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B Akl ] B ofE 2kol A 7HE dAlol] whet e A o 2 483k 4= 9l v AR] A o] o] J gk Aol
2 AFNANE VAR IAME 7ES vt 93] &S @ A5 FELEEG) 7kl SEHGTL 23 eSS AL
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Fl-score #t°] 0.812 -3+ A5 et

[Abstract]

Drought has a serious impact on society and the environment, but it is a comprehensive and gradual process in the affected
area. It is necessary to establish non-structural measures that can be flexibly applied according to the drought stage in order to
prepare for and respond to damage caused by drought in advance. In this study, the probability density function of water demand
data and the probability that a random variable is included in the interval are calculated to prepare the standard for each stage
of crisis alert was established. Al-based classification models such as decision tree (DT) and random forest (RF) models were
used to figure out the size of water demand in the near future based on the established criteria. The model's learning section was
from 2004 to 2015, and the validation section was from 2016 to 2021, and the accuracy of the model was evaluated. As a result
of evaluating the accuracy of the model, the Fl-score of the random forest model was 0.81, indicating excellent performance.
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SHA] dom, Akshd W Askd 52 iAo
Ao tHKim et al., 2021; Jang et al., 2021).

BrTaE A5 A4 A WA F Jﬂ*‘J
wAAIE g oA o] g 55 AAshed Tag A4
HE AFeit) webA, oS5E #hs 29 AHsA o]&gk
oA A E 8-S s 5 Qlnk AR AgE =
< EFTFAF oS0 o] 7
TFAR FF] B
A A et o] = Qlsl, A=ES
FOE A% wleA] Ulo] Felxdo] s O]TOV]X]
A= TAE =YW 4 AtKHGlobal Water Intelligence,
2011; Kwon et al., 2012).

SFTFoE dS5S $13 AYATE AR, Atsalakis,
et al. (2007)< ditE & 39 #E= A v8o= g
A8s Algstr] $1sh *Q—)F—’FR‘%LE— of|Ze] oS Aetst
At L =S 98, adaptive neuro-fuzzy
inferences System(ANFIS)'% sldal auto
regressive(AR) B33} ol oS vuds u o F2 A4
=& AT Alvisi, et al. (2007)2 @714 2n]e] 1
t Errass A58k 98, AR RYS A8aqlaL,

1k F OEOE1 wle] dnAQl A e 7149E gfets)
ATk SHAIRE, AR RE2 HlaA vk 7] sl A A

s, u}ooez} sfele] F714i0] BYH o AGH §55
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olelgh A5 sl dsl7] f18l, Tabesh and Dini. (2009)
< 713 R 9] Am T 94 a1 s A aest
HAgy wEgow 4zl AFAIH M artificial neural
networks, ANN) 235 #-83lo] &8 o5 LIS
AletslAt). 12]a Choi, et al. (2009)2 T 2174 W (multi
layer perceptron)$l Al 7]¥ke] ®&o] AHeksir}a AFs})
&It} Firat, et al. (2010)2 |58 53517 28,
eneralized regression neural networks(GRNN),
cascade correlation neural network(CCNN) G414 A
A 2FE A&t waled 2 Held 7Ivke] oS 2
7 AR Eg& vlarste] B ZiAE oS daks Slskelt:
(Kwon et al., 2012; Altunkaynak et al., 2017; Choi and
Kim., 2018). o|A§ §57a% oS 49 4
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(relative frequency) =& &-E(probability) o]} gt}

4% (continuous) H= o4H(discrete) R F2H
W= (random variable)> Z} W&gFo] 7IX&= 54 ko] &
B¥ ofe] 1 Aol Hdth FE wWx I
(probability density function, PDF)= S5 W<e] X2
YehE= 5ot} 88 A% 3 f(x) 9 77 [a, b9l
A e W X7F bl 299 3 Pla < X < b)
= T ok

f(@)da 2

T2 E¥ d<(cumulative distribution function, CDF)

