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Abstract

The electricity cost of a desalination facility was also predicted and reviewed, which allowed the proposed model to be incorporated into
the future design of such facilities. Input data from 2003 to 2014 of the Korea Hydrographic and Oceanographic Agency (KHOA) were
used, and the structure of the model was determined using the trial and error method to analyze as well as hyperparameters such as
salinity and seawater temperature. The future seawater quality was estimated by optimizing the prediction model based on machine
learning. Results indicated that the seawater temperature would be similar to the existing pattern, and salinity showed a gradual decrease
in the maximum value from the past measurement data. Therefore, it was reviewed that the electricity cost for seawater desalination
decreased by approximately 0.80% and a process configuration was determined to be necessary. This study aimed at establishing a
machine-learning-based prediction model to predict future water quality changes, reviewed the impact on the scale of seawater
desalination facilities, and suggested alternatives.
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LFua= AAR A7 World Health Organization,
WHO)o| E 118 & 8= 5715 ohU=, o= ol 71¢
2 QlIsted 7Hgo] A= IAYshH, 11 i 9 ool S}kl
Utk 54l Bl F 2 A7 A o= WAstk= ¢2ut
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ot 0 2 It ofjeral 32310 §-o|5ttH(Kim and Oh, 2008;
K-water, 2019; Lee and Park, 2020).
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Fig. 1. Process flow diagram (desalination) and photo of RO facility
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Fig. 4. Diagram of the machine learning process
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Fig. 6. Basic structure of LSTM
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Fig. 8. Seawater temperature and salinity in Daesan (KOHA, 2003~2014)
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Fig. 10. EDA of seawater temperature and salinity (missing data analysis)

321
R =
i &
= 281 e
.
W 26 4 w
244
22 4
1 7 13 19 25 1 [ 12 18 23
Seawater Temperature (°C) Seawater Temperature (°C)
(a) Seawater temperature (b) Salinity
Fig. 11. Scatter plot (left) and box plot (right) for seawater temperature and salinity
3305 22 1= th. Tensorflowt= Q&4 X2 788 0 2 4] glo]e] 5 12|
THAER] 0] 2003 FE] 20140742 0] D 2 W AR ZEARSSIH, J8|E L B 48k il T o) 42 e
T Tables 1 and 22} Zth. Zrof] Ash= H|o]E v &(Tensor)E WEHHT}. Keras API

AL, G IES el Fed RS F=st &89 CPU B GPUR 4to] 7H551H, Tensorflow 2Ol
Hom, Lo R =2 A F == Tensorflows E-85H91 Ho]g]E 7]4lo 2 RNN-LSTM E &y B8 =519t}



1030

Table 1. Monthly seawater temperature in Daesan (2003~2014)
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Year Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec.

Min. 1.6 2.5 34 5.7 8.5 12.5 15.7 19.2 20.2 15.8 10.6 7.0

2003 Ave. 4.5 34 4.4 7.17 10.8 14.3 17.6 20.6 21.1 18.5 14.5 9.3
Max. 6.5 4.2 6.0 9.3 13.3 16.2 19.8 21.8 21.9 20.4 16.4 12.7

Min. 33 3.1 3.2 5.2 8.8 12.7 15.5 20.1 19.2 17.1 13.0 7.3

2004 Ave. 5.51 39 4.6 7.6 10.8 14.6 17.6 20.9 20.4 18.7 15.1 10.6
Max. 7.5 4.8 6.4 9.4 13.1 16.4 20.7 219 22.2 20.3 17.5 13.1

Min. 1.0 1.8 2.0 4.1 8.1 12.1 15.7 19.7 20.3 17.2 12.2 4.4

2005 Ave. 53 2.6 3.12 6.1 10.1 14.2 18 21.5 21.5 19.45 15.1 7.8
Max. 7.8 3.6 4.8 8.9 13.1 16.7 20.8 22.8 229 21.1 17.8 12.9

Min. 3.0 1.7 1.5 4.6 7.8 11.7 15.5 19.1 20.6 18.7 12.8 7.3

2006 Ave. 43 2.9 3.8 6.4 10.1 13.9 17.5 21.9 21.6 20.2 15.7 10.5
Max. 6.0 4.1 5.3 8.5 12.6 16.3 19.7 23.6 23.2 21.3 18.9 13.3

