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Fine Segmentation Method for Plant Leaf Disease Spots Based on Deep
Learning
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Abstract: [Objective]ln order to solve the problem of poor segmentation accuracy of small target disease spots and disease spot edges
in plant leaves, and to achieve accurate assessment of the severity of plant leaf diseases, a refined segmentation method for plant leaf
disease spots based on deep learning was developed. [Methods]This article takes dataset I consisting of grape leaf black rot disease,
grape leaf black measles disease, and strawberry leaf spot disease, and dataset I consisting of apple leaf spot drop disease, apple leaf
black spot disease, and apple leaf rust disease as examples. Based on Deeplabv3+, an improved deep learning network called MFA
Net is proposed, which uses an improved Xception network as the backbone network. Firstly, a multi-scale feature extraction module
was proposed in the encoder section and used to improve the backbone network; This module extracts information of different scales
through three branches, and then highlights lesion feature information through a dual branch attention mechanism consisting of
coordinate attention mechanism and channel attention mechanism. Secondly, a dual residual cavity space pyramid pooling module was

proposed in the encoder section, which uses two residual branches to compensate for the information of the lesion area and utilizes self
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attention mechanism to help the model capture the detailed information of the input image. Finally, by introducing two fusion modules
to construct a decoder, it helps alleviate the problem of information loss and maintain feature richness. [Results]In terms of evaluation
indicators, the mloU of the two datasets were 92.07% and 91.91%, respectively. Compared with models such as Unet, Unet
(Resnet50), Unet++, HRNetV2, Deeplabv3+(Resnet101), and Deeplabv3+(Xception), on dataset I, mloU improved by 3.73%, 5.44%,
3.18%, 2.79%, 5.93%, and 2.65%, respectively. On dataset Il , mloU increased by 3.82%, 5.17%, 2.92%, 2.38%, 6.37%, and 2.13%,
respectively. [Conclusion]In the field of plant leaf lesion segmentation, the segmentation performance of this method has been
significantly improved, and the segmentation effect of small target lesions and lesion edges has been improved.
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Strawberry leaf spot disease Apple leaf juniper gum rust
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Figure 1 Example of dataset I
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Figure 4 MFA-Net network architecture
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Figure 6 ECA module structure
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mloU .mRecall .mPrecision Fll F1 4350 FAh A5 AU 1 3% fA Figure 13 Fuse module structure
PERE .
x3 REIHE x4 RBERE
Table 3 Experimental environment Table 4 Experimental configuration
2 fic & 2R fH
Name Config Name Value
opj%ﬁfséyjﬁsmm Ubuntu 20.04.6 ﬂmgg Optimizer e
Intel(R) Core(TM) i9-9820X CPU Leaming jtijlﬁﬁ%uﬁme AR GZIR K Cosine anealing
cPu @3.30GHz - #
GPU NVIDIA GeForce RTX 3060 $2§;mM;fT;?:icay 82(9)00 1
I Vemory 126 HEi o/ Batch size 4
Python 3.8.18 AR B IKEL Total number of iterations 125
Pytorch 1.8.1 WIR 2% 2] % Initial learning rate 0.0325
CUDA 11.1 /N2 2] R Minimum learning rate 0.000 05

ToU FlmloU W54 =X (5) fnin =X (6) :

TP

ol = ——F——
TP + FP + FN

1

mloU = Ezj:oloU
Recall Ml mRecall 3T HA 0L (6) F1x(8)
TP
Recall =

TP + FN

(5)

(6)

(7)
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1
mRecall = 2 Z:z [)Recall (8)
Precision Fl mPrecision 131582 0= (9) #1=(10) .
Precision = ——1— (9)
recision = TP + FP
1
mPrecision = 5 Z;zoprecision (10)
FLAHE A A (1) :
Fl = 2 X Recall X Precision (11)

Recall + Precision
23 RIWER
hy Y AT B IE MFA-Net (94 280H: , (58 F MFA-Net 55 48 4 305 5 53 50 450880 FH 04 23 BB A A 708 10,
5 : Unet , Unet(resnet50) , Unet++ . HRNetV2 , Deeplabv3+(Xceptipn)fl Deeplabv3+(Resnet 101 7Y YE %45 42 114
KJHVERR SN S0 EASE A X5 BE 431 B 1 B850 48 1143 A T I SRt , % b i g 25 R 5.

x5 WK

Table S Experimentation comparison

A AEI S SEHIREI S R SR iR F153%%

Model Dataset mloU mRecall mPrecision F1 score

Unet B4 1 Dataset | 0.883 4 0.9319 0.9372 0.934 5

ByE4E T Dataset II 0.8809 0.9307 0.9350 0.9328

Unet(Resnet50) BiEigE [ Dataset | 0.866 3 0.9196 0.927 6 0.923 6
BiE4E I Dataset II 0.867 4 0.926 2 0.9220 0.924 1

