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Machining feature recognition based on integration of graph neural
network and probabilistic embedding
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Abstract; To solve the problem of feature localization with multi-feature intersection and improve the performance
of machining feature recognition for complex parts, this paper proposes Brep3pNet, a machining feature recognition
method under the framework of instance segmentation. Firstly, based on the boundary representation ( B-rep) of 3D
models, Brep3pNet extracts geometric and topological data such as face point clouds and face adjacency graphs to
construct a graph representation of the 3D model. We utilize point cloud learning networks and graph neural
networks to learn surface-level embedding representations of the 3D model. Secondly, a probabilistic positional
embedding method is proposed, which introduces spatial position prior information to encode the face into ternary
Gaussian distribution, and measures the similarity among those face embeddings by Bhattacharyya kernel for the
purpose of locating machining features and generating candidate machining feature instances. Finally, a score
network is designed to predict the quality of the instance generated, so as to guide the non-maximum suppression
between instances to remove redundant feature instances, thereby obtaining the final machining features. Brep3pNet
is evaluated on four multi-feature datasets, including MFCAD, MFCAD + + , MFInstSeg and a synthetic dataset of
rotary parts. The research results indicate that Brep3pNet outperforms other state-of-the-art methods on feature
localization accuracy, and can achieve optimal feature recognition accuracy with lightweight model parameters,
demonstrating its potential application in intersecting features recognition.
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Fig.1 Framework of the proposed Brep3pNet for machining feature recognition

1.2 =4ERNEHERT

R FRIEIAL CAD B WA = 2 Lk

TR AL T R A = R BT A BT A LA

AFEFME B ¥ R TR 3 I B SRS 2 N2

WM HOCHR G R . W Tl R R etk MR 254G

b, AR ME BB R 2 4 s AT
YA SR 0 TARRAE TR BT 55 A A% 00 R S

HENE R A SO T AN & 2 B 1 LA TR &R 42 K h
SEAR IS5 ) = HEROR BB R . AT H I By
TN I AERR A T, DL TET B SRAE Y S R A
R A 5 TSR b R0 1 — 4RI 31, LA
LA SR A M PR R g A, ORI A4
BORRAT .

(a) AR (o) TRz (c) A M M5 (d) AR EEE, HELAMIL
2 HREAGIMOESHESEE
Fig.2 Face point cloud, edge concavity and FAG
1.2.1 B b JRE I AR A R EE B L RAIE A 2 ]

Mz YRR R AR T 2 — 4
FEERIUTE R, R, SV
BTN G2 —  FRR TIRZA 45 BT
AR DRHAR SOt P = 2 A5 70 4% ThT Y o 2 B4 o =
AR UR BRI IR, = 4Efiim b w 1o P
SR, X PSS B T T A UV S 1]
IRTT, 7E UV 28 0] N SR AE 5 A7 AR A0 P [
— B SEIET Brep R LAJT (45 2] il | 4k UV =5
[ HE I A (B e R TS DX, e 2 B
WR B E RAE R 7R b — Rl TR
e, UV 250 R B SIPE A REAUR = 4R 25
ARSI, BIERAE A e S S 501 AR SCR
I FA AL + B SRAE 1 SR S0 B = AEAR R 25 1 Y
SRR FTE PRIE TR 22 SR VR T 1] PN SRR Y A 1T

P oI s AT, AE S b AR SCR A pythonoee™™
R = AR o A AR R B, JF SR
Open3d """ X = M MRS BATIARA 455 RABE BN
BANHERFE nP =128 > SR H UK R FERY
T = E A WL 2(b) o
1.2.2  THJE AR g v

TR 1 2 3L T 9 R ik R0 vk ) A
LB, & DL = GERIRY Y 31 A FoR = A T
[ ARG R 2 — SRR M B .l 7E
B-rep L $HAT $ $0 3k [, AT DL AR AT BEAS R AL B 1Y
LIS REAS I QWA T, BRI AT LAy (i b A i
FAG ,

