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1. Introduction 

Member countries of the United Nations issued a call to action that included 17 primary objectives in 2016. 

The Sustainable Development Goals (SDGs) encompass a comprehensive set of objectives addressing 

social, cultural, and ecological challenges. This collective endeavor is intended to be accomplished by the 

conclusion of 2030. The 13th objective, climate action, holds significant importance in this study, as well 

as in numerous other subjects. Santamouries et al. (2015) presented a paper stating that a 1℃ rise in air 

temperature led to an increase in electricity demand for buildings ranging from 0.5 to 8.5. According to 

study, the consumption of energy in buildings makes up approximately 31.4 of the total world energy use. 

Hence, accurate temperature forecasting is crucial in mitigating climate change and constructing cities that 

are resilient to climatic variations. Furthermore, the accurate calculation of temperature is the fundamental 

basis for the sustainable use of water resources and drought assessment. Since human activities lead to the 
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formation of greenhouse gases, which cause more solar radiation to be transmitted to the earth’s surface 

and therefore to an increase in temperature, it increases the carbon footprint as a result. At this point, 

making forward-looking atmosphere forecasts gains importance in terms of sustainability. Therefore, 

accurate temperature forecast plays a crucial role in sustainability and climate change assessment, as well as 

in climate change mitigation and resilient city construction. 

Recent research has utilized modern technical advancements to make precise forecasting of 

meteorological data. Specifically, it gains advantages from the utilization of various heuristic-based models 

such as statistical methods, machine learning (ML), artificial neural networks (ANN), and deep learning 

(DL). On the other hand, considering the advantages in computational speed, ML models are applied for 

urban air temperature forecasting even though there are some limitations of machine learning models 

remain unclear. For example, ML models require large amounts of high-quality data to be effective, as well 

as no biases, noise, or gaps to affect the forecasts' accuracy. In addition to data quality and availability 

limitations, overfitting occurs when a model learns the training data highly, including its noise and outliers. 

It may perform excellently on the training set but poorly on unseen data. Another limitation can be 

transferability, that is, a model trained on data from one region may not perform well in another due to 

different environmental factors and urban layouts. Also, traditional ML models may not effectively capture 

uncertainty in temperature forecasts. Understanding the risks of extreme temperatures, which can be 

labeled as limited handling of uncertainty, can be crucial for decision-making processes.  

Besides implementing ML models, neural networks possess significant benefits in forecasting due to 

their exceptional non-linear adaptive processing capability. Typically, short-term flow prediction requires 

the previous several time steps and accounting for dependencies between the time series. Typical neural 

networks cannot accomplish this task. Utilizing previous events to deduce future events is often achieved 

through the use of a Recurrent Neural Network (RNN). In the process of training neural networks, the 

gradient descent algorithm, which minimizes the errors between actual and expected results as much as 

possible, is used to evaluate the network's performance. However, Back Propagation Through Time 

(BPTT) method is used in the traditional RNN to train the network by back propagating errors through 

time. BPTT requires storing the activations of each time step, which can be memory-intensive for long 

sequences. This is a limitation in the size of the sequence that can be processed by the network. 

Consequently, a long training time will make the network's residual drop very quickly, which will cause 

network weights to be renewed slowly. Therefore, a memory block is needed to store memory, and the 

LSTM model, a special RNN model, is proposed for keeping long-term dependencies and reading any 

length sequence.  

There has been atmospheric weather forecasting and prediction studies conducted in the literature.  But 

before this, it is essential to state the difference between forecast and prediction and which data will be 

used. Forecasts are typically based on data-driven analysis and modeling techniques, aiming to provide 

informed estimates of future outcomes. Predictions, on the other hand, may involve a broader range of 

methods and can vary in terms of their reliability and basis in evidence. Therefore, temporal air temperature 

forecasting is the main topic of this study. Although forecasting atmospheric temperature can be 

challenging due to factors such as heterogeneous landscapes and complex atmospheric dynamics, in this 

study, machine learning has been employed alongside numerical weather simulations to make reliable and 

accurate temperature forecasts for the selected region, without requiring an excessive amount of physical 

data. In this study, a temporal analysis has been conducted. 