Min. 5.3 4.7 4.7 6.6 9.4 13.5 16.9 20.4 19.2 19.4 7.7 7.0

2007 Ave. 6.7 54 5.8 7.97 11.5 15.7 18.9 22.4 22.6 20.5 13.1 9.9
Max. 8.5 6.0 6.9 9.9 14.2 17.8 21.3 24.7 23.6 21.7 13.7 12.3

Min. 3.7 2.3 2.9 5.8 9.0 12.7 15.8 19.8 20.7 18.0 12.4 7.3

2008 Ave. 5.6 32 4.5 7.5 11.1 14.6 18.09 22.0 229 20.4 15.0 10.2
Max. 7.3 4.1 6.2 9.4 13.2 16.9 20.1 23.4 23.9 223 17.1 13.1

Min. 3.9 3.5 3.9 5.7 8.8 12.7 16.9 21.8 22.4 18.8 12.3 5.8

2009 Ave. 5.46 4.4 5.1 7.6 11.1 15.1 19.5 22.7 23.1 20.4 15.2 9.7
Max. 7.5 5.3 6.6 9.8 13.8 18 223 239 24.2 229 19.0 133

Min. 3.5 2.6 3.6 4.8 7.1 11.2 15.2 20.5 22 16.6 10.9 4.6

2010 Ave. 4.7 34 4.4 6.4 9.9 13.9 17.8 22.5 23.8 19.7 14.0 8.4
Max. 6.7 4.5 5.5 8.2 12.3 16.4 21.4 24.1 249 223 16.8 11.6

Min. 0.8 1.2 2.3 4.5 7.5 11.3 15.1 20.2 20.4 16.8 12.9 6.7

2011 Ave. 33 2.1 33 6.0 9.7 13.6 17.8 219 22.2 18.6 15.6 9.8
Max. 5.6 2.9 4.6 7.8 12 15.8 20.5 24.0 24.2 20.7 17.3 13.4

Min. 33 1.7 2.5 4.4 7.7 12.1 15.7 20.3 20.1 16.5 11.1 6.1

2012 Ave. 5.2 2.6 3.5 6.17 10.4 14.6 18.0 21.2 21.1 18.7 13.9 8.8
Max. 7.4 35 4.9 8.7 13.0 17.4 21.0 22.8 22.1 20.5 16.6 11.7

Min. 43 3.5 4.4 5.0 7.4 11.2 15.7 21.3 21.2 17.0 10.1 5.8

2013 Ave. 5.5 4.6 5.5 6.41 9.9 14 18.6 24.5 22.8 19.1 13.85 8.7
Max. 6.9 5.7 7.0 8.6 12.5 17.0 22.0 26.4 25.8 21.6 17.1 11.1

Min. 4.0 32 4.0 6.4 9.2 13.4 17.3 20.1 21.7 17.9 13.9 6.5

2014 Ave. 5.2 4.0 5.2 7.9 11.5 15.7 19.3 21.7 22.4 20.0 15.5 9.0
Max. 6.9 49 7.3 10.5 14.8 19.0 21.5 23.2 233 223 18.2 14.1

Python Language= 7= 917, 7 o 7]2] Rel2 Hefd &
g8 =3 uj) A-8-&™, Numpy, pandas, seaborn H|©] €
715 2 Ak, matplotlib= 412 122 UreRf 7] 913t
mfj7|2]o]H, meEl 155 A AR AL 9 ARREH 7] 2] R =
Tables 3 and 42} 2t}

7= BE2 AAE Az ool mE 7 A s |
7] $15§ RNN-LSTM 22 28511t} 24| Data Setof| A
Training Set (Training & Validation) 80%, Test Set 20%=.
T-25te] sk AP, AR 4 2] 2003 E7H 2014
drhAle] 52 B G AR E BEatel Fel olzed)
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Table 2. Monthly salinity in Daesan (2003~2014)

Year Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec.

