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Abstract

A neural network model was used to categories and predict the
weather in Sulaymaniyah, which is located in the Kurdistan
Region of Iraq. The use of neural network models (NNM) for
climate data analysis has advanced; the accuracy and application
of neural network models for climate data analysis have
significantly advanced in recent years. Using NNM affected the
prediction; the dataset-based forecasting approach uses a single-
column time series to depict the future. A real-time weather station
dataset from the Sulaimani Meteorological and Seismological
Directorate is used in the implementation model. The data
collection includes implementation data from the weather station
for an iterative neural network model that forecasts future climate
and displays historical propagation. From 1993 to 2023, the
dataset includes daily data on average temperature, humidity
percentage, and precipitation for each of the twelve months from
January to December. It was gathered every day for thirty years
and includes information about Suleimani City's maximum and
minimum temperatures, average temperatures, humidity levels,
and rainfall over that time. The models were used to predict
relative average temperatures. As the results indicate that Bi-
LSTM and GRU outperformed GBT in both training and testing.

1. Introduction

Weather forecasting predicts the future weather
conditions for a certain region by utilizing both science
and technology. A model of the atmosphere is
developed utilizing sophisticated technological
computations and quantitative data on the present
meteorological conditions in order to forecast its
behavior. Supercomputers are frequently used for
weather forecasting since the state of the atmosphere is
dependent on a variety of factors, such as temperature,
wind, rain, and humidity. Since the weather has a
significant impact on many aspects of both human and
animal existence, precise predictions are necessary for
a variety of jobs, including those involving autonomous
vehicles that depend on anticipating the state of the
outside world. Accurate weather forecasts are essential
for outdoor activities like farming since they may be
used to predict how the weather will alter biodiversity
and impact the environment. Significant temperature
variations can have an impact on agriculture and
wildlife, while dry weather and high winds can cause
soil erosion. Because agricultural yields depend on the

weather, which in turn impacts the economy, human
health, and energy consumption, extreme weather will
have an influence on food security.[1][2]. Weather
forecasting serves to preserve the standard of living
while also promoting public health and alleviating the
effects of the recession. It is crucial to consider how
weather variations affect people's safety and well-
being, because agricultural planning depends on it, it is
helpful in the agriculture industry. Farmers may make
scientific decisions about their goods by using weather
forecasts to choose whether to plant or postpone.
Weather forecasting aids autonomous cars in making
judgments that reduce traffic jams and accidents, which
are solely reliant on the identification and forecasting
of external environmental factors like air visibility,
rainfall, and so on. Forecasting and analog weather
prediction gained popularity in the late 19th century,
but the barometer and other crude techniques were
among the several employed in ancient times to predict
the weather. Until the end of 1950, synoptic weather
forecasting was the oldest method. Another traditional
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technique for forecasting the weather was numerical
weather prediction (NWP), which made use of a
mathematical model of the atmosphere. The statistical
technique, which focused on forecasting future weather
based on historical data, was the last phase of NWP.
Given the importance of weather forecasting in our
daily lives, many regions of the world now accept it as
a valid technique. A lot of researchers are focusing on
using machine learning to predict the weather.

