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SIN T 2P T3R5 ) 1) B A I B A TR AEY
FK . Patarapuwadol 21 H YOLOV3 BT /KA
R, R SRR B B T RS A, B B Y
F OGS 1 YOLOVA S35 FH T AR 26 B ksl , - Aoz il
HISE RG34 5] T 80.85%. Tassis 25N 2 R F 4
I 2 13547 £ BF T HEVE ) 98 RSN, % 285 AU
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W, RGP RE B I miA B T 89.22%. YOLOVS &
YOLO RFIEFAE H HT ISR, Rl s 55 Ak 5 #
REIR B mbnite, (HEVESCOl L B A%

R T 3RAS e ELE B AR B L 5 T SR A I
%, WFRFEIEHE SIS YOLOV3 Hik. (BE=tH 1
999 T RS DN R A A T DX A A T DX ) R 1]
YOLOv3 kX% 4 H b f/s BARIR I RE A FR
L5 2 Xt N el TR, AL BRI R, N
THAPRIX L, A T YOLOV3 ik, SINER
FIREAE 4 FE5 AR YOLOV3 RFAE 4 7 B R IE Rl & Fsf ) e
PRI 5N B S0E 6 R JTRRAE 4 35 1) v
FRAEFR RO IE, SREUZORRIE, &7 CRURHIE, $RmiE
RS, SAMMSuE 23 T AD-YOLOV3 &
AT = R A
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1.1 YOLOv3 &%

YOLO RAE EIE I B L X 28 ] B G TRFAE S
B, PR T — RIVG A, eI b B 4 SR it
AT AR . AHEL T oM B brksill 592, YOLO Bk s
25 A2 S LR BE RN B, X A5 TR O AT AR,
YOLOV3 /£ YOLO RHIMEE =AhAs, HATH 1 #rd
FEAESREM 2% DarknetS3, 358 7 3T M4 FRRFAESEEL B8
Jo WAMESINT 2 REERTIN, $27m H brfs il ik B A

ME . YOLOV3 HEAT B Antar iy 24 BUER 43 i M <M A~
s BEAS WA IC £ =Tl KNSRI I AEAE R Gs A U ATE
AGIHER N+5 ADNSH, N AREZEMES T HER
R BH, 5 ASE B R DHE ORI AR BR, HE
Mo R, DARAER A B EGEE, did kA
VHEAG MIAE 5 52 Br B AR AL BORICED H bx, )il dE
e RAE#IH] (Non-Maximum Suppression, NMS) ikt
7RG A fry 85 i B )
1.2 B3FHY YOLOV3 E3E: AD-YOLOv3
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1.2.1 ZFENHEEFIE (AFP) P D B 50, S8 5 AT R R SR DO F A+ 4, Bhi
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VIR AE B S BB AR AR, R n] 45 3 4% A E S
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HEETRY (10 R ARG AR
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YOLOV3 ik, S TR G S5 F IR 4 AE R
JE JE I ] L O R 2 AR AT A B . X A B T R
B, REAE & R SRR FIRFAE R T AR 0 20 2 0 B 2k
Mg =AM, T DURHIE 4 55 (1) J5 A FR A B 75
BXRFEBHTIE— 000, ERLRERE, RIAEREG
BAE IR, DUAB SR AR AR o BRI B2 H SR 23 2 %
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FARFAE R 5K, (H L5 BT+ 4E 5 A AT DLl A 45 R Al
ITREARFIE A, M ORRHIE RIS R S L. MRS
JFARRAAEAR B, HI58 7RG AE R T RAE SRR
RRFAEBEAT T 3955, DREXUR SR 254 Re 6 7 21 2 Bt
Hh B L B R AE

