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Abstract

Predicting the maximum temperature is of great importance because it is related
to various aspects of life, starting from people’s lives and their comfort, passing
through the medical, industrial, agricultural and commercial fields, as well as
concerning global warming and what can result from it. Thus, the historical
observations of maximum and minimum air temperature, wind speed and relative
humidity were analyzed in this work. In Baghdad, the climatic variables were
recorded on clear sky days dawn at 0300 GMT for the period between (2005-2020).
Using weather station's variables multiple linear regression equation, their
correlation coefficients were calculated to predict the daily maximum air
temperature for any day during the transitional seasons (autumn, spring). By
analyzing the results, a comparison was made between the expected and recorded
maximum air temperature to improve the equation. The bias was tracked by
analyzing the number of relative frequencies of the occurrence of these errors. (0.2
°C) for the autumn season and (0.15 °C) for the spring season was added to the
multiple linear regression equation as a correction value.

Keywords: maximum air temperature forecast; climate change; correlation
coefficient; multiple linear regression formula; bias.
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1 Introduction
Recently, many researchers have paid great attention to reaching more accurate models
that meet the world's need to predict the maximum air temperature. These models have a
direct impact in making appropriate decisions in various areas of life, as it became clear that
global warming and climate fluctuations cause many problems for the system, so that they are
considered one of the most important environmental problems in the world that threaten
human survival on Earth [1]. These climatic fluctuations have directly affected people and the
nature of their housing conditions during the succession of different periods of time. It forced
them to change their housing system to suit these fluctuations[2]. The temperature change is
one of the most important climatic variables affecting the development, growth, and
productivity of agricultural crops [3]. The rise in temperatures on dry days and seasons
increases the demand for water[4]. Not to forget the serious negative impact of seasonal heat
waves, cold waves and frosts on ecosystems, mortality rates and human health [5].

Azad et al. (2020) investigated the possibility of reaching a developed method of adaptive
neural fuzzy inference system (ANFIS) for estimating temperatures for 34 Iranian weather
stations using this system with genetic algorithm (GA), differential evolution (DE) and others,
with three parameters selected as variable inputs. The most accurate model was produced
using ANFIS with GA to predict the maximum air temperature [6].

Astsatryan et al. (2021) used meteorological data for different ground stations along with
ready-made satellite data with different accuracy and frequencies and used multiple neural
networks to predict temperatures over the Ararat Valley of Armenia (the driest region of
Armenia). This study implemented the machine learning mechanism to improve weather
forecasting technology and to predict the air temperature for the next (3 - 24) hours with an
accuracy of 87.31% [7].

Lim et al. (2022) calculated the air surface temperature(AST) for several selected stations
in Iraq based on historical data from the air infrared probe for a period of 14 years (2003-
2016). The effects of some atmospheric elements (O3, CH4, CO, H20 vapor, and outgoing
longwave radiation)on AST were analyzed. The study concluded that there was a high
correlation, with a rate of (R = 0.9), as well as a close match between the expected and
observed values of surface air temperature with a small discrepancy, which indicates that the
quality of the data entered in the regression model used and the accuracy of the model itself

[8].

Forecasters in different atmospheric conditions do not dispense with statistical methods in
preparing weather and climate reports and communicating them to decision makers. Statistical
forecasting using statistical equations is one of the most common methods in weather
forecasting based on dynamic forecasting facts, whether with regard to short-term, long-term
or seasonal weather variables represented by various climatic factors [9].

Some statistical models are devoid of the limits of error correction and bias resulting from
either the data used, the method of entering it, or other reasons, which leads to a decrease in
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the accuracy of the produced models. The outputs of the models can be improved by
calculating and adding their bias values [10].

Al-Jubouri et al. achieved a remarkable development in deriving a non-linear regression
equation to predict the daily maximum air temperature for semi-arid environments and clear
summer days using the daily temperature range (DTR) with the calculation of the error
adjustment limit [11].

As a result of the variation in the values of some geographical and climatic parameters,
including amount of incoming solar radiation, location relative to latitude, wind speed,
distribution of water and land, and ocean currents, the value of the air temperature changes
from one region to another.[12].

The main objective of this study is to derive a predictive technique for the daily maximum
air temperature in the transitional seasons by developing a multiple linear regression equation.
This can be applied in telecasting as well as for estimating missing data.

2 Methodology

Our hypothesis puts an advanced concept to produce a predictive regression formula for
the maximum daily air temperature in semi-arid regions under temperate sky conditions. This
was done for two different transitional seasons. This work was based on historical
observations for 16 years. Data of weather elements related to air temperature and their
seasonal distribution was collected and plotted by the Origin program. The prediction errors
(residuals) were calculated by SPSS program to modify the predictions. Finally, a developed
equation was reached that predicts the maximum air temperature for the two transitional
seasons (spring and autumn).