2. Literature Review

Researchers have recently developed a variety of
methods to increase the accuracy of weather
forecasting. The researcher has endeavored to present
studies on deep learning in this area. A range of
meteorological applications have used artificial neural
networks as well as artificial intelligence [3][4]. fuzzy
logic and big data analytics methods for weather
forecasting [5][6]. The blue color shows the location of
the study area, the location of Sulaymaniyah province
in Iraq, show Figure 1. The random forest method, one
of the well-established machine learning techniques, is
the foundation of the study conducted by [7], to estimate
relative humidity (RH). Air quality forecasting of
relative humidity uses the random forest algorithm as an
effective technique. The RH prediction extracted
through Advanced System for Process Engineering
(ASPEN) - Hygrotech Systems (APSEN HYSYS)
serves as the basis to run this technique and resolve
complicated estimate problems while the products are
connected in MATLAB. An evaluation on RF model
prediction performance compared the random forest
model to support vector machine (SVM) regression
model results. The obtained results showed that the RF
model demonstrated superior performance than the
SVM model by 74.4%. A study [8]. demonstrates the
evaluation of relative humidity prediction abilities
through long short-term memory (LSTM) which
represents a machine learning method. The LSTM
model processed relative humidity predictions through
analysis of dataset information collected at a weather
station. A forecast of relative humidity derived from
synoptic station measurements required training with
time series data from 2008 to 2009. LSTM models
apply prediction analysis to RHO7, RH13, RH18 and
RH average time intervals for performance evaluation.
Machine learning represents an advanced forecasting
method for RH prediction since models based on time-
series data using LSTM deliver promising results. The
authors at [9]. employed machine learning models to
efficiently validate weather forecasting accuracy in
northwest Bangladesh. The researchers conducted
predictions based on thirty years of temperature and
wind and rainfall and humidity observations collected
from 1986 through 2017. The research utilizes ELM
techniques jointly with ANN frameworks to solve

weather prediction through evaluation with MAE and
RMSE metrics. The ELM algorithms provide superior
performance to ANN algorithms for forecasting rainfall
alongside temperature and wind speed and humidity
according to RSME, MAE, MASE, PP and CC
evaluation standards. Research by [10]. employed CNN
together with BI-LSTM networks for the prediction of
multivariable nonlinear time series. For multi-step
prediction the performance comparison included
CONV-BI-LSTM together with LSTM models. The
data contains numerous meteorological variables
extending from temperature to humidity measurements.
The measurements originated from Beijing weather
station. The Conv-Bi-LSTM network achieves higher
accuracy than the single LSTM model within the
prediction of temperature as well as humidity
measurements. The deep learning strategy remains
crucial for generating accurate weather predictions [11].
This study creates a weather prediction model through
the combination of Bi-LSTM (Bidirectional Long
Short-Term Memory) and 1D CNN (1-Dimensional
Convolution)  algorithms. Three meteorological
elements including 2-m temperature, 2-m relative
humidity and 10-m wind speed are forecasted through
the Bi-LSTM and 1D-CNN model system. The study
utilized the "OBS" and "RMAPS" databases as their
information source. The experimental results simplify
the evaluation between the new hybrid model consisting
of 1D-CNN and Bi-LSTM integration versus the FNN
model built from 1D-CNN with LSTM and BI-LSTM
components. Weather prediction benefits most from the
implementation of the hybrid model. The
implementation of one-hot encoding led to better
accuracy results when predicting weather conditions in
unforeseen neighborhood areas. In [12] will employ
five classifications "Cold," "Cool," "Normal," "Warm,"
and "Hot" as well as other meteorological variables,
including temperature, humidity, rainfall, and wind
speed from 2000 to 2019, to forecast the temperature for
the following three days. Over the last 20 years,
information has been collected from the Bureau of
Meteorology, Climatology, and Geophysics (BMKGQG)
in Bandung. Weather parameters are predicted using
RNN and LSTM models; pre-processed data is
transformed as input data via segmentation,
interpolation, feature extraction, and normalization. The
accuracy was 90.92 percent using Adam's optimization
model with 100 epochs in the training data and 80.36
percent in the test data. Therefore, the optimization
model, data volume, and data sharing may influence the
final results. This work uses vibrational mode
decomposition (VMD) and extreme learning machine
(ELM) to develop a novel combination model for
electric load prediction many steps ahead of time [13].
The Australian energy market data comes from two
sources which include New South Wales (NSW) and
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Queensland (QLD). Experimental findings revealed
three essential points during the research. The
recommended forecasting algorithm delivered better
accuracy than one-step and multi-step forward electric
load forecasting methods. Results indicated that VMD
made a higher number of mistakes once compared to
ELM. The DE method served to enhance both
thresholds and initial weights for the ELM model in
order to boost its forecasting effectiveness. The research
builds a data-driven forecast model for weather
applications through the implementation of LSTM
according to [14]. The method known as T-LSTM
provides Transudative LSTM as a time series
estimation tool which leverages local data points.
Researchers obtained meteorological data and
characteristics on  minimum and maximum
temperatures from the Meteorological Underground
website. LSTM achieves better performance than
transudative LSTM only when different sequence
lengths and transfer functions are employed. Numerous
studies prove that inductive as well as transudative
LSTM models use forecast methods equivalent to the
most sophisticated weather prediction algorithms
despite minimal available data. The performance of the
inductive LSTM model under evaluation increases from
April and May into November and December. The
addition of novel weight data to temporal convolutional
networks (TCN) and long short-term memory (LSTM)
represents [15] approach for weather enhancement and
prediction. The researchers have developed Arbitrage
of Forecasting Expert (AFE) as a new approach to
determine its suitability for short-term weather
forecasting versus standard techniques including
Autoregressive Integrated Moving Average (ARIMA),
Vector Auto Regression (VAR), Vector Error
Correction Model (VECM), standard regression (SR),
support vector regression (SVR) and random forest
(RF). The proposed neural network model serves for
short-term weather forecasting which gets compared to
WRF model predictions. The WRF model operates on
GRIB data. We collected a total of twelve
meteorological variables from January to May of 2018.
As a result, the MISO method outperforms MIMO in
terms of MSE values. Compared to the LSTM, the Bi-
LSTM generated lengthier forecasts with more
accuracy. Therefore, the Bi-LSTM could potentially
enhance accuracy. The deep learning model often
produces better predictions for up to 12 hours when
compared to the WRF model. The goal of [16] is to
introduce a new framework for automatically extracting
weather and visual conditions information from street-
level images. Depending on the image analysis, these
conditions can include weather states like foggy, clear,
snowy, and rainy; time periods such as dusk, dawn,
night, and day; and lighting conditions including glare.
Using CNN (Convolutional Neural Network),

