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Airborne LiDAR point cloud data classification based

on relevance vector machine
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(Institute of Geospatial Information, Information Engineering University, Zhengzhou 450052, China)

Abstract: Aiming at the limitations of support vector machine (SVM) applied in Airborne LiDAR (Light
Detection And Ranging) point data classification, such as weak model sparseness, predictions lack of
probabilistic sense, and kernel function which must satisfy Mercer’ s condition, a novel LiDAR point
cloud data classification method was proposed based on relevance vector machine (RVM). Firstly, the
sparse Bayesian classification model and the process of parameter inference and prediction were analyzed.
Then, the classification problem was transformed into the regression problem by making use of Laplace’s
method. Next, the hyperparameter estimation was attained by utilizing maximum likelihood method and a
sequential sparse Bayesian learning algorithm was selected to improve training speed. Finally, multiple
classifiers were built to realize multi-class classification. The LiDAR point cloud datum from Niagara and
Africa were selected for experiment based on SVM, and experimental results show the advantages of
classification method based on RVM.
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% 7 ik (Light Detection and Ranging , LIDAR)
B B A OOC I EE | A& GPS 2243 DL S
SRR E R o A AR SE i R I T =
LiDAR #ffi R 48 oy F gl i 77 =X, % R T A K
I BRI WOG Ik vh e i B 75, AT DLBR BUIR
i) =S5 (5 E . MLEK LiDAR 5 = 5Uda 15 BRI
5 =2 @R O B D BRE AL 48 LIDAR £ = 3048 4
. 4y JE 09 T AR A R e AR A5 A (Digital
Elevation Model , DEM))vj Fi| F 5 43 #7 . TR T,
IRBE R AR S5 b 5 o028 B Y AR
W =R AR IR T R T R SR 43 S R
USRI T St 3 AT . RO T T A T AR A R
R AR, B e ERS AR L3
LiDAR si =73 R BA S IIE & SO & 5
{E.

M THIEE 4 s ZH 5 RN, HLE LiDAR
R BRI 0K | SCRAT T I 45 3R i Pk
o T AR LU 2= B 2 0K A0 FE B2 Jhy B Al ) AH
Ko R FEMENE 7 =B B, S — B B LAt 43
FWEoE o F BN Bt Dk i A B0 5 T B
FEXPREE H b b )4 B o 5 0E 5T, BAnXT @25
BICHE B DX S ) 2 B 5 = B BORE R B s A AR
Mo ) AR SR 2 AR B 2005 B ST,
Hor Z 5053 BT R A — B i I B 5% PR R A5

HAr, PAZFEm &ML (Support Vector Machine,
SVM)H R A% J7 ¥ 7E LIDAR s = 43 8058 v i H]
Iz B TR RCR T, SVM AT REFRYIZ AL RE
71, fetg it et 2 MR B E A S AFEEITZ A
JI T ) AR R S BN B AR O N = W TS o= O
o B A8 S TE AR ORI b 28 850 S 4% o B0 20 2
Mercer & 4%

AH K 1] # HL(Relevance Vector Machine , RVM) /&
Tipping £ U i W 48 12 > 30 BL Al 42 i i —Fb
B ARG g DL TSR A SVM YR I RVM
A DA S 7Rk SVM AR R ZA4b . RVM B R L
MERMELR | R RIAUE ] A e, R — R 51
FEE 3 RO AR TR AR A B8 R B E A ST SIS AE SE PR
I o R A3 A 1Y) I 6 o3 A AR B A 4520 T X

FEA [ SRR M AR OC ) 5, 3R 2 > B U BR A A G
WML, VB RG22 BE A o R, RVM B %
A T SCAR TN B TR A S U 0 R
T ER A AR G

SCHUEE RVM B FAL3E LIDAR 5 = 8dis 43 2%
b3 3R T AP EET RVM B S = B0 e,
fEDLET SVM R F 5 = BE 5y AR AR AN 2 o 7E
XoF i 0 DL P T 0 SRR AT o AT 9 Sl L, A
e 7 37 T T 0K RVM 4328 [n) B £k Ay (] I [ T
FIF SR 11 287 300 G AL SR de KAk 7 5 1647 1 S 5004
T, SREUT 5 6 DL i 2 2 J5 2 S0 IS B0 R, 1k
PEPIZE RVM 732 a4 & 92 B = $ids 22 o0 0 26 bt
9%, i) Niagara Hb X A AE Y B4 X ) LIDAR 55 =
BRI T, B0 UE T 3T RVM 1Y 5 =40 28 1)
.
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B TE B UL IS4 R A B
BEAEE (0, Hoh HBRAE 1, € (0,1) B2 917
B BRI R

y(x;w)= 2 wih(x) ()

