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Object Classification Method for Multi-Source Fusion Point
Clouds Based on Point-Net

Shi Xiaosong*, Cheng Yinglei, Xue Doudou, Qin Xianxiang

Information and Navigation College, Air Force Engineering University, Xi'an, Shaanxi 710077, China

Abstract In order to improve the accuracy of object classification of point cloud data from airborne LiDAR, an
object classification method for multi-source fusion point cloud data based on Point-Net is proposed. Point clouds
can effectively represent three-dimensional features of objects, and remote-sensing images contain detailed spectral
information. Therefore, a registration and fusion method for point cloud data and remote sensing images is designed
to comprehensively utilize their advantages. Meanwhile, considering the lack of neighborhood information in Point-
Net, a multi-scale Point-Net classification model for fusion point clouds is also proposed to realize effective
classification of fusion point cloud data. The proposed algorithm is verified with point cloud data from urban regions
and the classification effect is evaluated by analyzing the classification accuracy and time. Results show that,
compared with other methods, the proposed method can effectively improve the classification accuracy of point cloud
data, and achieve effective classification of point cloud data in urban areas.

Key words image processing; point cloud data; remote-sensing image; data fusion; Point-Net; object classification
OCIS codes 100.4996; 280.3420; 280.3640

P o BE SR Bl AR 4 58 50 . AT PRI T 3t 40 e e 4

ST o

WA O 5 TG 5 B BB 5 SR AE A [F] 3 1 1 A

— L AR . 28 S8R (R 1 D b 2R = 8] £ 8L A
2 N 22 25 USSR ) T R U [ P S E T B TR
R, e v 5 SR A5 B 1 T R o 2
MR C S TRZ R . BE A BA & PR
FrtE REAEHR L W AOEIE B AR B R A
BRI o PR ORIE T B R i 2

A G2 5 S M2 B 00 1 £ L b RE 68 4K 45 2 Fh 4y
i Can A — AL A AR EC ) F T b4 43 28 R = 45 7
A OC AR BT 205 AR R HO,
I 3 B (R AT ) 70 2R R0 = A i B A 7R LA
[ 850« 1) 83 P e JR s 0 o A = A AR R DA 4 s )
e S 381 = A ] ) o B 2 R KRR R T H = 4

Wi HER: 2019-09-02; 1EE HEA: 2019-09-09; T A BHI. 2019-09-16

HEEMB.: HEAKP L (41601436)

" E-mail: shixiaosong321(@126.com

081019-1



Wt 5ot T o R

IR T 22 M A S AR VT e 2B L 2R 3% ) 5 2) Bk IX
BT I A, K20 b ) FLAT AL A 62 e il HH 328 Jak
AT W) 4y JE I S5 7= R R A R B4 s ) R G
PGB AR IR I A & A R AR 22 92 B o 1
TR0 MO A (LIDAR) 45 A& 19 B0 %
Bk ZS (A5 B AR U T 2 R F B w2 N
Ak A ERE AT R G0 LK T8 B 22 A8k 1 N — 7 R
it HLERIOETE K v IR T G i B AR 0 B A
Hod R AE A Sh AL AR B L BE RS D RS B M R A IR X
b 0 =2 A B 5 B PO TR IR 0 R T R
J& B O TR 8 T DL S A S O AR A B R
S VR IFSAR Y R A KR 6 . 5 = B HiE BE s 2 4t
Hu 1 23 ) = A B, DU R R B Y R RS B UK
AT SRR R TC 1 A AR s A SR N T B A A
o A S T R R B i L s B T D
BT = A EE s AR B A e B
HOS BB TR SF R Y e B O A
By SO AR B . 3B BOY QR s 55 R,
ok P T B0 A0 A A Ak L 405 A ORI ) 4
TRAN B L PRI ST AT R RO Bk 2 F 5K E R A s

5 38 TR MR T AR R B T ) 2 4 HORN

DLT
Preprocessing Registration Divide
of Point + Fusional
Clouds and Add RGB Point
Image Information Cloud

Data - Data

Point Clouds

Remote _:
Sensing Image

Validation
' Data [Re--ccccee--
J

. Classify
Verify and Testing Data
Training Debug +
=  Data “| Point-Net |~ Classifier “ EyaAlnate
Performance

