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Abstract: Sustainable urban development in the era of energy and digital transformation is crucial
from a societal perspective. Utilizing modern techniques for analyzing large datasets, including
machine learning and artificial intelligence, enables a deeper understanding of historical data and
the efficient prediction of future events based on data from IoT sensors. This study conducted a
multidimensional historical analysis of air pollution to investigate the impacts of energy transforma-
tion and environmental policy and to determine the long-term environmental implications of certain
actions. Additionally, machine learning (ML) techniques were employed for air pollution prediction,
taking spatial factors into account. By utilizing multiple low-cost air sensors categorized as IoT
devices, this study incorporated data from various locations and assessed the influence of neighbor-
ing sensors on predictions. Different ML approaches were analyzed, including regression models,
deep neural networks, and ensemble learning. The possibility of implementing such predictions in
publicly accessible IT mobile systems was explored. The research was conducted in Krakow, Poland,
a UNESCO-listed city that has had long struggle with air pollution. Krakow is also at the forefront of
implementing policies to prohibit the use of solid fuels for heating and establishing clean transport
zones. The research showed that population growth within the city does not have a negative impact
on PMx concentrations, and transitioning from coal-based to sustainable energy sources emerges as
the primary factor in improving air quality, especially for PMx, while the impact of transportation
remains less relevant. The best results for predicting rare smog events can be achieved using linear
ML models. Implementing actions based on this research can significantly contribute to building a
smart city that takes into account the impact of air pollution on quality of life.

Keywords: big data; energy transition; smart cities; machine learning; air pollution; urban development

1. Introduction

Smart urban development planning requires multidisciplinary collaboration, includ-
ing political science, environmental engineering, and spatial planning. Life satisfaction
depends on policymakers’ effectiveness, living standards, education access, and a clean
environment [1]. Research shows that environmental comfort, particularly air pollu-
tion, is crucial for human quality of life [2]. With increasing urbanization and environ-
mental issues, there is a need for a holistic global approach to urban development [3].
Liang et al. emphasized the importance of particulate matter analysis in balanced urban
planning [4]. Jonek-Kowalska pointed out the research gap in long-term air pollution
studies in cities aspiring to be smart [5]. Urban development may increase energy de-
mand. Relying on certain energy mixes can strengthen air pollution. In 2021, Poland’s per
capita household energy consumption from hard coal was almost 22%, compared to the
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EU average of 2.5% [6]. Therefore, advanced technologies and IoT sensors are essential for
assessing the impact of energy transition on air pollution.

Krakow has struggled with air pollution for years. Initially, the metallurgical industry
was the main source of pollution, but fossil fuel heating has become an increasingly signifi-
cant source [7]. Despite a total ban on solid fuel use for heating, it remains the main source
of pollution in winter [8,9]. PM10 consists of over 40% carbon, with coal responsible for
50% of it in winter and 20% in summer. Car transportation is the second highest contributor.
Natural sources account for 30% of the carbon fraction across all seasons [10]. Air pollution
generated outside the city is migrating to the city—especially during the cold season [11].
The city’s location, surrounded by small hills locally and the Carpathian Mountains to
the south [12], contributes to this phenomenon. Krakow, a UNESCO World Heritage site,
faces challenges affecting both residents and tourists. The COVID-19 pandemic led to a
decline in tourism, prompting efforts to revitalize the sector sustainably [13]. Episodic
smog events make Krakow one of the most polluted cities globally and may deter tourists,
especially amid COVID-19 respiratory concerns. Improving air quality in the city benefits
both the economy and public health. Krakow aims to become a smart city with modern,
pleasant living conditions [14], and it plans to address the challenges of air pollution,
thereby improving its attractiveness to tourists. In addition, Poland implemented the
mObywatel system [15], a digital platform accessible to every citizen, offering real-time
data on air pollution levels. This innovation opens the possibility of demonstrating the
tangible impact of zero-emission policies on the environment. It can improve societal
attitudes and influence the belief that sustainable urban development is attainable. By
providing such data, the gap identified by Jonek-Kowalska [5] can be addressed.

In this study, we utilize big data from various sources to assess factors possibly
affecting air pollution and to determine the best techniques for predicting rare peaks in
pollution influx. The main focus is on how to drive policy-making in the era of energy and
digital transformation by using these technologies in the most optimal and environmentally
friendly way. Krakow serves as a good benchmark city for other regions worldwide, as it
needs to implement strict laws according to European Union regulations while still being
located in a country with a predominantly coal-based energy system.

