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Comparative characteristic of ensemble machine learning and
deep learning models for turbidity prediction in a river

Department of Clvil and Environmental engineering, Hanbat National University

ABSTRACT

The increased turbidity in rivers during flood events has various effects on water environmental management, including
drinking water supply systems. Thus, prediction of turbid water is essential for water environmental management. Recently,
various advanced machine learning algorithms have been increasingly used in water environmental management. Ensemble
machine learning algorithms such as random forest (RF) and gradient boosting decision tree (GBDT) are some of the
most popular machine learming algorithms used for water environmental management, along with deep learning algorithms
such as recurrent neural networks. In this study GBDT, an ensemble machine learning algorithm, and gated recurrent
unit (GRU), a recurrent neural networks algorithm, are used for model development to predict turbidity in a river. The
observation frequencies of input data used for the model were 2, 4, 8, 24, 48, 120 and 168 h. The root-mean-square
error-observations standard deviation ratio (RSR) of GRU and GBDT ranges between 0.182~0.766 and 0.400~0.683,
respectively. Both models show similar prediction accuracy with RSR of 0.682 for GRU and 0.683 for GBDT. The GRU
shows better prediction accuracy when the observation frequency is relatively short (i.e., 2, 4, and 8 h) where GBDT
shows better prediction accuracy when the observation frequency is relatively long (i.e. 48, 120, 160 h). The results
suggest that the characteristics of input data should be considered to develop an appropriate model to predict turbidity.

Key words: Deep learning, Drinking water supply systems, Ensemble machine learning, Recurrent neural network, Turbidity
management
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A2 g (machine learning) 5 31 E=3}
B of Hgo] w2 718
59 A4 7169 W2 dlolel
golaiAn BH 42 @ ASN4E €9 5
S 452 dlolE) Wo|<0B: dat
Z|H A o]z|st DBE 7|Hlo &2 3+
45} Sof char o
Aleld el Salgorithme] 2|5 glch 27] o
Ay dmelsr Foshbel ABAHANN:
Artificial Neural Networks)o| 314 2 jjoF SoflA &=
% ubaye] )39l 22 2Wea(Chi-g) G20 AHEE|7)
L(Huang et al., 2015; Park et al., 2015; Wu et al.,
2014), A3 EWEHAI(SVM: Support Vector Machine)
o] s}ﬂ 43} BOD, Chl-a 5 $-2&= oo T
S P N
1’/]’%‘:0}7%] o8- )o@t} (Kisi, 2012; Liu and Lu, 2014;
Park et al., 2015; Singh et al., 2011).
HAHY £ QAFA AU (decision tree) LS
7|9k2] 9FAlE(ensemble) H. &<l random forest(RF)2}
o]3 7tE gradient boosting decision tree(GBDT) &
‘o“i 72 3 W] mRof Aol 7hsstal, |
3 52y ol v dAHor nyof 5o %;é‘o}
X] oA 2 oS o] £& Ase Ho A
2} ARg-0] =31 Tk (Hollister et al., 2016; Park et al.,
2020; Zhang et al., 2018).
E3 Z 2 A7 deid(deep learning) &
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2 RHol= £FHA A THRNN: Recurrent Neural Networks)
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ofof| %= Chl-a®} s5Hd Bk T 7& 59 oS
she-E= A1 7F A2 531 9Tt (Park and Lee, 2020;
Shin et al., 2020; Zhou et al., 2018).
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2 AP AT Bus) AGEHT Uk PR
saey el Fol shiel GBDTSH Hiely
RNN t1e)% % 3hbel GRUZ o 3ke] HoA]
o g WS o Zott BES FEdte] 1 284
2 sl g A4zel Byol myPe] Ao v
L g2 vmstct