= AR R 2 7 T A F ST

AR SCHET ik Point-Net W45 48 i1 T — F il &
Mo GBI AR Y o LRI QN A
2017 A& 19 Point-Net W Z84E Jy 43 2 85 7E 47 3k X
H¥) /335, £ X Point-Net W 4% Z0 W& J&) 5 RR 1E 1) [A]
BBt 22 RO 4B 3 A5 2 e AIE 4 IR 2% R kb R 4R
Point-Net P24 (1% B[ . i FH & BGZ R M = G )G
i 22 PR E A B B IR T 0 S AR U Oy
K. RTTEE N w5 R AR AT R E, T
THE Z 5 B 123 B O R 28 B AR OGS £ 2 A
R A2 R G R G AR B R s B . 2 A X
Fil & B AT AL L, AL S Y A BE AR
R0 IR B LI 2k Point-Net 4302848 . FH I 25
U 1 3 28 A Xk 2 B0HR 106 AT 20 2R Ak BT 4G 96 5
T RS BE RN i a5 HA 50 AT X Lo T 56
UEASSCIT ¥R A R0 .
2 kR

ZNRER LI R NS Q7 O R N N s S

T2 JRSAG Tl & F 2 R E Point-Net 5 51 #4437 25 7
oy AR WA 1 s

Effect

B 1 Jr i E
Fig. 1 Flow chart of proposed method

B NS s BB GRS . AR THE
LA (DLT) &MY N SIFT Bk ik 7 —
Foft o 2 R U RS 1 G o il T k. B SR EAT
LiDAR A5 2 #0405 38 852 A2 B0d B0 e o o B3 o fie
PSS TR A AR 7 o RO 1) AR 4 OC R L B R s TP S
16 AH I 3 B R TR A AR 3 = BN Al A Y
FidR . BOVE BT . 1) LIDAR & 2 Fil 4b B, 556
R B R R B R 38 B 2 A U D L IR A A R
2524 W R BUE S A8 -5 5 2) 38 S AR Tl ik
02 R IE AT RGB 326 | B 18 I FE 245 2
S RO ST A BI45 5 3) SIFT R Ak 42 R fic

HEAST AU AL g, ) OSIFT 5303k 2 O iR — A KR 1
SIFT siffiE , FH f /s — 3 1 VT B Aff 57 W) 44 5, LA W)
& R B UE B ) S ST DLT B SR, R 47 5 =
HE BRI . T 58 R AT A 2 B8 22 S
PG Rl G o R T o A8 R 4 301 A5 2 v T B SR
bt BB R KRR S RGB G g RFE 75 0
FI 0 07 A AR AR ) b A5 B Rl S 22 R A S B
3 £ RE Point-Net #5581 #4328,
AT P JB IR Point-Net #8 Ag 3L 6l Fm A £ R
J3E Je 7R A0 R 42 I 4%, 4 A 22 U Point-Net #5154
£ LIDAR Sl =) 73 600 2K 4% . Bk Ao

081019-2



Wt 5ot T o R

FEAS K 23 S N R 508 4R 6k K 40 A A K 4
=M. ZRIMN%ZRE Point-Net 732K 4%, Jf
A R 2 B I A0 1 2 05 A8 18 0 o A AR 3 2
RE S EAT WAL PP A 8 . U R G IESE F T 7026
o I Zhod 7 L DI ZR 4R T 2 BOMA R 3 26 2l 25
B e 4 TG 3 VI G ik A 23 JE R 119 0 6 1R e
38 B BUE b o, By 1k A R A SOk
F14 M 49 73 FERICR L TIN5 58 B 22 RUE Point-Net
I3 AR XA HEAT 3 28 L R AN S 458 A % 73 2 46
RPBEATITAL

3 HoHEERES

AT FE A LIDAR fo= 51 B RE 1

RSB AN B AR T ik . T A ST 2 2 X
LiDAR i = B 47 3090 53 2¢ . 0 Jm 80 i = B
JS7 P S S = A AR A | A R e A A
(DEMD) 25 I §1 T Al , P AS 35 5 il 4b 315 7
K 38 S AR IR OE T K A b TS AR B S = 8
FRAEZS (] . il 28 I AR Y LIDAR J6 2 80dl 19
DL AL - DAEOLIE AR5 BAE o mi 2 BB R AE L 38
T A U RRAE ) 4 5 2) AR IR AR Rl A R R
H5 B A% B4 T b A1 A 00 X G BN S AR O A (R
SREAE P2 Th 5 25 X A B At ST W0 45 Ml ) O RS A0 03 2
RE 15 3) Z AL AR AT AR RE AT 4R & 20 A
[ B 6] 9 AR BUEE 2 {5 B . LIDAR fi & 5 1B &SR
AlE IR E A 2 R

