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Development of a 3D Convolution Neural Network for
Classifying Robot Assembly form Features
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The voxel-based 3D convolution neural network (3D CNN) proposed in this paper classifies form features to
decide candidate assembly directions for automated robot assembly planning. It can classify not only form
features of a part but also its candidate assembly directions that are needed for the following assembly planning
procedures. In the implemented automated robot assembly planning system, it will take the place of the current
rule-based form feature classification module. The 3D CNN uses classification classes that integrate both form
features and their directions to assist candidate assembly directions to the following component ordering and
robot assembly planning procedures in the automated robot assembly system. This study generated 3D CAD
models for each form feature class and converted them into voxel models for the training of the 3D CNN. This
study also contrasted rule-based classification methods with voxel-based CNN and evaluated the advantages and

disadvantages of each method.
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Figure 1. Comparisons of the Rule-based(a), Learning-based Using Volume Model(b) and Learning-based Using Vector Model(c)
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Robotics Intelligence Platform) 2.2 &)= CADSF BOM ©lo]
ElHo] 2~ 70k 2b5 B2 2 Al o}7EA(Do et al., 2023)
o 74 242X NEHATH(<Figure 2>9 A HE AA @

A). TRIPS ZH %9 3D CAD R ZHE 2502 28 =
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Figure 2. Process for the Automated Robot Assembly Planning(Do et al., 2023)
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A AL Yo 2 ALEHER o] gk 17t B2t
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A9l 274& BESEA Felsts WHolth <Figure 3>
<Figure 2>¢] A4 B8 2§ A gl &4 12 75t BE50
Blind Hole 54 842 £R/sl= d & Ry &0}

Candidate
Assembly Direction

)/ ,IJ Z value of other

, vertices is less
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/ multi-bounded

.
~— - face

Figure 3. Example of Rule-based Blind Hole Feature Detection
A FEFE 718k Fagol dola A AA AZ(Bound
Edges)2| 47} 291 W (Face)= 17} 7FA & Bosst} Blind Hole
£ §74S 7} th(<Figure 3>2] # of face bound edges =2). 74
A QA GAo] 2% M2 =Y GEAY o F AA 9} T
AAE SA O 7HA = ol 4 S0l 12 WFY A4, o
Z3A oA e FAskE %%(Vert]ces oz FEFO Zex,y
HEE M FF W ZE A9 2 HEPEY 201 Boss,
%A %29 Blind Hole %z‘zt} Blind Hole 57 33&
7H R 29 Ths -‘?'— 9 0741 A7 A9 7t
291 Ho A Wk 5 7| Zt}, <Figure 3>
A F-F] A5 +z ol
A Z2E 2 A 2 7 ER Y £ 4

A AL $ g 22 37 BAE wAss AA, 3
AAE Sl B3 AF *J A A i &4 A
A o] %&O}E‘r s 2 I
al, 2023)= 54 3% %}%-%
gosl ;ggﬂ A A A

719 CAD HloEj# o] 2~ &

A, 54 34 EF 7HE 5 940 AN REF
& AAE AME T Blsof st o 2 EF FAol B
33 JA G E Fillet /0] 7150 = B-rep 2ol & 7
A7} AR HBR o] 5 A 98t 773 & T3 of gt

AR, NEL EA 3 BF7E BT A 7| & AA g A
1S EF FHS TR AL Aok st o= E
A 879 7 857t 5 4E Bsta o F4
A AN} F2 ¢ A ZEANA Y TEE Q73T

33 2R 7 AAE A Voxel 71 A A E5H

71& FA 7|9 EA 4 BE BA S #4387 98 Voxel
59 0] 833D CNNE EY3FATH Voxel 7|9 54 4 £

=Kl
ek & A9 oA Hojd = gl

<Figure 4>+ <Figure 3>9] 72 7|8t §4 374 £7oF o
5 & Voxel 714t Blind Hole &7 &4 &7 o o]t} <F1gure 4>
E B-rep CAD 29 -E 64x64x64 33+ 37+ 4
g Voxel &S 744 343813 T, Voxel E_Eilﬁ 2244 o] w] ]%
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a -
_1
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Figure 4. Voxel Models for Integrated form Features And
Candidate Assembly Directions

t BEo 29 7Hs WIS Voxel d o 535}17]
N &Y rﬂOlEVi—"— %Z& 63*& TRt 29 7bs

+x, 1y, 7 WS }z]Lmﬂ A1§u}€ EXA ?ﬂJ\LOi =23}
Atk 18 2 & <58 3D CNN2 A 2 T2 671 Blind Hole &
A Ggs 73 5% Fddnh A B E Voxel= © &
gk El ol ALl i EdgozH
F7} Vector A3 o 715484 A
Bl 2§ 7k BEFs
A WS A5 <Figure 1a>, <F1gure 1b> 181

