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Abstract: Elm sparse forest is a special vegetation type in Hunsh and ake sandy land. It has important
significance for maintaining the stability of regional ecosystem, and plays a key role in sand fixation, water
conservation and climate regulation. Rapid and accurate access to the distribution of elm sparse forest is
conducive to the protection of the fragile ecosystem in the area. In this paper, the automatic recognition methods
of elm sparse forest in high spatial resolution data source was studied by using Unmanned Aerial Vehicle(UAV)
image and GF-2 image. After processing the original images of UAV, the Digital Ortho photo Map and the
Canopy Height Model were obtained. The preprocessing of GF-2 data included atmospheric correction, ortho-
rectification, image fusion et al. In the object-based method, firstly, the optimal segmentation scale was obtained
by calculating the change rate of local variance in the image objects; Secondly, the importance of the selected
features was sorted by the random forest algorithm, and the irrelevant features were deleted; Finally, the
parameters of three classifiers, namely, Support Vector Machine(SVM), Random Forest(RF) and Deep Neural
Network(DNN), were optimized, and then they were used to identify the elm sparse forest. In addition, based on
the Tensor Flow framework in ENVI 5.5, a deep learning model based on U-Net was constructed to identify elm
sparse forest. The results showed that: (1) through the optimization of the object-based method process, the final
recognition accuracy was improved than the privious study. In GF-2 image, the overall accuracy of SVM was
90.14%, the overall accuracy of RF was 90.57%, and the overall accuracy of DNN was 91.14%. In UAV image,
the overall accuracy of SVM was 97.70%, and the overall accuracy of RF and DNN were 97.42%.(2) In the deep
learning method, the overall accuracy of the GF-2 image was 91%, and the overall accuracy of the UAV image
reached 98.43%. The results illustrated that UAV image can achieve higher accuracy than GF-2 image in elm
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sparse forest recognition because of its higher spatial resolution, richer texture and shape information. Object-
based method had high applicability for both kinds of images, and the accuracy of three classifiers were similar.
The deep learning method was more suitable for UAV image in this paper, it can effectively reduce the
misclassification phenomenon in UAV image.In the future, a higher quantity and quality sample database should
be constructed to further improve the accuracy of deep learning method and provide support for the management
and research of elm sparse forest.
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Fig. 1 Location map of study area in Hunshandake sandy land
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Tab. 1 UAV flight parameters
AT P AT . AR EL W AR
1 LI /Y% ) HE /Y% TR FH/km?
m “RATIHFR/m (k) Wi EELEE/ %  FIESEE% M HEE/m ik e AN TH AV km
610 1919 60 75 0.1 2452 47 0.12

(DEM) B #1728 =g i, S AOR 46 = 4 50
VCRCHmt, B ShPHEAE N, BRI i, S e b 2
&%, DEM . DSM 4% I ] b SR A 22 2 mo, Bl 7E
ArcMap10.5 3 {4 A fift IS 1155, DEM A R i %K
Wit A& . DSM 1E Sy Bl s B 4%, 75 2] 56 2 ey A 7Y
(CHM) , i i S b % 28 DA M R 232 5 i 2 B, 2 m
3 B R 1 A L AR 2 P R 2 A T
BERFEM . AR ST 19 P9 A G 2 AL
R FEBLH DEM, 24 1E 5245 P b i g AR AL R A
DR 25 RS A0 2 L, 4 oD 5 6 ok o ELEERE , A
A5 B kG R IR SRR, IR T 15 e . B
LT 2 B IE 5T 5212 (DOM) %5 8] 43 HE R4 0.1
m, AR G S EICR, FHORAE S 0.2 m,

2.3 GF-2 ¥RV TAL TR

H FWF 5% [X 7E 2018 4F: 6—8 J] i it /> GF-2 5%
B, A IUT W ()3 e B AR A s =
M 0% 5 A 15 H GF-254%,5 H C ik AR A
F 301, AR 7E S0 PN R 2 B R I 7 AR A
2 FSZ AR AL ] 1) 22 53 6] fe 23R IBOKS JE 1 52 ) 78
BCAR T L2 . GF-2 B4 Wik 3 /E ENVI 5.3 ik
17 AP IESTROE R E bR KIE SEAR RS
JUTRIE SRR . RABIEMTH T FLAASHAC A,
AR A1 T NNDiffuse Pan Sharpening, JL
I IE H 1225 R AG R m A BE 1 TE AMLIE SR,
A58 TS X 1 m 2 HERI 2815 .

