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[(WE] ARV B AR TR H A T HAE R 2R 0 05 SRR BGT R b iR TORZ g 578
R B AT 2R AR, 25 B 48 R BN SR . XA, AR SCHE H T 2T HART RS 19 DeepLabv3+
R 5 0 i8R K BERZSHLHIFHES & BB Be oy B k. w5, MU ZE T EAR ISR Y DeepLabv3+4) EIRAIAE 5
ZH PR B T SRS TER R HSV B2 R BT 4R BeO , R AT K 349108 3R 280515 BN BEA4 ; 555 ) 4K
PR i SETRSUR ( Kaggle NPDD $d4E ) 2 21 B AN T AL 2] B RS (ARAERR ) , B 8% M T B ke
AHHR SRR DRI 40 R BN RIS R R AR I FIZE B IE N FE PR (AN 98.87% , %5
SR B 2 BILE A PPN FEFRER 87.29%. A5 SCHE H R BE A FI L REAE A 2500 H1 2 2415 e G i i I AR TE %
I JREE , RO B R A R R, WO S SRR TR R R Y it — 2 U AL BRER LR R S S AR VB
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Study on Segmentation Algorithm of Cotton Verticillium Wilt
Disease Spot in Cotton Field Under Complex Background

Yan Jingkun,Huang Yuxian,Qin Weisen,Gao Pan
(College of Information Science and Technology,Shihezi University , Shihezi 832003, China)

Abstract:In the process of cotton verticillium wilt segmentation and spot extraction using machine vision technology in the
field environment,there will be over-segmentation and missegmentation due to the influence of the light and shade of weeds
with similar pixels of cotton leaves. In order to solve the problems,a two-stage segmentation algorithm combining the Deep-
Labv3+ model based on transfer learning and the K-means clustering mechanism of centroid selection was proposed in this
paper. First,the infected leaves were extracted from the complex background by the improved DeepLabv3+ segmentation
model based on deep enhancement. Then,the initial centroid was selected from the HSV color space of the leaves,and the
disinfected patches were obtained by the K-means clustering algorithm. Last,the deep transfer learning technology can be
used to transfer the knowledge learned from the source domain(Kaggle NPDD data set) to the target domain( cotton infected
leaves ) ,and the problems of over-segmentation and missegmentation were effectively alleviated. The results showed that the
segmentation index value of cotton infected leaves was 98.87% ,and that of verticillium wilt spot was 87.29%. The algorithm
proposed in this paper can effectively segment infected cotton leaves and disinfected cotton patches in complex background
images , with stronger timing and higher accuracy. It can provide technical support for further recognition and processing of
cotton disinfected leaves images in the future,and provide an algorithm reference for the development of crop pest identifi-
cation technology.

Key words : machine vision,deep learning, semantic segmentation, cotton disease,field environment
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Fig.1 Samples of extended dataset
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Fig.2 Samples of open source dataset
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Fig. 4 Model of DeepLabv3+
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Fig. 6 The graph of training losses and accuracy
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Fig.7 Complex background removal effect
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Fig.8 Hue component histogram of leaf image
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Fig.9 Hue component histogram of diseased spot in leaf image Fig. 10 Hue component histogram of normal part in leaf image
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Fig. 11 The result of diseased spot segmentation

3 SRS

KSR PR R, AR R R AE RS SIS RS 545, st (1) L (2) BTR. ARA NS
i F, VR AN [ 3 A 1, st (3) s,
— 132 —



AL 45 0 T LA AL BB RS 5

R - I (1)
precision TP+FP ’
TP
ecall = 7y o 2
recall TP+FN ( )
2’ XRprc('ision erm'all
K= R— s ( 3)
precision +Rrr‘call

b TP N IER 7 FI R EREL, FP iRy E R R B FN 9T H1 R R

MRAEF A AL I 3 [ 150 H B IR 200 5K, FHASSCREBI AN T2 502300 HEA T AR BE , et 43 B2 5 vh
T i BRE R TR 2 DRI T B BB TR HERR R AN A B R SR E R, E, s 1T
. RSO AL BR8] F) 64 98.87% , FEAS AT LIAGEI 58 8 705, Wik o ) 0 sepo g ol e, H
WA RERAF MR B BN Fy (BN 87.29% , KR 7398 BEAT B AT 284 X, REAE 7 2/ (95 BXE A 20 81 11
k. AT S N LA EIRALE 438 F B 2E 0.33% , JRBE53 &) F) AEAUZE 1.28%. AL v 1
PEOMAGICIY SRS 2% W FBEAT T SRS — T o0 RMERY TAR 78 B Risl 3 i 25 1 1 IR RE TR A
FIBHAELSE IR i oA w1 iy LA BRI TR] 2 R ORFE A, JCik i 2 TIPS IR Ak BE A SR, AR SO R 33 A
BT AR R T5 3k, 2 T P A SCA S S B 23381, AR\ o 15 B 2 0 B 7 RIR 22, 00 K
I IREIVE RN B oy FIN O, o BIERR BE R AR T E A S0A.

R1 SFEIGERITMIstRXTLL

Table 1 Comparison of evaluation indexes of segmentation results
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