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Comparison of Artificial Neural Network Model Capability for Runoff Estimation about Activation Functions
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ABSTRACT

Analysis of runoff is substantial for effective water management in the watershed. Runoff occurs by reaction of a watershed to the rainfall and has
non-linearity and uncertainty due to the complex relation of weather and watershed factors. ANN (Artificial Neural Network), which learns from the
data, is one of the machine learning technique known as a proper model to interpret non-linear data. The performance of ANN is affected by the ANN’s
structure, the number of hidden layer nodes, learning rate, and activation function. Especially, the activation function has a role to deliver the
information entered and decides the way of making output. Therefore, It is important to apply appropriate activation functions according to the problem
to solve. In this paper, ANN models were constructed to estimate runoff with different activation functions and each model was compared and evaluated.
Sigmoid, Hyperbolic tangent, ReLU (Rectified Linear Unit), ELU (Exponential Linear Unit) functions were applied to the hidden layer, and Identity,
ReLU, Softplus functions applied to the output layer. The statistical parameters including coefficient of determination, NSEZ (Nash and Sutcliffe
Efficiency), NSE, (modified NSE), and PBIAS (Percent BIAS) were utilized to evaluate the ANN models. From the result, applications of
Hyperbolic tangent function and ELU function to the hidden layer and Identity function to the output layer show competent performance rather than
other functions which demonstrated the function selection in the ANN structure can affect the performance of ANN.

Keywords: Activation function; artificial neural network; multi-layer perceptron; rainfall-runoff; stream flow
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ko7 Aolskyl Byslsly| olgew, s BA
s17] Yol W2 w2lS Ha 2 sty (Lee et al., 2000; Mishra
and Karmaker, 2019). o]= v]Adg3 EAS 2 74¢-6&
APl 3t BE WS wgstel R3S Y7 ol
aL, AastA 9T RYLes v ek B
o] Z71517] wl&o]t} (Jung et al., 2018). oJof T3l teto =
eiEsh AN BAS T MOE BPS THE 4
B meo] §ES mofs)7] I eE 9on (Song
and Lee, 2020), 32 02 7|As50] A% Byof &
s,

ARE AN 8o W AR S k8T @77} 7
SR o]foll= BlAdG AR Tt B
ARE 7INke & Sisohe 7| AsRsS
A3t oS Q151A] okom, ol F A1 (Artificial Neural
Network, ANN) o] Zo] AA|EHA B35t H]/\‘jax}ﬂ Eﬂ
2o o 4= A = ATAEE QI N
D}—},\—ﬂé]-m] AFE 2 FLdstA} sk do R (Yoon et al.
2004) 5, 71 & HIAE Y AR BoJskrof A st
thaL 2 Eﬂlxﬁ ek A-REeiA, S 22, 7he, Alske
5 & oA 2 2 EofollAE JIFAIEES o83t o
T7F 5] o]Rojx| 3l glon, 2R fEEoke| th
oFeh ojojoll AFAHYL 283 A S5 Gl F
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2435 g0 M2 REFY AY ASMEY ZFHO H5 Hln
Alolct (Yadav et al., 2020). ZF-~fr=3 4ol tsfirl= 1990 Rt A A 7t SV Y] Aol fpsithal
15]141 ]b‘ O]J_/K]ﬁul-.g_ X—LQ_‘G]- 0:]:r7.7]_ 1;].0]:"]-7-” _,_“(]515104 [e) }%l-ﬁr/]_
™ (Ahn et al., 2000; Kim, 2000), AA7HA| = QFAI S AFAIEEY 452 AR, 2HFY & 4, 355,
Z-rEs A Agske AvE EEe] $FEa ot 243} g 59 dFe ot ZA =M (Gomes et al., 2011)
(Ghorbani et al., 2016; Patel and Joshi, 2017; Lin et al., 2019; Aest 52 Yol Ao A ar) . tH) 7|29 -6
Asadi et al., 2019; Kumar et al., 2019; Poonia and Tiwari, Z3[|Aof AFAALLS AL A= YRR, AAY
2020). o 4, o5 darelE Foll HEkE il T1of wE Ao
A4S o8t 17 oI5 AFtEe A A=t £ vlashs A97F wol E v glok 2493} k= 2
VAR SAlEY B0 YHARR o]§sto] sPH & oA ek JRE vy S0 8 EYske WAl 24
9], &5 =9 of| =3 ¢L7} 9lem (Campolo et al., 1999; Sk g ob, 493} Fpol| whet SEgte] 4] gt
Tokar and Markus, 2000; Sarkar and Kumar, 2012) 3+ 31 27| &l e dstuz} sh= Ao wak At deE A
= o] 1A QExE, AT} T Sof ulet o2k A Ash= Zo] 223tk Gomes et al. (2011)3} Sibi et al. (2013)
A QEAAY BFo] ALS Hrlgh At glck = 710l ARSElE EAst g of9foll o B4%t dE
h A E|Zat 1E o] Ao wE Q1 FAIAT 1o A7 HEgol| Agstal I AyE Hugk v glom,
Aeo Hylel L2 Karunanithi et al. (1994)0] Case- Ramachandran et al. (2017)3} Sharma et al. (2020)-2 €43}
Correlation Q12|22 AL3}o] 3}H QS o235 A4 0] SR 54 AYfstar A4t A E 2 S
7+ A5k B1eelet. Kumar et al. (2005)2 7Z-0afw  AAIRE ¥ glek
Ao zere zdlsl JAARE 0|8 UZHAEER I8y sRHolo A EA3} ko] I E AlAY B g o)
(Multi-Layer Perceptron, MLP)x} Radial Basis Function (RBF) oe vlashs A 719 SRR agken, s3d 4
Network®] 92 A4 ZAnk2 H7}stelon, Kisi (2007)% ©1 o= 30l FRE v AlFHH o ® AE3t A7} T F
TAAY mao] s oFEZe] o 92F Ak Azke  =oIU F-REsAE A%t 5 AP AEE Al 9
H25}9Ich. Ghorbani et al. (2016)& MLP, RBF, Support 1A= Ak daiels, Alge] szl uhE s <
Vector Machine (SVM)2- ©]-&5to] & 513 a2 Akl = G8s] Y W A3 ol Aol AL 1o
58 7)o 0, Kumar et al. (2019)& 12417} Al ndel A5 vhtshs s e el
ENN (Emotional Neural Network) & 0] 85}0] € 9-22kS A oEbA 2 Al M s A -rEside AR S
Aot = T=OHL QFAIA WO A3 kol T fET AN
AikE HlawskaA} selck 24951 E85ol 242} Sigmoid,