BRI TRRAE DR S5 04 B Ay T H 0% U3
FEAEM . AR L A 8 e 3 A i Ze s A



55 4 ]

RIS, Al PRI 22 0 4% S AR B 4 T AR A 3001 - 119 -

PURGH e v, ihe2ema s Bk RINAE, L
fIf5 8 o 32008 T P ) sz A b i A A4 T =2 (1]
M NERE T, Ak, 1M Rk B 2 i T AR AE
(RAEAE DRI 1 T e 2 36 1 PR 18 )y 3 AR — S 3
TP B 2 5 oG E k. SR LI 2874
FHE B-rep Z 1, AT ELAARIC, T M R R S 2
OCIGE T THT ST 7 B A TR AR R, A AR T
180° W A ™31, /NF 180° W Sy U130y, ELAA W] 2R FH
TEM LRI

1) BB b — a5, IR IGZ 5 76 P A TR b Ay B
P¥E I 0, 5 0, , 7 R ] SRR AN

2) B8 W I P AT — TR B % AR ek 1) i
(ann)) SAEFEW, FE i e,

3V ny =e xn,, A cos =nyn,,

4) # cos >0 WIAE NN, AWM,

B2 P 4 T EiR IR, B 2(e) M E
WA RS R, h bl e Hon, B,
K 2(d) M 2(a) Fin =4EB R FAG, lEZk il %
P LI 72 DO 04 0 % 1 U =8 [ PSP e I B P e d
BRI FAG MAA WA~ BB FLET Y 6 THS B IE 1A

(nP % 6)

1284
THI AL R
| = EF ML

——————————

__________

HE
ik | o

2564

RN %, B S5 FLARAS iR e 2 6] b ooy
JRHER > AR IS L A o3 B TR S M BT AL
F4 6 /4TI 1 S A SC I A DR A AR AU S o ) AT
1.3 =RARE

g ) YRR LT S ME R A SCRR
Brepl pNet 3t 4 = 4R AY [ 2 ) S fidh o , L E 240
LR o o BT RS 2R & R 22 E
P 222 ) 45 LA B il = HERR 42 JRy 5 R SR 5 TR A
Po, BARRY IR EEF WL 3, 2578 & nF /ST =4k
BEAL N H B 7R |, Brepl pNet J i i 2277 2] [ 2%
P2 TH A s Gy 128 ZEfe] i Bl d O R A R X
% T B G ) i AT 2 A, SR AT AT 42 )Ry JL AT
FR A HG 25 T (o] B DFRE , AR5 ST A0 11 )
SR X 5 260 2K R U 43 5B L)
UAE g 4 HER AT o) B 1) B DHE R R Y E =
le,,} CRY, ZJFRMIZ 2 &R 2RI K Pl 22
2R EAT LA S A M R R R, S IR 2 4 ) ST
2SN DRI RN RS S P (R IR el Sakd iy ¥i
THT 28 Aty X, , BIVAT A3 1] AR

-
PointNet++

,,,,,,,,,

: i
| MLP |

: (nP,3+3)

3 4%752E BreplpNet B & 454
Fig.3  Architecture of BreplpNet

ARISCRH S = 2 h 7z g HY PointNet + +
VESERINE £ R 45, PointNet + + 2% J& 51 25 &)
HRAE B2 IR AR RY | R FH B it 15 SR AE (farthest
point sampling, FPS) $E+f 55 = (Y Jm R ey, i 1ok il
LR I AT A AR 3 R T DI B S SR ] 22 2 %
FAHL( multilayer perceptron, MLP) Fl iz K k2% =)
R EIRAERERR . 5 183 = YR & 1
BUFTERR 22 5, AR MBS A I 48 s 4, AR SO 2
K-t 4B%E. 7% ( K-nearest neighbor, KNN) 1% & 77 [&l
SEEARIYERAT I 5, A& AT 20 JE A R oA

