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4- Levemberg-Marquart
5- Support vector Regression
6- Genetic Algorithm
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Figure 1- The structure of an artificial neuron
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1- Artificial neural network
2- Learning
3- Back propagation
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1- Population

2-Parents

3- Offspring

4- Ant Colony optimization
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Table 1- The selected stations of Turkmenistan for imputation monthly missing data of Mashhad

o (5100 tuns! g SllGEe G deplpl S, S5 o8 obS
Independent stations Serahs  Ashghabad Kushka BairamAli  Repetek  Kerki Tedzen Gudan
. (hle) dgeie b alolé . 91.48 137.43 166.68 168.85 252.28 326.46 91.28 116.01
Distance to Mashhad (mil)
. (egh) e b alols 147.2 221.1 268.2 271.7 405.9 525.3 146.9 186.7
Distance to Mashhad (km)
. _ r 0.81 0.70 0.70 0.68 0.68 0.64 - -
Wi (303l b Simmaod U
%)

Correlation with

Mashhad precipitation ~ t 4141 32.08 30.68 30.95 2480 2755 ; ;
st glos b S r o 0.995 0.990 ; 0.992 ; . 0991  0.986
Correlation with bl 95508 226.19 ; 256.92 ; . 22522  154.67
Mashhad temperature t

Table 2- The Mashhad rainfall Coefficients for pl to p5 patterns, VIF?, Durbin-Watson Statistics, RMSE and Pattern power

55,4 3 ; - . . . o9
el p cerddgly el i oS W mede L0 !
Coefficients Coefficient Standard t VIF (RE4j) (RMSE) F o s
estimate error (VIF) Ly (D-W)
Bo 2.05 0.53 3.87 -
Sl 0.29 0.03 11.34 18
e Pa 0.78 9.79 968 176
PY) Bo 0.11 0.02 5.92 25
B3 0.68 0.03 19.74 3.1
Bo 0.27 0.04 6.27 -
Sl 0.34 0.03 12.96 2.4
i P1 0.81 13.56 1165 177
(Pv) Bo 0.17 0.03 557 5.1
B3 0.46 0.04 12.59 5.7
Bo 3.84 0.57 6.76 -
Sl 0.11 0.02 4.63 28
i P 0.75 12.00 677 1.61
(PY) B2 0.22 0.05 473 23
B3 0.73 0.04 18.46 3.2
Bo 0.54 0.04 13.09 -
Sl 0.19 0.04 4.50 6.8
i P1 0.79 1431 824 1.60
(P¥) Bo 0.19 0.04 4.40 47
B3 0.52 0.05 11.16 7.2
Bo 4.15 0.53 7.82 -
Sl 0.096 0.038 250 28
e P1 0.74 12.23 801 1.65
(Pa) Bo 0.14 0.02 6.67 25
B3 0.78 0.042 18.57 3.9

1- Variance of influence factor
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Tivias =Bo +B1TAsh +B2Tosi +B3Teud
Tivas =Bo +B1TAsh +B2 TR +B3100(Teyg +5)
Thvias =Bo +B1Tash +B3109(Tgyg +6)
Tivtas =Bo +B1Tser +B3109(Tgyqg +6)
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Table 3- Coefficients of Mashhad rainfall for p6 to p10 patterns, VIF, Durbin-Watson Statistics, RMSE and Pattern power

s L R B L2 . . ; M9
l o cerd il el G s . bd @0 i )bl .
g Coefficient Standard O Ol
Coefficients . t (VIF) - (RMSE) F
estimate error (REdJ) (D_W)
Bo 0.54 0.037 14.68 -
S 0.30 0.041 7.39 6.3
o P1 0.79 14.80 1075 1.67
(P5) Bo 0.19 0.032 5.82 5.4
B3 0.42 0.045 9.34 8.2
Bo 491 0.59 8.33 -
S 0.41 0.039 1055 24
o P1 0.63 13.48 497 1.60
(PY) By 0.22 0.041 5.39 31
Ba 0.26 0.022 1162 23
Bo 0.57 0.039 14.56 -
S 0.47 0.037 1246 47
G Pa 0.75 15.84 893 1.70
(PA) Bo 0.11 0.038 2.89 5.5
Ba 0.29 0.031 9.23 48
Bo 2.83 0.55 5.15 -
S 0.28 0.028 989 201
G Pa 0.74 11.48 806 0.71
(P2) B> 0.04 0.039 0.98 2.9
Ba 0.78 0.036 033 2.9
Bo 0.29 0.042 6.84 -
2 0.21 0.041 5.19 6.9
s P1 0.81 12.32 1226 1.78
(Pr-) Bo 0.30 0.027 1122 18
Ba 0.47 0.037 1274 62
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Table 4- Mashhad temperature Coefficients of T1 to T6, VIF, Durbin-Watson Statistics, RMSE and Pattern power

