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Abstract

The demand for garden plants such as Mukdenia rossii has increased with the expansion of gardening culture, while
concerns regarding drought stress damage have also increased due to climate change and increasing imperviousness in
urban environments. Drought stress adversely affects plant physiological functions, including reductions in
photosynthetic efficiency, necessitating quantitative and non-destructive assessment of plant water status. However,
most image-based and machine learning studies have focused on agricultural crops, leaving a gap in diagnostic criteria
for garden plants. Therefore, this study aimed to quantify drought stress responses in M. rossii using RGB-based
vegetation indices and to evaluate the applicability of a Decision tree (DT) model for stress level classification. A total of
600 RGB images were collected, from which indices including GLI (Green leaf index), NGRDI (Normalized green red
difference index), and BGI (Blue green pigment index) were extracted and analyzed in relation to soil moisture content.
GLI and NGRDI showed consistent decreasing trends and strong correlations with declining soil moisture, indicating high
sensitivity to drought stress. Notably, NGRDI was identified as the most effective indicator of plant water status. The DT
model achieved a classification accuracy of 91.4%, with Precision, Recall, and F1-Score exceeding 0.85, indicating
reliable classification performance. These findings suggest that RGB-based vegetation indices effectively reflect drought
stress responses in garden plants and provide a scientific basis for non-destructive plant water status monitoring and
irrigation management in urban green environments.
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AT Y S gEo] etz it el He
7t i of et Y AEof theh Tl ok
A8 B3 o212 9ItH(Choi et al. 2017). %

s oYt &ol= S8 (Mukdenia rossii

(Oliv.) Koidz)2 thdA 2 EAEZ A GO Z QI
77} ghot /43t 5 A olvt BRI = wol ARf=w,
=4 N3kt 7R ©F T AEA A HsL F59)
Y Aol A &E 7F27F =rhe B7HE T Qok(Li
et al., 2016, Ko et al., 2023).
T2y, 71 HEtE Qe 112, 55,
°7]' sk Rl o] S7He 29 5 AYAEY A
5 QH ol AL 1 o= 2H-g5kar Jltk(Araus,
2002; Fedoroff et al., 2010). 5], &A|] 272 of~
ZER QI EFSAY A Y 14"* o 7] 4H= <l
3 WA o7 AZSE AHEo]7] wlRe|| AX AEHA
1)5f] 7154 o] B2 oz 1 QtHKim et al., 2014).
AE2 47‘4—4 S 2704 S g ol

7He 5 o]

O

;q 0]8_ as /\gx}ﬂo] Zq}ﬂ 2~ 0] 014. Az zA
oAM= F S Asfota AR 24 7 AT T2
dAF gells zelste] Aol FHT &4 Jalct

(Taiz and Zeiger, 2006; Pereira, 2016; Zhu,
2016). °”ﬂ@3§ 2E# A zﬂoﬂ/ﬂ AE2 gE4
& H3t o2 Qs A
jq- 761@_4‘ 1:11_,] lﬂ-/&]—go] _7]-0}_]__7_ l-:/\H H_qu- :L?GQJ/K—]
HbARgo] ZEASITHZarco-Tejada, 2000; Chatterjee
et al., 2023). o]#3l B uix} EAS J|Hto g2 A&
o] ~Ed % Bl Ao Wolels] SIs W w5
o] Hshe Bk FHto] Zmuty o)}
J_E_ﬁ] AEO] AEHA Z7] Atte] A =

AZ9] meiE Astr] 918l 2 RGB % _L-r”f o]

n| 2 & &85 71AISH5(Support vector machine,
K-nearest neighbors, Decision tree 5) 7|5 A&
e duelE A7 S5 AP vk (Agapiou,
2020; Stary et al., 2020; Lee et al., 2021; Feng et
al., 2022; Song et al., 2022; Rockstad et al., 2023).
Ax AEH A A, Mo 24 WS} 7R HEAL
EXo A4 oe= ‘?_}03547] 2ol RGB 974 714t &
A 9] Hg 7Fs/do] =oH, ol Fofl T E ztHofA
2EH A o] 7Hsgo] Ba1E vt 9ltk(Sang et al.,
2021; Rockstad et al., 2023).
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2 A= 20234 7€ 15YRE oF 4097t 43 =]
Aet. B71% SHIA] R =ty &5 ok~
(37°00°42°N, 127°19'12"E)elX =5 Mukdenia
rossii (Oliv.) Koidz)& FA(EAclopdEhste] ZE
o] o]Al5}4t}, o)A T Ry 2 ATfo| T2 7}7to)
ZEO]| dA|sto] v AT 25 2097t 5385
Oﬂoﬂi o|F ¥E FHote] X A E NS A