I AR AL, R TR A BB ARR AR
JZ, AR 2 et — R IERIRHIE ST
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2.1 BuR&EHHME
APARIEF A =t o F BRSSO = 5
CCRARTIP ) B aliit = Ra u Ik NN B L By N s WE W)\ @ v
JHE RO R SR T S (24°25'~24°36'N,
103°42'~105°35'E, #1796 m) , KA NI
B, RED R, WA KD WERELEAR
AHIE =B B At 1886 Tk, 4B BT H 640x640 15
FR/N, f#H Labellmg T BB A3 ThRE, &G4
8 1 11 1 HyLLMBNRE I B il o3 I ZR4E , Bk AR R
£, HrhIl 245 1500 5K, IGIE4E 186 5K, MI4E 200 7K.
LT AR &ERMFR R HENE 1 R,
1 BEFREERGHEXR
Table I Number of images of various diseases

kit B e e LraniS IR S
Disease type Number of images Train set Validation set  Test set
597 Plague 856 799 37 20

457 Rust disease 309 260 24 25
BRI Anthrax 367 307 50 10
Pow dfrj/;}{nﬁil dew 571 401 36 134
[ BE9% Round spot 332 211 81 40
WA Virosis 486 318 68 100

S i E I 6 2K, 2Rl B
s RIEW S B BB, RN . RN T
JifE, ¥ 6 i ERIC N 1~6, i FH AR WA 3
FiR e
2.2 REMERSH

AL AR T ENLTE R, TR E
Intel Core 15-3470 CPU@3.2GHz, GeForce RTX 2060Super
GPU, 16G iZ1THAF, BIERSA 64 {7 Windows 10,
Pytorch JR 2~ >IHMESE, Python3.7 #fEiE =, CUDALLO
GPU s 2 .

I Zrid FE It R ~) (Batchsize) WE N 8, HIth
FOIRREN 001, FHEREN 0937, DI
(Epoch) &N 500, ] SGD ikt iriith, 17
W B i R — IR B Jg — IR AR S S 8. IRt A2 48
Warm up J7 V2 AR AW SSOE P
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Fig.3 Leaf disease of Panax notoginseng
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KA TS mAP F5hr X IR0 25 AT VRl . KSR
TESLIRAG I 2 1 BT A5 H AR VR R, 4 0] R B AEH A
WEHFRATME, F1ORERESIEERER R E FE
LA VERE, mAP RAFFIETEA R 5] 1P XA A
Eo HEARIT:

TP 100% (3
TP+FP
R=—12  100% 4)
TP+FN
Fle2+(sd (5)
P R
1
P(r)dr
=_L 6)
N

2 TP A SREA LR B ARECR; FP OASIEA IR R
FbficE; PN NSRRI B AREcE; N OSRSE
e PrYNDAA R r NEAR R, KSR P SRS R pR AL

3 HEEERST

3.1 AD-YOLOv3 #EEI S gzt
{fH AD-YOLOv3 SiEfE B4 F kAT I 2R At .
YIRS PR R W 4 Fir,

R 8 09
Z 08
&= Z 507
ns w806
=2 2505
T E £ 5 04
o B i{' 8 03
=38 s 02
. . . . , £~ . L . . , s N N N N ,
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¥ Epoch ¥ Epoch ¥ Epoch
a. SR b. K A % c. PG EE mAP

a. Total loss

b. Precision(P) and Recall (R)

¢. Mean accuracy precision

A4 gkt fddeis
Fig.4 Parameters of training process

WK 4a i, IRt FERT 50 547 SR AE N PR3 B B
P, 50 #o 2 JE AR T Bl IR TS, 7RI ZRECH0L 2
500 RIS, fRhZiEin T, R\BAEE O LIk
BT REE, ERIGERETEE. WK 4b. 4c For, BE
HGRE G, SR N RN, A [
RYRW BT, IR 500 e, AER R [R5 5
IEF] 89.1%411 93.6%, [AII mAP fh £kt 5 I 25 46 H 1) 184
TR T, e 26 4% 2 R0 AR ) 11 T 35 HE 1 S
£ 80.6%, W ZrRid R % 28k AR08 S i I SR A
B
3.2 ZEEWMIERERT L

%f AD-YOLOv3 HHATiHmtitLs, HtEpefabran® 2
Fis. BRI RT3, MR JIRIE S 75
G RIS IR BARTE 1.35 N E 2 A, FLSEHRT
0.87 NHE Yy A, mAP RTF 031 NE D A ER IS
FIE S A REAE B AR BT @ ) RS, R
RAHEBRHEIEE, $&F TARNRE B . OB