= ol TA9 HEE dATA Y Ailel A&
sto] o5 ©AS WIS ASetes L E "B
dg)E = shyoltt (Mikolov et al., 2011; Zaremba
et al, 2014). dFA]9k, RNN2 A4kZ 93 245
(hidden layer)®] Z7F Al ®& o] 7ta2] ALk 24
SkE §I't & 4duk(backpropagation) IHFollA 7|7
£>Al(vanishing gradient)o] WAYsto] R & O] A50] A
skele BA7F 9t} (Greff et al, 2016). LSTMS
forget gate, input gate, output gate®] 37}%|] UlF HAF
daE|Es 7HAAL qlow ol TA Y FHE A7
7r AAstE cell state?}, ©@7]7ko] &-8-3)= hidden
stateol 4] AElAOm Qlabo] A8 G ALgEA
Fe ghe AYIES YT TSl RN )%
7] &4 BAES 29 mgolt} (Greff et al., 2016;
Hochreiter and Schmidhuber, 1997). ©]% 72t GRU
(Gated Recurrent Unit) &2 reset gate®} update gate
9] 2719] gate FZRE 7FA L o cell state X
hidden state® 0|2 LSTM¥} T}=A| cell state’}
¢l hidden stateqtO & LA Eo] AH o g gt
122 74A 1 9t mFo|t} (Cho et al, 2014). GRU
O] 7} gateo] A& vt Aot (Fig. D).
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Fig. 1. A simple schematic of GRU cell structure.
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1) Reset gate: ©]% THA| hidden state®] AR = &
WA Aol AFEIA e HHE A AT
A o]th. Reset gate= ©]% T7| hidden state®]
S A G A R (x)oll 242+ 7}
FTAUH W)E A& F sigmoid 5 |83}
o 0~1 ¥¢je] ZiaE &3t (Cho et al,
2014).

2) Update gate: reset gate?} -FAFSHAl o] A TA Y
hidden state®] &9 Zk(h.)I} AHA Q] & =}
F@)ol A2 7HSA(US W)E 28§ sigmoid
B2 olgelo] 0-19] WMIE Fesiol A
A ] AAAbo] A hidden state®] H RO} FTHA
o) e A =S AREShE HlES 24 (Cho
et al., 2014).

Cho et al. (2014)2 reset gate®} update gateS Z+Z}

ot o] A|ASHATE (Eq. 134 2).

ry=o{(W.z);

+(Urht—1)j} (M

Z;= o{(W;x)j +

J (Uzht—l)j} (2)
where
o: a logistic sigmoid function,

j: denotes the j-th element of a vector.

GRU 232 0~1A}0]2] update gate_J 287 =
3 o] thA hidden state®] AR Z kA oA ARE
ot JRE Aot HF &gk hE ALK (Fig. 1).

2.1.2 GBDT 2 e

HAl Y Eﬁﬂ OIE} (Zhang et al., 2018) RF+ ba;
MY olgstol mo gl AR RAYE A
& v A AAUERE YA (Genuer et al
2010). B4E AHAAAUT= 4 SHH0R oS
2E AEA) He HEAoR 7t ol AA R
A AAE Aute BFske] RF 239 2= Ange

AF=3H) (Breiman, 2001; Genuer et al.,, 2010). GBDT
2Ye 77te] AARYRE EYHo Aels
RFo}= T2 A o4 ThA|e] 218 9 Z(residual errors)

£ Aol oApERTe] Ao A 8ste] mFo
Aese FHA7IES FAE] Stk (Chen and
Guestrin, 2016; Friedman, 2001; Shin et al., 2020; Zhang

et al., 2018). GBDT+= Eq. 33} Zo| Z+zko] QAR
Ul A & A S8 (Yobs) 2k B2 N5 (Yprea) & A
o|5 AXksH= £A8H(L: Loss Function)@} R <]
TFEA AE KA YA ubo] tigl regulation
)RR Ar2E 524 F4(J: Objective Function)
g HAHFte] wRo HEANS AEVT (Shin o
al., 2020; Zhang et al., 2018).

K

‘]: ZL(yobs,i’ ypred.,i) + Z Q(fk) (3)

i=1 k=1

22 B8 1=
221 GRU B8 1=

GRU 232 TensorFlow(version 2.3) 7ol 4 Keras
Tlube] 2B Hgste] T o, 2RIy
AL python(vers1on3 545 o] &35tk REge =
HAHPQ FFHQ= ol&st FE5¥pe =D&
o Zstm, A A A2 80%S 29| 5}<(train)
o 20%% A% ATte] H(tesno] AHGIES T4
stk 23 9 time step 12 285 o] Ak &
X Gl Quit Tu=FE AR to 48] Eeghel
TS =384 €ch (Fig 2). GRU 2go A
hyper-parameter+= grid search ¥419] A]dYZ; @ WH(trial
and error method)S ©]-&3}o] ZAA sttt
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Tt 1 >

GRU =H T |
Q; 4 >

Fig. 2. A simple schematic of CRU model.