This work is divided into two parts aiming to close part of a mental gap. The first part
consists of a historical, descriptive, and diagnostic analysis in which we examine data on
population changes, types and quantities of transport means, and heating types to answer
the question of what happened and what impact it had on pollution levels over the past
10 years. This is crucial for future informed city planning, particularly in the context of
energy policy. The second part consists of a predictive and prescriptive analysis, where we
analyze the predictive potential of various methods to optimally forecast relatively rare but
significant smog episodes from a public health perspective. Such episodes are outliers in
data analysis, requiring the selection of appropriate modern techniques because traditional
methods often fail in such applications. In this case, different neural network architectures
were analyzed in comparison to the autoregressive moving average.

For the prediction part, various supervised ML methods were used. In general, ML
techniques can be divided into two different sub-domains: supervised and unsupervised
learning. In supervised learning, data is labeled, and the dataset is typically randomly split
into training and testing sets. This allows for the calculation of model performance and
estimation of how the model will perform when new data is introduced [16]. However,
supervised learning for time-series analysis may require a special kind of data splitting
because the dataset cannot be randomly split due to the time dimension. In this study,
the spatial component was additionally accounted for by including information from all
52 receivers around the city. The reason that research on ML potential for air pollution
prediction is rare is that many researchers have found it useful for environmental monitor-
ing. Rana et al. [17] demonstrated that Al technology can be successfully applied to water
pollution analysis. Zaresefat and Derakhshani [18] showcased how Al has revolutionized
groundwater management. Uriarte-Gallastegi et al. [19] highlighted the potential of Al
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for sustainable energy management. Zareba et al. [20] illustrated the use of unsupervised
machine learning for spatial analysis of PM time-series. ML technologies play a key role in
various forecasting-related problems; they also enable more effective urban environmental
management focused on air pollution. ML is crucial due to its ability to predict and adapt
to dynamic conditions. It allows for the analysis of large volumes of data, pattern identifi-
cation, and the delivery of real-time predictions, which are invaluable in urban planning
and environmental protection.

The novelty of this research lies in bridging the gap between advanced Al-assisted
spatial analysis of air pollution big data and sustainable urban planning, with a particular
emphasis on energy transition. We selected Krakow as our European benchmark city for
two main reasons: 1. Krakow stands out as a unique anti-smog city, being isolated from
neighboring areas where there is no anti-smog law in force. 2. The city is also located
in a country where the transition from coal-based energy production holds significant
importance and will continue to do so. It is essential to address how to effectively predict,
communicate, and create society-friendly solutions, as well as to establish systems to
accurately assess the positive effects of energy transformation on the development of
smart cities. This research specifically focuses on analyzing how air pollution can be
predicted effectively, which is beneficial not only for warning residents but also for planning
transformation and determining the consequences of planned changes. We also analyzed
historical data, considering various factors that could influence PMx air pollution, such as
population, the number of vehicles, or the state of public transportation. Additionally, we
considered the impact of the program aimed at changing the energy mix used for heating
homes in the city area. This research aims to explore the effectiveness of using big data and
ML/ Al methods to shape smarter cities by learning from the past to improve the future.
To achieve this goal, we will conduct statistical analysis on spatio-temporal data, focusing
on efficient, reliable ML techniques. Our research will determine the impact of population
changes, types of transportation, and energy policy on air quality and answer whether it is
possible to accurately predict rare smog events by using dense spatio-temporal time series.

2. Materials and Methods
2.1. Urban Development and Energy Transition

For quantitative analysis of actions taken by the city of Krakow to mitigate atmo-
spheric air pollution, an analysis of data provided by the Krakow City Council and Chief
Inspectorate for Environmental Protection (https:/ /powietrze.gios.gov.pl/, accessed on 10
May 2024) was conducted. The analysis took into account long-term PM2.5 trends, infor-
mation such as the city’s population in respective years, and data on road transport—both
private and public. Regarding data on the number of registered passenger cars, the total
number of vehicles was considered, while for public transport, metrics such as the number
of bus and tram lines and their lengths in kilometers were utilized. Information on bicycle
traffic was also considered, focusing solely on linear infrastructure, specifically the absolute
length of bicycle paths. Point infrastructure, such as bicycle rental stations, was entirely
omitted from the analysis, as there is currently no municipal bike rental system in operation
in the city.