frequently referred to as a "weather net," the researcher
collected data from many Kaggle sources.
Consequently, utilizing computer vision and deep
learning, the proposed weather net has shown
outstanding performance in identifying the different
kinds of photo pairings. The purpose of this work [17]
is to accurately estimate the rainfall status using a
unique hybrid machine learning approach: Intense
Neural Network Mining (INNM) is the name of the
proposed methodology. The INNM approach uses two
distinct machine learning logics the Rapid Miner and
the Back Propagation Neural Network to describe how
rainfall situations are predicted. The researcher utilized
a new set of data from the Chennai Regional
Meteorological Center. The next portions of this study
provide strong validation of this finding in a graphical
process. Consequently, the prospective proposal of
INNM vyields a forecasting accuracy of almost 96.5%
with a base error rate of 0.04%. A neural network is
used to forecast the weather [18]. A fully connected
neural network (FCNN) is recommended for classifying
weather data. A significant quantity of data was
gathered by the Indian Meteorological Department
(IMD) experts. Temperature, dew point, humidity, wind
type, wind speed, wind gust, and pressure are the
sample values. Consequently, in some metrics like UA,
PA, and KC, the performance of the FCNN model is
much better than that of the fine Gaussian SVMs (FGs).
A few of the publications considered in the literature
review are summarized in Table 1.
Table 1 presents a comparison of a few earlier
literature papers. The table displays the articles'
publication date, purpose, datasets, applicable
methodologies, and outcomes.

3. Materials and Methods

Deep learning algorithms are included in this research.
Figure 2 illustrates how we use actual meteorological
and seismological data from Suleimani City to forecast
temperature. After acquiring the dataset, the pre-
processing activity involves applying Min-Max
normalization. Three deep learning models Bi-LSTM,
GRU, and GBT are used to build a neural network for
weather forecasting. The networks used to forecast
temperature in this study provide a clear explanation of
the model's implementation processes. Following the
findings, the assessment procedure is carried out
utilizing metrics such as MAE, RSME, and R?, which
are thoroughly described in the Materials and Methods
section.

