% 59% H24H/2022 FE 12 B/EHERBFEHRE

It Bl St FFIHE

&5 O RO 45 BONUE B 22 I 8% 1) 38 SR 1 90 58 T T
FRR RS AR, 2D

VEBORSRYR IR SERET TRE R, B AR 2306015
b ) RAT A BRI, dbat 100094
MR BB SRR R A LR E, ZH A 230601
YRR AR B BEE R TR P, R0 A 230601

TE BT o R IE WO AR R TR IR G AR A i LA ALK S 4 2 R B T L3S A B 22 S AR 2 LA )
B, -2 1 ) S AR A AT LAAE — 5 R b M A AR IS Y [ 4 22 S 4R R — T 5 5 A AR RN TR 2 T AL 0 2
2% 1 IO 258 TR I TR 1) 26 G5 K A R At b, 51N AR A SR AR 5 2 I 23 ) < S B T AR AR 35 % R AU AR AR A5 B 25 S AT
B RN o BRI Z A AR SCTE 25 SIS AR 2% S, 43 1) 0] 3 T DX SR AR AT I R A 6 E o AT, 3 T DX A
PRI R RORE O 96. 7300, F14593 2 80. 7104, 38 3T L 69. 91 %0 , 4R AR DX SUAE 4 3 28 42 P A8 MUK 2 0 91, 3506, F 1
450 90. 280, 2 LU 82. 4100, 45 WUKE BE AR bR 34 g T AR 227 o) Jr ik o 45 R R WIHR Hh )y 12 BE S 50 b DX 70 45 B 9

AW, H3E T 22 U538 JBROAR 0 R W o0 2 B HC, A8 Sk T 2 b B R A AR LR e I s A 4 O T L AT — o 1Y N AN L
KR BIRSEEG; WEEY; B B e TS EkiE s Mk
FESES 0436 XEFRERS A DOI: 10.3788/LOP202259.2428005

Remote Sensing Vegetation Classification Method Based on Vegetation
Index and Convolution Neural Network

Xu Mingzhu', Xu Hao’, Kong Peng’, Wu Yanlan"*"
'School of Resources and Environmental Engineering, Anhui University, Hefei 230601, Anhui, China;
‘Institute of Spacecraft System Engineering, Beijing 100094, China;
‘Information Materials and Intelligent Sensing Laboratory of Anhui Province, Hefei 230601, Anhui, China;
‘Anhui Engineering Research Center for Geographical Information Intelligent Technology,
Hefei 230601, Anhui, China

Abstract Due to the lack of original spectral information, high-resolution remote sensing images are difficult to
effectively distinguish various types of vegetation, and the differences between urban and rural vegetation are often ignored
and considering that certain vegetation indices somewhat increase the differences among different vegetation types, this
paper proposes a deep learning vegetation classification network based on a vegetation index that combines artificial
features and spectral information. Based on a parallel network structure, a dense connection module and atrous spatial
pyramid pooling module are introduced to enhance the differences in vegetation feature information and effectively improve
classification accuracy. Besides, taking full account of the differences between urban and rural vegetation, this paper
verifies and analyzes urban and rural areas, respectively. The overall accuracy of urban vegetation classification and
extraction is 96.73% , the F1 score is 80.71%, and the intersection-merge ratio is 69.91%. The overall accuracy in
classifying and extracting vegetation in rural areas is 91. 35%, the F1 score is 90. 28%, and the intersection-merge ratio is
82.41%. Each accuracy index exceeds that of other depth learning methods. The results confirm that this method better
distinguishes different vegetation types, 1s suitable for classifying and extracting vegetation from multi-source remote
sensing images, and has a definite value for urban green space planning, rural basic farmland supervision, etc.
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Table 1 Image parameters