[F] AN T AR AIE S 8], AR SR O F 1 & 1 ML Y
GATV2™ N FRERIZE M4 GATV2 R (1) ~
) HATHBALE, AEF 0 —M) iz
GAT™Y (R ZAb MK (4)), GATV2 S T ah &1
o7, HT AR R A543 B AR KNS 2 1) 1) G
XK, DRI A B G R R E B R
X, = z %ﬁi'f - W, (1)
jeN(i) Ui
expl a(x;,x;) |

2 expla(x;,x,) ]

keN(i)U i}

,Bi,j = (2)



[N AN

557 %

- 120 - R

a(x;,x;) =a' - LeakyReLU(W - [x,]le, |x;])
(3)

a(x;,x;) = LeakyReLU(a' - [ Wx, W, [Wx;1)
(4)

K x, K& 3 AR IEISE @ AN A A5
PASE 1 )22 GATY2 Ml x, B0k X, (956 i 175e, 0 |
R 8 HEH BN, W a 43 5 R i 2 2] AU JE R 5
BAmaE,

1% TE 3 PaER4 2 GATV2 DL
FH PointNet + + [ 3 /> MLP #iy A 4t g . Hor,

MLP Hi#FR KN R 1 x 1 ) 45 (Conv2d) |
ftEIH—1L2 ReLU 2L, L MLP(3 + 64,64,
64,128) FHI UL, % MLP A 3 4~ Conv2d 2, %%
Conv2d Y% A B I 4 67 .64 .64, i il 18 A 64
64 128 4 A IAMIHT 3 4EFRR ) =4k (x, v, 2)
bR, 2S5 Z RS HE T —1b 5 ReLU #05 pR 5
GATV2(256,64 ,4) W Z& 7 Hifi AGE 18 4 256, i
WIS 64, 2 1R BON 4, A SCHA TR nP =
128 ,KNN JT48%% K =24,

R1 %%52E BreplpNet HIM &S

Tab. 1

Parameters of Brepl pNet

T o0 2% 1

LIPS TNy i AR RS

MLP(3 +3,32,32,64)
PointNet + + MLP(3 +64,64,64,128)

MLP(3 +128,256,128,128)

(nF 3 +3,0P/2 ,K) (nF ,64,nP/2 K)

(nF 3 +64 ,nP/4 K) (nF,128 ,nP/4 K)

(nF,3 +128,1,nP/4) (nF,128,1,nP/4)

GATv2(256,64 ,4) (nF,256) (nF,64)
%1 )2 GNN
GATv2(64,64 ,4) (nF,64) (nF,64)
) GATV2 (64,64 ,4) (nF,64) (nF,64)
552 J2 GNN 3t
GATv2(64,64,4) (nF,64) (nF,64)
1.4 BEXSESX & .
Lsem == Zyilny[ (6)
i=1

S 03 SO T AFAE > 264, T T 300 4
A THT BT Ja RN T ARSI 288 Y a3, AR SR T 2 )2 %
RIBLXH BT A, HAA I 25 4544 DLIAT 4

X (nFx64) XA HISE

- SoftMax ,f--—J,———~\

: - :

X. (128,128,64) (128,128,64) (nFx41) | Linear(a, b) !
(nF><_128) Linear(64,64) || BatchNorm | |
H &Y =H: | BatchNorm ! 1 !
i LeakyReLU ! IDropout(0.5) !
W X' (nFx3) '|LeakyReLU| !
HROAARR| " - =
(nFx3) SEI M5 S Add ; : mealr( ,C) :
1 1

g (64,64,3) (nFx3) 1 i

. ! MLP(a,b,c) |

(128,128,64) X, (BatchNormzk

(nFx64) 4 | Dropout) |

Add (64.64.3) nFx3) T

4 EXDBIEXFISESZEN

Architecture of semantic segmentation and instance

Fig. 4
grouping branches

2 P E P h %) [ 2 A T AR B S A7
TEIE U ) A S [0) 5851, A SCR ) Focal Loss ™
YER IRl Beaii 2 s, W (5) . AT (6) 1Y
A U O R AR ,Focal Loss PR T Y 43 2R
TIALE 5 2 R, AR X H 12 1 ME 43 AR AR () 451 2%
AEE 3 B A B A A )

nC

Lst =_2yi(1_5/i>yln5/i (5>
i=1

X nC AN T RHAE AR A, y, HE TH 26
A ELSEAER (B 0 8 15y, MR T4 § JER T
WA,y R8T 7, F 9877 & B AR ) T ZE M AL
HOEARSCTIRE y =2,