Min. 31.0 31.0 30.1 28.4 27.6 27.4 28.1 28.7 279 28.8 29.1 29.2

2003 Ave. 313 31.3 31.3 29.7 28.5 203 30.1 29.8 29.1 30.1 30.4 30.5
Max. 31.7 31.5 32,5 31.2 29.8 31.5 31.0 30.5 30.6 31.4 31.4 324

Min. 29.5 28.8 27.4 25.8 25.1 26.0 259 28.1 29.1 28.0 28.0 28.6

2004 Ave. 30.6 30.2 28.8 26.9 26.27 26.9 27.7 30.0 30.3 30.0 299 30.0
Max. 31.8 31.4 30.3 28.9 27.7 27.6 289 31.1 31.0 30.8 30.7 30.8

Min. 28.0 27.8 26.2 24.6 24.6 25.6 27.55 29.5 28.5 29.2 29.7 29.6

2005 Ave. 293 29.0 283 25.5 25.1 259 27.75 29.6 299 30.8 30.7 30.7
Max. 30.6 30.0 30.6 26.5 259 26.4 28.1 29.8 32.2 31.8 31.5 32.0

Min. 26.8 273 259 25.5 252 24.6 24.0 23.4 25.8 27.45 29.1 279

2006 Ave. 28.5 283 273 26.2 25.6 259 26.0 26.3 26.82 28.56 30.3 28.9
Max. 304 29.1 28.8 27.0 26.0 27.3 27.6 27.4 27.3 | 29.05 30.8 29.8

Min. 26.7 25.8 25.5 25.0 26.2 26.1 27.6 27.2 26.8 29.0 | 27.55 | 29.45

2007 Ave. 27.9 26.7 26.5 27.5 272 | 2829 29.4 29.3 30.0 30.5 | 2836 | 30.84
Max. 29.5 274 27.1 324 29.0 32.0 30.7 30.6 314 31.5 | 2835 | 3225

Min. 233 23.8 22.7 22.6 26.6 29.1 28.4 27.8 28.2 28.5 26.8 24.4

2008 Ave. 24.9 24.5 23.7 24.7 29.1 30.9 30.3 30.5 30.6 30.3 29.4 | 26.54
Max. 25.8 25.9 24.7 31.6 31.1 31.7 313 31.5 31.5 31.0 31.8 27.9

Min. 23.7 22.8 223 27.1 25.8 25.8 229 28.4 29.6 28.4 26.6 26.6

2009 Ave. 24.9 233 25.6 28.6 26.8 26.4 27.7 29.9 30.8 30.7 30.5 30.7
Max. 26.5 23.9 31.9 314 27.7 26.8 314 30.9 31.6 31.6 31.9 31.9

Min. 29.4 259 25.2 27.0 27.0 27.2 26.8 26.7 25.0 243 25.5 24.7

2010 Ave. 30.6 27.5 27.6 28.2 27.9 27.9 28.0 28.6 26.9 25.6 27.9 27.0
Max. 31.4 30.4 30.6 31.0 30.3 28.3 28.7 31.0 30.1 28.5 30.7 29.4

Min. 22.8 22.5 20.96 22.37 25.74 26.02 253 25.44 25.83 25.89 25.39 253

2011 Ave. 23.8 22.8 22.5 27.4 26.6 29.0 26.8 26.7 26.7 27.0 27.0 26.09
Max. 25.0 23.1 22.87 31.27 27.01 31.34 30.5 28.63 27.96 28.23 28.11 26.66

Min. 24.49 24.09 2427 23.28 23.56 29.09 28.5 28.38 27.0 26.28 25.86 26.38

2012 Ave. 25.2 24.4 27.0 25.0 27.8 30.4 299 31.3 29.6 29.0 28.5 28.4
Max. 26.0 24.81 31.76 26.72 31.65 31.63 31.43 32.98 32.37 31.82 31.35 30.95

Min. 24.45 23.92 242 24.45 24.12 24.21 24.48 24.56 25.71 26.21 26.82 27.77

2013 Ave. 25.6 24.7 24.8 26.8 24.7 26.4 26.8 25.5 28.3 28.6 29.0 29.0
Max. 27.29 25.39 25.39 31.04 25.13 30.92 29.35 25.95 30.48 30.87 31.33 30.78