iAo} BAI} Giol W2 g A ABAAY B
o] A5 vust 92 Shamseldin et al. (2002)0] £
oA 1M fET ARE JHARR o]8slo] &
AZsHe A4 RAE TSI 4} go] e o
9] A2 Hus}STh Sudheer et al. (2003)2 1A= 9
FAX WAl w2 A wae] $E Y A0S v)
WGl om, BFS Aol x| B3 Bkl whE AFR O] XA
Y GIE v|we I QA4S ALt Shamseldin (2010)2
AF AR Ay HERS B oRgY F7kstod
SEREEEERPREE BEE S EREE PET
t}. Patel and Joshi (2017)= ¥ §-%
o1 et +2 99

& TRE HH BRe Age v
(2019)% AR =} Ebﬂ«] Tz o ¢l
ok A A H] w3} T} Poonia and
MLP&} RBFE ©]g-5to] QJefztzof uhe
%om, MLPL} RBF 25 QJgatme
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data / RelU / ELU for hidden [ayer activation function
¥ Training data
‘ Set up of ANN data Identity / ReLU / Softplus

for output layer

Validation data

¥ Previous
Testing data precipitation
of weather

stations

Previous
runoff

Fig. 1 Flow chart of the study

Runoff (g,)
Set up of No. of
hidden nodes (n)

Trained ANN model
application to test data

¥
/model result // target data /
I—*—l

Evaluation of
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ReLU, ELU 45 4851913, $e%0le ldentity, ReLU,  E3He ¥ 48 A120] o ke ASgho: olgalo] ol
Softplus TH4-2 A 83lgich BRO Als WS $I1 A5 AEY 8RS Saeldnh 29 W 4o O gelow
T =y Ag dus vlaste] A3 FAWY R® AAsto] A oA Akm S 7171o] BlalA] Al F4o]
(coefficient of determination), NSE (Nash and Sutcliffe Fogt 27 e A FHARE ST A% W
Efficiency), NSE,, (modified NSE), PBIAS (Percent BIAS)S AR o AW AL 2,694.35 kmPo|al, &3 ARE 7|FoR
PR EE AL51AT, BN EF T EE o] 88) mE o AR Bk 67.88 m's otk Aol ARl o fF
A5S H|WEIGIT) Fig 1S & 97o] 323 Uepd Aojcy. AR A7 19745 H 2019W7H4] 5 4610, %}
=29] F 7i4== 16,801 ojth. 9] 7| HEas T
1. (jAS gl 22F X172 T=A]2H] (Automated Synoptic Observing System, ASOS)-
=0 Al (Thi e L5ke] Fltk O.olo] GEES
% ?_:]_:[Lq]A‘]—E— 3?7}#}}%%&%_&%“1/\]&% (Water 7] L.‘-‘i F’] dl (Thlessen) o= ;;L Oo]—OZ‘ OH [ Tl_‘_loﬂ o o=
. Fe AL (A, 24, Y9, £2 BNES A5 o