G M RTERS B R A F1ORSE FEETEA R, (H mAP 2
FET 081 ANE 4. XOBRHUZ B T XHRFEREAT FRIK
fifiide, GRiide A CRAEARAE R OEKE T . WA TR IR S
FIEMBEOLT, HARIRHZE R R & T iRZ 8,
i 36 J5 ARVRFAE FP L B R 2 T FIAE R, BT DA A R
HRETZ XK BE P2 T AN R o 4568 SO 2 51
B AVFE & 75 5 BB SRS H R IR TE T 2.83 AN E S
R, F1RSESRTET 1.68 ME AL, mAP $87F T 1.47 4
B . FrE TR L B, 588 T & 0%
& TR AAORIZ M BEA . B, 3R IR EE
FIE O] DA T SR M RE R AR, XUMLE )2 RE 85 S B R AE
BIEVER, W8 BC & e e sSe DL A i O PE BB AR T, 4%
EAE P RTES S AD-YOLOV3 1] LAk B f46
e

AD-YOLOV3 5 HAth 53745 7Y (R R o4 B X b i =% 3
Firas, IR T —B B AR Rl B ) YOLOV3 AR
FEH T B BURIEBM 4% (Cross Stage Partial Network,
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CSPNet) {4+ THEHM 2] CSPYOLOV3 #i%d, ik
SRIEXRTEE T B A AR p oA ORI Mask
R-CNNF?,
F2 HRLRIOMEREIERRIT tE
Table 2 Conparision of performance of ablation experiment %
M 25152 B Network setting

HERR

AR FH%EFlnmP

ERAHHE YOWUZE Dual  Precision  Recall accuracy
&8 AFP botleneck
86.26 93.18 89.59 79.08
N - 87.61 93.51 90.46 79.39
86.51 93.42 89.84 79.89
N N 89.09 93.56 91.27 80.55

R3 TRERBAENIEREXTS EE

Table 3 Comparison of the model performance

95 AL ER = Disease detection precision/% Ik g

AR " R .. mAP Frames
G o
Model Plague Rust Anthrax mildow Round Virosis s

disease spot

YOLOv3 772 762 851 67.9 854 827 79.1 24
CSPYOLOvV3 725 71.6 81.0 64.1 80.1 79 747 22
Mask-RCNN  89.5 903 753 81.8 82.0 853 84.0 0.4

AD-YOLOv3 780 79.5  86.7 69.0 859 842 80.6 23

H# 3 A A1, AD-YOLOV3 7£ T 58995 5 f R il b
HER BT YOLOV3 5 CSPYOLOV3, fEFHAEEEY)
{ mAP I~ AD-YOLOv3 f&F [ f il # % Mask-RCNN,
{ELTE 7R 95 A0 (5 B 995 A I AR B2 R T Mask-RCNN
AD-YOLOV3 7 6 Z575 35 A I ot oK 98 RS il 238 R 45
7, JRIR R R I 2 300 XN, A TR T
BE D, T YOLO RAVEIENEIFRTT/IN H AR A
Re 1855, DRI AREVE S0 R s RS U R AN, T
K6 575 Mask-RCNN %7y B AR RS I B 715505, 15 A8
I IRV 00 ok P KR ATi S YOLO %8153 . AD-YOLOV3
X6 2 T R B B RS SR A e, B R 2 5 B 11
FEAET 20 B, 35 X SORTIH 1B XS B R 22 7 HL
995 T DX SRR, DRI ASE PR tF [BR] BRE75 (1 A 0) fe 40% 08 B A e
e

SR AR T S R B P e U AR A
RIS T, Al Mask-RCNN B RS w, 1H
FRg A 2%, KGR ENS, R H AD-YOLOV3
FERDRG I (1 P F 308 JLF- /2 Mask-RCNN (] 60 1. T
Eb T 545 YOLOvV3, AD-YOLOV3 7538 % J -F- 1% A i 2k 1
LR SEBL T 2 7 M RE T
3.3 ERFEEMARE

BENLIEE &4 /D B E .. P ERER FE M B L E
HIWERUAFR Z 5K E X YOLOV3 Al AD-YOLOV3
HEATIAR, SRS R 5 Fis.

