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A Quantitative Approach to Plant Disease Severity Using
Explainable AI: A Case Study on Powdery Mildew
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School of Interdisciplinary Industrial Studies, Hanyang University

This paper presents a novel approach for accurately quantifying plant disease severity. This is achieved by
utilizing explainable artificial intelligence (eXplainable Al) and deep learning techniques, which play a crucial
role in early plant disease management. This study focuses on generating severity scores for powdery mildew
infection by not only predicting disease presence through a ResNet50-based classifier, but also interpreting the
model’s decision-making process using Grad-CAM. By highlighting the specific regions of the leaf that
influence the diagnosis, this approach supports experts and farmers in making more informed and targeted
intervention decisions. The significant contribution of this study lies in its ability to visualize lesion areas and
convert them into quantifiable severity scores, allowing for objective and repeatable disease assessments. By
spatially explaining the impact of input features through heatmap localization, Grad-CAM helps build trust in
the model and supports more transparent applications of Al in precision agriculture.

Keywords: XAl, Grad-CAM, ResNet50, Powdery Mildew, Severity Assessment

LA &

H 715 wstel A Aufe] g} FoE FAE WalFY
WA RIS o} 5T} FTbekal lon, ofof mhel Wajef 27
Aga &2 Ao e 5 A4 Fa7t sokA| 1 Q)
CHRani et al., 2023). £3] 3171582 7}A], 7], =4t 5 ohok
& ZhEol| FE sl EA st tEHQ F3o)d W=,
D205 B wEA AAE] A& s Y +5
%, T4 Zoe Y aFs v HTHGlawe, 2008; Sharma, 2021).

AAE A7FEH O 2 Q1% g&f At e TheFg A=l A Bh
BEXOoT HuH glon, v FrE sttt 27]9 4
T, A2 U Ut o] 37 HAlS £3

il

sfol, 22 7} ol ol o S8l )
A bl 4 9om, Gl A W) AT Az o
4009 9 F28] AAA £40] F457]% FrkCarow and

Adams, 2011). 7HA] oA & B7HFH 9 27] Wyt AHEo| ¢
174%E 238 i ZH47F AZEH, Bukso] 33.5%0
28 4% o] et A0 E YEHRTHKim ef dl,
2016). A7)l WA S AABHA] & A5 A9 30% ol o] B

of = o] Az a7}t FE e, v 271 YA E Fal
BE-E 3.5% TE7HA AR ? D}E = {B(Kim
et al., 2016). T A 5 2008\ F-5- %17 <] A}Eﬂﬂﬂﬁj A7

C

Ho] it R2 BT 3¢ 57 } &5 1 30~50%74H4] Zo1=
T A7 B8 72 S 5 T Kang er al,, 2014). 014 H #

]h:EIO

=R FTATATY AU
toasAR AE 2a, 04763 AEEEA A
1 02-2220- 2363 E-mail : june30@hanyang.ac.kr

13Y; 20259 11€ 2

Fax

20251 7€ 25¢ A4 20253 1€

ol 528 £ 913 (NRF- 2021S1A5A8065184).
&7 AR 22, Azt 50325 dfrita

AR FFSHE, Tel @ 02-2220-2363,

0¥ FAE g 20259 119 219 AA &4,


https://crossmark.crossref.org/dialog/?doi=10.7232/JKIIE.2025.51.6.502&domain=https://jkiie.org/&uri_scheme=http:&cm_version=v1.5

e ks A Ro] AA 2 9a)E e, Wy 2]
WAloIA e 27] AT 2 A4 YA 513 A 91 9

E
>
2 .
:‘:L
ol
L
jubad
2
lN
)
_0|g
111
§2
v}
. O
2
5=
&=
off
N, 2
(ol
ox
3

:AI 7]‘* O]‘:’];‘]
= 9oy, ResNet VGG, Efﬁc1entNet 4
Zolgs nd-s &83 ¥ ojr]A] EF AdTF% %Léffl 2

Egﬂ—l— Mﬂr
Aol gsle] fFR o el o 44 EE g o
H7keteE A7 ol F) A 2 911 (Pukkela and Borra, 2017), ¥

HhEE vl g Aol 55 B5, 317 71 ol 5 e H e
WA o] AQbE 1L It o] B WSS A FE B 71 2E
A E3kA g, T B o] ‘B #Hk2(black-box)” 4] 0. & 2}
37| Wzoll, A2 of® Wuk F-9fof] FEF=A]of gk 3
A& A F3HA g om, 7 Aol kAT 7hs A ol A
oA A ZE Sl M= AIZE QT o] ol Wt HZ Ty &
ool M = A H 7Hs- 9184 5(eXplainable AL XAT) 7% =] 0]
o= 22 911, Grad-CAM(Gradient-weighted Class Activation
Mapping) 5= &-&-35to] Al 2 o] A Wnk F9jof FFakaL
A=AE ANAA0Z AR o = 7]ute] v E 1 Qi
(Alhammad et al., 2025).

B AFE ol iR S vl o=, A& W 11 g
3} 51 A7 7Hs A SRE 918 Grad-CAM 7] HLH XAI7IH=
%33}5 ANEE TS AAGT B AT AA FA0A

FFI7E oYL Fuel] B2 ARke] A8 HE 2757
7] oF 22 A AR 2Pl S BE Shgol A A ARESER

et FAACEE, A 2P tiA] FRTE ol A

'] o] X (Binary) AR THE 0]-83] ResNet50 &7 Zd S 3

—

%

ST, ©1F, Grad-CAME 3] 2o Ao Bek
AZPA BA@A Y E F23, dY B JuE Sue.
299 1Y S P OB 22 5 Y AAE B
& et o 4 el ARG F ) nilo) 4
F 1571 27 B8 @A Solmhl sheA) Aol
FAH 0.2 AF3e vlolw B sfel, AHA YL U3

dof dg 2AE /\}%—X}Oﬂ?ﬂ Adrs }31, AA s JAEA
of && 7o AF RS ATTLEN, FY R
Al7|E 843 28 7 < A =L F A ALz 7]

