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Abstract. Building a 3D map of indoor environment is a prerequisite for various
applications, ranging from service robot to augmented reality, where RGB-D
SLAM is a commonly used technique. To efficiently and robustly build a 3D map
via RGB-D SLAM on robot, or the RGB-D sensor mounted on a moving robot,
the following two key issues must be addressed: How to reliably estimate the
robot’s pose to align partial models on the fly, and how to design the robot’s
movement patterns in large environment to effectively reduce error accumulation
and to increase building efficiency. To address these two issues in this work, we
propose an algorithm to adaptively fuse the IMU information with the visual
tracking for the first issue, and design two robot movement patterns for the second issue. The preliminary experiments on a TurtleBot2 robot platform show that
our RGB-D SLAM system works well even for difficult situations such as weaktextured space, or presence of pedestrians.
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Introduction

To autonomously solve several tasks by mobile robots including transportation, search
and rescue, or home service, the robot needs a map of its working environment. In an
indoor environment, where GPS signal is not available, Simultaneous Localization and
Mapping (SLAM) method is the best way to localize the robot and map the environment. SLAM is a classical problem in robotics and other fields, concerning the simultaneous estimation of the scene structure and of the trajectory of a mobile robot within
a framework using only onboard sensors. Previously many SLAM approaches relied
on expensive and heavy sensors such as laser scanners, ultrasonic and sonar sensors. In
recent years, visual SLAM has been substantially advanced, where the main sensor is
a camera which is cheap, small and capable to provide rich information of the environment.
Visual SLAM can be performed using just a monocular camera [1-3]. The approaches perform real-time mapping, but usually reconstruct a rudimentary map of
sparse point cloud. In the past few years, consumer-grade RGB-D cameras capable of
delivering color and depth information in real time, e.g. the Microsoft Kinect and Asus
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Xtion Pro Live, have fostered new approaches to tackle the SLAM problem [4-6]. The
approaches reconstruct dense scene models and perform real-time processing on entire
images via GPU hardware.
However, even with a RGB-D sensor, if the features of the scene are sparse, such as
exploring a workspace outside of the valid depths, processing a frame sequence that
misses a certain amount of frames, encountering a dynamic occlusion or a low-textured
workspace or dealing with blurred images due to fast camera movements, the pose
tracking will fail for most visual SLAM algorithms. Using only visual sensor seems
difficult to solve the above tracking failure problems. On the other end, mobile robots
are nowadays equipped with inertial sensors and encoders, such as accelerometers, gyroscopes and wheel encoders. We call inertial sensors and encoders inertial measurements in the following articles. Such inertial measurements may therefore be used to
improve the camera pose tracking. Note that the inertial data from mobile robot is more
accurate than from mobile phone, because the robot moves in the ground plane with
only 3 degrees of freedom and has a wheel encoder to calculate the translations.
In this paper, we propose an approach to integrate robot inertial measurements into
an RGB-D SLAM system. By adaptively combining the visual pose with the robot IMU
(Inertial Measurement Unit), we obtain a more accurate pose estimation. In addition, to
build a full 3D model of the indoor scene with robot, we design and analyze two robot
movement patterns for large scene to reduce the accumulated drift.
The rest of this paper is organized as follows. Section 2 reviews some relevant publications on RGB-D SLAM systems and the fusion of inertial and visual data for visual
odometry. In section 3, we calibrate the robot IMU pose to the camera pose in the world
coordinate system. Section 4 proposes an adaptive method to combine the IMU and
visual pose. Section 5 analyzes two movement patterns. The experimental findings are
reported in section 6. And some concluding remarks are listed in section 7.
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Related Work