Resources Management Information System, WAMIS)oJA] #| N A } 5 -
SRR 2470 FU A7) o A9 RS 7
251900} Fig 2 th fole] felmel ElAS wAlskT
27 7SS (A, 2, T YIS #AIG

A

o

&

OO
ATAEY 2L 7wl APHAR o]FolA = Q7]
¥ F2E BEselel BE QRGO 4RE JwoR
gk 7|ASEe dFolth EAl A 2Rk AIAQ] gy
Zolut e AAelA) glot ol Ag Fol BAS
AT = 2dem (Yeo et al, 2010), 53] H443H vlAE 2
A YUY BAE LAkl A3t mygos deA
STk, ATAAR] FHRL F AT BoE ATAEY
molA degtel wheh v For A RS A48t
L A2 o), del Fejol vt ke 2oz Fese
AR WOt BAJo] Peprk i WA Pl B
, Hongcheon JakRlo] AE Agtel ol ZAAW BFo] BAFAL Y
0 5 10 20 R o ~
e Kilometers _)’\__ 3}]\ ] §-l, . E/\(-)] %]__/,\_oﬂ_t__‘_ SlgIIlOld, RCLU, Soﬂmax %]__/’\_
Fig. 2 Soyang river dam watershed and thiessen polygons 5 thekst 25271 9l o st iA} sk EAof wet AE
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Won (bias)

Hidden node Post-activation value

Fig. 3 Schematic diagram of a hidden node
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Aurt 2
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I A

o= B3} 5 AA p, & SEIUTE 7 EoA
HE gk (p)= ] o 39 ktof Ygo g A
" A9 S5 e Snss S o e
A ()2} e LS St
J n
o(x) =f(w0+§]1w7 f(wOjJr/z]lez?)) (N

A7 x={z;, i=1, 2, -, n}‘“ qelE, f= &
3} 3k o(x) = %Ei‘?ﬂﬂ, wy= FYe=of| tieh H,
7]_(71]’ Wj = (W1j3 ) Wﬂl)% 7}—6«1] H‘i]E-L ,w(,j\__ ]E}___]RH

Yi-tof thgt #HeFolth (Giinther and Fritsch, 2010).
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Hig &

839 245 Allstal, 239
2} 5 Aol 7k AlE 24kl o4
HItHo]t} (Zadeh et al., 2010). & JFo)A|=
MY oHiut dElEoR Heahy, QA
2= HAHF2 A} (Mean Square Error, MSE)E 4-8-5}%t}.
Tele 7k Aol et S 2eRe 27
3} 71 9] s, Kingma and ba (2015)& Adam ¢ale]&o]
ARtEEC] il k] 8atgFo] Atial g vl glom of
7HA Aol A Adam FaiE|Eo] e vl vl qlch

£ AtolM= SsARE alfste] SkgE Shsihesl
= (epoch)E 212} 0.0001, 1,2000.2 HE HEof SA3HA
Agsigdon], ouzo] g4s} giha Ul o oAl

WollA] Bo] AGET, o] A ATeA 2

485 vt gl
Sigmoid, Hyperbolic tangent $}4> (Tokar and Markus, 2000;
Shamseldin et al., 2002; Kumar et al., 2005; Zadeh et al., 2010;
Ghorbani et al., 2016; Lin et al., 2019)Q} H| W& Z|Lof A|QtE]
o] A5 olAHk Q)= RelU, ELU 45 #8319t
(Glorot et al., 2011; Ramachandran et al., 2017; Sharma et al.,
2020). EE3oll= 39 AFAFY BYPoA 2 285l=

Identity =2 2-835}9] 01, Identity 3H-S 2|83 A2 &

3}— A st R S5 SEEHA
Z85oli= 20| Identity Tt AL
2l ReLU, Softplus 75 21-8-5to =23 ¢] 4

orxE =g

14* ‘ﬂl
2 st 1% T3+ 7| 70%S 5ALRE (training
data) 2 ©]-835} 0™ 15%E 7AEA= (validation data), 15%
£ H7HAIE (test data) = AMESIATE 2 BEE ASAIEY
nEo HA e ¢§ Aat7] Qlate] 5, 10, 15, 20, 25,
30, 35, 407H_4 LT 22 717 29510] A3k HS Safs)
of e wakE wejab) S8 7t 4
3}al AZAFRE (validation data)g
é}ﬁl:]— Table 1-2 £ 7Lof|A]
$3 st kel o4,
e, 420, 3o 9% a5
13, Table 2= 7} m&o] ou=o] sl4s} glol
B 24 S S8 G Rl
Amo e Hagh AUGS ol 82 AiHsh
(min-max normalization)& E3f 03} 1A}o]9] 4HE 7 =5

