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TET AT PN P 1] HECE A TR, R i XA [z K1
BIRINEE S (Sharma %5, 2011). Ak s i B9 RHAE
SHECUE I T RsEENEERE, mMHY KT
SAR B 48 7E vk 1] 3 2% (4 0 FH 4 - (Singh 55,
2014; Thakur%s, 2017). Thakurds (2017) F|H
Pauli ] AL 3 B ARAE, JE TSR m L (SVM) 5K
BT RN BRIk Z A, AT R AR H]
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Fig. 1 Location and distribution of Kashmir glaciers
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Fig. 2 Deep learning based glacier recognition process for ALOS2—PALSAR images
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Fig. 6 VGG16-unet pooling and unpooling process
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4.1 RS RRFFIELL R

H 19 D FFE S B M i A Bl 28 0 2% Hh 4T R
IR HCEARRE B (R 3), RIEURT3 8 w1 %
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fiEo ARUEEEARE BE 2 A I, IR Surf,,,,, . Db\
Vol fEAHIFHEL S (SDV) Hi AR Z8
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Table 3 Comparison of the overall accuracy of 19

polarization decomposition features

%
FF5 FHESHEC REOBE(0A) A (Recall)
1 Surf,, 81.65 46.68
2 Dbl,,, 78.1 45.76
3 Vol,,, 80.78 59.17
4 H 82.55 64.51
5 A 81.21 55.35
6 a 81.55 56.28
7 Surf 80.14 56.97
8 Dbl 79.90 55.84
9 Vol . 83.26 59.09
10 ; 80.12 50.48
11 , 79.77 41.46
12 T, 80.59 53.97
13 Surf,, 82.31 56.44
14 Dbl 79.47 52.86
15 Vol ,, 80.61 51.58
16 Surf,,, 82.33 65.21
17 Dbl 77.65 50.48
18 Vol ., 81.18 52.14
19 Hix 75.54 52.97

yama

FIH SDV 21 A& HEAT UM A B AOS JE fe v, 3k
#93.3%, FHHFZHH (mloU) iK% 80.91%,
BRIER] 76.89% (F£4)., FTHBESHLHR A
Freeman—Durden, Pauli, VanZyl, Yamaguchi % {k
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i T A TG HRE B9 HA Jo WAL A3 R AE , Horh
JTZE TR AR (Huang 55, 2014)
1Y Pauli 73 M REAERG BE fe ey, BEARORE B2 92.54%, ~F-
BRI (mloU) iK% 78.78%, 44 ] %35 £
73.03%, HR Yamaguchi £ 4 MRAL A FRERAE, 2
FE L TP B FL A9 R AE FORS B R AIK, 3X T g
SRR LSS 4 FRAE R I IR e U T AN E T A 4R

HRA2E (Yamaguchi 55, 2005), HIAZE 44#-1E
SRRV PO BORS BE . BAAFIHIRIE (H), 4%
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Table 4 Comparison of glacier recognition accuracy for

seven combinations of polarization features

(topographic data not included )

%

BE MR REE BEE L U mer T
7 H 53 'ﬁ“éﬁl 0 mlo fﬁf;’{
H/A/o 80.85 70.02 75.05 60.06 74.59 90.65

1

2 Yamaguchi 90.92 6141 7331 57.86 73.81 91.02
3 VanZyl 7594 84.13 79.83 66.42 78.07 91.46
4 Freeman-Durden 89.42  69.1 77.96 63.88 77.38 92.15
5 T_matrix 85.72 7496 79.98 66.64 78.89 92.46
6 Pauli 87.8 73.03 79.73 66.3 78.78 92.54
7 ShV 88.22 76.89 82.17 69.73 80.91 93.3

g ¥ 2 a3 A vk T ROIRG B 5 AR AR R R Y
KEZR, EHETAA . R, K. FEMib I
(1) G1 UK IX AR A REAS X% IX S N 22 Rl Ak
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RS THARERLIFEAS KINRRFEEITLE (o0 R HE)

Table 5 Comparison of glacier recognition accuracy for seven different combinations of polarization features