P B TR E AR B AR E,
H 2 R, 20 S BB B IR E NS
BT 1 AD-YOLOV3 A5 U I HH 975 75975 1) B A5 FE N 83%,
1T YOLOV3 #EAU ) 46%; #1171, AD-YOLOv3 54!
X TS A I B A5 FE N 84%, T YOLOv3 fAS )
64%. KIFRXHRZ K I, AD-YOLOv3 BER -+

P & X BAE T YOLOv3. BEE AR
Y AD-YOLOv3 FRHUE] 7 BG4 5 il UE R
T A5 2 5 43 2 T 50 R 2 R AR 1 A 2 R AIE
BRI, Bl o R Ik B RE I8 21 5 47 ARG AR

. A ¢
. 4 N,
Sixth category 0.8
¥, w l

1I

i

b. AD-YOLOv3

¥E: Sixth category A EENG, Fifth category NIFBIHG, Second category A3
B TNH.

Note: Sixth category represents Virosis, Fifth category represents Round spot,
Sencond category represents Rust disease. Same below.
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Fig.5 Confidence comparison
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PR o A R of 85 AR T R 5 R R 4 TR
YOLOv3 fEE 1 FE] 2 oK & e e DX delodar il o A7 75 e
PG, EE 3 IR AR TR TR 2 B X e A
TE R KRR I %, IR X 387E AD-YOLOV3 &
&5 R 2 Sk bR H o AD-YOLOv3 #&ill H 1 AR[Al Fh
FopE TR E X, R EIIEE, K EE 7 B Y
o E R SR XA, S A XA S B
WG, ERRRIE 4 Tl I B VR R RO A
TEF B BT ATHES B R IE 38 T8 YRR AR 2 B 0
B, IESEXERAETESHE, ZX R EH S
FONH SN EMARIRE, £ CBE gk THES
R B R XM IR . R, VR IRHIE B
I BT v £ DX 8 3 PR DU ) . R0 ER B,
AD-YOLOV3 7 % 5 [X 3805 3 i ar il v R I B 4F



. itk YOLOv3 HiA6 i)

=LMARE 169

Third category O.gﬁ"
Third category 0.80 ’"
.
Thlrd coteg_o g -

Thir 1categorh A ,
Thurd cul"e r.)m mgév e

Thurd cote o O 92
Third cotegory Oﬁ by cotego

) ‘Thud category 0.89
iy

T‘hurd ccte ‘f)’uo é? rd cute%ory 0.83

Fourth cate
Fourth catgyory 0.48

“ y Fou.ﬁFpl.thh’ category 6.'94
9% i Sy
.

a. YOLOv3 b. AD-YOLOvV3

VE: FikbRAE AR X 3, Third catergory A%JE%, Fourth category
i FIE.

Note: Arrows represent missed areas. Third catergory represents anthrax; Fourth
category represents powderry mildew. Same below.

Beo FEmELN
Fig.6 Detection results of dense disease

x4 BERITRNGRFITR

Table 4 Detection results of dense disease summary table

HOH Model Im@]aﬁ v;'j;o. . P IZ@Z%Z—E F})iseﬁse region flunjb”er ,
4 Total K H4 Discover  JRA&E4L Miss

1 10 9 1

YOLOV3 2 1 9 2
3 10 9 1

1 10 10 0

AD-YOLOvV3 2 11 11 0
3 10 10 0

3.5 IXEBFEERMIRE

YOLO HEXTT/N BAnftc e s, =tk
I AR IR 2 RO T A/ 3, R IR A B R
IEL 73 LA S 3 B B 0 DA S AR /N XS ) R R . SR IE
AD-YOLOV3 X /)N X 38005 25 ARSI A4 5, AN AR /N T AR
973 55 P TP B 22 5K A A L AR L B o R U T
DX B R AT DA, RS I 28 SR 7 oo

w7 froR, EARBEREKH G, RLE
YOLOv3 BB T/ X 305 5 A I 3 A IR I %, R
fr X3 AE AD-YOLOv3 Al &5 R B A FH di Skdn it o BIHR
R XA/, I FRERAR, TR E X R S D,
BRI N R BURFE L FE T 20 2 R R, IRZ /N
X3 E R E B E A ER, FEUNK IR E RS

