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Table 2 Classification results of different training samples on Bayview Park dataset

Bk

Training sample Index 400 500 600 700
OA /% 72.30%2.07 75.27+1. 36 75.36+2.02 76.75+0.76
SVM AA /% 76.9841.42 78.504+2.10 78.86+1.12 81.20+2.27
100K 65.22+1.79 66.3640. 95 67.65+1.72 69.12+2. 23
OA /% 86.56+0.75 87.34+0.62 88.23+0.34 90.56+0. 47
Random Forest AA /% 88.94+1.52 89.12+0.23 89.45+0. 38 90.14740.73
100K 82.66+0. 24 83.61+0. 38 84.26+0. 39 86.73+0. 64
OA /% 87.23£2.01 88.12£0. 96 88.52+0.43 90.72+1.69
CNN AA /% 88.70+1.13 89.63+2.71 89.96+1.65 90.23+0.68
100K 83.26+1.45 85.25+1.46 86.23+1.78 86.72+2. 34
OA /% 85.43=£1.12 87.25%+0. 89 90.07+1.08 90.73%0. 36
CapsNet AA /% 84.26+1.78 88.26+1.38 91.144+1.35 91.86+1.52
100K 81.21+0.81 83.19+£0. 69 86.81+1.45 86.92+1.22
OA /% 90.25+1.73 92.16+1. 26 93.264+1.21 94.59+1. 20
ResNet AA /% 91.53+1.38 93.23+0. 81 94,25+1.06 95.86+1.25
100K 87.15+1.49 89.46+1.48 91.26+1.77 93.49+1.28
OA /% 91.3240.45 93.1640.75 93.8940. 34 95.84=+1.25
Dilated-ResNet AA /% 92.67+0.76 94.09+1.06 95.2740. 87 96.42+1.08
100K 88.46+1.05 91.58+0.57 92.65+0. 65 94,15+1. 34
OA /% 93.15+0.52 94,7940, 41 94.59+0.73 96.42+0.71
ResCapsNet AA /% 94.2740. 43 95.4240. 90 96.0340. 75 97.01+1.07
100K 90.494+1. 00 92.4840. 47 93.234+0.75 94.99+1.17
OA /% 93.4840. 39 94.514047 95.4540. 60 97.0740. 54
DCCN AA /% 94.9740. 44 95.39+0.61 95.90+0. 74 97.70+0. 20
100K 91.36+0.57 92.7940.42 94.024+0.72 96.14+0. 71
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#* 3 Recology Bl 4 YA Al YN ZRAE A 1) 23 2 45 21

Table 3 Classification results of different training samples on Recology dataset

Training sample Index 400 500 600 700
OA /% 72.68+1.89 76.83+0. 26 76.94+2, 25 77.25+0. 86
SVM AA /% 77.20+1. 22 78.69+1. 87 78.73+1.08 81.28+2.33
100K 67.22+1.79 68.42+0. 98 68.82+1.59 69.78+2.24
OA /% 85.24+1.25 87.33+0.74 89.20+1.88 91.75+1.00
Random Forest AA /% 88.36+£1.92 89.85+3.06 90.2741. 26 91.29+1.41
100K 82.25%+0. 88 86.26+1.57 86.59+1.97 89.22+1. 34
OA /% 86.26+1.48 88.24+0.98 90.52+0.68 92.73+1.86
CNN AA /% 89.16+2.84 90.15+0. 29 90.67+1. 24 92.44+2. 34
100K 83.18+1.59 86.78+0. 67 86.83+0. 88 90.15+2.17
OA /% 80.73+£1.07 84.92+1.67 86.75+0.43 90.26+1. 24
CapsNet AA /% 81.93+1.94 86.29+1.08 86.95+1.09 91.26+1.99
100K 76.79+1. 68 81.67+0. 85 83.92+0.76 88.37+1.52
OA /% 90.58+1.92 93.56+1.42 95.57+0.76 95.83+0.99
ResNet AA /% 88.86+2. 14 94.52+1.22 94.33+1.32 95.36+1.88
100K 88.84+£2. 34 93.04=+1.70 94.9840. 84 95.24+1.27
OA /% 92.07+0.98 93.75+0. 34 94,87+0. 54 95.89+0.76
Dilated-ResNet AA /% 93.7640. 67 94.8840. 96 95.984+1.25 96.34+0. 38
100K 90.6740. 34 92.3941.07 94.774+1.15 95.09%0. 47
OA /% 93.444+1.21 94.35+1. 23 96.0740. 48 96.314+0.73
ResCapsNet AA /% 94.6340. 17 95. 224060 97.16+1.15 97.30%+0.17
100K 91.29+0.70 93.79+0. 99 95.33+0.63 95.43+0. 31
OA /% 94.0140. 36 94.99+0. 96 96.42+0.63 96.98+0.76
DCCN AA /% 94,97+0.58 95.67+0. 46 97.49+0. 69 97.77+0.78
100K 93.2840. 34 94.3540.99 96.06+0. 70 96.41+0. 90