Weather data is collected across the space and time axes, which means it is spatiotemporal. Spatial 

forecasting deals with predicting temperature variations across different locations at a specific moment, 

while temporal forecasting is concerned with predicting how temperatures will change over time at a 

particular location. Both types of forecasting are essential for understanding and planning for weather-

related events and impacts. 
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Articles in the literature can be divided into three categories: spatial forecast, temporal forecast, and 

spatiotemporal forecast. Wang et al. (2023) separated the studies among 45 articles into two groups 

according to the usage of ML models and found a result that tree-based models fit spatial forecast and 

neural network models work for temporal forecast. 

Sofi and Oseledets (2024) presented several data-driven approaches for spatiotemporal forecasting and 

showed how to condition these models for forecasting weather states. They proposed a spatiotemporal 

forecasting model and found that its predictions are comparable to other ML models without the need for 

training. 

Detecting weather conditions is essential for many reasons such as public safety (by providing early 

warnings to prevent disasters), agriculture, energy management, transportation, water management. One of 

the important weather forecasting methods, which is also the subject of this study, is statistical methods, 

including time series analysis, machine learning, and ensemble forecasting. 

There are several Machine Learning (ML) models adopted in weather forecasting including linear 

regression (Holmstrom et al., 2016; Sharapov, 2022; Apaydin et al., 2022), support vector machines (Dritsas 

et al., 2022; Nayak and Ghosh, 2013; Deif et al., 2021), decision trees (Dadhich et al., 2021), random forests 

(Jakaria et al., 2020; Parlak and Yavasoglu, 2023; Kareem et al., 2021), gradient boosting (Era et al., 2023), 

K-nearest neighbors (KNN) (Moorthy and Parameshwaran, 2022; Findawati et al., 2019), and artificial 

neural networks (Johnstone and Sulungu, 2021; Shrivastava et al., 2023a, 2023b). Neural networks provide 

significant benefits in prediction due to their non-linear adaptive processing capacity. Predicting short-term 

changes in temperature requires the previous several time steps and the relationships between these time 

series. Traditional neural networks are unable to accomplish this task. Utilizing previous occurrences to 

predict future occurrences is often accomplished using a Recurrent Neural Network (RNN). Gradient 

descent method is generally used to evaluate the network performance during training process of neural 

networks. However, traditional RNN uses back propagation through time algorithm for training. Here, if 

training process is long, the network residual that needs to be returned will drop rapidly, and thus it slows 

down the renewal of network weights. The typical RNN cannot reflect long-term memory in actual 

applications, and consequently a memory block is essential to store memory. Thus, the Long Short-Term 

Memory (LSTM) model is designed to preserve long-term dependencies and read any length sequence. 

LSTM networks are a class of RNN. The output from the prior step is utilized as the upcoming step's input 

in the RNN. These RNNs have the capacity to learn sequence dependency. LSTMs are known to store 

data for a long time.  Unlike RNNs, LSTMs have the skills to remember the information for a long period 

of time. LSTM has a more complex structure with additional memory cells and gates that allow it to 

selectively remember or forget information from previous time steps. Compared to other NN models, 

since LSTMs are the most effective and well-known subgroup of RNNs, they are designed to recognize 

patterns in sequences of data, particularly numerical time series data. LSTM is first proposed and applied 

in time series by Hochreiter and Schmidhuber (1997). Then, the LSTM method is used in different fields 

such as soil moisture (Filipovic et al., 2022; Han et al., 2021, Gao et al., 2021) and temperature prediction 

(Suleman and Shridevi, 2022; Li et al., 2022; Kumari  and Muthulakshmi, 2023;  Jaharabi et al., 2023; Katušić 

et al., 2022), financial market (Fischer and Krauss, 2018; Bao et al., 2017; Huang et al., 2021), petroleum 

production (Sagheer and Kotb,2019; Kumar et al., 2023), traffic flow (Xiao and Yin, 2019; Shao and Soong, 

2016; Fang et al., 2022; Mou et al., 2019). Since weather forecasting is one of the essential applications of 

time-series analysis and the neural network models (especially the LSTM) are more frequently used than 

other models, we applied the LSTM model to the temporal forecasting study. 