A gE W 54 #gan gAY 2 gES Ve
= 3ol & 74 B 3 Flo) e oW Wk X7}
AW ¢ By 34 & &5-5 ov|sit)

webd, Flx)E Ol EE 174%] S71ehs ¢
AFT3Hclass interval) &2 Lo] zF 7ol Léh= 2}
= g7}
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AFAA U (decision tree, Tree)¥ ABE9] 113<

o2 A5 g JYHHY 18| 2(graph) 2 X 83},
Al A5ES Alslsla duds B78 7 JES 9
S =&31= 28 o]t Breiman et al., 1984).
AAA Y= &4 Zl1¥(dynamic programming)®] 3}
F2 A WS o Z Adgnit] oA EEE AlEES
ZIEd o8 M2 fARSE AR ER AlskEh E|a v
Al Alst A4S 8l HEHom FquE RvF edst
Al olFAF w 7px] wEsit) JAAARURE e
(root node), %7 }ti(internal node), Evt](leaf node)
2 71| (branch) €2 F~d € th

M do
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Fig. 1. Conceptual diagram of dicision tree model
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WX Y ~E(random forest, RF)E YJE(ensemble)
el mE o= o] 7je] ox AU B MES o
HFoKbootstrap) B8-S e5A1A FAl(aggregration) 3=
el w7 (bootstrap aggregation, bagging)®] 7] dg]
Aol (voluntariness)S Hgh 5 F3olt), Py~
= i 52 FAE ATt & Aot Choi, 2017).
WHEH~E= wj7e] 7|2 A& vlde= 3% Ans
TSR FESe], R EATE wHAoR FAEaL &
n-treeRT AAgeit. dwbd o= oF 500719 o AFA S
Adstal A/dE 500780 SAPAE 5 ddE R
(vote)Fo2H HF ANE =5 7 Q) o7 |AM, &9 A
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i

£ R U SPFAIRE AR Agsle] AuE wEY
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Random Random
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Fig. 2. Conceptual diagram of the random forest model
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A& true negative (TN)o|2} 3t} &5 FHL v} F 1
I} o] FHE 4 JtHFawcett, 2006; Kim et al., 2021;
Lee et al., 2021).

E1. 25 ¥E

Table 1. Confusion matrix

Predicted
Classification
Negative Positive
Negative TN FP
Observed
Positive FN TP

e 5 PEE v oE Fgk(accuracy), LFE
(error rate), W7 %(sensitivity), 24 (precision), £9]
S(specificity) & 2P 4= ATHEE 2).

B 2. ZH gIt X|Hof s g4
Table 2. Equation for each evaluation index

Classification Equation
TP+ TN
Accuracy
TP+ TN+ FP+ FN
FN+ FP
Error Rate
TP+ TN+ FP+ FN
. TP
Sensitivity _
TP+ FN
. TP
Precision _—
TP+ FP
i TN
Specificity
TN+ FP
Fl-scoret= AWA} WIS o]&3lo] olefje} 7ho] At
Ae ¢ glom, AmH oz B 12 %7)3}
2
Fl— score — (1+ %) (Prec. X Sens.) @
(8*Prec. + Sens.)
M. A5 cfe 3 Zut
3-1 a2 o
A7 F9oll= AT Tl e A FEA) oiE-E
2 Astnl, AN BT g3 BT AVE £F
s, AdEE Gl skt AR} Hallato] oJ7]d] &
s} Aael Al TelE mEaA G,
. Sk
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o
H
off
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a8 3. o7 7Y 21X
Fig. 3. Location of study basin
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FAdstar glvk. TEHFEe] H49e 11,0000m°/ day)
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A T BxE vetaly] 98l sl~E 1 (histogram)S 2t
gste] stetelgint. FellFEe] & e 5,0005H
6,0007FA] 0l A ARl F7FsllaL 6,0005-H 7,000714]
o] ARgFo] 71 wo| EEIFUTHAE 3, 19, 4).