<Figure 1¢>9} Bl W5 = <Figure 5>9] 72 & A A& & St}
<Figure 5>¢] TZ+ <Figure 16>} 2] 54 g4 EF CNN
< FA717] flste CAD REE Voxel BEE A8

Voxel &-& Brep A T A8 A S AH 528
Atk Voxel 29 EA Ao 2HMn ofyg} 24 7}
2R 237

T WIE ERFER Vectors =8 §lo] 1}
goll o3 29 7t HFARE A2 5 YTh(<Figure 5>
9] Asm. Direction ZZX).
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4, %) EA] YA B-= 3D CNN 7|
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2 A7e 54 34 £F 3D CNNE Fddy] $sto
Voxel 7|5 34 © o] 14l (Voxel-based Synthetic Dataset) < &
H3tdTh ONNS Qg8 Zd go|HAS sty ~x8
EA e ERSEFIA HEEGE EA IS EFHE
4‘1@ A% dlolEjAlRE WA st Fdstd A :Lﬁt’ii
ATE oA ?i:rL(Do et al., 2023)¢k ML E 93) o] A AT
M AR 5 o Al(<Figure 6>2] Asm C F1)9] 28 2|
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Asm C
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Figure 6. Example Product and its Product Structure

B AFgA 57 FHaE oA AF 74 FFo] /A
TEEER P} ERE LT oW 2X XY S YA
&0 mokRTh ofygt 2§ 7h WA et FEH
0. Aed 28 29 /e WS o)A AT TYT 4x, 4y,
+7 WO A dgir},

Z9 7he Wakold 4 B A4S A BEol =€
4 A= TS =3 <Figure 7> Asm C T4 FEo £3
5 & Cylinder, Tube 18] 1 Base ¥-&9 54 43 =1 7}
T WS FAEI YTt Top & Base F¥% 29 7hs
Hhgko] vkt 91 Blind Hole 574 8742 7F4t},

EREEL
+z +7
+z

1

1'v
T

z Cylinder Tube Base Cylinder
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Figure 7. Candidate Assembly Directions of Cylinder, Tube and
Base

h-R o] +z Z Hpgfo| B E 4y al—szo]
d 7hs Wit Blmd Hole 5% 338 A5 W3¢ 5 H
o] €4¢ “oH%ko 20 2Y F Aot o E <Figure 7>9| Base
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29 B4 g4 st £E9 29 7t
, ol [ﬂr?/} 2E 29 7t S AAst
2 9 THDo et al., 2023).
&’ 9] Plan, Slot, Step, Pocket 1] 1
£ 34l t3 29 7bs B AT
Choi, 2006). w3 A HEo 28]yl vt
6‘%01 ZH 7hs A Flstal 24 F9
AR 4= 9 th(Do et al., 2023). | & <Figure
7>9] Cylinder$} Blind Hole 5% 3/o] ZHH Cylinder +
Base 2YZ L Z47+e] 28 715 WHek 2 29} 77} A Z W)
TFoz FAHL, 2459 24 7k ¥¥Fe F 74 B F
g umA 29 7k TEF +27F 2
<Figure 8>& Asm C A|Foll A&5 = 1259 2X 2 &
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Table 1. Constraints on Dimensions of Auto Generated CAD Models

Shape Id Class Name Parameters
) 00, 01, 02 linder Z, X, Y 70 < H < 100,
@() i cymmaer £, 4, 15 < R < 25
70 < H < 100

|6D 03, 04, 05 through hole Z, X, Y 30 < R < 40,

7 R2 <1 < R3
. 30 < H < 70,
0 | e,
06, 07, 08, 09, 10, 11 blind hole Z0, Z1, X0, X1, Y0, Y1
3 H/3 < h < H-5,
\@,r/ i‘f» RG <1 < R3
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Figure 12. (a) and (b) Shows Training and Validation Dataset Loss and Accuracy



