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Table 1- Statistical characteristics of available data at
studied stations
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Station %%r;éﬁ? k:k?:]iz Maryanej  Sarabi
Max 150 187 174 190
Min 0 0 0 0
Mean 195 18.25 315 26.75
Variance  1209.79 1160.99 1655.71 1743.51
SD 34.78 34.07 40.69 41.76
CcVv 178.37 186.7 129.18 156.09

Table 2 — Geographical location of studied stations
and annual average precipitation
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Station Annual Latitude Longitude
rainfall (mm) (N) (E)
Sarabi 436 34° 58" 48° 10
Aghajan bolaghi 332 34° 50° 48° 03"
Agh kahriz 317 34° 59 48° 48"
Maryanj 451 34° 49" 48° 48"

Table 3- Correlation coefficient between precipitation
data of studied stations
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. . . Agh Aghajan
Station Sarabi Maryanaj kahriz  bolaghi
Aghajan bolaghi 0.88 0.88 0.88 1
Agh kahriz 0.90 0.90 1 0.88
Maryanj 0.93 1 0.90 0.88
Sarabi 1 0.93 0.90 0.88
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Table 5- Common kernel functions in supporting
vector machines (Hamel, 2009)
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Generate a random population of n Computer Programs (CP)

)

%{ Fitness evaluation of each CP in the population

)

Replace CP population by selecting a genetic operation
probabilistically until n new CP are generated

Reproduction Crossover Mutation
Selection of 1 CP for
reproduction based on | Select 2 CP for crossover | Select 1 CP for mutation

fitness (e.g. roulette based on fitness (based on fitness)
wheel)

Insert generated CP into new population

Type of function Kernel function

Linear K(x;,xj) = x{.X;
Polynomial K(x;,x;) = (vx{.X; + C)ﬂl
Hyperbolic tangent  K(x;,X;) = tanh(yx{.X; + C)
RBF K(x; xj) = exp (—y|xi,xj|2)
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Figure 1- General description of the steps taken to
implement genetic programming (Sette and Boullart,
2001)
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Table 4- Specifications of genetic programming used
to reconstruct missing monthly rainfall data
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parameter Value
Head Size 8
Chromosomes 30
Number of Genes 3
Mutation Rate 0.044
Inverstion Rate 0.1
One-Point Recombination Rate 0.3
Two- Point Recombination Rate 0.3
Gene Recombination Rate 0.1
IS Transpositation Rate 0.1
RIS Transpositation Rate 0.1
Gene Transpositation Rate 0.1
Fitness Function Error Type RMSE
Linking Function +

Ol oy iilo
b (FKly Sl @Y SVM (Ggrm 5 ) oo S 50
oSS X s 5l potiie 3] (Slacgome Y atunly joiie
(Soe Sy Plase ;0 aiibe aS conlinl 52 (2,8 095 035
f oo 20 S5 asgs Jis g atisly (glo yoriio (s alolae
S a5 59 oo aine g LSl ke G ogdle 4
sl o ol Lz Y alsles o )T 3L,
Y=f(x) + Noise QD)
oS Cool T ol o8 0,5l (Lol g9090 nlpl
SVM aS |, saax o)lse umo Ojge 4 Wlgn

O ol ol S i Cwl 005w eST

! Noise



IWAY leasl g 5l o) oylods F ol ¢(65,9lhS wlillgn 4y yid FO

(N Saror o 5 RMSE) L Slaype (ke
slosls giluJow cds o ¥V Joam ol colaiu!
S0 sl sy 1) @l g 2l oKl 2L
Sl S Sley Jouzr nl a0 4z b wawd oo OlaS (o) 2
solatul 0,90 v Jow [bjgel glp o] aw slaosls
Ol Hlon Gedle 5 SG5 Giyaelin S (o0 18
SVM 5l 5 oodle aims oo olis 05 5 (g
e b4l Gl 45 )00 BP 4y S (5040 3 Sos
aS Cawl odel G w5 (B s Bas oKl o
VWEY Jaie L gl Slupe 0Khe jodme ke
903 0 Sles Joo g0y ax Slcaulanily |y e doe
Gl oKl g0 loosls 51 as Sley Lol casl assls |,
St oSk GP Jow o eoliiwl o Jas b3ge!
slass a8 Sloj cplply ol (Ll SVM Jaw 4 cous
Sl oaieS sleosls as ol Glbl slaolli,]
osls (g5lesl sl GP Jaw 5l olg5 co il yinS
Moy Oedle Joe 95 32 ly (IS Heb 4 0,5 eolanl
Sloollinnl slaxi 4z 2 S5 64l 9 oty
polie bl iy ol caie ools a5 ol jolxe
Silasl s elae A sgam 3 ()L sl g5lul
S8es gy g byl sobie 4y Cenl axsls | g YL
Jlie ,0 o0l cvmlie polic GP 3 SVM la Jow
OLY sl o b Jow hug ool gkl polie
Silodrd @l iy @ F g ¥ USS 00S s
SVM sla Jow b ozl po 5 (ol o oS! 3 )1 (slaonls
ol b S cpl a7 jghailen e oo lis 1) GP
o390l e (99,9 rolSi] slass sl b aiss o
PG5 loaslin glaosls 4y ez slaosls da o
B gV Gl S .l ool i bosls g3lwil Zds
S3loile g loasliv laools (n (Stuer
aS johiles apo oo lis 1) il glagSl (gl oas
SG o glrosls Had dlal b oass oo lis b S (]
Ol 4 g5loil sllas o Jas (B350l 4 S50 ol
olas 0 9 Vol o cwl adl, eSS gy LB
Sl ol 4w 5 SO laools 5l a5 Sley cins oo
oo oolaiwl @b ye g (ol oKius! slaosls (g5lusl
aS Jlej Lol .ol aisls (5,540 0 ,Slee SVM Jue !
o oolatwl e Jow o390l lp oKl g0 slaosls