2.2.2 GBDT 28 7=

GBDT ®&-2 python open-source library?] Scikit-learn
oA AlEEH, 7 Rt o= ARRE= GBDT &
18] Z2l XGBoostE o|838}o] F-=3}th (Chen and
Guestrin, 2016; Pedregosa et al., 2011; XGBoost; Zhang
et al., 2018). 23 9] 2| & 3}= Scikit-learn?] grid search
libraryE |8 st3lem, Q5 SHWTE sto] 54
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4 TE 93319tk GRU 2& 3 npdrpx 2 53}
d& Aitel Aol A8H A9 HES 0.8:022
RRCEIRASE

2.3 ¢& Hloje] =

2 ATt e AR 5% vEe e gely
T} pArE mae] o3 S48 ulasdov, o) 9
3] ©b]=+x] 2 ZAFH(USGS: United States Geological
u]=t California®] Russian Rivero] $|*]3gtF
Z~(USGS site number: 11467000)°]| 4]

Survey)©]
Guemeville =
20149 1Y 1292 20199 12€ 31974 155 7H40.
2 =gstel B Q W T A42E olgstit
(https://waterdata.usgs.gov/nwis) (Fig. 3). Russian Rivers
= 1]t California E-Zof| A g% ®4F2] San Francisco
ko 2 52X Californiaof| A 2HAZ 71 o= &4
Ao oF 180 km, -S-H AL oF 3850 kmo]|T}. Russian
River 4218 %34 715 2o 917]ata o]
BRE LA E Azsh ALWRE AxEo] &

A A&Es 7o) 2 797t wAysty Ag
ZreFS oF 700 mm AH A 7|28 ¢F 15CAH ot}

(USGS, 2011). 0] AZ2AFE Guemeville T34
Russian River 5HF-3.0] $1%/5he ARfel wae
3465 km’o]t},

U ARl 24 Wwst mye] o3 ol vl
L e B4 9 158 14 A Are) 2, 4,

oF
=
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Fig. 3. Discharge and turbidity with 2 h observation frequency
at the Guerneville station on the Russian River, California
USA observed between 2014 and 2019.

8,24, 48, 120 9 168417t 74 W& TFato] & 7714
999 oY 4rE FHSL, 7 W= 22o) o
@, Ao, Ha 9 FUZES Table 1o AAISHAT.

Ensemble 7]¥F2] GBDT =& 2 25 A A}
83 4 9lof Wl AEE 57 kenl GRU
BYE Y ARE 4 0o At 1 Aole] g

o+ W1

= Aarstel Y 750 ol gk

24 B3 g5 Hlu HE

GRU9} GBDTE ©| 43t 514 B% o2 mg o 4
= vuE 98 Hot AlgE 22HRMSE: Root Mean
Square Error)Q} Hot Zﬂ—,‘d—i’- Qa-T=7F TZEHAH]|
(RSR: Root Mean Squared Error- Observation Standard
Deviation Ratio)E ©]-&3}o] 271#] =& Z+zlof tf3)

Table 1. Statistical characteristics of input variables at various observation frequencies

Frequency (hr) Variable Average Max Min Median

) T 18.76 965.00 0.21 3.15
Q 54.89 2,017.59 0.10 7.95

4 T 18.76 960.00 0.25 3.14
Q 54.89 2,015.29 0.10 7.96

T 18.76 951.88 0.29 3.13

8 Q 54.89 2,012.81 0.13 7.97
T 18.76 604.58 0.36 3.12

2 Q 54.89 1,895.09 0.15 7.84
48 T 14.05 361.67 0.38 3.15
Q 54.89 1,417.71 1.13 7.92

120 T 14.03 290.00 0.36 3.17
Q 54.79 1,152.39 1.65 8.36

168 T 14.08 241.65 0.43 3.21
Q 54.98 983.10 1.83 7.81
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2,4, 8,24, 48, 120 W 168417t 7+2 Y a2 =3
% simulation A3} AFEE ASIHT, ,00)S B2 7

Z_]:"l _§_1-17]-( fobs)‘]’}_ H]_u_o]—?iul' (Eq 4% 5)

n

Z (T;S,obs -

2
T;f.,pred)
t=1

RSME = 4
n

Z t,obs

2
tpred)
t=1

RSR= (%)

Z t,obs — Lt obs)2

t=1

where
T, st Observed turbidity at time t,

T, preq: Predicted turbidity at time t.

RMSE: vileld 2uelZe 45S Hrietid
ge] A HE AEF SR 247 4248 1Y
o] Al AEghe F Oﬂé?}—% UEFHTE RSRE

0-19] el 7

3. Zig} 2 pE

3.1 Ei= o5 Zxut

GRUS} GBDT 2.8

7} BlR] = &k %_‘—/:j;]-ﬂ A3 2, 4, 8, 24, 48, 120
9l 168417 W& uiE g L2E 770 e xaY g
of| & simulation Eﬁ}ﬁiﬁ} HSA 7 gt 25 9
/52 RSRI} RSMEE A # 2 H7}61% 21, RSR-
GRU =33t GBDT R&o] zHzb 0.182~0.766 2
0.400~0.6832] ¢S RMSE= GRU 2 &3} GBDT &
& o] Z+7F 9.679~34.9432} 13.762~34.5582] HY=E 714
= Zo® EALQtt (Table 2).