3. 8440 Az HE U 55

Table 3.—'_I;';eqiency and accumulation of water demand
data
Water demand Frequency Accumulation rate
() (the number) (%)

0 0 0.00
1,000 0 0.00
2,000 2 0.03
3,000 2 0.06
4,000 19 0.35
5,000 670 10.54
6,000 4,209 74.56
7,000 891 88.11
8,000 722 99.09
9,000 52 99.88
10,000 8 100.00

27|30 wh, ARES B9
49 58] e APgelN Aar)Ed 2 7
T 70%00A 80%E 7o & Abgstal k. FHIFHS
o) 8|71k 9,098(m”/day)ola A A} FFEC] 70%
= 6,368.6(m>/day)°| 3L 80%= 7,278.4(m*/day)°]th.

Frequency(the numt
e
Q
=1

S
5]
<

0.00%

FFLFLFLFLFSLSFSLSSLSSS
AT Y W Y oY AY Y oY (O

Water Demand(n’)

s Frequency(the number) w— ACcumMuiation rate(%)

Jf 4. BSHRY AR S|AETY AN
Fig. 4. Create a histogram of water demand data

wed, B AT THEAAR J1E § e §
A LA R 0 8 arstel Falde] 1)
AR 78S ket o] Ak TARGLe) Sk 2

A Hv) S aste], A7 ©Ae] e FElHTEe

E?l'

Al7|E B2 REE S8 PHST 8542 oS0l BEt 9T

HAdl s Iees® AAsIele 7wk 9,098.0
(m*/day)oltt. 27 @A9) 715 o A F5] 75%%
Z1Zo 2 ARSI 7)1ZS 6,823.5(m”/day)eltt. F2o
WA= 50%E 71O R 71FES 4,549.00m% /day) oI}, T
A A= 259 7150 R 7]k 2274.5(m”/day)ol Tk
AAE 71H R 7)ES U 1 49} o] YeRLh

B 4. 7 F5Ee VHE 7|FE ME
Table 4. Setting the crisis alert standards at Gurye water

intake
Class Classification Vzl;t:rni(:nng)z?)d
Serious 9,098.0 < 11,000.0 38
Alert 6,823.5 < 9,097.0 2,102
Caution 4,549.0 < 6,823.0 4,313
Attention 2,274.5< 4,548.0 8

=R OIS 2

Tf(classification) = =HEG| we} 7P A
(correlationship)©] & %W ~(AI3 7t class interval)
£ dFsh= Blolth &, &8 R Uigk Ak57} ofw
gk Al TRl SeteAlE vetele Wleltk i =Y
(classification model)> F 7}4| &&5o0 = :r"t'ﬁ]’ T ATk
A5E A T el AR T o= = ZA4
(decision boundary)< Ztolu]iL o] HAAHOZHFE o=
T FEIR=AE Akshs WEEE 23o] ok Tl
AEd Agol s AlF Ftoll XS S5 Atehs g
E4 3ol Atk & AFelM = 7R mEe] &8

of i sfolsi LA, A2 RG-S 4

TAATA) SFraTe 198 §4rade] T
wow], T 5 B0 9 L AL, Bt Lol
dape wt) ol @ JBe T, TSR B
F5AF D S V529 194 5L, A1), B
7] AE2E 200435 20219714 1Y T2 5313

1) RHEAIREE E43 558 F AF 3L EF dF
=2y 7
g5 TR 2004 35E 20159714 4,3837) A EES W
2F73%(k-fold cross validation) & #-&3}e], sk 2 7}
E et 1e)a 201635 202137-4] 2,19270 AF
55 A% FeR st Ry HIAAS Hriskelrh
GAPAA L= 119] uiZlRR(cp) 2] 3hE o] 83l BES
gr538tal cpv AFAAVHT B3 2] 7FX|A]7](tree pruning)

£ 918 NSRS oJulh), 7B A7) AR e) )
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Table 5. Deriving the parameters of the decision tree

model

Classification CP Accuracy
1 0.00102 0.8920
2 0.00204 0.8932
3 0.00512 0.8952
4 0.00614 0.8953
5 0.05635 0.8909

E 6. AAZHLRE 0|83 8440 £7 0|5 =¥
MsEINsETY
Table 6. Water demand classification prediction model
performance evaluation using decision tree
(learning section)

Obs.
Tree

1 2 8 4

1 0 6 0 0

2 0 3767 128 0

Pre.

