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Identification Method for Potato Disease Based on
Deep Learning and Composite Dictionary
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Abstract. Potato disease is one of the most important influencing factors for agricultural high quality.
Traditional methods of image processing for disease identification under light of the outdoor natural
environment are easily affected by typical interfering factors, such as illumination change, uneven
brightness, similar foreground and so on. Therefore, these factors will lead to low recognition rate and
low robustness. To improve the accuracy and stability of disease identification, a disease recognition
method of deep convolutional neural network and composite feature words was proposed. Firstly, the
Faster R — CNN model was trained by the migration learning technology, disease areas were detected with
leaf image. Secondly, color feature and SIFT feature were extracted from the entire patch region set by
high-density sampling method, and color feature and SIFT feature vocabulary were established. Then, the
K-means algorithm was used to cluster the two types of apparent feature vocabularies to construct a
composite feature dictionary. Finally, the features extracted from the disease area were mapped in the
compound dictionary to obtain the feature histogram, and the identification model of the disease was
trained by the support vector machine. The experimental results showed that when the number of visual
words in the couposite dictionary was 50, the robusiness and real-time performance of disease recognition
was better, the average recognition rate was 90.83% , as well as the single frame image average time-
consuming was 1. 68 s. The average accuracy of model detection reached 84. 16% , when the feature used
a combination of color features and SIFT features. In addition, compared with the traditional bag of word
recognition methods for the same data set, the proposed method could make the recognition accuracy
increase by 25.45 percentage points.
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Fig. 1

Examples of disease images and healthy leaf images
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Fig.2 Potato plaque detection framework

(1) B e 0 A AT 22 R 3 R A A6 R
W 25 1) 4 BRUZE TR JE ANt AL 2 B 3l 5 ICENR 1) HE
fEE

(2) %5 ik & A 2 i e X3 R 2% ( Region
proposal network ,RPN) J5 , fl| [ 3 x 3 #F sh & 10 4 i,
d HERFAE ) 15 7 Fy A B Softmax JZ= FIAE [0 9 )= o XS
TR E 1AL ] DR A B kA A,
O A P T A G 60 x 40 x b A1 5 B3
FFAERFAE ] AT Softmax 73 2K 48 B8 R X & Ao
PEAE U R RS W SR R EAE R EZ
TRFRNS b A e DI AU IO HE Hht AR AR 5 98 L
4 DAEARTE R o

(3) %5 RPN %) 45 A= 8 1) fie 376 X 4 0 45 AR IR 2%

HE T R AR PR A B R X 3 Ak U2 3 D P A 1Y
1 36 X35, K L A b LU 81 46 /N Ry SRR 1 1716, 38 5
B S) AE FEAE P 2R B — AN B X3, I8 1 X 3k 4
G T T BN, X TR AS /N X, 5 B KB
Ak 77 AL B, T B — A [ R SF (7 x 7) 1 FF
fIEF

(4)H [ 2 1 F7 A B i A 4 3% 42 )2 F Softmax
Jei, TIUIN S Ao S5 AE BT T 1) 288 S0 L R [l U HE RS B 1Y
HEA B
1.2.2  JEFiER24 ) 0y BEH X Sk

TR 3 35 TR 228 I 2% 52 B E b 10 o 1 0 S 7 L
B 5000 MBI A 76 B AR R A R AR IS B 1 Hh 4%
S T RO P AR T A Sy TR M, T R A B i A X
PR A BT AT W 2% 2 50T BN 25 8% & R B 48 AN
WS LA B ASE TR (g ol $00 6 B4R, 1 A5 ARG 00 A 5 1 o
JH %, AlexNet Fll VGG — 16 45 5% Ji 45 FH W) 2% 45
RULE G 43 25000 rf B A B 07 O 34, o 445 A 7R
12 5 100 77 & ER 4 TmageNet 4k 42 )1 2545 2]
AR A BUZ AR S R IR TR A B, BB
T A KR A 250, A SOR i R 2 >
(18 7 2% 5 S % R ARG 00 A 7R P I o R S
F YR H e 5 0 AlexNet F1 VGG — 16 il Il 25432
W 2% AL S50, AL B BRUE S50, T o S M 25 0T
Fo 3| Faster R — CNN K I 9] 2% 5 AiF 42 BUES 43, (75
& BUZ M BUETS 2 5850 11 25

