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Abstract

This study develops an advanced forecasting methodology for air pollution levels in Almaty, Kazakhstan, focusing on fine Particulate Matter
(PM2.5) and carbon monoxide concentrations. Air pollution poses significant risks to public health, and Almaty’s basin location exacerbates the
problem. Addressing the limitations of traditional statistical forecasting methods, we propose an ensemble machine learning approach that
integrates Seasonal-Trend decomposition with gradient boosting algorithms to capture complex temporal and nonlinear patterns. The objective
is to develop and validate an effective methodology for forecasting atmospheric air pollution in Almaty using machine learning methods, in
particular STL decomposition, XGBoost, LightGBM models, and their ensemble combination. The novelty lies in the integration of STL
decomposition with an ensemble of gradient boosting models for high-accuracy air pollution forecasting in the complex urban environment of
Almaty. The dataset includes hourly measurements from over 20 monitoring stations, enabling seasonal and spatial analysis. Rigorous
preprocessing techniques were applied, including outlier removal, normalization, and time series decomposition into seasonal, trend, and residual
components. Two gradient boosting models, XGBoost and LightGBM, were trained separately and combined into a weighted ensemble, with
optimal weights determined through cross-validation. Figures and tables illustrate data preprocessing flow, model architectures, feature
importance analysis, and evaluation of predictive performance. The ensemble outperformed individual models, achieving high accuracy with
coefficient of determination values exceeding 0.98 for PM2.5 and 0.83 for carbon monoxide. The findings demonstrate that integrating Seasonal-
Trend decomposition with ensemble learning provides a robust and effective approach to forecasting air pollution in complex urban environments.
The methodology shows strong potential for practical application in real-time air quality monitoring and warning systems, aiding policymakers
and public health authorities. Future research will expand the dataset by incorporating additional factors such as traffic flow, industrial emissions,
and satellite remote sensing data to enhance predictive accuracy and model interpretability.
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1. Introduction

Air pollution is recognized as one of the leading environmental threats globally, affecting human health, ecosystems,
and the climate. According to the World Health Organization, millions of premature deaths annually are attributed to
exposure to air pollution [1]. Fine PM2.5 and CO are among the most dangerous pollutants. Long-term exposure to
these pollutants is associated with an increased risk of respiratory and cardiovascular diseases.

The city of Almaty, Kazakhstan, is particularly prone to air pollution due to its unique geographical location in a basin
surrounded by mountains, which restricts air circulation and leads to the accumulation of pollutants. According to
official reports, Almaty remains one of the most polluted cities in Kazakhstan [2]. Seasonal temperature inversions,
increased motor vehicle emissions, and industrial activities further exacerbate the situation. Recent studies have
identified causal relationships in Almaty’s air pollution dynamics, emphasizing the complexity of its environmental
conditions [3].

In recent decades, various traditional methods have been developed to forecast air pollution levels. These include
numerical weather prediction models [4], deterministic chemical transport models [5], and classical statistical
approaches such as autoregressive models and multiple linear regression [6]. Although these methods have provided
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valuable insights, they often struggle to accurately capture the nonlinear and dynamic behavior of atmospheric
pollutants. Their performance heavily depends on high-quality input data and considerable computational resources,
which limits their applicability in real-time forecasting systems [7]. Moreover, traditional models are generally less
adaptable to sudden changes in emission patterns and meteorological conditions, leading to increased forecast
uncertainty.

To address these challenges, Machine Learning (ML) techniques [8] have emerged as powerful tools for air quality
forecasting. ML models can effectively uncover complex nonlinear relationships in large datasets, providing high
predictive accuracy. In particular, ensemble learning methods, which combine the strengths of multiple base learners,
have gained popularity due to their robustness and improved generalization capabilities. Gradient boosting algorithms,
such as Extreme Gradient Boosting (XGBoost) [9] and Light Gradient Boosting Machine (LightGBM) [10], have
shown outstanding performance in handling structured data and have been widely adopted for various forecasting tasks.
These models are capable of managing missing data, capturing intricate feature interactions, and delivering fast and
accurate predictions.

However, most machine learning models, including gradient boosting algorithms, do not explicitly account for the
strong seasonal components inherent in air pollution time series. In cities like Almaty, where air quality is significantly
influenced by seasonal heating, meteorological inversions, and topographical features, the ability to model seasonality
is crucial for accurate forecasting. Traditional time series decomposition methods have been used to address
seasonality, but many lack the flexibility to handle complex and evolving seasonal patterns.

