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Abstract: Compared with conventional optical remote sensing data, which contain only multispectral
information and can only realize two-dimensional land cover classification, the advantage of airborne
multispectral light detection and ranging (MS-LiDAR) is that it contains both multispectral and spatial
information and can realize three-dimensional land cover classification. However, the existing land cover
classification methods for airborne MS-LIDAR data require too high feature dimension to distinguish all kinds of
objects simultaneously and have high algorithm complexity. So, a stepwise classification algorithm combining

spatial and normalized difference ratio index (NDRI) features is proposed. Firstly, the multi-band independent
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point clouds of airborne multispectral LiDAR are merged to obtain the merged point cloud data with spatial
location and their multispectral information. Secondly, based on the elevation consistency of urban ground spatial
adjacent points, a ground filtering algorithm under spatial neighborhood growth is used to separate ground and
non-ground points. Thirdly, based on the difference of laser reflectance characteristics of different objects, the
NDRI index is designed to separate the grass (tree) from the ground (non-ground), and the adaptive optimal NDRI
index under the principle of maximum inter-class variance is used to achieve the fine classification of ground and
non-ground points. Finally, 3D majority voting is used to alleviate the noise in the previous classification result in
order to further optimize classification result. The proposed algorithm makes comprehensive use of the spatial and
multispectral features contained in multispectral LiDAR data, and the step-by-step processing method is more
convenient to design simple and effective rules according to the characteristics of specific separation objects. The
effectiveness and feasibility of the proposed algorithm are tested by using Optech Titan airborne multi-spectral
LiDAR data of different scenes. The experimental results show that: (1) The average overall accuracy and Kappa
coefficient of the proposed algorithm can reach 90.17% and 0.861, this demonstrates that the proposed algorithm
can realize the accurate three-dimensional land cover classification of the multi-spectral LiDAR data in urban
areas. (2) The step-by-step processing method adopted by the proposed algorithm is more convenient for
designing simple and effective rules according to the characteristics of specific separation objects. The algorithm
design is simple and the complexity is low. (3) The availability of NDRI features designed to distinguish between

grass (trees) and road (buildings) can provide theoretical support for the design and selection of salient features of

% 52 %

other machine learning algorithms.
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Tab.1 Specifications of Titan

Parameter Specification

C1: 1550 nm, C2: 1064 nm, C3: 532 nm
C1:3.5°,C2:0° C3:7°

C1:0.35 mrad, C2: 0.35 mrad,
C3: 0.7 mrad

Topographic: 300-2 000 m above ground
level (AGL), all channels

Wavelengths

Forward angles

Beam divergence

Altitude

Pulse repetition
frequency

Scan angle (FOV)

50-300 kHz/channel; 900 kHz total

Programmable; 0-60° max

Scan frequency Programmable; 0-210 Hz

Swath width 0-115% AGL

Horizontal: 1/7 500xaltitude, 10;
Vertical: <5-10 cm, lo

<0.008 m, lo

Accuracy

Laser range precision
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1 Areal Titan iz S HAR ISR . (a) C1 BRI R 255 (b) C2 WEBURE K25 () C3 WBORIE M 75 (d) FTRE R 25 (o) BlE s (WE)r
%: Cl, C2 F C3 W BEm AL T 21 4 — 3l 8); () =4k I 208 =
Fig.1 Titan MS-LiDAR point cloud of Areal and its processing results. (a) Cl intensity; (b) C2 intensity; (c) C3 intensity; (d) Points colored by

elevation; (¢) Merged point cloud (R = C1 intensity, G = C2 intensity and B = C3 intensity); (f) 3D land cover classified point cloud
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Fig.2 Titan MS-LiDAR point cloud of Area2 and its processing results. (a) C1 intensity; (b) C2 intensity; (c) C3 intensity; (d) Points colored by

elevation; (¢) Merged point cloud (R = C1 intensity, G = C2 intensity and B = C3 intensity); (f) 3D land cover classified point cloud
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Fig.3 Flowchart of the proposed algorithm
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Fig.5 NDRI statistical histogram for ground points of Areal
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Tab.2 The errors of the filtering results