8 0 298 183 0

4 0 1 0 0
dAtzol] o] AP Ry v pEsE A4
slsha w3e) o 45 FrRkth O & T oA
U 2R 849 550 AT B 23 3

E 7. ARFLIRE 0|83 8442 £F oS 2
dsgrHgr)
Table 7. Water demand classification prediction model
performance evaluation using decision tree
(evaluation section)

Obs.
Tree

1 2 3 4
1 0 0 0 0
2 1 351 801 12

Pre.

3 1 23 624 14
4 0 0 0 0

ZEI=55[=2X|(J. DCS) Vol. 23, No. 12, pp. 2545-2553, Dec. 2022

2% gHS v HYA Class 1, Class 2, Class 3, Class
4ol G oA=L BTt BE Classell H3k <52 7}
A3} Fl-score’} 04302 d&8 o] <55 & 4= )

E 8. o AREELIE 2™o| Fi-score
Table 8. F1-score of decision tree model

Class 1 2 3 4
precision 0.00 0.94 0.44 0.04
sensitivity 0.00 0.30 0.94 1.00
F1-score 0.43

2) APEH2EE &85 8558 F A7 £F 45
23

sk R 2004 A5E 2015971H4] 4,3837) A RS o
217 %5(k—fold cross validation)2 &35}, <5 9 A7}

kAT 18] ar 2016\ d5-E] 202137H4] 2,19270 =+
AT e s AAste] 2y AE4S Hrekgloh
FHZEE 9] wi/idAR(mtry) o] #h& o83t &
FEaal miry= SHBTENA ZF Egd AMSE ©
= omjgit), v ¥ 9+ APEYAE 2o ujjyj
w2 A3s Yehlla HA o wieE sk
Elael=

[t
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o o
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‘101‘ FU10 o
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E 9. MHFAE 28Ol o =&

Table 9. Deriving the parameters of the random forest

model

Classification mtry accuracy
1 1 0.8991
2 2 0.8915
3 3 0.8821
4 4 0.8785

TR 2P 3

B 10. HHEHAEE 0|8 472 &7 oE =28
MsEoHEET
Table 10. Water demand classification prediction model
performance evaluation using random forest
(learning section)

Obs.
Tree

1 2 3 4
1 2 4 0 0
2 0 3823 72 0

Pre.

3 0 248 233 0
4 0 1 0 0

http://dx.doi.org/10.9728/dcs.2022.23.12.2545 2550
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Table 11. Water demand classification prediction model
performance evaluation using random forest
(evaluation section)

Obs.
Tree

1 2 3 4
1 1 0 0 0
2 1 782 77 0

Pre.

8 0 37 1283 7
4 0 0 0 4

2% PH S Aur i Class 2, Class 3, Class 4914 =
L g=8e 1Yt BE Classe] W3 9= 37} Az,
Fl-scoreZ}0.812 58] =55 ¢ 4 JvHE 12).

F 12, HHZYAE 2HO| Fl-score
Table 12. F1-score of random forest model

Class 1 2 3 4
precision 0.50 0.95 0.94 0.36
sensitivity 1.00 0.91 0.97 1.00
F1-score 0.81

v. 28

vetshz 7] 1ol
=] ojof gt

A 7ha ol BB Ve 77RO, g H E
SFEET), sHETF(FHAFF) HE V]Ee] A
of stk 717he R w48 7he o AR V=2 A
Ao AAZE Eojgle], olH 3 FrE e 9 =
52 ol =ehdido] Aval & 4= vk 1