Cluster and

Smoothing

Point Mesh and Multi-threshold Remove Morphological || SIFT Feature
Convertto s & : .
Clouds Filtering Vegetation Extraction
Depth Image Points

Homonymic
Point Matching

SIFT Feature J

Remote RGB Filterin Morphological
Sensing Image Clustering g Smoothing Extraction
Fusional . L Generate |
Point Clouds Data Fusion H Registration DLT Model ‘

2 e A R

Fig. 2 Process of registration and fusion
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Fig. 5 Simulation data. (a) Point cloud data; (b) remote-sensing image data; (c) overlapping image

B 5 3 B R B AR R A s B
FE DLT FCHERIRY , 2 )5 58 BB A A5 2 B30 80 1) e 7 .
15 FLR FH I S 288 P BB 0.4 m, 18 PR
SYHEFRN 0,08 m, 4y PR Z 28 A B Y W R
— MG E W ECERTEE . At 2.1 7 1AL B AR
FEE LIDAR 5 2 $0088 i Jak 4% 0 s 50 4 — (i
8o 1 VR B AR A B ) S ) (E R 45 R
1 6 Ca) Fl 6 (b) 7R o R BE o SR Z [ 76 A7 & T AEAE
—EM S, R, AL B R SE B T
fb %, 5 HAS B T8 B R, ZI57Eig
TS 0 FE Al 4R B (MR A9 SIFT AR AE,
$ 3 P R0 6] 44 5, HESE S DLT BEAY 1 e A
SR o 20 2 T o R TR AR AR T o A R X R B A

PR AT R AR A5 B BCE 5 38 R ER S s 4
o B2 & 6 (o) firas . DA A AT A, T e S
M HEBBGCBREGE & ESCR RIF. FE)s .
W18 AR RGB AR BN A K2 % B A5 HREAE )
K s RN B AR X N 5 R AT RS A
ZRME 6 (D R, Bl s = Bl % RGB 5 &
BR.

Al 2 WA s BE S . 2 R Point-Net
W28 HEAT 5 = W A3 2 . e IR B 2 2 R
J¥ Point-Net 432 25 8 AU K il A 05 = 40 0 4 A
I Point-Net X 4% F1 W A~ Jri 5 4 1iF 42 ) 4%, 3 5
J5 i Point-Net 2515 2| £ 25 (9 5L SURFAE 42 Ry 4
I, 30 2o 5 AR I 1 T 0 246 15 1) = 35 4B R AIE L T 42

081019-6



Wt 5ot T o R

K6 miz JEEGEAR T EMR LR BCHE RS S o B .
() s ZHEME ; (b) 38 B g —H KGR (o) Bl ik

58 (DBG Hm Uk
Fig. 6 Binary images of point clouds and remote-sensing
image, results of registration, and fusion point
clouds. (a) Binary image of point clouds; (b) binary
image of remote-sensing image; (c) registration

result; (d) fusion point cloud data

A% )2 V5 1 Ff A FRAE , Point-Net 4% i MLP J2
Xt T FRAESEAT 2 2 HE B, 19 3 128 4 RRAF ) AR
R B o FEAR I o I 2R 4 R AT 43 2 R 4 R B
TERBR 25 L 5 2585 S50, FH I TR 4 % 43 2 A5 1 1Y)
oy 2k BB I AT 38 SR IE | B BRUJR) R AE AL 2 — 2

FRAESR IR 2888 512 bl sl B AR d ) 25
PR 0 S O 1.5 R0 45 50 R RRAE B H ) 4% 1
64 AN L BIE 1R d, WHE R 0.1, Point-Net
I 2 N 2 bt 5 Fe K I 2R 48 K Cepoch) % #4100, #)
f2% 2 % (learning rate) A 0.01, % 2 R &= § &
(decay rate) N 0.7, it Ab B2 R S (batch size) i 32,
W25 18 ] Adam ARSI H0E 4 R 4K 418 43
G5 L HOR R R A S T R B TN R R %
PR i 28 I 48 B, L — B Bl AL 32 e vk
REAULA RSCR B, I i 22 5 U1 2R 58 Wit OC F it 6
s 7 v (B R M 2 s . NIRRT g, B 2 I 2
U AR A I R 22 B s/ 2SI R AR Uk
90 WK LA b B N St 2 i N B S5/ B 3 O L T
FaE . AR AF 0 2 RO Point-Net [ 45 45 5 X}
DB £ E 47 53 25, 2 RO Point-Net [ 45 Xl
iR 25 45 R 5 R Bh Point-Net R 2% B9 43 25 45 53R
miE 8 Prs .,

