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Abstract

Predicting water quality of rivers and reservoirs is necessary for the management of water resources. Artificial Neural Networks (ANNs)
have been used in many studies to predict water quality with high accuracy. Previous studies have used Gradient Descent (GD)-based
optimizers as an optimizer, an operator of ANN that searches parameters. However, GD-based optimizers have the disadvantages of the
possibility of local optimal convergence and absence of a solution storage and comparison structure. This study developed improved
optimizers to overcome the disadvantages of GD-based optimizers. Proposed optimizers are optimizers that combine adaptive moments
(Adam) and Nesterov-accelerated adaptive moments (Nadam), which have low learning errors among GD-based optimizers, with
Harmony Search (HS) or Novel Self-adaptive Harmony Search (NSHS). To evaluate the performance of Long Short-Term Memory
(LSTM) using improved optimizers, the water quality data from the Dasan water quality monitoring station were used for training and
prediction. Comparing the learning results, Mean Squared Error (MSE) of LSTM using Nadam combined with NSHS (NadamNSHS)
was the lowest at 0.002921. In addition, the prediction rankings according to MSE and R? for the four water quality indices for each
optimizer were compared. Comparing the average of ranking for each optimizer, it was confirmed that LSTM using NadamNSHS was
the highest at 2.25.
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McCulloch and Pitts (1943) = =814 7]9H-& -85t ANN
9] 71z =& A|AoF 2™, Rosenblatt (1958)-2 Perceptron
9] /i3S = AL} ©] %, Rumelhart ez al. (1986)-< ANN
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2.1 Long Short-Term Memory (LSTM)
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O] gtz of A AFEl(Cell state) H Gate 7H'E-2 F7FFLSTMO]
AQFE A tH(Hochreiter and Schmidhuber, 1997). LSTM-2
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&= tanh (W, + W, i, +b,) @)
o171 A, i= Input gate ARXYEL, o = AR O|E o xt= @
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19 7PkesE W2 AEE 73t Eq. (3)2 Input gate

of @} golct,
ft:U(VVmeJUf"' VVh,fht—l"'bf) &)

7] A, fa=Forget gate AL, W2 Wya= 282t x, 2 by ol o
3t Forget gate2] 7F5-%]0] ™, bf= Forget gate2] H&Fo]c},

Output gater= Al S=gkat Al el Atgrs 243t
Output gate©l| 4] A4 Al Z 71t Al Ao A4S tha
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Fig. 1. Structure of long short-term memory used in this study
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Fig. 2. Flowchart of harmony search
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435S HAH(Choi et al., 2019).

NSHSE= Luo (2013)7F AI9TSHHS 7|9t wlebg-2] 28 2|4
st g aejE o)tk NSHS = 2 H4=2] 7lj4=of @2t HMCR
o] AX =, A4t 2 FAYSE F HMCRS Z+=
o}, T3 NSHS &= AFAbE0] 22 9] 8122 &g nfj7kx]
T 2]& MRSt AL ZAjtste] PARS 12 7SIt
BwA= 8h550] e uha} Aot Egs. (8) and (9)= 2
4= 7ol wh2 NSHSS] HMCR % Bwe] efjoltt.
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A7) A, n-> ARG W, Bwis @A ¥HEA4HS] B
L @A FHEAAL B0}, TR ub @} b Ao X
k9 F|agholw, Ni= X[ ¥HE AL 4E Sl4=ol T srd(f)
A SEEAAO| A HM U sl 7o) A3t Alxtghol] of
FHALE o]n|gict.
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H21710.0001 Tt 212 7-9-NSHS = WHE -2 9]l F-2
) ol A AHZ-2- 91 2] 9] gk A3/ Rt EEHA1710.0001
Hr} 2 74 NSHSE o Y2 H$] oA =8 dole] gt
S A4 ERE NSHS & 4 02 A4S A5 &
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2 03} 140]9] Q1ele] A2rolet,
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R ER LS
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2.4 7}|12F SE|0}O| A

B AL A 7 geEito] ] 2] 225 4
H 7Fs 32 ol o] A5t Ao &3l 7l Adskr] f1s] 7
Abobd 719t S Ejuto] 4 2} HS H4=NSHS 2] 2t 7=
o FEAte| M E sttt /NS = ERHe| A<= Gradient
descent-based optimizer Conducting Rate (GCR)E 53] 7
ArebdH 718 S Euto] 2 & AASEALHS = NSHSE
AANDRE AT NS FEnte] A 2] off gAY
Fig. 33 2t}

Fig. 32 B, /i SE|nto| A= AARP Y 719 S E
nto] 25 A - 7| & AP 714t A&
5ol /35l w7 HSE o]-&-5te v HSE Flska At
£ AT HS T= NSHS S A 739 7= = Elmto]
A A g W A A S Sofl 22 w7
1 AR 716 FEato] 25 AR o] & A =-8-uf
ZNEA4=9F HM i |ot9] vl 7l H~E H] wste] HM-& 7841t
o}, & A 3Lo]| 4] GCR2S Maximum GCR (GCR )™ Mini-
mum GCR (GCRuin) A1 0141 HHE: B145814+(Epoch) ] wh2}
Ao = Hash= A3 w7 H4-E ARSI Eq.