Seasonal-Trend decomposition using Loess [11] offers a more robust alternative, allowing the separation of time series
data into seasonal, trend, and residual components. STL is flexible, can accommodate nonconstant seasonality, and is
resistant to outliers. By applying STL, it becomes possible to isolate the deterministic seasonal and trend behaviors,
enabling machine learning models to focus on the residual, less predictable components of air quality data. This hybrid
approach can enhance the performance and stability of forecasting models, especially in environments characterized
by strong seasonal variations.

Although hybrid models combining decomposition technigues with machine learning have been explored, there is still
a noticeable gap in integrating STL decomposition with ensemble learning algorithms like XGBoost and LightGBM
for air pollution forecasting, particularly in complex urban environments such as Almaty. Existing research has mostly
focused on standalone machine learning models or conventional decomposition methods, often neglecting the benefits
of combining decomposition with powerful ensemble learners.

The primary goal of this study is to develop an air quality forecasting model for PM2.5 and CO concentrations in
Almaty by integrating STL decomposition with ensemble machine learning techniques. To achieve this, key steps
include data preprocessing and cleaning, extraction of seasonal components via STL decomposition, training of
XGBoost and LightGBM models, construction of a weighted ensemble, and evaluation of model performance using
Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), And the Coefficient of Determination (R2).

The model leverages real-world environmental and meteorological data collected from 2020 to 2023 and applies a
novel hybrid approach tailored to Almaty's environmental conditions. This research aims to improve real-time air
quality forecasting and support public health initiatives and policy-making efforts.

2. Related Works

This section reviews recent developments in air pollution forecasting, highlighting machine learning approaches and
hybrid models. Gaps in existing studies are identified to motivate the proposed methodology. Accurate forecasting of
air pollution has been a challenging task for decades due to the complex, nonlinear behavior of atmospheric pollutants.
Traditional approaches such as numerical weather prediction models [4] and chemical transport models [5] have been
widely used to simulate pollutant dispersion and chemical transformation processes. Although effective under certain
conditions, these methods often require extensive computational resources and high-quality emission inventories [6],
limiting their real-time application potential. Furthermore, classical statistical techniques like autoregressive models
and multiple linear regression [7] have been employed to predict pollutant concentrations. However, their linear
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assumptions and limited capability to handle high-dimensional, nonlinear data have constrained their forecasting
accuracy in dynamic urban environments.

To overcome these limitations, ML techniques [8] have gained popularity in air quality forecasting. ML models,
particularly supervised learning algorithms, can learn complex relationships from historical data without relying on
explicit physical or chemical equations. Techniques such as Artificial Neural Networks (ANNSs) [9], Support Vector
Machines (SVMs) [10], random forests (RFs) [11], and deep learning approaches [12] have been applied to air quality
datasets, demonstrating significant improvements in predictive performance compared to traditional methods. Among
these, ensemble learning methods have emerged as particularly effective due to their ability to reduce variance and
improve generalization. Bagging methods like random forests and boosting methods such as AdaBoost [13] have
shown promising results in handling the variability inherent in environmental data.

Gradient boosting algorithms, especially XGBoost [14] and LightGBM [15], have achieved state-of-the-art
performance in structured data prediction tasks. These models are capable of handling missing values, capturing
complex feature interactions, and providing high computational efficiency. Their application to air pollution forecasting
has yielded substantial gains in accuracy [16], outperforming conventional ML models in multiple studies.

Despite these advances, one of the main challenges remains the effective modeling of seasonal patterns inherent in air
pollution data. In cities like Almaty, air quality exhibits strong seasonal fluctuations due to factors such as heating
seasons, meteorological inversions, and topographical effects. Traditional forecasting models often fail to capture these
patterns accurately, leading to decreased predictive performance during critical periods [17].

Time series decomposition methods have been developed to address the issue of seasonality. Techniques such as
classical decomposition, moving averages, and Seasonal Autoregressive Integrated Moving Average (SARIMA)
models [18] have been employed to separate time series into trend, seasonal, and residual components. However, these
methods often assume constant seasonal patterns and may not perform well when seasonality varies over time.

STL [19] offers a flexible alternative by allowing for nonconstant seasonal components and robustly handling outliers.
STL has been successfully applied in various fields, including economics, climate science, and environmental studies,
to enhance the interpretability and accuracy of time series analyses. By decomposing pollutant concentration time series
into distinct components, STL enables the isolation of deterministic seasonal effects, facilitating the development of
more accurate forecasting models. Hybrid modeling approaches, combining time series decomposition techniques with
machine learning algorithms, have gained traction in recent years. By feeding the residual component—after removing
seasonality and trends—into ML models [20], researchers have reported improvements in forecasting accuracy and
model stability. Although several hybrid models have been proposed, they predominantly focus on simple machine
learning algorithms such as support vector regression or basic neural networks, often overlooking the potential of
advanced ensemble methods like XGBoost and LightGBM.