With the arrival of consumer-grade RGB-D camera and the development of GeneralPurpose computing on Graphics Processing Units (GPGPU), real time dense 3D SLAM
has received great attentions. One of the earliest RGB-D SLAM system was KinectFusion [4]. This system fuses all depth data into a volumetric model and uses Iterative
Closest Point (ICP) algorithm to track the camera pose. The ICP method tracks the
current depth frame against the globally fused model without feature extraction based
on GPU, which reduces the estimated error and achieves real time performance. While
the system is limited to small workspaces due to its volumetric representation and lacks
of loop closing detector. [7-8] replace the explicit voxel representation used by KinectFusion with an octree representation which allows to expand the workspaces. RGBD SLAM of Endres et al. [9] was the first open-source system, which is a feature based
system and estimates the camera pose by feature matching and ICP. This system
achieves loop closing by pose graph optimization. Kintinuous [5] can be used for large
environments by freeing up voxels as the sensor moves and the method combines dense
geometric camera pose constraints with dense photometric constraints to achieve a
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more robust pose estimate. Similar works on dense RGB-D camera tracking were reported in [6, 10, 11], they all also estimated the camera pose on geometric and photometric information. ElasticFusion [6] builds a surfel based map of the environment and
performs loop closing applying deformation graph instead of standard pose graph optimization. This map-centric method can reconstruct better quality 3D models than the
previous methods which only focus on the pose accuracy.
SLAM algorithms may fail when features are scarce, e.g. when exploring a less featured scene or the robot’s movement is too fast. These issues may be tackled in the
mobile devices using inertial sensors. [12-13] use a standard Extended Kalman Filter
to fuse both visual and inertial measurements on a mobile phone with a monocular
camera. [14-15] combine the RGB-D visual SLAM with the inertial measurements on
a mobile platform. Our approach is to integrate robot inertial measurements into an
RGB-D SLAM system. The mobile robot usually moves on a planar ground so the associated pose is only of 3 degrees of freedom. And the robot has a wheel encoder which
can provide more accurate estimations of translation than accelerometer. As a result,
we obtain a less noisy inertial measurement such that the commonly used Kalman filter
becomes unnecessary in our case.
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Calibration Between Camera and IMU System

3.1

System Setup

We use an TurtleBot2 (Fig. 1) and a Lenovo Rescuer notebook. The laptop controls the
robot’s movement and collects data from Kinect. We mount the Kinect on a shelf that
is 1.6 meter tall, because most indoor spaces are designed for human heights. The Kinect is arranged about 25 degrees down vertically to capture more scenes.
3.2

System Calibration

Using the Robot Operating System (ROS), we estimate a full robot pose with the gyroscope and the wheel encoders that come with the robot, where the rotation angles are
estimated by the gyroscope and the translations are estimated by the wheel encoders.
Common inertial sensors generally use the accelerometer to estimate translations,
which is less accurate than using the wheel encoders. And estimating poses by inertial
sensors in mobile devices [15] such as mobile phone and tablets PC always need to
calculate six degrees of freedom, while in our work, robot moves on the ground plane
with only three degrees of freedom including two translations along the X axis and Y
axis and a rotation along the Z axis, so the robot IMU poses are more accurate and less
noisy.
By monitoring the transformation between the odometer coordinate system and the
robot coordinate system in ROS, we obtain the robot’s IMU pose which is represented
with a transformation matrix
0 0 0

1

(1)
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(a)

(b)

Fig. 1. The relative position between robot and camera. (a) the equipments of our system, where
the robot is TurtleBot2 and the depth camera is Kinect. (b) the relationship between the robot
coordinate system and the camera coordinate system, C is the camera center, P is the robot center.

is the rotation matrix, is the rotation angle around the Z axis,
0 is the translation vector.
The depth camera is fixed on the robot and moves together with the robot. Fig. 1
shows the relative position between the robot and the camera. The initial camera coordinate system is in coincidence with the world coordinate system. We estimate the camera poses in the world coordinate system with the robot IMU poses.
Firstly, we calibrate the robot coordinate system to the camera coordinate system
using a calibration checkerboard. Since the camera intrinsic parameters are known (calibrated separately), we calculate the extrinsic parameters of the camera by using the 3D
to 2D matching pairs on the checkerboard. Substituting the matching pairs into the following imaging model:

where

s

|

1

(2)
1

where is the camera intrinsic parameter matrix, | is the camera extrinsic parameter matrix,
is a 2D point in the image coordinate,
is a 3D point
in the robot coordinate. By the above method, we get the extrinsic parameter matrix
| and the coordinate of the camera center in the robot coordinate system
∙ .
Secondly, we calculate the camera pose in the world coordinate system. Since the
camera moves together with the robot and the robot rotates around the Z axis in the
robot coordinate, the camera also rotates around this Z axis. We transform the Z axis in
the robot coordinate to an axis defined as
in the world coordinate:
|
1

0
0
1
0

(3)
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where 0 0 1 0 represents the Z axis in the robot coordinate. Using this rotation
axis, we calculate the rotation matrix of the camera pose in the world coordinate:
1

