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1. Outlier Robust Extreme Learning Machine (ORELM)
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2. Gene Expression Programming (GEP)
3. Support Vector Machine (SVM)

4. Machine learning

5. Support Vector Regression

6. Extreme Learning Machine (ELM)
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1. Particle swarm optimization
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5. Overfitting
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1. Extreme Learning Machine

2. Back Propagation

3. norm

4. Single layered feed-forward neural network
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Fig.1. Schematic of numerical models (a) Kumar et al.
(2011) (b) Seamons (2014)

eI S

o b g alaly Sl lag e 0 e IS sk o

c 3 0 18,9] 555
2 \2gL HY ®

e Gign Sadde Gl 63555 bl S5 K85 YL S

fi

Fig. 2. Combinations of input parameters for numerical
models
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Parameter Fr HT/P o(degree) Le/W Alw w/P
Range min max min max min  max  min max min  max min max
Kumar et al. 0.001 0.111 0.186 6.968 15 90 0.5 1932 0 0 2.593  3.043
(2011)
Seamons (2014)  0.017 0.445 0.053 0.835 12 12 1869 2210 0 0.120 1.892 2.017

Table.1. Range of Kumar et al. (2011) and Seamons (2014) experimental data
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1. Monte Carlo simulations



\Y“\‘\ JLA/\ o)w/r;m:{ 092

oot Ol jes pwdige Liagh = oade alee

V0 Lol g e Y a0y sl el
NSC 5 RMSE AIC slie Lyl i pl s .dd Ol
o /A8 5 /Y VN0 L sl LS S
Sl s 3w pln s bl slajasls Ol is mls
(Opoman Sl sdalie LB (YY) ISKE s e Y
sl & Juas ) s MARE 5 RMSRE R? (sla jaxLs
Lol o o YO L sl e oY a0 5

LS 633 e Y/ATA 5 0/YYE (/48T

¥ i bl (s P9
A eslarwl Ay ae ‘_ﬁl.aﬂ S Ry 3 E e
Solws aw o= e Slalline glaesls ;8 5l gl
Sl Gl = Laesls ol 5lhazas QQ)QIAJ.UJ\..ZWEJ
O G555l Sl ils 5 (8 sms (350 Jioe s
MJJ_AJM‘)\JS:)Ls@M\J.‘B w‘ O ealaal
aslizal 5550 O ge31 sl DU 5 Si3sel lp LSS Wds
Soga Jdoe Ollal iul58l Cel g,y opl s S 18
s Slaalie glaesls Lo, ¢l§.:.aaﬁ S pan
Sibwd s 2Uls erme ga Jhe &S o8 Olss o
5ol dali_i.ilxﬂ slaesls 31 (g iy 55
aY o bl s Gras sk SS8s (1) S
mmae el sdaline LB Slaalie ol LY oL
S = sl i bl gla et s s
OLas (0) Ko s aesls IS (6l 5 Y i e sLel
R? i op i 58 o 0dis oS 455 Olas sl 0303
S 03 ol (R2=0.954) usl cwds K=4 &I 4l
—— S4u MARE s RMSE ,.5L4 K=5 ¢l - «5 ol

A 63 Lf:.wd L/EA 9 v/eYE LLSJLWA

Y4

25 St AT s S et e
Dyt o B
()

J)j_ﬁé.\_\; GJ)J:_Q?U“LSK_QJ:A\)Q )l.\_’u”ﬁ‘fkl?;«i‘)é

AIC = nxIn(RMSE )+ 2k

Q‘_}-..GM AIC f.ﬁ\)lﬂ G jw &J':’)'A JJ.A B ealeal
Sl Sl Olsmeany astli il ommen 3550 43 S
5 St Olegen jsb a5 o5 e ealinal Jhe Ol