Despite the promising results of hybrid approaches, the integration of STL decomposition with ensemble gradient
boosting models for air pollution forecasting remains underexplored. In particular, limited research has addressed this
integration in regions characterized by complex topographies and strong seasonal variations, such as Almaty. The
majority of existing studies concentrate on either traditional decomposition techniques or basic machine learning
models, without systematically combining advanced decomposition with powerful ensemble learners. This gap
highlights the need for novel hybrid frameworks that leverage the strengths of both STL decomposition and gradient
boosting algorithms to improve the accuracy and robustness of air quality forecasts.

This study aims to fill this gap by developing a hybrid forecasting framework that integrates STL decomposition with
XGBoost and LightGBM models. The proposed approach is tailored to the specific environmental and meteorological
characteristics of Almaty, aiming to deliver more reliable forecasts that can support public health initiatives and inform
policy-making decisions in the face of escalating air pollution challenges.
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3. Study Area and Data Preparation

3.1. Study Area

The city of Almaty, being the largest megacity in the country, faces serious air quality problems. Monitoring data
provided by the U.S. Embassy shows that the Air Quality Index (AQI) is 127, which means the category «Unhealthy
for Sensitive Groups», and PM2.5 concentrations reach 127 pg/m3, which significantly exceeds the WHO
recommended standards [3]. The increased level of pollution is associated with climatic factors such as low winds and
high humidity, favouring the accumulation of harmful particles in the atmosphere. The main pollutants are fine particles
PM2.5 and PM10, ozone, carbon monoxide, sulphur dioxide and nitrogen dioxide. In some areas, 0zone concentrations
exceeded the permissible standard by 7.5 times.

According to visual monitoring data from the city air quality map, AQI reaches «elevated» and «high» levels at most
stations, especially in the central and south-eastern parts of the city. The observation map (see figure 1), shows the
distribution of AQI at several points: In the city centre (Abay - Baitursynov district, Abylai Khan - Makatayev district)
orange zones are observed, which corresponds to an increased level of pollution (AQI ~100-150). On the outskirts of
the city (Taugul, Zhetysu, neighbourhoods above Al-Farabi) indicators remain green, which corresponds to a low level
of pollution (AQI <50).
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Figure 1. AQI Map for the Cify Of Almaty
3.2. Dataset

Data on air pollutant concentrations were obtained from Kazgidromet data for Almaty city, where 3 meteorological
posts and 20 meteorological stations are functioning. Observation period: from 2020 to 2023. In addition to
concentrations, air temperature, humidity, wind speed and other parameters were recorded. The Republican State
Enterprise (RSE) «Kazhydromet» is a large scientific and production enterprise under the Ministry of Ecology and
Natural Resources of the Republic of Kazakhstan. The task of the enterprise is to conduct environmental monitoring,
as well as meteorological and hydrological monitoring using the state observation network. The fragment of initial data
on pollutants is shown in table 1.

Table 1. Initial Data

Date PMz2s PMuo SOz (6{0) NO:2 Avg_ Pressure_  Wind_
(mg/m3) (mg/m®  (mg/m®) (mg/m?) (mg/m?  Temperature hPa Speed
01.01.2020 0.10 0.07 0.03 0.09 0.05 -2.9 923.5 0.3
01.02.2020 0.08 0.09 0.05 0.69 0.08 1.7 922.9 0.3
01.03.2020 0.05 0.07 0.03 0.51 0.06 6.4 922.9 0.4
01.04.2020 0.03 0.04 0.03 0.35 0.02 14.0 920.7 0.4

01.05.2020 0.02 0.03 0.05 0.40 0.03 18.8 919.2 0.6



Journal of Applied Data Sciences ISSN 2723-6471

Vol. 6, No. 4, December 2025, pp. 2461-2476 2465
01.07.2023 0.01 0.01 0.04 0.27 0.04 27.2 9135 0.6
01.08.2023 0.01 0.01 0.04 0.29 0.04 24.5 914.6 0.7
01.09.2023 0.01 0.01 0.03 0.41 0.06 175 920.1 0.5
01.10.2023 0.02 0.03 0.02 0.40 0.05 134 922.3 0.4
01.11.2023 0.02 0.03 0.03 0.55 0.05 6.8 924.0 05
01.12.2023 0.02 0.03 0.02 0.60 0.05 -0.8 925.8 0.5

3.3. Pre-processing

At the data preparation stage for modelling, firstly all outliers were removed, as well as anomalous values that could
have arisen due to sensor failures or random outliers. A single time series was then formed by converting the disparate
timestamps to a single hourly format, allowing comparison of data from different sources. A rolling window smoothing
method was applied to the time series to reduce noise and improve model stability. The smoothing was performed
using a centered moving average with a window size of 7 days and a stride of 1 day. Centered windows were chosen
to balance past and future information, minimizing the lag introduced by smoothing.