3 model formulation

Linear regression is one of the statistical methods that enable analysts to model the
relationship of the response of a dependent variable to be predicted to independent variables
(one or more) with known values and knowing the direction and degree of this relationship.
The type of regression depends on the number of independent variables. Linear regression is
considered simple if the independent variable is one component only, and the regression is
multiple if the independent variables are two or more [13]. The relationship is written in the
general mathematical formula:

9 =a+blX1+b2X2 + b3X3 + - + biXi+ ei 1)

Where: (a) is an equation constant, b1,b2,b3, ..., bi is the slope of straight lines, X1,X2,X3,
..., Xi are the independent variables, and ei is the estimation error.
This study assumes a multiple linear regression relationship between independent variables
which are minimum air temperature, wind speed and relative humidity, and a dependent
variable, which is the maximum air temperature. This relation is represented by the following
formula:
Tmax = a+ b1Tmin + b2U + b3RH + e (2

Where: (a) is a general constant, (b1, b2, b3) are the model regression coefficients that
represent the change in the predicted maximum air temperature (Tmax) due to the effect of
change in minimum air temperature (Tmin), wind speed (U), and relative humidity (RH),
respectively, and e is the model error.

Daily forecast errors are calculated by the following formula:
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e = Tmax(o) — Tmax(p) (3)
Where: Tmax(o) is the observed air temperature , Tmax(p) is the predicted air
temperature.

By calculating the bias statistics and adding its value to the proposed formula, a more
accurate model can be reached using the equation:

Bias = % Y€l (b) 4)

Where: n is the number of daily errors of the predicted value.

Common accuracy measures the quality of prediction by comparing the real values with
the predicted values. Some of these measures are not reliable either because they do not
represent large errors in an important way, or because they give small values in the case of
equality of negative and positive values. More accurate measures were chosen such as the
mean square errors (MSE) and the square root mean square errors (RMSE) [14], as shown by
the following equations:

MSE =~ ¥, &i? (t) (5)
RMSE = VMSE (6)

4 Materials and Methods

The study area was the city of Baghdad in the middle of Irag. Data were obtained from the
Baghdad Meteorological Station, located at Baghdad International Airport. Geographically
located at latitude 29° - 37° north and longitude 38° - 48° east at an altitude of 33 m above sea
level [15].

By describing some climatic features of the study station, the average annual values of
some weather variables during the transitional seasons is identified. In autumn, the average
Tmax was 34 °C, the average wind speed was 2 m/s, and the relative humidity was 55%. In
the spring, the average Tmax was 31.7 °C, the average wind speed was about 2 m / s, and the
relative humidity was 57%. The total number of observations that were studied and analyzed
in this study for the fall season was 1156 and for spring 970 observations.

5 Results and discussion

Initially, the format of the observed daily data used to carry out this work was tested.
Figure 1 shows the time series for Tmean, Tmax, and Tmin for autumn and spring from
2016 to 2020. The variance in Tmax was mostly constant about the mean, over the stated
time period. Furthermore, the series was considered stable, with the spacing of the Tmax data
being equal without anomalies.
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Figure 1: Time series of Tmax, Tmin and Tmean for the 2016 to 2020.

The constant (a) was calculated and substituted in Equation 2, which represents the point on
the y-axis where the regression line crosses it, and its value was (27.55) for the autumn model,
and (23.05) for the spring model.

Minimum air temperature (Tmin)

The first variable in Equation 2 refers to the minimum air temperature, which is the first
temperature recorded by the observer at dawn. Observations data for Tmax and Tmin for the
autumn and spring seasons are plotted in Figure 2. It is clear that the expected Tmax increase
IS due to the increase in Tmin recorded as a result of a high positive correlation with a value
of 0.9 and 0.87 for the fall and spring seasons, respectively. These values were substituted
into Equation 2 for (b1).
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Figure 2: Relationship of Tmax with Tmin.

Wind speed

In this subsection, the effect of wind speed on enhancing or mitigating the expected
maximum temperature is discussed. The observations recorded at the station were drawn, as
shown in Figure 3. For the autumn season, a high negative correlation of (-0.81) with most of
the data between (1-3) m/s were noted, while it was a negative correlation with a value of (-
0.84) and data concentration in (2-4) m/s for the spring season. The decrease in the expected
air temperature can be explained to be a result of an increase in wind speed through the
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inverse relationships of the previous correlation coefficients. The values of these coefficients
were substituted in Equation 2 for (b2).
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Figure 3: Relationship of Tmax with wind speed.
Humidity

The change in relative humidity recorded at dawn and its effect on the expected air
temperature is shown in Figure 4. The relative humidity observations are widely distributed in
both seasons. There was a downward trend for Tmax with a correlation coefficient (-0.13) in
the autumn season, as for the spring season the correlation coefficient (-0.07). The correlation
coefficients were substituted in Equation 2 for (b3).
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Figure 4: Relationship of Tmax with Humidity.