Within the scope of this study; real-world atmospheric data including the attributes wind direction and 

speed, temperature, relative humidity, and precipitation amount are collected via the PCE-FWS 20N 

Weather station located in the Beykoz University Undergraduate Programs Laboratory and Ateliers 

Campus Building, Istanbul, Turkiye. While long-term climate projections provide macro-level trends, urban 
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centers require localized, short-term forecasting to manage immediate operational impacts, such as peak 

cooling demands during severe heat periods. Therefore, this study focuses on high-resolution, short-term 

hourly temperature forecasting during the peak summer period (July–September) in Beykoz, Istanbul. This 

short-term microclimate modeling serves as a functional tool for localized urban energy management and 

adaptive response during extreme thermal stress periods.  

This study evaluates the performance of an LSTM model for short-term hourly air temperature 

forecasting using data collected from a single weather station located in Beykoz during the summer period, 

and compares three optimization algorithms which are ADAM, NADAM, RMSprop. The findings should 

therefore be interpreted within the scope of the analyzed dataset. The statistical analysis method root mean 

square error is applied between the forecasted and experimental temperature data.  

2. Material And Method 

This study is carried out in the Beykoz district of Istanbul, Turkey with the support of Beykoz University. 

Beykoz region has moderate, temperate weather. There is much more precipitation in Beykoz during the 

winter than during the summer. The average annual temperature during the year varies around 18.6 °C 

meanwhile average annual rainfall totals for the year is 728 mm.  

 
Figure 1. Beykoz region monthly weather detail (Climate Data, 2024) 

The extreme and average values of weather feature is given in Figure 1. It includes atmospheric data 

between 1991 and 2021. June, July and August were the months when the longest sunshine durations and 

therefore high average temperatures were observed. 

As stated, accurate temperature forecasting has an important role in evaluating and assessing climate 

change. Therefore, it is important to know temperature changes within wide time range. Figure 2 represents 

the climate change effect on Beykoz during forty years, covering the time range from 1979 to 2023. 

 
Figure 2. Mean annual temperature, trend and anomaly (Climate Change Beykoz, 2024) 

Within this time period, the temperature trend, represented via dashed blue line, is positive which shows 

that every year the temperature increases due to climate change as if it is 14.2 ℃ in 1979 and 16.1 ℃ in 

2023. In the anomaly stripes yearly graph, the blue color for colder and red color for warmer years. In 1979 

temperature anomaly is 0.2 ℃ and 1.7 ℃ in 2023. This study focuses on short-term, high-resolution 

microclimate prediction at times of severe thermal stress, especially in the summer, even though the Figure 

2 depicts temperature variance across about 40 years. 
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2.1. Experiment setup 

Data is taken from the PCE-FWS 20N Air Measurement Device which collects atmospheric data such as 

wind direction and speed, temperature, relative humidity, and precipitation amount. The recorded data is 

collected through software called Easy Weather.  

Table 1. Technical details of Air Measurement Device 

Feature  Measurement Range Resolution Accuracy 

Temperature  -40 … 60 °C 0.1 °C  ± 1 °C  

Relative Humidity  1 … 99 %  1% ±4% in the range 20…80%, 
±6% in other ranges 

Precipitation  0 … 9999 mm  0.3 mm (if rain volume <1000 mm)  
1 mm (if rain volume > 1000 mm) 

±6 % 

Wind Speed 0…50 m/s  0.1 ±1 m/s (Wind speed <5 m/s)  
±10 % (Wind speed >5 m/s) 

 
Technical details of Air Measurement Device are given Table 1 and the area where the device is installed, 

and the experiment carried out is in Figure 3(a).  It is on the roof of the Beykoz University Bachelor's 

Programs Campus - Labs and Studios building at 41.0924542 latitude and 29.0936903 longitude 

coordinates. The outdoor unit with sensors is in an open area so that surrounding buildings do not interfere 

with data collection. Wind speed, direction and precipitation data are collected via wind speed sensor, wind 

vane and rain collector, respectively. Data is transmitted from the outdoor unit to the LCD screen via 

antenna. 

