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Path Planning using Machine Learning
TANIAI Tatsunori and YONETANI Ryo

Path planning refers to a problem of finding a low-cost and valid path between start and goal in a given
environment map. This problem has been studied widely for a variety of robotics applications such as the global
planning for autonomous mobile robots and motion planning for robot manipulators. Recently, some work has
proposed to leverage machine learning techniques for improving path planning performances. In this paper, we

overview several popular approaches of such machine-learning-based path planning, and furthermore, introduce
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our recent achievement called Neural A*, a deep-learning-based A* search for path planning problems.
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(a) Problem instance

(b) Path planning on grid map
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Algorithm 1: Search (G, ¢, v,, v,)

1: Initialize O < v,, C « &, Parent(v,) « &

2: While v, ¢ C do

3: Select v' = argmin,., f(v) based on the criterion f(v)
Update O <~ O\{v'}, C—CU M}

Extract Ve = N0\ (OUC)

Update O < OUVy,

Foreach veVy, do

Update Parent(v) < v
9:  Endfor
10: Endwhile
11: Compute P < Backtrack (Parent, v,)
12: Return P
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BEIELEIRI NG Z L idhnwiz, OBX U ClETATY
R L OFEFTHFIFFIC 2 Ef75 & LRz 2,

B — PV ofE a2 T GITH) b, —ik
7B ATRERE DA B b EIc kD, UTD X5 72 2
T3 cRBITE 2,

Vir =V *K)O(1-0)0(1-C)0O X 4)

2T, V*K) I3E IR — 5V L EED — A0
K=@¢W4wﬂﬁuuﬂ&@2&%%&&&@%@\%
D% D 2EITH (1-0) BL W (1-C) & ORGIZHH 7 — F
FRET A ZWIRE Rxd 5, ok, BEEYOEDLDE
MT2fEAIXIc X hvRREIND LT, 7 — FERZETA
REFEIRICIRE T 2720 X B X HICEL 5, TOUMHIT, X
PEMRTH 2 HEITEIET 5,

FOBOERHE ) —F ot —7v ) R F~D8M (61T
H) 3. 0V +0 TIT2 5%, ik, 7T~ THOHETH
fRoOFEk L, HHAREIREICBED 2 COFHICTITHEL iz
B, I AIEEICT 2 EIT R0,

o DI BERERI NS TV IRT L, B
RIRT R, TNFETIGEREI N/ — FOJEED 2 H
Al CicERfEING, CIc LT 33 ficih~7z{Ek%5H
H322LT, ZOLEEZMIFIRE A* D ANIERTH 5
APy Z7OICHEl L, Tva—X%¥EHT 5 Lp
AIAEIC 72 o HERMRFIC 1L, JEH O A* PRER AR ICH T-BEfR
DoY) —%illz 1117H) T CRAINEFKE LA
35,

3.4 ZofhnEREDEEM

DA EAH—REA v 2 2 v 2030 250 B A* 0¥k
REECTH 5, KEICTIE, ERAFICIA, FEH O
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PRENRE DO DHEE FOTRLHMAED 3 DT. &
BlcchbicoWTRSHRE T 2, LW EeiERicon
TR 22BN,

REIR FOEFH 22 HOFMAS X O Algorithm 1 TILFE
MAEEEL 22, 7 — FEROTHIBES R A b g
raUht. g bERPICEREFRT 24ERH L, Th
., EARMICIER O ) — FiERBIC, Z0oEFE —F
VST 2 BB R b g(V) Ofik, B —FETOR
Biazx b g0 EEIR —F2biifs /) —FECcoBBia
Z b () DHITHF T2 &ickh b, 7277 LEEICIT.
2TV OEFEIE. PO TR NBIARE ) — KV, &3
TICA =TV ) R MIFEET 2R/ — F Vy ST
TN, BELCOWCTEATFFEINZBZBEa A Hik
RIKIC X 2 BRI a A PR HERTNI BT EBERE W o 724
HALEICR S, T0X 5 RS FEARR 2 TH B E o f
HEDETREEETH 228, Ao EiiichznT
TTCIHHIET S,