Population and transport data were analyzed over the years from 2010 to 2019. Data
provided by the city council in the form of an informational folder [21] required extraction
into a numerical format for processing. Each year’s data is provided in a separate folder,
and the document structure varies slightly from year to year, posing difficulties in automatic
data extraction. Additionally, an analysis of data for the PONE program—the Low-Emission
Reduction Program in Krakow—was conducted [22]. The program aimed to reduce the use
of coal furnaces and replace them with more environmentally friendly heating systems,
such as gas-fired furnaces. Data available for the PONE program covers recent years
starting from 2014. Each year, the report includes information on the number of coal
furnaces and boilers removed, the installation of renewable energy sources, and the amount
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spent on the low-emission reduction program (in PLN). Furthermore, general aggregate
statistics provided by the city council related to the PONE program were also utilized.

2.2. Machine-Learning Data Pipeline

In the world of ML today, designing reproducible, maintainable, and modular data
processing pipelines is becoming increasingly crucial. This approach not only enhances
the efficiency and scalability of projects but also allows for quick adaptation to changing
requirements and easier project management [23]. In this project, a comprehensive pipeline
was developed, as illustrated in Figure 1. This pipeline is divided into four distinct
sub-pipelines: preprocessing, feature engineering, modeling, and Explainable AI (XAI)
and evaluation.

Feature
engineering

Preprocessing

Modeling XAl & Evaluation

Figure 1. General visualization of ML data pipeline used in this study.

In the preprocessing sub-pipeline, we interpolated missing values and scaled the data
using a robust scaler [24] to ensure robustness against outliers, with a particular emphasis
on preserving rare picks, which are crucial for our analysis. During the feature engineering
phase, cyclic features such as the time of day and wind direction were created to capture the
inherent periodicity in these features. Additionally, features such as cardinal wind direction
and sunrise and sunset times were developed, along with the inclusion of holidays and so-
cial events in Krakow. PM2.5 components such as seasonality and trend, derived from STL
decomposition [25], were also integrated. Lag features based on autocorrelation analysis
and exploratory data analysis (EDA) were created to enhance the predictive model. In the
modeling phase, a model factory was established that generated various models available
in the Darts library [26], with specific configurations and hyperparameters, enabling system-
atic experimentation and optimization. For model evaluation, backtesting with expanding
window optimization was used, focusing on regression metrics to assess performance and
reliability. Additionally, reports were generated on the analysis of model residuals and XAI
analyses, including techniques like SHAP (SHapley Additive exPlanations) [27].

2.3. Machine Learning Forecasting

The study made use of Global Forecasting Models. It is an approach that enables
the construction of a single predictive model for multiple, geographically dispersed time
series simultaneously. Its aim is to capture the core patterns governing the series, thereby
minimizing the potential noise that each series may introduce. This approach is computa-
tionally efficient, easy to maintain, and stable in generalizations across various time series.
However, it comes at the cost of a shallower understanding of the individual characteristics
of each series separately [28].

2.3.1. Models

This study was initially conducted on 12 distinct models, selecting 5 of them for
parameter tuning based on their performance. The models were trained globally using
data from a total of 455,520 measurements collected from 52 sensors. Each sensor
recorded 8760 measurements, covering the entire year from 1 January 2022, at 00:00:00,
to 1 January 2023, at 00:00:00.

The first group includes linear models such as ridge regression, which extends tradi-
tional linear regression by incorporating L2 norm loss functions [24]. In addition to basic
linear models, specially adapted linear models for time series such as DLinear and NLin-
ear were examined. The DLinear model decomposes input data into trend and seasonal
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components, processes these through single-layer linear transformations, and combines the
results for final prediction, showing particular efficacy with trend-heavy data. The NLinear
model enhances data adaptability by subtracting the last value of the sequence prior to
processing through a linear layer, and reintegrating it post-transformation, which improves
adaptation to data changes and enhances overall model performance [29].

Traditional time series models, such as ARIMA (AutoRegressive Integrated Moving
Average), were also evaluated. ARIMA effectively integrates autoregressive and mov-
ing average components to model time series data, adeptly capturing underlying trends
and seasonality [30].

Models based on decision trees and gradient boosting also demonstrated robust
performance. Decision tree models utilize trees to make predictions and have proven
effective across various tasks. Gradient boosting models enhance this approach by
sequentially correcting the errors of previous models in the ensemble and continuously
refining predictions.