[ Initialize HM ]
No Yes
Rand() < GCR?

Create new harmony using Perform GD-based optimizer using
HS or NSHS previous GD-based optimizer results

[ Perform GD-based optimizer using ]

[ Save GD-based optimizer results J
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[ Obtain the results ]

GCR : gradient descent-based optimizer conducting rate

Fig. 3. Flowchart of improved optimizer
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(12 ¥ 31453150 ok GCR®) Zloltt,

GCR GCR

GCRCE: GCRmax - ma)}WE X CE (12)

3714, GCRer= AN Y
%, ME= 2o §HE 5h
AA HHESE 8l

2 A= NED SERte|AE Aljtstr] Sl BArsHS
] 718 Emto] A F sl Ads ol ¢ et FEHte] A E A7
Stof HS = NSHS 9F 2esHaltt. A 718 & Ejat
o]# 9] s}5A = 3.1 4o YERH 21, Adam Y} Nadam ]
StF A7 22 2 0 2 UEbgd . mhebA, Adam com-
bined with HS (AdamHS), Adam combined with NSHS
(AdamNSHS), Nadam combined with HS (NadamHS) 2!
Nadam combined with NSHS (NadamNSHS)E ©]-8-5}
LSTM= 81551912 H Adam % Nadam 2] 145857} H| 1
sttt w7 STt A5 o] §5te] shsH LSTMO of
2452 v matert.

2.5 0J|0|E{ 12{2|(Data pre-processing)

NFAFLL] o5 AFEE Eol7] o= s e
o|2 5 E0|1l HIFIE 2 H5k= 59 HlolE HA 27 E4A
o|thJoo et al., 2000). & A= Ho]E] Z#{2] 7| 5 Princi-
pal Component Analysis (PCA)®} Min-Max Normalization
(MMN)Z A A5 tE. MMN-2 glo]g] A7 D3-S 915t b
olg] A7 7] Q1 MMN, Z-score normalization 2 Deci-
mal scaling normalization & 7P 92 3534 ot
(Nawi et al., 2013). PCA+= 2FA bl thet 9142 HAaAIRd
T}-5Al0] Chl-aE A&5t= A7ollA A=E A=A
B 22 o|&2A45-5 UePAthZheng et al., 2021; Cao et al.,
1997).

2.5.1 Min-Max Normalization (MMN)

2 AN AET A== 242 THE RS 2=t 51
gk o2 HE1E 2= AAIE A R= g 2 A5 5ol 7
991 JFL u|XITtHMok et al., 2020). kA ANNQ] 1552
1A]5}7] o]l Data scaling2 A A|5H= Z10] E @ 5ltt MMN
< Haght Zoigke] 2 FE A= E 0 1Afe] o) gho = '
2ot e 2 S8R o 9IS 27 Sl 71Holth MMN
2 @t H kS Ve o = AP 538t MMN
2 Y= WA E A ok=T A o] th(Folorunso et

N

(!

al., 2018). MMN-& AAJ517] 918 5412 Eq. (13)3 2},

o (13)

A71A, x ¥ ypn= MMN-Z AASH ¢ Ao 22 2h 7, xo =
o B VAR OIH X, 2 x> ZH2E AAF R 2] F| TR} F] A&
Zrolct,

2.5.2 Principal Component Analysis (PCA)

PCAE 1AFH 0] A5 & 2|2 o] Apm & Hehi] 7] & 7]
Ho k. PCA+ Hlo] ] 2] E-4H(Variance) X Tigt B
A 22F 0 2 MBSt PCA+= F3-5(Principal component)
=5k flol 2w & 2] o= TGS o E4to] 7t
& 2 F5(Principal axes)= 274, o] F, FH AwE
T2 0 2 BGAA FAES R o] Hof| BE 5o
2082 4to] EF5S At A o2 EYAAHE T
AR 13t = MxNQ| ZHa X7 92w, X o] ZEAL 5
do ThEo] 3t BE 9| AL El(Eigenvalue) o -]
(Eigenvector)= Rte}. A4S 11-RHE] 9} X O] U1 A& 5]
FARS AR A fgke] 7Y 2 A E e o U Aot
/d= PCloJ2tal oitt. FHA R J-fgho] 2 A E o}
WA et F/d+=o] pC2oltt.

PCAE AAIRC 22X A o] B/ o] Faste] A4th
e £ 5 9l T3 PCAE ol 29| A AE Bl 1125t
of et 7Fs /8= A4 4= h(Jin ef al., 2005). RS
2 34| pCE AHst7] 919 PCAE Sl A H ZH =
(Component) 2] 11-5-gk E4KEigenvalues variance)2] 4

2] H]-80] 90%<] A 7|52 & Stk (Hasan and Tahir, 2010).