EiRl=

= Al-Hub(https:/www.aihub.or kr/) 2| A A F-8l= T A]
A AE A 7 olH) A OB & oS Rd& 75310
3} AAE FrE EEote HHE TE A= 7E
AT ] £ A7 VN5 E FAH O Ayt g

503

A3l A= A7ks 34 7IHe A8l Zde a4
3} Grad-CAMS &85 Bl A= A4 55 YHES UE
th AR E o2 v L3 Av 9 W) Azs A5E
ZE%t o] % A EAA A 88t} npx|eto g,

T*’] = .
A5l A= 2 Ao o of o} AHAd ks A AR

2. 712 58

2145 A A HEd 97

A5 el AehS A 9eld 718 A= 201692 714
o2 FA3] FUHAh 27]d& o|n|A| £ (classification)
o 5319 CNN BE2-& 283t Wajo] i Ev T/FE d
Z35h= Hho] FRHE o] F%01, AlexNet, VGG, ResNet 5
HEHQ o[ EA Eo] T2 Aol A-&H 3

Mohanty et al.(2016)- PlantVillage B o|EJA & &85 &
14% A= 207) Wal FHAE HFOE AlexNet H
GoogLeNet =& Hul 43l om oF 9935992 £& 43}
SE 2A 3k Sladojevic ef al.(2016)S A4 A E 135 ¥
3l olm| x| o] CNN& 483t Bt 96.3%2] =S 7153t

AL, Hlol e 27 8 A sige) B3HE AF A
ol Aol 8 7ol Bus| A 8w RA, YA Aol
A 899 oAZE A% Hustee At ololzlT

= A $33 7ARE 9 o]
1] A o Inception V3 &5 A-83to 5% Bl 5 vl & 7
A, F 93%2] oS A TE DA Fuentes et al.(2017)
2 Faster R-CNN3} R-FCN, SSD¢} 28 244 &h4] 7|94 &
ntE el Z ol Ao A gate], Wnke] A& A E F
Ao 97 W3 - Bl Se 2 E AAIE A G

FH 2ol = A geet Ao S SAl FHeRe ATt E
I U} Chen eral (2022) A2 7] WIAUSH 27 Heks
A3 CACPNETS A|QFsted, -5 B ]| 9} PlantVillage ] ©] E]
A BF 4 97~99% T2 22 AGEE 7S

Ramcharan et al.(2017)<

ol 7|E ATEL tHE WY 75 Ex FFE
Sohe o 24e g /lon, Blo] vid wthe] wj ol
U Hej o) AA s £3271A)= 18t {—E}% T5H A

= A
S Adt} o]l w2t s o] 213y )bEH
Ad, A5 Ao )Y 7Hs A7 oFf-2
£790] Al 715 AL 1.

[ *)
[3°)
>
o
ol
s.'L
_‘\l

T (Severity) A 33} A%

TE Ao 2 Yy e A= H2
e WAt vk 27]ol= Wk W& Setojy e
g o)A FH o2 SAHshs Aol FE ol FUoU, 5
59 o)F Haste) HYwo} AE 520



504 Jongwook Lee -

A FE A E3) YA B8 (Segmentation), 3] A 7|4+ A
F3}, 9] WAYE(Attention), TFF FF AA e &8 5
71€3 2187} &3] o] Fo]| 11 Q)t}.

Lin ef al.(2019)& 317121 o] @33k @ o] 9loj 4] U-Net 7|
WYY 2g o g Wl JAe T vl B},
g WAL ko 7 W8S AEd) Y 7= 94
U wuke] 929} 9712 a3 AHsto g kA W)
H7tel AFs 7 A S AT

Elliott et al.(2022) 7FA}L Al A BR-Hnf28-S tjAko.

&, Image] 7]¥He] A5 G4 A2 7]‘%]“'} HAlZY(SVM) 7
Hho] wink B8 Ae vlu ok F 71 BF R HA A
o= AFIARL w7 A 2 24 AA wet s Hapt
A ofof whet Helid 7]wke] Al gl o]d mdo]
Al BA FHQA, Lier al (2022)2 20)2] 7S thdo g
DeepLabV3+ Z2 o] attention % 2315 283 Hul Y& &
el o] & 7|Rke 2 ALY AT H4E A= T
ATER2=0.9589] E2 A EE A3 A W3l B}
o §8d Al 2HH ol 71 o] f & %"]/‘}%‘:}

Singh et al.(2024)2 At} 3 7FEH & )44 S 2, Convolutional
Autoencoder2} Few-Shot Learning & 7 3¢+ PDSE-Lite =2 < A

—

Nt

e

)

[e)

) BF 2l 4o gl glojEfRto 2 ke By S
5381, o] 2 7]HEO & 0~100% Y 9] A& AL T Hes

EZYth Zhao et al (2025)2 A3 21 M R 2 H A=
B3] o A& A2 4 =5 7 3k PDSNet 2l 7N
sto] WRE G -& Bt Hal WA &S AFE AT F A
T BT AA @ A8 78S el T RE A E o A8
o] Eth= WIS Wit

124 U-Net, DeepLabV3+ 5 S
éa ]H]—Oi B:h:ﬂ- D:]X‘] o] ;5_1[7](3 _il_?(é‘s]-
B33t A E
skaL o] w2 Wl A ?ﬂl’ﬁ H|F o] & AA S & a7 o]
u, 7R o] Wto] wAlskA S8 A A
Z7] GARI A5 A5ol 43 AskE 4 Atk AR E Zang
et al.(2025)9] ATAAE A7}EH HRkS ﬁéﬂb} B3t
(complex morphology) 773t @<z A
(blurred boundaries), U-Net, DeepLabV3+2} 7EL VNEEE R
o] FE57} wolx| =(low segmentation accuracy) w47} A
A% wl 9T} o) WA WA tju] Wuke] WAl 227} 23 ;<401
mdo] o] 5 WRko & BA|5kA] Xt ol2E 99l
7] wolth o] A E e F& ARE 7| A=
2 9 A 0] 8.8 el AZEE A8 walal] ol