The evaluation also covered advanced deep learning models, including variants of re-
current neural networks (RNNSs) such as GRU, LSTM, and NBEATS, as well as transformers
like the Temporal Fusion Transformer (TFT). The GRU, a streamlined version of the LSTM,
uses update and reset gates to manage information flow and is characterized by having
fewer trainable parameters, which can reduce training time but may impact performance
in complex scenarios. The TFT employs the transformer architecture to precisely model
temporal dependencies using an attention mechanism, adept at incorporating both global
trends and local fluctuations and introduces a probabilistic element that is especially useful
in forecasting time series data with inherent uncertainties [31].

2.3.2. Evaluation

In order to evaluate the models, backtesting with expanding window optimization
was utilized, as shown in Figure 2. Given that the training is based on a historical dataset,
the amount of data will increase over time. Backtesting allows for a more precise assessment
of the model’s efficiency after incorporating new data [32]

Backtesting

Forecast horizon
— >

;5 . o .
3 ‘
(v

- Training - Forecasting |:| Qut of sample

Figure 2. General conception of backtesting with expanding window optimization.

Predicted data after backtesting were validated using metrics such as MAE, RMSE, R2,
and MAPE. The Mean Absolute Error (MAE) offers a straightforward interpretation of the
error in the units of the predicted variable, allowing for easy understanding of prediction
accuracy. In contrast, the Root Mean Square Error (RMSE) is more sensitive to outliers
compared to MAE, which makes it valuable for highlighting issues in prediction models
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where outliers are significant. Relative Risk Error (MARRE) provides an additional layer of
understanding by measuring the relative error in predictions compared to a benchmark
or base model, helping to rate model performance in a comparative context. Additionally,
the Mean Absolute Percentage Error (MAPE) evaluates the model by examining its capacity
to explain the variability of the data, providing insights into the accuracy of predictions
relative to the actual values [24,26].
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where N is the number of observations, y; is the actual value of the i-th observation, ; is
the predicted value of the i-th observation, 7 is the mean of dependent variables, max(y;)
is the maximum value in the series, and min(y;) is the minimum value in the series.

3. Results
3.1. Urban Development

Figure 3 illustrates the trend of PM2.5 concentration in Krakow over 10 years, along
with a population chart of the city. A steady increase in the population residing in Krakow
is evident. The growth rate during the studied period can be divided into two phases—a
low growth rate of the population from 2010 to 2014, followed by a rapid increase in
the years 2015 to 2019. The opposite behavior is observed for the PM2.5 trend line—a
steady decrease is visible over the past few years, with disruption of the declining trend in
2015 and 2016. The most rapid decline in PM2.5 concentration is observed in the periods
2013-2014, in the year 2017, and 2019.
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Figure 3. Krakow’s population (green) and PM2.5 trend (black/yellow) in the period 2010-2019.

Figure 4 illustrates the development of urban infrastructure over the years 2010-2019.
A clear, linear, and steady increase in the number of registered passenger cars is evident. It
is noteworthy that out of the total number of registered cars in the city of Krakow in 2019,
exceeding 650,000 vehicles, the total share of electric cars in the entire country is just over
6000, of which almost 3000 are hybrid cars [33]. There is also a noticeable increase in the
number of bicycle lanes in the city, with their total length increasing by over 50 km over
10 years. The tram lines measured in kilometers remain relatively stable during the analyzed
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period, except for a significant decline in the year 2012. As for the total bus lines length,
also expressed in kilometers, a decreasing trend is visible until 2014, followed by a clear
rebound towards an increasing trend in the subsequent years.

Urban Infrastructure Over the Years
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Figure 4. Krakow’s urban infrastructure over the years 2010-2019—number of registered cars (blue),
bike lines in kilometers (green), tram lines in kilometers (orange), and bus lines in kilometers (purple).

3.2. Energy Transition

In 2015, almost 24,000 furnaces, boilers, and combustion chambers fueled by coal-based
products were registered in Krakow [34]. Figure 5 describes the number of decommissioned
furnaces of this type—both those associated with building insulation and those intended
for water heating. The graph also includes the number of installed renewable energy
installations. A noticeable increase in the number of dismantled furnaces and boilers was
observed in 2017 and subsequent years, with a moderate number of decommissions from
2014 to 2016. Unfortunately, in the case of installations based on renewable energy sources,
there is no upward trend observed during the analyzed period, and their number remains
low and relatively stable each year except for 2018, when the number almost reached 500.
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Low-emission Reduction Program Outcome
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Figure 5. Krakow’s low-emission reduction program (PONE) in years 2014-2019. Number of removed
coal furnaces (blue), coal boilers (orange), and number of new renewable energy sources (green).

