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Extraction method of coverage in desert steppe based on UAV
hyperspectral remote sensing
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(1. College of Mechanical and Electrical Engineering, Inner Mongolia Agricultural University, Hohhot, Inner Mon-
golia 010010, China; 2. Vocational and Technical College,Inner Mongolia Agricultural University, Baotou, Inner
Mongolia 014109, China)

Abstract : Fractional vegetation coverage (FVC) is one of the important indicators for grassland degrada-
tion evaluation,and real-time, fast and accurate FVC acquisition is the basis for grassland degradation e-
valuation. This paper proposes a 3D-ResNet18 deep learning coverage extraction method using unmanned
aerial vehicle (UAV) hyperspectral remote sensing images as the data source, compares this method
with the regression model method and the ResNet18 classical deep learning method,and validates the ex-
traction accuracy. The results show that the proposed 3D-ResNetl8 method shows a better extraction
effect on desert grassland FVC, with an overall estimation accuracy of 97.56% , which is 8.32%,
5.92%,2.20%,2.14% and 1. 87% higher compared to NDVI,SAVI,G CR _NDVI,G CR_ SAVI and
ResNet18, respectively. The foundation for high-precision and efficient statistics of desert grassland FVC
information is laid.
Key words: unmanned aerial vehicle (UAV ) ; hyperspectral remote sensing; desert steppe; deep learn-
ing; fractional vegetation coverage (FVC)
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Fig. 1 Location map of the study area
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Tab.1 Vegetation community and non-vegetation

community validation values

Number of Cumulative

Feature Percentage
! number g
types Colour pixels of pixels 1%

T1-VC l 92 000 92 000 36.80

TI-NVC 158000 250000  63.20

T8-VC | ‘ 107850 107850  43.14
T8-NVC 142150 250000  56.86
T16-VC ‘ 114150 114150  45.66
T16-NVC 135850 250000 5434

T VC NAE Y BE 7% (vegetation community) , NVC Sy JE 45 9 B

7% (non-vegetation community) ,
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Tab. 2 Original and improved vegetation indices

Name Abbreviations Formula Remarks
Ch teristi (e) lized diff < R”s.«’R»s.r . .. . .
aracterstic normaz¢ erence C_NDVI L Traditional vegetation index
vegetation Index Ryy7.9 + Rero.4
Characteristic soil adjustment . Rigs.i — Reris S S
aracteristic sotl aqjustmen C_SAVI 7854 LS (14 L) Traditional vegetation index

vegetation index

Green light continune removal
normalized difference vegetation index

G_CR_NDVI

Green light continune removal soil

G_CR_SAVI

RTRS. 4 + RG71.6 + 1‘

CR (Rys0.4) -CR (Rs50.5)

CR (Rys0.4) + CR (Rs50.5)

CR (Rr92.9) -CR (R559.9)

Improving vegetation index

adjustment vegetation index

CR(R792.9) + CR(Rs50.0) + L

(14 L) Improving vegetation index
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CNN FR R 3D £ FH i 28 P 4% (three-dimension conv-
olutional neural network,3D CNN) ,ifiif 3D & &
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H5EBEMNE 2 258 r DB NTRAE.

FIAH F-norm” A M 75 40 R i 6 33 2008 19 4
B, FESLAY R 44 2] B ResNet18 (1 564tk -,
H 2D B 3D B, Bl 3D-ResNet18, 2
)5 1 3D-ResNet18 % 5 ResNet18 i %I H A 4f
A PR EE A 20 2, 48 17 MERUZR 2 Mk fk)2
M1AEEER 17 SR 1 AN BFEM 4
Mgk, BEBZETPR 2D BN N 3D B
¥, 7 3 I Conv3 X 3 X 3-NF R, Nl % B %L
L 64 .64,128,256,512, 45k 25 H b gk AT B
WHERZERE I 56 BRI S 86T S, b5 F
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Fig.2 Structure diagram of ResNet

deep learning model
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FHPCTE 02 RelLU BTG #E AN — DR 2. H
TREmeEERE B H LR BRBET N
500 lines X 500 samples X 146 bands, & 3250 000~
B R TRGIARE  BEFLIE R 60 20 B AR I FE A AE
SN2 s L LA 40 Yo S I Ec b o

3 HERIM
3.1 FNERT

T HEAT B 55 B Ak S AR AL ARG 2 43 AT B, 2k T DA
T 3 A B AR BE AT 56 UE 23 A A R (R AN S I {E TA] A PR
FE ZRECCR) A SR A0 92 I (L 5] #9227 777 AL A% 22 (root
mean square error, RMSE ) Fl4% %k & (estimation
accuracy, EA ), M R* {H##3r 1. RMSE ¥ A #%
/N LA SRS 3B R I U B Ay R i A B B A 5
{5 S92 00 (L ) 4005 00 A0 A ASE R ) RS R e g
R’ .RMSE.EA {3+ 8a10F .

R 2 G (3)
Zz‘=1(y’ _y)Z
RMSE — J%EL (v — 30 o)
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WIAE ., y Ay SE AP 2 M o FREA RO

R,
M.

KPLR, YRR E M, A SEIE I EE L. EA R
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MR WEIE B 3T G_CR_SAVI 4R HUA FVC
B EE & 3, H RMSE FIEA 43 %124 0. 018 #il
95.42% ; ¥k & G_CR_NDVI, RMSE FIEA 43 %] K
0.018 F1 95. 36% . SAVI #£ B Y FVC 5 5 iF {4
B, HRMSE FMEA 4 5 4 0.032 Al
91.64% , FEULER 3. WA (H 5 50k AH 22 6] (19 B
Kk FE ,G_CR_SAVI 1 G_CR_NDVI 58 {4 &% 7>
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SAVI>NDVI, 481 2 B . il i o 3 19 o K e 4 I
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A B i B A e BRORIOR A O, B3l A T O R i
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Tab.3 Model accuracy of vegetation coverage

and vegetation index

Vegetation index RMSE R? EA/%
NDVI 0.041 0.757 89. 24
SAVI 0.032 0. 835 91. 64
G_CR_NDVI 0.018 0.939 95. 36
G_CR_SAVI 0.018 0.942 95.42
ResNet 0. 020 0.948 95.69
3D-ResNet 0.016 0. 955 97.56
60 T
1=0.982 8x+0.008 0
50 ¢ R=0.8349
S 40 | -
2 o
ko) 30 + ,r”
2
< r e
E 207 &F
4 E O SAVI
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0 f . N N |
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Measured value/%
(b) SAVI transform
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T 40 4
- 30+
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= I
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(d) G_CR_SAVI transform

4 EREHTHRSGE

Fig. 4 Vegetation index transform correlation
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(a) Original image of T1 ~ (b) Enhanced image of T1 ~ (c) 3D-ResNet FVC of T1

(e) Enhanced image of T8 (f) 3D-ResNet FVC of T8  (g) Original image of T16  (h) Enhanced image of T16 (i) 3D-ResNet FVC of T16
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Fig.5 Visualization results of coverage estimation model
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