motion vectors show
the different tendencies with the sensor movement, which are caused by moving
objects or noise.
2.4

Motion Vector Filter

To improve the estimation precision of the rigid body transformation matrix in
a highly dynamic environment, the feature points set caused by moving objects
should be removed. For this purpose, the following motion vector filter is applied
to classify motion vectors as dynamic or static:
mref,i = v i−1
{pi−1,j , pi,j } ∈ Si
{pi−1,j , pi,j } ∈ Di

(5)
: kmi,j − mref,i k < ǫ
: kmi,j − mref,i k ≥ ǫ

(6)
(7)

where Si is the static feature points set at the i-th frame; Di is the dynamic
feature points set; mref,i is the reference velocity for classifying motion vectors.
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(a) the feature points in a static environment

(b) the feature points in a dynamic
environment

Fig. 3. Example of the classified static and dynamic feature points (blue circles are the
static feature points; green squares are the dynamic feature points).

In this paper, mref,i is defined as the velocity of the sensor at the (i − 1)-th
frame and ǫ is heuristically assigned. Si is used for calculation to estimate the
pose of the RGB-D sensor.
2.5

Estimating 3-D Rigid Body Transformations

To calculate visual odometry, the relationship between the two consecutive images should be clearly defined. This section deals with the determination method
of parameters for the rigid body transformation. The relationship between feature points sets of the two consecutive images is represented as follows:
Pi−1 =i−1 Ri × Pi +i−1 ti .

(8)

As the parameters for i−1 Ri or i−1 ti are still unknown, the least squares method
[15] is employed to approximately estimate i−1 Ri and i−1 ti with the following
least squares:
n

1 X i−1
( Ri × pi,j +i−1 ti − pi−1,j )T (i−1 Ri × pi,j +i−1 ti − pi−1,j )
n j=1

(9)

The least squares method is a standard approach to solve the overdetermined
systems in which there are more equations than unknown parameters. The rigid
body transformation can be estimated when the least squares is minimized. To
simplify the least squares, the following average of 3-D feature points is used:
n

p̄i =

1X
pi,j .
n i=1

(10)

From (9) and (10), a translation vector between the two consecutive images is
approximately estimated as follows:
i−1

ti = p̄i−1 − i−1 Ri × p̄i .

(11)
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From (11), the least squares is simplified as follows:
n

′
′
′
1X ′
(p
− i−1 Ri × pi,j )T (pi−1,j − i−1 Ri × pi,j )
n j=1 i−1,j

(12)

n

′
′
′
′
1 X ′T
T ′
T
(pi−1,j pi−1,j + pi,j
pi,j − 2pi−1,j
× i−1 Ri × pi,j ).
n j=1

(13)

′

where pi,j = pi,j − p̄i . Minimizing (13) is the same as maximizing the following
equation:


n
n


X
X
′
′
′
′
1
1
T
T
×
(pi−1,j
× i−1 Ri × pi,j ) = tr i−1 RT
p
p
.
(14)
i
i−1,j i,j


n
n
j=1

j=1

The above equation is represented by trace of the rotation matrix multiplied by
correlation matrix of the 3-D feature points between the two consecutive images
as follows:
n

Ci =

′
1X ′
p
p T = Ui Wi ViT .
n j=1 i−1,j i,j

(15)

Through the singular value decomposition (SVD), the correlation is represented
as Ci . To maximize (14), the rotation matrix should satisfy the following condition:
i−1
Ri = Ui ViT .
(16)
From (11) and (16), the rotation matrix and translation vector can be estimated
by the least squares method. The rigid body transformation matrix is represented
by the rotation matrix and translation vector as follows:
 i−1

Ri i−1 ti
i−1
Ti =
.
(17)
0
1
By accumulating the estimated rigid body transformation matrix every frame,
the visual odometry of the RGB-D sensor is calculated.
2.6

RANSAC algorithm

In this paper, the Euclidean error RANSAC algorithm (EE-RANSAC) is applied
for estimation of the rotation matrix and the translation vector which come from
sensor movements. Basically, the RANSAC algorithm is used for estimation of
specific model parameters from noisy data sets. Through the RANSAC algorithm, the remaining noise, which is caused by inaccurate measurements, interference of light, incorrect camera parameters, etc., is eliminated to estimate the
rigid body transformation of the sensor.
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Algorithm 1 EE-RANSAC algorithm to estimate the parameters of the rigid
body transformation at the i-th frame
Xi ⇐ {Noisy Input Data Set at i-th frame}
emin ⇐ ∞
for k = 0 to max iterations do
Yi,k ⇐ RandomSampling(Xi )
i−1 ∗
Ti,k ⇐ ComputeModelParameter(Yi,k )
{ei,k , Ii,k , Oi,k } ⇐ VerifyingModelParameter(Xi ,i−1 T∗i,k )
if ei,k < emin then
emin ⇐ ei,k
i−1
Ti ⇐ ComputeModelParameter(Ii,k )
if emin < ε0 then
return i−1 Ti
end if
end if
end for
return i−1 Ti