3.1. Dataset

Deep learning models require a large amount of data to
produce the best model or a high-fidelity system. While
quantity is vital, data quality is equally important, even
with the most advanced machine learning algorithms.
Whether a machine learning or deep learning model
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works well depends on the quantity, quality, and
relevance of the dataset. The first and most crucial step
in weather forecasting is thought to be data collection.
The study's primary data collection sources for putting
certain deep learning models into practice are the
Suleimani Meteorology and Seismology.
Meteorological observatory stations collect different
types of climate data at different times. One station may
have many sensors that measure humidity, precipitation
(rain), average temperature, maximum temperature, and
minimum temperature. We have attempted to obtain
the precise data set here. The data collection is first
gathered on a Daily’s basis for 30 years (1993-2023).
Table 2 displays the data for the first month of 1993,
while Table 3 displays the data for the final month of
2023. The data set includes several factors, such as the
maximum temperature, minimum temperature, average
temperature, humidity, and precipitation.

3.2. Preprocessing Modules

A step in the data mining and analysis process called
data pre-processing converts unprocessed data into a
format that computers and machine learning algorithms
can understand. This study views data processing as the
initial phase of the approach, following data gathering.
Suleimani City's meteorology and seismology provide
the dataset. The missing value procedure, which entails
averaging the missing values, is the first stage since the
parameter has some missing values. Data cleaning is the
most crucial preprocessing phase since it prepares the
data for training. This procedure makes use of the min-
max normalization formula. One of the most important
data processing techniques is data normalization. It
could disclose a new range, which is crucial for
forecasting and prediction. We use the min-max
normalization technique on all of the dataset's
parameters to build the models.

3.3. Bi-LSTM Model
Bi-LSTM networks utilize advanced recurrent neural
network architecture that improves learning capabilities
through its dual-directional processing mechanism
which works on the input sequence from both ends. The
parallel processing method of the model retrieves
information from both previous and upcoming time
steps to build better contextual understanding. The Bi-
LSTM configuration integrates double LSTM units
where each layer conducts information processing from
opposite  sequence  directions.  The  feature
representation strength increases when both layers
provide their outputs for final integration. The
implemented Bi-LSTM model begins with a first layer
containing 128 units for both types of direction then
proceed to a second layer with 64 units each way. The
network uses dropout mechanisms to avoid overfitting
and fully connected blocks to mold the output results for

predictions. The system contains a total of 534,765
trainable parameters. The refined Bi-LSTM model
achieves learning stability and enables access to more
information thus making it appropriate for handling
complex sequential data. The proposed Bi-LSTM
model presents its architectural structure through the
Figure 3 illustration [23].

3.4. GRU Model

Time series forecasting reaches enhanced efficiency
through combination of bidirectional recurrent layers
and dropout regularization within the Enhanced Gated
Recurrent Unit (GRU) model. The model contains two
stacked bidirectional GRU layers that have 128 units in
the first layer to return sequences for forward and
backward dependency tracking. The subsequent GRU
layer contains 64 units which identifies advanced
sequential characteristics before the information enters
the fully connected layer. The model contains dropout
layers set to 0.2 that are placed between GRU layers to
reduce overfitting while improving generalization
capabilities. By utilizing a dense network with 32 ReLU
nodes additional feature details become noticeable to
the system. The prediction of the target value is the job
of the last dense layer. The model is optimized using the
Adam optimizer with a learning rate of 0.001, and it
employs the Mean Squared Error (MSE) loss function
to minimize prediction errors. This architecture ensures
efficient learning of temporal dependencies while
maintaining robustness against overfitting [24]. Show
Figure 4.