Use Sample Model testing Universal validation 1 Universal validation 2
Sensor GF2-PMS2 GF2-PMS2 GF6-PMS GF2-PMS2
Region Hefei Hefei Hefei Beijing
Spatial resolution /m 1 1 2 1
L 2016-08-27
Image acquisition date 2015-08-03 2018-10-04 2016-08-27
2015-08-03
o . E116.8, N40.4
Midline coordinates E117.3, N31.7 E117.4, N32.1 E116.8, N40.4
E117.3, N31.7
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Fig. 5 Example of vegetation samples from remote sensing images
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Table 2 Comparison of classification accuracy of HRDN before and after adding NDVT. (a), (b) are classification accuracies of fused
NDVI model and unfused NDVI model, respectively unit: %
. Cultivated land Grassland Forest Aquatl‘c Mean Mean
Region Image vegetation F1 score 10U OA
F1 10U F1 10U F1 10U F1 10U ) i
Image 1 14.53 9.01 18.22 10.02  63.33  46.33 / / 32.03 21.79 87.02
Image 2 15.67 8.50 13.59 7.29 67.49  50.93 67.28 50.70 41.01  29.36  89.79
City Image 3 / / 12. 44 6.63 90.27  82.27 / / 51.36  44.45  94.88
Image 4 / / 14.94 8.07 83.56  71.77 / / 49.25  39.92  93.90
All images  15.10 8.76 14. 80 8. 00 76.16  62.83 67.28 50.70 43.41  33.88 91.40
Image 5 89.05 80.26  87.80 78.26  79.20 65.56  78.07 64.02 83.53  72.03  78.49
Image 6 86.19 75.74 81.89 69.33 77.21 62.87 77.32 63.03 80.65 67.74  77.90
Rural Image 7 86.71 76.54 84.44  73.07 80.99 68.05 80.68 67.61 83.21 71.32  82.60
Image 8 72.08 56.35 70.97 55.00 61.11 44.00 60.68 43.11 66.21 49.62 61.16
Allimages  83.51 72.22 81.28 68.92 74.63 60.12 74.19 59.44 78.40 65.18 75.04
(a)
. Aquatic
. Cultivated land Grassland Forest . Mean Mean
Region Image vegetation F1 score 10U OA
F1 10U F1 10U F1 10U F1 10U ]
Image 1 53.23  36.27  57.49  40.34 82.45 70.14 / / 64..39 48.92  93.48
Image 2 56.02  38.91  62.31 45.25 84.5 96.56  84.48 73.12 71.83  63.46  94.79
City Image 3 / / 77.61  63.42  98.34  96.73 / / 87.98  80.08  99.25
Image 4 / / 75.32  60.41  97.87  95.83 / / 86.60  78.12  99.38
All images  54.63 37.59 68.18 52.36 90.79 89.82 84.48 73.12 82.14 67.65 96.73
Image 5 90.60 82.82 88.58 79.50 85.49 74.66 84.82 73.64 87.37 77.66  87.20
Image 6 94.33 89.27 92.50 86.05 91.71 84.69 91.67 84.62 92.55 86.16  93.08
Rural Image 7 94.34 89.29 93.14 87.16 92.52 86.08 92.43 85.93 93.11 87.11 94.41
Image 8 88.29 79.04 86.44 76.12 89.03 80.23 88.59 79.52 88.09 78.73 90.70
Allimages  91.89 85.11 90.17 82.21 89.69 81.42 89.38 80.93 90.28 82.41 91.35
(b)
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Fig. 6 City classification results before and after HRDN joined NDVI
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O3 FEUER A AL A P E RS (PA) JH POREJE (UA) |
Kappa R H. 35 3 R A SCT7 W A8 T X B3 4 i 5218
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Table 3 Confusion matrices of images in urban areas. (a)-(d) are confusion matrices of four images in urban area respectively

Image 1 Cultivated land Grassland Forest Aquatic vegetation UA /%
Cultivated land 47.35 2.22 1.21 / 60.95
Grassland 8.952 56. 64 4.45 / 60. 33
Forest 33.24 31.31 85.02 / 90. 84
Aquatic vegetation 0 0 0.01 / 0
PA /% 47.35 56. 64 85.02 /
Kappa:84.50%
(a)
Image 2 Cultivated land Grassland Forest Aquatic vegetation UA /%
Cultivated land 58.62 6.73 0.14 0 53.63
Grassland 6.47 60. 63 2.87 27.66 66.91
Forest 31.86 28.72 93.15 1.1 84.63
Aquatic vegetation 0 0.02 0.02 67.26 58.37
PA /% 58.62 60. 63 93.15 67.26
Kappa:85.85%
(b)
Image 3 Cultivated land Grassland Forest Aquatic vegetation UA /%
Cultivated land / 0 0 / 0
Grassland / 81.38 0.42 / 79.97
Forest / 18.43 99. 56 / 98. 68
Aquatic vegetation / 0.12 0.20 / 0
PA /% / 81.38 99. 35 /
Kappa:98. 37%
(c)
Image 4 Cultivated land Grassland Forest Aquatic vegetation UA /%
Cultivated land / 0. 37 0.14 / 0
Grassland / 85.08 1.09 / 70.40
Forest / 14. 16 97. 89 / 99.47
Aquatic vegetation / 0.05 0.01 / 0
PA /% / 85.08 97.89 /