Unetis BEsE 1 Dataset | 0.888 9 0.9349 0.9412 0.938 0
ByE4E T Dataset II 0.8899 0.936 0 0.941 1 0.938 5

HRNetV2 BiigE [ Dataset | 0.892 8 0.938 2 0.942 6 0.940 4
BiE4E 1T Dataset II 0.8953 0.939 1 0.944 7 0.9419

Decplaby3+(Xeeptipn) B4 1 Dataset | 0.894 2 0.949 3 0.933 6 0.941 4
ByE4E T Dataset II 0.897 8 0.949 6 0.937 4 0.943 4

B4 1 Dataset | 0.861 4 0.9239 0.916 8 0.920 3

Deeplabv3+{Resnet101) BiE4E 1T Dataset II 0.855 4 0.929 1 0.904 0 0.916 4
MFA-Net(Ours) 4k 1 Dataset | 0.920 7 0.955 1 0.959 2 0.957 1
BdE4E T Dataset II 0.9191 0.954 1 0.958 2 0.956 1

2% 5 AT 0, AR 5T T B8 HE A 07 7 (MFA-Net) 7E45 D PE M F8 45 L33 HUS T /e, e 83848 1 L, mlou .mRe-
call . mPrecision Al F1 48 5 73 51| . Unet 1 3.73% . 2.32% .2.2% F1 2.26% ; 43 5| Ft. Unet (Resnet50) & 5.44%
3.55% .3.16% F13.35% ; /3 ] b Unet++75 3.18% .2.02% . 1.8% 1 1.91% ;43 5| lt HRNetV2 15 2.79% . 1.69% .
1.66% F11.67% ; 43-5] Et Deeplabv3+(Xceptipn)f& 2.65% .0.58% .2.56% F11.61% ; 53-3| b, Deeplabv3+(Resnet101)
555.93% .3.12% \4.24% 1 3.68% . 1EEHELE I I, mlou .mRecall .mPrecision F1 F1 & ¥5 43 ] Lt Unet /5 3.82% .
2.34% .2.32% 1 2.33% ; 43 5| Lt Unet(Resnet50) 15 5.17% . 2.79% .3.62% 1 3.2% ; 43 5| L Unet++ /5 2.92%
1.81% . 1.71% F1 1.76% ; 43 %)l HRNetV2 /5 2.38% . 1.5% . 1.35% il 1.42% ; 43 5| & Deeplabv3+(Xceptipn) &
2.13% ,0.45% .2.08% 11 1.27% ; 53 ] & Deeplabv3+(Resnet101){ 6.37% .2.5% .5.42% M 3.97% . BIGss R %
B ARG ST 10 7 VAR B o T 55 T 2 B RS

T R b 2R R 25 IS A ) P B ) P RIOR 22 L TEERR AR T RO 4 1 ik rh oy i e R
A A i i EHGOR T10 , o B 25 R an il 14 &1 15 B 16 FIiE 17,

ST, MFA=Net BT IS I ROCR B, B W T S0 bR . A M H D B, 72 X6 L g A 80 vh i 1] Resnet
VSR 321 I 28 S R A BRE 73 BT 55 vh AR IR A, PR R I 48 S22 R AR TR, il LA/ INRRAGE 25 2% LU 3™ B 5 Unet++
T o Rk R A L T Unet K FEAS 3] 142 TF ; HRNet V2 AR B8 1T 2400 PR R A AE AR B A W 2 R R AT AL B,
BuAs T B4R s Deeplavv3+(Xception) H IR BE AT 73 25 B FRAE R $E 4 R 5 Jm il 5 B i A IR 3, fas &
L ARG PL AT R BE o RS BEAR 8 T i — 2048 T, 1 MFA-Net 3l i3 5| A 22 ROBERFAE SR BB B 308 2525
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HAShRTE GT Unet Unet(Resnet50) Unet+ + HRNetV2

AL T4 SRS 5 B A I B RRIZ 5 C. ORI TR 5 0B 25K i 431 5 0. 300 G L e

A.Grape leaf black rot disease ; B.Grape leaf black measles disease ; C.Strawberry leaf spot disease ; [[].Loss or misclassification ; [].Comparison of boundary accuracy

E14 AREZKS B ERI(EHEED
Figure 14 Segmentation results of different models I(Dataset I)
MFA-Net

ELARTE GT Deeplabv3+(xception) Deeplabv3+(Resnet101)

