DIYALA JOURNAL FOR PURE SCIENCES

Interpolation the Missing Data of Air Temperature by Using
Artificial Intelligence for Selected Iragi Weather Stations
Dr. Osama T. AL-Taai

Interpolation the Missing Data of Air Temperature by Using
Artificial Intelligence for Selected Iraqi Weather Stations

Dr. Osama T. AL-Taai
Department of Atmospheric Sciences, College of Science
AL-Mustansiriyah University
Baghdad-Iraq

Abstract

In this work, a branch of artificial intelligence was employed to predict the monthly mean of
daily air temperature for different target station using the available data of neighboring
stations, which were used as the reference stations. The daily air temperature data, collected
by the Iraqi Meteorological Office (IMO) for 14 stations, which cover different Iraqi
provinces, were used. The long term air temperature data covers the period between 1993 and
2008. These data were classified in parts according to the correlation coefficients relating
them. The reference stations data, as on input layer of the neural network and the hidden
layers and neurons were defined; the monthly mean of air temperature for the target station
was utilized as an output layer of the neural network. Multi-Layer Perceptron’s learning
algorithm was applied in present work. The hidden layer and output layer of the network
included Sigmoid as an activation function. Finally the interpolated data by (ANN) model
were compared with measured data shows very good agreement with Correlation Coefficients
(r) ranges between 0.9980 and 0.9767 also Root Mean Square Error (RMSE) ranges from
0.629 °C to 2.221 °C, Mean Percentage Error (MPE) ranges between 0.264 °C and 3.64 °C
and Mean Absolute Error (MAE) ranges between 0.367 °C and 1.62 °C for Mosul and Najaf
stations respectively.

Keyword:- perception learning , correlation coefficients , MPE, MAE.
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Introduction

The climate is one of the most important systems governing the energy efficiency of building,
especially the air temperature; it's not possible to design on energy efficient building without
having the air temperature. Bulut et al. [1] reported that the design of heating, ventilating and
air conditioning, solar energy systems and the calculation of heating and cooling depend on
solar radiation, air temperature, relative humidity, wind speed and direction. In many
environmental data sets, there are missing data (also called missing observations or missing
values). This can occur for a number of reasons, such as instrument failure, (human) observer
failure, weather conditions, etc. in the file with the data, missing data should not just be left
blank. If one did so, it would be impossible for anyone looking at the data file to know
whether the data are truly missing, or the data file was damaged during transmission over the
internet, or someone made a typo.

Traditional interpolation methods to estimate weather data include inverse distance
interpolations and regression models. Inverse-distance is a weighting interpolation method.
The number of neighbors necessary in the weighting function is important in terms of
reducing computation time while maintaining a smooth surface. Dodson and Marks [2] have
suggested that with inverse-squared-distance interpolation using eight nearest neighbors is
reasonable. Robeson (1993, 1995) [3, 4] investigated three methods of spatially interpolating
temperature anomaly data. He found that the inverse-distance method gave about the same
results as triangulated surface patches. In order to consider the elevation effects on climate,
Gradient plus Inverse-Distance-Squared (GIDS) interpolation technique was derived
(Nalder and Wein, price et al.) [5] From the inverse-distance-square method. Price et al. [6]
used gradient plus was suggested that this method is attractively simple and appears to give
results adequate for modeling long term forest ecosystem responses to climate in relatively
flat terrain.

