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Abstract

Image-based automatic segmentation of leaf disease spot is the basis for plant disease identifica-
tion. A deep learning method based on SSD neural network is proposed in order to solve the prob-
lem of adaptive extraction of disease spot from uneven image and noise difference images in tra-
ditional feature segmentation. The idea of the algorithm is to transform the whole segmenta-
tion into partial segmentation. The depth features are extracted by multi-scale convolution to
generate a set of leaf disease spot bounding-boxes, and the disease spot regions of leaf are ob-
tained by non-maximum suppression. Experiments on the image of potato leaves were carried out
to obtain the exact boundary of the disease spots in the image. The location accuracy of the disease
spot was more than 85%, and the accuracy of boundary segmentation was 80%. Compared with
the traditional method of segmentation of disease spot, this method proposes an effective solution
for complex background and automatic segmentation of multiple disease spots, which lays a
foundation for further leaf disease identification.
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FEAO U, HET R ) B S A I ERAC B RN AN TR, A 20 MR R R, PRS2k
SRR B A . BT BUR BARAEY) o SR AR I, 75 ZEAE M o iy X, FEFE i X ek
SrEIHIRBER oy, SEHURHEEAT 200 (1] [2]0 DRI 2% 95 S5 b it i A B e (5 R B0 9 70 1) 8 B B 25
KR NBIM B A S, X85y BURHEAT AL B[ 15]. RS N [4]0 R 6% F K
G 73 K TTVESE I A — 8 BUR BRBE S H. B SOR[S 15 ABIEFE 10 T4 18 57N e 50 B UG 7
o GIRERSEN[OIWHFL T & BT, R @R A A S R, PR RS e B R
T MR AT A B B AU i AR B . LRI TR E S S WK S, Sharada Prasana Mohanty %5 A [7]
PR RT3, WERRER A, RREERRE TSmO ZmAR. BTk
RIVRIE, R REIBAR S LA MR G, DABEE R R THUER N 18 S LA 4G 2% HIHEAT
T T4 5 B0 FE T Ry A 3 2R G4 0905 35 R0 45 3R, 0 KT AR E Pt 47 2 A 28 e 0 B 92 RN PT RE (8]
TR X A EY i 5 BT AR 7V rh i U 10 T S 9 5 P P BRE PR ARG DO B FL 7381 (B Hh T B AR 3
HOLRRAYYS), HEDRBE S BIHIE[9] [13] [14] [19AFELL R 1) AR, SGmEmn 5
IR R 2 i B EIRAS, AR R e AR B, S EIR0R . 2) HAROBIRAE — R HAFFE
SRS, A B B EIE R, B G AER# . 3) T LA R B T, SRR
FT BB 87k IE BOR 7 Hl . B TR FIHEOR TR EN T4 feids B8 1 70 RIBUR .

TENLES 7 S U, TR IE 2 SIHEVF 2 T U 1 S I BOCR,  JUELRE H AR 38R H ARSI J7 [ 10]
[16] [17]e TEIRPEZSI 200, AESeh HARR I 777k [13] [18TREBCN X R $E . FEHRFE. -2 MH, AT
FEMURFAEARAE — 5 YR RVE, VR BE2% 2] ML 35 AE T BE NS ELHER F JiR 46 2504 1 o 75 8 ) 7 L B ARpAE,
FLAE 2 ARBE SN TN AR IAF T — € OGRS GE T PR, — B ™ AR 10 R & il Dy i 2 1 2
HETREAR, RN SR M3 S, GPU A1 TPU W s TH 5 A8 71 REME S BN 25 BT IR 2 IR W 4 45 44
FSIIFAT T 5 o ARSI IR PLAE 52 AT 557 TR B O 9 I R, 82 L SR PR VR 27 S AT IR B B TV
PASEIRE Y090 D 1) B S 52 B, et 78 5l N HARKS I E 7. 72 H ARl Fe 4008, 2 IR B2 21 1) SSD
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Figure 1. Overall framework of the algorithm
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TR P27 IR B ARSI SIS T — TE AR, SSD W45 FL A7 o 33 A AL FRAL S, RRAE AR U AN 1R) RUBE 4
FUARAST I, AR EE T FAMIR P W 45, b 35 P FORS B2 REAE SEBm T ik BT . S8 B IR S 2,
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Figure2. The framework is an SSD network structure, and the layer used for detection includes four layers of yellow frame
area (conv8 2, conv9 2, conv_10 2, pool 11) and two base layers of conv4 3 and conv7 layers