3.5. GBT Model

Gradient Boosting Trees (GBT) is a type of ensemble
learning that creates predictive models by teaching
weak learners (decision trees) one after the other to fix
mistakes made by earlier learners. The model gradually
improves accuracy by training each new tree on the
residual errors of the prior trees. The model uses a loss
function to get the best performance and learning rate
control to keep it from becoming too good at what it
does. GBT is highly effective for structured data,
handling both regression and classification tasks. It
provides feature importance insights and can be fine-
tuned using hyperparameters like tree depth, number of
estimators, and learning rate [25]. Show Figure 5.

3.6. Evaluation Model
Three different measures were utilized for the purpose
of evaluation: the Root Mean Squared Error (RMSE),
the Mean Absolute Error (MAE), and the R? score.
RMSE is a measurement that determines the average
size of the mistake, with higher errors being given more
weight. A smaller root mean square error (RMSE)
suggests higher performance, see equation (1). MAE is
a method that determines the average absolute error
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while considering all mistakes in the same manner.
When the MAE is less, it implies that the forecast may
be more accurate, see equation (2). A value that is closer
to one indicates that the model is doing better. The R?
score is a measurement of how well the predictions
match the actual data see equation (3).

1 n
RMSE = J;Z(yi—xi)z (1)

e yi: Actual Value
e  x;: Predicted Value
e n: Total number of observations

n
1
MAE = j;Z i =l @
i=1

X - x)?

R?=1 —
i (r—x)?

3

e X : Mean of actual values.
e The closer R? is to 1, the better the
model.

4. Result

This study assesses various deep learning models
utilizing a real dataset to determine the most effective
and accurate predictions of the weather parameter,
average temperature. The study aims to implement the
models Bi-LSTM, GRU, and GBT. To create and
evaluate models, the researcher used deep learning
methods and the Python programming language.
Seismology and meteorology in Suleimani might
provide the dataset. We gather the dataset every day.

The Results section presents daily data collected,
incorporating elements such as maximum temperature,
lowest temperature, humidity, and precipitation, which
are affected by fluctuations in the average temperature
value. The initial procedure involved splitting the data
into an 80% training set and a 20% testing set. The data
scale was transformed using min-max normalization.

4.1. Bi-LSTM Model

Using meteorological data that has been gathered every
day for fourteen years (1993-2023), the Bi-LSTM
model is used to forecast average temperature. ReLU is
the activation function for the Bi-LSTM model. There
are 75 epochs and 32 batches. The same metrics,
RMSE, MAE, and R?, are utilized for all models
employed in this research to display the average
temperature forecast and outcome, as shown in Figure
6. Figure 7 displays the Bi-LSTM result model.

4.2. GRU Model

The GRU model is employed to estimate average
temperature using a meteorological dataset collected
daily over a span of fourteen years (1993-2023). The
model consists of two stacked bidirectional GRU
layers, where the first layer contains 128 units and
returns sequences to capture temporal dependencies
in both forward and backward directions. The total
number of epochs is 75. All models included in this
study utilize the same metrics: RMSE, MAE, and
R?, to demonstrate the results and predictions of
average temperature. As seen in Figure 8. The GRU
outcome model is depicted in Figure 9.

4.3. GBT Model
Using a meteorological dataset that has been
collected every day for fourteen years (1993-2023),
the GBT model is used to estimate the average
temperature. When training the XGBoost Regressor
model, GBT wuses settings such as learning
rate=0.01, n estimators=1000, and max depth=6.
There are 75 epochs in all. The same metrics
RMSE, MAE, and R? are used by all of the models
in this study to illustrate the average temperature
forecasts and outcomes. as seen in Figures 10. As
a result, Figure 11 shows the GBT outcome model.
The performance of the GBT, GRU, and Bi-LSTM
models over 75 epochs is displayed in Figures 12, 13,
and 14, respectively. A pattern of prediction errors over
time is depicted in Figure 12, which displays the Root
Mean Squared Error (RMSE) for each of the three
models. The Mean Absolute Error (MAE) for the same
models is displayed in Figure 13, which draws attention
to the differences in absolute error that occur throughout
the training process. Last but not least, Figure 14
illustrates the R? (R-squared) values for the GBT, GRU,
and Bi-LSTM models. These scores demonstrate the
prediction accuracy of the models as well as how well
they match the data.