2.4 BIFAEAEEN

DL AMUIES A8 8 2% 1E ArcMap10.5 it
BEIUT 700 MIRUFREA . FEWFFEIX T8 515 L
T 350 M RFEA . AR BUBERILAT 350 MR 5t
Wy REAS I AT G, KR A X AT DX B S % 5K, L
R CAFERFGE A V38 18 e VD i ) 43 250 K Skl
W53 Ry A 0 i F [ V0 b ST M 3 S IR
VEAEA B AR XIS RE AR A5, Sk T S o b D
Oy FNGIE I Sh U M P REAS A IR sh I T
Ak [ VD MU AS A, SO TR Bk ) 54
VAT IX 43 ME L S AR AT T 5K 08 ek
2B T 90 MBI P HIAEAS , 76 A-2F [ Y MR AR

184 N[ E P HUBEEA o BRIGTR A1 , W5 IX N I A7 7E
RO TR A R RHE A LG v E R AR
4, 3t 5 0.2 m X HER T AMLRAR, ol LILERE
P SIS i BT RN T 20 1 A AR Rl AR
H X AR AR AR H, BT A S5t i 26
HEAT T A, A DI LA K v o IR A Y R 7 T
SRURE AR IS AR B 5 222 6 3 A [ 7 B [ VD

3 WL
ARBFGEIET AN GF-2 1%, BB T

TAT [ia) Xof G2 7 A5 TR BE = 21 O i A AR TR Hh A 2
R, BAAGRE AT WLIE 2 T 1) A G072 AR 03

TAHUEIRZ R GF2JF iR R

FLAASHASMRIE
RPCIESZIE

YIGREA, B
UEREZS HEHL

FEENVIH# T tens
orflowHEZR 37 U-
NetiR 2% R

RIS (LA
NP/ N N
JEARSEHHE)

i FHRFHEATRAERE
B, FEHEF XUAVEGF2E 4

R BRI T

ST LA ST Bk LS
XS A2

SVM | RF DNN

K2 W5
Fig. 2 Flow chart of research methods



911 [

FE T 0 5 R 2 > BT B AR U 7 5 1901

%
) S RRE I SE AE eCognition FX 4 HR 58 1%, 43 #) R
FAEESP2 T H b7 FEHE T R8s 55
e BAR A R RIE T 5 IR kA
ENVIS5.5 F1{8i [ Deeplearning #5552 71

3.1 ETmEEN R ERMRETARIZE

[IERSE & e E SN B o KR TS 2
SrE] IR RE 28, KR R I B R
Gy RIRBE CRAOE AR ST i AR R 2
X B 24 () 43 ZEME B 7 AR RS e . AR SCRI BN
GIRST=% 8 A AR PO 3 ey R ST 2
Oy EI A R, X AHSCAFEIEA O L , % 3 AL
w2 RAR ST T I
3.1.1 B aE

SAG A E R I [ XG40 28 1) 3y, 403 W] —
X G 1 AR T B R T [ — B o Bl
Y922 R 43-#] (Multi-resolution Segmentation, MRS)
b SN P G s O Es I R S g D AN RS 5
TE 283 Ak T 1, 30— R I b 5 X A 94
AR, LLBAMEICHE N dse /NG 5 FRAR AR e B0}
ST E I, R B E 1 S e B e s k. R
BE 4y B AR KRR F RO RIES B