Ny FFE ::—7»%yb7—g@?”mkwfu\
wg o AN 5y 7 A{(XO VO O ity 58y 7
BAME R 288l - KET -2 LB RET
Hb, LoL., REEERIILMEL v A X v RICX o T
BPKRTT B84 IV I DRREZ20, ZDXI By F
I TR BETH 5, v FUIRLDOMS) nTHE A*
T, /= F#ERBEOZ D 2 FEH GITH) KB w»T,
Ny FROEEEA v A Z VAT KT 7 7 IEK
N =1-(rO V') ZGE L, 0" B X C? 2T O X
SICHEHTT B,

O(i) «— O(i) _ n(i)V*(i)’ C(i) «— C(i) + n(i)V*(i) (5)

CTHFEEICE, = VD 2SERE N v 2 &
VAILDOWTIX, ZNLEE, 0V B XU Y oFEH E L
T2XOIHEET 2, chick by, BEROEIRIICE
Bz, BTONYF A Vv RR Y RICOWTHE UITHIEE
ZRIFICETTE, RTONY FA VAR Y ZTHEAR
FRINHECHEEN— TR T T BB TE S,

IvaA—REEH Tva—Llhb=a—I1rFv 7 —
I, =RV T AV IR TAVTF—a v ETHWS
N2 UNet” v, #4 K=y 7OH I RGE R AT
<~y TOMMFIELREICICRZ L HIC Lz, TVva—XDA
TTiE. X & Vo +V, 2l L7z 2 ot & F v 7z, 774
N~y 7O % B - BEESIC X D &2 2 kT,
TEILEONCHESARD 2552 TOEYIAATAF
<~y TO¥ENRTELLICRD,

—BAEEOEM KEroFEETIR, XB)D 0% G DRt
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2. NSRS AD K ) IS

BN TO—EOZE %z R 7 7060 WL TERE L
TS T & T, HENRBEROET = — v 2 fiHl
L. FEOLRENMPLHE A E Y OHIEZIT - 72,

4. FHMEEER
REITIE. RRIEEREEIC 3515 2 Neural A* O R M:AE
DFHEEEIC OV TIRR 2,

41 R—RFA4 VFE

Neural A* OPEREFHM D 720, LIF D 2 2> DFIIER T
RO L7, 20w TN EMEE 2 imH L - Tk
T, D, WHET Neural A* & [FIEED A* PER % FH W 72 HER
N—ADFIETH S,

fSAILY v 2 — ) 2T 4 v VBB AR EH T — X h b
BT 5 & TERWERREER L 2R EERERT
W, KEERCIE, FEY Y IAEFE L2 —) R
T4y BB HEL B4 (SAIL) &, HATR 7 A
F 2N LB A (SAIL-SL) @ 2 FE%2H L 72,
BB-A*V : A* 72 P OFHAEREIL T L TV X AT L
T, 7T v 7Ry 7AW L ER B IR A
FlatEiik 2 L C¥E, CoFRIFREFERLMUT
WBHIAD DD, AXEREERR T T v 7Ry 7R
LTS HTEE S,

Tz, EFHHO BN AERTILL LT, REELE
F (BF) L HEAMZE A¥(WA*) & DL 72, & B ICiRE
FiEoZRe LT, RQ)TEMBMa A P 2HEHEHL THIC
F=®+H ZHV23LT, mRELERD XS hzH)%
9% Neural BF & § g L 7=,

4.2 FHEER
PRERMEREDE BV aHIiER L LT, LT D3 2%Hwiz,

cOpt: FEAENL L VoML TR (R 72k
ZHOTF LN % 0-100 (%) OfETET,

cExp ! BHEDA*FER L ILXTHIRCTE 2 FERAT v 7
& 0-100 (%) ofickT,

e Hmean : Opt & Exp O FFIF, CHIZEROENHK L
REED P L — F A 738N FEGE L2202 T D
DT, AKFFRO T 2 FHEERE L LT %,

4.3 REREMEICE T 5 tEHETFE

3T fifi 92 5% < |%. Motion Planning (MP)'V, Tiled MP,
City/Street Map (CSM)'? @ 350D F —x % v + 27z,
MP (332X32% 4 XD AL~ v 71T X 5 iREKEEER 7 —
Xty b T, Tiled MP TIEMP D~y 7% 7 v X LIC2X
2 B~ T 64 X644 ZICHRIR L 72, CSM (X FE R0 #