5. Discussion

The Bi-LSTM, GBT and GRU models received
assessment across training and testing datasets through
three performance indicators which consisted of Mean
Absolute Error (MAE) and Root Mean Squared Error
(RMSE) and R? Score. The Bi-LSTM model produced
outstanding results through its low training set MAE of
1.0044 and RMSE of 1.3073 and high R? score of
0.9833. The testing data demonstrated a minor decrease
in performance with an MAE value of 1.9237 alongside
RMSE value of 2.5334 resulting in an R? score of
0.9399. The GBT model produced training error values
that were higher than the other models since it achieved
MAE scores of 3.5744 and RMSE scores of 4.2577
which yielded a R? score of 0.8230. The evaluation on
the testing set revealed a slight overfitting issue because
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the MAE reached 3.6265 while RMSE reached 4.3145
but R? maintained a higher value of 0.8257. During
training the GRU model achieved similar performance
to the Bi-LSTM model through its 1.9701 MAE and
1.3067 RMSE and 1.9833 R? score. In the testing
scenario the GRU model demonstrated an average error
rate of 1.8293 measured by MAE while its RMSE value
reached 2.4232 and its R? score amounted to 0.9450
indicating it maintained a stable yet slightly weaker
performance than training. The Bi-LSTM together with
GRU offered superior performance compared to GBT
mainly because of their higher R? prediction accuracy
score. The Bi-LSTM showed the best overall
performance with the highest R? score on the training
dataset and a small drop on the testing set, which can be
attributed to some level of overfitting. The GBT model's
higher error metrics suggest that it was less effective at
generalizing to unseen data compared to the deep
learning models. These findings are summarized in
Table 4 and visually represented in Figure 15.

Table 5 presents the findings of a performance
comparison between the proposed system and certain
state of the art techniques.

6. Conclusion

This research employed a data science methodology to
investigate the potential use of deep learning techniques
for forecasting average temperatures. Predicting the
weather is an essential application for 365 days of the
year. This research predicts the relative average
temperature, a critical meteorological element, using
deep learning algorithms. The objective of this study is to
use three deep-learning models to anticipate the average
temperature for each day. Using real data and
meteorological conditions, we trained a number of deep
learning algorithms, such as Bi-LSTM, GBT, and GRU,
to forecast the average temperature. We compared the
outcomes of training and testing to see how well the
predictions performed. The average temperature was well
predicted by models based on data that was collected
every day for many years. The models had low RMSE,
MAE, and R? errors. In general, the data set used for
prediction is split. It was gathered every day for thirty
years and includes information about Suleimani City
maximum and minimum temperatures, average
temperatures, humidity levels, and rainfall over that time.
One of the other goals of this investigation is to test and
compare the models used to predict relative average
temperatures. After applying these models to the daily
data, we found that GRU outperforms the other models,
achieving an RMSE of 1.3067. On the other hand, the
results indicate that Bi-LSTM and GRU outperformed
GBT in both training and testing. When they were
trained, Bi-LSTM and GRU had lower RMSE (1.3073
and 1.3067) and MAE (1.0044 and 0.9770), but GBT
made more mistakes (RMSE = 4.2577, MAE = 3.5744).

