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Abstract

The weather generally comprises various factors, such as wind speed, precipitation, and rainfall.
Environmental weather forecasting is a demanding task for researchers, and in recent years it has
attracted much study attention. Our assessment considers a wide range of weather conditions across
Iraq utilizing information gathered from NASA's estimate of the world's energy resources for the years
1981 to 2021. Therefore, the correct forecast of meteorological parameters is a difficult challenge due
to their changing environmental conditions. Random forest, decision tree, and GBR algorithms are
used for weather forecasting. A comparison among used methods is performed and the RF is achieved
the best results with accuracy, MAE, MSE, R2 of 92%, 0.5, 2.45, and 0.92, respectively.
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1. Introduction

Global concerns have been raised about climate change and its consequences according to [1]. During
the past century, temperature of earth has risen by 0.74 °C, and increased greenhouse gas (GHG)
concentrations in the atmosphere due to human activities have caused global temperatures to increase
by approximately 1°C. Researchers are interested in the effects of climate change because it is an
unequivocal phenomenon. The air temperature is increasing due to climate change on a global scale.
The term change in climate indicates a variation in the weather statistical distribution patterns due to
Radiative Force variation within a certain period. Global climate change is caused by changes in the
composition of the earth's atmosphere. The environment, ecosystems, and public health are being
threatened by climate change. Agricultural and crop yields are highly dependent on climate elements,
and changes in temperature adversely impact them [2][3].

Weather prediction is the act of predicting the weather in a specific area and at a given time. The
atmosphere was initially regarded as fluid, so physical equations were used. By solving those
equations numerically, the future state of the environment is predicted. Our ability to determine the
weather for more than ten days is limited, but science and technology can help us improve this [4].
Instant comparisons between past weather forecasts and observations can be processed using machine
learning. With the aid of machine learning, weather models may make predictions that are more
accurate by better accounting for prediction errors like overestimated rainfall. The ability to anticipate
temperature is crucial in various applications, such as studies relating to the environment, energy,
agriculture, medicine, or other fields.[5]

Several studies presented on weather prediction, Al-Ozeer et al. [6] analysed rainfall in Irag, where
three approaches (Isohyet, Thiessen's polygon, and Arithmetic mean) were utilized for mean area
rainfall estimation. In this study, eight rain stations from 2000 to 2019 were used (Sinjar, Mosul,
Talafar, Zummar, Ba'ashigah, Hatra, Rabia, and Tal Abtah). According to the Arithmetic, Thiessen
Polygon, and Isohyet approaches, the area rainfall amounts were 298.94, 230.12-, and 260.10-mm.
Stan et al. [1] developed climate SA system to project both the RCP4.5 and RCP8.5 scenarios for 2018
to 2080, and to evaluate both extreme and average future conditions. The relationship between the
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vapour pressure deficit scalar and forest productivity was determined via the MODIS gross primary
productivity (GPP) method, and future climate scenarios were used to predict how GPP will change
annually and seasonally. In all scenarios, monthly and yearly temperatures rise. Astsatryan et al. [7]
proposed a model for air temperature prediction for the Ararat valley. Earth observation data were
obtained from different meteorological stations, in addition to a large satellite database at various
resolutions and frequencies. Multiple neural networks have been used to predict air temperatures over
the Ararat valley for 24 hours. Using the suggested model, you can accurately predict the temperature
for the next 3 and 24 hours with an accuracy of 87.31 and 75.57, which is sufficient to replace current
state-of-the-art techniques. Zhang et al. [8] developed a model called (CRNN), the model consisted
of convolution neural networks (CNN) and recurrent neural networks (RNN). A neural network can
be used to learn the temporal and spatial correlation of temperature change based on historical data.
Daily temperature data for mainland China from 1952 to 2018 are utilized as training data to assess
the proposed CRNN model. The findings demonstrate that the model is capable of making temperature
predictions with an inaccuracy of about 0.907°C. In this work, the random forest and gradient boosting
regressor are used for Iraq weather forecasting. First, the data is processed and filled missing values
then normalized to become ready for weather prediction using random forest and gradient boosting
regressor. The best results achieved is 92% accuracy RF algorithm. The aim of the study is to build a
model for an accurate weather forecasting based on RF, DCT, and GBR. The structure of the paper is
as follows: Section 2 presents the area of study, and section 3 illustrates the tools and methods utilized.
Section 4 illustrates Framework. Section 5 discusses the model results, and Conclusion is illustrated
in Section 6.

2. Study Area and Data Source

Iraq is situated between latitudes 290 and 380 in the northeast of the Arab homeland and between
latitudes 380 and 480 in the southwest of Asia. Its total size is approximately 437,072 km2. The
landscape resembles an alluvial plain basin in Mesopotamia. In the east and north, mountains and
plateau chains are the high-altitude regions, and in the southeast and southwest, there is a gradient to
low elevation, as shown in figure 1 [9].
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Figure 1: study area and Climate zone
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Irag's geography has a significant impact on its weather. Iraq has four climatic areas, according to
[10]. In Zone I, mountain chains in the north and northeast have a Mediterranean climate, which
comprises about 21%; Zone Il: The steppe climate of the undulating area, which includes about 9.6%
of the first zone's south and west; and Zone 1l1: The subtropical semiarid climate, which comprises
about 30.2% of the central and southern regions (the Mesopotamian plain). The western continental
desert climate, which makes up around 39.2% of Zone 1V, is the last climate zone. The four distinct
seasons in Iraq are spring (March—May), winter (December—February); autumn (October—November),
which is wet and cool; and finally, summer (July—October), which is dry and hot. The average
summertime temperature ranges from 27 to 31 to 41 to 45 degrees Celsius. However, in winter,
temperatures range from below-freezing in the north to 4-5°C in the centre and south [6].