sl oL g 3 Gy 5 Shes L5 oo 30 58

o ooliiwl (RMSE) Was ey o puKiles ay, 5 (1)

r= |1— Z?:i(R(ObS)i - R(pre)i)2 (\‘)
Zi=1( R(obs)i - Rm)

n
1 2
RMSE = HZ(R(pre)i - R(Obs)i) M
i=1

oalive AL Rni d olej )0 (e AL Repregi &5
Slolie polie (Sl Ry g oloy plen jo oad
s, S5 ;0 RMSE Jlais az 2 olul ol pasil oo
Oleo ' (Ko Jlaie g yiaS by Joo (g5luwad Galizes
S S0P ead gilwands g Slaelie glaesls

ol vy las 1) 6 YL o Slae 5 o ail

ailale i,b sloosls gilw Jow lp pol> asllas jo

oo sloslinul b gl o 5 (ol ()l ol
VW osleosls Sy iyl 5 olaidy oy oeile
olse 4 (VY Jlo 5D Jlo 0 5 Gojsel sl Jlo
ovigel Gl S jeb 4y asloas bl cus glaosls
YO 5l orw Coro gl g Wosls wsys VO 5l b Jow
<!y (Ahmadi et al., 2015) o eolatw! baools ss )0
(F J9uz) Sl onds a3 )15 30 oS 2 s Jove el

Table 6- Pattern used in training of models
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field Pattern

1 Rsarani=f(Raghaian bolaahiy

2 Rsarani=f(Raghaian botaahi» Raghakhriz)

3 RSarabi:f(RMaryanix RAghajan bolaghi» RAqhakhriz)
4 Rmaryani=f(R aghaian bolaghi)

5 RMarvani:f(F\)Auhaian bolaahi» RAahkahriz)

6 RMaryani:f(RSarabix RAqhﬂ'an bolaghi s RAqhkahriz)
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Table 7- Performance evaluation of different combinations of SVM and GP models in reconstructing monthly rainfall
data of Sarabi and Maryanaj stations
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: Target SVM GP
Pattern Base station station r RMSE (mm) r RMSE (mm)
1 Aghajan bolaghi Sarabi 091 18 0.90 20
2 Agha kahriz and Aghajan bolaghi Sarabi 0.93 14.34 0.92 14
3 Aghajan bolaghi, Agh kahriz and Maryanj Sarabi 0.93 12.88 0.93 13
4 Aghajan bolaghi Maryanayj 0.94 211 0.89 21.15
5 Aghajan bolaghi and Agh kahriz Maryanaj 0.94 13.47 0.94 12.41
6 Aghajan bolaghi, Agh kahriz and Sarabi Maryanayj 0.95 11.43 0.95 12.21
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Figure 2- Comparison of observed and reconstructed data with SVM and GP models (Target station: Sarabi)
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Figure 3- Comparison of correlation coefficient between observed and reconstructed rainfall data (Target station: Sarabi)
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Performance evaluation of the genetic programming and support vector
machine models in reconstruction of missing precipitation data
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Abstract

Incomplete rainfall datasets with missing gaps is a major challenge in climatology and water resource studies. In
the present study, two intelligent models, namely Genetic Programing (GP) and Support Vector Machines
(SVM) were used to reconstruct the monthly rainfall data of four rain-gauges located in Hamedan province, Iran
during the period of 1992 to 2011. The incomplete rainfall data was reconstructed first by using the data of one,
two and three stations respectively. The results showed that increasing the memory and the humber of stations
involved in the training phase, will improve the performance of the models. In reconstruction of monthly
precipitation data of Sarabi and Maryanj stations, the Support Vector Machine method showed better
performance with RMSE of 129 mm and 11.4 mm, and correlation coefficients (r) of 0.93 and 0.95,
respectively. The corresponding values of RMSE for GP approach were 13 mm and 12.21 mm, which indicated
the superior performance of SVM.
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