B ATE olgqd 24 A E 30}7] <13, ‘ﬁ‘ﬂ}«] H
A& A4 F43 1
”331’@ 78'71]‘4 Eq’“ H] &0 4—‘—%1’/}

Ao7 QA% /\]71—;@ 7{4

o024, kel 370 7

Sangyeon Lee -

Wonjun Jang - Junegak Joung

27] 2 ACAE 2 AZE Qs =
< A = R

£
rot
X
fo
ol
bl

(weighted activa-
Ho] Frehe 79 S40]
ol 71E9 1A 7k el & 4k
39 7 oo Bk BAE B
5& o] W2 1A A el

2.3 A& g8l Aol A2 Arls 9 FA (XA 2
Grad-CAM 34 A}

= 4
[
ofy
-3
>
bl
Q
‘?i
55
rlo
o
=
ﬁ
F{
=il
N o
B

= ZA A NG 5 49 S Heatmap e 2 Azt
Q0] A& Wl 21 Fopol A dg] &85 3 9)r}.

, Quach er al.(2024)& ENtE A7 A RUE
rad-CAM++< 2835} MobileNet 7|4 B3] &
< =4 o2 AlZE 7k A s B AF
= %}ﬂ} ot

£ 0.2 S Karim ef al.(2024)2] 7ol A =
Grad-CAM©| A A7t l"ﬁmer A7} B S AHgAol| Al 2 H3
oz ;dl:l——“},‘: 1:-]] %L_Q_QM ocq 01—71—;(]. BC:)]SHE EH}‘]'OE z:;l.
Alhammad et al.(2025)2] 7= 2@ o] A E-S A7) 7] 9
3t A4l =T Z A Grad-CAMS A A 3T} 0] 54 Grad-CAMO|

/‘"L}\]71-§]._/FD}%L1;101 UG]O]tﬂH]— l
5] WAt QoS AHFH 02 Hrlst= %%% T 91%%
$Z3t.

Lko}7} Rashid ef al.(2025) S 2.0] 65
CNN 22 o] A Grad-CAM, Grad- CAMH Eigen-CAM & T+&F
A28} 71 S vl @%om 243 A g7 7 %z}

Aol ﬁi@ U=
el &
dlo] @_211 k59 °ﬂ 353 b. %%g Azt o i Zi%é‘iﬁk

o] ¢} o] b A AFEE Grad-CAM= 53l Held

719 el £ 2o A2t g 2AE AN sk, 2 3
A& Asstaz do. 28y o) d7e tEE AR A
o] /\]7_}§}oﬂ .‘_:[’—E’__'ﬂ_’ o]_g- 7]13}0; 3} x%at;ao] HﬂoH ;HE
AE7A = FAeHA| dokths @AE 7N 5, Grad-CAM
o] A|3-5H= HeatmapS 53 UQOl oAt E B3t=AE AY
tﬂ- /\‘— o](:njr —5H1ﬂ-7<4i ]pﬂro].oq Bg-(sH /‘\:17_11—1,:_3 2-]31:
Ao g EE3EE AT 7H o] Fo] 2| 2| it

olof] Bla} B A= Grad-CAMO.E A Z3E 34 999
Wolst A= Agste Wl A4 s s AFslele A=



A Quantitative Approach to Plant Disease Severity Using Explainable Al 505

KT o] WAL B Azkae] A7) %L
£ 7)o 2 Ws) 218 SE7HA) 53
802 Whe 5

ZAA| EE-2 <Figure 1> A A E ulo} o], Ho]E]
A, W B5% 2l 7= XAl A4, 181 A7
= WAZ FAE

3.delH 4 9 AR

E Ao A= Al-Hub(https:/www.aihub.or.kr/) o A A 3-8}
= A 22 AW A oln|A] HolHE B tid R §
t}. s HolEl= 2], 7HA, ©d5Et T 129 78 A F
S ooz, A4 olnA 10,00071 ¢k W3l 1,00071] ¥
&l olm A 2 A F o] ok Wl Fofe o, Gvl, 7] 52
2 FEHY, 9 7t oA 9] F8 FY9 e AAESE
AAE AT HlolH e oln|A ¢} HEtE o7} #-g o] Fu,
g A W 15, #Y F9 59 FHI}F 23H| Stk
tlolH 32 20201d 9L FE 12974 A Al of vl &
FA AT 719 g2uEo] FHste P o, B
olm A= A= oF 5070 48] FTIA, Wal o|w| A= A
A EEQAY HES 58 R & AT A= o]#dh o]
nZ] glolElE 7|Rte g2 AE9| W qJRE E73taL, ¥
JAAE HrE 22T

A HlolEAlE 129 ZH=o thgk Wi g o] m] A & 23
skal Qo B A= Wnko] YA oA A st &
7R BA4e wgste] ARy oy 23 55

e

ZE(7HA], 27, a5, FEk #e))e] AL o] x|k A
Hate] B4 W9 WEe] gt ek mdo] Ha A4 = A
FAZ T ST F UEE, Y8 ojuA| 9] FAI} FA 0
AT FA o Fihsh=Al HEFT o] FA ol A annotation -
2 A FH Bounding Box AHE &&3)] T8 AA|()E T4
O = o|u]AE Cropdte] Hl7A wo|z9| JaF& HAs g
npREte 2 BAIA A0 A5 SRty 2 8 A
WA ¢ Qe WS WA S8, 2 EA4E TAE
| &dt= dlolE gA 2 3 3Hbalancing) 29 S 3T
B AFdA e mdo] A% 1M AAE W3 g4
27):%71:87] 224 =3:1:1:1 BEE A
= 443t doleY shehde HA S
n 2] & 71 Je(EE] 27 E7) 867
Ayt o] 7|E o2 7t A5 W) BA(=
7] - %7] - 2 242 86, A ol m| A= Wa o]
°] Z3(86x3)< Wrgal 2584 A AWERH Aok 1 AT A
(1,29070) 2} 830(1,29070) S-ef 22| B 112 gr331 3|
olu A& THAl A (271157127 ZF 430704, 5%2]
AEHRE 7} 516704 5ok FES FESt HFH o
2 2,580719] oA E AF Ho|HAE T o]l A
W 0 #3334 g YA HolHEREH B A
Aol 714 Adtstal BAFOE 21FE 5 e dolHAS
T337] S18l Aol At

