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Desert Vegetation Classification based on Object-oriented UAV

Remote Sensing Images
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(1. College of Grass and Environmental Sciences, Xinjiang Agricultural University, Urumqi
830052, China; 2.Zhuhai Orbita Aerospace Science&Technology Co.,ltd., Guangdong Zhuhai
519080,China)
Abstract: The sparse distribution and small leaf area of desert vegetation lead to the weak vegetation spectral
characteristics in the image, which makes the classification difficult. In order to improve the accuracy of desert
vegetation classification, the Gurbantunggut Desert is selected as the research area, the remote sensing image and
digital surface model of drones are used as data sources, and the object-oriented random forest algorithm is used to
enhance the basis of decorrelation stretched spectral information. Classify the desert vegetation on the above, and
analyze the change of classification accuracy before and after the correlation stretching.The results show that: the
overall classification accuracy of slightly, moderately and seriusly desertified areas based on decorrelation
stretching combined with object-oriented and random forest algorithm is 91.01%, 95.34% and 93.18%,
respectively, which is 19.94%, 16.10% and 17.61% higher than the original image classification accuracy, which
realizes the high-precision classification of desert vegetation, so as to provide reference for obtaining the
distribution of desert vegetation and desertification monitoring test.
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To NHLRE BESAG SR AU (8] 4 2018 4 8 H¥], RAKMIL =, J. KH DIJI Phantom 4
Pro T AMLIEATIASR, ®ATEE 100 m, KATHE 6 m-s, $AHEATE]EFE 3 s, MG ESE
70%, SFEHIIASRI A A 57 000 m2, FEA4 2310143 B4 0.03 mo FI ] Pix4D mapper %t
X RAAGRAT P, AR SR A X 37 RS 5214 (digital orthophoto map, DOM) 5 DSM.

TERT AR AR b, ARBE MO HAE 5 5 SR 2, Bk 78 XA A SR R M o NE R 5 A,
e B SR M) oy R e S22, G B A s A K B AR R IR ¥ sl B
REBMERIEA, FER. G5 LRI FEATES 498 NS 55256 (R 1.

=1 HEABESZITHER

Table 1 Statistical-information of sample number

KX el AR ik WY 2it
Sampling area Type Herb Shrub Crust Sand Total
BEDELX UIZRFEA Training samples 148 105 223 273 749

Slightly desertified area IOAIEFEAR Verification samples 74 67 95 120 356
YA X UIZRFEA Training samples 156 133 277 306 872
Moderately desertified area IOAIEFEAR Verification samples 109 86 100 177 472
HJETREALX YIZRFEA Training samples 132 8 203 276 697
Seriusly desertified area IHEREAR Verification samples 73 53 89 137 352

12 #ARFE
1.2.1 SEHE S5

FEAHKHH (decorrelation stretch, DS) i & 1) 3 i (principal component,
PC) Ry KmtH MR B G B G T, RIS OB, A5 IR B (45 2 1 54,
117 DX 30 7t 2 AR A9 B B 52081, RGB 248 % ik B R AT Al OGE, AL Gixd LL B i
IR REAT BRI A B R e s SR CUE 5, ORI R ORI A 24, Rt A
SR H DS 3 JRAG SR AT 6 i AE B G iR AL
1.2.2 B2 REZ#

% REESy e —M B R B T XA I HoR 120 RIS, F 7 BIRBOR S ks 4t SE 755
& SERR, FEH A R h N o)z . 2 RE P FIRA 3 AN EESH: PR S (Shape)
KE S (Compactness) VAN R EZH (scale parameter, SP), H ' SP & N -LHISHL,
PG 70 A O SR N BB S i, EBROR AR O B RS UGB R, N RO, ez
TN, g B A 23 S JRUPE A2 T 1) R G 0 AT 5 R r i S 1 e 3o R FH e e 2 1 RUPE
PEA A ESP2[2] (estimation of scale parameter 2) HEHUA AR 70 %I REE SP. % 2 {12551
A RFEEHRAT B BUH K TT, R 65218 Shape Z8E 4 0.6, Compactness E A 0.5,
H1 T DS S AE B 55 S )5 0 22 e 1K, [R5 & BDGIEE B SGR h R A &
AR, Wk E Shape Z408 0.1, BItAZ4008 0.929, DS i SP 8 L B2k, A
IR FE—3, BREIN D FISEWE 2 Prs.
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Table 2 Optimal image segmentation parameters

B REEVDEALIX VDAL X VAL X
Slightly desertified area Moderately desertified area Seriusly desertified area
N JEEE R GRS B TS B
rHE HEIREEAR 32%’ % ) HE RS m%
Segmentation  JRIGFSE e Bl » LR
Spectral Spectral Spectral
parameters Original Original Original
information information information
image image image
enhanced enhanced enhanced
image image image
Shape 0.6 0.1 0.6 0.1 0.6 0.1
Compactness 0.5 0.5 0.5 0.5 0.5 0.5
Scale parameter 35 35 60 60 40 40