A

-

U A2 5

'
=N
£
0

rr 4o
19
)]l

A T & Eho 4 AR LSTME] 8145 3
25 BIHE SAo) HE ARl AT I 5 AT E L
o 5 UUAAE B D ST T S ABELE B
B 0] 915 glon], HAREO B SRS =
ek, o TS 4] 815 4km A HolE RS
3} 737335340) QIk. 24701 58 Al et AR o
$-2 Sl thit 282 40] O T SN AR E ALS
SEY. Table 12 85 % o152 151 AH8 8 LSTME] 91

Chen et al. (2020)-2 ANN= &-8-5}0] =25 of| S35 A+
S0l dSdP Lol E ot o, dESdgdelE 12 A



Y. M. Ryu et al. / Journal of Korea Water Resources Association 57(2) 73-85 79

ATl BAS AT oLFAGE QLh 71
o A7 SgEALHgoR 2
4251t LSTM O] ok/i;q-i— 20]4L=1 H E1 2020 ‘fi
o Atz 2 Argskart 202149 2] AE=LSTME) 041%*51%
S Hrsl7] 95t of| &2t w2 AFEslaLt

SRR E 24 B A A" (https://water.nier.go.kr/)
& ol g5t FE3IYLh 42 B VARt R E 7k 2ot

Table 1. Input and output variables for the LSTM

® Meteorological data (Average wind speed, Average
temperature, Daily precipitation, Sunshine hours) of
v Daegu,’ Gumi, Sangju and Uiseong
variable ® [nsolation for Daegl‘l ' '
(-1 day) ® Water level of Seongju-large bridge, Doseong-bridge,
Meagok-li
m Discharge of Seongju-large bridge, Meagok-li
® Water quality index (WT, DO, pH, Chl-a) of Dasan
Output
variable | ® Water quality index (WT, DO, pH, Chl-a) of Dasan
(t day)

A

4 Gumi A

2SN k/d Yeongcheon

¥ Seongju-
Doseong- large brldgem
bridge
Daegu
Meagok-li |~~~ -
Dasan

- Water quality monitoring station
| Gougngton | | sweamfow |

Fig. 4. Information about the study area and each station’s location

Table 2. Results of principal component analysis

A F A BA| A - (hitp:// www.wamis.go.kr/) T 7]/
Zb2 7R HE A (https://data.kma.go.kr)S ©]-85o] 753513
th Fig. 4= o= 9 g S #5420 91215 B
el

TF5H A=E o]-83510] PCAE HAITH & MMNS AA5}
%Atk Table 2= 752 AF= 5 o]-85te] PCAE HAIFH At
S AR BlE0] 2F90%3] 771 T2 2] Afrgk 24t B A
B 2Ake] FA Aot

re
re
41
Ir
o,
>
ol
ol
o3l
11_%
mru ;
Elo
_Tl
—|~
E
lo
i
Zi
filo
=1
™
0
ol

1 ]' Adamlf]- Nadam~ ¥
43t LSTME] a5 ¥ 041"“ L# H|wsklrt. Adam 2
Nadam} A% HS & NSHS 2] a7 4= 9451 5454
55 Kol gho g AA5I9Itt Table 32 HS @ NSHS 2] w7
H4=o]},

Table 30| WF2H, HMCR @ PAR-2 212+0.9 2 022 A%
5T} Geem (2006)°] T2 H HMCR-2 0.79714] 0.9 Ato] 2]
25 PARZ0.05°114 0.29] Zho] viralsicta AAZ51ict 7l

i

2 -2 EJ0HO] 2 2] GCRypax D GCRyin > 242 1740.8 2 447
SFATt. LSTM @] HHE3l5 314291 Epoch= +E 2S5

St Khatri ef al. (2021)2] oA 32,0008 0 2 A3
sheatk. Eak, ot W o 20] QgL WA S1 104
HFE Aol it LSTM 2] 4 3k4== Mean Squared Error
(MSE)E AF-831Ath MSE 412 Eq. (14)9} 2t

N

_ 1 e
MSE= N;:]l(xm. z,;) (14)

A71AM, N 2=z 0] W4, xpns B, xons S80I

Principal Eigenvalue 7+ SEJOto] A E A-L3SHLSTM L] &S AESH] €
components Variance (%) Cumulative (%)
1 27.5494 27.5494
5 22,4036 49.9530 Table 3. Parameters of HS ans NSHS
3 14.0788 64.0318 Parameter HS NSHS
4 11.6316 75.6634 Harmony Memory Size 5 5
5 7.4199 83.0833 Harmony Memory Considering Rate 0.9 -
6 4.7877 87.8710 Pitch Adjusting Rate 0.2 -
7 2.6762 90.5472 Bandwidth 0.00001 -
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3 AT MSE U RS AHSSIICE RS 42 Eq,

RiP=1" (15)

A7, = B5L0] Fatolrt.
T3 dE9] FYAd-S H7sh] flol 109 HHE:
3l (Average) ¥ Z|HZH(Max), | AFE(Min)< H]

r<inl

ALY 715t & Elatol 4 F eks5/d- 5ol 4
ato] & AAstlet. A H A 718 S Ejato] ]
£ HS E=NSHS e Agtsto] 7 FEuto] 4 & 7ds
At Table 4= A 719t -FEAO| A E -85 LSTM
o] sk dato|tt,

Table 45 ¥, MSE 2| tigt3} 42 Nadamo| ZH2}
0.0029652}0.002921 = 7F WAt MSE A7 Adam
©]0.0028852 74 Wttt Adam™F Nadam @] MSE Ht3Y,
gt 2 2] 4gko] =5 0.003 ©|5191 A 0 2 vepdtt what
A, Adam¥} Nadam-= HS F+=NSHS 2} 28513 tt. Adam-
HS, AdamNSHS, NadamHS 2 NadamNSHS 9] As-2 AE
517] $J3l Adam & Nadam 2] SH5415-2} v) w5134t} Table
5+= Adam, Nadam % 7% SE|Hto| 4 E 2-83F LSTM
sk5datolt,