HREF XN Srpt AR E R 700 B, PR AN B8R 45 & Soil, Seawater, Parking Lot, Grass, X J& N

— R I AT X . SR 4 K 5 AT LR LiDAR 7E 3K U {5 B i, X & B 4 10 15 B 8 Jin 4%

i Building 28 (R 8 B s FH A2 U H = 7 & 38 1 X L Dilated - ResNet 5 DCCN i g — %
%4 YIGREAR N 700 I Bayview Park Bl 45 i 4642 5 1 4 2 25

Table 4 Classification results of each class for 700 samples on Bayview Park dataset unit: %
Rand Dilated-
Classe SVM andomt CNN CapsNet ResNet rate ResCapsNet DCCN
Forest ResNet

Buildingl =~ 82.20+3.72 95.24+3.75 93.534+1.50 94.2841.45 98.2641.55 98.9641.04 99.3640.64 99.74%0.26
Building2  84.59+2.58 98.8341.03 92.72+1.08 95.2242.03 99.64+0.36 99.7840.22 99.79%0.21 99.5440. 46
Building3  91.36+4. 96 100 92.90+£1.50 93.32+£1.93 99.57+0.43 99.68+0. 32 100 99.69+0. 31
Road 81.60+4.43 82.59£6.35 91.36+1.58 94.90+E1.20 96.38+E2.65 97.09+2.83 98.12+1.22 98.82+1.18
Trees 83.7841.69 90.43+1.20 86.79+1.82 92.82+1.79 97.65+0.82 98.06+0.76 98.67+0.88 98.39=+0.36
Soil 62.2342.27 86.78+0.52 85.5941.71 83.56+£0.80 86.9541.62 87.47+1.52 89.3242.06 90.98%+1.39

Seawater  86.79+2.48 84.2141.25 90.75+2.74 85.53+1.23 91.18+2.87 91.88+2.65 93.47+£2.30 94.79%1.17
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Ry B, vl DLk B, XF F Recology #' Parking
Lot,Soil Fll Grass 28 (% 43 25K B 4 3 W0 3, X 7
G N A CE DO A TS 1 i S R G
M 4 W HL 75 7 4 MW 2 5 H, DCCN 78
Buildingl , Road, Soil 1 Seawater P4~ 5| |- # B
T RE BRI, I35k =K Building2 Al

Building3 (943 2885 B 43 il Ry 99. 5426 F1 99. 69 %,
S A 100% A1 2. Trees B 70 2545 1k 3
98. 39%, fELLF 8 P 4 K kP UK T
ResCapsNet ik HEA 5 =, 3£ 5 Al 7E 11 4
JEC R 4 3 2 ) b  DCON 367158 T 6 4> 2 31 1) i
RO R L