2. iZHEZ A SSD MELEH, ATFRNNESFERGEXIAIE (conv8_2, convd 2, conv_10_2, pool 11)Fa
conv4 3 F conv7 BFNEAME

[i) P9 2% J2 A4 S SRASALL AN [R] RBE TR ) G ARRAE SR A B PN o 76 5 THT /N 28 8K B R AE B 2 (BREEAS R 2
W) LA i, IR R B R EER LR, RN RRAZ AR B k MEIRAE . SRS 285 T JZ 1 BIRFIE I
ARG I A5 SR, A AR AR I ) 5 2 B A AR S HE R AT A%, DA T LS TS [ R A AR AN
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SSD I R BB A (DTS, 24320 5 s AL 35 0 AU A o

L(X,C,l,g) :?]IV(LCOW’ (-x:c)+aLluc (x’l’g)) (1)

b, L (5l ) WK, RIBFERIARQ) Ly () RIS, dABIFNAAR):
N RSCIME IR AR B R MBI 2 XY 1.

LZDC ('x’l’g) = ZZPOS Zme{cx,cy,w,h} xi];smOOthLl (lim _g;") (2)
o, x) FORHUNAE i 5SEBRHE j 6T 2K & RTEICI, 17 HFIHE, g7 MSLhRtE.
exp(c,.”)
L =" Xl 1 h —_— 3
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2.3. BT SSD MERBEENHEE VI REE

2.3.1. BiEY 1

KHEAEY 1 (Data Augmentation)i] L3 TE SSD [1IVERE, HE Y 192 1A PR r £ 7= A= 5 2 1554
el FERH BIER A K-8 (horizontal flip), ALY N Z 4 i (random crop & color distortion),
BE MK AE Btk (Randomly sample a patch) (GREUN H AR ZAEA) .

IKP-E A 8 T LA 25 (B A8 4, KPR 285 SR LIS 36

BB D5 — B EOGIR X (ROY), 8 IE ISR g, 2R A BEALERET I 7 =, BENLE BT X (1 45
R, W 4.
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Figure 3. The example of horizontal flipping. The image on the left is the original image, and the image on the right is the
image after horizontal flip

E 3. KPR RS, EEARE, AEAKTEEZEHNEIS

Figure 4. The example of random cropping, the left image is the original image, and the middle and right images are random
crop images
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Figure 5. The example of color distortion, the left picture is the original picture, and the right picture is the color random
transformation result image
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Figure 6. The example of a random acquisition block field, the left side of the vertical line is the original picture, and the
right side is 2 this random acquisition block domain diagram
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Figure 7. The example images of potato data enhancement (the left one is the original image, the rest is the flipped, random
cropping and color distortion)
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Figure 8. The images with bounding boxes, the left image is before the enhancement, and the middle and right images are
enhanced. The bounding box is green before it is enhanced and red when it is enhanced
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2.3.4. ICEISREE

VG P2 555 % 10 P A2 9 BXE S B A AL BB e ME [RI U C ) 7 vk . BB AP BB— 20 IRIESZPRHERR 3
fE e HEH 5 B2 10U (Intersection Over Union) i KN IEREAR; 25 =20, BiREHESZ SRR THENH
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NP1, BT AU SR D B A 2 2 R B A P R I A HE P, A4S I SAOREAR I LU I 7E 1:3 2o
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WREE AL H 1) R R BRI B FP &8 N A Ay 1 B 4 25 TR DX e 2 (H 2 e o B3 2 7 H D
AR, T RAEA B, e A EVES HIIAA E S N TR g AR & 2 A& % 10U (Inter-
section Over Union) > 0.5 i, CAAIE] T H Az .