Table 55 EH, MSE B3 2 Z{tigko] 22} 0.002881
4l 0.002889% NadamHS7} 7 Wttt MSE A2
AdamNSHS7} 0.002836 2.2 7}4F Wkch 35k HS B
NSHSe} Ag et -FEjuto] A= FAsHE R 7|9t ZEjuto] A

3.1 st
AR}

Jo
L >

——

[¢]

o =H

m{ru
=4

A

Table 4. Training results obtained with each LSTM using GD based

optimizers
Optimizer MSE
Average Max Min

SGD 0.032474 0.032652 0.032242
Adagrad 0.032655 0.032714 0.032571
RMSprop 0.002985 0.003114 0.002948
Adadelta 0.032692 0.032751 0.032625
Adamax 0.003274 0.003587 0.003074
Adam 0.002933 0.002985 0.002885
Nadam 0.002921 0.002965 0.002888

HTF MSEZFStth HS T NSHS S E-8-5197 73 €]
ofo]z| o] MSEE H| sk HSSF ARt ZEjnto] 2] Hrt
NSHS 2} 2Rkt ZEwto] 271 & Wolth NSHS= HS H.ot
AA 272 gol AAsH] bleel Ao m A H o<y
75 &3l NadamNSHS & o]-8-¢t sh50] 714 B2 0]
P Ao HSSFNSHS o] AgS Foll ZAAtshdH 7145t
Elnfo] 2] o] e & 7HAIR 2 0 2 EA T Fig. 5=
7§14 Epochol -2 MSEE Ueld T17]o]H, 108 §HEo}
of H53t Ao Batolch

Fig. 55 B, L5 FEEto] A = HlSRt 27] &5
Hoh ShARE, o+ e o] SR o) A9 AN et

Table 5. Training results obtained with each LSMT using Adam,
Nadam and improved optimizers

. MSE
Optimizer -
Average Max Min
Adam 0.002933 0.002985 0.002885
AdamHS 0.002885 0.002915 0.002840
AdamNSHS 0.002884 0.002913 0.002836
Nadam 0.002921 0.002965 0.002888
NadamHS 0.002883 0.002914 0.002842
NadamNSHS 0.002881 0.002899 0.002854
5.0E-1
[] Adam
1 Nadam
4 ®—e—e AdamHS
4.0B-1 @—e—e NadamHs
A—&—A AdamNSHS
A&—A—A NadamNSHS

3.0E-1

MSE

2.0E-1 —

1.0E-1

0.0E+0 71%&9*&0*0*-*-—' 2 E

0 400 80 0

2.96E-3

2.94E-3

8 oes %
Booes

2.90E-3 4

2.88E-3

T T T T L T
1900 1920 1940 1960 1980 2000
Epoch

Fig. 5. Conversion shape of MSE by each optimizer
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o] % 2] MSEZto] o Y& 71 © &2 \relydth Adam} Nadam
0] 7% MSEZto| 7t HAart == 2|9k 7iFe S Ent
o| A= A4 o = Fadteh ZHE S wElnte] A o s A7
g v 0] R}l Aoz AT,

k575t @7 ZAreH R 7146t FEuto| A 9f i
SEUFO| A E 83 LSTM Y] Sh5AIHS Bl 2 A 6F3
T}, Table 6= Z} s E|Ato] A of| w2 H o oh5A 1 7h2 e
Holrt,

Table 62 E™H, Adam ¥ Nadam©] 7}
LERH S ™, AdamNSHS 2 NadamNSHS7} ¢F 2302 7}
7 21 AT YEr T 7 s Eute] 4 9] 79 HS 9}
NSHS7F 9 & 2| 8-S Fof] 2|4 o] 7 ~5 s}
Al At HF FElrto| A o] EA4 2 &2 Ql5f 7|&E & Erto]
A Hot o @FHATEo] AQEE= RS o 4 Qlrh

e AR

3.20123%
AdamHS, AdamNSHS, NadamHS 2 NadamNSHSS A
L3FLSTM Y] &A% AES] 9181 Adamy} Nadam=
ZL%} LSTM ] &l 57853 H| w53t o575 B 7}st
7] 91 A E2E=MSES A5 .2 m 109 HHEA13) 0] %]
oizk HAgh 2 BAahS B st} Table 7-2 ZH-&Ej}o]

Table 6. Average training time required for LSTM using each

optimizer
Optimizer Adam AdamHS | AdamNSHS
Trainging times (sec) 180.37 218.45 230.85
Optimizer Nadam NadamHS |NadamNSHS
Trainging times (sec) 180.47 218.25 230.08

Table 7. Prediction results of WT obtained with LSTM using Adam,
Nadam and improved optimziers