10°

— with RGB
—— without RGB

0 10 20 30 40 50 60 70 80 90 100
Epoch
K7 kiR 2k

Fig. 7 Training error curve

Kl 8 ke,

() (DARMA RGB iz 5 () (DIMA RGB A =

Fig. 8 Classification results. (a)(b) Without RGB point clouds; (c¢)(d) with RGB point clouds

52 RS

SR T A I AR ) A AR AR SR
AL HERR R (PO AT B3R (RO SR 4G 128 PEAl A AU Xif
DR 1Y 43 20 B2 R FH 43 5 B (8] Ctime) T4k 5 7Y
YIRS 2 3 8 MER R 3 R A F AR A
o5k

Ty
P_
Ty +Fp
Te
R=—""—, (5)
Ty +Fy
2PR
Fl_P—FR

081019-7



Wt 5ot T o R

e T S H 8 1% 25 1 FE A v 0 W E B 1 250
Fo R Rz A T FI W R B i G Fa ol
i 78 Ry A 2 B A A b R IR R R A SR,
GRS . A TR R F L (HAE NS 4 %
IROT NG BE 3 SO BE R 3 28 I ) i) T Ak 45 2R gk
1 F1% 2 FiR.

2 1 ATH, 2 R JE Point-Net 4% 78 %t 5 =
BRI & ) B 8RR 5 2O B 5 1 = T 3K
¢ 1] AL AR IR Point-Net W 4%, 43 25880 B A, 31X
Wi I A 22 RUBE S8 38 05 2 R AIE A 1 8 Bl 35 o A X
AR, IR 8 T AT, B A A A B AR
PRI SRR T AR, Tk RS
Sz AR i A B Ol Ay AR B FL (A
A 43 RS B DU b B — R R A BOHE L R
Sl A b TET A B RN SR ) T A3 SO A B
. MR8 BT, AN A RGB i i {8 1 @l 4 1 = 4k
Tt B 8% 38 3 T 25 S AKX A3 A e R RS AR A R i A
FUYI TS s 5 AR B — 2 5080 TG vk ik o 1) il B 5
LR 2 ) R, ] B A X S 2H 1 AR R A 7 )
PRI S S ), il B A B RE A8 3 i P ORI (R B
R ERHEITHRRX . HE 7 AL A RGB #
WA A = BRI G Z R T — S
el . b 22207 S0, BB Point- Net [ 4% 4 11 25 i} Ja]

1 ARFTESINEE
Table 1 Classification accuracy of different methods

Category F./% Overall accuracy /%
Ground 79.2

Algorithm

Vegetation 81.2

SVM o 78.7
Building 78.5
Artificiality 45.1
Ground 89.4
Vegetation 87.4

Point-Net o 84.7
Building 78.2

Artificiality 24.2

Multi-scale
Ground 92.7
Point-Net )

N Vegetation 91.6 99 5
without RGB -0
Building 93.3

) Artificiality 57.1
Multi-scale
Ground 98.5
Point-Net .
Vegetation 97.6
with RGB 96.8

Building 96.1
Artificiality 76.9
B EE S ORI B 5z s 9 2 RO Point-
Net [ 25 B I 25 i 0] AH 25 A8 K 3k 2 i T 2 RO+
IE B2 B 265 5 D o A i 4 IR0 28 JF A7 Ab 3L, 2y T
YN 5 TEITA Rl 8 2z B0 B9 2 )RUE Point-Net
W0 265 ¢ T 2 ICME Bl R EL S = R AR ZE R R L [
SN 25 1] 38 o
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Table 2 Classification time of different methods s
Method Point-Net Multi-scale Point-Net without RGB Multi-scale Point-Net with RGB
Training time 4375 4649 5568
Test time 204.9 209.8 204.9
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