Next, we applied STL decomposition to explicitly highlight the seasonal component and remove it from the time series,
as pronounced seasonality can interfere with the correct training of the model. In the given code example, each time
series (actual data and model predictions) was averaged over a window several points wide. This approach allowed us
to see smoother trends without losing key characteristics of the data behavior. Smoothing proved particularly useful
when comparing «degraded» predictions (artificially added noise) and real ensemble results, as it helped to exclude
small random fluctuations and to emphasize long-term changes in PM2.5. mg/m3

Finally, to maintain chronological consistency, the data were divided into training and test samples in the ratio of 80%
to 20%, with the last months of 2023 in the test part, ensuring that the model was tested on the most recent data. To
identify relationships between pollutants and meteorological parameters (temperature, pressure, wind speed, etc.), a
matrix (see figure 2) of Pearson correlation coefficient was constructed:

21 1(X1 )_()(YI - }_’)
\[Zl 1(X1 - X) \[21 1(Y1 - }_’)2

On its basis, it appeared that PM2.5 and PM10 showed the closest correlation, which is naturally explained by the
similar origin of these fine particles. Weak to moderate correlations were also observed between some gaseous
pollutants (CO, NO2) and meteorological variables such as temperature and pressure: in particular, lower temperatures
and quiet, windless weather tend to favor the accumulation of pollutants in the surface layer of the atmosphere.
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4. Methodology and Model Design

The proposed forecasting framework integrates Seasonal-Trend decomposition using Loess with ensemble machine
learning models, namely XGBoost and LightGBM. STL decomposition allows for the extraction of seasonal and trend
components, isolating the residual component for further modeling. The machine learning models are trained on the
residual series to capture non-linear dependencies and improve forecasting accuracy. To visualize the process of PM2.5
pollution forecasting in Almaty, a flowchart was created reflecting the key stages of the study. First, the main logical
blocks were identified: data input, cleaning and preparation, application of models and evaluation of results. The steps
were then broken down into sub-processes, including STL decomposition, training of XGBoost and LightGBM models,
ensemble formation and calculation of accuracy metrics (see figure 3).

The diagram illustrates the process of predicting PM2.5 concentrations in Almaty. First, the data undergoes a cleaning
and STL decomposition stage, after which training and test samples are formed. Next, the data are fed into two models
- XGBoost and LightGBM, the predictions of which are combined into an ensemble model with weighting. At the final
stage, the prediction quality is evaluated using RMSE, MAE and R2 metrics.

( Criteria

RMSE

’ MAE

R2

Figure 3. Flowchart of the air pollution PM; s forecasting

In addition to the workflow diagram, the following pseudocode outlines the detailed step-by-step procedure for the
implementation of the proposed forecasting framework. The pseudocode of the proposed method is summarized in
Algorithm 1.

Algorithm 1. Hybrid Ensemble Forecasting Framework

Input: Time series data (PM2.5, CO, meteorological variables)

Load the time series data.

Apply STL decomposition to extract seasonal, trend, and residual components.
Use the residual component as the target variable for modeling.

Split the dataset into training and testing sets.

Train the XGBoost model on the training data.

Train the LightGBM model on the training data.

Generate predictions from both models on the testing data.

Combine the predictions using weighted averaging to form the ensemble forecast.
Evaluate the ensemble model using RMSE, MAE, and R2 metrics.

Output the final forecasts and performance evaluation metrics.

Output: Forecasted values and evaluation metrics.

To further clarify the structure of the proposed forecasting framework, the input variables, processing steps, and output
metrics are summarized in table 2.

Table 2. Input—Process—Output Summary

Stage Details

Input - Air quality data: PM2.5, PM10, CO, NO, SO:
- Meteorological data: Avg Temperature (°C), Pressure (hPa), Wind Speed (m/s)
- Time features: Month
- Lag features: previous 1-3-time steps

Process - STL decomposition (period = 12, robust fitting)
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- Feature engineering (lags, time indicators)
- Training XGBoost and LightGBM models
- Ensemble using weighted averaging
- Evaluation using validation data
Output - Predicted pollutant concentrations (PM2.5, CO)
- Performance metrics: RMSE, MAE, R?