1.5 ETHERCERBIIESA

INTARFAE o = 4R i A B, X — A A
nF N =GR, S F = | F F, - F | &K=
PR ES G =16,,6,,,6, | FRBEFT &
INTRAERES . X TR THRE 6, e G,6, h
4 F 74, H G M F f—4~%04% 3 2 an
PR .

DGNG =D, Vi#j,

2)U,G, =F,

S A3 20 %6 20 T RRAE 9 2 AT 55, H bR 2
AAF = AT v 0 TRR AR X R A TR A B3R AR
W4 F %4 G =1{6,,6,,,6,. |, LIt G
WA T, Ry X, AR SCHE T F, BT AR I T4

fiEILH G,y o
1.5. 1 MERATE A S UE &

TRIE Ao ) S W ] EL s e S ) o 2 07 ik
BITIEFE TR — S T 2R BRI o] — A W)



5 4 1] U SC, 45 Rl PTR80S M 8 9 T AR U1 - 121 -
PR (TR 22 2% ) R SE B A A AR FoT ABEARGF ARSI o 35 L ARBE— NI TRk

(RS 53 F b AR 3R LR TR R ST
55 TR T ) B SR 380 AT 000 s T AR AL B e A A
], AREIT ASIN 55 AAG!) rf R T v 4 i) 4
ARICZ 4 T CHR[ 24 ], >R P07 B iR A SR w4
— YA TR A5 T Gt Ry S R Y = e oA
N(p,>) , HMERB T

I 1 ;
(1) = ———exp} - (x-p) "3 (x -
p TS p{ 5 (=) 27 M)}
(7)

AXWn=3,nelR, NEFIHE Y HIE
FEXTFRERE 3 N IESr iR E
[ FCHE B ( Bhattacharyya distance ) " % J T
BRI p(x) (q(x) BIHES (3(8) ), Hitd
Wi T (9) & Ly B IRAX, AR T T 55— A
S [H] B B B 7 Bi——KL B ( Kullback-Leibler
divergence ) 1M & , HA XM
Dy(p,q) =-1InKy(p,q) (8)

K(pop) = [ Vo) gyde  (9)

KA. D, MR K, R E A,
FREFICCABAE A0, 1], AR SCR AR E
PRI 28 1 a2 (W] — S 81 T A MRt AR B, O SCF
2 AN S BT MRS i AR B
Dy(p,q) =-1In(1 -Ky(p,q)) (10)
VBT F, L F, WHERALERAN f, ~ N, ,3)
5f ~ N, %)  HERZSHTRIRIT

G =] - Lazia ) v

Hrr,
g = det(X, ;) )7;,
N Vdet(zizj)
Ai,j =M M
3 +3
5, =7

XFF— TS G, , % g, FR i T.58
{9 %5 L BR8P HA R 5200 G, A 45 T M

Bl BT B g, ~ N(u,,3,) BT ar
B, w3, BN .