AL PTG BT I SRR 5 C. R B 5 IO BE 25 sl A3 5 0. 30 FORG 1 LU AE

A.Grape leaf black rot disease ; B.Grape leaf black measles disease ; C.Strawberry leaf spot disease ; [].Loss or misclassification ; [].Comparison of boundary accuracy

E15 FAREEDH B RI(EIEED

Figure 15 Segmentation results of different models II(Dataset 1)

{23 1) 4 - B M AU HORIT Rl S AR M 0 T 32T R 48 10 22 RUBE AR SR AR ) (e T BRBRIE L LA R & T 24
KA HERFFAL , f AT MFA-Net ALY o B A% 73 510K 58 B g LA K2 X0 300 G 401 B FRAE A 0 B ity o sl i 1k
ERMRER  WAERT T A7 B0 TR B 23 #1 BA Rh:

ANTF o B R A R A T AR A 1T b AU ZRabt S A0 A2 A a3 i an &l 18 FHIE 19, BT A s R 7 w4 Ay I
Rl Bt B R A R B, W 1O R Y DR ) FE N RE ) o BEE I GRS AT , T R R B R 2%
R ALZ A TUCSL . TE4 TR A h B B, 35125 (B0 T B S TD SR 1R S8, (EL IR B2 i) S s AT Dl 2, e ke 1
RS YN R Bt Y BE TR A B . RN ZRIE 3, & DB AR (B8 TR E o X RIIBIII C 285K 3] 1T —MAHXS
BALRIRZS o SR SR (H AR fh R F i & 20 FIE 21, DeepLabV3+(Xception) #1 DeepLabV 3+ (resnet101) 7£ 1 1]
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I«‘H? ]mage LR GT Unet Unet(Resnet50) Unet+ + HRNetV2

AL ST BE R G 5 B SRR ; CLSP SR AR IR0 s 0 B 25 2R mlai 401 s . 30 SORG E He A

A.Apple leaf spot and leafdrop disease ; B.Apple leaf smut; C.Apple leaf juniper gum rust; [].Loss or misclassification of lesions ; [].Comparison of boundary accuracy

E16 AREERMSEERI(EEED)
Figure 16 Segmentation results of different models I(Dataset IT)

[£11% Image HAYMRE GT - Deeplabv3+(xception) Deeplabv3+(Resnet101) MFA-Net
Pl 1

AL SR BE AT G 5 B SR TR 5 CL SR IR IR 5 . 0 B 2R i A1 5 . 10 FOR B LU AR
A.Apple leaf spot and leafdrop disease ; B.Apple leaf smut; C.Apple leaf juniper gum rust; [].Loss or misclassification of lesions ; [[].Comparison of boundary accuracy
E17 FERER S RIS RN (HEEN)
Figure 17 Segmentation results of different models I1(Dataset I1)

HOR I TR W ARG G, B S A B TR e TR *HttZT,,\ﬁﬁdﬁﬁﬂmwﬂtﬂhjﬁ%ﬂ X
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ﬂﬁ%ﬂtﬁ%&%xﬁuzﬁﬁﬁ%ﬂﬁﬁﬁE’JWE,Tw%‘%%@%E@un%@t%ﬁnjw)ﬁﬂ@%ﬁo 1M MFA-Net i 1
FIAJURP Rt Ty i A Mo TR 4, LR FR An AR 3R B 1y IR AE A ) i 3 4 B4 55 L BT
o RS B DL R B 5 )72 AL
24 HBLRIE

T B ASBERR I 4% 455 ) 1 e el A 47 P B R B A RO AR R AR A5 1 A AR 2 A B
£ AT S A RS, 55 S 4 ) BRAH . TR BRI B R 6, TRl 45 R ik 7,

HH 2R 7 AT 0, 565 VAL I T BT AT eSO e it (), 565 2 RS 3 4135634 28 25 B% TDB Al TDBP, A4l i 56 45
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0.6 Unet 0.7 Unet
====Unel++ Unet++
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. et et
” Deeplabv3+(resnet101) . 05 Deeplal)v3+%resnat101)
2 04 Deeplabv3+(xception) g Deeplabv3+(xception)
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‘s s 04
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K ¥ 03
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0.1
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Epoch EI)OCh

E19 AEEBAIIZRRK #h 2k (BRI
Figure 19 Training loss curves for different models
(Dataset II)

E18 A EEE Al Z5 5% i 2 (BIR KD
Figure 18 Training loss curves for different models
(Dataset 1)

0.9 Unet 1.4 Unet
Unet++ -Unet++
0.8 Unet(resnet50) Unet(resnet50)
HRNetV2 1.2 HRNetV2
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Figure 20 Validation loss curves for different models Figure 21 Validation loss curves for different models