# 5 LA N 700 B Recology K 4E 19 A~ F 00 1 43 e 45 2R
Table 5 Classification results of each class for 700 samples on Recology dataset unit: %
Di -
Classe SVM Random CNN CapsNet ResNet Dilated= p (CapsNet  DCCN
Forest ResNet
Buildingl 71.78+1.21 92.56+£2.78 98.78+1.22 92.29+1.29 98.75+1.25 98.86+1.14 98.06+1.74 98.97%0.32
Building2 64.5441.77 94.67+3.75 96.5241.42 94.4541.36 99.24F0.76 99.02+0.98 99.46+0.54 99.82+0.18
Building3 92.78+1.20 94.24+1.44 94.16+1.25 93.47+1.35 98.42+1.58 98.56+1.44 98.41+1.16 98.04=+0.96
Building4 90.39+2.47 97.88+0.24 97.55+1.36 95.16+1.01 95.41+1.72 97.52+2.31 99.67+0.33 98.24+1.76
Buildingd 86.26+1.73 96.30+2.77 97.48+2.38 98.06+1.94 99.86+0. 14 99.07+0.93 98.72+1.28 99.55+0. 45
Building6 71.52=+1.62 95.27+1.36 94.37+1.07 87.47+1.59 96.85+2.34 97.26+1.09 98.35+1.65 97.06+2.83
Building7 88.37+2.74 97.26+2.74 97.48+1.95 95.86+2.15 92.43+2.53 95.97+1.75 98.79+1.21 99.51%0.49
Trees 86.88+1.24 95.67+0.21 95.64+1.24 90.14+0.35 97.48+1.85 96.47+1.66 95.54+1.31 97.32+1.55
Parking Lot 62.77+1.92 76.21+£0.18 77.86+1.87 83.39+0.14 89.45+1.75 89.29+1.06 89.28+1.27 91.31%+0.58
Soil 81.83+3.22 73.16+0.32 73.29+1.72 75.41+1.45 88.69+2.47 90.66+2.54 95.68+2.43 96.92+3.08
Grass 97.77+1.37 98.26+1.25 97.26+1.58 98.26+1.42 92.54+2.46 93.48+2.49 95.52+2.61 99.61%0.39
B B YR R AR TS IR FE 2 5T 403600 %6 VIZBEA 700 B Bayview Park BCHE A1 Recology
() T EATA IR AR % 6 44N T 5 Bl 4% B g 3 SR T SE R 3 L
BN E TS RS AL T LA B, B R e A I 4% E Table 6 Comparison of calculation time for 700 samples on
o b b=
17 LiDAR K045 43 3 b, 25 1A 49 2685 8 10 90 % 72 Recology dataset and Bayview Park dataset
fALERIM N FEERRGEIEE D Nework 0 T oa
R R . . L ime /s ime /s
B YIZRET AR 99,58 s Fl 94, 27 s, W& T K& N
esNet 125.15 1.82 94.51
OB VEIR . SR B T R 2 6 3 O B
i +%:JL R ZIKI{%/EE ‘ H&? I £ ?’ﬁ[};é“ ’ f ‘EI A Dilated-ResNet  195. 34 2.76 95. 67
ERLRRR A ORI S T2 Bawiew o
o ) Park ~apsNet JJ. 90 . AN
L1 3 2 6 4 BETIUR  F 0 e B P 24 1 A, B8 AR ReCaneer 31055 300 o640
Y 2 f ]33] T 518. 65 s Fl 586. 55 s, {H F Hfig DCCN 518. 65 3.75 97.07
R 15 73 ZROKG BE I T 1 A 583 45 B T 4 32 1Y ResNet 196. 34 2.67  95.83
BELE 108 11 459 %7 T A LiDAR % Dilated-ResNet 257, 98 2.98  96.36
P& DSM B EE LR &4 A eE RN RE (0 Recology CapsNet 94. 27 1. 39 90. 26
Vel . BRSO 0 4 6 7T LU 2 ResCapsRet 428,69 834 96,51
DCCN 586.55 3.96 96. 98

WL J 7R oy JAR . I a3 A R AL TR = ) T
AR AR G207 1 SVMLBERL AR AR 5 7 R ACR A
AR A H& T 5 1 23 28 B9 T AR R R i 2D o AR SCER

) DCCN 22K S EI-F- 1 . AR ic Bt 58 = 1%
JUHY S o LG T /D, TR ST LS ) o A
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¥ 10 Bayview Park ¥ 2450 . (D EME; (bHSVM; (O FENLEEM ; (DCNN; (e)CapsNet; (f) ResNet;
(g) Dilated-ResNet; (h) ResCapsNet; (1) DCCN
Fig. 10 Classification results of Bayview Park dataset. (a) Groundtruth map; (b) SVM; (c¢) Random Forest; (d) CNN;
(e) CapsNet; (f) ResNet; (g) Dilated-ResNet; (h) ResCapsNet; (i) DCCN

Kl 11 Recology BUEHEM R, () BEHKE ; (b SVM; () BEHLAEM ; () CNN; (e) CapsNet; (f) ResNet;
(g) Dilated-ResNet; (h) ResCapsNet; (i) DCCN
Fig. 11 Classification results of Recology dataset. (a) Groundtruth map; (b) SVM; (c¢) Random Forest; (d) CNN;
(e) CapsNet; (f) ResNet; (g) Dilated-ResNet; (h) ResCapsNet; (i) DCCN
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7k 1w
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Xof 7 ) 265 FEU A IO A% &30 0 R A5 IR & 9 5k R k1t
) FH e 24 100 24 9 — 25 B BB Ao 40 %) 25 TR R A4S
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Abstract

