#33% W
2017 4 2B

Kok TR R

Transactions of the Chinese Society of Agricultural Engineering

Vol.33  Supp.1
Feb. 2017 99

ETFEVIETHRNTANEZAREXBAEIRAAE
Tl 12,

gl 2, KA, & O, TWa& ', REES, M
(1. FER RFIAEME RAERT AR W E SRR, L5 100083;
2. RERN RGBS HS TEYMR, b5 100083;
3. dbEt B H R A 2 B A B AR S SO T L R T E s =, dba 102613)

OB RSN R TR RAE L P R BR B RS BTG . DA R AL BEBOR T 2R AT M AR R 28 55, AL 42
PGSR 5 70 BT B 4800 v 0 22 B2 B R0 AAAE — 8 SR R, ok DA R AR N A DX B A 25 2 Ak 55K . el T 22
DXk ) 22 BRI S BT TR S MU X 73 FE 22 O i, AR SRR BRI i e A R o A xk st i, 2308 A
BIYTBAZ o To AHLZE H XN Hh 2% AT U . 1207 L B 5 077 i B DL S AE SO Th D7 T JE SR Ak
R 22 F DB R AR 2 B 2 0 00 1 SCER A L, s 2 I SCEARDGE U By o, AR ERAS B R RUBERIAS [R5 R0 R /22
SRS R R ARG RN AN BTN R BN FRFAE, X BT OIS R B AT A AR B, R e
AT AT T Gt oo, A9 3022 BRI BT U AR M b I EAE SR — R I R AU EIIX MEZ N 0.07, HRUES
ANTT V37T ZEBE I X EZ 0 0.08 I IS 5 A% 552 1 DO EME DL R 22 i ORISR IE, HETA RN 69.2%, RCR

WAL G K I A Tk Ak, 23O T AW R DX R 0 8L J53, SEBL T AR v X AT b iR o B
BERT L, BYYIP A TT i RE 5 Iy TR A A R TE AHUBHI AR 245 () DO A s AR 2%

KR RAM; BARRB, RYE4Y, RREG, £39; 2FER5);

doi: 10.11975/j.issn.1002-6819.2017.21.015
FE2ZES: TP391.41 XHERFRERD: A

SR RS KRS

XEHS: 1002-6819(2017)-Supp.1-0099-08

g, KREE, F H, Tk RiBE, M. ETEYRTHRANEANEZBEGHXBRERAAE]D]. KdT

B4R, 2017, 33(48F 1): 99—106.  doi: 10.11975/.issn.1002-6819.2017.21.015

http://www.tcsae.org

Wang Haihua, Zhu Mengting, Li Li, Wang Liyan, Zhao Haiying, Mei Shuli. Regional weed identification method from wheat
field based on unmanned aerial vehicle image and shearlets[J]. Transactions of the Chinese Society of Agricultural Engineering
(Transactions of the CSAE), 2017, 33(Supp.l): 99 — 106. (in Chinese with English abstract) doi :

10.11975/j.issn.1002-6819.2017.2z1.015

0 31 &

B IR B AR N /N 22 4 1 BR AR A B R A
gz~ HEriBR ey 32 N TN BTG A&
25 2 B o, NTWHNAZGRENS MRS IE MR, (H
RERARTT s AL BR 7 23 2 LUK AR A 24500
FEHERE AN, it BRI, ORI A&
A . PRI, 5 B R AR — ELR AR
GG W P

MHT, XA S EYIR R =T ED B
FRP FOKML IS, R AR AR R . X
T2 2R TR (A 90 2 2 AR h e AT 1) AT T T2k
SRR A A S AT, WL SE VR P R Ak )

W H . 2016-11-14 BT HH: 2016-12-23

EEWH: HREAPFEAEESTIINE (31301240); bt AR 34
FIHIBIE (4172034)

fE# RN gk, 59, WHMEN, BIER, M, FTENFRIESML
TITHRF . bt s E R R IR 4R MY R G4 T 78 20 B EE sk
383, 100083. Email: whaihua@cau.edu.cn

MABAEIES: MSL, 55, WAbCiRAN, B, @t REANFREIGLE
TR, bt PERREE RSB TR, 100083,

Email: meishuli@163.com

http://www.tcsae.org

o Ul T IIE R I B SR YA R LR AR )
T R RAFRBATE X 7, B SRR,
ST MR SEWRIX 7. FLEAISE S B AL B 572
T EZR AR A B R I SCRRFIE . TRARGFIE . it
RN ISR LR A (S B R AR B AT YU o (R, X T
At AR SR ERARZ N HBIAE, JIFARGE
W

Bt A R A AL 5 R RO T I PO R R, I b Rk
AR S AT SR N A BORERAE Y 9 E WD L R
MAGEH AT BN A AIHE . b, GRS B AL
HAGHR R TEAN RGN b R S BRI
X8, R R PR G RE D O M RT I ez
xF T2 H R ABLRR AR, AN 28 A B i
gU . B STIR R AR ARG B Un A B, A B 22 1
AT XA S AU RO AT . e Ak, R XA B X
% AT IR RE S T8 o e B AR A S5 R (R 1R 22 [
HAT, B0 /N2 XIS B AE 1 E 7E 3 2 AR B3R A0
BRIt o), (B, IR BESEAR AR R P I 5 R B A
BCE [, SUEARFAE ) S BOL6 ZUE AH 7] B AR AR AR T A fE 3R
AR HER I SUERAE I, R R U A 4 AN AT
HiEM M, RiGHEAR.