AD-YOLOV3 5| N & JIHRHIE & 53 0 IR 2 Rk B AT
FoREE, IR RS B EAE i R A TE S B
ITEM, SERMERME, 5RF X ENEE A
RZTE UG BB TE L& RRAE I b7 R, )5 20U
B0 Rl G R AE B — 2D 0, 45 2R 1 /) X o
MIRFIEAS S, BB 1/ X380 35 A U R0 . R
FW, BN TR SR & 7 B R XUM 3 25 0 1
AD-YOLOV3 i 5 i HhAs Il H 75 5 5 0 11 /18 [X 3800 5
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Detecting leaf disease for Panax notoginseng using an improved
YOLOV3 algorithm

Wen Bin!, Cao Renxuan?, Yang Qiliang®, Zhang Jian?, Zhu Han', Li Zhicong®
(1. College of Electrical Engineering & New Energy, China Three Gorges University, Yichang 443000, China; 2. Faculty of Modern
Agricultural Engineering, Kunming University of Science and Technology, Kunming 650500, China)

Abstract: Panax notoginseng is one kind of the most precious herbal medicine in China. A variety of leaf diseases easily occur
and disperse widely during the planting process at present. However, there is no universal detection of leaf diseases so far, due
to the diversity and complexity of the leaf diseases of Panax notoginseng. Alternatively, a target detection technology using
deep learning has been applied for detection tasks in various fields. This technology can be widely expected to greatly improve
the efficiency of detection tasks for smart agriculture. In this study, an improved YOLOV3 (You Only Look Once v3) object
detection (AD-YOLOV3) was proposed to locate and identify the complex diseases of Panax notoginseng leaves in dense and
small areas. The attention feature pyramid in the AD-YOLOvV3 was selected to replace the original in YOLOV3. Specifically,
the channel attention module was used to compress each channel of the original feature map into a single value, then input into
the fully connected layer and activate with the activation function for the weight of each feature channel, and finally the weight
to perform the feature channel on the original feature map reorganization. As such, the important features were focused in the
channel attention, further to discard the irrelevant for the less redundant interference in the multi-scale feature map during
feature fusion. A double bottleneck layer was designed with two stacked blocks, where the first bottleneck block was added
with the residual connection, and the second bottleneck block was the traditional structure in the attention feature pyramid. The
resulting dual bottleneck block presented a higher performance than the raw. The dual bottleneck layer was further used to
filter the features from the attention feature pyramid, indicating the better specificity of features and the robustness of detection.
The attention feature pyramid and the double bottleneck layer were integrated to significantly improve the four performance
indicators of the detection. Specifically, the AD-YOLOvV3 had improved the overall accuracy, F1 accuracy, and mean average
precision by 2.83, 1.68, and 1.47 percentage points, respectively, compared with YOLOv3. At the same time, the AD-YOLOV3
had improved the detection capabilities for each type of disease. The average precision of plague, rust disease, anthrax
disease, powdery mildew, round spot disease, virosis, and all kinds of diseases were 78.0%, 79.5%, 86.7%, 69.0%, 85.9%,
84.2%, and 80.6%, respectively. The detection ability was significantly enhanced in the small and dense areas, as well as the
anti-interference ability under complicated environments, such as fog, rain, and dark light. Correspondingly, there was a
tradeoff between detection speed and accuracy in the AD-YOLOv3 with a simple structure, compared with the second-order
object detection of Mask-RCNN. The modified AD-YOLOV3 can also be deployed to the server or client in the cloud detection
of diseases in real time. The finding can provide a better intelligent detection for the leaf disease of Panax notoginseng.

Keywords: algorithm; disease detection; YOLOV3; feature pyramid; dual bottleneck; attention mechanism; panax notoginseng



