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A Deep Convolutional Neural Network Based 6-DOF
Relocalization with Sensor Fusion System
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Abstract: This paper presents a 6-DOF relocalization using a 3D laser scanner and a monocular
camera. A relocalization problem in robotics is to estimate pose of sensor when a robot revisits the
area. A deep convolutional neural network (CNN) is designed to regress 6-DOF sensor pose and
trained using both RGB image and 3D point cloud information in end-to-end manner. We generate the
new input that consists of RGB and range information. After training step, the relocalization system
results in the pose of the sensor corresponding to each input when a new input is received. However,
most of cases, mobile robot navigation system has successive sensor measurements. In order to
improve the localization performance, the output of CNN is used for measurements of the particle filter
that smooth the trajectory. We evaluate our relocalization method on real world datasets using a mobile

robot platform.
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[Fig. 2] (a) Input images for pose regression CNN : RGB image
with range value, (b) Edge image with Sobel operator and IDT
to the RGB image on figure (a)
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[Fig. 3] A deep convolutional neural network architecture: GoogleNet
with pose regression
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[Algorithm 1] Proposed relocalization algorithm

1: Relocalization ({ngll}jZI:JV,,AYL_,_L):

2: Generate RGBD image using (2)

3: ift=20

4: Initialize X, = D,

5: else
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[Table 1] Dataset description

Frames .
Dataset - Spatial Extent (m)
Train Testl Test2
Baekyang | 5526 4912 4621 40 x 160
Eng. Bldg.| 5329 3432 3679 80x 80

[Fig. 4] Sensor fusion of a 3D laser scanner and camera:
calibrated sample data. (a) Baekyang dataset (Testl), (b)
Baekyang dataset (Test2), (c) Engineering Building dataset
(Testl), (d) Engineering Building dataset (Test2)
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[Table 2] Localization results

Baekyang | Baekyang
Test 1 Test 2
Error | Error | Error | Error | Error | Error | Error | Error
XYZ| Q |XYZ| Q [XYZ| Q |XYZ| Q

PoseNet 3.08 1174|349 | 1.79 | 1.06 | 1.73 | 1.87 | 1.89

EngC Test 1|EngC Test 2

PoseNet+D
epth

PoseNet+PF | 2.02 | 1.62 | 1.78

297 11.66|3.34|1.66 | 1.02 | 1.69 | 1.55 | 1.87

1.69 | 099 | 1.71 | 1.54 | 1.87

Proposed | 1.25 | 1.54 | 1.56 | 1.61 | 0.87 | 1.68 | 1.26 | 1.78
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[Fig. 5] Relocalization results using our proposed method. The first row shows trajectory of training (red dot) and test (black asterisk) datasets.
The second and third row show trajectory of PoseNet (green) and proposed method (blue) of Test1 and Test2 respectively. (a) Backyang dataset,
(b) Engineering Building dataset
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