Min. 25.57 25.57 25.29 25.41 25.32 25.38 28.01 26.44 25.5 26.53 26.75 26.97

2014 Ave. 26.5 28.6 26.0 27.7 25.8 27.0 29.5 27.2 26.4 29.85 29.6 29.1
Max. 2796 | 31.32 | 27.08 | 31.39 | 26.51 | 31.27 | 31.34 | 28.63 | 26.89 | 31.73 | 32.02 | 32.02

aYstaint. o5 Sl 10002 = A5 o H, ealtr= g mdlo] A3t ol glom 2 A2t dAlof A ApF o & o
mean_squared_error, 23231 8152 913l A Sk optimizer) S o] NS HHA]oH= G alE]S(early stop)S
Te Ag Aol A Fol 285 duFA o 7 AR E = g5kt
adam= KA TH Xiao ef al., 2019). Activation &<+ relu d 5 A5 Sl9l sto]Hultu] e Fid-2 Test Size
S ARESI oM, Rl A o] ol AuE A7stal, 52 o] (193] 5412 HlolE 7li) B Win Size (915 gk oo A%
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Table 3. System specifications for model building
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oz JAYEr]= 2ig 7H_/|:)%

AEsIgon, 420 figt
]_
ltem Description Loss 42 1.24097~5.31512, YE =+ 7.47934~15.02981
oS Window 10 2 RIEQlT Fig. 122} Z©] TEST SIZE+= 80, WIN_SIZE
Programming Tool Google Colab Pro + 79 Wl Loss #ko] 7Hd WA Yetsttt
Language Python 3.7.10 RNN-LSTM-2 A1 A% RElZo| A& A A Y of|Zof FH o]
Deep Learning Library Tensorflow 2.5.0 H o7 A Qlom, oM AIZIAIE o] &3] n]FE o=
Deep Learning API Keras 2.5.0 57| ) &o]| Ak =7 57 *J(Seasonality) 9 2} 43 (Auto-
Algorithm RNN-LSTM correlation) 0] E&75 | So] eIt o =5 o] 4
5 H S Flel =HE A A adj. RY), Bt Al 223K Root
Table 4. Python package information Mean Squre Error, RMSE), 2t 2 2{(Mean Absolute Error,
Package program Version MAE)E AESIAL, 2 29 AEE AR g o) o8 adj. R?
numpy 1.19.5 0.9398, RMSE 1.5989, MAE 1.1827, §E == adi. R?0.1151,
pandas 1.1.5 RMSE 2.3429, MAE 1.9996 2 AAE| it} Fig. 13(a)2} Zo|
matplotlib 3.1.1 22 AT TS 7HA] AL QAT Fig. 13(b)2 2ol &
scaborn 0111 PR E 9 A5 5ol et sh el tidh 9%
, _n 13
g —o— WIN_SIZE 5 3 12 /" —o— WIN_SIZE 5§
S e wN_sizEs 3" —e— WIN_SIZE 6
eSS /\ WIN_SIZE 7 lj 1 \ WIN_SIZE 7
WIN_SIZE 8 . T~ WIN_SIZE 8
70 80 TEST—SIZE 90 100 70 80 TEST—SIZE 90 100
(a) Seawater temperature (b) Salinity
Fig. 12. Loss function graph
25 | — :;d:l-r 34 | — ;:“c‘ta
g g f N 3 '
= 20 | i I'\ II II Il M f III MNa8 A .‘II . 1
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3 [ | | I ' \ I 5 0 (] AN |{5 ||| ) L
@ 15 1 ‘ | /I ,J\ | | @ ]|| I|I \l IR | | |||-|I'I_|| |
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v \/ Inl )I' I'-.V_' N VY 22
W
0 L . . . . . . o0
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Year Year
(a) Seawater temperature (b) Salinity

Fig. 13. Prediction value graph
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o] glo] o= HBHE=} es] WolAl 1, o2 gro] 5t
A kekteh, e 45 sigtel A @ 2ollA] 47t 48
oha 51 2 94 G o] Holx|7] thRo] GRE ol st