FAHFig. 1A). Eo2d 5782 WaterScout
SM 100 (Spectrum Technologies, Inc., Aurora, IL
60504, USA) AIAE &-85to] 147 A 0 & Ho]E
27 (WatchDog 1000 Series Watermark Irrigation
Stations, Spectrum Technologies Inc., Aurora, IL
60504, Usa)ell Asiglon 1% wigol 27) glol
WA 102 tfsislel HstelckFis. 19)
AE o 55 YA RO
& 548 ‘Ei" Cﬂ*‘ SRS(OJIP) L2 B4 gt
229 APAT AAE 7|Hre s 2 AoA A
Ao AolstAtH(Lee et al., 2025). AP A< 25}
W, Egpreldo] A fAEE B 2449
A= PSIL HHg S 9] F3}et ago] ¢H2o=
e A AR OJIP F4o] ol whet 2 A+
o= oliE = F& ‘Normal BAZ A olstct
(22% ~ 31%). AZx A& 9ol ¥5E SHF T ES
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Fig. 1. Field setup and drought stress treatments (A), Daily average soil moisture content (B).

Table 1. Descriptions, formulas, and related traits for RGB image indices used in the analysis

Index Descriptions Formula Related traits
BGI Blue green pigment index B/G Chlorophyll, LAI
GLI Green leaf index (2 x G-R-B) / (2 x G+R+B) Chlorophyll
NGRDI Norfnalized gfeen (G-R) / (G+R) Chlorophyll, Biomass, Water
red difference index content

Table 2. Model performance evaluation metrics

Metric Formula Evaluation focus
Accuracy (tp+tn) / (tp+tn+fp+fn) Overall effectiveness of a classifier
Precision tp / (tp+ip) Class agr.eernent of the data labels with the positive labels given by
the classifier
Recall tp / (tp+fn) Effectiveness of a classifier to identify positive labels
FA Score @+ D)t/ @+ 1)+ fn+fp Relatvlon between the data’s positive labels and those assigned by a
classifier
Kappa (Po-Pe) / (1-Pe) Degree of agreement between predicted and actual classes beyond
chance
Balanced accuracy (Sensitivity+Specificity) Average accuracy obtained on both positive and negative classes
Sensitivity tp / (tp+fn) Effectiveness of a classifier to identify positive labels
Specificity tn / (fp+tn) Effectiveness of a classifier to identify negative labels

tp (True Positives): The number of correctly classified examples that belong to the class,

tn (True Negatives): The number of correctly classified examples that do not belong to the class,

fp (False Positives): The number of examples incorrectly classified as belonging to the class,

fn (False Negatives): The number of examples that belong to the class but were incorrectly classified to another class,
B: A parameter that adjusts the importance of recall relative to precision in the F8 score
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It tHTable 3). EHAE 244 Normaldt
Severe BAI= £-2 Sensitivity®?} Specificitys Ho
H8}s| FEE O Moderate B1E Sensitivity7t
0.75% ddiAd e 2 Wekth(Fig. 3F). ol= Ax §hgo]
AL4HQ0 AYH AHEZ Aox yepde| et
Moderate &A1€] RGB |4~ #t°] Normal ¥ Severe
et FEA oz SFHE] el =2 s qIh
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PlotName Plot Row Range ID 6LI BGI NGROI

10 1 1 1 3 1 10.1457821 0.4528232 -0.01605263

) Eﬁo 2 22 1 1 20.1808062 0.3715832 -0.010235%9
s 3 303 1 1 30.135129 0.4915708 -0, 01609181

<Feature extraction>

Fig. 2. Workflow of image processing for RGB image indicies extraction. The process consists of three main stages:
(1) Mask extraction, where the plant area is separated from the background,
(2) Individual plant segmentation, which involves isolating each plant into a separate region of interest (ROI) and
(3) Feature extraction, where RGB-based vegetation indices (e.g., GLI, BGI, and NGRDI) are calculated as input
variables for the Decision tree model.