PR % 5] U 7 AR 5 i B il

D 2{HE{R~ v 7% 64x64 A XYV B LzdoTh  KEK 1ITRT, Neural A* 285 D &\ > Hmean R 2 7 % i#

%, ZNZN 1,000l Lo~y 77— 2 2 ¥EHM, WEE L. EROME L REtED P L — P A 7 8GE R R D

., 7AFPHELTB0%., 10%. 10%ICHEL THWZ, KEhoklldbrd, MPT—%+ty bHd~y 7iC
&7 =42y MICEIT D Opt, Exp, Hmean 2 a2 7 DLt X3 2 HBOERBEROHI 2K 5 1IRT,

*1 REREMEICESIT 2 E=TE
REUBEFEICH L T, BEEEKE (Opt) &/ — FEZDOBIEZE (Exp). 2L TF
NS DOFMFEYE (Hmean) ICHT 27— A FTy 7B LV B%IEBXRE,

MP Dataset
Opt ‘ Exp ‘ Hmean
BF 65.8) (63.8, 68.0) | 44.1| (42.8, 45.5) | 44.8| (43.4, 46.3)
WA* 68.4) (66.5, 70.4) | 35.8| (34.5, 37.1) | 40.4| (39.0, 41.8)
SAIL 34.6| (32.1, 37.0) | 48.6| (47.2,50.2) | 26.3| (24.6, 28.0)

SAIL-SL | 37.2| (34.8,39.5) | 46.3 (44.8, 47.8) | 28.3| (26.6, 29.9)
BB-A* 62.7| (60.6, 64.9) | 42.0| (40.6, 43.4) | 42.1] (40.5, 43.6)
Neural BF | 75.5| (73.8, 77.1) | 45.9 (44.6, 47.2) | 52.0| (50.7, 53.4)
Neural A* | 87.7) (86.6, 88.9) | 40.1| (38.9, 41.3) | 52.0| (50.7, 53.3)

Tile MP Dataset

(0]0] Exp Hmean
BF 32.3) (30.0, 34.6) | 58.9] (57.1, 60.8) | 34.0| (32.1, 36.0)
WA* 35.3) (32.9, 37.7) | 52.6| (50.8, 54.5) | 34.3| (32.5, 36.1)
SAIL 5.3 |(4.3,6.1) 58.4| (56.6, 60.3) | 7.5 | (6.3, 8.6)

SAIL-SL | 6.6 | (5.6, 7.6) 54.6| (52.7, 56.5) | 9.1 | (7.9, 10.3)
BB-A* 31.2| (28.8, 33.5) | 52.0| (50.2, 53.9) | 31.1] (29.2, 33.0)
Neural BF | 43.7| (41.4, 46.1) | 61.5| (59.7, 63.3) | 44.4| (42.5, 46.2)
Neural A* | 63.0/ (60.7, 65.2) | 55.8| (54.1, 57.5) | 54.2| (52.6, 55.8)

CSM Dataset

Opt ‘ Exp ‘ Hmean
BF 54.4| (51.8, 57.0) | 39.9| (37.6, 42.2) | 35.7| (33.9, 37.6)
WA* 55.7| (53.1, 58.3) | 37.1| (34.8, 39.3) | 34.4| (32.6, 36.3)
SAIL 20.6 (18.6, 22.6) | 41.0| (38.8, 43.3) | 18.3| (16.7, 19.9)