M,-=m2;_ﬂj (12)
1

3 =523 13
R Y

BREAY |- | TREASPIUENE, KM (13)

SEAB R B TR B 2t S B v s 0 A V(0,1
RS o BRSS9 1) 2 B3 4T Ao o o4 1 S8 23 A1 PRIk

ﬁiil‘%%ﬁﬁ?fﬁ%ﬁf-
= T¢ ‘ZZ (14)

1.5.2  MZREEH 541k

ST 3 20 5 SCHI R EEAE DL 4 B o 25 TEF)
R ) S 510 AR ) 5 S, A SO0 S 4] LA 55 kA T i
SCRHR 8 SCRIE X, BOE B S0 23 (a1 384 X, 5K
SR R R AR ) i X KﬁFLﬂ‘WAﬂIL
) MLP ( BatchNorm ) 275 2| J7 22 DA K il & As bRAs B
AL

AR R B AR AR R AR RN R IE 1
RLRET) , 456 BRI IREE RS A SR T oy ) SR
f) Double-Hinge Loss > #3152 {51145 4%

Lins = L\far + Lpu]l + Lpush + aLreg (15>
Hrp
1 nF
L\ar = 72 B(‘ﬂ 5g(1)>
1
1 nk
- [D ( i ]
L = F 2 TG, ‘Z £o8) -
1 < :
push 7 Z 2 [DB <-f‘t ’j;) _82J +
‘ G ‘JGF\‘« 2

= ﬁ; In det(2i>

BEAF[x], =max(x,0) L, L, 5 HTHI
VAR [R) S0 2% T ek A A 8] AR T L,
OB L) T 25 T B RE R AT, L, U T
B 1k 75 25 35 A7 A TE R S v 340 A 1B i 17 1 )
I RS E S, =6, =0.3,a=0.001,

1.6 BHaME

A AR SCHR Y AR SR A B A A T i, T LB
— A RALH LR ABE B R Ky = (K, ) ] €
R HP K, o =Ky (fi ) o B,(i,_,-)i%ﬁ? 1,54
IR F,F; J& TR — A S s 5 AT T 0, T £,
F R T AR S PR ok ] ik 150 e B K, 19 75 =X
ARSI 0 — 1 FEALAE R M, FERSRLIZRB A
CEE K, }0.3,5 6, —F, FERE S R B B

Higs 2 0. 35,
M™ = (K, > K.) (16)
b M BT AR LU F, oA 0 000 A T
FESE] I T ARAE R R & — AT, R B 5
I T ARRAE S 51 2 X6 B e EI’J%IM? HX LTI



©122 - e NS B | A - =

557 %

AN MR, R A B PEAG E 3R T4y S i 3
i, LAE SR AN TAFAESE B354

£ G=16,,6G,,,G,, | FRU)=HERAIE
Bl S I ARFAE S T, b G, = (kMY =11 C
Fo R VAR 52460 0T 5, A SCHCE L 5 BT R 1
ScoreNet 7332 G T 43 %k S = {8,585, ,é,Lp} I
PATION S48 G, [ H X g () FL 52 52481 G ) TR 46 A
FRACLBEAE S B SE 3 B AT W B 22 2, B/ 5 R i
GNN NP2 GATV2 , Xt N7 A [ 4B 322 5 4 ol M,
DAL 4 sz el o sz iy b el A8 & X AR R R
SR

~ BK

XS
(nFx128)
= bl ]
. § T
X, (64,64) l (128,64,11) s
(nFx64) Concat (nFx11)

E5 R"(omMBsE
Fig.5 Architecture of ScoreNet

A AL E R H 4E 4[] ToU (intersection over
union ) L (IRFR Jaccard FHILZREL) , X TG A 5B
HToU R (17) IR, H 2B I TR Ak Y
THECA R, an=X (18) AR SC L 0. 1 Sy ] i 25 i P 515
o3 K453 BUNAE 55 AR 28 HIECH 11 252610
A IR 0 (6) i zm 19 58 SUR A8 R A R iZ 3 3t

ANB
oU(A,B) = -5 (17)
s, = 1oU(G,,G,,)//0.1 (18)

1.7 HEEIRE

2252 Brep3pNet (1% 1] 4o 4, AT 3R A5 44 T 1Y
TN TR AETE SCE TR Y | S 15 51 451 T A 45 i 52
B G X455 S, ARSCHRBEWN T 0o Hk R E
B G rrIUASL B, 3RBUN S T T G B 3
RS,

Stepl WL FIRTE F  =1{1,2,- nF| 5
BN THFAESL) G =

Step2 A5 53 I £ Tl 45 S Xt 45 1 2E AT R
FHES , SR AR R 1500 K iR 51 .S, I<=Sort(S) .