AR H o2 GRU o] GBDT X &of H|3] RSR
3} RMSES] Bx7} 2 Aoz 3lolg|glon GRU94
RSRO] 120 A|7F TZH ol A 0.7660.5 A= 7
£ A9t & 23 25 HE simulation }_73_01]*1
RSR<0.72 EIEZFS & of| =319t

rE “‘1"

ME

3.2 By Ms HuWEM

GRU 239 Z¢ Ag
2 A=o] AT = ATk
4} RSRa} RSME7]— J,' ZF 0.696, 24.1982 713 Yo

£ o3 458 Beov] B3 HEsh FohuA A
5ol FEo 2*]1} = WlEo A RSRIF RMSE7}
Zb7F 0682 W 3494308 7} £ Ao Hrh
(Table 28} Fig. 4). GBDT X2 168A|7F U= W=
o] o] RSR¥} RMSE7} Z+ZF 0400 9 13.762=2 714+

Y
il
lo
i
B{\
rU.'.
H1
_\|l_

oz
o

& Rl 16847 A=

Table 2. Model simulation results at various observation frequencies

No. Frequency (hr) RSR RMSE
GRU GBDT GRU GBDT
1 0.182 0.504 9.679 26.798
2 0.265 0.515 14.045 27.312
3 0.442 0.542 23.251 28.532
4 24 0.682 0.683 34.943 34.558
5 48 0.684 0.492 26.893 19.299
6 120 0.766 0.422 27.674 15.295
7 168 0.696 0.400 24.198 13.762
Max 0.766 0.683 34.943 34.558
Min 0.182 0.400 9.679 13.762
Average 0.531 0.508 22.955 23.651
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Fig. 4. Model simulation results at various observation frequencies.
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Fig. 5. Comparison of simulation results between 2 h and 24 h observation frequencies.
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(Asrafuzzaman et al., 2011; Park et al., 2017; Suttle et
. 2004). whaka] TER: ¥R S 31 B #3)o)
01152 344 £9 9 S4B Tasis oS 4
A= At i3t A o] B E o] T Qsic)
Selee] el 2 el DYl B 3
stk o] E317 A 1A 2 E(http://water.nier.go.kr)
ol A S L BaolAl el AH F7He
= S48 34 A7k Aslolds. o 0
dukH e A ¥ 13, FaxHe 4
62 W2 249 $4EUSY &3 @ﬂ% 3
Nl
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Aol 34 W EAZ 9t st=qo] dse A F
oz o]l JAE= Al7I= 1oL, 2000 o]
% SVM, RF 9 GBDT -5 thefeh oFare]&of 7ol
SR a1 AAZE 24 AA & 53] =AE A=
7 Z71sHA Fye Bofo] (&A 0w el
t} (Ben-Hur et al., 2005; Pal, 2005; Vapnik, 1995;
Zhang et al., 2017). £3| Hinton et al (2006)°] A7
9] 71&7] &4 EAIE MAsHaA Hed EHde] g
71481 A715 AAEE o] d#d o &3t Wilo
o|FolX|aL glom, X £zt T EopoA =
2 GBDT & HAlyd ¢du8]23 LSTM 2 GRU
o gy darglEe &8o] A Fkska 3l
(Shin et al., 2020; Zhang et al., 2018; Zhou et al.,
2018). Ensemble 7|%t HAI# Y 2T} H2d2 A=

ol

—

Lol a

O QA 4TE|E TR AT glom BAF B
ol WA Fo s mol AL opmz 9
A3t o] B

S W AEde 5 AR UE dgEE 536t
2 mgo] BHE o) gd) wae) 45 Fol A
T HA 531 o) (Islam et al., 2020; Kim and Cho,
2019).

chepsAl e iy mEe s ehE 5 4
AW} o3 maTEe] 48 $L 45S st
7] Sl opEe] A2 AR Shueh shuE Aae)
_‘::—'_/HO" Eﬂ-}_—_ S A

AT e 42e| SHL WY mYY
3 3o AYE o] g3t
o2 BPY A P

[

o] Au RIS HREANNY YO
FFATATY AL ol SYE AT NRF-202
OR1G1A1008377).
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