In Algorithm 1, the parameters of the rigid body transformation between
the two successive images are recursively estimated by random sampling feature points set. To estimate the parameters at each iteration, the least squares
method is used along with randomly sampled feature points. Using the estimated
parameters, the fitness evaluation of the model is conducted by applying the estimated model to all feature points. Finally, using the inliers, the parameters of
the rigid body transformation is once again estimated after model verification.
Visual odometry is calculated by accumulating the rigid body transformation
matrix at every frame as follows:
0

3

Tn =0 T1 ×1 T2 ×2 T3 . . . ×n−1 Tn .

(18)

Experiment

The proposed visual odometry algorithm was tested using a differential wheeled
mobile robot equipped with an RGB-D sensor, known as the Kinect sensor, as
shown in Fig. 4. The experimental setup was composed of Gentoo OS, Intel i5
3.3GHz dual-core processor, NVIDIA GTX 560 GPU and 6GB RAM. The average computation time was 60.0 ms per frame at a 640 x 480 image resolution.
Two kinds of experiments respectively in a static environment and a dynamic environment were conducted to verify the effectiveness of the proposed algorithm.
A 9-DOF IMU was used to divide feature points into dynamic or static ones.
The proposed visual odometry algorithm was tested in the Robot Intelligence
Technology laboratory at KAIST. The RGB-D sensor was carried by the mobile
robot controlled remotely by an experimenter. The EE-RANSAC visual odometry algorithm was used for comparison purpose. The EE-RANSAC algorithm
computes the visual odometry recursively through minimizing the Euclidean error between the two consecutive images.
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3.1

Visual Odometry Experiment in a Static Environment

As most of the visual odometry algorithms have been researched in a static
environment, they do not need to filter dynamic feature points. Considering the
real environment with moving objects, our proposed visual odometry algorithm
employs a filtering step for the dynamic feature points. In a static environment,
the additional filtering step does not much affect to the estimation of the rigid
body transformation of the sensor because this step only deals with dynamic
feature points. The experiment in a static environment demonstrated it. The
experiment was carried out with a small-sized mobile robot, 7.5×7.5×7.5 cm3 ,
equipped with an RGB-D sensor and an IMU sensor. The mobile robot travelled
about 1.0 m with forward, turning right and forward movements.

Table 1. Visual odometry error result of forward, turning right and forward movements
in a static environment.
Transl. Error
Rot. Error

EE RANSAC V.O. Proposed V.O.
0.0733 m
0.1043 m
8.1610◦
6.6571◦

The experiment results in a static environment are shown in Fig. 5. For the
comparison, the EE-RANSAC visual odometry was calculated in addition to the
proposed algorithm. As a result, the both algorithms showed similar experimental results in a static environment. The ground truth of this experiment was
obtained by measuring the robot path on a plaid ground. The final pose error
of the EE-RANSAC visual odometry algorithm was 0.0733m6 8.1610◦ and the
final pose error of the proposed algorithm was 0.1043m6 6.6571◦ .

Fig. 4. Differential wheeled robot equipped with an RGB-D sensor and IMU sensor on
the top.
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Fig. 5. Visual odometry results of forward, turning right and forward movements in a
static environment. (a) Result from the EE-RANSAC algorithm. (b) Result from the
proposed algorithm.

3.2

Visual Odometry Experiment in a Dynamic Environment

In real life, there are a lot of dynamic movements of cars, people, animals, etc.,
which affect the visual odometry calculation in case of having poor detected
feature points. In the proposed algorithm, the disturbances from moving objects
are effectively removed through the motion vector filtering step. To verify the
effectiveness of the proposed algorithm, two kinds of experiments depending
on the stopping and moving states of the mobile robot were conducted in a
dynamic environment having the poor detected feature points. As was in the
previous experiment in a static environment, the EE-RANSAC visual odometry
algorithm was calculated in addition to the proposed algorithm for comparison
purpose.
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Fig. 6. Visual odometry results with the stopped mobile robot in a dynamic environment having the poor detected feature points. (a) Result from the EE-RANSAC
algorithm. (b) Result from the proposed algorithm.

Firstly, the visual odometry experiment with the mobile robot stopping at
an origin position was carried out in a dynamic environment. The dynamic
environment included an experimenter walking around in the front of the RGB-
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Table 2. Visual odometry error result with the stopped mobile robot in a dynamic
environment having the poor detected feature points.
Transl. Error
Rot. Error
EE-RANSAC V.O. 0.0866 m ± 0.0143 m 4.8547◦ ± 0.8055◦
Proposed V.O. 0.0431 m ± 0.0080 m 2.3239◦ ± 0.4241◦

D sensor. Ideally, the trajectory of the robot should be at an origin position
because there was no movements of the sensor. However, as Fig. 6 shows, it
was not at the origin position because the experimenter made disturbances.
The figure shows that the disturbances of the moving experimenter affected the
EE-RANSAC visual odometry algorithm much more than the proposed visual
odometry. The final pose error of the EE-RANSAC visual odometry algorithm
was 0.0866m6 4.8547◦ and that of the proposed algorithm was 0.0431m6 2.3239◦ .
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Fig. 7. Visual odometry results with the mobile robot of moving forward in a dynamic
environment having the poor detected feature points. (a) Result from the EE-RANSAC
algorithm. (b) Result from the proposed algorithm.