Kappa:98.29%
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Table 4 Confusion matrices of images in rural areas. (a)-(d) are confusion matrices of four images in rural areas respectively

Image 5 Cultivated land Grassland Forest Aquatic vegetation UA /%
Cultivated land 87.51 2.00 8.14 27.34 93.92
Grassland 2.03 25.05 2.18 0.71 11.80
Forest 7.85 60. 66 80. 87 22.70 77.96
Aquatic vegetation 0.27 4.65 0.54 42.39 66.73
PA /% 87.51 25.05 80. 87 42.39
Kappa:80.61%
(a)
Image 6 Cultivated land Grassland Forest Aquatic vegetation UA /%
Cultivated land 94.71 16. 74 5.90 1.09 93.96
Grassland 0.67 37.79 0.53 0.23 53.04
Forest 4.47 36.79 92.50 7.27 88. 87
Aquatic vegetation 0.06 0.24 0.42 89.87 92.32
PA /% 94.71 37.79 92.5 89.87
Kappa:90.05%
(b)
Image 7 Cultivated land Grassland Forest Aquatic vegetation UA /%
Cultivated land 93.51 7.65 5.32 0.96 95.19
Grassland 0.20 70. 67 1.55 0.08 52.67
Forest 5.41 18.45 91.74 9.61 91.76
Aquatic vegetation 0.24 0.09 0.16 86. 54 85.99
PA /% 93.51 70. 67 91.74 86. 54
Kappa:91. 78 %
(c)
Image 8 Cultivated land Grassland Forest Aquatic vegetation UA /%
Cultivated land 88.8 40.70 6.01 13.83 87.79
Grassland 0.14 26. 37 0.24 0.26 70.91
Forest 10.19 29.37 93.22 15.85 89.07
Aquatic vegetation 0.68 0.71 0. 26 69.53 83.87
PA /% 88.8 26.37 93.22 69.53
Kappa:86. 23%
(d)
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Fig. 8 Result map of vegetation classification in urban areas by HRDN, Deeplab-V3+-, BiseNet, and DCCN
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Fig. 9 Result map of vegetation classification in rural areas by HRDN, Deeplab-V3-+, BiseNet, and DCCN
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10U 43 %24 31.40% . 21.46% . 75.80% . 66. 74 % , #
TAORG BE R 94. 4596, 3R R A BE AR T A SO i o &
A b IX SR B 4 2 P BR M L R Rl K AR A B
F174343 43 5 0 86.76 % .85. 71% .84.52% .84.17%,
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Table 5 Classification results of three methods. (a), (b), (c) are classification and extraction results of Deeplab-V3-, BiseNet, and
DCCN models, respectively unit: %
Region Image Cultivated land Grassland Forest : Aquatic vegetation Mean F1  Mean OA
F1 10U F1 10U F1 10U F1 10U score 10U
Image 1 39.60 24.69 36.60 22.40 79.31 65.72 / / 51.84  37.60 92.48
Image 2 55.19 38.11 38. 50 23.84 80. 10 66. 80 80. 06 66. 74 63.46 48.87 93.32
City Image 3 / / 30.68 18.12  92.60  86.21 / 61.64  52.17 95.77
Image 4 / / 35.37 21.48 91.17  83.77 / 63.27  52.63 96.23
All images  47.40  31.40  35.29 21.46  85.99  75.80  80.06  66.74 60.05  46.21 94.45
Image 5 90.00  81.81 89.19 80.49 85.50 74.67 84.72  73.49 87.35  78.99 85.96
Image 6 91.47 84.29 90.07 81.93 88.35 79.13 88.40 79.21 89.57  81.14 88.57