3. BT SVM M EfRmNEB N5 BRI E %

3.1. SVM BElg HEI R K FRE

SCHERIE M (support vector machines, SVM) [1211E 38R, TEVF2 AN AR, H B2 TR
FERFIEZ (8] ) ORIANRE, )2 2ttt 70 288, BB i FHAERS SVM X)TARZet 7 Rt [FIFEE H
SCH AR B SVM TR 40 2 0], #on] LA AR ARER, DL R PEARMARRE SVM AU AT 8 S B 5 I 2R

5328, T B URAE 75 22 DX R DCBOR TS 5 Xk, DO SR B R 2 B (0 2 il (e, R [ 2
Pk, Rk, ATRURAHBUERHE R A HRHEE, < JEH SVM IZREF I 73 AR BUR BT A 15 3% A
AT, ATLAEHIA Y SRR B REER 0, FIHMRER R EUR SR WA E. A3
TRPE S F SR 2 SE I8 I SSD M2 g AR BEM: Fr REXIX 5, FRARZSIE - SIRBE, Mok 7 HIEERE R T
ZH A FRBEERA IR . A SCR I FEA FE P 4% RGB i HSV Bt iR, HRliRBUaME RS R, G, B
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3.2. %k SVM #HE

IGHEARE, W TRHREGER R GNE SRR A, RATAFEARE G R RECR, A
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Figure 9. The examples of background sample images.
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Figure 10. The examples of target sample images
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I 11,

Figure 11. The sample examples of network positioning training sample library
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4.2. XWSHRE

AR SCAE Python nFe T & R caffe IR STHEZLSEIL 1 i B AR & AL SRR o B B0k 72
PEERLEIVERT, SSD BRI TR E AL . BARMSHEE N WANEIUE K/ N 300 x 300 145, HF
BN EN 3, (EFEM T, BB, R, FHEERIUER VGG-16 BREM 4, 7, 8, 9, 10, 11
2, BANE AN N(38,38), (19,19), (10,10), (5,5), (3,3), (1,1), ERIAME K/ A[0.15,0.90],
/N SRR LR, BRAHEAS [F] 58 & Eb 2 5918 [2,0.5], [2,0.5,3,1/3], [2,0.5,3,1/3], [2,5,3,1/3], [2,0.5],
[2,0.5], HKIESZEF 571 9(8,16,32,64,100,300], FFAZLL A 0.5, £ LM B BIFVLR SVC £
TR B A 3.

4.3. SLIOWR
4.3.1. SSD M EME ZR WL R Si4iL

X SRR M UG REAT 73 28 M i 18, 2 BB R 2 TR BRI 2K, DR B T &5 S LA 9k,
SR ECE R, AL R B, MRAER S BEIA 2 85%LA I, TP, FN, FP, DR M XAAMESTE 1.4
I RRBEE SN T R PRI T IR E BT 200 FKEE, A LUTR TR, Wk 1.

Table 1. Test results statistics of leaf disease spot positioning algorithm

1. WM R R E AN SR %

RTE BRI RS TP FN  FP DR/% FPR/% PR R CER A )
BB 59 51 8 6 86.44 10.52 0.279
s lda 323 286 37 31 88.54 9.78 0.197

M R iR AR, ANWARAL,  SEER o AL LSRG, BRI AN 2R B R, SeIR A R
W12, [B13, RN, TR PRI R 2B A, AR SR AT B S 2 e A ORIt B e
Fro HERRER T LU 85%LA b, RIS ERIEHITE 10% 447, Al S [ HI7E 0.3 s, FEMEMITE SR
[T T BT, BOE T AR
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Figure 12. Single disease spot leaf positioning effect by SSD network
12. SSD 4% B R BEr v E I3 R &

A1 ﬁlfﬁ{,,_

Figure 13. Multi-spot leaf positioning effect by SSD network
[ 13. SSD 4% Z i3t A E AR E

4.3.2. WD B EERBERE TR

TR TR 73 S 98 70 A AR I PR DX A 2 AT O3 A, — B 0 B SRR AR R 2% 9 57 R BAR MRS H AR
ok, BN E AR EMREAT B BRCRAR AN BRAR, 00 S RIUABUR, sl 14 Fros BHEER A SVM &
RAEIRCR.

Figure 14. Example of pixel segmentation effect directly on the overall leaf image
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Figure 15. The algorithm proposed in this paper performs segmentation of disease spots on leaf images
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