3595 sl ] . . . . . Ony9d
%""é S od slre b’w M w..%)m g & 0% F c,Loi Ogmily
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Table 5- Assumptions and initial inputs for implementing the genetic algorithm
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Table 6- Fixed Parameters in All Patterns of the Ant Colony Algorithm

Deviation-distance ratio Intensification factor

N diges 831l
Sample size
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Initial population count

A o iy
Maximum iteration
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Table 7- Value of the weights and probabilities obtained in all patterns of the Ant Colony Algorithm

(W) Lo
Weights

0.0798 0.0782 0.0737 0.0666 0.0579 0.0484 0.0388 0.0299 0.0222 0.0158

(p) ¥l
Probabilities

0.1560 0.1529 0.1440 0.1303 0.1133 0.0946 0.0759 0.0586 0.0434 0.0309
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Table 8- Improved coefficients of temperature patterns with genetic algorithm and Ant colony algorithm.
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s
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Bl 0.016 0.018
™ P 200 6630  1.054 1.004
(Tv) By 3.006 2.007
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2 0.018 0.017
™ P 200 6630  0.986 0.976
(TY) By 5.469 4.320
B3 6.304 7.386
] By -2.913 -5.235
s
-y By 0.758 200 6630  0.856 0.681 0.854
By 1.589 2.926
. Bo -5.47 -4.439
s
. By 0.757 200 4420 1744 0.790 0.744
By 2.364 1.764

Ve eV /Y e sl pobul (gl o ¥ oY Y sl 4
slosiahly it (0503l 75 Laaz) 48 e 9051 99 42 93,
53 pow dlsyo 3 aja eyl sl odel Vo Jodn 5> oad Ll
S L) el b /Y B jho e sl oY BY 00k
2o ol gl jiolly cyiae 4 g b (og0)] TYF) 45 o
Sodloli b NG +/+) el oV ¥ Y a5 plas sy

(1,55 $8) was Sl o/ )

(SVR) Olasiciy jla g3 o gae 85 pla 5 551
OBl e ysateds pedle 653k By S e 4 SVR
oS il 5] Jols gl 05 0313 bl dgutie wlale (gles
2 L o] i ol 50 dpaie oS! wilale (clos 4y SVR
SVR a9 Sl sl " Jlly ' 58 i gy sl ol Vo g
o gl > yo 55 (sl 9 4z (9399 (sl il il Clol
S slosls s asd)s s )31y /N 9 ) i & (28 i sk
ol el 93 culil PSS o (gl (am oo 5 (i el
Sl pgd adsjo > ady )5 4 0jl s Gl (298 e g

1- SVM-Kernel
2- Radial



WAA 55— 318,55 .F 0,leds FY als (S 5 T 4,5

V.

O 590 (SIS w2 )91 9 S5 o2 )91 L 8 3L (T (59U gy ol EMe] il pd g -4 Jgua
Table 9- Improved coefficients of five selected rainfall patterns with genetic algorithm and Ant colony algorithm
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GA - Max ACO
Iteration
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Figure 3- A graph of the observed monthly temperature of Mashhad against predicted data by network, determination
coefficient, time series of error values and p distribution
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Figure 4- A graph of the observed monthly rainfall of Mashhad against predicted data by network, determination coefficient,
time series of error values and p distribution
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Figure 5- Distribution of modeling errors in Mashhad precipitation (right) and Mashhad temperature (left) in education
(blue), validation (green) and experiment (red)
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Table 10- Temperature correction coefficients with support vector regression algorithm
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St’o B t“,bt B‘J{Mi G Weighie () Paerd vfd portvecors V1S

ep est Cos est epsiion ama TASh TBai TGau TSer TTed umber or support vectors

Jl" 1 0.1 02 532 703 721 679 639 0176 84 0.629
£ 2” 4 0.1 02 539 801 794 765 682 0.179 74 0.592
f’;‘“ 5.66 0.04 02 527 841 772 861 7.85 0.129 288 0.567
f’);‘*f 8 0.05 02 509 858 819 871 7.73  0.187 241 0.561
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Figure 6- Graph showing the error rate of steps 3 and 4 of the SVR algorithm for temperature of Mashhad
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Table 11- Corrected coefficients of rainfall patterns with support vector regression algorithm