Bi-LSTM and GRU did better in tests (RMSE = 2.5334,
2.4232), and their higher R? values (0.9399, 0.9450)
showed that they were stable and accurate.
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Figure 1. The blue color shows the location of the study area, the location of Sulaymaniyah province in Iraq.
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Table 1: A comparison of the reviews of papers
Reference Dataset(s) Modules Results
The weather in Indonesia as .
. RH testing = 0.40,
[8] reported by the Synoptlc (9601) | LSTM RH training = 0.46
Station.
0
BMD dataset (Bangladesh ANN Compared to ANN, ELM offers a 070 %
[9] meteorological department) module higher performance rate and 95%
g P " | and ELM. accuracy.
1D-CNN, Bi- ID-CNN+Bi-LSTM = 0.42,
LSTM, LSTM, FNN = 0. 34,
. FNN, LSTM=0.40,
(t] Observation RMAPS 1D- CNN+LSTM, 1D-CNN=0.40,
1D- CNN+Bi- ID-CNN + LSTM = 0.40,
LSTM. And Bi-LSTM = 0.41.
training of Adam's optimization
accuracy= 90.92%, testing of Adam's
e - o
BMKG (Bandung Metcorology RNN optlm'lzatu.)n. accuracy= 80.36 /_0,
[12] Climatology andGeophysics) module and SGD's training data accuracy =
gy PRy LSTM. 87.24%,
SGD's testing data accuracy was
76.48%.
[17] C-RMC (Centre Regional RM, INNM Predicting accuracy = 96.5% and the
Meteorological Chennai) and BPNN. lowest error ratio = 0.04%
FGS (%) for classes 1: UA=79.63,
PA=68.24.
[18] Indian metrological Department| FCNN and UA=89.14, PA=92.46, KC=0.867
(IMD) FGS FCNN (%) for classes 1: UA=85.45,
PA=71.48, UA=92.74, PA=96.46,
KC=0.945
The system forecasts the
hketh(.)d ofraln. for the current . . . A score is utilized to determine the
day using real-time data from Classification with
[19] correctness of the model, and 87.90%
sensors that measure random forests . .
accuracy is obtained.
temperature, pressure, and
humidity.
Information was gathered from| The model of Holt- Rainfall: MAPE = 0.35,
[20] the Robat Gharah-Bil Station in| Winters Models of RMSE = 0.49;
Golestan, Iran, over a thirty- Additive Sunlight: MAPE = 0.79,
year span (from 1981 to 2010).| ~ Multiplication RMSE = 0.01.
[21] historical sun intensity and | 'qy\1 R ang ppF SVM-RBF accuracy =51%.
NWS projections over a ten- RN
. modules PPF accuracy =27%.
month period
More than thirty meteorological CNN,
[22] variables and five basic climatic RNN, LSTM, Suggested strategy’s is close = 80%
groups made up the restored XGBoost and accuracy.
climate. GBDT.
L @
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Table 2. Dataset for three parameters of weather from month January in 1993
Max Min Average Humidit T
Date Temperature Temperature Temperagture Y% ' Precipitation
1/1/1993 8.1 -1.6 3.25 55 0
1/2/1993 8.3 -0.7 3.8 65 0
1/3/1993 11.4 2.4 6.9 71 0
1/4/1993 11 4 7.5 65 0
1/5/1993 9.8 3 6.4 68 3
1/6/1993 9 4 6.5 86 3.9
1/7/1993 10 4 7 83 3.9
1/8/1993 9.8 5.3 7.55 80 11
1/9/1993 4.6 0.5 2.55 89 0.5
1/10/1993 5.7 1.9 3.8 80 13
1/11/1993 6 2.4 4.2 86 0
1/12/1993 6.5 34 4.95 57 0
1/13/1993 7.3 3 5.15 59 0
1/14/1993 52 -0.8 2.2 47 0
1/15/1993 5.8 -1 24 68 0.5
1/16/1993 3.9 -1.4 1.25 60 0
1/17/1993 6.1 -2.6 1.75 46 0
1/18/1993 5.5 -4 0.75 57 0
1/19/1993 7 -4.6 1.2 33 0
1/20/1993 9.8 -2.2 3.8 46 0
1/21/1993 9 -2 3.5 47 0
1/22/1993 8.7 -1 3.85 60 0
1/23/1993 10 -1 4.5 58 1.2
1/24/1993 9.8 -9 0.4 54 0
1/25/1993 9 -1.2 3.9 64 1
1/26/1993 12.1 3.1 7.6 53 0
1/27/1993 13.8 2.2 8 55 10.7
1/28/1993 15 7 11 38 0
1/29/1993 10.3 7 8.65 64 0
1/30/1993 13 1.5 7.25 68 0
1/31/1993 12.2 2.2 7.2 57 0
L @
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Table 3. Dataset for three parameters of weather from month December in 2023.

