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Reliability Estimation for Self-Vehicle Pose Recognition Result Using LiDAR
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This paper presents a reliability estimation method of localization results. In the method, an ego-

vehicle pose and reliability are treated as hidden variables and are estimated simultaneously via Rao-

Blackwellized particle filter (RBPF). The ego-vehicle pose is estimated by a sampling-based method,

i.e., particle filter, and the reliability is estimated by an analytical method using prediction results of

convolutional neural network (CNN). The CNN learns whether localization has failed or not and its

output is used as an observable variable to estimate the reliability in the RBPF. Through experiments,

it is shown that the estimated reliability could be used as an exact criterion for describing successful

and fault localization results.
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Fig.2 Experimental platform.
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Fig.4 Input data examples of LEM-, BM-, and image-based
data. Top and bottom data show successful and fault cases

of data, respectively.
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Table. 1 Average data creation and prediction times per

one data.
Data creation time (msec) | Prediction time (msec)
LFM 0.006 0.390
BM 3.953 0.397
Image 13.545 0.861
1
f
i
j
J
0.8 7
z V
L 0.6
(=9
e
E 04
Image
0.2 1
BM —+
LFM —
0 ‘
0 0.2 0.4 0.6 0.8 1

FP /(TN + FP)

Fig.5 ROC curves. TP, FP, FN, and TN denote true pos-
itive, false positive, false negative, and true negative, re-

spectively.
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Fig.6 Estimated trajectories by the proposed method and
3D NDT scan matching. Color level denotes the estimated
reliability.
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Fig.7 Example of unreliable scene detection and recovery
performance. The green lines represent road markers, e.g.,

lane and crosswalk.

Fig.8 Miss-recognition cases where the localization result

is unreliable.
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Fig.9 Simulation result with incorrect localization parame-
ters. The trajectory with dark color represents areas where
the unreliable localization results as shown in Fig. 7 could

be exactly detected.
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