G0 ) BRE e DX R A T A HE T R AR 1
T UG X G IN Zh B b BT A 3 R 0 B B X3
HEAT R I, 20 B B B 1] 25 4

B, =1(B,,L,)li=1,2,--- N| (1)
K B——BEHRYNZE T @ TR X
L,——B X} N 1) T A A 4%
N——FE He X I 54
B,,——BE IR 4R
1.3 $HBERICRIHEE

g R TR 5 OE R R A AR K 2%
S, HLR [R) 2780 1 05 5 B 6 A AS A ) 6 5 TR0 ) 4
B A BAE A SR RERAE o AR % 3 Bl 3 i
F PG B B8 5, DA Lab SRl (B | 45 1 B e X
B a b 4y EERY B R R A LSRR AE ]
F RS I 15 5 X I N O T AR L S Ay
AEAF B, 75 ORI (e 2 BERRAE SR U7 I, R ARAE D
BT .

(1) B ek sl 24 B, & A BEH X B
RGB % & KR e 4t hy Lab R, IF 45 154 BE B X I
BI5380 53 B m o x n A A

(2) 7% Lab E& B A48 s EIF B Z AW alb



573

Wik 4 BTHREYISEA

A B B A R RN 5 i 25

(B, BRATF % 0 B 4 UL 1] B o g 3R R [X 4
A8 I A S s AR B mex o x 2 G FRRRAIE 1] o, i 2% A R
ADBEHINZREE T A B m xn x 2 x N 4 R W30
ik )

B R RS 2 2O IR A IS 2 i, B — 1Y
PR AE AN RE 96 2 A IR BORG BE . SIFT Ak B
A REARAE X AR AR T R A 52 13 725 Ak L
LAt A RE 1) e e B AT AR G 1) 3 7 P 7 A T ) g
H DX AR I SIFT RFAE A4 A SIFT AR 1) 5o R T
55 3 PO 0 A [R] 1) i % R A A A IO 0 o B
B DX I e 40 Ry K PR AE A R A% B TSR SIFT
FRAE , 8 A8 g B A ROAR T i mox n HERRAE , B 418
BEABEB N R AR om x nox N 4 SIFT 43 fiE
] &

1.4 E5FHAMHE

HI K-8 {8 5 26 530 vk 43 Joll X A 236 3 L 4% i 1)
ICRAATREBE BRI R N KA RIE, ik
YA A TR 1) 2R 26 v O B AIE 7 i ) o B R] R
WL (R AE 7 B W, 3R

W, =1, ,0,, 0] (2)
v SR R KAWL 517
STFT HFAE 7 W, R h
W, =1{u,,uy, - ,ul (3)
U LM KA SIFT 58 17

He FOU B ERFAE 7 ML A STFT R AE 7 S 4 45,

SEEAATIW, L RIRA
Wf:%111,vz,---,v,\,,u],uz,---,uk} (4)

RN G FW, h 2K D Lad R
il .

L5 RFEANET

Xof i T IR A FAs 0 H ) o 7 DX s R IR €8
AEAN SIFT FFAE , 38 1 713 AR fi 5 2 & 7 e W,
ML5E B 1] 2 8] A fi 30 BE R, e it Hh R XA
P BT v B AR 3, AR AT 2K ZERY AR AE BT .
XA B T ARG I s B A ) R Bk DX, 3 03]
TR — AP XL B, R AE B T Ay il —
A BRARAT 2R r W D s 35 PR A4 B 181y

