170 2019 4£ 12 H

Fi3sE  FE23 M gk TR 2 IR

Transactions of the Chinese Society of Agricultural Engineering

Vol.35 No.23
Dec. 2019

BRI R SFLB 3hiRal Sit 8K

o, 2 R R 8L E KR X, ®m M HEN ¥IE
CRIBERAL AR NI AR BB, R (YA FA 5 FUPROGE, B 210095)

W OE: NsZIUERY R RILN AR A S PUR T, SRR SR A T R ORI YOLOV3 Bk, R T
— R4 E IR FLRA AT SO R 5 . REIRRAL T ARG I B, AT HERA R B R R A AL, oA, 4R FH I ED
TRESRAS IR SRS TR . H R0 F1 22008 0.96, 0.98 F10.97, {483 5 M EEIR A SRR
AR F1AESHA 095, 0.98 F10.96, EAMRLGAIEHENE. ZEIEGNEED, ATszBixt 30 Wi/s FIRATSCESET B
BAAFLIRA, ST IS . BhAh, SREIAEIG/NE AR A AT USRS B S FLIR BB, 36 A R S K3
IR K& BT R R S FLIAR A, Hoh, KRR BRI F1 2508 0.94, 0.83 F110.88; KA
FrURER R . A EIRA FLESA8 0.89, 0.42 F10.57; T KAIARMAERR . HEZM F1ES 58 0.91. 0.76 1 0.83;

TR R WA 2 AL RE

KR AARAPZ2 M4, BT, B, 254, RIGRA; e REF S S

doi: 10.11975/j.issn.1002-6819.2019.23.021
RESES: S127 XERFRERD: A

EHS: 1002-6819(2019)-23-0170-07

oibit, =2 K % G, F X B F EH M BER ELE BTFHEMHRSAEHRNSTHEEAN]. K

AP TFE=4R, 2019, 35(23): 170—176. doi: 10.11975/j.issn.1002-6819.2019.23.021

http://www.tcsae.org

Sun Zhuangzhuang, Jiang Dong, Cai Jian, Wang Xiao, Zhou Qin, Huang Mei, Dai Tingbo, Cao Weixing. Automatic identification
and counting of leaf stomata of monocotyledonous crops[J]. Transactions of the Chinese Society of Agricultural Engineering

(Transactions of the CSAE), 2019, 35(23):
10.11975/j.1ssn.1002-6819.2019.23.021

0 51 &

AL R R 5 S0 5 BEAT K 3 AN AR A i) 2 2
MIE, A R SR AR AT TR R AR
— o AL R AR ' A 5 K A3 i T A i T
Wi, EEMRX KRS HETR . SRS R IE
PR AR P 5 T AR A S AL R S R4
RGN, oA A2 AR 3R
B2 R B AR H R e, i DL — SRR 3 D ] 5 [
AAUBRIFG & BB S, B BRI BB
HAAEED. B, il BRGS0
FEEONEBL —BnmERBE, EFREE A TR S
THRSLHEE , S BR 7y, i LA I )3 I A RO 5%
SIS R R BRI AR, DSl Tmage-J
G B A B AT AT AL T TN E, EFHSF
BbRicFLRRIA T AL 58 3 S 0 1 ax e
AR BEAANAAE A, DLRRAR AL L, (E AT A8
W FhRESREE NS, 4 RERSBHERRER .
LS PSR TR 3 I WNIADNE D R

ek H: 2019-07-28  BITH: 2019-10-22

HETH: EAFRITRITE 2016YFD0300107; H XK H AR 54
(U1803235. 31771693); EZRIR/ ML= HARMFR (CARS-03); {LI5
B FGIHE L JCIC-MCP); “11175[ 8 5H (B16026)

R I, FENFEYRBE AR .