1
1
1

1
1

1
1

1
(4)

where is the rotation angle of the robot’s pose. The translation of the camera pose is
the position of the camera in the world coordinate, so we directly use the coordinate of
the camera center to calculate the translations of the camera pose in the world coordinate:
|

(5)
1
|

Finally, we get the camera pose
from the robot IMU pose.
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in the world coordinate

Adaptively Combining IMU and Visual Pose to Enhance
Tracking Robustness

One of the core issues of RGB-D SLAM algorithm is to estimate the transformation T
between the current frame pose and the proceeding frame pose
. We base our
approach on ElasticFusion [6], and aim to find the motion parameters that minimize
the following joint cost function:
(6)
with
0.1.
jected vertices:

is the cost over the point-to-plane error between 3D back-pro-

∑

exp

∙

(7)

is the cost over the photometric error between pixels:
∑

∈

,

,

,

(8)

is the back-projection of the k-th vertex in the current depth image,
and
where
are the corresponding vertex and normal represented in the last predicted depth im-
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age.
is the matrix exponential. Vertices are associated using projective data association.
is the current color image and
is the last predicted color image.
, refers the intensity value of a pixel u given a color image .
,
means the
3D back-projection of a point u given a depth map .
means the perspective projection of a 3D point p.
To minimize the joint cost function, we use the Gauss-Newton non-linear leastsquares method with a three level coarse-to-fine pyramid scheme. To solve each iteration, we calculate the least-squares solution:
arg min‖

‖

(9)

ElasticFusion [6] yields an improved camera transformation estimate:
exp

(10)

0 0 0

(11)

0

, , ∈ .
with
In some situations, including exploring a workspace outside of the sensor’s valid
depths, processing a frame sequence that misses a certain amount of frames, encountering a dynamic occlusion or a low-textured workspace or dealing with blurred images
due to fast camera movements, the transformation estimated in each iteration using
the above visual method is always error prone. From the robot IMU, we can obtain the
current frame IMU pose
. We define
, and the last frame IMU pose
,
and
as
the transformation between
,
,
,

∙

,

(12)

is stable which is not affected by the scene environment. Fig.
The transformation
2 shows the comparison of the local model using only visual method with the model
. Even a small difference of
with the ground truth transformation
using only
could lead to a poor quality of the local model.
In each iteration, we define the transformation estimated by the above visual method
exp
. Then adaptively combining
with
to balance the local
as
model quality and the stability of pose tracking:
1

∙

∙

(13)

and
. We define the diswhere s is a balance scale, d is the distance between
as its Frobenius Norm as d
.
tance of
is close to
, which means the pose estimated by
When the transformation
to account for only a small part to guarthe visual tracking is successful, we set
and
have an obvious difference,
antee local model quality. Conversely, if
to account for a big part to
which means the visual pose is not reliable, we set
correct the pose. Using the above adaptive weight setting, we find the pose tracking is
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(a)

(b)

Fig. 2. Local model reconstructed by IMU and visual method. The top row shows the 3D surfel
model and the bottom row shows the textured model. (a) the local model using only IMU, where
the desktop becomes thicker. (b) the local model using only visual pose, the quality is better.

always successful in our experiments and the local model quality is better than that
under the fixed weight combination.
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Robot Movement Pattern Design

Our goal is to move the robot on the floor and reconstruct the full 3D model of the
indoor environment. To localize and map the scene accurately, there are several constraints on the robot movement: 1) The speed of the movement cannot be too fast, especially the rotation angular velocity cannot be too large, otherwise the pose will not
be reliably estimated by the visual method. 2) The movement should have some closed
loops to eliminate accumulated errors. Thanks to our above adaptive pose combination
method, we can adequately handle difficult situations such as dynamic occlusion, lowtextured region, and the scene outside of the range of valid depths.
If the scene is relatively small, the robot only needs to move around the room and
ensure that it can be back to the starting point to achieve a closed loop. While if the
scene is large, we should design some small loops in case the accumulated error is
notable such that the global model error cannot be eliminated completely if a single
loop is wed (Fig. 3). We use two kinds of movement patterns for the map building.
Movement Pattern 1 is to make a circular movement at each location and then move
forward to the next location (Fig. 4), which is similar to [16]. But in the experiment we
find each circle is an independent movement and there is no closed loop between two
nearby circles, which leads to the large accumulated errors between the circles and the
two local models reconstructed by two circles cannot be aligned. In addition to that, the
pure rotation moves slowly and the captured data in the nearby circles are almost the
same, so there are a lot of redundant data in the first movement pattern. We design
Movement Pattern 2 with a bigger closed loop and the two nearby loops always overlap
(Fig. 4). This movement can eliminate the accumulated error between two loops with
the closed loop in the overlap region. And the system will capture streamlined data
because the pattern has less repeated scenes and uses more translation movements
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(a)

(b)
Fig. 3. Comparison of the big size loop result and the small size loop result. (a) move in one large
circle movement where the model has some distortions in the global perspective. (b) move in
Movement Pattern 2, the overall accuracy is higher.