K pi(x0) HAELANE S R, & B FEA S 1Y
W rRBCHEAT RE SC, BRI () =k (x5 x0) , oby(o0) A 5 385 2
Merce € F ;w, WHERIF(E . il i logistic sigmoid %
R o(y)=1/(Q+e )WLV G y o) AT,
WIEERFEA x Mz 6 5340, B P (eloe) IR S5 ) 53 A
(Bernoulli distribution) , FEAS ISR pRELEK /R Q0T .
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povlay=TTNGwi0, e, (3)

K a g N+1 SR, BIGE TAUE w K5
oA
1.2 Sk 5w

PEAT S IR A SO, MR D i Sy v ) 3
SN AAEALE A5 SR AT

_ptlw,)p(w, a)
p(w, alt)= (1) (4)

BB R MBRRE AR x, 43 2HER B T y. (4
AR TR

p(y:t)= J pydw, )p(w, alt)dwda (5)

MWk AKX Q) R BWAE y., FlH logistic
sigmoid J& pRBCXS y. HEAT BRI, AH OC 1n] £ AL 51 4
WK 25 0(y)<0.5, W £.=0, 7345 FARiE M ] —3;
A o(y)=0.5,6=1, 70 RERIRC N Hob—2

1 TIEREREATE A3 B 73 p(0)= | plaw, o)

p(w, @)ydwda FRME, I J5 S HE R 5346 p(w, alr)
JCVE R SRR G AR, W] 6 R AT 40 i
pw, alt)=p(wlt, a)p(alt) (6)

Ao AR DU R A AT paln) e p(dla)p(a) . 335
[ R JCVE AT TS AUE S IR B p(wlt, )
F SR BRBL p(alr), YE4% MacKay 32 H (947 7
By gt AT I ALE

SIRUR S RCIIE I =y BT ES) S o8 /R 8 Wi T 1 BUIE SV
SR BRBOHEOE AT 0BT mT LU B, R P38 v 307
tER e il A n A Gl E T EIE VA ETE N PSR S|
BRI =Dt B (0—y) AN IR 2L
AL R 5 1 R KA AR R,
1.3 BSHM®K

RVM 732 [n] 8 f5e ¢ 5 B2 2o I KA 21 21 AL SR
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J7 90 R D1 2 o SR R RD L EA TR S A
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TTSHOTE, ek B — s AL A B i S R
o 1 TFER AW, ARk R A 00 S ALSR pR R
R Sy D DL AS 348 o s 0 o R pR B, L R K
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w) NI X AR (OAR) ,—Xf —(OAO) A5 J5
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RVM 43 2 48 1k £ JE Mercer 5& PR AY 55 4% 0] 3L A%
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BIFRSVE A RVM 432528 I A ] &, e B — 2 E 3]
HYRHE ] A IR AS | AR AR RN A

(3) ¥+ RBF il OAR ,0AO 732K i ikl 228
1+454% OAR-RBF-RVM & OAO-RBF-RVM; X H
TS XA R RS o

(4) WHE RVM 5 K8 M % S5 o, R
FH I 25 B AR X 43 25 %% OAR-RBF-RVM K OAO -
RBF-RVM #1745, R B B HE S o, TR I 22
S MYIE w IR A E M A FE R EL ¢, XN Y
S F o, 6 R WSS SR AR 5

(5) A7 TR Y SO I SRR AR A DI 2 58 ER 1Y
RVM 72545 19 8 /- Kbnicgh 54,

3 LiDAR S =#IEHE LW

BT SVM WS n B B 1z, 32k
KRR, SCHRIH T RVM Fil SVM 202588 10 i =
IR I BT T s
3.1 EI—

S B — B K JB T TerraSolid 42 it EI‘J Niagara
o IX 5 = Bl S BN 2.46 pts/m?, B ECR
45 099 > MEARAE BAENL N 1 PR, %3{1\3;7&'43,
Wi BIL 35 B A 5000 45 28 b P B 1Y) 5% A R I R
A HAAE R IEREA

%< 1 Niagara IX S Z#HBEBHEAREE
Tab.1 Sample information of points cloud data

in Niagara area

Classification 1 2 3 4 5
Name Ground Building Vegetatoin ~ Car  Wall
Number 25820 15020 2955 958 346

i RVM 47 8 2 Bl o3 28] SRR R 4%
S8 o, BUATLE N 0.2xi,i={1,2, - 10} et
OAR F1 OAO Jrikii T Zousr2s, BARIEEE R
2 R, Hof ) 3k ) i B0 R e oo A il
FH 3 R B R DI ZRAREAS SEA TR R 2% o o7 FH ) B
(i) SR YNSRI ] 5 XA AR 2R 47 40 28 i #E 2% i sk [i]
SRR R 5 3 2ORG B o0 IE W 4 2R A RE AR B 4
PR A 1 L]

