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Fusion estimation of vehicle pose based on the cascaded deep neural network

Chang Bin',Li Xu',Xu Qimin',Li Na’,Hu Weiming'
(1. School of Instrument Science and Engineering, Southeast University, Nanjing 210096, China;
2. Research Institute of Highway Ministry of Transport, Beijing 100088, China)

Abstract: In a complex urban environment, when the GNSS signal fails, the existing methods for estimating the vehicle pose using a
monocular camera or an inertial navigation system suffer serious cumulative errors. To address these issues, a vehicle pose fusion
estimation algorithm based on the cascaded deep neural network ( CDNN) is proposed. First, CDNN is designed to reduce the
cumulative error caused by scale blur and scale drift in monocular cameras. Secondly, to reduce the introduced device noise, a
simplified inertial sensor system (RISS) is used to obtain the vehicle lateral and longitudinal acceleration and yaw rate. To reduce the
influence of uncertain noise in the system, Heo filtering is used to fuse the outputs of CDNN and RISS to accurately estimate the vehicle
pose while keeping high-frequency output. Compared with the method based on the Kalman filter, experimental results on the KITTI
dataset show that, the root mean square error (RMSE) of the easting position estimated by the proposed algorithm is reduced by 41. 3% ,
and the RMSE of the estimated northing position is reduced by 70. 6% , and the RMSE of the estimated heading angle is reduced by
66. 6%.
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Fig. 1 Algorithm framework of vehicle poses fusion

estimation based on CDNN
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Table 2 Computer configuration of the experiment

Tl i 24

GPU 15 NVIDIA GeForce RTX2080 Ti

GPU £ 8 GB

CPU %5 AMD R3-3100

CPU F45 3.6 GHz
HHEALAF 16 GB

BIERSE 64 bits Ubuntul8. 04
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Table 3 Configuration parameters in CDNN training
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Fig.3 Estimation results of vehicle three-dimensional

motion parameters
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Table 4 Maximum error and RMSE of vehicle three-

dimensional motion parameters

S8 R RMSE
YR/ (mes™") 2.2635 0.287 9
B mH R/ (mes™") 0.119 0 0. 006 2

PR A HE/ (rad-s™") 0.447 0 0.004 7
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Fig.4 Estimation results of vehicle position and

attitude estimation parameters
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estimation parameters
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Table 5 Maximum error and RMSE of vehicle position

and attitude estimation parameters

RRIRE RMSE
K2RV N R (A E A F ¢ B S [ VYA AL AR A B
BH/m BH/m /rad BH/m H/m /rad

RISS  16.783 16.429 0.176 8.726 8.268 0.074 2

Kalman  12.503 15.615 0.171 4.821 6.855 0.0632

ACEY: 6.092  7.445 0.148  2.832  2.015 0.0211
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