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Detection and Counting System for Winter Wheat Ears
Based on Convolutional Neural Network
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Abstract; The ear of winter wheat, as an important agronomic component, is not only closely associated
with yield, but also plays an important role in phenotypic analysis. It was reported that the number of
winter wheat ears per unit area was one of the commonly used indicators to indicate the winter wheat
yield. However, the traditional manual counting method is time-consuming and labor-intensive, as well
as subjective, lacking a unified winter wheat ear counting standard. In order to increase the accuracy of
winter wheat ear recognition and detection in field condition, a winter wheat ear detection system was
constructed based on image processing and deep learning. Firstly, a winter wheat ear recognition model
was proposed, which was based on manual image segmentation and convolutional neural network
classification. A 27-layer network with five convolutional layers, four pooling layers and two fully
connected layers was constructed. The gradient descending method ( SGD) was used to train and validate
the model by setting the maximum number of epochs at 200. The network was trained with an initial
learning rate of 0. 001. In the winter wheat ear detection and counting stage, a non-maximal suppression
(NMS) method was used to overcome the effect of overlapping results by using a confidence score. The
confidence score p was set to be 0. 95, and the I threshold was set to be 0. 1. The results showed that the
system achieved an overall recognition accuracy of 99.6% , 99.9% for winter wheat ear, 99.7% for
shadow and 99.3% for leaf, which indicated that the winter wheat ear detection system was capable of
recognizing winter wheat ears. The linear regression was used to test the accuracy of the counting results.

Normalized root mean squared error (NRMSE) and coefficient of determination ( R>) were used as the
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criterion for evaluation. The comparison between the counting results by the system of the selected 100
photos and the manual counting results showed that R* was 0.62 and NRMSE was 11.73%. It was
revealed that the accuracy of winter wheat ears could be achieved by the system, which can provide

support to yield estimation and field management of winter wheat.

Key words: winter wheat; ear recognition; convolutional neural network; non-maximal suppression;

deep learning; detection and counting

0 3|

7R TN AN PR B IR,
TE B Y 7 SO AT L ROl A B o R AR I S
R R TR RO AR A /N T R
FEbRZ — P | B M ) 22 R O AR I B 437 T
FRBEE, A O Al 7 B 4 T A L 72 & Fh )
AP HMWA B L B N Titor
AR 26 0 H 2 PR 6= 48— ) 22 1
R

TR 8 2 H Al 22 SRR FIAS DU T H iy 32 22
AR T B, M & /% RCB EIE, 35 I #1923
(60T G AR R 3 B 2T s
FE T 2 RPN 43 2 A%, AT S B 22 A ) R A
o BRXBETIERE T —E R ROR H T E N
BB BRAFIE , X5 K H R BE TG BRI &) I &2 A 7
S Al IR P B R RN R ME LU R

% TR p 2 B 2% ( Convolutional neural network
CNN) & BT A7 0 BRIy i ™™ A 1
AR SN 7 Ao SN A
ST R R R R T S
2 A A M U A T 1 B . KAMILARIS
i USSR A G HO A T 40 I 06 TR B 2 S e A b
FIRIWEFE , 45 R3R T, E 2¢ > 1 UG RUA Jy Til A E
e A HERA R, 45 R AG T A W R R AL B R
XTIONG 45" 42 th T — b 2 T ] #0028 1k ik R R 26
(Simple linear iterative clustering, SLIC) #8 1% & 47 ¥
{4 Panicle — SEG 43 I 553 , i o #4) 1 CNN AU 47
U E iRy RS LTS RIS WEPNIE S
IKABFERE B 50 . CNN B 7E ARl 45 3k 45 21 732 B
P T AE A& /)N 22 22 REAG U 3+ 550 B i F 5 20 6 A iR

ABEFEHE T CNN I i 2 /N 22 22 R A D 3 4 &%
GEWESE, M CNN by 2 /N2 22 BRI BE R, 25 5
AR KA ] 7 5 ( Non-maximal suppression, NMS)
PEAT B T AR 2 REAG I 3, (R A BT SR 2
S PP ARG 22 B RE ) o

1 ZERMTBRRIZIT

1.1 B#Rigit
BT IR 2 A HOR S B A /N R IR )

il

FEBRE L, DUR B ERBE R R ALY & /N R R 8 &
Gilm A, B AL I B2 B pty PR U A B R DT
S s CNN 75 22 BE UM F0AS I T80 b iy F 4, AT
HAENE RIS
1.2 REGEMIIEEIRTT

MR BT H b, 2 TR A i R HEAT R 5
REBLIT IR 2R GE 3] 20 2 RS2 B B Sty el 2 Bl
Rl AOR AR G B 4 BB 25 D RE R B i 32 2
IREME 1 R

| PR RS % A R IR

[
| | |
[ emmm | | woegese | [Ewewitn| | seem |
I I i I

BT 2RI R ST e R
Fig. 1  Function modules of winter wheat

ears detection system

22 R UL B 1) 2 BE T R X iR A /N R
PEAT BAL BE, 5 PG A ] 42 B B R R B R
3 RARZE R . Kt S Al BB ) T R 2R X
TR BORE B v R 0 s 2 TR R kAT s 7 e, IR
P30 )m B S 2E AT R 23, @S2 nT T NN REAL |
G 6 UE A 3 ) R A o A BRI AR B g 2
AE 2R A A ) CNN R S B A Rl R 3l A
R . ARG MBI T O R4 AR G Bl
GO FH A S0 8 S8 SR A R R AT A B, [ i A BT
RGN H R 5 A BRI E B DL RORONE A L LB
7R AR GE R L Ve A ) SE
1.3 NG RIRT

BT RGE I REVCTT 5 A, 8 2 R AG I 3T
RO R o A2 BR AR I RO JE M L NN B Y
FE N2 REAS N T K 4 HR o BRI 2 R
L3.1 ZZRE4RI

AN A A B B 9 & /N2 Ze BB AN [A) B AR AIE o TR
FEHI I 22 REB 10 5 4 /N A PR B0 22 57 1 K, HE LU
B BB AE R R B BRI Z Ah, R R
B REMNZLNEZRBRAMKE LR HEL O
WA RIT SRR SFIE 2 T, e R 25 BB (1Y



146 & ol HLOM ¥ R

_____________________________

A2 R

o 1107
apmpem i
R

D ER

A PG T

b Gl SupEd

' N Eirde it

o | S| )

K2 ZEe T EOR R K

Fig.2  Flow chart of winter wheat ears detection and counting
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