252 oY% - A - 85 - H4Y
0.20 0.0
0.18 . o3
L * -
0.16 e ® '.. [ 4 .05 “ ‘i
s 53 - H ; ‘.
0.14 ; *: ! . ] [ ] .
]
H . s H b |
01z & ! [ ] Y DO L]
5 010 4 g !
008 - -0.05 ;
0.06 4 ’ P »
0.04 - ﬁ 0.10
»l
002
- L]
0.00 - - T v v - 0.15 T T T T T T
3s 30 25 20 15 10 s 0 as 30 25 20 15 10 s 0
Seil moisture contents{%) Soil meisture contents(%)
© ) L e
o L L
. *% X o
0.65 4 T e P 4 Moisture 046 0 O [e
L J ‘. . L] [
L — :
0.60 ! g '. & Gﬁ ° >
s 22 e BGI 0.13 0.26
—_ 3 ! ] w5 .
2oy M2 e .
[ R [o
| £ B GLI Fs
| s o [3
° L ¥ o 3
0.45 - ] -] o UM e
qe S . NGRDI
0.40 T T T T T }3@ °% ap |
35 30 25 20 15 10 s 0 s S S — T T T
40 05 01 05 1 20 40 0005 10
Seil meisture contents(%)
o
- ?
yes NGRDI >= 0.029? o Severe 2 0 15
: = e
g »
Normal 0 0 .
NGRDI >= 0.035? P
Mederate 9 2 g
Maoderste Normal Severe
Predicted

Fig. 3. Changes in RGB image indices of Mukdenia rossii in response to soil moisture content GLI (A), NGRDI (B), BGI (C)
and their pearson correlation with soil moisture content (D). (E) Decision tree model for drought stress
classification and (F) confusion matrix visualization of model performance. Asterisks denote statistically significant
differences: ** p {0.01, *** p {0.001.
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Table 3. Evaluation of classification performance of the DT model based on RGB image indices

Decision tree

Metric
Normal Moderate Severe
Accuracy 0.914
Precision 0.880
Recall 0.898
F1-Score 0.887
Kappa 0.861
Balanced Accuracy 0.967 0.853 0.932
Sensitivity 1.000 0.750 0.889
Specificity 0.933 0.957 0.975
2 AT AT= RGB 7|6 AR AEE A e A 4. 28
7t TR FAES U o7 RiE o] Sithe HollA,
8 AYAES e & A8 AHElE A sk £ 9= RGB oln|A] A¢E 7Hto=w ¢
£ Y& Z=t}. 71& AtolA= B4 AASE (Mukdenia rossii (Oliv.) Koidz)9] A% AE#HA H
At 289 A28 B89 o] e BT $& PFAOR WS, G4 I AEA A R
9, 2 A7E ©Y RGB AS(NGRDDHC 2E = 2§ 7hs/d& AEstaar = I 4 At GLI
2 EF 462 FH5HIHZhang and Zhou, 2019; °} NGRDI+= Ed 2ot daol uet 4o A4
Wong et al., 2023; Yoon et al., 2025). T3t &g} A e o] =2 WA E ALt o= AX A
2 719k Z71AISkE 71 2] DT RdS 289te = Ed| 2o mhE d54 A4 W FHA 715 Ast 44
] AEH A GA | 7]ofsls AAGE PAFHL 7|5F A4 Z]pof] 2132 0 & HEgE 4= Q2 AJARRE
2 AA BT HollA] T o) AFEA 2D o) 5 o}, ¥HH BGl= B2t dat ot 4uAE B
A 7Fs /= Aokl Kot Hlolg o] MFAo] 2A Yehue, Hx AEH
ok, 2 Aqe Ol FS td o Aghe e 2 ek 915 & A m = A 9] A-gofl= Algte] Y=
ZNA P AekE HAE Ade. B3 Hx & Ao 2 WAEt.
EY Azt AZE Aatol whet Ao g A3EE= & RGB ©]u]A] 2]4= 7]5te] DT Bl =2 BF 45
g ANAE E5 EES A8 49 A4Y 3ure TE YUY, @ ARE 8T A2 2EY A SF
Severe @A Hlo[E7} HF 5= 2L £ EA 2ol aMHo R £94d 4 S sttt &
sho, =el Ad5o] Az ool Algto] |lqitt. what 3], A1 2°] 424 ¥3ks RGB 974 HlolH = A3t
N5 A g Aol AEdA WA 2o AP S olE AR BRE 4 988 SIgos,
ER 1 EE2 95 79 B Ae Aestgle QA VIR HInta A A A Ade] A8 7hs S A
o, 5 A vk Z40) e oJEAe Aaselr]  FHOR A,
SI 5 Al HHE B o] gk B el A Agdoz B 70| A3e RGB W4 47} 4
HOAT), T AT R HANE T A4 Q48] Ax AEAA WSS HHSIE $8 §7
9] 97 Z7014°] Aol Wastel, lsks AAE  AER BEE - USS HolFnl, FF 2 A4
283t 97 A3 (Independent test set)S &l H H|uh] 2] A& e g7 2 E AEA 7N
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