Experimental area ~ Type lerror  Type Il error  Total error
Areal 5.24% 1.87% 3.90%
Area2 2.61% 4.25% 3.26%

bEJS, I (4). (6). (7) 115 NDRIs, #£ 3 45
HY TG A b T A5 RD M T 45 A9 NDRIs R FH B K28 00) 5
2 TR R A5 B B B E, 4350 T IX 408 B e | A
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Tab.4 Classification accuracy of different NDRI

indexes
Areal Area2
NDRI
04 Kappa 0A Kappa
C2-C3 90.45% 0.869% 89.89% 0.853%
Cl1-C3 88.59% 0.841% 86.98% 0.812%
Cl1-C2 80.68% 0.738% 83.07% 0.752%
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W5 e 747,

OA J2&= 1E i U (¥ 78 R A it 5 BT A JC 2 1 He ol
ARG RE 100% 10K AT A LR ABE A 43#
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Kappa B O N RN W
T\ XT,+ToXTy+ T3 XT + Ty X T,

. 9
P (T +T,+Ts+Ts) 2
OA -
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Fig.7 Differentiability of different NDRI used for distinguishing from objects of Areal. (a) C1-C2; (b) C1-C3; (c) C2—C3
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L T R SN S A A B R e R R, Hoh,

USRI % 5 RS 4 J5 5 72 T NDRI 48 £k
1) JRy B E——NDRI F8 8009 e PE 23 52 B 200 b
TIE RS0 5 £S5 0 0 1 PR T e T 0 OB R
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F5 TBEDRERMIRIEEPE (Areal)

Tab.5 Confusion matrix of the land cover classification result (Areal)

Reference data

Classification data Total row User’s accuracy
Roads Grass Trees Buildings

Roads 24501 (4,) 1524 (4,) 939 (4;) 746 (4y) 27710 (T,) 88.42%
(Ua:A ]/Ta)

Grass 1386 (B)) 40260 (B,) 1137 (By) 1128 (By) 43911 (Tp) 91.69%
(Uy=By/Ty)

Trees 234 (C1) 360 (C2) 24019 (C3) 1594 (C4) 26207 (T,.) 91.65%
(U=C3/Ty)

Buildings 40 (Dy) 248 (D,) 2017 (D3) 18750 (Dy) 21055 (Ty) 89.05%
(UsDyTy)

Total column 26161 (1) 42392 (Ty) 28112 (T3) 22218 (Ty) 118883

Producer’s 93.65% 94.97% 85.44% 84.39%

accuracy (P1=A4,/T)) Py=B,/T, (Py=C3/T3) (P4s=D,/T,)

Overall accuracy: 90.45%; Kappa statistic: 0.869

* 6 tHBENLERMNIEEFEE (Area2)

Tab.6 Confusion matrix of the land cover classification result (Area2)

Reference data

Classification data Total row User’s ccuracy
Roads Grass Trees Buildings
Roads 53974 11422 1130 695 67221 80.29%
Grass 9165 150 101 6712 2175 168 153 89.26%
Trees 239 619 93484 2095 96 437 96.94%
Buildings 282 249 5222 35435 41188 86.03%
Total column 63 660 162 391 106 548 40 400 372999
Producer’s accuracy 84.78% 92.43% 87.74% 87.71%

Overall accuracy: 89.89%; Kappa statistic: 0.853

3.2 EEITEE s
S B AEXT S H A R S A 2 ML MS-LiDAR
M T B TERE R, W T

LA AR S 2 R 1 3 57 LA RS TR i Hle 4 1 37 5
HH B 3 S 2 RN B — SO, TTIER T SCrh ARk
B E

®7 XHEEMEMERERABEXLL

Tab.7 Accuracy comparison between the proposed algorithm and the other classical algorithms

Authors Algorithm principle Features 04 Kappa

Spatial; NDRI 90.17% 0.861

82.33% 0.77

Our paper Step-by-step separation

Fernandez-Diaz et al!'®! Mahalanobis distance Five structural; three intensity images

Spectral reflectance of four channels; five

[13] k- _ i ;
Chen et al SVM; k-NN re- classification vegetation indexes; neighborhood spatial 87.19% N/A
Fernandez-Diaz et al'*! Maximum likelihood Five structural; two intensity images 90.22%  0.870
Pseudo normalized difference vegetation index;
Zou ot al?” Decision trec ratio qf green; ratio of r.etums count.s; difference of 91.63% 0.895
elevation between maximum elevation of first
returns and minimum elevation of last returns
Chen et al'"*! Random forest 7 spectral features; 11 geometric features 93.00% N/A
Wang and Gu'” SVM Spatial location; spectral; neighborhood geometric; 94.76% 0.935

spectral structures; geometric-spectral

20220376-9
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