 
Figure 3. (a) Experiment Setup; outdoor unit and LCD display, (b) PCE-FWS 20N Air Measurement Device (outdoor unit) 

The data used for air temperature estimation within the scope of the study is collected by the Thermo-

Hygro Sensor shown in Figure 3(b) and recorded via the LCD Display. Within this sensor, there is a 

thermometer and a hygrometer which measures ambient temperature with ± 1 °C accuracy and the relative 

humidity of the air with ±4% of accuracy in the range between 20% and 80%, ±6% of accuracy in other 

ranges.  

2.2. Data collection and visualization 

The dataset consists of 16 features and 1358 rows that are received from PCE-FWS 20N device within the 

date range between 7 July and 1 September 2023 spanning 60 minutes. Within the time period the data for 

temperature is illustrated in Figure 4.  
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Figure 4. Time period for temperature between July 7-September 1 

Outdoor temperature has an important place in this scope of study.  The detail for several significant 

features is stated in Table 2. 

Table 2. Extreme collected data points 

Feature 
Minimum 

Value 
Maximum 

Value 
Mean 
Value 

Standard Deviation 

Air Temperature(°C) 18.0 38.7 25.17 3.32 

Humidity (%) 25.0 98.0 71.55 15.69 

Wind Speed(km/h) 0.0 34.2 7.65 5.50 

Total Rainfall(mm) 0.0 31.8 11.95 9.55 

Gust(km/h) 0.0 47.9 12.85 8.44 

DewPoint(°C) 11.1 24.0 19.23 2.48 

WindChill(°C) 16.5 38.7 24.62 3.49 

 
In this part, the correlation matrix of the attributes and the temperature-time graph is illustrated in  

Figure 5. The correlation matrix shows the relationships between several weather variables. The resulting 

correlation coefficient within each cell ranges from -1 to 1. The positive correlation, colored in red, variables 

change similarly. For instance, between Outdoor Temperature and WindChill, with the correlation 

coefficient of 0.98, when one variable increases, the other increases. On the other hand, temperature and 

humidity have negative correlation, colored in blue, with the coefficient of -0.75. This result indicates 

variables changes inversely. 

 
Figure 5. The correlation matrix of several weather features 
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2.3. LSTM  

Long Short-Term Memory (LSTM) model is designed to preserve long-term dependencies and read any 

length sequence. The architecture of the LSTM model is illustrated in Figure 6.  

 

 
Figure 6. The architectural design of LSTM model (Hull, 2022) 

As seen in Figure 6, the LSTM architecture consists of sequential blocks that repeat each other in 3 layers: 

forget, input and output. Here, 𝑋𝑡 is an input; HSt is the hidden state which is used as an input; CSt is cell 

state which corresponds to the new information, and Yt is the final state, that is the final value of the 

network. The goal of the forget gate is precisely to discard or erase information. The forget gate employs 

the sigmoid function to determine which information to retain and which to discard. The candidate gate, 

an activation layer, in an LSTM is essential for determining the possible new information that can be 

included in the cell state. This component, in conjunction with the forget gate and input gate, plays a crucial 

role in controlling the transmission of information within the LSTM cell. This control is essential for 

capturing and preserving long-term dependencies in sequences. Similar to the forget gate, the input gate 

determines the amount of information to be retained during different time steps of the network. The main 

difference lies in the fact that the input gate determines whether information entering the network should 

be kept, rather than determining the amount of information to be retained from memory. The input gate 

chooses the information to retain by multiplying significant elements with values approaching one and 

insignificant elements with values approaching zero. The output gate is not the last gate of the network. 