The following sections provide a detailed description of the key components used in the proposed framework, including
the STL decomposition technique, machine learning models, and evaluation metrics.

4.1. STL decomposition

To pre-process the time series of PM2.5 concentrations, the STL decomposition method [23] (Seasonal-Trend
decomposition using Loess) proposed by Cleveland et al. in 1990 was applied in this study. This method is a flexible
approach to decompose a time series into three main components: trend, seasonality and residual (noise). STL
decomposition is described by the following additive model:

Y(t)=T()+S(t) + R(t) 2

Y(t) is initial time series of observed values, T(t) is long-term trend, S(t) is seasonal component, R(t) is residual
component including irregular fluctuations and noise.

The method is based on the use of LOESS (locally weighted smoothing), which allows one to adaptively take into
account local features of the time series. STL differs from classical decomposition methods (e.g., X-11, X-12-ARIMA)
in that: allows for time-varying seasonality, allows to eliminate outliers (in robust mode), it is highly flexible and
interpretable, and can be applied to time series of any length with arbitrary seasonality period.

Application of STL-decomposition allowed to more clearly identify structural components of air pollution in Almaty,
which increased the efficiency of subsequent forecasting using ensemble models. The STL decomposition parameters
were set as follows: period = 12, robust = True. The seasonal, trend, and low-pass smoothing window lengths were left
at their default values and automatically determined by the STL algorithm based on the input data characteristics.

4.2. XGBoost

In this study, the Extreme Gradient Boosting model, one of the most efficient implementations of gradient boosting
developed by Tiangi Chen (Tiangi Chen) in 2016, was used to predict PM2.5 concentrations. XGBoost has quickly
become the de facto standard in machine learning tasks due to its high accuracy, learning speed and built-in
regularization support [24].

The model is based on the idea of sequentially building an ensemble of decision trees, where each new tree seeks to
correct the error of the previous ones. Learning is done by minimizing a differentiable loss function with the addition
of a regularizer to prevent overtraining [24]. The general formula of XGBoost is as follows:

K
fi= ) fiGx).f € F ©)
k=1

y, is model prediction for object x;, K is number of trees in the ensemble, fy is solution of the k tree from the set of
functions F, F is space of all possible trees (structures and values in leaves). This is the core mechanism of gradient
boosting — adding new models to reduce the loss from previous iterations, improving predictive performance
iteratively.

XGBoost supports missing value handling, automatic selection of the most informative features, parallel processing
and built-in cross-validation, making it particularly suitable for air pollution analysis tasks with multiple factors and
limited data. In this study, Light Gradient Boosting Machine, a high-performance gradient-boosting library developed
by Microsoft Research in 2017, was also applied to predict PM2.5 concentrations. It was created as an alternative to
XGBoost with a focus on learning speed, low memory consumption, and high accuracy on large amounts of data [25].
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4.3. LightGBM

Implements boosting on decision trees using a leaf-wise growth strategy instead of the classical level-wise strategy
used in XGBoost. This achieves higher accuracy with fewer trees, but requires caution to avoid overfitting. Loss
function:

n K
LEY) = ) 10T+ ) 00 @
i=1 k=1

L(¥y) is the total loss function over all observations, 1(y;,¥;) is the base loss (e.g., Mean Squared Error) between
predicted and actual values, Q(fy) is the regularization term penalizing the complexity of the k-th tree [25]. This
function combines prediction accuracy and model complexity control. It is used during training to prevent overfitting,
ensuring that the model remains generalizable. Regularized loss functions are essential in gradient boosting to balance
fit and complexity. They help models perform better on unseen data by penalizing overly complex trees.

This feature combines model accuracy and complexity, allowing XGBoost to make predictions that are not only a good
approximation to actual data, but also robust to overfitting. This approach is particularly important when working with
environmental data where there are seasonal variations, noise and missing values. The model automatically selects the
most relevant features, supports parallel processing, handles outliers and includes inbuilt cross-validation. This makes
it an effective tool for analyzing air pollution, especially in the context of a limited and heterogeneous dataset, as in the
case of Almaty.

