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(a) line distribution, (b) surface distribution,and (c¢) volume distribution
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Fig. 7 Classification maps derived from different classification strategies, (a) fusing LIDAR and optical image
with feature selection; (b) fusing LiDAR and optical image without feature selection; (¢) only LiDAR used with

feature selection; (d) only optical image used with feature selection; (e) reference classification
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Table 2 Classification accuracy of different classification strategies %
LiDAR+image+fs LiDAR+image+all LiDAR+fs image+fs
R E R FHPORG LR FHP RS LA iiVaki): s LR FHP RS
A% 84.4 97.6 86.2 97.8 82.4 98.1 85.4 88.8
RE 97.8 73.6 98.2 46.0 95.7 25.5 96.1 86.9
L2k 98.2 73.9 97.8 71.8 98.7 71.9 60.8 29.8
+i% 91.3 88.7 87.0 88.6 80.9 88.2 63.6 78.1
RIF A 1 93.4 91.9 94.2 90.8 93.4 90.5 82.6 80.9
TR KA B 63.2 73.3 50.9 80.4 38.3 79.1 48.4 31.2
O0A/% 89.5 88.4 84.1 74.6
Kappa 0.844 0.834 0.766 0.630

7% : LiDAR+image+fs: B &~ LiDAR Fv . 5 %44 5F 2L 4 SR 85 09 £ % Ko LiDAR+image+all ; B & LiDAR Aot 32 48 -4 R AR 4 fE 09 - £
o6 ; LIDAR+fs . A% A LIDAR 2% 5F 2 W 4 A8 2 455 09 4 & Ko s image+s : UL A b 5 ARG OF B A A8 3 35 09 o 2 vk

3 MR R, BEE ZS B REERIG R, I R, BAT 5 4 M 3R 3k iy 2 (BB 285 25 55 19 e
GRREAR AR FE A (0 20 28 B MAKS FE AR AR B w8, B AN 7, SO PRI g A 0 250 8 484 o v ek 4543 2K 4 i
RN RE#HITHE, S B ARE BE T AR &, o 8 22 0 2 22 RUBE R 1IE fE o iR b
B4R, P IR AR I BARE BE 4R &0 T Wi as ) S SR o RO T R BN I I i e
0.8~4.8 NH TR, FFAMEAM BSR4 S T AR AE A RN s B
0.4~5. 4 AN E 41 p XL U6 EH 2 ROBEREAEAH L T 5
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®3 BRESZREFHETHSEBELR
Table 3 Comparison of classification accuracy

between one-scale and multi-scale features

e I kA KRR A
0A/% Kappa 0A/% Kappa
0.2 94.8 0.938 83.0 0.760
0.3 94.5 0.935 83.1 0.757
0.4 95.0 0.941 83.5 0.764
0.5 96.1 0.953 83.9 0.768
0.6 97.1 0.965 84.7 0.779
0.7 97.4 0.969 86.3 0.803
0.8 97.8 0.974 87.5 0.819
0.9 98.0 0.975 87.7 0.824
1.0 98.5 0.982 88.0 0.816
0.2~1.0 99.3 0.987 88.4 0.834
3.2 HETENTEHELE

R RS HTTEAS SCH 3 205 15 B 4 A FRIE AR it
X o A R TR B S b B R 2t
TEIEHESS T B R IR 38 43 R 1IE A2 o, A okt U0 B s
ZERN A K BHEBRAES , 1 H R 1 0D [R] 2031 22 ]
PUREA B 1) 25 5 (AN YR 45 A0 48 ) Ty Sk i G B o1
WG BRIBI R A GE R BT 28 301 1) i Ak B4 it , B
XTYNAEAS 1) 25 SRR A T T AN [ A AR, (75 4%
AT B FEATHBOR 2 (A2 AL = S2PRAE
B DFEALL) SRIG TR B BENL AR ARABE AL )| R $¢
Horr 70% FEAAE RN ZREE , A1 309% 1 I
LTI 25 S AORS BE . 38 12 AS By b 1] 3% R AiF AR
A G SRS FRAEAE 5 5 B S 5
R IRERE I T B, 55 DLRMARS JE T B & 9L
ABFR AL PRI R ZS B 4 B AR AR (GR L GB \RB 433l
%8 GRVI NGBDI il NRBDI) , 153 & 8 I 75 19 52
HREE 73 A

K8 L5 R, M bR 2E (§) -1 = 22
( Ah ) FERLTAE AR E0(GRVL) X F 4 = 40 28 1 53
R B e o, LA AR AR 9 DTk A B AR X b /)N, (R X
TP RS HAB IR L 70 2 3 X, B I SE AR AR
AR EB 23 38 R J 1Y 53 28 BV AORG BE T B[R] B
Ut BH SIZ 6 DX PR 18 H A 2 80 (1) T L] RRAIE 22 S F2 B4 v
T = A 25 R0 1 g R 22 1, TGS RRAE 22 53 0]
FHEAKPAE GRVI 5% [-.

ARSCAR M T — BB 9 50 = 0 K073kl i MOl
PRI ERE RS 5 2 2 R U 22 U

0.5

04+ —

03F

SR PR %

02F

"l al_al_noh

I R G BGRGBRBN 4 Ahd A, P, S, L

[ 8 ANIRVRFIEAS 5 X0 432 (4 TTRREE L%

Fig. 8 Contribution of different features to classification
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Abstract Point cloud classification is a critical step in the processing of LiDAR data,and exploring new automat-
ic, efficient, high accuracy classification method is of great importance.This paper proposed a new method for point
cloud classification by analyzing the feature of optical image and LiDAR data from the same aircraft. First,a TIN
model was made by interpolating the LIDAR data which was projection transformed, then the registration fusion of
LiDAR and optical image was achieved according to the correspondence vertexes of the two data,and the RGB attri-
bution information from optical image was combined into LiDAR data later. Second, classification feature set was
built by extracting the spectral features from optical image and multi-scale geometric features from LiDAR data.
Third,a CFS feature selection method was used to reduce dimension of the classification set.Finally,a supervised
classification was conducted using a random forest algorithm to classify the point cloud.Results indicate that,the o-
verall accuracy and Kappa coefficient of the proposed method is 89.5% and 0.844,respectively. And the proposed
method get an improvement in the overall accuracy by 1.1,5.4 and 14.9 percentage point when compared with no
feature selection strategy,only using LiDAR data and only using optical image, respectively. The proposed method
not only efficiently reduce the interpolation error when fusion based on point cloud interpolation, but also solve the
problem for choosing the optimal scale to extract geometry feature in a certain analytical scale,and the data are able
to be processed more efficiently when feature selection is adopted.
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