Email: 2018101001 @njau.edu.cn

KIBEEE: 2R, 23, TENFEDEEASSEME A FH R,
Email: jiangd@njau.edu.cn

170 — 176. (in Chinese with English abstract) doi :
http://www.tcsae.org

BEGH REE AL TR A T E, SEAG
K B AT M 7 B0, BRE, BT
R ZH RAALRAATH R % . 40 Duarte 55 H TiAb 21
J () G I BB R AR 1R AT BRI 53 %1 BA 20 5 LR AT
T, (X R T A SR AR R I e IR R B R AR AR (b
B, MESPE TR, OF —SEEREHP T390
1550, LIONJE AR FLRE AR I B B BAR s AT DT i,
() B 3 7 L P N — Se R (1 24, DUIE B BAR AR
MR Mz, FRWFFARGEE S A )RR
Rk, gz —FhbRd . a3 KRR S T3
TH, XA IR 8RB A 2R .
TR, HBRML ML (CNN, convolutional neural
networks) 7E HFRATII L 5 S5 BIEAEGR1S 2 R,
A R 0 925 R T A ATkt AR T AR K R .
Madec 85T HAnfrll £ R, K H =70 #% RGB B4 Al
BTN ED, HR, BORAT I B ARG L W
H: — I Tk X 38 (region proposal) ] R-CNN &5
% (R-CNN, Fast R-CNN, Faster R-CNN) , %5 L5
SPRET, B S S R 5 (selective search) B3 CNN
Mg (RPND 7= Afid X4, SR 5 e ik X 4 b kAT
REEA, ZEITIERE R R, H TR EUREE X
HWotEERK, B T ZRETER . 5B KR
YOLO (you only look once) i, 1Z%&EAE— i ) i
B SElT B bR R G, KA A W AE 55 24 i — A 8] U )
BRACEE, (R — A%, B A\ — 5k E% ok T
W JE A ER A b AER A SRR R BAS . @



23 8

PSS B R AR AL B SRS TR 171

XA TR, YOLO a2l 45 Wi/s (IS BEE (G55 24
Mi/s, NHRBRAA A ESD , 58 43 A2 ST S0 I i R .
YOLO %4l 17 YoLovi!'™ . yoLov2!"!fi
YOLOV3!"3 M, YOLOvV3 ZEARIE R {3 R A e 12 B ik
FERIEEA b, KRR S TR, TEIR 24845 DA
I AR,

Nk, AWFFIEH YOLOv3 8k, DL TR
FAALBR AR R, FER T AR ALK
BRI 5 B R . DA AH ST ) B T AR 3 S 41t
AP 5T s
1 #MRI5AE
1.1 Rt

AHIE g ok PR AT IR A SRR FB H I ElId Tk
A R B AT, AR AR A4 (=
H—0 D), EH/NE SR 16 FA9REE 188 1R AL
R

FEIZ AR AR T 2018 —2019 £E A R AEAE B mU AR K 2
FRRR IS, A, HIEARRT IS, %
AT SRR TSR AT, FREL 7.5 kg BEANE 22 cm. EHZ
25 cm MR CIHERIEL, HEMARE 2 ¢ BER A4
2g, BAEAPUEN, FEEEA 55, BB HIEN,
AR I B 38 &) — BB FR 3R 21 R, = —0 e
W, FERERE T 7 R, LT 50 B. BESRIAN, GEEUNEZTH
JR W, I T H S 4 HE I B v N R 45 B 4
A AL, BEmE 2~3 .

WA N AR T KERRIS 7. IR BURFRL R/
B —8UR T, HBESECN 15%H,0, IR ITH 5
15~20 min, 280K MPBET%, $EBER AT, K
AW E RS R P T M T E, fARTIRIK R
HJa, RS —BF FHEANME S, FFIREET,
TG AN TRy RN E K E i, BB
SR B BRA KB E R AN 9 ET
NTAMGEEREFE, [EESHKENEREE 20 CAHI
14°C, 16 hBHE. SEIRFRE A 300 umol/(m’s), AHXTE
JE 60%, 2d BEH#H—IREFRB. Pz —=m—00, %
B /)N 22 T Je 355 T A R 4 48 <AL
1.2 ERIKE
1.2.1 48¥ihepidik

Y325 B T R I 38 ST IR AR AE /N 22 S5 B R R
I, BARETE, HIEHR R EHRRE T,
HBRERIT L, RGE T IEREVOLEME T Wk
B 20 %5, HBEECN 10 15, IR %S gk 47 i 52
MR FERRE, R BE I IR 30U 9 5
1.2.2 1235 X B asuiadiis

27 VR e H 4 4 QR e 3R 7 1 <AL AR
(Anyty 3R-WM401WiFi/3R-WM601WiFi %%, LA N fiFk
Vet Bis) » WeREME S®efmERs, %
BEAH LR A, ROATLEAH RLAS 2 N0, & nT DAEAT F e
Mz, Wit YRR EMEE, HES/NEEEDHT R
FUHHTIAEE,  BORAEECH 400~600 5, FRKAATRBOAE AL

TR SERTERAR . 2 N TR A R 1 BT,

*1 BHERBRSHER
Table 1 Distribution of sample photos

Jr SR OISR RO SR Bt
Number of photos when Number of photos

Method the third leaf occurred at grain filling stage Total
15 FH I B
Method1 49 89 138
58 485 20 S A g A
Method?2 40 77 117

