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Abstract: In order to overcome the problem that existing airborne methods for LiDAR point cloud
classification have difficulties in obtaining high classification accuracy and reducing processing time
simultaneously, a method using transfer learning for classifying airborne LiDAR point clouds was pro-
posed. First, normalized height, intensity, and normal vector were calculated for each LIDAR point,
by setting different sizes of neighborhood, and multi-scale point cloud feature images were generated
by utilizing the proposed feature image generation strategy. Subsequently. a pre-trained deep residual
network was employed to extract multi-scale deep features from the generated multi-scale feature ima-
ges. Finally, a neural network model containing only two fully connected layers was constructed to a-
chieve efficient training, and each point cloud was classified by the trained neural network model. Ex-
perimental results of two ISPRS benchmark airborne ILiDAR point cloud sets demonstrat that the pro-
posed method requires less training time, and the overall classification accuracy obtained by the meth-
od is 89. 6%, which is 4. 4% higher than the best classification result reported on the ISPRS official

website. The classification result can provide reliable information for [urther processing and applica-
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tion of point cloud.
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Fig. 2 Process of point cloud feature image generation
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Fig. 3 Flowchart of deep feature extraction
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i1 193 723 101 986
7E H 4614 3708
B 12 070 7 422
& 152 045 109 048
BYAT] 27 250 11 224
HEA 47 605 24 818
kA 135 173 54 226
Je¥ill 753 876 411 722

®2 TRNGHESEFHER

Tab. 2 Details of different training datasets
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B 12 070 12 070 4 000
=T 22 235 15 235 4 000
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Tab. 3 Statistical results of classification indices of different training data sets Y%
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eyl
T, T, T, T, T, T; T, T, T,
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yA] 81.1 81.6 74.0 98.6 98. 2 97.2 89.0 89.1 84.0
HEAR 4.7 68.8 59.5 80.0 83.2 77.7 77.2 75.3 67.4
WA 99.4 99.4 99.4 98.4 98.1 97.0 98.9 98.7 98. 2

S (H 80. 4 73.9 65.4 88.

(o2}

90.9 89.5 82. 4 79.6 70.5
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Time of training process using different

training datasets
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Tab.4 Confusion matrix of TL-T1 classification results (%)

200 ok RIEAE b T L] RN J& T AT HEA REA
i Sy 2k 36.7 3.8 0.2 0.2 0.0 27.3 11.7 8.0 12.2
I 2 A 0.0 94. 7 0.6 0.0 0.4 0.0 0.0 4.2 0.0
i T 0.0 4.1 95.9 0.0 0.0 0.0 0.0 0.0 0.0
] 0.0 8.8 27.1 60. 7 2.0 0.0 0.1 1.2 0.0
B 0.0 36. 4 0.6 0.0 21.8 0.0 0.5 40.7 0.0
R T 0.3 0.9 0.2 0.0 0.1 96. 1 1.2 0.4 0.8
Byaii) 0.1 8.3 0.2 0.0 0.7 1.7 76.9 9.3 2.8
R 0.0 28.6 0.1 0.0 2.4 0.0 0.1 67.8 0.9
AR 0.0 0.7 0.0 0.0 0.5 0.1 0.7 18.0 80.0
ity 42.1 84.9 98. 1 97.5 50.9 99. 6 82.7 47.6 96.5
PRI P 36.7 94. 7 95.9 60.7 21.8 96. 1 76.9 67.8 80. 0
F1 1%y 39.2 89. 6 97.0 74.8 30.5 97.8 79.7 55.9 87.5
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Fig. 7 Comparisonof TL-T1 classification result and standard classification data
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Tab.5 Comparison of F1 scores and overall accuracy of different methods %

WIRES B RN i EX ] B J&= Tt AT] WA B A OA
LUH 59.6 77.5 91.1 73.1 34.0 94. 2 56. 3 46. 6 83.1 81.6
RIT_1 37.5 77.9 91.5 73.4 18.0 94.0 49. 3 45.9 82.5 81.6
WhuY3 37.1 81.4 90.1 63.4 23.9 93.4 47.5 39.9 78.0 82.3
WhuY4 12.5 82.7 91.4 74.7 53.7 94. 3 53.1 17.9 82.8 84.9
NAN]J2 — 88.8 91.2 66. 7 40.7 93.6 42.6 55.9 82.6 85.2
TL-T1 39.2 89. 6 97.0 74.8 30.5 97.8 79.7 55.9 87.5 §89.6
TL-T2 19.8 89.7 96. 8 76.0 24.3 96.0 77.4 55.9 85.9 88.5
TL-T3 9.2 88.1 96. 3 80. 3 26.6 93.5 74.3 53.5 §5.1 85.9
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Fig. 8 Comparison of correct classification and misclassification results of different methods
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