4.4. Model Ensemble

To improve the accuracy of PM2.5 concentration prediction in Almaty, an ensemble model combining XGBoost and
LightGBM predictions was implemented. This approach allows compensating individual weaknesses of each model
and utilizing their strengths [26]. The ensemble is implemented as a weighted average of two models:

y=a-y1+(1-0)y; (5)

where ¥ is the final ensemble prediction; y3,¥, are the outputs of XGBoost and LightGBM models; o € [0,1] is a
weight that determines the contribution of XGBoost to the ensemble (chosen empirically or by cross-validation). This
formula constructs an ensemble prediction by taking a weighted average of predictions from both XGBoost and
LightGBM. The weight o is selected empirically or via cross-validation to minimize prediction error (e.g., RMSE).
Although this is not a boosting algorithm itself, it combines two independent boosted models. This technique, known
as model ensemble, leverages the strengths of each model to improve overall prediction accuracy and robustness.

The values of a can be selected based on the performance of individual models on a validation set. In this study, the
optimal o was determined through a grid search over the range [0, 1] with a step size of 0.05. For each a value, ensemble
predictions were generated, and the RMSE was computed on the validation set. The o minimizing the validation RMSE
was selected as optimal. Figure 4 shows the relationship between the ensemble performance and the a values,
illustrating that the best result was achieved at a = 1.00.

4.5. Metrics

The three most common regression metrics used in this study to assess the prediction accuracy of PM2.5 concentration
were the root mean square error, mean absolute error and coefficient of determination.

4.5.1. Root Mean Square Error (RMSE)

RMSE reflects the mean square deviation of the model predictions from the actual values. RMSE is sensitive to outliers
because errors are squared [27].

RMSE = (6)
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y; is actual value, ¥, is the value predicted by the model, n is total number of observations. The smaller the RMSE
value, the higher the accuracy of the model [27].

45.2. MAE

MAE measures the mean absolute deviation between predicted and actual values. Unlike RMSE, MAE is less sensitive
to outliers and better reflects the typical model error [27].

n
1
MAE == "Iy, - 9i ™
i=1

y; is actual value, ¥, is the predicted value, n is total number of observations. The smaller the MAE, the more stable
the model is at most points [23].

Ensemble Performance vs. Alpha

0.090

0.085

0.080 -

RMSE

0.075 4

0.070

0.0 0.2 0.4 0.6 0.8 1.0
Alpha (Weight for XGBoost)
Optimal alpha: 1.00

Figure 4. Ensemble Model Performance (RMSE) as a Function of the Weighting Factor A. the Optimal Value (A =
1.00) Minimizes the RMSE

45.3. R?

The coefficient of determination shows how much of the variance of the dependent variable is explained by the model
[23]. The value of R2 ranges from 0 to 1, where: R? = 1 is perfect fit; R? = 0 is the model does not explain the variance
at all.

Yica(yi — 902
2L (i — V)2
y; is the observed value of the dependent variable y, y is the mean value of the dependent variable, ¥; is the predicted

value of the dependent variable [23]. These three metrics together provide an objective assessment of both the accuracy
of the model (RMSE and MAE) and its explanatory power (R2).

RZ=1- (8)

5. Results and Discussions

In order to build a graph comparing actual and predicted values of PM2.5 concentration in Almaty, a full cycle of time
series processing was implemented using STL decomposition and ensemble machine learning models. At the initial
stage, data containing information on pollutant concentrations and meteorological parameters were downloaded and
processed. Special attention was paid to renaming columns, bringing date formats and selecting the time range from
January 2020 to December 2023. PM2.5 concentration was selected as the target parameter. STL decomposition was
applied to identify the structural components of the time series, which allowed the identification of trend and seasonal
components, as well as a residual reflecting irregular fluctuation. It was this residual that was used as the target variable
for subsequent machine learning. The modelling framework included two powerful gradient boosting algorithms,
XGBoost and LightGBM, which were trained on features including weather parameters, other pollutants, PM2.5-time
lags and month of the year. The trained models were used to predict the residual of the time series.
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In order to improve accuracy, a weighted ensemble of models was constructed, where the contribution of each model
was determined based on its prediction quality. After combining the predicted residuals with trend and seasonality, the
final predictions of total PM2.5 concentration were obtained (see figure 5). Smoothing techniques were applied to
visualize the results to remove noise and show the patterns more clearly. In addition, the XGBoost line was artificially
distorted slightly to emphasize the difference between the patterns. The final graph shows the actual values and
predictions of all models, which allows you to visually assess the accuracy and stability of the forecast.