1.3 BE%rE

ffF labellmg Chttps://github.com/tzutalin/labellmg)
T ESFHE A ThRE, ARk label S0 SFLHI AR RVE
t, FEAE DLV L I N AMER TR it LTI a2
BVSALE N TR, AR/ 2/3 IR N B AN
Horb, FRHMENIEVE—ILhRTE T 8 024 AL, EHEXE
BRI ERE — AR T 2 608 AT ALS

WA AU R, SRR, RS
FIRZAR xml A0, SOl s A BN S
TEAER AL B ALFR JOEE RS E R, BTSN FHEH xt
#% 0 label SCAF, By BAHHARED xml-to-txt-updata.py
( https://github.com/shem123456/-/blob/master/xml-to-txt-u
pdate.py) AT AL, HALFAERS txt # AT, fE
FINZE] label SCHE
1.4 #HiR&ES

BN ARG RO L txe SCHF, BdESEN
NZRAERRALE, Jorb, 80%IHE AR R txt SCAFTR
ANVNZREE (HB FRM A B4 BB RA S 111 194 4,
FHFRERLNN LR 20% 0 B8 AHR R txt SCEFRONIIRASE
CFia F A AN 1 R AR a5 % 27 f1 23 4N

2 HiEAE

2.1 AbIiRiE

BN RPR AR 1 Ps, YOLOv3 AARS H AT e
FFURE, ] AL Chttps:/pjreddie.com/darknet/yolo/) %
A .
[ i s ffA b e g |

IIZRgE
data @
WG
‘

—{ ofg | BB mssi |

Hridproject —|backup|—>|

{RAE I ki) |

TR \ |
Lo B —| demo |—>i TRAFIR I |
g | eS|
¥
e B e B e i e

B1 A%k 4ERA

Fig.1 General work-flow of the proposed system
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cfg SCHFJEAE T darknet $5 38 #1125 W) 25 25 #4 (1) SCA: s backup
TEBONZR IR AL, R  AE O R B b i) & B Ay, ]
PAE W s 2 A 4k 22111 455 demo H T IRAFIIAE s log
HFRAINGHZE.

2.2 1&RE)I%

ASCRFRE 2 S H YOLOV3 Skt AT i 8 ey
AL, YOLOV3 #4454y Darknet-53, 1l 2
s . BAMLG—IH 53 )2, 152 EFREH—RFIN 1
X1 A3 X3 FIBREA N, BT 7 5 R REE, BCR
PPN 2, 15 3 NMRHIEZ AT T IAERI 0, 2332 7
32 £ KRR, 16 £ FRAEFT 8 i N RFEIIFFERE, 7£3
AR & R AE B a3 AR ST AR il X RE A BTk
I 2% [ I} 2% ST PR JZ AR JZ AR, RIBROER L, AR
FRARL R, S5m0 B AR IR ISR . 28 53 |2 R A
2, 1T Softmax PR AT HAR1 495, Convolutional
Hi Conv2d Layer. BN Layer Al LeakyReLU Layer %5 3 />
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Fig.3 Average loss and loss curves
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Fig.4 Testresult using single image
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Fig.6 Linear regression relationship between the labeled stomata
number and the predicted number
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Fig.7 Curve of actual value and the predicted value of number of

stomata with time
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Table 2 Evaluation of detection accuracy of other

monocotyledons
S FAH
4y LT Wk HEE R
Crops Number of stomata Precision Recall F1 Score
P TP FP___FN
K 300 19 60 0.94 0.83 0.88
KFE 160 20 220 0.89 0.42 0.57
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Fig.8 Leaf stomata identifying and counting of barley,
rice and maize

FE— BERR AT M 28 T, MIDT 2638 B RS AR A %
FAGARME S, TREE R LI, SR BRI R AL
kB 5, JF ok DL BB AR . IR FEFH 2
20 m] LAY ROmAE 915 BRI IE, I R O JRA MR
(RGB BEM3) #EATAbEE, R RE R, FFBORmmgntt
HHE BN WNEM B, BRRIKE NN/ T IR,
HAFAETEEE N 5N A, SAKREM IR ALIBE
EREK.

