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Camera-LiDAR-DNN-based self-attitude estimation

with learning landscape regularities
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This paper presents camera-LiDAR-DNN (deep neural network) -based self-attitude
estimation with learning landscape regularities. The proposed DNN infers a gravity direction
with a camera and a LiDAR. A color image and a depth image are input to the network. The
depth image is obtained with the LiDAR. Convolution layers are separately applied to them,
and their outputs are concatenated. The concatenated feature is input to fully connected layers,
and the gravity vector is output. The DNN is pre-trained with datasets collected in a simulator.
Fine-tuning with datasets collected with real sensors is done after the pre-training. Comparison
with conventional methods is carried out for the performance evaluation. Real-time estimation
using EKF (extended Kalman filter) is also performed.
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Fig. 1 Proposed network architecture.

Table 1
Method

MAE of estimation on real data.

Angle Dataset#
[deg] 1 2 3
Camera-LiDAR | Roll 2.07 257 349
DNN (ours) Pitch 1.75 286 2.88
Camera DNN Roll 2.01 3.53 5.67
Pitch 1.69 346 4.84
LiDAR DNN Roll 2.41 436  4.85
Pitch 1.98 348 353
Statistics Roll 15.87 1529 19.95
Pitch || 14.81 1342 1591
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Table 2  Error of estimated attitude at last pose.
| Roll [deg] Pitch [deg]

Gyro+DNN (ours) -2.15 0.46
Gyro 5.70 -5.26
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