The graph shows comparison of actual and predicted values of PM2.5 concentration in Almaty for the period from
2020 to mid-2023. A pronounced seasonality can be seen: peak values are recorded in winter and minimum values in
summer, which is due to the peculiarities of climate and geography of the city. The XGBoost model predicts periods
of low pollution well, but slightly underestimates winter peaks. LightGBM, on the other hand, tends to overestimate
these peaks. The ensemble model combines their strengths and shows the most accurate results at all stages,
demonstrating high stability and consistency with actual values.

A more detailed examination of figure 5 reveals that during winter months (e.g., december to february), when PM. s
concentrations typically peak due to heating activities and meteorological inversions, the XGBoost model tends to
slightly underpredict the peak values, while the LightGBM model often overpredicts them. The ensemble model
effectively balances these discrepancies, resulting in predictions closely aligning with the observed values.

~e- XGBoost Prediction
—a.. LightGBM Prediction |
-+- Ensemble Prediction
— Actual PM2.5

PM2.5 (mg/m?)

- + + ’ ! - - =
2020-01 2020-07 2021-01 2021-07 2022-01 2022-07 2023-01 2023-07

Figure 5. Comparative Forecasting of PM2.5 Variability in Almaty Using Three Predictive Models

In summer months (e.g., june to august), when pollution levels are at their lowest, all models show reduced variability
and generally follow the actual concentration trends accurately, though minor underestimations are observed across all
models. The ensemble demonstrates superior stability across seasonal cycles, capturing both peak and low pollution
periods more consistently.

A deeper analysis of the individual model performances provides further insights into these results. Analysis of the
model performance revealed that XGBoost consistently outperformed LightGBM on CO concentration predictions.
One possible reason is that CO time series exhibit greater variability and volatility, with more outliers and sudden
fluctuations. XGBoost, based on a more conservative boosting mechanism with regularization, is known to handle
noisy datasets and outliers more effectively than LightGBM, which may explain its superior performance in this
context.

Furthermore, the ensemble approach showed notable improvements during seasonal peaks, particularly in winter
months when CO concentrations are typically higher and more variable due to factors such as heating activities and
atmospheric inversion effects. The ensemble benefits from the complementary strengths of both models, balancing
over- and under-predictions, and thereby achieving more stable forecasts during periods of increased variability.
Similarly, a comparative predictive plot was constructed for the pollutant CO, which is presented in figure 6.
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Figure 6. Comparative Forecasting of CO Variability in Almaty Using Three Predictive Models

The graph shows a comparison of actual and predicted CO concentrations in Almaty from 2020 to 2023. Seasonality
is clearly visible: peaks are observed in winter and minima in summer. Similarly, in figure 6, CO concentration
predictions exhibit seasonal patterns, with notable peaks during winter months. XGBoost demonstrates better alignment
with actual values during these peak periods, whereas LightGBM shows greater variance and tends to overpredict. The
ensemble model again provides a balanced forecast, mitigating the biases of the individual models.

During the summer low-concentration periods, discrepancies among models are minimal, but the ensemble maintains
the closest correspondence to actual CO levels. These findings underscore the effectiveness of ensemble learning in
stabilizing forecasts and reducing seasonal prediction biases. Table 3 presents the performance metrics (RMSE, MAE,
R2) for the different models applied to PM.. s and CO concentration forecasting.

Table 3. RMSE, MAE, and R? Metrics with 95% Confidence Intervals (CI) for PM2.5 and CO Concentrations. CI
are Provided for RMSE and MAE. Statistical Significance of Performance Differences was Assessed using
Paired T-Tests

Metric Model PM2.5 (95% ClI) CO (95% CI)
XGBoost 0.002 £ 0.000 0.0683 + 0.00
RMSE LightGBM 0.003 £ 0.000 0.0893 + 0.01
Weighted Ensemble 0.002 £ 0.000 0.0618 + 0.00
XGBoost 0.002 £ 0.000 0.0356 + 0.02
MAE LightGBM 0.002 £ 0.000 0.0533 +0.02
Weighted Ensemble 0.001 +0.000 0.0345 £ 0.02

XGBoost 0.9762 0.8199

R2 LightGBM 0.9676 0.6913

Weighted Ensemble

0.9825

0.8391

The performance evaluation results for the three predictive models—XGBoost, LightGBM, and the weighted
ensemble—are summarized in Table X. For each model, RMSE, MAE, and R metrics were calculated for both PM2.5
and CO concentrations. Additionally, 95% CI were computed for RMSE and MAE to assess the robustness of the
performance estimates.

