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Abstract In order to solve the problem of high feature dimension in the feature construction of airborne light
detection and ranging (LiDAR) and hyperspectral images for the classification of ground objects, we propose a
feature selection algorithm based on extreme gradient boosting ( XGBoost) combined with Pearson correlation
coefficients (PCCS), named XGB-PCCS. Meanwhile, another feature selection algorithm based on XGBoost
combined with sequential backward selection (SBS), named XGB-SBS, is designed to compare with XGB-PCCS.
The real data is used to verify the two algorithms designed above. The results show that both algorithms can
effectively reduce the dimension of feature sets on the basis that the accuracy of classification results is ensured. As
for the XGB-SBS algorithm, the retained feature dimension is 33, the overall classification accuracy is 95.63%, and
the Kappa coefficient is 0.943. In contrast, as for the XGB-PCCS algorithm, the retained feature dimension is 25,
the overall classification accuracy is 95.55%, and the Kappa coefficient is 0.942. The XGB-PCCS algorithm has low
degree of human intervention and short running time, and the retained feature set is compact. In addition, the
feature subsets obtained by the two algorithms are compared, and 24 kinds of features with high importance in the
multi-modal feature construction of LiDAR point cloud and hyperspectral images are summarized.
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Fig. 1 Flow chart of XGB-SBS algorithm
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HLEK LiDAR 4B A% 1% € AT & 0 500 m (FH
Xof 1L TAT g BED . A Al Akl BE Bl 445 m, &R R
50% . AT BE S 225 m, mLom BUHE O %O R
32 point/m*, ## M OpTeTi TIN MW E47 T 3
AT TR K O AR PRSI e A T 1
B L BI 3L T 1550 nm OGS 29 55 = B0l .

G E AL IR A CAT R BE S 2100 m CHE X b
T B, 455 S5 BN 1500 m, 2 K AT R N
65 m/s. % GBS LA 48 AN U B, G Y
$138~1050 nm, 25 [ 43 HEHE A 1 m.

TS A TR 1k P ) Y RS AR R AT R AR 4
B, Horp LIDAR B3 HR 00 A 25 B, @il AR S0
A 21 B, 33t 46 FARAE, 55 Ab BRI
20 2000, MBI HE 4R B2 A 1Y &5 R AR b B AL Al R
30YAENINLREE, T4 70 % T RS BEVEM  BE A
O3 A FENFEAR S BR TE LR 1,
4.2 XGB-SBS EiXikFR&ER

XGB-SBS $ ik 1 £ 1 7 A 45 i 5 00 2R 4 o
KRG Z MK R 4 FioR, SEH 8 R0, 5
I A v o LR R A AR B R AE 15 — B S B L B R AE AR
P T U0 S T D 0 TR B A AR AR R LAY
FEAF B 50 5% 38— o B0 5 - S0 IE NS B P KR R R
FE 3k R L SRR B e e A BT N R B AR AR AR B R
BN AR RRAE T2

AR YRS 5 e A 1) PR BR R A O 33, DI R AR 1Y T

21 YNGR 50 AR (R A 268 501 R AR Bl i
Table 1 Class name and number of samples

in training and test sets

Number of ~ Number of
No. Class name sample points sample points
in training set  in test set
1 Healthy grass 2940 6859
2 Stressed grass 9751 22751
3 Artificial turf 205 479
4 Evergreen trees 4078 9517
5 Deciduous trees 1506 3515
6 Bare earth 1355 3161
7 Water 80 186
8 Residential buildings 11932 27840
9 Non-residential buildings 67125 156627
10 Roads 13760 32106
11 Sidewalks 10209 23820
12 Crosswalks 455 1063
13 Major thoroughfares 13904 32444
14 Highways 2959 6906
15 Railways 2081 4856
16 Paved parking lots 3450 8050
17 Unpaved parking lots 44 102
18 Cars 1964 4583
19 Trains 1611 3758
20 Stadium seats 2047 4777
Total 151456 353400
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Table 5 Running time consumption and predicted

classification accuracy of two feature selection algorithms

Result XGBoost  XGB-SBS XGB-PCCS
Time consumption /s 17818 5255
Dimension of
46 33 25
feature subset
OA /% 95.53 95.63 95.55
Kappa 0.942 0.943 0.942
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Tl AS ) 2 700 1) 5 0 He A 5 O B ICT 46 BRRAE SR )5
Wil T XGBoost 5741 Ji n] ¥ £ 40 25 & 1 2 AL
FRAE 2 8 7k XGB-SBS, I 76 1% 5 1k i 5 il 45 &
Bz 7R b A 56 FR BB T T — BT 1 R A i R O R
XGB-PCCS,
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