1.2.3 RPAIEARS E i HL

WﬁA*%ﬁ%%ﬁ$ﬁ%%%ﬂ%ﬁ%@ﬁ@ﬁ%ﬁ,ﬁ%WﬁME%%’%ﬂﬁ%
FIAT4r B R, HAN Z528HIE B K B L AR 4R RS ( grey -level cooccurrence matrix, GLCM) X1
%ﬁﬁ%ﬂﬁ%gﬁﬁﬁ NRkh RGB #2806 E B2, 1EH DOM K& DSM (106 i R 1k
(R E X GG B2 R AR JUATRHE O B0 R U, TRARME B2 R A
). QUERHE Gl GLCM 2L, ik xf RR MR AR E) DA ARE Gl A
B SEHLNT H R A OR DL E B A A B 9313k 30 MRHIERR & (3R 3).

%3¢%E# ZIER

Table 3 Feature vector statistics

2559 Type HFIE 44 FX Feature name % Number

IR BT . Sl BCTME . OB BLTE . DSM T
P L0060 BAREZE . SR BbRHEZE . eIl B AR vE 2
iR DSM A2, =1

Spectral characteristics Mean_R, Mean_G, Mean_B, Mean DSM, Standard deviation R, ’
Standard  deviation G, Standard  deviation B,  Standard
deviation_DSM, Brightness
GRS AT FE. FRUME. XTEeME. AHSRHE. Py

SURRE H. bRz o
Texture features Entropy, Ang. 2nd moment, Homogeneity, Dissimilarity, Contrast,
Correlation, GLCM Mean, StdDev
R TR, KR, SE. KR, JExfedt. iR, B
JUfAT43AE BUE. EE. BE 0
Geometric features Volume, Area, Length, Width, Length/Width, Asymmetry, Border
index, Compactness, Density, Roundness
o IRALTRML. SRR ARSI E R AR
LRI EER . _
Green red vegetation index, GRVI; Excess green index, ExG; 3

Vegetation index
Normalized green-blue difference indes, NGBDI

SELLAREL GRVIL FBERAREL ExG. A— 1481 2 S48 80 NGBDI Bt 5 A4 51N

GRVI=(G-R)/(G+R) (D



ExG=2xG-R-B 2
NGBDI=(G-B) /(G+B) (3)

X, Ry Gy BIPAMERAL., 4. WP
1.2.4 FEHUARMRSEIE

Bt ATLAR PR GRL V22 AR SRR A 2Rl 454 Bootstrap aggregating (Bagging) 2% 1 # 6
LSRR BEA LI B ) — LR 7 2 BEB2 . s RAE BE, R Python WA% 48 2258 I IE
T. A (GridSearchCV) B3 g 24, it A= E K5 (producer’s accuracy, PA). F
F5FE (user’s accuracy, UA). 72K (overall accuracy, OA) LA Kappa REUCR AN
e
2 HR55H
2.1 RERESERE

FIH DS X B AT g E ISR B, [RIRARAE DS LIS SRS R BEBS G I
BOHRMEH 0.91 FRIKE 0.23 (B 2), I FH SRR #0210 % B iR s e %o & e B 1)
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Fig.3 Comparison of image spectral information enhancement effect

22 BBERENE

AR SRR R LER Y, ST IR I H 5 2T I0 SEE 0 g/ MERE
PtERA > E, M DS XRAAEAT OGS B SR A s ARG X AL 5, RS iF i X i S
Hopbstoy, XHERER > B HER (B 4),

A: AR B: FETRIGHARISE: C: DS i EEHRMR: D: £ T DS Gl(E S R & M
#lo
A: Original image ; B: Segmentation based on original image ; C: Enhanced image based on DS spectral
information; D: Segmentation based on DS spectral information.
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Fig.4 Local comparison of image segmentation

2.3 HFETEREE TN

K FHBEALARAR 73 S SBEN F RS & (1) STk FE AT 58 2P (3R4), H A +EDOM. DSM
H TR AE . SCEAFAE T S B (Entropy)~ 8 B (Ang.2nd moment) FN[F] i £
(Homogeneity)~ T] WHCHEHE 48 £ UL S UFTRRAE R AR R (Volume) THIAR (Area) fENIE
A 1I8NRFIEAL 5 DTk B I 1.00% o = ] WO A 1 45 £ 5w ik B2 i oK B /MK K. NGBDI
(11.68%)+ ExG (8.15%)~ GRVI (4.64%).
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Table 4 Characteristic variable contribution evaluation

RHIEAS B TR FHIEAS B TR

Characteristic variable Contribution/% Characteristic variable Contribution/%

Z1% I BT 2418 Mean R 13.64 ARICIREURAE 1.61

Standard deviation G
JA— 2R 72 545 2 NGBDI 11.68 BB 1.05
Standard deviation B
AR 8.64 1 7484 Border index 1.03
Standard deviation R