SAIL-SL | 21.4| (19.4, 23.3) | 39.3| (37.1, 41.6) | 17.6| (16.1, 19.1)
BB-A* 54.4 (51.8, 57.1) | 40.0| (37.7, 42.3) | 35.6| (33.8, 37.4)
Neural BF | 60.9 (58.5, 63.3) | 42.1| (39.8, 44.3) | 40.6| (38.7, 42.6)
Neural A* | 73.5/ (71.5, 75.5) | 37.6| (35.5, 39.7) | 43.6| (41.7, 45.5)

BF WA* SAIL SAILSL BBA* Neural BF  Neural A* Guidance map

B -
a&!\
5 REEEEERD DR

(191) 43



OMRON TECHNICS Vol.53 No.2 (#i# 165 5) 2021

5. £HE&= v 71T 3 RIEEHE

BEEVINIE D 7 AT T 27 AR~ v 7o 3 5%
P& EHHIRTRE 12 D W T, Neural A* & BB-A* O E K FEEx
% AT o 72, % B <%, Stanford Drone (SD) 7 — X & v
N s EN BRI Y — v OBITEIFT — 2 2 v,
HBITE ORI THMEO T — 2%y P ZEKR L7, 2L
T, ¥—VvEREHA - BERAG 2 b NiBRic, &Fik
23 ENTE T IEREICEFR D TE RS 2 Tl C 2 2 23Hll L
720

2 T TRIRRR & IERREE O o chamfer BREfE % ik
LT3, Intra-scenes Tlf, FHT—X & T AT —XIC
[ CHREIGITOMERE A5 2 & T, RMOB{TH I3
2 THIMEE %Ml 5, Inter-scenes TlX, ¥EF—4 LT R b
T — X TR L HoEG OMEI{R %\ % leave-one-out 287
BE 21T\, RAOGFTICN 3 2 LEREZ IS, &B 5
DFAITHE T D Neural A* 28, X 0 IEMICIT R % T
HLCTwB e nbrd,

KEROHR OB 2 X 6 1SR T, &) 2 2DHITIE, Neu-
ral A* 23EMEIIC S IERIGE RIS Z THIL CTnw b 2 &
bbb, —FH. 3oHDHITIE. Bl - BEROBICHEE
DEYIREEDD 5720, FHICKKLTwE, Z0XD
EHEICT SR & LT I DR & TESRR I Y v
TV ITELXICTRERNT Tu—F hLnE
Zbhd,

Input Groundtruth

BB-A*

2. NP DR AND X G ITER

£2 SDT—&tv MIBIT2ESTM
FRIS IR & ERREEOMO chamfer BBBEICNT 27— R
bZ oy T E 5% ETEX A,

Intra-scenes Inter-scenes

BB-A* 152.2 (144.9, 159.1) | 134.3 (132.1, 136.4)
Neural A*| 16.1 ( 13.2, 18.8)| 37.4 ( 35.8, 39.0)
6. LIV

KECTlE, T2 E %2 3G L 2 REgEH Tk L&
LC. Zonicsld s miftofEdimes X, ki off
JERLE T H 2 Neural A* IO WTEFLL 72, [ BFI3EE 4
REEEHO D EMEBINT VB, ZORPTH, &%
BER DR L R ED L — KA 7k e FEEY
EaEARME L2ERR~ Yy 7 2 R E w5 2D
DRI IR LT, Neural A* 3#—MARAERT 70 —F %
REL 7o, FHIER Tk, (RO E % v e Wik
BT AT ) X4 & | Neural A* (3R O il % K
AR R EEZRENICM ETE 3 2 & B
O oNTz, £, EEH X T HERICH 2 H1TH DR
THIME T, EEROBITE OB 1tk T#E IV IE
fEICTHITE 2 2 LMD O b, REANE. 2 F v b
V= a2 b — ZOERICIREZEMIC B T 2 BRI % 1L U
O, Ay —v~DEfARHIHREI NS,

Neural A* Guidance map

6 SSD T —%&+t v MIFHIFBREAHEFEROM

44 (192)



B s 32

EE P

iy

2)

3)

4)

5)

6)

7)

8)

9

10)

11)

12)

13)

14)

Choudhury, S.; Bhardwaj, M.; Arora, S.; Kapoor, A.; Ranade, G.;
Scherer, S.; Dey, D. Data-driven planning via imitation learning.
International Journal of Robotics Research (IJRR). 2018, Vol.37,
No.13-14, p.1632-1672.