(a)

(b)

Fig. 4. Robot movement patterns in large workspace. (a) Movement Pattern 1, where A and B
are the starting points of the two circles; (b) Movement Pattern 2, where the black line represents
the first loop, the blue line represents the second loop and the green line represents the next loop,
A B C stand for the loop starting points respectively. The overlapping region between any two
different color lines is the loop closing area.

whose speed is faster than the rotation speed. The experimental results are shown in the
next section.

6

Experiments

We use a TurtleBot2, a Kinect and a Lenovo Rescuer notebook with an Intel Core I56300HQ CPU at 2.3Hz, 8GB of RAM to collect the data. The test platform is a desktop
with an Intel Xeon E5-1620 CPU at 3.7GHz, 32GB of RAM and an NVidia GeForce
GTX 1060 GPU with 6GB of memory. The Kinect receives 30 frames per second, and
we collect the IMU information at the same rate. The TurtleBot2 moves at a speed of
0.2 m/s and rotates at a speed of 0.4 rad/s.
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(a)

(b)

(c)
Fig. 5. The reconstructed result of difficult scene. The left column is the result by visual method
without IMU information and the right column is the result with IMU fused pose. (a) the result
that processes a frame sequence which misses a certain amount of frames. (b) the result that
encounters dynamic pedestrians. (c) the result when explores a workspace outside of the range
of the sensor’s valid depths.

We carry out experiments on some difficult situation, including processing a frame sequence that misses a certain amount of frames, encountering dynamic pedestrians and
an empty scene where the camera only can see the ground plane. We compare the result
of the system combining IMU information with the system without IMU information
in Fig. 5. With vision and IMU fused pose, the robot can go to where successfully, but
without IMU fusion, the tracking is always failed.
We use the two movement patterns on the same scene, find the 3D model reconstructed by Movement Pattern 1 has many noise in the model and some parts of the
model are not aligned, while Movement Pattern 2 is much better, which can be seen in
Fig. 6. The underlying reason is that Movement Pattern 1 needs multiple modeling and
there is no closed loop between circles. We also find that although Movement Pattern
2 has many repeated areas to close loop, the redundant data is less than that using Movement Pattern 1.
Our approach relies on robot IMU, and common RGD-D SLAM datasets such as
TUM RGB-D dataset and ICL_NUIM dataset do not have IMU information, so we
cannot compare with others on benchmarks. We compare the reconstruction result of
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Fig. 6. Comparison of the local model using different movements. Left based on Movement Pattern 1 and right based on Movement Pattern 2.

(a)

(b)

(c)

Fig. 7. Comparison of the reconstruction results by different approaches. (a) the result by ElasticFusion. (b) the result by Kintinuous. (c) the result by our approach.

(a)

(b)

(c)

(d)

Fig. 8. Reconstructed results in different scenes. (a) a long office scene where the robot moves
in Movement Pattern 2. (b) a corridor scene that both ends of the corridor are out of sensor’s
valid depths. (c) a large office scene with dynamic pedestrians. (d) a small office scene that the
data lost several frames.
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our approach with ElasticFusion [6] and Kintinuous [5] on our data in Fig. 7. We do a
quantity of experiments to validate our approach in different scenes (Fig. 8).
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Conclusion

Our goal is to reconstruct the indoor scene with a RGB-D camera on a robot. To overcome the pose tracking failure problem caused by the week featured scene, we fuse the
inertial measurement into the pose tracking process and an adaptive weight scheme to
balance the IMU pose and the visual pose. With the movement of the robot, the pose
error gradually accumulates, we should design closed loops in the movement to eliminate the errors. So we propose two movement patterns for robot and analyze the two
patterns with the experiments. With our IMU combination system, we find the pose
estimation is greatly improved, that we did not find any failure cases even under difficult situation. We will test our approach in more scenes such as home and restaurant
and study the theoretical support for the movement patterns in future work.
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