ARl e, ) S A Aszel 3

o

.1

= s
s o5

Zholl 23t Algke: WA|517| s) SRR HUghe] 1261
Zgslo] 2] (2)9} Lol A4telE s
X =15 fi; 2

max min



Aot - ZZE - YME - EE - dHE
Table 1 Set—up of ANN structure and dataset
[tem Contents Dataset Period No. of data
Learning rate 0.0001 Training data 1974.01.04.~2006.03.14. 11,758
Epoch 1,200 Validation data 2006.03.15.~2013.02.05. 2,520
Back-propagation algorithm Adam algorithm Testing data 2013.02.06.~2019.12.31. 2,520
Table 2 Optimal number of hidden nodes for each ANN model 4, "@ypdhH
Activation Activation o 2 AoA = AFAAEY BP9 A5 Brsk] Sl
Model hf-:r;CtIOT of fu:Ct'I(OT of hidden node Az3)9} wolXE u|wsle] AAAS (&%), Nash and
aden tayer | Oodfput Tayer Sutcliffe Efficiency (VSE) (Nash and Sutcliffe, 1970)%} o] 2
Model 1 Identity WYt NSE, (Pushpalatha et al, 2012), Percent BIAS
Model 2 Sigmoid ReLU 15 (PBIAS) (Gupta et al., 1999)9] U] SA M-S AAsIIc)
Model 3 Softplus AZz]9} molx] 9] e} AT U] EA MRS 1185}
Model 4 Identity o] A0 HWrylslal SEF ALY ol ZAAY mo) A
—— 1 Hyperbolic
Model 5 | ReLU 1 A3 BAS G4 AASA Table 3 B, NSE, NSE,,
Model 6 Softplus PBIASQ] A} 7vadst AwS Aejst Aolth. 7z BA|HEk)
Model 7 Identity B7}7]5-2 Moriasi et al. (2015)0] AQ¥st 7|+ 28314t
Model 8 ReLU ReLU 15
Model 9 Softplus
Model 10 Identity . Zu ¢ st
Model 11 ELU ReLU 35 1. 28 2=
odel 12 Softpls 3 ATOINE TS o] T o A QB
Table 3 Properties of statistical parameters
Evaluation method Equation Explanation
y (0,—0)(P,—P) ’ - Indicates linear relationship between observed data and
R —— - simulated data
\/ (0,*5)2\/ (P,—P)* - Satisfactory: R*> 0.60
i=1 i=1
NSE - 121(0‘713‘)2 - Indicates weather simulated data reflect the tendency of
(0.— D) observed data
i=1
NSE . ,;(IH(O’ﬂ)*ln(P'”))g - Modified form of wsz for low flow
! i(ln(Qﬂ% W0, % ) - Satisfactory: ~NSE>0.50
i=1
i(Oﬁ P) - Indicates the large and small between total observed data
PBIAS L X100 and total simulated data
210, - Satisfactory: | PBIAS| <15
O: observed data
‘0: average of observed data
P: simulated data
P: average of simulated data
e small constant (1% of the 0)
F2s3ata=r Ae3d Allg, 2021 « 107
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Table 4 Statistical parameters of validation and test data for the each ANN model

Validation data Test data
Model
R? NSE NSE, PBIAS R? NSE NSE, PBIAS
Model 1 0.926 0.923 0.725 9.53 0.907 0.897 0.482 13.03
Model 2 0.911 0.905 0.681 -19.35 0.900 0.883 0.515 -30.72
Model 3 0.926 0.926 0.699 -2.07 0.900 0.870 0.619 -8.85
Model 4 0.929 0.929 0.734 0.66 0.914 0.907 0.636 -5.42
Model 5 0.929 0.928 0.442 4.41 0.915 0.903 -0.003 485
Model 6 0.908 0.908 0.672 -0.54 0.882 0.868 0.588 -6.61
Model 7 0.881 0.868 0.768 -3.76 0.883 0.867 0.656 -3.71
Model 8 0.874 0.873 0.052 9.60 0.873 0.841 -0.759 7.47
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