3.4 sl Ehest A|d el Ul

A& A 2 A dlofE dl534(2015~2020) 2} 71 =2F
2(2003~2014)E Hrg et A H] v| L& Jof ==]efetA]
2 8ol HESFHTHKim and Youm, 2019; K-water, 2019;
Voutchkov, 2010). 8 T HARS GEE, 2 FUT-A
4RO T Dt 7 5ol FFS A, R Y 4
2 o] Qlofli= AAEA A A =]7] i Zel] A E 420
oigh I3kt efotgint AR o 2 A8 -8-2 Table 52F
Zo] 71&] AEH K-water (2019) R 1A E 2519 01,
itsliaErst Al o] g2 AW 7|5 100,000 mY/d, F
7R AL e E g =] $FAIE F 10,000 m’/d &2
T

AT TN AT Blg-gof| whet ol s5=H
Z713t} 5= QR (TDSc, psu), ¥4+ FEE(TDSH, psu),
YAk R (TDSp, psu) 2 814-&(Pr, %)= UERd 4= 917,
Eq. 3)TH Ztt. 7]& tiAkA] 9 2k=(2003~2014'8) 4= Z|of
HEI 32,98 psu, B4 50%, A BEE 0.2 psus 28
51, 55 JEEE 65.76 psu® UERATH

r

10

TDSf - TDSP

P
100

TDS, = (3)

1 —

27t Z71etel wet ARG T S| =W, o] 4
E2H(Po, bar), 7] AR, 0.0809(L-bar)/(mol-K)), 5(T,
C), 3l o] 255 9] ?h(mi) 2 & LFEPE 4~ L O™, Eq. (4)2F
2k 7)1 gAA S 2FE(2003~20143) F 4 520.8°C, i

4= 0] &% 5 2.0927(=65.76 psu /35 psu x 1.1135)2 Z-835
™ AFEORS 46 35bar® AATE T

P, = RX(T + 273)x Y m, “4)

IAE T A AR TR A (P )2 Eq. (5)TH 2],
I F5HQ, m’/min), FHMH, m), TE&(n), 9-FE(a, 0.1~
0.15)=2 Atd 4= glom, 71& thatA] g 25(2003~2014
) 17] AL 9] 53 6.9444 m*/min, F7 463.5m, BEZTG-&
0.84, 9378 0.152 172 7%, SWRO AZH]=1.72 kWh/m’
2 AR}, & H2H]= SWRO AEH] 9] 9F 45%(BWRO
Z=H] 30%, 71EH 15%) S 532,50 kWh/m® 2 HEE|] S
H(K-water, 2019), Hef ol 5 S A= S Hgh ddu s
Table 631} 2t}

0.163-~v-Q-H
Py = —77 Q-H, (144) (5)

712 AR 2003 R E 20148712 9] 24 4~2-2-0.8TC,
] @E 5 32.98 psucl o, F3] oS H Ha e
1.1C, A= 2o HEEE32.67 psuz UER TA Q] H4 E
£ F 3k IA HlojuA] = A2 HER I sieE4
S} AH]E= Table 63 Zo] 7]& 2.50 kWh/m®of| 4 23] 2.48
KWh/m*Z, 2F0.02 kWh/m*7} 4 5|90 W, si5a<=3to]
I Q3HAZL Aol = 0F0.80% Eo] E= 7 0 2 UERTh

AR A H AL 22 A A o &2 Tt e s
o, a4 FARISHE 23 A
AEE I &9 H 4=
= Heto] a5y o, &F

ol sirErAd HE a8 HHst e s, v W

X,
W
o]
2
i)
S,
O
L
o
sk
$o o
o
Ir b

Table 6. Power consumption comparison of existing and prediction

value
Item Existing | Prediction Remark
Table 5. RO process (K-water, 2019) data data
Item Unit | SWRO | BWRO | Remark Min. temperature (C) 0.8 1.1
Type EA 10+1 10+1 Max. salinity (psu) 32.98 32.67
Flux LMH 13.5 29.0 Recovery rate (%) 50 50
Train | Recovery rate % 52.6 90.0 | Total 50% Pressure (bar) 46.35 45.95
Membrane nos.| EA 9,240 4,620 SWRO 1.72 1.71
Vessel nos. EA | 1,320 | 660 Power BWRO 0.52 0.51
consumption
Stage Type Stage | 1 Stage | 2 Stage (kWh/m?) Others 0.26 0.26
ERD Efficiency - 97% - Total 2.50 2.48 (V¥ 0.80%)
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