Takahashi, T.; Sun, H.; Tian, D.; Wang, Y. “Learning heuristic func-
tions for mobile robot path planning using deep neural networks”.
Proceedings of the International Conference on Automated Plan-
ning and Scheduling (ICAPS). 2019, p.764-772.

Ronneberger, O.; Fischer, P.; Brox, T. “U-net: Convolutional net-
works for biomedical image segmentation”. Proceedings of the
International Conference on Medical Image Computing and Com-
puter Assisted Intervention (MICCAI). 2015, p.234-241.
Vlastelica, M.; Paulus, A.; Musil, V.; Martius, G.; Rolinek, M. “Dif-
ferentiation of blackbox combinatorial solvers”. Proceedings of the
International Conference on Learning Representations (ICLR).
2020, p.1-19.

Ichter, B.; Harrison, J.; Pavone, M. “Learning sampling distribu-
tions for robot motion planning”. Proceedings of the IEEE Interna-
tional Conference on Robotics and Automation (ICRA). 2018,
p.7087-7094.

Ichter, B.; Schmerling, E.; Lee, T. W. E.; Faust, A. “Learned critical
probabilistic roadmaps for robotic motion planning”. Proceedings
of the IEEE International Conference on Robotics and Automation
(ICRA). 2020, p.9535- 9541.

Qureshi, A. H.; Simeonov, A.; Bency, M. J.; Yip, M. C. “Motion
planning networks”. Proceedings of the IEEE International Confer-
ence on Robotics and Automation (ICRA). 2019, p.2118-2124.
Chen, B.; Dai, B.; Lin, Q.; Ye, G.; Liu, H.; Song, L. “Learning to
plan in high dimensions via neural exploration-exploitation trees”.
Proceedings of the International Conference on Learning Repre-
sentations (ICLR). 2020, p.1-15.

Yonetani, R.; Taniai, T.; Barekatain, M.; Nishimura, M.; Kanezaki,
A. “Path planning using neural A* search”. Proceedings of Inter-
national Conference on Machine Learning (ICML). 2021,
p.12029-12039.

Hubara, I.; Courbariaux, M.; Soudry, D.; El-Yaniv, R.; Bengio, Y.
“Binarized neural networks”. Proceedings of the Advances in Neu-
ral Information Processing Systems (NeurIPS). 2016, p.4107-
4115.

Bhardwaj, M.; Choudhury, S.; Scherer, S. “Learning heuristic
search via imitation”. Proceedings of the Conference on Robot
Learning (CoRL). 2017, p.271-280.

Sturtevant, N. Benchmarks for grid-based pathfinding. IEEE Trans-
actions on Computational Intelligence and Al in Game. 2012,
Vol.4, No.2, p.144-148.

Robicquet, A.; Sadeghian, A.; Alahi, A.; Savarese, S. “Learning
social etiquette: Human trajectory understanding in crowded
scenes”. Proceedings of the European Conference on Computer
Vision (ECCV). 2016, p.549-565.

Salzmann, T.; Ivanovic, B.; Chakravarty, P.; Pavone, M. “Trajec-
tron++: Multi-agent generative trajectory forecasting with hetero-
geneous data”. Proceedings of the European Conference on Com-
puter Vision (ECCV). 2020, p.1-17.

HEERT

By 2 3 L 7o RERG S FIT AT

A4 FEM TANIAI Tatsunori

Franay YA =y sy s AR ST

VY —=F T RI=AMATAT T4 EY 5y

B avva—xevay, 3R B
JORHEE

FiEF4 - WY 4, [EEE

4 (EF#EIY)

KA % YONETANI Ryo

ALy YA=y sy s AR

VY —FTRFIZAMAT4TT4E 2V
HMava—seyay, EEEE

FrE 4 MY 2, BT HHEETY .
IEEE

it (W)

ARAGHOFER DAL, B TEL LT LEMRHY LT,

(193) 45