A5 AR LSTM S| WT ol 52 o]t
Table 7-& EH, WT |Z2] 749 NadamHS S -89 LSTM
O] MSE Hwtgto] 9 2.58 2 71 2ottt NadamHS & 4-&
FLSTME] MSE Z[thgk & x| agho] 71 W2 312 BTt
NadamHSE 283t LSTMO] B+ % X[ RV} 7HE =&
AL G490 24 R 79 NadamNSHS 7} -2 A&
& 4= 9Jth Adam ¥ Nadam2 AFESFLSTMECH &Y =
Ejuto] #& AFSHLSTM Q] MSE B#3k, ZUigk, 24kt
R*2] B3k, 2|oigh, 24k B wobch N ZEuto] A
9] |5 A7} A2 o|f= AP 719t & Elrto| A H ok

c;_};gxio]*r H]jﬂ_x% 14&@ Q_Eo] ] oﬂgm @) Eﬁ ] ]
o 2 &S XPF7| hiZel Ao = BAETE Table 82 =

Eluto] 4 LSTME] DO o= Z 7o},

Table 8-& X H, DO ¢l152] 7-¢- MSE Bw41-> AdamHS
£ 83 LSTMo] 9F0.7852 714 29kt MSE izt 2
2| A2 ZF7F NadamNSHS 2 AdamNSHSE 2-83HLSTM
o] 714 Jekth T3k AdamHSS 283t LSTMO] B R>7}
7]-741—5—_0 74 0 01-/\ o] th —’*]EH RZ—J —?—AdamNSHS _,,]
2 R*©] 749 NadamNSHS7} =& A2 & 4= It Tale 82
E5] AdamHSES 2835 LSTM 2] DO ¢ =0] 8] 3] ¢HY 2]
Q1 Ao 2 BAETE Table 9= FElUtO] 4" LSTM ] pH <]
Z4ito|rt.

Table 9E 5 H, pH | 52] 7+ MSE B4t 2 2|tz
NadamNSHSE AF&-2F LSTMO] 7474 2F0.048 2 0.052 7}
7 @ttt MSE &4 gH2 Nadam2 ARESH LSTMO] oF
0.046.0 2 717 9F 01} NadamNSHS S 483 LSTM-S
T WA 2 2 0.0472] MSE A7k B ot 5 Nadam-

Table 8. Prediction results of DO obtained with LSTM using Adam,
Nadam and improved optimziers

N MSE (R?) N MSE (R)
Optimizer - Optimizer -
Average Max Min Average Max Min
e 2.69480 2.88837 256906 Adam 0.79803 0.85015 0.72987
(0.96612) (0.96830) (0.96416) (0.88278) (0.89099) (0.87646)
265131 2.83497 249124 0.78499 0.82892 0.75830
AdamHS (0.96614) (0.96813) (0.96368) AdamHS (0.88309) (0.88699) (0.87658)
2.63876 2.74623 2.49435 0.78794 0.82664 0.71055
AdamNSHS | 56613) (0.96848) (0.96483) AdamNSHS | ¢¢307) (0.89439) (0.87696)
Nadam 272535 2.92134 256417 Nadam 0.82257 0.89458 0.78210
(0.96464) (0.96618) (0.96213) (0.87996) (0.88580) (0.87292)
257978 2.67778 2.41863 0.80213 0.83313 0.77927
NadamHS (0.96654) (0.96850) (0.96418) NadamHS (0.88069) (0.88428) (0.87616)
2.61688 2.69068 251519 0.79195 0.81051 0.74611
NadamNSHS | 56617 (0.96835) (0.96497) NadamNSHS | ) 66777 (0.88893) (0.87943)
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HSE A8t LSTMO| Bt Y H ARV M w2 AL
4= 9ot wh2bA, pH 2] o2 NadamNSHS S -85 LSTM
o] djZo] vl A QA1 71 0 2 BA T Table 102 5
nto] ¥ LSTM 2] Chl-a ol &2 7ot}

Table 102 EH, Chl-a | Z2] 7 MSE B4t Adam-
HSE Z-83HLSTMO] 2F 65.44 2 714 Lttt MSE izt
2 2]4Zke Z7F AdamNSHS ¥ NadamNSHSES #-83F
LSTMO] 7P W2 g B e}, Wl R = NadamHS 7+ 7P
=okom, 2} R*= NadamNSHS, o] R*= AdamNSHS
7} 7V =8I Chl-a AI527HE B AP 719 &
afo| A E ot 7ie SEjuto] A& A8 LSTMO| T -2 o
AT et = A2 & 4 Slth 2 dolA] ArgE
LSTME th&&8 232 WT, DO, pH ¥ Chl-aZ SA]°]

Table 9. Prediction results of pH obtained with LSTM using Adam,
Nadam and improved optimziers

o2t nfeb 47ho] 52912t Tk AR A e 24

N MSE (R)
Optimizer -
Average Max Min
dam 0.04995 0.05171 0.04721
(0.89884) (0.90194) (0.89534)
0.05033 0.05343 0.04839
AdamH
damHS (0.89821) (0.90339) (0.88942)
0.04965 0.05173 0.04706
A H
damNSHS | ) 59875) (0.90419) (0.89236)
Nadarm 0.04960 0.05326 0.04579
(0.90041) (0.90649) (0.89637)
0.04868 0.05149 0.04690
NadamH
adamHS (0.90092) (0.90408) (0.89529)
0.04833 0.05006 0.04671
H
NadamNSHS | 99150 (0.90508) (0.89851)

= v o
AESE] Q1o ZHFElrto| A 9] A&/ 5 =215 A5
o, &=21el thet Ho-2 F7FoFith. MSEZt
7t =& 55 15912 A5Gt Table 112 =2 Q1A
St MSEQ] 4=9]o]H, Table 12 =910l thgt Botgtolct.