Step3  JEFET AT 43 Fe I T LA S O HK (14 Ry
fEH%E G.i<I[1]; 66, NF,,.

Stepd CKAFIETISE G AANENIN T A F 6 G
H IEXT G A THTTE SOME 3R SR RN, 38 B R RS A3
R B ARFAE TR SCFE Ry N AR (28 78

StepS BT R 4y i 42 R M AT AR 4. FL,
I<F, \G,I\G, S'<\{s,,fork e I} |

Step6 M JIFEIRITAI j el, X TA355s, >7, 1
HRBHAFHESS] ¢’ <G, NF,,, , H oU(6,6') >
7 SO T A A5 A3 A TR A0 R <5, = 5,72

Step7 HHHIFHEATIRFHEF .S <5, , for
kell S . I'<Sort(S') J={I[k] forkel}

Step8 H X Step3 ~7 £ F,_ = O, i Fe A
Es2 ] G

TR BRI IAS 53/ N e 2N T AR AR K
1], 6 3B ve LR 2 BRI — XS] AR ST
FEAR A i b B B L b o B N AR 4y AT
WY, ERE T BN BE 7, S O E S
R/ INCATRAE S AR EA TR AR SCR 7y =7, =0, 6,

2 HRL

ASCAHFH pytorch 1. 10.2 LA A pytorch geometric
2.0.4 ## Brep3pNet B i F1#5 4 AMD EPYC
7543 32-Core CPU A NVIDIA RTX A40 GPU By =ik
% i AT BRI S, T 7E 45 21 Intel (R) i7-8700K
CPU WA H AL R4 T 500
2.1 HIE&E5TFMER
2.1.1 R EFEMEIEE

T AR AR U0 S5 S 1) 22 R A AR R A
MFCAD MFCAD + + LI} MFInstSeg, It =35 ¥ 5T
D7 IE BRI i 2 BRI ARG B, MFCAD H Cao
TR R 16 FOF I ZOIN TRRE, 35 15 488
A CAD HEAS  HA R FEARM S 1 ~6 DI THHIE,
T MFCAD N5 47 0 TR AR 1w FH A AL,
Colligan %5 4 T MFCAD A2 s sOF 4 H T
MFCAD + + g 4E , LB P 478 55 f FeatureNet T
SE X 24 FEINTHRE 354 59 655 4~ CAD BEAS 4
A CAD FEARM T 3 ~ 10 N TRk, A,
MFCAD 5 MFCAD + + Ff AN I T AR¢AE 52 51 b
A CAD B T8 AN TARFAE S R bR I, KL
Wu 252 BT MFCAD + + S0 T B 3R &
S BRI B9 MFInstSeg %046 48, L = 4 A5 71 2 o)
MFCAD + + , 7 35 24 FS THFIF, 3544 60 000 4~
A, MFCAD 5 MFCAD + + ¥/ FEARILE 6,



R S, A Rl T i 2 I 2455 M 2 T 14 o TR AE S50 - 123 -

q e
.‘ & |~‘ % &
\:. ‘// v' ~

(a) MECAD¥( & RE A

(b) MFCAD++$({E SR A

6 MFCAD 5 MFCAD + + &5y = 4455
Fig.6  Partial 3D models from MFCAD and MFCAD + + datasets

2.1.2 IR TER LRI

BRI AR U AR B RAR R B — 4]
LR IR SRR IO EE RN . AR SCEET S8
AR AR | LA pythonoce 1 A #A5 T HAG 247 Jin T
FEAE SRR T 00 L R B 4 . 6 TSk [ 9 ]