Development of a 3D Convolution Neural Network for Classifying Robot Assembly form Features

A2 Losse

A

N

A @4 EF3DCNN &
0.

o
A 27+ 0,199} 0.53, Accurac

#
of W

R ol
A

cy

0.930] A=At T 1Y

+ <Figure 12>9] (a)9} (b)°ll 2

<Figure 13> 3D CNN -?;E@
o]-g3tof A3 &

1543
of

)¢

N o=
X_“

True label

5 3 ¥ (Confusion Matrix)<

Fd3 Az
a3 AFAA 244 0.98%
2 Loss$} Accuracy®] H3}

13k A% dol e All(7270

Hol

10

445
BF Add  9le Yot A E(Precision)® oZ A%
ol AA Y29k YAt vl Eolt HEE(Accuracy) &
AA Y 2E HYsta EAEA d2 FHY2E AEHEHA &
S ugoth A4 UgE AYE 181 HEEE (.93, 0.95
a3 0.88Z HIIEAY FHUA F 062 07 FHAE R
AZ(ZY2 079 MEZ2HE 0602 o 2)3 Ao] F P2
H ood A

220 sgste
Y (<Figure 8> %

ARE Dozt ¥
Feature+= Blind Holed] Z+9} Z- W&k £
2)olth

<Figure 14> $HH 3
al., 2023191 A AHEE Asm
_f?: E.Z] ?'5:])\]— S f‘s_]_-
a8 Tubet Azt
12 E4 g4(Blind Hole)
“%i’z}(class=061+ class=07)°]

Chamfer®} Fillet 5 &4 &4
RAA e 1 EA P EF

L
= =2 [ele)

3D CNN< 0] -&-3to] 7]& AF[Do et

C 47 T4 F-ES Voxel2 ¥7
AI}E HoE o] F Base, Cylinder
2 54 94E 7HAH, Bases} Top
o 201} 7 Fako] Hhjol £
ot #&¥ 552 3D CAD Rd ]
g3 #ARE 718k Fdo] FH
7} 7bs st

o =

\I

? 71E Aol A& 112 71w S & =Rl A AE
st 75 e CAD 29 € i} B4 94 29
| W, o wpRas YA ATRL SAR 71 0 Y
Predicted label L A2RE _ﬂ*g}o:] CAD Uté‘/] 7] 0}61-7(4 %/Ké% o]%_z:sl. 2=
Figure 13. Confusion Matrix Generated from Validation Dataset 2 214 & 2 1W< W, Aok <5 7|0k &
CAD ZH 27 vlolHAl& %%6}01 2ES FATE &
<Table 3> <Figure 13>¢] 228 BRI A5 S BoEt. 7 #24& AFo2 A4t 2882 Aetet g 7uk i
True $4& 2o 228 A7) 2] 5%0) T Predictts ol o W A gahe 72 Jlwk o] BAD 155 A4 44
23t AE Folt}, U S (Sensitivity)= A Esjof & AMZS & F &3t 738 AL ok st AL I F AT
Table 3. Model Evaluation Metrics by the Classes
Class Code 00 01 02 03 04 05 06 07 08 09 10 11 Total
True 7 4 2 7 5 10 6 5 6 6 6 8 72
Predict 6 4 2 6 5 10 9 3 6 7 5 9 72
Sensitivity 0.86 1.00 1.00 0.86 1.00 1.00 1.00 0.60 1.00 1.00 0.83 1.00 0.93
Precision 1.00 1.00 1.00 1.00 1.00 1.00 0.67 1.00 1.00 0.86 1.00 0.89 0.95
Accuracy 0.86 1.00 1.00 0.86 1.00 1.00 0.67 0.60 1.00 0.86 0.83 0.89 0.88

4
i Base(Blind Hole Z0)
class=06

Figure 14. Result of Prediction of Example Components with Trained 3D CNN

prob
°

Cylinder(Cylinder 7)

class=00

Tube(Through Hole 7)

class=03

dass.