4 W it

ASCPRH T —FPGE . 2. BHERSILIRS
TR THE. SHEMMETRES SIS, &
T BRI 2 1 VL A A Iz A BE 70, T AR
R TEAREH P BFEIMASEE TR, st
T AN 5 Fetter 25848 R E B A M 242 H IS
FLEZITE RS StomataCounter AHEC!, ASCHEH T BA
PSRN SALE AR A S5, A T7 Ot e A
WAL Bh AR SR AL T fE

EARASCHI AR MRS E R Rirptkae, (B
XSRS ()32 AR AT 75 AT 2 (IR AR . FRATAE
F SR e (3 R e, HAhERETEME -,
K AEHCH 600 £i%, XFiE S ALHEAT 24 h FIRRATISR
FeiE A AL o T IR A RO,
R4 T UK RALAR M 10.7 GB [E45 % T 52.6 MB, i
B 9 s, AREL AL 20:00, YH 1:00 A1 H 7:00
2 3 NS A mE T, R 20: 00 MUREIINREBR . H A
FKHMF1AES 54 1.00, 1.00 F11.00; KH 1: 00 I
FEHE . BREZAFLES 508 1.00, 0.92 #10.96; X H
7:00 MIkCIRE B2 . B EEAFLAE 5> 514 1.00, 0.92 FH
0.96, JEILANAT, fE 5o MU B F A AL B B
AR, RN ISR B R SR A AN S AL PR B 2
SRR 2 IR AS 2 R M B (A DU

a.2019-10-13 20:00 b.2

B9 BREMT AN
Fig.9 Stomatal detection under dirural variation
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Automatic identification and counting of leaf stomata of
monocotyledonous crops
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(Regional Technique Innovation Center for Wheat Production, Ministry of Agriculture, Key Laboratory of Crop Physiology and Ecology in
Southern China, Ministry of Agriculture, Nanjing Agricultural University, Nanjing 210095, China)

Abstract: Stomata is the dominant gate for water and gas exchange for plant leaves, and thus plays key roles in plants in
response to the fluctuations of the environmental variables. Observation and counting stomata amounts is generally one of the
obligatory determinants in the research of plant ecology and physiology. The classic measurement protocol of leaf stomata
usually includes the capture of leaf stomata by a microscope, followed by manually identifying and counting of the target
stomata. This method is well-known in disadvantages of both time and labor consuming, and of low accuracy. Although some
algorithms for stomata recognition have been proposed at present, their recognition abilities showed limitation, and they could
not realize the full effect of automatic recognition. Thereafter, we developed an automatic identification and counting
technique based on YOLOV3, one of the high speed convolutional neural networks (CNN) algorithm in the present study. We
acquired pictures of leaf stomata after the third leaf occurred and during grain filling stage of wheat (Triticum aestivum), in
which, 138 pictures were taken from the method of nail polish printing, and another 117 pictures were taken from the method
of portable microscopy. After that, we created separate data sets and then trained the corresponding models respectively.
During the training process, we visualized the loss and average loss which were the most important training parameters, and
finally stopped the training at 1 200 times. To better describe the parameters of both models, we used the key metrics to
evaluate the models, such as precision, recall and F1. The precision, recall and F1 reached 0.96, 0.98 and 0.97 in the method of
nail polish printing, whereas reached 0.95, 0.98 and 0.96 in the method of portable microscopy. Secondly, this algorithm could
count stomata amounts accurately, and showed excellent robustness. By linear regression between the labeled and predicted
stomata amounts in pictures from test sets, we found that this algorithm showed strong correlation, R* were 0.980 1 and 0.962
5, respectively. What’s more, this algorithm also showed high performance in high-throughput and real-time, since it identified
stomata with a speed of 30 frames per second. With this technique, we optimized the objective identifying performance, which
conferred accurate identification performance of stomata in the microscope pictures of leaf stomata. Firstly, compared with the
method of nail polish printing, the method of portable microscopy showed low precision and F1, but was harmless to samples.
Secondly, YOLOV3 algorithm exhibited the merits of accuracy, high efficiency, as well as real-time, long-time and dynamic
detection. Thirdly, this technique was high compatible due to its power in accurately identifying stomata of other
monocotyledonous crops such as barley (Hordeum vulgare), rice (Oryza sativa) and maize (Zea mays). Lastly, in order to
facilitate the use of more researchers, we not only opened source of the detailed Python code, but also encapsulated the method
in a relatively complete way. It could provide an interface for relevant researchers to detect their stomata photo or video files.
The files in our stomata project could be consulted and downloaded in Github (https://github.com/shem123456/).

Keywords: convolutional neural network; machine vision; models; monocotyledonous crop; stomata identification; stomata
counting; deep learning; real-time detection