LR H ExG 8.15 prifEZ StdDev 0.81

{& EJ# Entropy 7.79 X kb Contrast 0.78

6 B 41H Mean G 6.10 55 Dissimilarity 0.76

AF Volume 5.81 518 Brightness 0.48

[ Area 5.05 GLCM “F-#J{f GLCM Mean 0.35

HE O {H Mean B 4.84 HHAE Correlation 0.28

ZRLLFEH GRVI 4.64 DSM 2 0.24

Standard deviation DSM

A WrsE Ang. 2nd moment 4.31 K5t Length/Width 0.22

T 5 Width 3.13 EHE Compactness 0.22

K ¥ Length 3.01 [ ¥ Roundness 0.19

DSM “F-#J{H Mean_DSM 2.75 25 ¥ Density 0.12

[& 5 14 Homogeneity 2.26 EXTRR M Asymmetry 0.07

2.4 HARBERILL

¥ GridSearchCV XM S8 F 45 R E/R: n_estimators=110, max_features=7 A
WZHL, 73 A RIRSAR SOGIE (S BIG R 5 ISR BT 7028, JRBONIRUE B X 73 S &5 ALtk
TR, KSR 5. & 6 Fian, 4 RE Ttk s s

x5 RIEFGRTTRBEH 2 LR EXILE

Table 5 Comparison of the accuracy of desert vegetation classification based on original images

B EALIX LI AL X VD BALIX
25 Slightly desertified area Moderately desertified area Seriusly desertified area
Type A G BY MR HA 4k #®Wy X A S WY R
Herb Crust Sand  Shrub Herb Crust Sand Shrub Herb Crust Sand  Shrub
TR Herb 39 8 17 10 76 11 10 12 41 12 7 13
45 % Crust 14 72 4 5 6 80 12 2 6 76 2 5
#¥L Sand 7 11 93 9 10 11 154 2 10 13 110 4
K Shrub 16 1 1 49 19 0 3 64 9 1 4 39
PA/% 52.70  75.79 7750  73.13 69.72 80.00  87.00  74.42 56.16 85.40 80.30  73.58
UA/% 5132 7826 80.87 67.12 68.47  78.43 86.03 80.00 62.12 74.50 89.43  63.93
OA/% 71.07 79.24 75.57

Kappa 0.61 0.71 0.66
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Table 6 Comparison of desert vegetation classification accuracy based on DS spectral information

enhanced images

BRIV EALIX VDAL X LD EALIX
25 Slightly desertified area Moderately desertified area Seriusly desertified area
Type A G BY MR HA 4k #®Wy X WA 4 WY R
Herb Crust Sand  Shrub Herb Crust Sand Shrub Herb Crust Sand Shrub
B K Herb 67 0 2 5 102 0 4 3 64 5 2 2
45 [ Crust 3 85 3 4 4 96 0 0 6 82 1 0
) Sand 4 6 109 1 2 5 170 0 0 4 132 1
#EA Shrub 2 2 0 63 3 0 1 82 0 3 0 50
PA/% 90.54 89.47 90.83  94.03 93.58  96.00  96.05 95.35 87.67  92.13 96.35 94.34
UA/% 88.16 91.40 95.61  86.30 9190 9505 97.14 9647 91.43  87.23 97.78 94.34
OA/% 91.01 95.34 93.18
Kappa 0.88 0.94 0.90

DS JeiEE B IERATE OA 3 BRI H B VD IR AL IX > 5 FE Vbl (X >3 FE Vb AL X, B+
JRUGFAAZ T OA AHEL: B8 s 55 P VDA X S AR 23 0k B2 23 Al $R T 19.94%116.10% 17.61%,
IEE] 91.01% 95.34%- 93.18%. fE DS Jtilh {5 S 18 o [ S Atk _E 3z FH T m) % G (1) BE AL AR AR B
EREGRTL, HAE WAL X BRS B ey, BV EAL X 7 SR B B fIKo BAR S
ARHT PA 73 5L F] 87.00%F1 94.00% LA o B, BEEVPEAIX, 38R VA0 XAE 7 AH X 25
£, MEBEACH AR H X BAT A (i) b s AR RV EAGIX, R A R A A X
P, KEA/NORE G L S e X 5o DL E RS A0 A% o i AR R, #E

SNy HAEE . TERR. . EEEVDEAL X I DU Fp L R s R, DS i 3 5 A S R
ARGy N FE I R IR AR, eV HE A 3 A7 Rt HL7E 2 [ S o P A K 1) IX 45 ) 352 Fe e sh DL R B 5
GRONE, DR MR HL T S R A R B . DS (S B SR AE S Uk S B R RN, A X
SRR S A, AR RIE IS EE, $E S B 0 R AR . B T RGN
SRR, T DS GIEE B RAGN R aE R iE TR J SRR (B S), Ry
VEIE T R A 43 2, AT N 3R OSSR 2E K A AR 0 DA SR AL I I SR BRIt 5 2% .
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A, B, C: Original images; A1, Bi, Ci: Results of desert vegetation classification based on original images;
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Fig.5 Comparison of desert vegetation classification results
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SR 3 T B R AE SR IR SE N A 3 1T $2 T St AR A 7 SN

NN RGB FEBOLTES BA RIS R, A4 DOM 5 DSM #idfs, S BUGTERFIL |
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