E3 B Aol A 552 FAES Y mdlE FE31R] ¢
S dolHMCRE % o], AVHEHY A4H B
& TR FHstA W AR 3RS Boly| o
5 NE ZE 99 dolHE 8T A, 21T
= ANE Hg 4 mdg FE3) 4 "ol ) 2=
FluE de 1y dolEe Fx T4 Qo
<Table 1>, H[o]E] 2] AA| o A= <Figure 2>} 2t}

o

PRy
o o M
flo ot
O K oox

o ofy ot )
ey

N
AN oL
e
fr
iib)

& oo
i o
N

o
4o

o

Mo &2
o oK

1k x0 Lo

Data collection Building a model

Using XAl Deriving scores

and preprocessing to classify disease

A 4

to explain the basis
of disease classification

A 4

for disease severity

Figure 1. The Overall Process of the Proposed Approach

Table 1. Data Class Configuration Summary Table

Item Class Disease severity Number of Images Notes
Total - - 2,580 Five crop types, each with 516 samples
Class-wise O(Normal) - 1,290
Distribution 1(Disease) - 1,290
1(Early) 430
Severity-wi
CVerltyWISe | Disease) 2(Middle) 430
Distribution
3(Late) 430
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Figure 3. 5-fold Cross Validation
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Figure 4. Example of Image Data Preprocessing
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Table 2. Comparison of Performance Between Prediction Models

E 35 HLE 2R 4 ogAE A vl Ade
<Table 2>9} 2}, R BF A5 v 27 ResNet50 =2
o] Fl-score?l Al BE 29 F 71 =2 34(0.9837)< 7153
S 1, ROC-AUC®I A & EfficientNet-B0(0.9990) 0]l 431 H
AR A G, 3] 1§ EL (0.9989)9] #hS AT 7
™, EfficienfNet-BOE= ROC-AUCHAE 7FF =kou
Fl-score= ResNet50°] BI3l W2 2](0.9814)& EHTE T
T8 ARE A 1A= W ResNet502] 50| 7HE -
FPom, B2 % AE5(0.9837), A E(0.9842), A&
(0.9834) M= H1 45 Yepith meba & AFolAM =
Fl-scored A3 AWz Ax FPHES 7wz
ResNet50< HF 27 R E Ao}

e sk dl AH L Google Colab Pro 374 ol A 43 =] %}
t}. 8<59]= NVIDIA L4 GPU(24GB VRAM)7} Al 35 &= 11
s FEE S AE o, e AR Intel Xeon
CPU @ 2.20GHz, RAM 55.5GBZ T4 5 Uth AZE ] &
748 Ubuntu 22.04 LTS 7]4ke] Python 3.12.12, PyTorch
2.8.0+cul26, TorchVision 0.23.0+cul26, CUDA 12.5, cuDNN
8.92 TEH U 29 &0l AdamW optimizerE A3
31, 27] 8455 (learning rate) 1x10™, batch size 32, epoch 20
o7 ARk E3 k-Fold LAt AZ(Kk = 5)< A4+ fold

Model Accuracy Loss ROC-AUC Precision Recall F1-score
VGG 0.9682 0.0777 0.9969 0.9695 0.9675 0.9681
+ 0.0028 + 0.0095 + 0.0005 + 0.0022 + 0.0030 + 0.0028

0.9837 0.0475 0.9989 0.9842 0.9834 0.9837

ResNet50

+ 0.0013 + 00042 + 0.0002 + 0.0013 + 0.0013 £ 0.0013

EfficionNet-B0 0.9814 0.0424 0.9990 0.9815 0.9813 0.9814
+ 0.0027 + 0.0024 + 0.0001 + 0.0027 + 0.0027 + 0.0027

VobileNet V2 0.9686 0.0761 0.9972 0.9694 0.9680 0.9685
oprieivet- + 0.0028 + 0.0059 + 0.0003 + 0.0027 + 0.0029 + 00028




A Quantitative Approach to Plant Disease Severity Using Explainable Al

—19-!
of¥
i)
olN
o

FRgozn, e o
cosine annealing scheduler

NS
O
10yl
fr
i
rlo

7_(1
™, early stopping(patience=10)< A3} 7
(val_loss)®] 7HAe] A 713F A&H A ¢ A, St
7] Z &3tk vlolH S 4% ¥ (horizontal flip), 2]
Z(£15°), ¥7](brightness) 2 ThH](contrast) Z78(£20%)< X
Fgon, BE YUY on| A= 224x224 YA gafe] 2 5 A
Tk old e 4 AR B 3 4% vlae A,
F& ATl MY A 7S Eol7] felth

o rr b > %
o~
[
>
)
lo

N

4.2 XAL 7]k 3 25 24 4

SEl
Grad-CAM< 231}, <Figure 5>& 918 o]m|x|(9Z), s
olm| Ao thal Grad-CAM-< 2]-8-3F Heat Map(7F&-H)), 12| 1
A o|u] 2| 9} Heat Map= 33 ZIHLEZR)E I AN
gk 218 o]t} Grad-CAM Heat Mapol| A= #2440 7}7h&4
g mdo] s 195 £/ 78 AR 2&sles 9
mjgte}, oA o]w]| A &) 79, Ao FAelAM LEF ofef W
o % A FH2A d9o] AxHUoH, o) Bdo] 3
95 7|W o2 el f-7-5 3955 YepdTh

