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convolutional neural network umirea

Zhang Lamei, Chen Zexi, Zou Bin

(School of Electronics and Information Engineering, Harbin Institute of Technology, Harbin 150001, China)

Abstract: The traditional classification methods of PolSAR image generally required the feature extraction
in the early stage, involving more human participation, and the classification accuracy needed further
improvement. In addition, when using supervised classification method, there were sometimes small
sample problems. In view of these problems and combining the requirement of PolSAR image fine
classification, a PolSAR image classification method based on 3D convolution neural network was
proposedr. The traditional convolution neural network was extended to three dimensions and applied to
PolSAR image classification, and the classification method was described in detail. Thus, the
characteristics of the multichannel PolSAR image could be fully excavated and improve the classification
performance. Moreover, the method of virtual sample expansion was used to improve the small sample
situation of certain category and get better classification results. Experimental results showed that 3D
convolution neural network could get better performance than 2D convolution neural network in PolSAR
image classification and the virtual sample expansion method could effectively improve the small sample
classification problem.
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Fig.3 PolSAR image classification based on 3D convolution neural network
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32 IDEMMEMB L XER

S L R O AR AR T FE T R T, T, T
PR Ty, Tog B Tog 9 52758 B Mg 78 2% 9 A>3 3 1) £ 4
VB 0 W 2 e 1A o REAS R/INROSE g 14X 14, BR /R
A 3t ) CHLUBS B2 3tb) A1, 5 R 3t ) % 8 000 A 1)1l
FEAS  HRE # b R T 23 22— B 800 NI ZRAE A, R
FHE 2 Fros iy 3D BRI M2 254, Y 2Rkt 154~
epoch, 733 1K T 3D 4 P #l 28 4 45 (1) PolSAR 4]
B R a5 R 5 s .

. Flat bare ground
- Rough bare ground
. Buildings
Vegetation area

. Forest
N Shallow sea

. Ocean
. Road
m] Farmland 1
. Farmland 2
§ . Farmland 3

5 UAVSAR %4 4 T 3D CNN [ 43 245 5
Fig.5 Classification results of UAVSAR image based on 3D CNN
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Fig.6 Schematic diagram of 2D convolution neural
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Fig.7 Classification result of UAVSAR image based on 2D CNN
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Tab.1 Accuracy comparison of different

classification methods

2D CNN 3D CNN BP neural
network
UAVSAR 95.74% 97.15% 91.37%
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Fig.8 Classification result of UAVSAR image

after small sample expansion
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) POISAR 1 4 43 2 B Jin vl 4
% 2 UAVSAR B /INER YRR S K18 &
Tab.2 Classification accuracy of UAVSAR
image before and after small

sample expansion

Category Original samples Expanded samples
Flat bare ground 93.70% 95.85%
Rough bare ground 92.25% 98.45%
Buildings 94.42% 99.98%
Vegetation area 96.21% 97.84%
Forest 95.88% 97.59%
Shallow sea 95.66% 97.15%
Ocean 97.40% 98.67%
Road 99.98% 99.98%
Farmland 1 97.40% 99.18%
Farmland 2 96.82% 96.83%
Farmland 3 99.98% 99.98%
Accuracy 97.15% 98.41%
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