h,
H(r,L) = ——5—— (5)
max( Zhl)
S AR 2 R
H—"5% r g B e o 5 T 40 7 &

T R E AT A, AR e
A CS) TR W U0 214k b B A 0 3 BR B B 7 8y
ik, FFF 12 4 AR K8 A8 D 73 26 45 DI G5 19 i AR Ak

X

Shy N7 PR JRE B e Y TR SRR L AR R A b R
22 r 26 a8 N 45 75 2, 23500 5% 23 26 b T 3z
f9 SVM | Fifi BIL 2R bk 1 d 3 408 73 2 4 R 47 U0 1E B 6
X ECIR S o M BEE B 0 28 At 3 2R I ZR AR FE
AHEAT U, o SVM g3 2 g 1 U3 GE i K
92. 15% , KB 2% Ak 73 2 45 LU0 1E 8 24 80.26% ,
AT AR o3 28 A R IE 5 R O 70.53% , i ER 45 2R
FMWL, SVM 73 & Xt /NRE A AR 2 M 38 Kdls 19
AL H I, DA ST 28 1R BE 455 1) SVM 32
tor A Oy doe 28 19 9 T LA T

2 RRERSHH

I B T Caff T B 2% 2 HE B2, B 4 L &
NVIDIAteslaK20 GPU,#4# InterXeon E5 —2683V3@
2.00GHz x56 4b ¥R &%, N A7 64 GB, B 3 5i
Windows 10 ¥:4/E & 4t , 3 & ] Matlab 2018a 1E 5 %
FEEREE . IR 3 A5 R 4), o ) e 1D 4% W B
DX 3 Az Y00 336 9 0 o A R R B, L o R
SR 58 A [F] K (T 9 35 PO E A R 1 A
[FIRFAE AL A R 5 3 3 0 o 1 R 00 AN TR O BE 2% 1
T A R AR DL RS TR O R U
SRR 4 43, DAL R JF 5 5 4% S 3 I Y
2.1 fEHER

i TR G 00 A D )1 R A E 3 2 B RE A R, K
I 5 G Y 2 048 W EHGAE S I R4, 952 1
BZAE S 4 | 1 R 4R Hh 1Y) 200 R R AE S 50 E
£, IR I 5 4 TSR N A s 1 =X A
PASCAL VOC %4fs 4 4% 3K o BE DX S8l 00 1) o A 2
B S  F R IR BE SR T 7 S8 3R
R U HE - 245 BE 2 PR R AR RN UIRT B o 9 3
S-S5 R 23 T2 A AR A R A R 6
Ao H R DX A AR AN B, B AS BB D T R 0 AE R
AR BE E bR o R I e 0 A R
A A 77 78 A E 8 B H A i ARSI HE DL K s B X8 o5 L
BN B ARG AE. 4G U AE - X K5 i 3 B S W AE o 5
A IR A 0 HE S T Ay o B H B B TR B e
S XA H S ARG I AE SF- 250K B A A 2R

P T 100% 6
VR e R, (6)
P, =1 1009 (7)

S v

Krp P — P 2R R
P, — K6 I AE F- 24 5
T, —— Ry H AR DX 8 A B A K
Fy— R A0 H b D R A



26 & ol HLOM ¥ R

2020 4

T

G IATE F g T DX 3174 T L o 4 ARG A

TR LR T4 7 0. 5 ARG HE %
F——3p 5 DX A T R ot o A 0 A T R 1Y

Fe A /N T 0.5 B4 4G T HE %k

SR AN T % B 1 R 21T 52 T30 9 6% 1] 2 A ) A5 75
J& B E AR AR IDORG B2 A7 AE 22 S Pk, Ol B UERRAIE 4
T ) 4% % R o8 ez 000K B 1) 5% M) 3 36 6 B AlexNet
F VGG — 16 19 25 % Hy 5 80055 35 i 7 8040 48 47 0l
R, AS [ VR AR A 4 I 45 A G 0 45 SR a6 1 TR o
SRR T AlexNet 28 Il 25 14 J BE K 0 A5 75
XiF 3 b A TR 1 ST B4R Y 238 RS DU HE S 20 B S
W14 93.20% F1 71.90% , 1fij 3 T VGG — 16 M £l
5 (1475 R 00 A 7R L S BTG 4 23 G I AE SF- 1y
K5 BE 23 3 R 95.06% i1 84.63% , 2 Fft o 2% Xif - 4
HE B 2385 I AN K T X A A ST RS L, VGG — 16
W 2% Lt AlexNet B 45 #2357 12. 73 A~ H 43 &, % W
VGG — 16 X 45 o IR B2 A0 X488 , IF H AR AE 9 4%