(@ is topographic data)
1%
o ik it A F14341 ToU mloU LN

o AEo Fe AEFe  Fo  AFo  Ee A& EHo A& #HI K
1 T_matrix 9136 8572 7477 7496 8224 7998  69.83 66.64  81.1 7889 9351 9246
2 H/A/a 90.07  80.85  77.36  70.02 8323 7505 7128 6006 81.93 7459 9374  90.65
3 Yamaguchi 89.07 9092  79.02 6141 8374 7331 7203 57.86 8235 73.81 93.84 91.02
4 Freeman—Durden  89.64 8942  80.13  69.1  84.62 7796 73.34 63.88 83.18 7738 9415 9215
5 VanZyl 88.81 7594  81.08 84.13 8477 79.83 7356 6642 8329 7807 9415  91.46
6 Pauli 88.8 87.8 8218 73.03 8536 7973 7203 663 8235 7878 9434  92.54
7 SDV 89.05 8822 8554 76.89 8726 8217 774 6973 8567 8091 9498 933

VanZyl

(a) FHIEH T

(a) Include topographic data

/i

Yamaguchi

Yamaguchi
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(b) Exclude topographic data
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Fig. 10 Comparison of glacier identification results for different combinations of polarization features
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Fig. 13 Deep learning based classification results for glacier identification in ALOS2-PALSAR images of Kashmir
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Table 6 Comparison of glacier recognition accuracy between VGG16—unet and machine learning

1%
ik i s PN B F13%k ToU mloU ARG
P HLAR AR 75.58 74.19 74.88 59.84 58.28 73.69
S AEI AL 89.91 61.33 72.92 57.39 60.89 75.93
VGG 16-unet 92.52 95.23 93.86 88.42 87.58 93.41
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(¢) Random forest identification results

e
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(d) Support vector machine recognition results (e) VGG16—Unet recognition results
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Fig. 14 Comparison of glacier recognition results between VGG16—unet and machine learning
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Identification of glaciers using fully polarimetric SAR data
based on deep—learning

FAN Jiyan,KE Changqing, YAO Guohui, WANG Zifei

School of Geographic and Oceanographic Science, Nanjing University, Nanjing 210000, China

Abstract: Glacier identification is important for monitoring water resources and climate change in surrounding areas. Although optical
images have achieved high accuracy in glacier boundary identification, optical images are affected by cloud cover, and reproducing
information under the clouds is difficult. Fully polarized SAR images contain rich features, and deep learning can fully exploit image
information. Therefore, using fully polarized SAR images combined with deep learning can compensate for the lack of optical images and
obtain accurate glacier recognition results. In this paper, VGG16-unet (VGG16 combined with U-net) is used to identify glaciers based on
ALOS2-PALSAR fully polarized images of the western part of the Himalayas. The features include the diagonal elements of the polarization
coherence matrix, Freeman-Durden, H/A/a, Pauli, VanZyl, and Yamaguchi polarization decomposition parameters totaling 19 features. To
make full use of the image information, these features are analyzed and combined, and the glacier recognition accuracies are compared to
select the best features. Given evident differences between glacier and nonglacier topography, elevation, slope, and local incidence angle are
combined with polarization features as auxiliary features.

Comparing the classification accuracy of different polarization features reveals the accuracy of Pauli, Freeman-Durden, VanZyl, and
Yamaguchi features based on physical characteristics is higher, among which Pauli features have the highest accuracy with an Overall
Accuracy (OA) of 92.54% and an average user intersection ratio (mloU) of 78.78%. The OA is improved to 94.34%, and the mloU is
improved to 82.35% after adding the topographic data. In order to improve the recognition accuracy of glaciers further, a feature cross-
combination approach is proposed, and results show the OA of the combination reaches 94.98%, and the mloU reaches 85.67%, which are
0.64% and 3.32% higher than the classification accuracy of Pauli features, respectively.

Selecting the best feature combination method and combining with deep learning plays an important role in improving the accuracy of
glacier recognition, and the use of neural networks combined with fully polarized SAR images can effectively compensate for the
shortcomings of optical images in glacier boundary identification.
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