100 flk TR (http://www.tcsae.org)

2017 4¢

BER7)N G S e ST INEINEE WAL Fig [W R el
INB ARSI TR BRIOK . HANEARSARLL, BP9 A
PRECAA S RIS AL e ARSI AER, &
ZH T RGN EEmAT. SO RA R
0 E AN A LIP TP S CX W= . A = P A LR 1B IE3 €L
FRAERY, Rl B2 S R B AR 2, X T
Jr AR MG KRG, BHAR SR BT R R A BOR
MR . 2 ARV E A IR W] R B SCHARFAE, 1T 1 T AHL
PENVERAS I 22 B AEAE A R G — IS AR AR, PRIk
X T TE AHLA 3% B ) SO R B SR B R o A ST X
T ANHUA BRI 22 FH B 9T 45 b /s 22 PR SRR 5 2%
PR SRR IO AS A, R B0 SCRR R U 23
i T BT D) AR ) 2 R X B AR T . DA
TE NHURE HEE i B B0 IO BT FE 3R (2%

1 ETFEYIRTHMMNEHREX DT

1.1 BIlR TR

BYUI AR e 2t Guo 25 P2 H 1 —Fh 22 R LT
SyMT T, I R B U 5 R SRR R, RE NS ST AT
KB A JUTRAAE R 75 7 0, b dn 22 45000 ik 2
AIABATELL il X B2 REZ T 0 fE, 59
I Re 8 0] AR I SO A {5 BdE T4 . F 80
HARENE, J7m AR —, T8 SR EL R %,
WG N 5B 7 MARFAE AN [E], A SR R FH B Dk
A [X 2 B AN T R

BIY) AR E SN
SH,, f(a,s,t) =< f W, > QP)
Hr fe 2(RY), B f FoRERE, BT 4 F s

i LRFIEE. ar s ¢ SHIGRIRE, Ty s
Mo Ry, ARG v, RN (2
Fi
1
SHW) =W 45, (x) = det M, |2 y(M(x=1):
a,seZteZ’} 2)

M, =|¢ &h:SRAﬁSﬂ%%Q%ﬂﬁﬁ@o
A e 0 a

A KR % R X 5 PRI RS, S =T J5 177
BrE sy oIsERE, x Rom BACE, Z RS WE @0,

a 0 1 s
2 > /\‘\ = — o o
seRwAﬁSﬁﬁﬂHﬁTﬁA{o aJ&ﬁ)J

s o a (40} o (11
E%%ﬂ%¢,%on& J’&[bl}

1.2 B RIS SUIBYFE
BT S I = ) R T K ST A R 12

SRSEILAY o 7KCP-HEAT B EHE K R - in B 1 s, B 1A G
NACEHE, G N EHE, R NEBRIIXER. [Frf, i
5 54 O R V0 R A 2R FE R PO T A B 1 T I B Ay
DIBHESE . B 1 g — X MBS R — AN BT Dk by
BRI RS ] . X L8N [R] B /BB T e 2R 7 (R BT 1)
PHERH,  RENE AT RO BANR 5 17 L SRS

1. BIUIE A s B IR S X ) 2. BEHHEC) 3. AKTHE(C)
1.Support range of shearlet basis function in the frequency domain 2. Horizontal
cone (Cy); 3.Vertical cone (Cp).
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Note: R represents removal region.
Bl FmkT#iIRGAESA
Fig.1 Tiling of frequency plane induced by shearlets

F A B U0 AR B Ge i o A 8 R B et A i
SEASRUIN AT T2 R, AR S R BT G g 1
BB, BT BT DI R BO BB SO AT U7 ARk, &
HOEEIN[-1, 1] HAEMOK, RUIBTUIBEE R B 17 5
BIG 77 EiE . 2 REO8 1, BTUTE R
TS RGeS B BARECON 0 1, BT
He BT 1A S BR SR T R IEAS R EON-1 1
BYD) A R T 1 S AR R T s A, (HEROR
ST RS EN 1B RO R IR 2 A
B, il 2a R, GBUIBAR BRI — LA B A,
R EHESE 2 RUBERER 4 77 1n) LA R R RERE T K 2a K
R, i, BIUIECARER, BE AT (7D,
TR BB S S BIUIET I — Bl . B 2by 2¢ N
Ji PG 22 BT )3 A8 0 Ja 45 B K- SHE AN 8 ELEE R A 18
2b AER TATAE R A RUEAN 1 21 5 B BT DR e 8 ELAE 2R
o, B 2 B 1 IR REE 1 2] 5 93T e
IKCPHER B . Bl REZINR, B AR # A S ok
O, BIREBRARK,  [FI,  RUBE 75 T H A ek
o RUEREAIRE T B BY D1 AR BOE e S B (5 h o
MR, (HRE R IR, MR TRAGGRER
DeREWS FOR ERTE I SO 3. Rk, K&
FUARFIE 5 BT U0 R BN B SG . FE TR,
ARSIV R B G R X 0k F SN B