This gate recalls information between hidden states. The last step, before the network returns its final result, 

the value received from the output gate goes through the final gate.  

The architecture of the LSTM model proposed for forecasting air temperature for studied area consists 

of; one input layer consisting of almost one month of air temperature values, a hidden layer consisting of 

50 neurons with the activation function tanh and finally a dense layer consisting of one neuron with the 

linear activation function. The mean squared error criterion is applied as a loss function between the 

relevant neuron of the input and output layers. ADAM, NADAM, and RMSprop (Era et al., 2023) were 

used as the optimization algorithms. Determination of optimal epoch size varies according to data set and 

model configuration. Also to avoid overfitting or underfitting, the value should be chosen between 50 and 

200 epochs (Hochreiter and Schmidhuber, 1997; Greff et al., 2016; Goodfellow et al., 2016). Therefore, for 

the LSTM model used within this study 50, 100 and 200 epochs are used as if those are commonly used 

for moderate tasks, and the batch size as 32 in the learning process of the model. A total of 262 parameters 

were optimized in the proposed model.  

2.4. Statistical Analysis 

In this study, some statistical evaluation criteria existing in the literature were used to check the performance 
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and accuracy of the results obtained from the LSTM algorithm proposed for air temperature forecasting. 

Root Mean Square Error (RMSE) is one of the statistical metrics used which generally represents the 

standard deviation of the forecast errors.  

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝑇𝐹𝑜𝑟𝑒 − 𝑇𝑒𝑥𝑝𝑒)

2
𝑁

𝑖=1

 (1) 

where 𝑇𝑒𝑥𝑝𝑒  is the air temperature data received from PCE-FWS 20N Air Measurement Device, 𝑇𝐹𝑜𝑟𝑒  is the 

air temperature forecasted via LSTM model. RMSE quantifies the average magnitude of errors between 

the predicted air temperature values and the actual values measured by the air measuring device used in the 

study. RMSE provides a comprehensive measure of forecast accuracy by giving more weight to large errors 

as well as individual errors (Barhmi et al., 2024). The closer the RMSE value is to zero, the closer the air 

temperature values estimated by the LSTM method are to the actual values obtained in the experimental 

device. Thus, it shows that better estimates are made. 

Within this study, to define the strength of the linear relationship between forecasted value of the model 

and real values, coefficient of determination (𝑅2) is used. 

𝑅2 = 1 −
∑ (𝑇𝑒𝑥𝑝𝑒 − 𝑇𝐹𝑜𝑟𝑒)

2𝑁
𝑖=1

∑ (𝑇𝑒𝑥𝑝𝑒 − 𝑇̅𝑒𝑥𝑝𝑒)
2𝑁

𝑖=1

 (2) 

where  𝑇̅𝑒𝑥𝑝𝑒  is the mean of air temperature data received measurement device. 

3. Results and Discussion  

This study utilizes the PCE-FWS 20N Weather Station, situated in the Beykoz University Undergraduate 

Programs Laboratory and Ateliers Campus Building in Istanbul, Turkiye, to gather empirical atmospheric 

data, encompassing wind direction and speed, temperature, relative humidity, and precipitation levels. 

Temperature forecast is conducted via machine learning method LSTM and statistical analysis method is 

utilized to compare the predicted and actual temperature data. Statistical analysis conducted for optimization 

algorithms; ADAM (Adaptive Moment Estimation), NADAM (Nesterov-accelerated Adaptive Moment 

Estimation), RMSprop (Root Mean Square Propagation). The epoch size is determined as 50, 100 and 200 

while the batch size is taken as 32 in the learning process of the model. The results are given in Table 3. 

 Table 3. Analysis results.  