Original Image

Grad-CAM Heat Map

[

509

B4 s, o)l o)A A8 753 g 397k mde)

7ol F2 9Fe MAE A= FAH AT Heat Map
Aol M 5 FLEE B 992 o] FY stHRE,
HE oJu Al M= s Felo S vhHo] w3 et

o

439 A4 e =5

B AT A W) AT Hee Bdo] A7EEE
R o FES ALY FHo) HE 7|FLR s, it
o] WAy mdo] AFEE Y3t = AA9 A=
<Figure 6>} 2Tk W3l 44 5ol whet Wl 4= A&
AT A3 AAFY] A9 A4 0, U 44.80, H 535, T
#2575 UERtom, 7hd o) A4 4 16.27, H 98.37, B

Superimposed Image

Figure 5. Example of Grad-CAM

Non-black mask

il

Figure 6. Example of Disease Severity Score Output Process

Grad-CAM Heat Map

Target mask

Vaid area mask

Disease Severity Score Map




510

Original Image

Simple area-based (using SAM)

Area/Weighted activation-based

Figure 7. Example of Methodology Comparison

T 73.01, FUF 75.73 0.2 Yt AlZtA o2 2

ko] YA H 7 o|n| X Y45 Heat Mapoll A AE= = 99
o] Y, o]el| e} &= HFE Ueh= A o] #EH]
HE, uke] wjustAY EA8HA] & o H| A A= BY
7AWt 9 o] AlgtE o Y A4 E H 47 REE

s
o S

fus)
Ho
2
o

2
MEshe AtEl = #EEH AT <Figure
Aol = Estar, Hyke] o AA|
UA] e ALl E BTt <Figure 7> &
19 H29 d A=, ek B8 FEvs
g Aol & A9 WHEH Hlus]
SAME &48). o] 7 A o= e

7 W9lE FA4H VAR <Figure 7>
1= HRE 29l gk A5} ol e
Bdo] AZtH 0 2 n Mg 7+ e 7tA]

ot rlo
AN
N
it
o P
="

o N
o

2 7

M rlo g
Y.}

e
ol
25

T
b
g, =

b [N rlo

> |o

N
tlo

d

f
o &g
o X

ol Ho

£ &

=
=
i‘_lz_
> S >

> 8N o
=
Y
N R

tot
ol
=L ol
Rl
Yo 2
dlo
o
Bl
ro

ol
4
0,
£
o
_5&
ot

>
©
i,
g}
)

o e

O Ho ¥E ol Hi 10 o do N o2 2 I rlo
r—g‘
r—r‘
R olX o

ol ooy oY

o2 o
tlo

1475

7198 B 0B E BRSE BF mUg A MoE ®
do] 53 992 BE3] AP WA M= A5
AEAT, o] A 7129 G4H el JYE Az 7]
B 2o b, B U BT M E A2 EHOE o
2 B3 oo 24 iU A9 JUE AR F4%
Lo 230 gk

SHAIRE o2k W 2ol A 4 of Fuh Welef X g

&, 7] QA AolE g A4E A
o el @A) AT o) AR
A7k EASA @) W, & Aol
A7k A 2 ol 9 A9 vl e} ol
HolA] $AHOR BHFO RN 1 BPHS AESHLA

Ak

(1) 74 Ao W FAH &4

A7k A ofFel wEt AT (Normal)d 2w
(Infected) 2 728k F Hoh 2+e] &3 zpo] & Bt ©]
£ 53l sl At AAl 2 AR nky A xE 282 5
AEA 7FHs e A Es LA} gt

<Figure 8> 7} feke] Wol| A4 = M 25 A 73}
]
M

ol

Holth, AT HTHE 0 0208 B0} o,
A% 3t HHE Holt Wl Ael BEE Uehith, i,
AT A2 40~90% Mol WA A Antel Y F2E
eI, ol 24 F Altke] R ol W3k g Sl
@ % 9inh
class
200 Infected
175 Normal
150
o125
8 100
75
50
25
o 20 40 60 80 100

Disease Severity Score

Figure 8. Histogram of Disease Severity Score

TE9 Apol7t BAA o= FH|RAIE B8l ol A,
7 Ao Ag 27t A S EEAE UA A4
A 1ES Ao 4 (tHest)F 2 B AAS
A & AT, 3%A ¥ Avde RlEs H4A
(Mann-Whitney U test)= 2]-&-3fjoF g}, whebA] 7} 3jeke] A
T3S Askr] 3l A9 7% (Shapiro-Wilk test)< Y
Aot A3 AA 2, pvalueZt 194 0.05E T 2to.o
2 AFMEE 7148 &, 7 AT B A S TSk
peteEdEs A
ks

04
= = AA
AFAE NS

[e-

N

bt

ol
o

HAl %71 woll, 7 ek 3ke] Sdak Aol
£ "l wsly] {13 ¥ 24 7378 (Mann-Whitney U test)< 283
o} o] A2 2k Jo] HlolH & e 4l HgoE st



7 A%
%@qq
(1) 7}%«1 A 7%
- AF7HE(Ho): ZET JE Myl el A4
TS AT DMy 9] el 4
ZHRTE A ZTHM, = My),
- N HEH): 2T WRM) e Azt
TS AT AT el 4
FEY ITM, <M,).
(2) A
- p-value = 1.4e-85

r{r rot

ol

A3 p-valueZ| 4 0.05E T Z o2
V2 el e A2 W) A
A Ats 288 =T F ATk ol
2 @k opye}, A2

53] HolzThe 4

tlo o>
N,y

)
of

RIS
=

M2 o o
%

© Y b o o
R 1A e LN i =)
L]é

£ 5

ol

ox

tlo g oy

(2) 7 218 Ao w2 TAA E4
o)1 A, 87121 7kl Fa) B whet 27 (Early), 27)
(Middle), T7](Late) Al HHOZ Al &E-3}ste] 2 TAE W3]