Table 11 @ Table 122 X H, NadamNSHSS -85 LSTM
O] =910l thgh o] 9F2.14= 7HF =92 ™, Nadam= &
25FLSTM2 2F4 582 714 Wefth 6k Adam ¥ Nadam
= 28R LSTME T 7l & Ejuto] A& 483 LSTM Y]
<=2Jo] tiet Wato] =8 71 0 2 el 7l SEluto] A
9] £=210] thigt -2 H]wSHH NadamNSHS ¥ AdamNSHS
= #-83FLSTMO] NadamHS 2 AdamHSE Z-83+ LSTM
Hr}izokth whabA], NSHS S 0]-8-5H] 7iEFgh & Eluto] #]
o) g0l 1w 92t 552 UEfll= A o= 2AH
t}. Figs. 6~9= ZFZF WT, DO, pH @ Chl-a©] ¢t Nadam-
NSHSE 483 LSTM Q] el S5t 54k vl w et =
o},

Figs. 6~92 K™, |31 WTo|A4 Q] @ x}=2F2 2°Co|H, %]
2] DOOA 2] @ 2F= 9F 1.5 mg/Loleh. T3k Z|3 pH 2 2] 11
Chl-aoll A 9] @ 2p= 7}z oF 0,31} 14.3 mg/m*oth -4 o=
AIE B, AP 718 - Eluto] 2t HS 2 NSHS 2]

e
=
o

Table 11. Ranking of the prediction results obtained each LSTM
using Adam, Nadam and improved optimizers

Table 10. Prediction results of Chl-a obtained with LSTM using
Adam, Nadam and improved optimziers

N MSE (R?)
Optimizer -
Average Max Min
68.71659 76.43627 64.39751
Adam
(0.82592) (0.84031) (0.81604)
65.44245 71.99208 60.02291
AdamHS (0.83036) (0.84261) (0.81790)
65.56830 67.89993 63.47448
AdamNSHS | ¢7084) (0.84031) (0.82346)
Nadam 66.28201 72.0647 59.99653
(0.83045) (0.83961) (0.81779)
65.53086 69.57973 62.33369
NadamHS (0.83075) (0.84254) (0.82273)
66.10547 68.94613 59.34056
NadamNSHS | ) 67779 (0.84302) (0.82001)

Ranking (Average / Max / Min)
Optimizer R? (Average / Max / Min)
WT DO pH Chl-a

Adam 5151 6|4|5]2|5|3|5]6| 6|6
©)| @ @) 3| @@ ®| 6|6 6@ @
41 4|21 1]3|4]6|6|6| 1| 4|3
AdamHS )l )| &) 0 @] 6)| ©)]6) ©)] 3| @] @
3131322111444 3|15
AmNSHS | o) @ @] @] @] 0] 6)| 3) 6| @| @| 1)
Nadam 6| 6| 5|6|6|] 6351|552
©)] ©)| ) ©|6)| 6|60l ©]6
1 1 11 514|521 2|3|2| 3| 4
NadamHS Loy )] 5)] 0] 9] @] @] @] 1] 3| @
2121 43|13 1 11214 211
NadamNSHS| 3)) ) (0| @) @) (1] ()| @ 0| )| (1| 6)

Table 12. Average of ranking about prediction obtained each models

Optimizer Adam AdamHS | AdamNSHS
Average of ranking 4.54 3.83 2.83

Optimizer Nadam NadamHS |[NadamNSHS
Average of ranking 4.58 2.29 2.25
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Fig. 6. Comparison of the WT prediction results by LSTM using
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Fig. 7. Comparison of the DO prediction results by LSTM using
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A= LS50 P2 Flel DAt 71ut
QE]U}O];Q—J 2| A8l = 7137 all o] a7k BA)
O] & WA N F el 2 & A st 7
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Fig. 9. Comparison of the Chl-a prediction results by LSTM using
NadamNSHS

7N &Elnte] A 9] et ¥ 545 HEE flof that 4
ATZ4 0l WT, DO, pH % Chl-aS 5 9 o &s}g] oM,
Adam ¥ Nadam®] 85 9 of| 5452} B skt

Sh&5ATE v wWSHH, MSE iz 2@ HdgholA=
NadamNSHSS ]85+ LSTM Z+7}+ 2F0.0028992} 0.002881
2 71 urolth MSE & Agtol| A= AdamNSHSE ©]-8%
LSTM©] 2F0.002836 2.2 717 Wkt Toh, 7ieFad & Ejat
0|2 & 0|83t LSTM©] Adam ¥ Nadam< ©]-83F LSTME.
ot 4o MSEE H ¥t

WT, DO, pH ¥ Chl-aE &3t Z32] MSE 2 R* B3k
247y NadamHS, AdamHS, NadamNSHS<2}
AdamHSE ARERHLSTMO] 7H & MSE 2 7F 2 R?

