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Design of a model for estimating the difficulty of holds in sport climbing
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Abstract: In this study, we quantify the 3D object information of holds in sport climbing and estimate their
difficulty using a deep neural network for 3D shape data called PointNet. The dataset used was generated
by survey experiments with experienced climbers and 3D scans of real holds, which are used to train and
test the model. The proposed architecture suggests the possibility of predicting the difficulty of holds from

the shape information of 3D objects.

1. EL®IC

1.1 EBx

AR=Y T F A4 IV T3k SR - RAROEEIZELY A
FonzE—IV REMIEND =M EFAL, #EINA
AR—= R NH T IVETHEODREKDAZHNTE ZET
BENEINEFED AR—YTHD., AR—VITAIVI%
BT BMEIZIE, 794V TDa—A (AZ—Fh»
5I—)VETO—EDFIE) %41, 2] HDWFI—A
DFERHE 3] T2 VoL EDNHB. BIRINS
D& BHWFEE LD 754103V TOMERE, =
ROMSEZ2EHEEEL TORVE WS HENH D, EE
DII54IVTIBNTHE—IN ROFELRTI NI —AIZ
BT B8II R E <, JITarge (1] TIRESRIIZA—IV R
DERBVBETHDZEIZDODVWTERLTWS.

b JbHRE R R WA
Graduate School of Information & Science, Hokkaido Uni-
versity

2 JuMERY RS 4—

) p-nishino@eis.hokudai.ac.jp

(© 2021 Information Processing Society of Japan

1.2 MEOEHN
KIFEOEHIEA =N BRI U THEE (FHFbPTX)
EVWHBETOERBILZITS> ZETHD. A=)V RIZHLY
72 v —2&k =V ROMGEIZET 5 5% [4]
HTHONTWE D, BIRT — &I & 285 8 OHEE 13470
NTELHY, 770—FOT7—& Ly NETNTREHOD
R THD. 2HTAMETORE kL T—4t Y b,
ETFIVOHBEZT, 3HTHEDHERZRT.

2. K-V FRZEHEFE

2.1 WEDHE

F—IV ROEESEHE I, 3IRTA TV =7 M
2NBEEITDTA—T=Za—FN3Y NI—=I T —FF7
F ¥ ® PointNet[5] Z X—A L UZETIVE MW, Kb
ZETIRA—IV REYD 3D 7 — 44k, T — 25T L
FNNVDEH, ETIVOMELFZEDIIZFELEL /2.



BHRLEFHRERE
IPSJ SIG Technical Report

2.2 T4ty FDER

WFFEIZER LT, MoonBoard*® 2017 ERIZHEH XD
198 DB —IV REWEZ AR L~Z. Tt AUTODESK
2T SEY 7 v 7 RecapPro ZFIH U off 7 7 1
WERD 3D Avyar—&& Uiz, ZOT—X% 1024 51
DEBT—=ZIZEWL, TETFIVOANE UTHW ., %8
IRBEE R DA NI, 9ANDT FA IV TRERE SN
DFREFERIC D ESNKE RO I 2 2T )L L E
HUK F2, BMBEOREIZOWTERITDONHE
3RV 2d, 24816 D 4@V DRETHHEL /2. #ERO
F ARV [0, (RIEED K X X) — 1) OFPFAT, 0I1TFEIFEEH
HXRFTL, HERARIVIEERFHLIZSVEWSHITH S.

2.3 ETILOWEK

HEREIZHW S E T IVIE PointNet O HJ7 & 8 2:E# % [6]
FNR—ZAZEZ7EDTHD. L0 PointNet 17754 T
HBDN, FRANEEHETDZHRULFIC2D0HD.

(1) #EE U 72O EUE R [0, RIEDRKEX) — 1] OHIFADIE
FRETHY, BUEOK/NIE®RNHS. HIFTHN
IR HEE DRERMNIERRE S NV =B L < &b, i
WMEZHEITEZIEREFE L. SEMETIET XV
DRNIERIZZ LS, ERT NN & —HNA—HD A
Thd.

(2) (1) IZBEEL T, SHEMEICHYSNDHEEBERDOR
ATV hOVE—EE, V7Y I AEREELT
BONZHERDD BIERTH B T NIVDED LU NEE
EUTEBEINGRY. —F, HiRD%GE, 3R
ZEO— RN ZRIBRBB T HIUIHEE P EfR T )L &
=KL TV &E, HADMEINEWGEIZIZ/NI N
HE, EANZNGAIZEREIVEETHD Z L 2 iEy)
WCRHTE 5.

[\ )7 DR IBIEUIZIE Huber &% W=, 72, ElRD
H & float THELN, T RXIVOEHFNDEIFELND Z
EEHDBD, WWEHAL, 7 IVEAEFREIFANORE I\ ME
IZHD 7.

SEHARUZT—21% 198 il £ D7 < T XV DY) £ A
Sz, Bt K 3] (Stratified KFold) T (4 #I1%)=18
LU, ~EOFETISTHEYHE, 11HETANT—4 L
UTFRU 7. BfIIZ 198 A TIZHR U TFHlkE R % 5k
D7,

3. THOHEREER

A= ROMGEHEDHERIZDONT, b—hvv T
KROBEFATFSZE 112587, BETHIED S 1 [\ OREFR
D56, KESDEDDARLTEY, HEEDZOIZHNEE

*1 https://www.moonboard.com/
*2 https://www.autodesk.co.jp/
3 OHARBRT LV — R I BREREEENDH

(© 2021 Information Processing Society of Japan

Vol.2021-MPS-132 No.13
2021/3/1

Actual Label
Actual Label

g © - ~ & 2 U w o
B ©c o olw o =~ o o
N ©c v N & B = o N
EE -~ w w & o o N o
B~ ~ o ~ N » o o
B © © © o o +» o w
B o o N W B & B N
N © - ~ & » & w »
NE o - ol & » =~ o o

3 4
Predict Label

1 ¥k Ll (F) IC&2hiE 8 D%V T ARFATTH & b —
A

Fig. 1 Multiclass confusion matrix and heatmap with granu-
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larity 8 using classification (left) and regression (right).
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