S o S ) reas Ses Jde I3

Y lads o sl o e bl K sl s
Silwdld w0 o e g A bl S (e
ORELM L ORELM 1 laJue @l:_q e D e ALl
Jrdos S caslal 5o 5 S e J1E o 5 42 5550 7
(o=l medle gl e |l sladae (gl okl ple
S2505 Sl bl sl 5 Bl daly S 5 e 6l

e wY SOy p dlow
G Ole w sd e bl asee Y glags S sl
omIB L s s 558 e b sslee Ll slaas
B dolp ol 5 Al s p ogmae Jiss Jde s L]
;bgp’ﬂ.@gm\:lﬁioL.L;;LM.ALAQJJJASJZLA)'
Sl e Y lags s sl e S
P JB a5 epeas Sogs Jhe 33 S k2
Bed oo bl Cl Cnle 55 Olawle Oy 5 o
d&a’uq‘ﬁduojjjsl.hjgléud\élﬁASL;JK.;;J:,A\JLT

ol s e ol Oof b blas e Y glags s

1. K-fold cross validation
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Abstract

Generally, labyrinth weirs pass more water compared to their equivalent rectangular weirs. Thus, these
types of weirs are popular amongst hydraulic and environmental engineers. In this paper, for the first
time, a novel artificial intelligence (AI) technique called "outlier robust extreme learning machine
(ORELM)" is used to estimate the discharge coefficient of labyrinth weirs. The ORELM method has been
proposed in order to overcome the difficulties of the classical ELM in predicting datasets with outliers. In
this method, the concept of “sparsity characteristic of outliers” is used. Also, in this study, to verify the
results of the numerical models the experimental measurements conducted by Kumar et al. (2011) and
Seamons (2014) are employed. The experimental model established by Kumar et al. (2011) is composed
of a rectangular channel with a length of 12m, a width of 0.28m and a depth of 0.41m. The weir is made
of steel sheets and placed at an 11m distance from rectangular channel inlet. Also, Seamons (2014)
experimental model has been set up in a rectangular channel with the length, width and height of 14.6m,
1.2m and 0.9m, respectively. First, the number of the hidden layer neurons initials from 5 and continues
to 45 and the most optimal number the hidden layer neurons are taken into account equal to 5. In this
study, the Monte Carlo simulations are used for examining the abilities of the numerical models. The
main idea of this method is based on solving problems which might be actual in nature using random
decision-making. The Monte-Carlo methods are usually implemented for simulating physical and
mathematical systems which are not solvable by means of other methods. In this paper, the K-fold cross
validation method is employed for validating the results of the numerical models. To this end, the
observational data are divided into five equal sets and each time one set of these data is used for testing
the numerical model and the rest for training it. This procedure is repeated five times and each test is used
exactly once to train and once to test. This method increases the flexibility of the numerical model when
dealing with the observational data, and it can be said that the numerical model has the ability to model a
greater range of laboratory data. For instance, the maxim value of R2 is obtained for the K=4 case
(R2=0.954), while for the K=5 case the values of RMSE and MARE are estimated 0.034 and 4.408,
respectively. After that, different activation functions are evaluated in order to detect the most accurate
one for the numerical model. Subsequently, six different ORELM models are developed using the
parameters affecting the discharge coefficient of labyrinth weirs. Also, the superior model and the most
effective input parameters are identified through a sensitivity analysis. For example, the values of R2,
RMSRE and NSC for the superior model are calculated 0.943, 5.224 and 0.940, respectively.
Furthermore, the ratio of the head above the weir to the weir height (H7/P) and the ratio of the width of a
single cycle to the weir height (w/P) are introduced as the most important input parameters. Also, the
results of the ORELM superior model are compared with the artificial intelligence models including the
extreme learning machine, artificial neural network and the support vector machine and it is concluded
that ORELM has a better performance. Then, an uncertainty analysis is conducted for the ORELM, ELM,
ANN and SVM models and it is proved that ORELM has an overestimated performance.

Keywords: Labyrinth weir, Discharge coefficient, Machine learning, Uncertainty analysis
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