BT TS BT BIY) I AR AN Te AHLZE B G 00 DX 3 A B R ik 101
1 8
S5z
W35
Keg .
e Y R23 )
> = L/ . 0 > I M “‘
a. AR B EAE 2R BEAEROTIA L3I0 : ‘ n
a. Shearlet transformation of weed image with vertical cone e e - R
at random direction under the second scale a ZHil b. ZH 2 c. i3 d. 24
a. Wheat 1 b. Wheat 2 c. Wheat 3 d. Wheat 4
First scale -
HRE
Second scale

FIRE
Third scale
EON;3

. ke TR R BEE

SBSRE

N = === S =

AIE]J5 ) Different direction
b. ARRRBEAI 1) T 9 8 B4 R
b. Shearlet coefficients (SC) pattern for vertical cone (VC) at
different scales and different directions
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c. Shearlet coefficients (SC) pattern for horizontal cone (HC) at
different scales and different directions
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Note: The greater the scale is, the more coarse the texture is, which means the
less direction in the scale.
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Fig.2 Weed image and its shearlet coefficients pattern
for vertical cone and horizontal cone
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Fig.3 Original images of weed and wheat
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Note: Nine images shows SC of nine different directions at the second scale of VC.
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Fig.4 Contrast of different SC images of wheat and weeds

SC in the second scale of VC of wheat and weeds images
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a. Mixed images (50 cm by

90 cm) of weeds and wheat
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Fig.7 Mixed images of weeds and wheat
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b. Mixed images (80 cm by
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Fig.8 Spraying pesticide with unmanned aerial vehicle
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a. Wheat field picture taken
from the unmanned aerial vehicle

| L

weed weed
b. ZeEPFILER
b. Weeds identification result
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Note: Size of wheat image in figure 9a is 766x452 pixel; Size of sub-image is
128%128 pixel; Threshold value e4.
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Fig.9 Wheat field picture taken from unmanned aerial
vehicle and weeds identification results
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Regional weed identification method from wheat field based on unmanned
aerial vehicleimage and shearlets
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Abstract: Weeds is one of the main harmful factors to the yield and quality of wheat and other main crops during seedling
stage. Image processing technology is often used in weed recognition, but the method mainly cares about the weeds between
different rows, which is always inefficient and wasteful for unmanned aerial vehicle (UAV) and machine spraying ways. In
order to overcome the limitations above, this paper proposes a regional weed identification method, which takes advantage of
properties of shearlets. Shearlets have attracted much attention in the field of image recognition because of its good sensitivity
and fast computation in texture recognition. Meanwhile, it is a multi-scale analysis method with the characteristic of direction
independence. Through the comparison of the regional images of the wheat and weed, it shows that the texture of the weed
leaves is more complex while the wheat leaves are relatively regular. So we first choose 8 images including 4 wheat images
and 4 weed images. Then we obtain shearlet transform coefficient (STC) at diverse scales and directions according to the
different texture characteristics of wheat and weeds. In the STC images of different scales, the brightness from black to white
represents different coefficient value. Moreover, the complexity of bright regional distribution represents the textural
complexity, which can be used to distinguish wheat and weeds. Shearlets have self-adaptability because of different directions
on these scales, so that obvious textural features in images taken from different angles can be detected. In our research, we take
the self-adaptability of shearlets and the differences of STC images into account, and we choose the STC in the second scale of
vertical cone to distinguish wheat weeds as experimental object. The result shows that the STC mean of wheat in the second
scale is lower than that of weeds. Additionally, the fluctuation of STC mean of wheat is smaller than that of weeds. This study
chooses 16 wheat images and 16 weeds images, aiming to distinguish weed and wheat more intuitively; we take a further
statistical analysis on the mean and variance of coefficient matrixes of shearlets in the second scale of vertical cone. After
normalization treatment, the distinction mean values and mean square error between wheat seedling and weeds are about 0.07
and 0.08 respectively. We randomly select 13 pictures of weeds and wheat seedling, and the recognition accuracy is 69.2%.
The experimental results of contrast experiment show that the shearlet-transform method performs better than gray level
co-occurrence matrix (GLCM) method to distinguish wheat seedling and weeds. We can get an explanation for the
experimental results from the different theory of the shearlet-transform and GLCM. The theory of shearlet-transform shows
that it can get different directions information adaptively. On the contrary, GLCM can only get the directions assigned, so the
number of directions for image processing can’t be changed. In addition, the method of splitting blocks of larger image
gathered by UAV is used to realize the effective identification of non-wheat region. From the experimental results, we can see
that the difference between wheat and weeds is based on effective shearlet-transform, and we can generalize our method to
other image classification based on textural features. Furthermore, this method performs with high flexibility and stability and
it has the potential for herbicide spraying in the field.

Keywords: unmanned aerial vehicle; image recognition; crops; regional image; wheat seedling; weed identification; shearlets

transform; gray co-occurrence matrix