% 2 Niagara X S = ##8 RVM KL R
Tab.2 RVM classification result of point cloud data

in Niagara area

Number of Training time/
& Test time/s Accuracy

basis vectors S

OAR OAO OAR OAO OAR OAO OAR OAO

0.2 93 93 108.30 26.47 0.32 0.32 89.58% 89.58%
0.4 35 43 25.81 11.15 0.07 0.18 90.57% 89.20%
0.6 30 31 14.50 8.65 0.09 0.10 91.59% 89.37%
0.8 33 26 11.09 6.71 0.12 0.12 92.45% 89.77%
1.0 32 29 29.17 4.88 0.06 0.12 93.92% 91.58%
1.2 33 29  28.35 4.47 0.09 0.14 92.63% 91.58%
1.4 27 32 2895 3.57 0.07 0.12 94.52% 92.68%
1.6 24 27 16.81 4.66 0.07 0.09 94.54% 92.16%
1.8 23 27 1528 5.16 0.07 0.09 94.24% 92.10%
2.0 27 27 11.52 4.07 0.04 0.09 94.43% 92.15%

2.2 16 26 6.64 3.52 0.04 0.10 93.67% 91.15%

W SVM #EAT s = Bl 3 S ) 75 SR 28 X
B UE AR BRI fk 2 %) C, i 17 OAR-RBF-SVM 432
PRI C=1.4, FEN} 2105.82s, TEIEFEA [F S5
o LT, SVM 43R5 0Nk 3 s,

% 3 Niagara IX S = #E SVM 3£ ER
Tab.3 SVM classification result of point cloud data

in Niagara area

Number of Training time/

. Test time/s
basis vectors S

Accuracy

OAR OAO OAR OAO OAR OAO OAR OAO

0.2 325 301 118.87 11.54 1.25 1.30 88.04% 87.70%
0.4 266 252 38.14 4.60 1.00 1.07 87.19% 87.59%
06 291 256 3.10 11.79 1.11 1.08 92.53% 88.00%
0.8 318 271 17.11 0.89 1.19 1.23 92.93% 88.40%
1.0 344 296 61.48 5.67 1.30 1.23 92.94% 91.35%
1.2 370 316 34.58 6.83 1.37 1.31 91.55% 92.96%
1.4 390 334 432 522 147 1.41 92.88% 91.93%
1.6 404 342 24.68 2.17 1.55 1.49 92.52% 92.03%

1.8 412 355 42.62 25.60 1.53 1.52 92.25% 91.94%

wn

2.0 433 372 4.82 549 1.62 1.57 91.84 91.91%

2.2 450 383 16.28 4.70 1.69 1.75 91.66% 91.93%
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SVM 73 28 5 B 1A 3k ) 40 K00 0 G L | VI kI 1]
L [ e i 25 R AR N AL 1(a) ((b) L (©) (DFT7R

£ —RVM-0AR ---SVM-OAR § —RVM-OAR ---SVM-OAR
*§ 500 —RVM-OAO---SVM—OA? 8 9695y RVM-OAO ---SVM-0A0
2 | e .29

£ 300p i &

s 58

5 100 58

2 — 8 e w .
g 04 0.8 12 1.6 2.0 g 04 08 1.2 1.6 2.0
4 4 zZ 4

(a) e HR ST

(a) Statistics of basis vector

(b) 73 EAEESIT
(b) Statistics of classification

number accuracy

—RVM-0AR ---SVM-OAR —RVM-OAR ---SVM-OAR

w

?5,120 —RVM-OAO ---SVM-OAO & 2.0y —RVM-OAO ---SVM-OAQ
= 80 H1s R
o0 e T

g en 1 of =

'S 40 £ -

g 0.5

£ 9 A g o .

B 704 08 12 1.6 20 & Y04 08 12 1.6 2.0

a o

(c) YNggkmflalgit
(c) Statistics of training time
[§] 1 Niagara Jll [X RVM 5 SVM 43 S0 25 R 52 11

Fig.1 Classification result comparison between RVM and SVM of

(d) M3 ] g it

(d) Statistics of test time

point cloud data in Niagara area

Niagara 1 X s 7= B3l i 2 bl 73 JE 45 R Al 2

(c)

E Ground - Building - Vegetation - Car - Wall

2 Niagara I X85 2z 46 40 28 245 R LU

Fig.2 Comparison of classification results of point cloud data in Niagara area

i, Horb(a) Ay 4 v AR VE e 19 LR 05 = B8 | (b)
i OAR-RVM 3L 3RAG 1 53 Je 45 R (0=1.6), ()N
SH o REER