(Dataset 1) (Dataset 1I)

*6 HEIXKIRE

Table 6 Ablation experiment setup

4= TDB fiH TDBP 5 DresASPP #idf firtt 2 itk

Group number TDB module TDBP module DresASPP module Decoder improvements

1 N N N N

2 N J J

3 v N

4 N

5
R7T HRBREER
Table 7 Results of ablation experiment

M5 AR AT RS CRENES STEEIREHER F145%
Group number Dataset mloU mRecall mPrecision F1 score
| HHE4E 1 Dataset | 0.920 7 0.955 1 0.959 2 0.957 1
$¥E4E T Dataset II 0.919 1 0.954 1 0.958 2 0.956 1
5 BiisE [ Dataset [ 0.917 4 0.952 6 0.9579 0.9552
HigE 1T Dataset 1T 0.916 0 0.950 3 0.958 4 0.954 3
3 BAE4E I Dataset | 0.910 3 0.954 1 0.948 0 0.951 0
ByE4E T Dataset II 0.9102 0.946 9 0.9549 0.9509
4 BiisE [ Dataset [ 0.905 7 0.947 0 0.949 6 0.948 3
B4 1T Dataset 1T 0.903 6 0.946 6 0.9472 0.946 9
s BiEgE 1 Dataset [ 0.894 2 0.949 3 0.933 6 0.941 4
B4 1 Dataset 11 0.897 8 0.949 6 0.937 4 0.943 4
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SR R BES> FIRE BE R BT W, KB T TDB M TDBP AL T+ TR AY 1Y) 22 RUFERRIE SR HRAE 7 , iR Ak 1 IX S8y
IRIGCAE , (AR ) B i RO B = T A BERRAIE 5 285 4 2030 76 26 3 250 f B Al b 25 BR T DresASPP 28R , 5 Jit
I H) ASPPREHL AR IR AE R 7, 73 BIRE BE AT BT R B, 3R ] Dres ASPP HEHL 5| ARG, 22 i 45 SR s 1 A7 5800k, — 7
FREEE B8l T BERRAE 2% 3 26 5 A e 50 4 20 A Bl b 250 T A A 4 Gk 43, R JH Deeplabv 3+ Ji
O AR A8 2R G MRS 25 R 7R 4 FH0RS L B T [ 3R T ISR AR R AR ZE AR RE SR R A B R SUF Rl i
Fuse B i 5 45 5 73 SEAT BOHE RS AT SO AN [R) /2 YRR IESEA T R, B D8 109 SR 70 30K 82 5 AR 1, MFA -
Net 38 13 {5 FH 4 4 A9 200k SR (A B A 1 B R RS2 B R IR 1 B AR AE IR0 0 1 /)y E AR S 1X sk
FRIER G TRHER AR B S T EIMER

I3 BCHE AR T FECHE 4R T A% 0 3 42 v 328 BB A I T AR, SR JH B B2 A0 AR ) 2 80T 5 ( Gradlient—
Weighted Class Activation Mapping , Grad—CAM ) 3 51X} 5 2 @l 36 19 B Jm — )2 B2 2R TRRAE v 04k, 25 2R 4n
Pl 22 FlfE 23

SR o LA AR 3 AR 4 SR
GT

Group 1 ablation

: Group 2 ablation Group 3 ablation Group 4 ablation
experiment

experiment experiment experiment

AL A SR 5 B A AT SRRRIZ G 5 C. B RE RO 5 21 (8 B (0 DX L SRR ARG 5 1 € X TTRAR AT

A.Grape lcaf black rot discasc ; B.Grape leaf black mcasles discase ; C.Strawberry leaf spot disease ; Red and yellow areas. High contribution; Blue area. Low contribution

E22 AEAEERIXIE BRG] (BIRED)

Figure 22 Example of thermal maps for different ablation experiments (Dataset I)

PR 4 LAH A 241 A o341 A o 4L R o S UL A
- CT Group 1 _"*J)la““" Group 2 ablation Group 3 ablation Group 4 ablation Group 5 ablation
experiment experiment experiment experiment experiment

AT SBT3 B - FRIBRIZ 5 C. RURE I BER s 1€ 8 6 DX . TTHRAE T 5 S € DX IR SRR

A.Grape lcaf black rot discasc ; B.Grape leaf black mcasles discase ; C.Strawberry leaf spot disease ; Red and yellow areas. High contribution; Blue area. Low contribution

E23 AREHEIRLE RN E RG] (HIEED)

Figure 23 Example of thermal maps for different ablation experiments(Dataset II)
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