JE RO, B2 BCER 00 7 E A5 JE A A IKS
WAk ST VGG — 16 W45 [ 35, AR SCXHi BE X
SR A I B B R R T VGG — 16 FRAIE N 2% 1) Faster
R— CNN & ¥,

B2 1 AR, 7E R T VGG — 16 FEAIE 42 W 2%
Ji WP i 1 G 0 A A R R T LA 2 o LA
DAE - 248G B P, ik 3] 90. 42% , i H. 928 5 il ok JH
o P A U A SF- 35 4 B2 43 53 A 80. 74 % Fi 82.72%
H 45 S8 25 H 0] i1, 0 928 99 A B G A 7 o B P,
Syt T 9.68.7.70 AN 4 A, H 3K A
22 5P 32 R R 5 0 BE Y 40 AR R AR 2 VDA OG  BR
PERG KR I AL B BTE N R & 8, HL R BE
F18) TR RRURE X A R, i G At 19 ol i 1 e B S B ol
Sy A A O E BE AL IR R 2R R TE R N B R
fIE, 33 X5 WA 4R 50 R 14 95 I GRAE AR 1S T IR A fi
A5 A SN 2 g A 000 A 0 Xof 358 0 R A 114 A T
iR

R 1 ETREHAEREUM 4 i A B = 16 i B A 5 1

Tab.1 Detection accuracy of different diseases based on different networks

— R 4 AlexNet [ %% VGG — 16 [ %

B/ T,/ T P, /% Py /% T,/ T P,/ % P, /%
KL 300 290 870 96.72 69.25 281 1121 96.23 80. 74
R 325 5 300 291 569 97.26 72.94 293 672 97.75 90. 42
AR 200 171 321 85.63 73.52 182 454 91.21 82.72
gt B 152 101 66. 42 17 11.12

AR SRS T7 32 B4 SR AGE 00 A0 SR A & 3 .4 TR o
I T 52 2% [ K R B8 R0 AR 2 Ot IR 5 (Plant
Village %4 JiE ) ' 19k A A, H b 20 HE AU 3R
AlexNet FF AL [0 25 1) K6z 00 45 2R , 2R HEAU SR VGG — 16
FRAE P 2% B A DU 45 2R 2 FhOB AR R T
AlexNet FFAIE ¥ 25 K2 I AE ) B E B AT AR 3 H AR
ARG I R s A B G B WA T T VGG — 16 FFAE M)
285 1A ARG I HE A FE 808 40 [ BXE DX 38K, T A6 140 3 BRE A
XD o VGG — 16 FFAE M 45 16 1 SR 3R 58 F 19 B
Rl 2 A an [ 4 B 8 1 50 b i R 2R EOEBE
B e R A O BE H BR, G ER R 3ROAR X
Bl 4a BT 7R BB HG H RTR g3 A B OR BE X 38K E %
SERERLI , (EAS T 40 A1 18 ORI /N 5 BRE A BE i 2 1R
o AT A e T e T X RE S
AN ok, L3 I AN ] DR/ SR F) ARG (LA )
H 4 B e v A T DX T A LA R A T XY
R
2.2 fREIRS

T % S U X s 46 th Plant Village %40 %
P8 i 6 T A7 i Y AR AL, DI gk R 1RO
2700 Mg , 4R AR 952 W, FEAS KR 3 652 1,

(a) BLyEim (b) HLESE

{3 Plant Village %45 2 /i BE A9 6 0 25 2R

Fig.3 Lesion detection results of Plant Village database

; (b) BEPEIHR c) K
P4 RS PE T o B0 A ) 25

Fig.4 Test results of disease detection under natural conditions
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Tab.4 Recognition accuracy of diseases under two
light conditions %
P I R -1
R MR RN R R ER R
FRERIBE 89.62  89.83  90.20  93.66 90. 83
[ 9RFFEE 82.15 80. 94 83.32 90.23 84. 16
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Tab.5 Contrast experiment results of different methods %
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