3.3. Machine Learning Forecasts

All ML models were trained and evaluated using the backtesting technique with
expanding window optimization (Figure 2). The starting point for backtesting was set at
80% of the available data, corresponding to the date 20 October 2022 at 01:00:00. The forecast
horizon was systematically shifted in increments of one time step, while maintaining a
constant forecast horizon of 24 h.

Analyzing the results of various models from Table 1, it can be observed that linear
models such as DLinear, NLinear, and Ridge showed the best PM2.5 forecasting poten-
tial. During training, the loss function, specifically MSELoss, was monitored to prevent
overfitting, and for the DLinear model, training was concluded after five epochs (Figure 6).

Training and Validation Loss DLinear Model
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Figure 6. Loss function DLinear.
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They are characterized by low values of average errors, such as MAE and RMSE,
and a high coefficient of determination R2. Particularly, the DLinear and Ridge Regression
models stand out, achieving very high R2 values of 0.947 and 0.956, respectively. The deep
learning and linear models adjusted for time series, achieved the best results with a time
window of 168 samples (7 days).

Table 1. Model performance table.

Model Performance for 24 h Prediction

Model MAE RMSE R2 MAPE MARRE
Ridge 2.666 3.867 0.956 15.621 1.859
ARIMA 6.688 9.282 0.755 36.417 4.622
XGBoost 4.104 6.763 0.879 19.234 2.747
CatBoost 3.839 6.236 0.897 18.463 2.569
LGBM 4.863 7.445 0.850 27.175 3.340
GRU 5.170 7.790 0.831 25.855 3.582
LTSM 5.258 7.704 0.830 27.206 3.682
NBEATS 12.000 17.915 0.079 76.314 8.547
TCN 13.276 19.651 —0.108 68.585 9.448
TFT 3.915 5.971 0.900 17.675 2.710
NLinear 3.356 4.695 0.932 20.706 2418
DLinear 2.947 3.888 0.947 20.354 2.210

Non-linear models such as tree-based, gradient boosting, or deep learning models
struggle with rapid peaks in PM2.5 concentration. Figure 7 shows the comparison between
the DLinear and XGBoost models. Linear models handle these sudden jumps better.
However, it is evident that the larger the peak, the greater the error made by the models.

Comparison Linear to Nonlinear model for forecasting PM2.5
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Figure 7. Comparison between DLinear and XGBoost for forecasting PM2.5.
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4. Discussion

The rapid population growth in the city, particularly since 2014, does not appear to
have a negative impact on air pollution levels in the analyzed urban area. This positive
observation suggests the feasibility of constructing densely populated urban centers while
maintaining healthy, high-quality air. It is particularly important currently when we can
observe people migrating to Krakow. The significant decline in pollution in Krakow during
the years 2013-2014 may be directly linked to the adoption of the first anti-smog law in the
country by the provincial assembly of Malopolska [35]. This legislation included defining
permissible types of fuels for use in the Krakow Municipal District. Additionally, during a
comparable period, the PONE program, which subsidizes replacing coal-fired heating instal-
lations, began to be implemented. These legal changes were preceded by numerous grass-
roots actions and social protests, resulting in the establishment of the Krakow Smog Alarm
in 2012 [36].

A clear relationship is evident between the type of fuel used for home heating and
air quality, independent of population growth. However, a multidimensional analysis of
transportation in the city in the context of population growth and declining PM2.5 trends
provides particularly intriguing insights. There is a steady increase in the number of regis-
tered vehicles, predominantly fueled by combustible engines, which correlates positively
and demonstrates a clear cause-and-effect relationship with the city’s growing population.
However, the PM2.5 pollution trend is decreasing. With the increase in individual trans-
portation, the number of available public transportation routes also rises. The rapid growth
of individual transportation may negatively impact residents’ willingness to use public
transport, especially buses, which travel on the same streets as cars. In the concept of a
smart city, the relatively stable number of available tram lines should be systematically
increased. The expansion of bicycle routes has been positive, as this mode of transportation
is truly zero-emission in terms of propulsion and provides additional health benefits from
aerobic exercise. Therefore, the observed negative correlation between the increased num-
ber of passenger cars and decreased PM2.5 concentration may be easily misinterpreted.
The number of registered cars does not necessarily involve the highest number of cars in
the city. As we observe a general increase in available public transportation, personal cars
may be used for weekend trips, not for everyday commuting. Secondly, it was proved
that the most important factor was coal-based heating according to isotropic [10] and
geostatistical [37] studies.