Regression has been used successfully in weather data estimation (Ollinger et al.) [7] Bolstad
et al. [8] used regression to predict air temperature and compared their approach with local
lapse models or Kriging methods. They stated that the regression approach provided a more
accurate estimate of station temperature. Christine et al., (1998) [9] used a regression
technique to predict the monthly precipitation, monthly averaged maximum and minimum
temperature, and monthly averaged sunshine hours and compared the regression approach
with a modified inverse-distance-square interpolation. They reported that the prediction
accuracy did not differ between these two methods. Artificial neural networks (ANNS)
provide a potential alternative to estimating weather data. (ANNSs) are computer models that
mimic the structure and functioning of the human brain [10]. (ANNSs) can determine the
relationships among the independent variables to predict or estimate dependent variables.
Back propagation (ANNS) is known for their ability to generalize well for a wide variety of
problems and is well suited for prediction applications. Unlike statistical methods, (ANN)
models do not make dependency assumptions among input variables and solve multivariate
problem with nonlinear relationship among input variables. This technique has been used in a
wide range of applications, such as classification, pattern recognition, automatic control and
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function approximation [11, 12]. Han and Felker (1997) [13] implemented an (ANN) to
estimate daily soil water evaporation from average relative air humidity, air temperature, wind
speed, and soil water content in a cactus field study. They found that the (ANN) achieved a
good agreement between predicted and measured values.
They concluded that the (ANN) technique appeared to be an improvement over the
multi-linear regression technique for estimating soil evaporation. Cook and Wolfe (1991) [14]
developed a neural network to predict average air temperatures for a single location. In their
study, the monthly average of daily maximum temperatures for three months in advance was
predicted. Bruton et al., (2000) [15] developed (ANN) models for estimating daily pan
evaporation. The results were compared with those of multi-linear regression and
Priestly-Taylor model and they found that the (ANN) model provided the highest accuracy.
The aim of this research was to develop (ANN) models to estimate the missing data of
monthly mean air temperature for fourteen meteorological stations in Iraq using the monthly
mean air temperature of number of weather stations which required as input.
The air temperature is the one of most important meteorological parameters; therefore it's
recorded regularly in weather station worldwide. Guan et al., (2007) [16] showed that the
weather forecasting is essential for the resource for various subject, such as urban planning,
agriculture production. The importance of the temperature parameter return to use it as an
input to a variety of spatially distributed hydrological and the ecological models, which is use
the air temperature to derive processes such as evapotranspiration, snow melt, soil
decomposition and plant productivity. Several methods employed by many researcher in order
to estimate the missed data of a certain station using neighbor stations, missing data present a
problem in many fields, including meteorology. The data can be missing at random, in
recurring patterns, or in layer sections, incomplete data set can be lead to misleading
conclusions as demonstrated by [17].

Multi-Layer Perceptron’s Architecture Methodology

Multi-Layer Perceptron’s (MLP) is used on the present work using by commercial software
Forecaster-XL-Version 1.6 [18]. The biological nervous system, through much of the
biological detail is neglected. (MLP) as shown in figure below is massively parallel system
composed of many processing elements connected by links of variable weights, the network
consists of layers of parallel processing elements, called neurons, with each layer being fully
connected to processing layer by inter connection strengths, or weights. Four layer networks
consisting of layers i, j, with inter connection weights Wj;.

Initial estimated weight values are progressively corrected during a training process that
compare predicted out puts to known outputs, and back propagate any output to determine the
appropriate weight adjustments necessary to minimize the errors [19].

Vi = E(Z Wy X+ By) s (1)

where: (y;) is the output signals, (f) activation function (squashing), (w;;) synaptic weights, (x;)
input signals and (b;) is the bias, (i) number of neurons of layer, (j) number of elements in
input vector. Figure 1. Show the Multi-Layer Perceptron’s architecture and figure 2.
Illustrates the (ANN) architecture used in the interpolation process.
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Data Set and Study Area

In present work, daily air temperature collected by Iragi Meteorological Office (IMO) at 14
meteorological stations such as (Sinjar, Mosul, Makhmur, Tikrit, Khanagin, Al-Qa'im,
Baghdad, Ali Al-Garbi, Al-Hayy, Najaf, Diwaniyah, Samawah, Nasiriyah and Basrah) wear
used the long term air temperature data cover the period from 1993 to 2008. The monthly
mean of daily air temperature categorized in two categories, the first category was the data
which covers the year between 1993 and 2008 was considered for training and neural network
building. The second category covered the years 2007 — 2008 was utilized for testing
procedure and considered as missed data set. The mean air temperature of all stations is
presented in table 1. As seen in the table, the mean air temperature varies mainly from 21.16
°C to 26.55 °C for Al-Qa'im and Basrah provinces respectively, also figure 3. Shows the map
of Irag which presents the locations of each station.

Result and Discussion

Models have most significant points in the selection of the mentioned station is a good
relation with height correlation coefficient between target (output) and other station (input). In
the first experiment the mean air temperature data of Baghdad province is used a target station
( suggested as a station which contain the missed data on its data set ), and (Sinjar, Mosul,
Makhmur, Tikrit, Khanagin, Al-Qa'im, Baghdad, Ali Al-Garbi, Al-Hayy, Najaf, Diwaniyah,
Samawah, Nasiriyah and Basrah) station have been employed as an input of the (MLP) neural
model. By using the same method, the other thirteen experiments were performed to
interpolation the supposed missing data for each station for the period ( 2007 to 2008 ) in each
layer, every neuron is connected to a neuron of advancement layer having different weights,
neurons then produce an output signal by passing the summed signal through an activation
function [18]. Each experiment in this work evaluated using some statistical indicators such a
Root Mean Square Error (RMSE) which reflect the overall accuracy of the shape of the
interpolated data and defined by:

T o TR
RMSE = |'E_?:._LT.=1—TE.-J"‘
N

n

Where: (To;) is the observed value and (T.) the calculated value, (n) is the number of
observations. The closer the calculated values to the observed, represents by a smaller
(RMSE). The second statistical indicator employed in this study was Mean Percentage Error
(MPE) and defined as follow:

—_len i i
MPE=IFL TS 3)

The last statistical indicator employed in this study was Mean Absolute Error (MAE) and
defined as follow:

1

1
MAE = 25| Toi =Tl oo 4)
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The (MLP) neural models have a two-step procedure, the first called training (which include
the creating of the artificial neuron weights), the second step called testing procedure (include
the initial evaluation of the designed (MLP) neural model). Fourteen training and testing were
performed for each meteorological station spritely, the evaluation results are given in table 2.
The correlation coefficient (r) between the actual data and interpolated ranged between 0.9767
and 0.9980 for Najaf and Mosul station respectively but correlation coefficient are not enough
indicator for evaluation any model, therefore the (RMSE) have been calculated for each
model, Which is ranged from maximum value 2.22 °C and minimum value 0.629 °C also for
Najaf and Mosul station. Also the Mean Absolute Error (MAE) appears with maximum value
1.62 °C in Najaf and minimum value 0.367 °C for Mosul station respectively.
In present work, three years of mean air temperature from 2007-2008 were supposed as a
missed data set in stations (Sinjar, Mosul, Makhmur, Tikrit, Khanagin, Al-Qa'im, Baghdad,
Ali Al-Garbi, Al-Hayy, Najaf, Diwaniyah, Samawah, Nasiriyah and Basrah) were taken for
testing and evaluation the accuracy of the (MLP) neural models, which illustrated in figures
(4-5).

Conclusion

In this research, an (MLP) algorithm was used to develop fourteen (ANN) models to estimate
the missing air temperature data in Irag. Observation of monthly mean air temperature for the
period 1993-2008 were used for training the (ANN) models and the observation for the period
2007-2008 were used for the evaluation process. Statistical analysis, including the (r, RMSE,
MPE and MAE) suggested that the (MLP) neural model is suitable to be used for
interpolating missing data of monthly mean air temperature for a network consisting many
meteorological stations.
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Figure 1. Multi-Layer Perceptron’s Architecture.
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Figure 3. The selected Meteorological station shown in map of Iraqg.
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Figure 4. Represents the measured and interpolated monthly mean air temperature
for stations Sinjar, Mosul, Makhmur, Tikrit, Khanagin, Al-Qa'im, Baghdad and
Ali Al-Garbi.
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Figure 5. Represents the measured and interpolated monthly mean air temperature for
Stations Al-Hayy, Najaf, Diwaniyah, Samawah, Nasiriyah and Basrah.
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Tables 1. The geographical coordinates and mean, maximum and minimum air
temperature of the Meteorological station [20].

. Latitud | Longitud | Altit Mean Air ini Maximum
Station | ey | e () | etry | Teme | MEG™ | M)
Sinjar 36.32 41.38 465 21.45 5.40 38.60
Mosul 36.32 43.15 223 20.64 4.00 37.40
Makhmur | 35.46 43.35 270 22.77 6.80 39.40
Tikrit 34.35 44,18 107 23.18 6.20 39.20
Khanagin | 34.30 45.30 202 23.49 6.70 39.60
Al-Qa'im 34.08 14.21 177.5 21.16 470 35.80
Baghdad 33.23 44,23 34 23.29 6.70 37.60
Ali Al- 3245 |4668 |9 2524 870 | 40.20
Garbi
Al-Hayy 32.17 46.05 17 25.71 8.80 40.00
Najaf 31.98 44.32 32 25.00 7.80 41.20
Diwaniyah | 31.98 44,98 20 24.92 9.40 38.80
Samawah | 31.32 45.27 114 24.82 8.30 39.60
Nasiriyah | 31.08 46.23 7.6 26.05 9.10 40.20
Basrah 30.57 47.78 24 26.55 9.40 40.20

Table 2. The statically indicators of the interpolated Meteorological stations.

Station R RMSE MPE MAE
Sinjar 0.9948 1.020 1.318 0.940
Mosul 0.9980 0.629 0.264 0.367
Makhmur 0.9882 1.554 3.198 1.147
Tikrit 0.9975 0.711 0.400 0.468
Khanagin 0.9933 1.611 0.638 0.577
Al-Qa'im 0.9940 1.007 3.568 0.803
Baghdad 0.9953 0.913 1.184 0.740
Ali Al-Garbi | 0.9908 1.301 1.247 0.770
Al-Hayy 0.9956 0.905 0.513 0.541
Najaf 0.9767 2.221 3.64 1.62

Diwaniyah 0.9968 0.717 1.030 0.597
Samawah 0.9921 1.203 2.342 1.132
Nasiriyah 0.9977 0.641 0.347 0.474
Basrah 0.9962 0.833 0.462 0.582

Vol: 10 No:1, January 2014 111 ISSN: 2222-8373