“”Eﬁrﬂﬂﬂﬁmﬂ-%ﬁﬂWOM%@%%%E%

<Figure 9>% oA W
Box ploto]t}. A A A& 2 s
o] 7<4 x]x% 0 7 Aredt= Ak L}}:,]q,}rrq, ol mdo] A=
3 M5k A el 2 st BANE M 5 AeS

R,

100 -
80 -

60

40 A

20 A PR B
o

Early Middle Late

Figure 9. Box plot of Disease Severity Score

Al B 7} A o] At A EEE
2] 8ols}ly] 94 7é‘Ff 747 (Shapiro-Wilk) A4S

511

Aok A4 AR A, p-valueZt F25F 0.05ET 2o
DR RS 71490 &, BF AR ES TEA 4
Ao & AeFQIh ool whel Al IF 1He] A Ato] & H
at7] 9l vl =4 Y4t 24 (Kruskal-Wallis H test)< 3
gt o= B S 7HESHA e HIRT A 0= A ) o
o =9 HG 3 BE Ao] & AFE = Utk v EF dUE
b A AR 7Y 5E 0.05 0181 p-valueZt ER1E o] AF-
VAL 1A= AT, Al e 749 Fefn| g Apol 7t EATHE
1.

Ial

I Zol7t FAA g of = e Zhof] EAfs=AE &<l
3171 Y3 2 48 ¥ 24 717 (Mann-Whitney U test) S 533
Ei=g

(1) 7]_/H 2 ;(-].

- AF7HA(Ho): Wl T A B Wel A4 % 9
TLHM)S A A9 FTARM)ET ALY 2ok
M; > My).

B ¥
FEHM)E T ZTHM, < My).

OH /\l7h: Z /\,]

- 7 H)): Wl o 3
FTYHM)E AT AY F
) A3k
- 27](A), €71(B) p-value = 2.3e-02
- Z71(A), ©71(B) p-value = 1.5¢-06

v R A4 AR, 27)-571, $71-27] 27 ZFollAM
o] £ Aol 7} YRyttt 53] Ho| Fdakol I o
Aol whe} =212 0 & Frtske= A ko] FEshA BEEH AT
ol FAIHCE HAFs] A FUHH R dx SVt A
747 (Jonckheere-Terpstra test)= T Tt o] HA- Al 7
o A7 e R ol @AAY S e A A Fo
EAtEAE AAske BlEs A4 et AR A,
p-valueZ} fro] 5+ 0.058.0F 2to.m g 771 2 72 E
el 18 @A wet Havt @AH R Fobete Ao
A E Fon|te —@}O]?—i AN
olg g B Az f Blo] Ued] Y qRE T

3t &= b} Al
o] 1 AeE Brlshe vl 28 7 A AxR 7]
e UeS HAED

(3) Grad-CAM 243} W] AIZE W17 = &4

Grad-CAM Heat Mapol| 4] &/433} 24 o] Hgigk thH] 15%
orde R 99oR HoYshe Uk (Threshold) Fo]
AEdhe BEl A4 E Ao AAAY dFE vA 5 QU
3% F-2 Grad- CAM«] A AAKSelvaraju et al., 2017)7} ;ﬂ]OP
FAPH 7)EE 7o Ao B AFolME o] ¢
Agke] st A7 s o] BAH fo3d nAE S
A8kl A4 9 ghs AT

o] 5 2l YAIFS 0%H-E] 30%7HA] 5% T4 2 WA



512 Jongwook Lee - Sangyeon Lee -

A7+ e

=

o SAEE S <ol tial Jonckheere-Terpstra
EEl
[¢]

A
testS St o] AL W3l DA(Z7]->F7->27))ol wh
£ % Z7Kmonotonic trend)7} EASH=A S H7}s}7] 93
Al 4= AA ot} B4 A} pvalueZ} 5%~20% T2l A o
Al G2 FE(107° ol3h 2 Ao, 25% ©]F 543
5(2.23x10°-2.20x10%)3ked QA Fro] A=A S AS
SHA 7 A< Ao 7} oFslE| = 73S BT

7 G2 pvalue(3.84x107) 5 7153 20% F2E FA L
B 15%~25% THe 1% T = AlEstete] BM3T 1 2
7}, p-valueZt 15%~20% Bl oA Ak 0 2 UHA] 425 3
11, o] Z 18%90 A HAZH3.41x101%) & 71 3T} o]o] A 18%
£ AR 17%~19% TS 0.1% TS 2 tA] Al £33}
B3 A} 17.1%00 A p-value 3.32x10° 2 A 32 e
o

i_.

q
™, 17.1%~18.0% TIHIAE frol/do] HgH o2 A5
75 g2 gth. o] = <Figure 10>l A E¢ld 4= gith,
o] A= Grad-CAM Heat Map2] #& &4

Heat Map2] <F 17.1% o|/d% o, ¥3)| 1) Tt

7} 48 WA FEEE ofrdth. J8u, Grad-CAM9)

A AAT} Ak 15% QA =3 HA A & glo] AL

438t HAg ZAR AL EE =228 4 9o 2849

AARY S BT

-7.5

-8.5
®—15%

®—17.10%

log10(p-values) (lower is better)

-9.5 °

-10

0% 5% 10% 15% 20%

Valid-area mask threshold (%)