  

Adam Nadam RMSprop 

RMSE R^2 RMSE R^2 RMSE R^2 

μ σ μ σ μ σ μ σ μ σ μ σ 

50 0.5931 0.0869 0.9483 0.0176 0.6211 0.1394 0.9417 0.0322 0.6788 0.0577 0.9333  0.0112 

100 0.5792 0.0278 0.9516 0.0049 0.5904 0.0307 0.9497 0.0054 0.6283 0.0917  0.9420 0.0191  

200 0.6039 0.0350 0.9474 0.0061 0.6166 0.0445 0.9450 0.0078 0.6025 0.0331 0.9476 0.0058 

 

Table 3 reports the average (mean 𝜇 and standard deviation 𝜎) across 10 independent random-seed 

initializations i.e., for each optimization algorithm for determined epoch sizes. Each optimization algorithm 

is executed 10 times for one epoch number. For instance, the LSTM model is conducted for air temperature 

forecasting with ADAM optimization algorithm with 50 numbers of epochs which is executed 10 times to 
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define the performance of the learning process. Among the evaluated configurations, ADAM with 100 

epochs yielded the lowest mean RMSE and the highest mean R². Therefore, this configuration was selected 

for the subsequent analysis and visualization. The result of the analysis is done to make an estimation for the 

period covered by the data set given in; Figure 7.  

 
Figure 7.  Temperature Forecast between July 7-September 1 

The part of the result is shown in Figure 8, with columns for Date, True Temperature, and Predicted 

Temperature, presents the predictions from a single representative trained model instance. It is seen that the 

difference between predicted and actual temperature data is very slight. 

 
Figure 8. Actual and Expected Temperature 

Table 3 reports the mean (𝜇) and standard deviation (𝜎) metrics over 10 independent trial runs to evaluate 

optimizer stability. The model achieved an RMSE of 0.6275 and an 𝑅2 of 0.9434 on the test subset, closely 

aligning with the overall ensemble mean (𝜇RMSE = 0.5792, 𝜇𝑅2 = 0.9516). Figures 7 and 8, in contrast, 

present one individual run for visualization purposes. Therefore, the RMSE and R² values shown in the 

figures are not expected to be identical to the average values reported in Table 3.  

It is seen that; the obtained prediction performance is consistent with previous studies reporting the 

successful application of machine learning techniques for air temperature forecasting. However, direct 

numerical comparison among studies is challenging because datasets, climatic conditions, forecasting 

horizons, input variables, and model architectures differ considerably. Therefore, the results of this study 

should be interpreted within the scope of the analyzed dataset. 

4. Conclusions 

Air temperature forecasting plays a critical role in energy management, agricultural planning, and public 

health initiatives. Additionally, it is crucial for evaluating and assessing the impacts of climate change, which 

serves as the primary motivation for this study. Within the scope of this study; real-world atmospheric data 

is collected via the PCE-FWS 20N Weather station located in Beykoz University campus building. A Long 

Short-Term Memory (LSTM) machine learning model is applied to forecast air temperature. Within the 

method, ADAM (Adaptive Moment Estimation), NADAM (Nesterov-accelerated Adaptive Moment 
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Estimation), RMSprop (Root Mean Square Propagation) optimization algorithms are used separately for 

different epoch sizes 50, 100 and 200. Each optimization algorithm is executed 10 times for each epoch 

number. The coefficient of determination (R²) is used to define the strength of the linear relationship 

between forecasted and actual values, while the root mean square error (RMSE) is employed to evaluate the 

model’s performance statistically. The most accurate result is gathered from the ADAM optimization 

algorithm with 100 numbers of epochs. Therefore, the evaluation is conducted further for only one time of 

execution.  The study demonstrates that the LSTM machine learning model, utilizing the ADAM 

optimization algorithm with 100 epochs, is a reliable approach for temporal temperature forecasting.  

A limitation of the current experimental design is the short timeframe of the collected dataset, spanning two 

months during the summer season. While this period captures peak summer temperatures critical for short-

term thermal stress analysis, it does not account for multi-seasonal variations or long-term climate dynamics. 

For future research, this model may be explored over longer time periods across four seasons and compared 

with alternative forecasting methods to further validate its effectiveness.  
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