H Tt 47 2 R1A o] thigh A A Q1 |54 5-S vl wo}

< H|1SHA,
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7] SIS MSEZ} &5 R7F 5245 1592 5tod 47 5=
AR1IAFO] of| = =9l ol gt B AFg sttt <=¢1el thet
B2 H| W SHH, NadamNSHS 2 AFE-3HLSTMO| 2.25 2 7}
=2 918 Bk T3 HSENSHSE o8¢t /i3
JEuto] A5 ARESHLSTM 2] £=9]of| thgt Hato] Adam 2
NadamE T} =9t}

ot d | 2 A0S B8] 75FS -SElnfo] Aol sk 9l
ZX o] ANS 7]8t S Elato| A R} 925t 7

At 33 A75 B LSTMO] 720l n}2 515 2 o]
0] BA T 5 LS AI7E B Slat A dE
2 19 X\ 7ke]| TFE ANNO] ol A 7HE B4 ste] hat

g
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0] 58 oL 1T HHY LSTMS 75
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o Q= N JEjnto A7 A8 H LSTM= Aokt 4= QL
Zo 2 7=t
AR =2

o] =R2 S Bty =H e ATd(2023) 2] ¢S 1t
oF 2 EI9S
Conflicts of Interest

The authors declare no conflict of interest.

References

Akkoyunlu, A., and Akiner, M.E. (2010). “Feasibility assessment of
data-driven models in predicting pollution trends of Omerli
Lake, Turkey.” Water Resources Management, Vol. 24, No.
13, pp. 3419-3436.

Babu, C.N., and Reddy, B.E. (2014). “A moving-average filter based
hybrid ARIMA-ANN model for forecasting time series data.”
Applied Soft Computing, Vol. 23, pp. 27-38.

Cai, Q., Zhang, D., Zheng, W., and Leung, S.C. (2015). “A new fuzzy
time series forecasting model combined with ant colony
optimization and auto-regression.” Knowledge-Based Systems,
Vol. 74, pp. 61-68.

Cao, X., Liu, H., and Chen, N. (1997). “Classification of Cm I energy
levels using PCA-BPN and PCA-NLM.” Chemical Physics,

Vol. 220, No. 3, pp. 289-297.

Chen, Y., Song, L., Liu, Y., Yang, L., and Li, D. (2020). “A review
of the artificial neural network models for water quality pre-
diction.” Applied Sciences, Vol. 10, No. 17, 5776.

Choi, Y.H., Eghdami, S., Ngo, T.T., Chaurasia, S.N., and Kim, J.H.
(2019). “Comparison of parameter-setting-free and self-adap-
tive harmony search.” Proceedings Harmony Search and Nature
Inspired Optimization Algorithms, Singapore, pp. 105-112.

Dogan, E., Ates, A., Yilmaz, C., and Eren, B. (2008). “Application of
artificial neural networks to estimate wastewater treatment
plant inlet biochemical oxygen demand.” Environmental Pro-
gress, Vol. 27, No. 4, pp.439-446.

Faruk, D.0. (2010). “A hybrid neural network and ARIMA model for
water quality time series prediction.” Engineering Applications
of Artificial Intelligence, Vol. 23, No. 4, pp. 586-594.

Folorunso, T.A., Aibinu, A.M., Kolo, J.G., Sadiku, S.O., and Orire,
A.M. (2018). “Effects of data normalization on water quality
model in a recirculatory aquaculture system using artificial
neural network.” I-manager’s Journal on Pattern Recognition,
Vol. 5, No. 3, 21.

Geem, Z.W. (2006). “Optimal cost design of water distribution net-
works using harmony search.” Engineering Optimization, Vol.
38, No. 3, pp. 259-277.

Geem, Z.W., Kim, J.H., and Loganathan, G.V. (2001). “A new heuri-
stic optimization algorithm: Harmony search.” Simulation, Vol.
76, No. 2, pp. 60-68.

Hasan, H., and Tahir, N.M. (2010). “Feature selection of breast
cancer based on principal component analysis.” In 2010 6th
International Colloquium on Signal Processing & its Appli-
cations, Malacca, Malaysia, pp. 1-4.

Hochreiter, S., and Schmidhuber, J. (1997). “Long short-term me-
mory.” Neural Computation, Vol. 9, No. 8, pp. 1735-1780.

Jin, L., Kuang, X., Huang, H., Qin, Z., and Wang, Y. (2005). “Study
on the overfitting of the artificial neural network forecasting
model.” Acta Meteorologica Sinica, Vol. 19, No. 2, 216.

Joo, D.S., Choi, D.J., and Park, H. (2000). “The effects of data pre-
processing in the determination of coagulant dosing rate.”
Water Research, Vol. 34, No. 13, pp. 3295-3302.

Joo, G., Park, C., and Im, H. (2020). “Performance evaluation of ma-
chine learning optimizers.” Journal of Institute of Korean
Electrical and Engineers, Vol. 24, No, 3, pp. 766-776.

Khatri, P., Gupta, K.K., and Gupta, R.K. (2021). “Drift compensation
of commercial water quality sensors using machine learning to
extend the calibration lifetime.” Journal of Ambient Intelli-
gence and Humanized Computing, Vol. 12, pp. 3091-3099.