25% 30%

Figure 10. Graph of p-values by Threshold

2 %5(XAI) 71*H2! Grad-CAM<
H8 ol g} A2 =712 A gst

= =
_I_E}‘F

£ oH

o >

Wonjun Jang - Junegak Joung

71E ATEL FE WY F7 £F E= XALVIHE F
A2 AR el 23 < ST U R AT Al R
T 278 AdE og drste S, e ARE 7
o2 AFAJAANAE ARE TEFOEZN AE W3 R
4 7Hs A d84E FA ALY 53], Grad-CAM
Heat Map®] g% A 5.9} el 8 &7 3t A4 A&

3 Bdlo] 4H=3 Mt AAl A
A& 7RIt A& gl
B Ao A AR AFH AA4E A AA
o oAAA S A et ol FAHCE &84d 7+ 3
01, A4 F3hol| & YA FK(Threshold) 71%F2] €]
|5 AAIsH= 2o 7hsstth. 7HY, A4 & A4 0.
F2Ql ofAl A2 A4S, 0.3~0.7 71 TH
FOE 78k 5, WA A7), oA w5, A
AFHOZ ARt b 719 5 k. ol 23 A
FY Asst Al 2ElY] AAA 112 Al A4 28
o Yoyl B A4 Wl 7] AR Al2"d &8
AAE dlolE o} Aetato] el &4k oS o] 3
(feature) 25 &8 715 Ao|th.
AT ArtEolgte 54 Wale 559 A&
IS FEYhe FolA 2 7HA AE 7R
AES T FAEAT Yo FEp A
H E4S AlgsHAl wkgatA 3t dA=
B 7} Aof 222 E5lH o & 2d

S folpl g 4u

off
e

A
-

_|_
1SN

i
T o
fo d®& T Ho 4 mn o

N¢
m
Q9 >

N o
>,
-
2

4o o N
ry 4

1
=
o
N

ot
ot o

4
X0

> ol
o X
+
Y

I
E
e

oo o
r_>‘: off —o
< i
g&ﬁr}m
o lo o

o
S5

oz
o
)

=
o mk ol
o, -L?i X
o o

(oo 2 2 ot
4 rr
)Y

re
dg",
)
—r
o
o
=
ox
lor
O

= re
b
rr

ol
ol
2
2
it
o
o> rZoo

I 38
o |
= i

~
s o
)
=2
=

bt
i [e]
HN
o
o2,
o

i
ox

ofr

Lo
o
(2 o oF 1N I o)y

oX [
::l‘
rt

=0

Alhammad, S. M., Khafaga, D. S., El-hady, W. M., Samy, F. M., and
Hosny, K. M. (2025), Deep learning and explainable Al for
classification of potato leaf diseases, Fromtiers in Artificial
Intelligence, 7, 1449329. https://doi.org/10.3389/frai.2024.1449329

Carew, J. and Adams, L. (2011), Comparison of five non-pesticide
mildew control products on strawberry, Agriculture and Horticulture



A Quantitative Approach to Plant Disease Severity Using Explainable Al 513

Development Board, HDC Project SF 113, Edward Vinson Ltd.,
Faversham, Kent, UK.

Chen, R., Qi, H., Liang, Y., and Yang, M. (2022), Identification of
Plant Leaf Diseases by Deep Learning Based on Channel Attention
and Channel Pruning, Frontiers in Plant Science, 13, 1023515.
https://doi.org/10.3389/fpls.2022.1023515

Elliott, J., Meva, J., Fukai, S., and Leach, J. E. (2022), A comparison of
ImageJ and machine learning based image analysis methods to
measure cassava bacterial blight disease severity, Plant Methods,
18, 86.

Fuentes, A., Yoon, S., Kim, S. C., and Park, D. S. (2017), A Robust
Deep-Learning-Based Detector for Real-Time Tomato Plant Diseases
and Pests Recognition, Sensors, 17(9), 2022. https://doi.org/10.3390/
17092022

Glawe, D. A. (2008), The Powdery Mildews: A Review of the World’s
Most Familiar (Yet Poorly Known) Plant Pathogens, Annual
Review of Phytopathology, 46, 27-51.

Gopalan, K., Srinivasan, S., Pragya, Singh, M., Mathivanan, S. K., and
Moorthy, U. (2025), Corn leaf disease diagnosis: Enhancing
accuracy with ResNet152 and Grad-CAM for explainable Al, BMC
Plant Biology, 25, 440. https://doi.org/10.1186/512870-025-06386-0

He, K., Zhang, X., Ren, S., and Sun, J. (2016), Deep residual learning
for image recognition, Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 770-778.

Kang, H. J., Kim, Y. S., Han, B. T., Kim, T. L., Noh, J. W,, Kim, Y. G.,
and Shin, H. D. (2014), Alternative fungicide spraying for the
control of powdery mildew caused by Sphaerotheca fusca on
greenhouse watermelon (Citrullus lanatus), Research in Plant
Disease, 20(1), 31-36.

Karim, M. J., Goni, M. O. F., Nahiduzzaman, M., Ahsan, M., Haider,
J., and Kowalski, M. (2024), Enhancing agriculture through
real-time grape leaf disease classification via an edge device with a
lightweight CNN architecture and Grad-CAM, Scientific Reports,
14, 16022. https://doi.org/10.1038/s41598-024-66989-9

Kim, J.-H., Lee, K.-K., Lim, J.-R., Kim, J., Choi, L-Y., Jang, S.-I,,
Kim, J.-H., and Song, Y.-J. (2016), Yield Loss Assessment and
Determination of Control Thresholds for Powdery Mildew of
Eggplant (Solanum melongena), Korean Journal of Pesticide
Science, 20(2), 145-151.

Kirillov, A., Mintun, E., Ravi, N., Mao, H., Rolland, A., Gustafson, L.,
Xiao, T., Whitehead, S., and Dollar, P. (2023), Segment Anything,
Proceedings of the IEEE/CVF International Conference on
Computer Vision (ICCV), 2023, 1860-1872.

Kohavi, R. (1995), A study of cross-validation and bootstrap for
accuracy estimation and model selection. In Proceedings of the
14th International Joint Conference on Artificial Intelligence
(LJICAD), 1137-1145.