Statistical analysis of Errors and Bias calculations.

Now the maximum air temperature can be predicted by entering the instantaneous values
of minimum air temperature, wind speed and relative humidity as well as their correlation
coefficients in the formula indicated by equation (2) without taking into account the model
error term.

Because of differences, called residuals, between the recorded value of Tmax and its

expected values, the results were not close to reality. Therefore, those errors were analyzed in
order to determine their values and their sign, positive or negative, and using Equation 3, the
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daily error of prediction was calculated, and then arranged as shown in Figure 5 as categories
to show their distribution in statistical forms.
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Figure 5: Frequency distribution and numbers of Errors.

The important result of this model is that the largest number of percentage errors were
(44%,44.5%) for the autumn and spring seasons, respectively, at an interval of +1°C. These
predictions can be considered correct. Meanwhile, the largest errors had a small percentage
(1.6%, 3%) for the autumn season, and (2.4%, 3.3%)% for the spring season, i.e. at +£5°C
respectively.

The results of the calculated errors in Equation (3) were entered into Equation (4) to find
the Tmax biases for the two transitional seasons, which were of the values of (0.2, 0.15) °C
for the autumn and spring seasons, respectively, which were indicative of the model’s
accuracy due to its small value. It represents the value of (e) in Equation (2). The time series
of the annual variance of bias is shown in Figure 6.
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Figure 6: Variations of annual Biases.
The MSE value was calculated from Equation (5) to find the RMSE values of Equation (6)

to evaluate the forecast quality, which indicates the amount of predictive errors, which was
(2.3) °C for both seasons.
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6 Representation of recorded and predicted Tmax values
For both the autumn and spring seasons, Figure 7 displays the relation between the daily
maximum temperature recorded in Baghdad station and the daily forecast obtained from the
model provided in this study as pointed out in Equation 2. Despite the scattering of the data,
close convergence and high positive correlation can be seen.
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Figure 7: Simulation of the observed and predicted maximum air temperature.

Important statistical measures are presented in Table (1), which indicate the presence of a
high positive correlation and perfect fit in the propagation direction. Also, the model explains
a good percentage of the recorded data represented by a value of R2, in addition to other tests
that confirm the existence of significant statistical significance, where the value of the
Variance indicates the absence of a multicollinearity problem, and also the value of the t-test
and the significance associated with it. The most important value in the table is the p-value,
its small value (0.00) indicates the presence of strong evidence that supports the hypothesis on
which the study was based. As a final result of what was previously mentioned, it is possible
to work with the model mentioned in Equation (2) to predict the maximum air temperature for
the transitional seasons of the study area with complete confidence.

Table 1: Some statistical measures of model

7 conclusions

Daily atmospheric data from the archive of the Iragi Meteorological Organization and
Seismology for a period of 16 years (2005-2020) were used to develop and improve a
multiple linear regression equation to be suitable for predicting the daily maximum air
temperature for the transitional seasons (autumn and spring). Atmospheric variables such as
maximum and minimum temperature, wind speed and air humidity were analyzed. The tests
and the representation of these elements showed significant positive results represented in the
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presence of a direct impact of these variables on the prediction of daily Tmax. The results of
the analysis and tests are summarized as follows:

1. The minimum temperature had a high positive correlation with a value of (0.9) for both
transitional seasons summarizing the positive relationship between them. wind speed had an
inverse relationship represented by a high negative correlation with a value of (0.8,0.8) for the
autumn and spring seasons, respectively, that worked to mitigate the high Tmax. While,
humidity had an inverse relationship with a negative correlation coefficient of (0.13,0.07) for
the autumn and spring seasons,respectively.

2. Analysis of the daily forecast errors calculated for the length of the study period and
grouped into categories showed that at +1°C with a percentage of (44% , 44.5%) for the
autumn and spring seasons, respectively, where this percentage is considered without errors.
3. To correct the model's work, the annual bias value was calculated and added with a value
of (0.2,0.15) °C instead of the last term in Equation (2), which showed a natural variation for
the length of the study period.

4. The comparison between the predicted and recorded Tmax values showed a high positive
correlation (R = 0.95, 0.93) for the autumn and spring seasons, respectively.

5. As proof of the model's accuracy and quality assessment, an RMSE value of (2.3) °C was
calculated for both seasons.

In general, the results indicated the accuracy of verifying the influence of atmospheric
variables on Tmax over the study area, as well as the advantage of using those parameters
and the ability of the proposed model to predict Tmax efficiently.
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