00

.

Top(Blind Hole Z1)

class=07




446 EgA - g

44 25 T8 78 2L EH o9 3t=9 o

T8 B 34 &7 ZE2 <Figure 2>9 A5 28 29
AL AA L 72 710 EF 84 £F 252 WA I
F7IM REL2 7| E 3 7If BES 78 ol b2y, 2
< dE(CAD B 2H(5A 4 TR 29 7 )
S AFHEE ZE WAH HolHA FH AL AX AF
ERZYAG AAN FEL F ANT. EA FF ERE X
3 A A 2H 29 AY AA Y A5 Do er al (2023)
o drj = qict.

3D C

NN3% Voxel 7]8F g o] A& #H8t7] 93t o2}
2 LZEF o9} tES 7} AHEH ST 3D CAD B2 &
A A8L7] 98] FreeCAD(FreeCAD, 2024a) A2 ZE g0 E A}
&3ttt £d dHoHA R A2 3D CAD RE& 749
2 A48l $18ld FreeCADS Python Macro(FreeCAD,
2024b)E AHE3HHTH

FreeCADE A4 E B-rep 29 CAD 222 Voxel EZ &
W77 9l5te] binvox frEEE A£ZESo|(Min, 2024)F
A3 T Voxel &S Python ZE T o)A Ty 34
2 A7 8t7] 913t binvox-wr E&(Maturana, 2024) %} Numpy
ZE(Numpy, 2024)S AH8-31 Gt}

3D CNN& 783l7] Aste] Keras®] conv3D E&(Keras,
2024) &3 TH T3 3D CNNojl B3 A8 FH 9 &
HS Y3t Scikit-learno| Al A EdHE HolE £4 EE
(Scikit-learn, 2024) A-&-3t%{Th 3D CNN9| #4% FH &
9J3ked AHEE AFFE 9 CPUE 2.90GHz Intel i70] W GPUE 1
71 ] NVIDIA GeForce RTX 3080©]Th.

b
d

oftt jm o2 T
ox oX X R

Lo of

dlo
o
< <
X,
i
N
N
o,
K

2
=
2
ro,

PN
o

T

T

)

o
%
il
=5
oL gl
ok
|
=
Q[
(R
P

W

oot =0
o
2
ro
e

2 oyg e
N
to
ol
o
H_
v><
=
H,
=

ofr
-

o

lo
N
of
=
N
= rfb
o b~
oE
o [o
A
S
g
@
S i
X ok

ol

L

T ooxoox &t of @ o

. ol
-

tlo 1%k mot

ml et Y
flo met

ol 0
=
.
)

or 2

© ol e

BN
jiac)
o
o2t
=
RPN
o

ﬂsl’;
ofr
o

m e BN

o iy

28] 59 371 Sl Wt 48 B2 Fo] &

N
iy
e 2

borlo > BH o N EH o not
£ o oct
I A

ol

o2t

:(I)é

=
2

ol met e AFE AU FH ARt
. 53] 3D AA = 2H 28 TR 5
F57} 543 S/t
npajeto g A Qkgk W o 71
g T e Vst d A HTL
oNA At A5 ZE =Y A
| §4 EF79 58S+ de 7
A ol Bag 54 HHol =4
oxel 7|¥F S 29} F45}7] o] Hh. o
Vector 315 53l 7|3l3td BRE 0 F
o} 92 Yoe et al(2021)2 Feature Descriptor 2} 4] &
o] B-repe] 7|3184 EA S AT E QA9 sto] 4
of AH&steE FA $ FA Al AL} e
Y ERe &8 okl bt EFF Vector B
of A8 2
Tl A A
A5k

N

rlu

2

©

o ro
lud

o,

o ok
v

M

c
N

o
2

=

ot O w2 fr 3L orlo rfr Hu

=2

10k
Olﬂ 2 X

lo oX

Hd
¥
olr
o
e

I ol >

[
N
oy g

>
=
)

)

[¢)

< 2 o
3
)
ol
O
1ot
2

Fol] &

oM.
o
o

p = oxl

2
J

=2 o
[

=
R:0)