Objective LiDAR, as an essential technical means of obtaining physical attributes of ground objects, is widely used
in remote sensing image classification research. Recently, deep learning algorithms that use multilayer nonlinear
transformation methods to automatically extract features have become mainstream in the field of image processing.
Traditional convolutional neural networks (CNNs) use neurons as the unit for processing data. Each neuron can only
recognize one pattern and is not sensitive to the direction and position information of objects in the image. To
overcome this shortcoming of CNN, CapsNet is used in the field of image classification. However, the capsule
network is a lightweight neural network, and its network structure indicates that the feature capture ability is still
lacking compared with the deep network. Aiming at the above two problems, this study proposes a LiDAR data
classification algorithm that combines capsule network and dilated convolution. The features extracted by the residual
network combined with the dilated convolution are used as the input of the capsule network to enhance the feature
capture capability of the lightweight capsule network. Dilated convolution can expand the receptive field of the
convolutional layer without increasing network parameters. The capsule network uses capsules as a data processing
unit in its internal structure and adopts a dynamic routing algorithm for data transfer between capsule layers. It has
better feature expression capabilities than CNN. Thus, the proposed method can improve the classification
performance of LiDAR data.

Methods The LiDAR data classification algorithm that combines the capsule network and dilated convolution is
proposed. First, input the LiDAR data into the dilated convolution capsule network (DCCN) model, which uses the
first three layers of the residual network to perform rough feature extraction on the LiDAR data, and the latter two
layers use dilated convolution instead of traditional convolution to obtain detailed features of LiDAR images of
different scales. Among them, the design of the dilation rate adopts the odd-even mixed method to avoid the gridding
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effect. Since the capsule network converts each neuron of the traditional neural network from a scalar to a vector,
the modeling of the internal structure of the image presents a certain semantic relationship. At the same time, the
excellent characteristics of the spatial information of the image are retained. The feature extracted from the residual
network combined with dilated convolution is used as the input of the capsule network, the convolutional layer of the
capsule network is used to capture data features, and batch normalization is used in the convolutional layer to solve
the problem of poor initialization and ensure gradient propagates to each layer. Then, output the feature map and
reform it into several main capsules. The coupling coefficient is obtained through dynamic routing, and the
conversion from the primary capsule layer to the digital capsule layer is completed. Finally, the classification results
of various features are obtained according to the length of each vector in the digital capsule layer.

Results and Discussions The datasets used in this article are the Bayview Park and Recology public datasets of the
2012 IEEE International Remote Sensing Image Fusion Competition, both of which were collected in San Francisco,
USA. The evaluation index of the classification result of the experiment adopts the overall classification accuracy
(OA), average classification accuracy (AA), and Kappa coefficient commonly used in remote sensing image
classification. To verify the advantages of the capsule network in time, the training and testing time of the model are
used as essential evaluation indicators of the model. First, the proposed DCCN model is compared with the other
seven classification algorithms when the training samples are 400, 500, 600, and 700. The results showed that the
evaluation indicators of the proposed algorithm are higher than that of the other classification algorithms (Table 2,
Table 3). When the number of training samples is 700, the classification accuracy of each category of the two
datasets is compared. By comparing the classification results of each category of Dilated-ResNet and DCCN, the
classification accuracy of the ground object category with a lower height is significantly improved, which fully proves
the sensitivity of the capsule network to spatial feature information (Table 4, Table 5). When the capsule network is
used to classify LiDAR data alone, although the overall classification accuracy is low, the training time for the two
datasets is only 99.58 and 94.27 s, which saves computational cost. The proposed model uses the residual network
extracted features combined with dilated convolution as the input of the capsule network. Although the training time
is increased, the slight disadvantage of time is acceptable because it can significantly improve the classification
accuracy (Table 6). Finally, the results of all classification algorithms are shown in pseudo-color maps. It can be
seen that the DCCN classification boundary is smoother, the marked and background pixels are less misclassified, and
they are closer to the real surface object distribution (Fig.10, Fig.11).

Conclusions This study proposes the DCCN model used for the ground object classification of LiDAR data, which
introduces dilated convolution into ResNet. The dilation rate distribution of dilated convolution is designed using the
odd-even mixed method to suppress the gridding effect. The capsule network is used to extract more detailed spatial
feature information. This study conducts experiments on two representative LiIDAR datasets and compares them with
seven typical classification algorithms. The results showed that the designed network classification accuracy performs
better. When the number of training samples is 700, the OA on the Bayview Park and Recology datasets reach
97.07% and 96.98%, respectively.
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