Rural Image 7 87.98 78.54 86.66 76.46 85.10 74.07 85.00  73.92 86.19  75.75 87.53
Image 8 77.59  63.39 76.95 62.46 79.12 65.46  78.57  64.70 70.06  64.00 78.92
Allimages  86.76  77.01  85.71  75.34 84.52  73.33 84.17  72.83 83.29  74.97 85.25
(a)
Region Image Cultivated land Grassland Forest Aquatic vegetation Mean F1  Mean OA
F1 10U F1 10U F1 10U F1 10U score 10U
Image 1 0 0 35.99  21.94 67.16  50.56 / / 51.57  36.25 88.42
Image 2 0 0 35.52 21.59 68.77 52.41 68.72  52.35 57.67  42.12  90.36
City Image 3 / / 67.95 51.45 92.84  86.64 / 80.40  69.05 95.64
Image 4 / / 51.00 34.23 89.86  81.59 / 70.43  57.91 95.91
All images 0 0 47.62 32.30 79. 66 67. 80 68.72 52. 35 65.337 50.82 92.58
Image 5 90.43 82.53 89.68 81.30 85.86 75.22 84.84  73.66 87.70  78.17 86.48
Image 6 91.13 83.71 89.70 81.33 86.79 76.67 86.65 76.44 88.57  79.54 87.43
Rural Image 7 89.73 81.37 88.01 78.59  86.30 75.91  85.89  75.28 87.48  77.79 88.13
Image 8 80.86  67.86 80.05 66.73 81.63 68.97 80.95 < 67.99 80.87  67.89 82.27
Allimages  88.04  78.87 86.86 76.99 85.15 74.19 84.58  73.34 86.16  75.85 86.08
(b)
) Cultivated land Grassland Forest Aquatic vegetation Mean F1  Mean )
Region Image OA
F1 10U F1 10U F1 10U F1 10U score 10U
Image 1 16. 53 9.01 18.22 10.02  63.32  46.33 / / 32.69  21.79 87.02
Image 2 15. 67 8.50 13.59 7.29 67.49  50.93 67.28  50.70 41.01  29.36  89.79
City Image 3 / / 12. 44 6.63 90.27  82.27 / 51.36  44.45 94.88
Image 4 / / 14.94 8.07 83.56  71.77 / 49.25  39.92  93.90
All images  16.51 8.76 14. 80 8.00 76.16  62.83  67.28  50.70 43.58  33.88 91.40
Image 5 89.05 80.26  87.80 78.26  79.20 65.56  78.07  64.02 83.53  72.03 78.49
Image 6 86.19  75.74 81.89 69.33 77.21 62.87 77.32 63.03 80.65  67.74 77.90
Rural Image 7 86.71  76.54 84.44 70.07 80.99 68.05 80.68 67.61 83.21  70.57 82.60
Image 8 72.08 56. 35 70.97 55.00 61.11 44.00 60. 25 43.11 66. 10 49.62 61.16
Allimages  83.51  72.22 81.28 68.17 74.63 60.12 74.08 59.44 78.37 70.11 75.04
(c)
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Table 6 Extraction accuracy of vegetation classification by proposed method unit: %
) Cultivated land Grassland Forest Aquatic vegetation ~ Mean Mean
Region ) OA Kappa
F1 10U F1 10U F1 10U F1 IOU  Flscore I0OU
GF-6 Hefei
) 89.04 80.24 85.99 75.42 84.60 73.30 84.17 72.66 86.53  75.41 88.42  82.97
image 1
GF-6 Hefei
: 59.79  42.64  62.56 45.51 84.22 72.74 84.17 72.67 72.69 58.39 93.55 84.14
image 2
GF-2 Beijing
. 89.08 80.31 86.63 76.41 88.89 80.00 88.64  79.60 88. 31 79.08  88.95 82.78
image 1
GF-2 Beijing
. 71.40 55.52 64.89 48.03 85.82 75.17 85.71 75.00  76.95 63.43 92.41 83.32
image 2
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