13 14 15

11 12

JITRE SCHY 24 23 DU T RFAE I F-45 5 FRAEAE [ 5 2
TRl ) S AR ] IS AL E A SCE SCT AN 7 By
FNHY 37 IR, 5 K 4 26 [l BUSEAR 405 (B
A A I A B T i A LA A% o D = 2 i T A
IR IRAEA B 22 )2 B 1A

10
20

7 FREEES SR TR

Fig.7 Machining features involved in the proposed dataset

PARAIERT A R ], Uil CAD REAS (9 A2 1 S5 4R
TR e, ARSCIE SE SR AR A e R E A2 100,
ET I AR AF S I TARAE A LT S8
TET E ARG AN 1 ~ 6 I TAFIELIE
IR = AR RUREAS B AS I — I T A AR RS S —
YA R IBAERAE | RIDD 24 T 50 25 SR A 17 R IR AR
JEILRFE . pythonoce HA T8 B2 A A4 8 Iy st (4 45
P FERR AR KBRS, T LARAT B (9 i £E , it
A B TN TRk F) SE AR 2%, BIIN T4 Ak 512 431
P& WS o ARBLAY, AT ASRAS i ) i B 5 22 2l
‘%YRLJE/%TFE&DI%{E;&WJO T3Hh AR SR HISC
K[ 14 TR B Z2 R0, LABT IE 3D BRI, fx

RN 6 001 A =GR TIREAR | R4 = AR
RUREA LI 8

B8 FriRHIRERIARS 3D A
Fig.8 Partial 3D models from the proposed dataset



c124 - e NS B | A - =

557 %

2.1.3 R
AEAIE Brep3pNet $FAE PRI R0 R | A SCR H S
BR[ 16 ] YT SO RUER R (10 0 A, ) PEAR
T o383 S U REE R E G, in=ki(19)
PR P N AR AIE 52491 v B T A S A S 407 o5 1,
FT RARRRAE 2 A7 HETH A8, bR P A 95 bR 2 %
Brep3pNet 14543 32 B30 57 PFA , AT A0 EUR R W 45 4%
BEHROR . 2 &R TAMER R 2R S e
Gi— G ASCHR[ 23 ] A9 73, LURRIE € 2 #E 6 B
FANER PFEAAE R FHPERE A TR AR RPN Y
HERR(IEN Ay LA FL score (124 F,) , PAILTE
TR R R U Z5 2R . ASCIRBAIESR A, 5 G,y
Z R e I A 7 I A 3
[i:G, e G,i =1,2,,|G|}|
|G|

Gy = ‘ (19)

2.2 WHXWESH
2.2.1 HESATEUES TSRS 00

AL E Brep3pNet [ 4if#% BreplpNet [ ift
SO NGy SCAENN T ARAE 1 S0 #1504 8 MFCAD LA
K MFCAD + + ¥R i 556 915 Hofth S 1k Jr vk
FAE SR LT, A A 24 % B O i A5 4l
AN SE K uE 4 A, [FSCrk[16], A&
SO Adams fEAL#S7E MECAD $idf £ 1 BEAI 1)1 5
350 %, 7E MFCAD + + Bda4E ERIRIIZ: 100 42,
HeE KN Ry 128, Ho Y45 1 f RoR I ZRgE 4
TROREA I S M2 4 AR SO 2 2] AT R
Wk, ZE VISR BE AT 50 FEARFERILR 24 ] 2 0. 001 ,
BEJ57E MFCAD 03 5 E L 50 48 0 i s 2 >
FAE MFCAD + + 5dE 1 LA 10 48k J& s 2 24 2
R R AE PB4 LRSS R WK 2 3,
AN D5 2 A8 B = 4 BRI KOs R R, X F
DGCNN'?' PointNet + + L & MeshCNN'?*/jiij 55, H
U TUART B T8 43500 Ry 0 R DA B =S J , X )
YA AR S 2S48, S F T I B A B A L]
BT E . Ur5124 /) PointNet + +  Hierarchical
CADNet 25 T R M5 1 REAY 92560 45 4 52 T 5
BR[16], A5 2 A2 R 7E LR S B E T %
g5,