Al

Ol vo

—

to [0 ox oo oy ml rIF of Im rlf to
E

o
o

o fo
N

ro
O

}

=S
[

Jn o2 —
o 1o ¥O
N
N
ol
1
o
X
o
>
off
toty
N
R
N
N
ofr

e Ty R
ot

o =
o |K

fu

I

S o Do T A [ =

o (-

o ol

\_. =g
=] © ol
FERFALANT 5 9
i

B
(@)
>

N O
:?L_',
>
offt
o

. b
<
(=)
>
@,
Fe

=
o
vl
P
(o
fu
l"_L.
dot b
ot
4 F
%0,
(o
=
o
o
T O
=z
=Z
o
lo
)
2
iy
dlmt
o

o
M

b= i1

olo

oo

o

1

ml

)

r 2

)

O

Tm % ol
U g
FiN
jus)

199 717 8452
Het 33 7
RERESR

o
ofo
et

ot Fok

> i
=,
o
o,
2
K7
(9'S)
N~

|t
oX,
ol
o
M
Hu
=
i

[¢]

oo
o
QL
rg
M
=i}
i o

_,d
of

o

ot

M

=il

N

A

off o o

|

olo ot

POUS S
o
,
ok

o o,

o

[0 oz MZ ¢ o

£ o IN off of o oft

ojo
o
Lo
o
=2
o
)
ot
Ml

AN ot m b
fru

i oo~y flo
ofr
Toorr
Y
e
i,
ol

)
f

L

o
O Hu ol
O ol

28 2 A AL 2 7t wFY
Voxel 7]4F 3D CNNS A| ¢3S
ADS W $Hate] Voxel 7]8F §H4 B o] EJ AL
< Tt AT AHE o] &3t 7]
Yol H &35 W 72 71w E4 A4 £
TFa T
3D CNN3# 2] 7]5k
RS NS E8

%% % 9 A4

oX rj
ofl
ox

wlo rlr
T

f
N
do
e

e
2
-4
rlr

ofr
Ol

S|
Ewl‘
Z

Z

du ey otlo &L m
2L oz

ﬂt{ﬂ OH'I oi

o b

2oy

E

-— ¥ O

N

|

=
=

o o
ot

o m

T oX
oflt
ox rr
M
S off

lud

M

rol

41 2
wE N ol

X0 ¥Q ok

o El
o ¥2 O o

ok
ox i

HE

SN
ol rlo
o |
il
—

kA
e
<
2
=4
ookt
ko o
154
o
i
o
ot
oxl
=2
e
o
ot
BN
inC)
N, o
ofr

OE, l‘UX-L
(o

ZM 712 Voxel 7|9 WA CADY &
g 459t £ 1)
g 3 FA

« OH
o
™
i
i
i
rr
M
)

fo 2 ng Ho
=
('S)
S
o
z
Z
2
frtt
e
N
jiay
)
J

e 2 g oxl
e l‘-?l" li?l" o mlm
PN S e

™
(¢

2 o
Y
N

ro
N ol
o
N

do x@ 2 il o2 o S m

E s 2E 2y A9 AeHe
&7] Yel ANN 223} glo]HAMS

do o T
2
)

o v o [o

_(‘)(_1‘

]

1
N
r.(



!
e
B
=¥
Jjm
oX,
ofl

33

Do, N., Han, H., and Cho, J. (2023), Developing an Architecture of an
Automated Robot Assembly Planning System, Journal of KIEE,
49(3),237-247.

FreeCAD (2024a), FreeCAD, https://www.freecad.org.

FreeCAD (2024b), Scripting in FreeCAD, https://wiki.freecad.org.

Hwang, J. L. (1992), Applying the perceptron to three-dimensional
feature recognition, PhD thesis, Arizona State University.

Keras (2024), Conv3D, https://keras.io/api/layers/convolution_layers/c
onvolution3d/.

Kim, K.-S. and Choi, H.-G. (2005), STEP-based Algorithms for
Extraction and Code Generation of Assembly Information, Korean
Journal of Computational Design and Engineering, 10(6), 412-420.

Kim, B. C. (2018), Shape Recognition of Plant Equipment from 3-D
Scanned Point Cloud Data Using a Convolutional Neural Network,
Trans. Korean Soc. Mech. Eng. 4, 42(9), 863~869.

