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Reliability Estimation for Self-Vehicle Pose Recognition Result
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Abstract : 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 a 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.1 Graphical model for the proposed model [3].
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Fig.2 Experimental platform.
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Fig.3 Experimental environment.

BRBFEETIE, /S—F 4 7 VB M & 200([EHE) & U 7.
F - AZHEEDS 05 %% AR FU 2B, NiEHEE kiR &
WL TW5 & HEL, N—T 1 27O 5 Hi% BIEDHE
EALEE PN THIRI B 22 & L 72 [17).

5. Bk
5.1 ERIRE

Fig. 312, AMFZECHML /- HERBEREZ =9, AFER
THEEEOT—&2INEE TV, THUENHOT—2%
FAWT AL EHE D IERH M DR L EijE 7o 72, K
BIED1HAOREEIBEZ 17Tkm THY , ERREOH
i O e K TEFE I3 A 50 km/h TH B .

52 (IBEHEERVIMICE T2 ANT—9 D&

P E ERHIWE 17D 122D, AT —&ICk
2 HIWIERED k% £ 397> /2. SCHR [2] Tk, PF O
REFHED 72 0DIZE — AET IV (beam model: BM) £
REINTWD. BM TI&, LFM T2 HHI
Z, RVHAENS L =Y =LA HHOREYE TO
PHEE 2 L MAI NS . SEIO KT, LFM, BM,
B & O [3] THAX WD BHEN—ADT—& % [
WCHIRE 1o /2. A, HfT — 23R EE 0.1 m
T 800 x 500 D AKX I THEKL, CNNIZAST BRI
160 x 100 1Z#E/NU 72. AJ17—& Ofl%E Fig. 41217 .

FEMADOT—42 & LT 27362 DT — & % fERLL 72
(13681 DAL EHERE ML KT —& & ThENED).
ETIND DT — X OVHOIERREE FHIIL 72, 57—
B AEROILIRIE CPU (Intel(R) Xeon(R) CPU E5-1650
v3 @ 3.50 GHz) EC47o7z. Table 11ZZNENDT —
&W&K%b:¥ﬁﬁﬁ%%¢.ﬂMﬁuty#mﬁ

NG EEYIE COM#E SR T 201V 1 Fv¥ A7+
VTR TD BRERH D 2D, LEM I AT EHERFEA
E< Z>oTW5.

RIZT AN DT —42 % 22638 fEFERKL 72 (11319
®u%ﬁﬁmw KT — &%%M%MAG)T%MI
ZiE, ThEN1ODDOT—K% CNNIZLY T2
ODL%L/ 7RIS RI T WD . CNN DL

AN B EEAT S 2018 4FAKTR R AR SR TR 4R

Success

il
L

I ' i
| M\H\Hwi‘

H»|| il

‘H\H\M\ L

‘ ‘l‘\”i |

800 1000 1200 1400
Scan index

Fig.4 Input data examples of LFM-,
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
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Fig.5 ROC curves. TP, FP, FN, and TN denote true
positive, false positive, false negative, and true
negative, respectively.
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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 re-
covery performance.

Fig.8 Miss-recognition cases where the localization
result is unreliable.
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Fig.9 Simulation result with incorrect localization
parameters.
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