3.2 ELWm—

5 T AR X S B R, S BN
3.03 pts/m?, i S 203 016 4N, BEA (5 BAE I 40
A N, SRR, BEALE A 2 B A 2 )
B 2% E R INGRREAS AR IR

K4 FMNEHERZBEERER
Tab.4 Sample information of points cloud data

in African area

x5 FMEMEX R ZHIERVM FEER
Tab.5 RVM classification result of point cloud data

in African area

Number of Training time/ -
umber ob - Lramng WME o ot time/s Accuracy

. basis vectors S

OAR OAO OAR OAO OAR OAO OAR OAO

Classification 1 2 3 4
Name Ground Building Vegetation Car
Number 139 771 29 763 32934 548

i i RVM BEAT A5 2 Kot 70 2 09 HL AR 25 21 4
# 5 PR,

0.2 63 55 158.18 57.24 1.24 0.70 94.62% 95.66%
04 34 32 76.36 39.70 0.42 0.53 95.27% 95.89%
0.6 19 17 2734 7.72 0.26 0.31 95.91% 95.68%
0.8 19 12 46.87 12.12 0.26 0.26 95.99% 95.54%
1.0 16 12 3455 11.35 0.18 0.24 95.42% 95.44%
1.2 16 11 32.05 6.86 0.21 0.18 95.36% 95.43%
1.4 16 13 2645 8.65 0.24 0.24 95.41% 95.54%
1.6 15 12 16.70 7.25 0.24 0.24 95.37% 95.54%
1.8 18 13 18.34 10.71 0.24 0.29 95.34% 95.53%
2.0 14 14 1399 6.69 0.24 0.24 95.25% 95.52%

2.2 13 12 11.18 5.19 0.18 0.23 95.82% 95.68%
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i i SVM #EAT 5 = Bidls 73 260, i i OAR-RBF-
SVM 72 R 3k BU | FERT 8546.40 s, FEHEREAS [l
S8 o LT, SVM Zp 245 Bl 6 Fiin

F6 FMEXSZEIESVM SERER
Tab.6 SVM classification result of point cloud data

in African area

Number of Training time/
et © raming time Test time/s Accuracy

basis vectors S

OAR OAO OAR OAO OAR OAO OAR OAO

0.2 408 395 48.40 10.56 7.25 7.28 94.74% 94.75%

0.4 307 272 115.50 49.31 5.60 5.07 95.06% 95.10%

0.6 322 289 9.87 895 552 541 95.18% 95.36%

0.8 352 301 339.93 5.75 6.15 2.40 95.20% 95.29%

1.0 413 327 4145 6.40 7.47 2.76 95.25% 95.38%

1.2 417 341 58.20 11.00 8.60 6.42 95.22% 95.31%

1.4 560 369 232.71 10.41 9.86 6.79 95.18% 95.26%

1.6 650 393 64.26 27.55 11.52 7.20 95.17% 95.23%

1.8 756 417 41.02 20.64 13.26 7.68 95.16% 95.20%

2.0 859 441 47.11 19.73 15.11 8.13 95.14% 95.17%

2.2 954 476 358.82 23.84 16.79 8.90 94.55% 94.97%

K PIZET5 5 TR0 A 2 1) R 0 T
DI Zist 1) B s [ e 45 RAK R AN 3 (a) L (b)  (c)

- Ground - Building - Vegetation - Car

(dFrR,

—RVM-OAR ---SVM-OAR
—RVM-0AO ---SVM-OAO

—_
-3
S D
S O

—RVM-OAR ---SVM-OAR
—RVM-0AO ---SVM-OAO

04 08 12 1.6 2.0
4

Number of basis vectors
'S
[~3
S

(a) 1 it B SE it
(a) Statistics of basis vector

number

—RVM-OAR ---SVM-OAR
2 400r —RVM-OAO ---SVM-0AO

Training tim

(c) Vgrmf gt

(c) Statistics of training time

04 08 12 1.6 2.0
[
(b) I INF LI

(b) Statistics of classification

accuracy

—RVM-0AR ---SVM-OAR
18 —RVM-OAOQ ---SVM-O0AO

0 04 0.8 1.2

a

Test time/s

1.6 2.0

(d) MR E) 523t

(d) Statistics of test time

3 B IX RVM 5 SVM 4328 S0 45 R G0 A

Fig.3 Classification result comparison between RVM and SVM of

point cloud data in African area

AP0 5 3 X BOE A 2885 AN 4 pior
r (a) by Fie IR i AR T G 1) BRUEAR 05 = B |, (b)) OAO-
RVM B LA K45 R (0=0.8), (c) WS FH 412

45

P 4 AR PH 2 DX o3 S50 LA

Fig.4 Comparison of classification results of point cloud data in African area

3.3 LWE5HH
i 1} Niagara i X & JE P B Hb X85 = £ 09
RVM SVM 73245 b A7 504, vl 15t an R 4518 .

(1) 5 SVM 432588 M I, RVMC 43 2 88 N TETE

PRI AL Z 0, T i 2 52 SR TE IR C BB, ikt A
T EBR SRR WAL TR 2R A BRI ]
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