Kim, B. C. (2020), Classification of the Three-Dimensional Point
Clouds of Plant Piping Parts Using a Shape Distribution and
Convolutional Neural Network, Trans. Korean Soc. Mech. Eng. A,
44(4), 313~320.

LeCun, Y., Bottou, L., Bengio, and Y., Haffner, P. (1998), Gradient-based
learning applied to document recognition, Proceedings of the IEEE,
86(11),2278-2324.

Maturana, D. (2024), binvox-wr-py, https://github.com/dimatura/binvo
X-TW-py.

Min, P. (2024), binvox, http://www.patrickmin.com/binvox.

Numpy (2024), Numpy, https://numpy.org.

Onwubolu, G. C. (1999), Manufacturing features recognition using
backpropagation neural networks, Journal of Intelligent Manu-
facturing, 10(3-4), 289-299.

Rafibakhsh, N. (2017), Automated assembly planning: From CAD
model to virtual assembly process, Doctoral Thesis, Oregon State
University.

Rosenblatt, F. (1961), Principles of neurodynamics: Perceptrons and
the theory of brain mechanisms, Cornell Aeronautical Lab Inc.

Scikit-learn (2024), Scikit-learn, https://scikit-learn.org/.

Shi, P, Qi, Q., Qin, Y., Scott, P. J., and Jiang, X. (2020a), A novel
learning-based feature recognition method using multiple sectional
view representation, Journal of Intelligent Manufacturing, 31,
1291-1309.

Shi, Y., Zhang, Y., and Harik, R. (2020b), Manufacturing feature

Mo

55 983D CNN At 447

recognition with a 2D convolutional neural network, CIRP Journal
of Manufacturing Science and Technology, 30, 36-57.

Shi, P, Qi, Q., Qin, Y., Scott, P. J., and Jiang, X. (2022), Highly interacting
machining feature recognition via small sample learning, Robotics and
Computer-Integrated Manufacturing, 73, 102260.

Sunil, V. and Pande, S. (2009), Automatic recognition of machining
features using artificial neural networks, The International Journal
of Advanced Manufacturing Technology, 41(9-10), 932-947.

Yeo, C., Kim, B. C., Cheon, S., Lee, J., and Mun, D. (2021),
Machining feature recognition based on deep neural networks to
support tight integration with 3D CAD systems, Scientific Reports,
11, 22147.

Yun, H., Kim, E., Kim, D. M., Park, H. W., and Jun, M. B (2023),
Machine Learning for Object Recognition in Manufacturing
Applications, International Journal of Precision Engineering and
Manufacturing, 24, 683-712.

Zhang, Z., Jaiswal, P, and Rai, R. (2018), FeatureNet: Machining
feature recognition based on 3D Convolution Neural Network,
Computer-Aided Design, 101, 12-22.

Zhang, H., Zhang, S., Zhang, Y., Liang, J. and Wang, Z. (2022), Machining
feature recognition based on a novel multi-task deep learning network,
Robotics and Computer-Integrated Manufacturing, 77, 102369.

¢2: 2FF sl A 199613 AL & H S 51ar, dA)
Aoty YN 2 F O n g2 - Fojth A2
ok Bill of Material 33, Product Data Analytics, 2~FFE A & A1
Hl 22 A 28 23 23 285 913 CADCAM H o] H W o] 2

Mr

Aok
BEY : TH) & AT 20139 A9 &
A5 ERAAEANATY U SFAT 2o A7 Folch
A7 Bop AntEN Ee, A5 Y M, ZHAL o]

M\
B

: 3487 & A(KAIST) A 19931 o F-8FA}, 20061
HhAL S & H S5 dA) S A B AT A5 A =
FATE AYAF A7 A7 Folth. AF-Eok= A 2 H o]
22 A 2Bl (knowledge-based systems), A5/ & (automated plan-
ning), Al 25-0]t},

4\

0510 =2 N
fd
_e

o of



	로봇 조립 특징 형상 분류를 위한 3D CNN 개발
	1. 서론
	2. 관련 연구
	3. 자동 로봇 조립 계획을 위한 특징 형상 분류
	4. 조립 특징 형상 분류 3D CNN 개발
	5. 토론 및 결론
	참고문헌