A3 AT ] Draguy 5" & 1) ESP2 T B 4 fix
FEATEIRE % T HIET X 48 R s 50 2 1 )=)
BT 25 (LV) AT 1H 550, O J B sy &8 O 25 48 {6
(ROC) AT LAFE 7 Fe A E 47 B RS -
L(_L(fz)l)}loo (1)
K LA HPRREE FXR )20 R 25 L-1 8
R—ZRE EXRIZR R DT 22 , " ROCE AR, BI
S B TR R 1) ) ROBE S e FE R S 80
3.1.2 FHEY AR

FEXTTCADLSEAG VIR 1 34 MFFIEFE bR,
H AL HG 5 A UL R L AR e A T LG I B
2 5 K B 8 B (VDVD) | 0 —fb 2 41 22 5 38 4L
(NGRDI) JH—1fb &% 22 74550 (NGBDI) (£L4¢ [t
{HF5 20 (RGRD) \if G458 (EXG) o A T A=k
(2)—(6) i,

ROC={

_2G-R-B
VDVI SCTRTE (2)
_G-R
NGRDI GTR (3)
_G-B
NGBDI CiB (4)
RGRI=2& (5)

G

EXG=2G-R-B (6)
Kb GBI BN R AL B % B
W B, DGR EFE AR 45 RGB3 M BL
Y11l (Mean) K b i 2 (Std.dev. ) , A K %% (Bright-
ness) \ i fx K 22 55 (Max.diff) , £ ENVI 5.3 H1 5%
TEAMAZIEAT T HLS (25 [R5, 45 1) 52
ARG A (H) 528 (L) MR (S), FK HLS 3
(B AR E 22 I A SCIEARAE o SCHVRRAE 38 br A0 15 18
Aok R A R A5 2] 1) [] 5P (Homogeneity ) X
Lt B (Contrast) . JE AH L% (Dissimilarit) . % (Entro-
py) A I 5E % (Ang.2nd moment) 24 {H (Mean) .
FrfE 22 (stdDev) | A &4 (Correlation) o JE AR FRAE
6 5 AL 45 T B (Area) | 1R 70 i (Number of pix-
els) . < 5 kb (Length/width) | /1 5 45 %% (Border in-
dex) . JE IR 48 %4 (Shape index) . [B J& 4§ % (Round-
ness). WAMIIA T CHMAE R 2 5 BERFIE
FEXT GF-2 580108 T 26 IMREAEFREL, Hirp
A48 245 AR AL I — AR 2L (ND VD) |
B WO SR R AR AL (MSAVL) , B T I £LAM
BOWHRI AR AT AU, GF-2 55 AN REdE 7] I
et R B L. T = (7)—X(8) PR,

_ NIR-R
NDVI NIRLR (7)

sy VR 1= J(2N1§+1) —8(NIR-R) )
Arf s NIR FR I LM B U 38 R BTN LI B IR
SR SRR LTS 4 AN B S AbR v 22, DL
S5 B (Brightness) 6T e R 22 7 (Max.diff) . £C
POBARFFE S AN AL —2 Hm A
AL 2 BEARRE . FARRIES R L3R 2,

3.1.3 Rk d%

Bl HILAR MRV AR I AR R IR B AR 2 T
FEAE S $E 07 A SOR) FH BE ML AR AR S BT AN [F] R
TEEZERHEY . B el A B S SR G ARk
BLEFTHLI , B B AIL %) B S 4RRAE , 75 2158 i 4 ik
S 5 L T B REOE R I S B LR AR TR, SR
FHAF- 287080/ DoKG B2 DAk R RRAE i o 25V AR R e
U B AR B n, BEAILHESN RRAE n IR 24T n IRAT
g3 s TEEA W R — A LSRR A EE B S
B P SRR F 2 (MZSA) 5 4 7 He g, 25 i IR T
MZSA WIH R ToOCARIE , 5 5 25 v 1 DUk A O i
AIE 5 250 T A REAE 43 T 5 E BV | B8Ok )30 1Y) Bl
MLARARIZ AT FR 2 R a2 1k o e 7 ik ml LAAS 3]
S HAR A R TA FHE , 15 2 A RRE ) B2




1902 G NI NS S 20204F

F2 mEXR S AEFFETIE
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