Table 3. Visual odometry error result with the mobile robot of moving forward in a
dynamic environment having the poor detected feature points.
Transl. Error
Rot. Error
EE-RANSAC V.O. 0.0327 m ± 0.0058 m 1.3007◦ ± 0.2855◦
Proposed V.O. 0.0254 m ± 0.0046 m 1.7516◦ ± 0.2566◦

Secondly, the visual odometry experiment with the mobile robot moving
forward in a dynamic environment was performed. To make a dynamic environment, the experimenter roamed around in the front of the robot as in the
previous experiment. A ground truth of this experiment would be a straight line
because the mobile robot moved forward about 0.9 m. As was in the previous
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experiment, the visual odometry was also influenced by experimenter roaming
around in the front of the sensor. As Fig. 7 shows, in the situation having poor
detected feature points, the proposed algorithm was less affected by the experimenter’s movement than the EE-RANSAC visual odometry algorithm. A final
pose error of the EE-RANSAC visual odometry algorithm was 0.0327m6 1.3007◦
and that of the proposed algorithm was 0.0254m6 1.7516◦ .
3.3

Application for a Subject with a Blindfold

Fig. 8. The wearable mobile visual odometry system for the visually impaired persons.

The proposed visual odometry algorithm can be used to a wearable navigation system for the visually impaired persons. Fig. 8 shows the mobile visual
odometry system. For experiments, a subject with a blindfold wore the RGB-D
sensor around his neck and carried a bag containing a laptop on his back. The
experimental setup was composed of Gentoo OS, Intel i7 2.7GHz dual-core processor, NVIDIA GT 555M GPU and 8GB RAM. Average computation time was
100.0 ms per frame at a 640 x 480 image resolution.
In a static environment, two kinds of experiments were conducted for a subject with a blindfold. The first experiment was to chase a 3-meter-square with
such a system. A ground truth of this experiment would be the 3-meter-square.
As Fig. 9(a) shows, the final pose error was 0.3188m6 19.5635◦ . The final pose
error of the mobile visual odometry system was slightly bigger than that of the
previous experiments using the mobile robot because the sway motion of the
subject was not considered. The second experiment was conducted for going up
the stairs. A ground truth of this experiment was measured by the number of
steps and by properties of the stairs. As Fig. 9(b) shows, the final pose error of
this experiment was 0.3049m6 5.5460◦ .
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Fig. 9. Visual odometry results using the wearable mobile visual odometry system in
a static environment. (a) Result of chasing the 3.0m × 3.0m square (b) Result of going
up the stairs.
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Fig. 10. An experiment result for a subject equipped with a blindfold to avoid a moving
person.

The proposed algorithm can be used for another purpose like a moving object
detection in addition to visual odometry. Using the dynamic feature points after
the motion vector filtering step, moving objects can be detected. For simplicity
of the moving object detection, this paper assumes that a moving object is on
a moving plane. To detect a plane from the dynamic feature points, this paper
uses the RANSAC algorithm, which classifies the dynamic feature points into
a plane or noise. If a moving object in front of the subject with a blindfold
is detected, our proposed mobile system will notify the position of the moving
object to the subject equipped with the system through bluetooth earphones. As
Fig. 10 shows, a subject wearing a blindfold could avoid an approaching person
with a random direction. This experiment demonstrated that the proposed visual
odometry could be used in the other application such as collision avoidance as
well as visual odometry.
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4

Conclusion and Future Work

In this paper, a robust visual odometry algorithm in a highly dynamic environment using an IMU and RGB-D sensor was proposed. Feature points were
obtained and matched by the SURF descriptor from successive color images. Rotation of these feature points was compensated by an IMU sensor. The motion
vector of each feature point was computed by using rotation-compensated feature
points. By the motion vector filtering step, the feature points were classified into
static or dynamic ones. Finally, visual odometry was calculated by EE-RANSAC
algorithm using the static feature points. To verify the effectiveness and applicability of the proposed algorithm, several experiments were conducted. Through
the comparison with the conventional visual odometry algorithm, our proposed
algorithm was proved to be more reliable for computing visual odometry in a
highly dynamic environment. In addition, considering the visually impaired persons, the applicability of the proposed algorithm to the collision avoidance was
verified through the experiment with a subject wearing a blindfold.
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