AlZ[dE 22| 2¥g &5 FHF L ST o Fol ast AT

oo
-
&
fo
ot
2
olo
ol
o
i)
w
e
ol
2
oX,
o
i
B
ol
rlr
o
M, ol

zAel 2

B AREE ARl Afow FHEANRIEA 7
B3 Bu 87147 o] 4 98 ot ATE g%
t}.(2022003610004)
#1288

[1] A. Altunkaynak, and T. A. Nigussie, “Monthly water
consumption prediction using season algorithm and wavelet
transform-based models” The Journal of Water Resources
Planning and Management, Vol. 143, No. 6, June 2017.
04017011. DOIL: 10.1061/(ASCE)WR.1943-5452.0000761
S. Alvisi, M. Franchini, and A. Marinelli, “A short-term,
pattern-based model for water-demand forecasting” Journal
of hydroinformatics, Vol. 9, No. 1, pp. 39-50, September
2007. https://doi.org/10.2166/hydro.2006.016
[3] G. Atsalakis, C. Minoudaki, N. Markatos, A. Stamou, J.
Beltrao, and T. Panagopoulos, “Daily irrigation water

—
[\
—_—

demand prediction using adaptive neuro-fuzzy inferences
systems (anfis)” In Proc. 3rd IASME/WSEAS International
Conference on Energy, Environment, Ecosystems and
Sustainable Development, July 2007.

[4] L. Breiman, J. Friedman, C. J. Stone, and R. A. Olshen.
“Classification and Regression Trees” CRC press, October
1984. https://doi.org/10.1201/9781315139470

[5] C. K. Choi, “Evaluation of Flood Impact Variables and
Development of Flood Damage Function - Case Study for
Residential Buildings and Contents -” Ph.D. dissertation,
Inha University, February 2017.

[6] G. S. Choi, C. Yu, R. M. Jin, S. K. Yu, and M. G. Chun,
“Short-term water demand forecasting algorithm using AR
model and MLP” Journal of Korean Institute of Intelligent
Systems, Vol. 19, No. 5, pp.713-719, October 2009.
https://doi.org/10.5391/JK11S.2009.19.5.713

[7]1J. H. Choi, and J. B. Kim, “Analysis of Water Consumption

http://www.dcs.or.kr



C|X ™ 2El = &t5[=2X|(J. DCS) Vol. 23, No. 12, pp. 2545-2553, Dec. 2022

Data from Smart Water Meter using Machine Learning and
Deep Learning Algorithms” Journal of the Institute of
Electronics and Information Engineers, Vol. 55, No. 7, pp.
31-39, July 2018. https://doi.org/10.5573/ieie.2018.55.7.31
[8] T. Fawcett, “An introduction to ROC analysis” Pattern
recognition letters, Vol. 27, No. 8, pp. 861-874, June 2006.
https://doi.org/10.1016/j.patrec.2005.10.010

[9] M. Firat, M. E. Turan, and M. A. Yurdusev, “Comparative

analysis of neural network techniques for predicting water
consumption time series” Journal of hydrology, Vol. 384,
No. 1-2, pp. 46-51, April 2010.
https://doi.org/10.1016/j.jhydrol.2010.01.005

[10] G. W. Intelligence, 1. D. Yearbook, G. W. Summit, and R.
Card, “Global Water Intelligence” Global Water
Intelligence, Vol. 12, No. 10, pp. 1-72, December 2011.

[11]O.J. Jang, Y. I. Moon, and H. T. Moon, “Methodology for
assessment and forecast of drought severity based on the
water balance analysis” Journal of Korea Water Resources
Association, Vol. 54, pp. 241-254, April 2021.
https://doi.org/10.3741/JKWRA.2021.54.4.241

[12] G. Jeong, D. Kang, and T. Kim, “Evaluation of hydropower
dam water supply capacity (III): development and
application of drought operation rule for hydropower dams
in Han river” Journal of Korea Water Resources
Association, Vol. 55, pp. 531-543, July 2022.
https://doi.org/10.3741/JKWRA.2022.55.7.531