Li,D.,Lin, Z., Wang, Y., Huang, J., and Liu, Y. (2022), Attention-optimized
DeepLabV3+ for automatic estimation of cucumber disease severity,
Plant Methods, 18, 109.

Lin, C., Gong, L., Jiang, X., and Zhang, Y. (2019), Deep learning-based
segmentation and quantification of cucumber powdery mildew using
CNN, Frontiers in Plant Science, 10, 155.

Mohanty, S. P, Hughes, D. P., and Salathé, M. (2016), Using Deep
Learning for Image-Based Plant Disease Detection, Frontiers in
Plant Science, 7, 1419. https://doi.org/10.3389/fpls.2016.01419

Pukkela, P. and Borra, S. (2017), Machine learning based plant leaf
disease detection and severity assessment techniques: State-of-the-
art, In: Classification in BioApps, Lecture Notes in Computational

Vision and Biomechanics, 26, 59-83, Springer, Cham.

Quach, L.-D., Nguyen Quoc, K., Nguyen Quynh, A., Tran Ngoc, H., and
Nguyen, T.-N. (2024), Tomato health monitoring system: Tomato
classification, detection, and counting system based on YOLOv8
model with explainable MobileNet models using Grad-CAM++,
IEEE Access, 12,9719-9734. https://doi.org/10.1109/ACCESS.2024
3351805

Ramcharan, A., Baranowski, K., McCloskey, P., Ahmed, B., Legg, /.,
and Hughes, D. P. (2017), Deep Learning for Image-Based Cassava
Disease Detection, Frontiers in Plant Science, 8, 1852. https://doi.
org/10.3389/fpls.2017.01852

Rani, S., Singh, J., Kaur, A., and Kaur, P. (2023), Novel plant disease
detection techniques - a brief review, Molecular Biology Reports,
https://doi.org/10.1007/s11033-023-08838-y

Rashid, M. R. A., Korim, M. A. E., Hasan, M., Ali, M. S., Islam, M.
M, Jabid, T, Islam, R. U., and Islam, M. (2025), An ensemble
learning framework with explainable Al for interpretable leaf
disease detection, Array, 26, 100386. https://doi.org/10.1016/j.array.
2025.100386

Sandler, M., Howard, A., Zhu, M., Zhmoginov, A., and Chen, L. C.
(2018), MobileNetV2: Inverted residuals and linear bottlenecks,
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), 4510-4520.

Selvaraju, R. R., Cogswell, M., Das, A., Vedantam, R., Parikh, D., &
Batra, D. (2017), Grad-CAM: Visual explanations from deep
networks via gradient-based localization. In Proceedings of the
IEEE  International Conference on Computer Vision, TEEE,
618-626. https://doi.org/10.1109/ICCV.2017.74

Sharma, G. K. (2021), Cucurbits Disease: Special Reference to
Powdery Mildew, Astral International, New Delhi, India.

Simonyan, K. and Zisserman, A. (2015), Very deep convolutional
networks for large-scale image recognition, Proceedings of the
International Conference on Learning Representations (ICLR),
arXiv:1409.1556.

Singh, R., Koundal, D., and Chouhan, D. S. (2024), PDSE-Lite:
Lightweight framework for plant disease severity estimation based
on convolutional autoencoder and few-shot learning, Frontiers in
Plant Science, 15, 1319894.

Sladojevic, S., Arsenovic, M., Anderla, A., Culibrk, D., and
Stefanovic, D. (2016), Deep Neural Networks Based Recognition
of Plant Discases by Leaf Image Classification, Computational
Intelligence and Neuroscience, 2016, 3289801. https://doi.org/10.
1155/2016/3289801

Tan, M. and Le, Q. V. (2019), EfficientNet: Rethinking model scaling
for convolutional neural networks, Proceedings of the International
Conference on Machine Learning (ICML), 6105-6114.

Willocquet, L., Sombardier, A., Blancard, D., Jolivet, J., and Savary, S.
(2008), Spore dispersal and disease gradients in strawberry
powdery mildew. In Canadian Journal of Plant Pathology (Vol. 30,
No. 4, pp. 434-441). Taylor & Francis. https://doi.org/10.1080/0706
0660809507541

Zang, H., Wang, C., Zhao, Q., Zhang, J., Wang, J., Zheng, G., and Li, G.
(2025), Constructing segmentation method for wheat powdery
mildew using deep learning, Frontiers in Plant Science, 16, 1524283.
https://doi.org/10.3389/fpls.2025.1524283

Zhao, Y., Liu, J., Zhang, R., Sun, X., and Wang, Z. (2025), Plant disease
segmentation networks for fast automatic severity estimation under
natural field scenarios, Agriculture, 15(6), 583.

Zuiderveld, K. (1994), Contrast limited adaptive histogram equalization.



514 5% - o4 - RAE - AE7

In P. S. Heckbert (Ed.), Graphics Gems IV (pp. 474-485), Academic A9 F: grofoistw 4+ g-38sHE A R 33k 5 shAF Ao
Press. A ook, A AT Hope HY7bs ATAS WS BE
& 25 9] 3| A7} o] 3f o] T}

20199 494 3 31918 AS3hsich. el vt ofut

G1F%: TyToh SAEULNR BREAE M AAY ) olat ¢-ahel |2 el Bofatel 4 WAL AR 0
Ao Foltk B A7 Boke olel A R SHAARNS o cpg o ) sl 408N Ly
ABAS S BETAY T4 4T A2

Aol A7 Folth, T4 Aok 2 vjolid, E7 HlofE] 241,

==

Ar7bs AEA &80l



	설명가능 인공지능을 활용한 식물 병해 심각도 정량적 접근법: 흰가루병 적용 사례
	1. 서론
	2. 기존 문헌
	3. 연구 방법
	4. 사례 연구
	5. 결론 및 시사점
	참고문헌