Lee, WJ., and Lee, E.H. (2022a). “Runoff prediction based on the
discharge of pump stations in an urban stream using a modified
multi-layer perceptron combined with meta-heuristic optimi-
zation.” Water, Vol. 14, No. 1, 99.

Lee, W.J., and Lee, E.H. (2022b). “Improvement of multi layer per-
ceptron performance using combination of gradient descent
and harmony search for prediction of ground water level.”
Journal of Korea Water Resources Association, Vol. 55, No.



Y. M. Ryu et al. / Journal of Korea Water Resources Association 57(2) 73-85 85

11, pp. 903-911.

Li, L., Jiang, P., Xu, H., Lin, G., Guo, D., and Wu, H. (2019). “Water
quality prediction based on recurrent neural network and
improved evidence theory: a case study of Qiantang River,
China.” Environmental Science and Pollution Research, Vol.
26, No. 19, pp. 19879-19896.

Lu, H., and Ma, X. (2020). “Hybrid decision tree-based machine
learning models for short-term water quality prediction.”
Chemosphere, Vol. 249, 126169.

Luo, K. (2013). “A novel self-adaptive harmony search algorithm.”
Journal of Applied Mathematics, Vol. 2013, pp. 1-16.

Manjarres, D., Landa-Torres, 1., Gil-Lopez, S., Del Ser, J., Bilbao,
M.N.,, Salcedo-Sanz, S., and Geem, Z.W. (2013). “A survey on
applications of the harmony search algorithm.” Engineering
Applications of Artificial Intelligence, Vol. 26, No. 8, pp. 1818-
1831.

McCulloch, W.S., and Pitts, W. (1943). “A logical calculus of the
ideas immanent in nervous activity.” The Bulletin of Mathe-
matical Biophysics, Vol. 5, No. 4, pp. 115-133.

Mok, J.Y., Choi, J.H., and Moon, Y.I. (2020). “Prediction of multi-
purpose dam inflow using deep learning.” Journal of Korea
Water Resources Association, Vol. 53, No. 2, pp. 97-105.

Nawi, N.M., Atomi, W.H., and Rehman, M.Z. (2013). “The effect of
data pre-processing on optimized training of artificial neural
networks.” Procedia Technology, Vol. 11, pp. 32-39.

Pan, Q.K., Suganthan, P.N., Tasgetiren, M.F., and Liang, J.J. (2010).
“A self-adaptive global best harmony search algorithm for
continuous optimization problems.” Applied Mathematics and
Computation, Vol. 216, pp. 830-848.

Park, S.Y., Choi, J.H., Wang, S., and Park, S.S. (2006). “Design of a
water quality monitoring network in a large river system using
the genetic algorithm.” Ecological modelling, Vol. 199, No. 3,
pp- 289-297.

Rosenblatt, F. (1958). “The perceptron: A probabilistic model for
information storage and organization in the brain.” Psycho-
logical Review, Vol. 65, No. 6, 386.

Rumelhart, D.E., Hinton, G.E., and Williams, R.J. (1986). “Learning
representations by back-propagating errors.” Nature, Vol.
323, No. 6088, pp. 533-536.

Ryu, Y.M,, and Lee, E.H. (2022). “Application of neural networks to
predict Daecheong Dam water levels.” Journal of the Korean
Society of Hazard Mitigation, Vol. 22, No. 1, pp. 67-78.

Sedki, A., Ouazar, D., and El Mazoudi, E. (2009). “Evolving neural
network using real coded genetic algorithm for daily rainfall-
runoff forecasting.” Expert Systems with Applications, Vol.
36, No. 3, pp. 4523-4527.

Wang, T.S., Tan, C.H., Chen, L., and Tsai, Y.C. (2008). “Applying
artificial neural networks and remote sensing to estimate chlo-
rophyll-a concentration in water body.” Proceedings of the
2008 2nd International Symposium Intelligent Information
Technology Application IITA, Shanghai, China, pp. 540-544.

Wang, Y., Zhou, J., Chen, K., Wang, Y., and Liu, L. (2017). “Water
quality prediction method based on LSTM neural network.”
Proceedings 2017 12th International Conference on Intelligent
Systems and Knowledge Engineering, Nanjing, China, pp. 1-5.

Xiang, Y., and Jiang, L. (2009). “Water quality prediction using LS-
SVM and particle swarm optimization.” Proceedings 2009
Second International Workshop on Knowledge Discovery and
Data Mining, Moscow, Russia, pp. 900-904.

Zare, A., Bayat, V., and Daneshkare, A. (2011). “Forecasting nitrate
concentration in groundwater using artificial neural network
and linear regression models.” International Agrophysics, Vol.
25, No. 2, pp. 187-192.

Zhang, L., Zou, Z., and Shan, W. (2017). “Development of a method
for comprehensive water quality forecasting and its application
in Miyun reservoir of Beijing, China.” Journal of Environ-
mental Sciences, Vol. 56, pp. 240-246.

Zheng, L., Wang, H., Liu, C., Zhang, S., Ding, A., Xie, E., Li, J., and
Wang, S. (2021). “Prediction of harmful algal blooms in large
water bodies using the combined EFDC and LSTM models.”
Journal of Environmental Management, Vol. 295, 113060.