Ay RP ol e (W) B j9 o Ol (51> 2 laas RMSE
Ste Best Best Gama Weights (W) b Number of support
p cost epsilon RAsh RBai RKer RKus RRep RSer vectors
‘fl 1 0.1 0.167 1397 1416 787 1330 12.07 19.04 -1.24 381 12.18
PZ’D 1 0.1 0.167 1397 1416 7.87 1330 12.07 19.04 -1.24 381 12.18
’Pgw 1.4 0.16 0.167 16.23 16.11 817 1430 1233 20.84 -1.32 328 11.89
il 1.4 0.1 0.167 16.36 16.33 8.12 1412 1260 20.28 ~-131 382 11.89
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Figure 7- Graph showing the error rate of steps 3 and 4 of the SVR algorithm for precipitation of Mashhad
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Figure 8- The 125-year time series of Mashhad precipitation after the restoration and completion of monthly data using
Genetic Optimization Algorithm
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Figure 9- The 112-year time series of Mashhad temperature after the restoration and completion of monthly data using
Support vector regression
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Introduction: Temperature and precipitation are two of the main variables in meteorology and climatology.
These are basic inputs in water resource management. The length of the statistical period plays a pivotal role in
the accurate analysis of these variables. Observation data at Iran's first synoptic station from 1330 (1951) is
available at the Iranian Meteorological Organization website The historical monthly precipitation and
temperature of five stations in Iran is available since 1880 with missing data. These data measured by the
Embassy of the United States and Britain from the Qajar period and recorded in World Weather records books.
These synoptic stations include Mashhad, Isfahan, Tehran, Bushehr, and Jask. The monthly missing data were
predominantly recorded during World War Il (1941-1949). Unfortunately, these data have missing. Therefore,

the accuracy of simulating these variables is very important. The current research aimed to predict the missing
values of monthly temperature and precipitation in Mashhad station. The stations in the neighboring countries
were selected due to the distance to Mashhad, relationship, and completeness of data since 1880, as the
predictive variables. Monthly precipitation of Ashgabat from Tajikistan and Sarakhs, Kooshkah, Bayram Ali,
Kerki and Repetek from Turkmenistan were selected as an independent variable in the making of Missing
Rainfall in Mashhad. Also, the temperature of Ashgabat, Bayram Ali, Gudan, Sarakhs, and Tajan were selected
to restore the monthly temperature of the Mashhad station. This research has fitted ten multiple regression
models to monthly rainfall of Mashhad station and has fitted 6 multiple regression to the monthly temperature of
Mashhad. then the parameters of these patterns are optimized by genetic and Ant Colony algorithm. Also, the
Artificial Neural Network (MLP) model and Support vector regression have been selected and implemented in
order to simulate monthly precipitation and temperature data of Mashhad.

Materials and Methods: In statistical modeling, regression analysisis a set of statistical processes
for estimating the relationships among variables. It includes many techniques for modeling and analyzing several
variables when the focus is on the relationship between a dependent variable and one or more independent
variables (or ‘predictors’). Genetic algorithm (GA) is a metaheuristic inspired by the process of natural
selection that belongs to the larger class of evolutionary algorithms (EA). Genetic algorithms are commonly used
to generate high-quality solutions to optimization and search problems by relying on bio-inspired operators such
as mutation, crossover, and selection. Ant colony optimization algorithm (ACO) is a probabilistic technique for
solving computational problems which can be reduced to finding good paths through graphs. This algorithm is a
member of theant colony algorithms family, inswarm intelligence methods, and it constitutes
some metaheuristic optimizations. Artificial neural networks are one of the main tools used in machine learning.
As the “neural” part of their name suggests, they are brain-inspired systems which are intended to replicate the
way that we humans learn. Neural networks consist of input and output layers, as well as (in most cases) a
hidden layer consisting of units that transform the input into something that the output layer can use. They are
excellent tools for finding patterns which are far too complex or numerous for a human programmer to extract
and teach the machine to recognize. In machine learning, support vector machines (SVMs, also support vector
networks) are supervised learning models with associated learning algorithms that analyze data used
for classification and regression analysis. Given a set of training examples, each marked as belonging to one or
the other of two categories, an SVM training algorithm builds a model that assigns new examples to one
category or the other, making it a non-probabilistic binary linear classifier (although methods such as Platt
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scaling exist to use SVM in a probabilistic classification setting).

Results and Discussion: At the first stage, several multiple regressions were fitted to monthly precipitation
(with coefficients ranging from 0.63 to 0.81) and six patterns for monthly temperature (0.986-0.993). Afterward,
GA and ACO were applied to improve the accuracy of the selected regression models by optimizing their
parameters. At the next stage, ANN and SVR were used to estimate the monthly missing values separately.
Finally, the results of the previous stages were compared using the root mean square error (RMSE), and the
optimal models were applied to determine the missing values of monthly temperature and precipitation of
Mashhad. The results showed that the Genetic Algorithm and Ant Colony increase the accuracy of the estimation
of missing rainfall data significantly more than the previous methods. The lowest error criterion (RMSE)
between regression patterns is 9.8 millimeters. By genetic algorithm, this criterion is reduced to 2.56 mm, and by
ant colony algorithm to 2.559.

Conclusion: Comparison of the above methods in restoration temperature and precipitation shows that
evolutionary methods (GA and ACO) are the best for estimating the missing monthly precipitation and machine
learning methods (ANN and SVR) are the best to imputation missing data of monthly temperature.

Keywords: Ant colony, Artificial neural network, Genetic algorithm, Missing data, Support vector
regression