The observed data of the weather over Iraq has collected from the NASA prediction of Worldwide
Energy Resources (https://power.larc.nasa.gov/data-access-viewer/) [11-12]. The data from 1981 to
2021 has been used to illustrate weather patterns and to calibrate projected system output for the area
of study.

3. Methodology

The tools and algorithms utilized in this study is demonstrated in this section.
3.1 Gradient Boosting Regression (GBR)

A Boosting is an effective method for merging different base classifiers to create a committee whose
effectiveness can be notably better than any basis classifiers. The fundamental goal of boosting is to
add new models to the ensemble sequentially. The generalization of gradient boosting, or GBR,
consists of three components: a weak learner (employed for making predictions), an additive model(to
add weak learners to reduce the loss function), and a loss function that require an enhancement[13].
Here is how the GBR formula is expressed mathematically in more depth. Suppose the additive model
form[14].

F(x) = %:1 Yinhm (%) ()

Where Am(x) are the basis functions, which are usually called weak learners in the context of boosting.
GBR builds the additive model in a forward stage-wise fashion[12].

Fn(x) = Fpoo1(x) + Yiphy () 2

The decision tree ~Am(x) is selected to reduce the loss function L at each stage, given the current model
Fp,_,and its fitF,,_; (x;).

Fn(x) = Fin_1(x) + argming Y7ty Ly, Freq () = h(2) ®3)

The gradient descent direction is the negative gradient of the loss function estimated at the current
model Fm-1, for any differentiable loss function can be computed as follow:

Ym Liza VeL (Vi Fn1 (x) = h(x)) (4)

Scalability is GBR's biggest drawback; due to boosting's sequential nature, it is difficult to parallelize.
GBR also takes a long time to train.

3.2 Random Forest Regression Algorithm

A boosted estimate with improved performance is produced using the RF (Breiman, 2001) ensemble
learning methodology, which combines the results of several trained weak learners (in this case,
decision trees) with a voting system. This was motivated by the wisdom of the crowd process, which
holds that even highly qualified individuals can analyze and solve complicated problems more
effectively in a group setting than alone. RF uses random feature selection and bootstrap resampling
to ensure that the weak learners are heterogeneous [15].
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3.3 Decision Tree Algorithm (DCT)

Decision trees (DTs) employ a binary classification method where the model inputs—such as solar
radiation, external air temperature, and occupancy—are utilized in succession to identify operation
modes that forecast a particular value of the model output (i.e., the heating load). First, the "trunk™ is
divided into the "major branches" using the primary modes of operation; if additional conditions are
added, the categorization is then improved, similar to how a tree's branches, twigs, and leaves do[16-
18].

3.4 Model Performance Evaluation

Mean square error (MSE), R square, accuracy, and mean absolute error (MAE) were utilized in the
model evaluation stage. These statistical measures have been widely used to assess the performance
of models in a wide range of disciplines, including air quality, climate research, and meteorology [19-
22].

Mean square error = %Z?zl(Yi —91)? (5)

Mean Abslote error = %Z?:ﬂyi -yl ©)

WhereY; {\displaystyle y_{i}}is the prediction and y, indicates {\displaystyle x_{i}} the true value.

Y. True postive+True negative

Accuracy = _ , : , (7
Y. True postive+True negative+False postive+False Negative
R2 — 1 _ Zﬁl(yi_j/\l)z (8)
I, (ri-y)?

4. Farmwork

Weather forecasting model is performed based on GBR, DCT, and RF over Iraq. First, the data is
collected from the NASA prediction of Worldwide Energy Resources for the period from 1981 to
2021. The data is first analyzed and checked for missing values then normalized. The data is divided
into training and testing with a percentage of 70% training and 30% for testing. figure 3 illustrates the
framework diagram.

s Acquire the Data Cleaning & Training GBR &
tart ™ Weather Data Preprocessing " RF& DCT
Predicted Weather |, Model testing | (| Trained GBR &
outcomes RF& DCT
A
testing dataset training dataset

Figure 2: The Framework Diagram

5. Results and Discussion

In this work we explored the use of GBR, DCT, and RF for weather forecasting over Iraq. The data is
checked for missing values. Then normalized using an equation below:
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X‘ _ (X—Xmin)

(Xmax—Xmin)

The correlation between dataset features is illustrated in figure 3.
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Figure 3: Correlation measure
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RF algorithm with different depth is employed. RF value varies from 1 to 21 and the best result
achieved with max_depth equal to 21. Figure 5 demonstrates RF results. Figure 6 demonstrates the
results of GBR algorithm with a different number of estimators. The best accuracy achieved is 91.5%
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Figure 4: DCT Algorithm Results

with 130 number of estimators.
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Figure 6: GBR Algorithm Results

A comparison among the GBR, DCT, and RF results are illustrated in Table 1. As illustrated in table2

RF outperformed both DCT and GBR results.

Table 1: Comparison Results of utilized Methods

Method Accuracy MAE MSE R2
GBR 91.56% 0.63 2.58 0.91
DCT 85.98% 0.49 4.8 0.8435
RF 92% 0.5 2.45 0.92

6. Conclusion

In this paper, three methods are being compared to build a precise approach for predicting weather
over Irag. The first is a Random Forest method, the second is GBR, and the third is DCT. Figures
depict the outcomes of quality analysis. The given dataset is cleaned and normalized before the
classification process begins in a classification method employed for accurate prediction. The results
revealed that the random forest achieved the best results with an accuracy of 92%. For future work
optimization algorithms such as genetic algorithm will be used for parameter tuning with DCT, RF,

and GBR.
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