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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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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 AT 88 2 8088 73 28, S AN [m] 9 4%
S8 o, BUATLE N 0.2xi,i={1,2, -, 10}, %&£
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DRI ) 5 o3 2R B R 1E 8 23 S O REAS KNG o5 4
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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%

i SVM ZEAT 5 = Bl 43 S I 7 R 28 S
56 3IE 3R O £k 2 % €, 18 i3 OAR-RBF-SVM /32
PIRELIY C=1.4, #E1 2105.82s, fEIEFEA R S5
o TEBLT ,SVM 245 sk 3 s,

% 3 Niagara IX S = ##E SVM LR
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%
04 266 252 38.14 4.60 1.00 1.07 87.19% 87.59%
0.6 291 256 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 5.22 147 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%

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%

S130006—4



sroh gk TA2

% S1

www.irla.cn
——

T o A DA S T M L E, f5 RVM
SVM 73 & S U 14 3k ) 0 K000 0 MG 2 L VI i )
Lo (] gE 325 AR AN AL 1(a) (D) L (¢) (DFT7R .

£ —RVM-0AR ---SVM-OAR § —RVM-OAR ---SVM-OAR
g 500, RVM-0A0 ---SVM-(%? 8 ggus  RVM-OAO ---SVM-OAO
2 | e <y

_§ 300 annnisee " _§

s 58

y 100 58

3 — 3

g 04 08 1.2 1.6 2.0 g

z 4 z

(a) ZE[HEHR ST

(a) Statistics of basis vector

(b) NGRS
(b) Statistics of classification

number accuracy

w
e 2 2.0 —RVM-OAO ---SVM-0AQ
£ [y s
g prgf
g ‘q
§ e o.(s) .

£ 04 08 1.2 1.6 2.0

(22

(c) VIR Al ge it
(c) Statistics of training time
€] 1 Niagara Jll[X RVM 5 SVM 43 JS S0 45 5t 1)

Fig.1 Classification result comparison between RVM and SVM of

(d) WA A 523t

(d) Statistics of test time

point cloud data in Niagara area
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Fig.2 Comparison of classification results of point cloud data in Niagara area
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Tab.4 Sample information of points cloud data

in African area

x5 EMNEME R ZHIE RVM X5 R
Tab.5 RVM classification result of point cloud data

in African area

Number of Training time/ .
Test 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 139771 29 763 32934 548

i 5 RVM HE A7 5 2 B8 2 28 i HAR 45 1
F 5N,

0.2 63 55 158.18 57.24 1.24 0.70 94.62% 95.66%
0.4 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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Tab.6 SVM classification result of point cloud data

in African area

Number of Training time/

" basis vectors N Test time/s Accuracy
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 5.52 541 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 PR TT 1k S L0 04 5 o) B i O ORS JEE
IR ) B M ) G2 1 25 SR AR ANl 3 a) L (b) L (¢)
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Fig.3 Classification result comparison between RVM and SVM of

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