Date Max Min Average Humidity S
Temperature Temperature Temperature %
12/1/2023 19.2 6.2 12.7 63 0
12/2/2023 19.5 5.1 12.3 61 0
12/3/2023 19.5 5.1 12.3 63 0
12/4/2023 20.2 5.6 12.9 65.5 0
12/5/2023 20.3 5.5 12.9 62 0
12/6/2023 20.2 8 14.1 60 0
12/7/2023 18.6 10.4 14.5 63 0
12/8/2023 19 8.5 13.75 63.5 0
12/9/2023 18.6 10.3 14.45 61.5 0
12/10/2023 18.9 10.2 14.55 70 0
12/11/2023 18.6 8 13.3 72 0
12/12/2023 18.2 11 14.6 63 3.2
12/13/2023 11 10 10.5 91 16.3
12/14/2023 15.3 7.7 11.5 85.5 0.4
12/15/2023 15 5.5 10.25 80.5 0
12/16/2023 17.1 4.3 10.7 75.5 0
12/17/2023 16.5 5.1 10.8 68 0
12/18/2023 15.2 5.9 10.55 64 0
12/19/2023 14 6 10 54.5 0
12/20/2023 15 5.6 10.3 63 0
12/21/2023 15 5 10 70.5 34
12/22/2023 9.5 6.5 8 90.5 8.2
12/23/2023 11.2 8.2 9.7 83 15.7
12/24/2023 11.2 9.5 10.35 85.5 11.9
12/25/2023 15.2 7.5 11.35 77 0
12/26/2023 13.9 6 9.95 74.5 0
12/27/2023 16.4 4.9 10.65 71 0
12/28/2023 16 7.8 11.9 69 0
12/29/2023 17 5.4 11.2 68 0
12/30/2023 17.6 6.5 12.05 66.5 0
12/31/2023 15.7 4.1 9.9 79.5 0
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Table 4: The performance models

Train Test
Model RMSE MAE R? RMSE MAE R?
Bi-LSTM 1.3073 1.0044 0.9833 2.5334 1.9237 0.9399
GBT 4.2577 3.5744 0.8230 4.3145 3.6265 0.8257
GRU 1.3067 | 0.97701 | 0.9833 2.4232 1.8293 0.9450

Performance Comparison of Bi-LSTM, GBT, and GRU Models on Training and Testing
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Figure 15. Visually represented modules
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Table 5: Comparison with relevant research and the current state of the art.

Reference Dataset(s) Modules Results
. . LSTM's RMSE (RH) = 15.32, CONV-BI-
Meteorological stationin . ’
[26] Beijing pagrame fers temperature CONV-BI-LSTM LSTM's RMSE (T) =2.47, and RMSE(RH) =
and hur’nidit and LSTM 14.11
Y- 3.21 is the LSTM's RMSE (T).
MSE score for the BLSTM-GRU model is
INCHM (National center 0.0075.
[27] " Hydrology and Meteorology) CNN’(?;{I;AT’I\(/}IRU The 1-D CNN, LSTM, GRU, and BLSTM
an MSE scores are 0.013.
The only purpose of the Scientific
Python Development ONV1D-MLP R =0.25t0 0.55, RMSE = 6.6 to 24.19,
[28]  [Environment (spyder) notebook is fand SVR modules and NSE =0.28 to 0.11.
to handle and prepare data.
R-squared value = 0.948.
https://www.accuweather.com/ ANN, KNN and mean average percentage error =14.348.
[29] SVM. compared to SVM and ANN, KNN yields a
more accurate output.
2
Forecast the weather in . RMSE MAE = R
Sulaymaniyah, a city in the BI-LSTM, GRU Bi-LSTM 1.3073  1.0044 0.9833
p Kurdistan Region/Iraq
’ GRU 1.3067 0.97701 0.9833