[13]J. Jung, D. H. Park, and J. Ahn, “Drought evaluation using
unstructured data: A case study for Boryeong area” Journal
of Korea Water Resources Association, Vol. 53, No. 12, pp.
1203-1210, December 2020.
https://doi.org/10.3741/JKWRA.2020.53.12.1203

[14] D. H. Kim, J. S. Kim, W. J. Wang, J. S. Lee, J. W. Jung,
and H. S. Kim, “Analysis of Morphological Characteristics
of Collapsed Reservoirs in Korea” Journal of the Korean
Society of Hazard Mitigation, Vol. 20, No. 5, pp. 207-216,
October 2020.
https://doi.org/10.9798/KOSHAM.2020.20.5.207

[15] H. S. Kim, Hydrologic, Paju: Donghwa Technology

Publishing Co, January 2010.

[16] J. Kim, D. Kim, W. Wang, H. Lee, M. Lee, and H. S. Kim,
“Comparative analysis of linear model and deep learning
algorithm for water usage prediction” Journal of Korea
Water Resources Association, Vol. 54, pp. 1083-1093,
December 2021.
https://doi.org/10.3741/JKWRA.2021.54.S-1.1083

[17] H. H. Kwon, M. J. Kim, and O. D. Kim, “A development of
water demand forecasting model based on Wavelet
transform and Support vector machine”. Journal of Korea

http://dx.doi.org/10.9728/dcs.2022.23.12.2545

Water Resources Association, Vol. 45, No. 11, pp.
1187-1199, December 2012.
https://doi.org/10.3741/JKWRA.2012.45.11.1187

[18] M. Kwon, J. H. Sung, T. W. Kim, and J. Ahn, “Drought
assessment by Dbivariate frequency analysis using
standardized precipitation index and precipitation deficit:
Focused on Han river basin”. Journal of Korea Water
Resources Association, Vol. 51, No. 10, pp. 875-886,
October 2018.
https://doi.org/10.3741/JKWRA.2018.51.10.875

[19] H. Lee, H. S. Kim, S. Kim, D. Kim, and J. Kim,
“Development of a method for urban flooding detection
using unstructured data and deep learning” Journal of
Korea Water Resources Association, Vol. 54, No. 12, pp.
1233-1242, December 2021.
https://doi.org/10.3741/JKWRA.2021.54.12.1233

[21] M. Tabesh, and M. Dini, “Fuzzy and Neuro- Fuzzy Models
for Short-Term Water Demand forecasting in Tehran”
Iranian Journal of Science & Technology, Vol. 33, No. B1,
pp- 61-77, August 2009.



Al 7|8t

= 3|4 (Hui-Seong Noh)

20114 @RSt vakel (3344
2015%d @ stonstal thehel (FEhulAl-=AA/A PG R)

2007 ~2008'd: A A T AAJPHAVEY AT
20168 ~d A F=dvesdTd AL HAFET
A EF - FAE, Pt gAY, HAHYE(HHE W), HolErtolyd, A=

ﬂ Z|AlS(Si-Jung Choi)

n" m

: 1999 : sefojsha skl (FSpA A

! 2016 : mA st tshel (FSHuAL-4 g
1999 ~2001: S AAYAL(F) AL7IEAdT4
20016 ~d A FHAM/EATD FAAFAATRE FHATY

BARE : BEA BH, FAARL FAAAY

2002

i' 2012+ : 317

- : _1_351

skl

th
o

=3 (Dong-Hyun Kim)

20199 : ol&uietw o] (FskaAl)
2022 ?_'E‘I—EHQ—E ]:Héj‘—% (%Q"i}'/\]———}r—%—tﬂ'—)

202213 ~
ARl e, WAy Y(Fed), do]lEnlo]

A Qdstthdtn AL e A

g, AHEJEHIUIT) 5

2553

AE(IoT) 5

http://www.dcs.or.kr



	AI 기반 분리 모형을 활용한 구례취수장의 용수수요량 예측에 관한 연구
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 연구 방법
	Ⅲ. 연구 대상 및 결과
	Ⅳ. 결론
	참고문헌