Based on this data, the relatively small impact of transportation on the overall PM2.5
trend in Krakow is evident. The trend in PM2.5 concentrations is dominated by the com-
bustion of solid fuels, mainly coal for heating homes and water, and is strongly influenced
by annual seasons, as confirmed by various analyses [38] including big data analyses [39].
It should be emphasized that these studies focus solely on the analysis of suspended partic-
ulate matter in the air and do not consider other health-detrimental volatile compounds,
the occurrence of which may be dominated by transportation.

As demonstrated above, the impact of transportation is significantly smaller compared
to household heating on PMx concentrations. Therefore, it is justified, especially during the
autumn-winter—spring period, to utilize data analysis and machine learning techniques for
predicting and optimally managing the city in the event of negative episodes concerning
public health. These actions must encompass not only issues related to promoting public
transportation, which, as reiterated, does not have a dominant influence on this type of
pollution but also actions considering limitations on pollution influx from neighboring
municipalities, which is a dominant factor [11].

In general, linear models, such as DLinear, NLinear and Ridge Regression, perform
better for predicting PM2.5 pollution levels, especially in the face of rapid concentration
peaks. Thanks to the L2 regularization mechanism, which limits the size of the coefficients,
these models are more resistant to extreme values, which is crucial when pollution data
may exhibit sudden changes due to unusual pollution influx—especially in the winter
season. Tree-based models, gradient-boosted, and deep neural networks may struggle
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with such data because their nonlinear nature leads them to overfit local details in the
training data, including atypical pollution patterns. This overfitting can result in modeling
overly complex patterns that may not be effective in predicting future changes in PM2.5
concentrations, especially under dynamically changing external conditions. Consequently,
linear models can offer greater stability and predictability in the analysis of time series
data concerning PM2.5 pollution, which is important for environmental planning and
industrial regulations.

5. Conclusions

Our investigation into the impacts of population growth and other factors on PMx
concentrations reveals significant insights. Over the past decade, the area we studied
experienced a 3% increase in population. However, our data indicate that this growth did
not negatively affect air quality, as PMx concentrations actually decreased by 40%. This
suggests that the area has successfully managed air quality despite increased urban density
since 2014.

Moreover, our findings highlight that the predominant factor for enhancing air quality,
specifically concerning PMXx, has been the transition from coal-based energy sources to
more environmentally sustainable options such as natural gas or renewable energy sources.
Interestingly, while transportation was initially considered a potential major factor, it does
not constitute the primary influence on fluctuations in PMx pollution levels within the city.

Additionally, our study indicates that the energy transition for PMx mitigation appears
to occur at two speeds: there has been a fast change in heating energy sources, which has
been a main factor, while the transition in transportation has been slower. Furthermore,
the potential of big data and automated prediction tools has been shown to be crucial for
better crisis response planning within smart cities.

Regarding the performance of linear models (specifically DLinear with an MAE of 2.95,
NLinear with an MAE of 3.36, and Ridge Regression with an MAE of 2.67) in predicting
PM2.5 levels often outperform nonlinear models such as TCN with an MAE of 13.27
and classic ARIMA with an MAE of 6.69. This performance is especially notable when rapid
changes occur within the data. This is due to their stability and resistance to overfitting,
which is attributed to mechanisms like L2 regularization that constrain coefficient sizes,
making them less sensitive to extreme values in pollution data.
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ARIMA  AutoRegressive Integrated Moving Average
EDA Exploratory Data Analysis

GRU Gated Recurrent Unit

LSTM Long Short-Term Memory

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error
MARRE  Relative Risk Error

ML Machine Learning

NBEATS Neural Basis Expansion Analysis Time Series
PLN Polish Zloty

PONE Low-Emission Reduction Program in Krakow
R2 R-squared (Coefficient of Determination)

RMSE Root Mean Square Error
SHAP SHapley Additive exPlanations

TFT Temporal Fusion Transformer
XAI Explainable Al
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