M2 3 ATLLE I, BT IR AR R A 2
RIF], R BT EAE MECAD + + 3 g b i 7326
WEWRR A TR, RS, A& Sy 5 78 MFCAD
AR AR FN MFCAD + + 84 143 30 LA e /D i B A
SRR R 99. 99% F1 99. 09% FY T 432 i 1
R ORI A RAA R SR

&2 MFCAD HiEETARKRBIEX N XFEERSHE
Tab.2 Semantic classification accuracy and parameter number

of different models in the MFCAD dataset

—
A ’ ZHE/M
(e JLAATHATEE

DGCNN 90.99 71.00 0.53
PointNet + + 91.35 94.95 1.42
CADNet 99.95 0.53
MeshCNN 99.89 98.52 2.29
UV-Net 99.95 1.23
Hierarchial CADNet 99.90 6.60
ASIN 98.94 4.36
Brep3pNet 99.99 0.33
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Tab.3 Semantic classification accuracy and parameter number

of different modelsin the MFCAD + + dataset

Acn/ %

A SR /M
(e JLAA[HATEE

DGCNN 85.98 71.00 0.53
PointNet + + 85.88 94.95 1.42
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Brep3pNet 99.09 0.33
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Cumulative optimal semantic classification accuracy
curve on the validation set for the first 50 epochs of the
training phase
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Tab.4  Comparison of feature recognition results on MFInstSeg dataset

KT A/ % G/ % A/ % F\/% SRR ] GPU/s ZHht/M
ASIN 91.55 63.60 61.07 60.78 0.2203 6.14

AAGNet 99.52 96.68 96.26 96.49 0.017 1 0.44

Brep3pNet 99.05 97.73 96.95 96.71 0.017 2 0.39
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Tab.5 Statistics of faces and machining feature instances

(IREA RS2 515 5 121 400 480 , X 1o ) S 5 i BiEda  VASOE  YHER R
G A R WK 5, X T Brep3pNet, A 3L B Y] PR 7.76 16. 14 5121
R4 2] KA 0.000 5, BERE 50 F8 5 2 R U ki iFAE 7.81 16.23 400
Je iR (20) . AAGNet 5 ASIN W% B 7 #E o 7 81 16.28 430
1 BIRIUG 7 ) R B e iR A58 L A I FRak A - o . o1
Uk 280 HE BN 16, SLHLERIL K 6, ' '
F6 MEXRFHHFEETARREFFEIRANER
Tab.6 Comparison of feature recognition results on rotary part dataset
AR Ao %o Gyou/ % App/ % Fi/% S-S5 B A] GPU/s 28/
ASIN 82.03 40.88 40.29 18.12 0.761 7 5.26
AAGNet 98.36 95.55 94.82 92.72 0.066 4 0.42
Brep3pNet 98.05 97.21 95.98 93.57 0.068 2 0.38
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Tab.7 Input and architecture ablation results
B fEbR st i
TR 45 g A/ % G/ % X
Ao/ P G/ %
NN 98.05 97.21
Brep —wo FAG 84.99 93.99 -13.06 -3.22 =
PointNet 97.25 96. 86 -0.80 -0.35
Point Cloud 1%
PointMLP 97.43 97.29 -0.62 +0.08
3p EC-6D 97.36 43.64 -0.69 -53.57 .
Probabilistic =
EC-64D 97.68 74.22 -0.37 -22.99
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Tab.8 Feature recognition results at different point cloud sizes

%
oS I e R AR AR MFInstSeg ¥4 4
(nP, K) Anum GInU Aﬂ-m G[nu
(32,8) 97.64 96.97 98.89 97.41
(64,16) 97.88 97.15 99.00 97.53
(128,24) 98.05 97.21 99.05 97.73
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Fig. 10 Impact of GNN depth on feature recognition results
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Fig. 11  Feature recognition and localization results of rotary parts
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Fig. 12 Feature recognition and localization results of cuboid parts
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