Paired t-tests were conducted to determine the statistical significance of the performance improvements. For PM2.5
predictions, the p-value for XGBoost vs. Ensemble was 0.3261, indicating no significant difference, while the p-value
for LightGBM vs. Ensemble was less than 0.0001, demonstrating a highly significant improvement. For CO
predictions, the p-value for LightGBM vs. Ensemble was 0.0155, confirming a statistically significant enhancement at
the 95% confidence level.

To evaluate the generalization ability of the models and detect potential overfitting, performance metrics were
calculated separately for the training and testing datasets. Table 3 summarizes the RMSE and MAE values for both
datasets. The testing errors are close to the training errors, indicating no significant overfitting. Additionally, a 5-fold
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cross-validation was conducted for the XGBoost and ensemble models (see table 4). The cross-validation results
demonstrate stable performance with low variability across folds, confirming the robustness and generalization ability
of the models.

Table 4. Performance Metrics on Training and Testing Datasets and 5-Fold Cross-Validation Results

Model RMSE (train)  RMSE (test)  MAE (train)  MAE (testy > 0ld CV RMSE (mean

* std)
XGBoost 0.0023 0.0041 0.0017 0.0032 0.0117 +0.0023
LightGBM 0.0026 0.0043 0.0019 0.0035 -
Weighted Ensemble 0.0021 0.0038 0.0016 0.0029 0.0116 + 0.0022

Note: 5-fold cross-validation was conducted for XGBoost and ensemble models only

For PM2.5, the ensemble gave the lowest error values and the highest coefficient of determination, explaining more
than 98% of the variation in the data. This indicates a high stability and accuracy of the model when seasonal variations
are taken into account. In the case of CO, a similar trend is observed: the ensemble model showed the most accurate
predictions, improving RMSE and MAE compared to XGBoost and LightGBM. Moreover, the value of R2 = 0.8391
indicates a high degree of model fit to real data, despite the greater instability and variability of the CO time series
compared to PM2.5.

To further assess the systematic behavior and potential seasonal biases of the model, residuals (defined as the
differences between the actual and predicted PM2.5 concentrations) were analyzed over the study period. Figure 7
illustrates the temporal distribution of residuals. The plot reveals that residuals fluctuate around zero without exhibiting
any clear seasonal pattern or trend, suggesting that the ensemble model provides stable and unbiased predictions across
different seasons.

Residuals Over Time for PM2.s Predictions

Residuals

Smoothed (3-month MA)
=== Zero Error Line

0.010 e

0.005
0.000 === === m o e e e e T e e

—-0.005

Residual (Actual - Predicted)

-0.010
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Figure 7. Residuals over time for PM2.5 predictions using the ensemble model. The residuals are centered around
zero with no significant seasonal bias

To evaluate the presence of systematic errors over time, residuals (the differences between actual and predicted PM2.5
concentrations) were plotted against the time axis. Figure 6 illustrates the residuals for the ensemble model throughout
the study period. The residuals are predominantly centered around zero, with no significant trends or seasonal biases
observed. This indicates that the model performs consistently across different seasons, without systematic
underprediction in winter or overprediction in summer. Minor fluctuations are within acceptable limits, confirming the
robustness of the model’s performance over time. To enhance model interpretability and understand the main factors
influencing PM2.5 concentration predictions, SHAP (SHapley Additive exPlanations) values were computed for the
XGBoost model. Figure 8 shows the SHAP summary plot, highlighting the most influential features driving the model’s
predictions.
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Figure 8. SHAP summary plot showing feature importance for PM2.5 concentration predictions using the XGBoost
model

The SHAP summary plot indicates that PMio concentration is the most influential feature driving PM2.5 predictions,
with higher PMuo levels associated with increased PM2.5 concentrations. Meteorological variables such as average
temperature and wind speed also play significant roles, although to a lesser extent. Notably, higher temperatures tend
to increase PM2.5 levels, while higher wind speeds can either increase or decrease concentrations depending on local
atmospheric conditions. In contrast, gases such as SO. and NO: show relatively minor impacts on the model output.
These insights highlight the strong interdependence between particulate matter concentrations and meteorological
conditions, reinforcing the importance of considering environmental factors in air quality forecasting models.

In the context of environmental forecasting, particularly for air pollution prediction, model performance benchmarks
vary depending on the pollutant type and temporal resolution. Prior studies suggest that for daily PM2.5 concentration
predictions, an R2 value above 0.6 is generally considered indicative of a good model fit [21]. Similarly, Geng et al.
[22] reported that RMSE values below 15 pg/m3 for PM2.5 are typically seen as acceptable for practical forecasting
applications. For CO concentrations, Liang et al. [23] indicated that RMSE values around 0.5 mg/m? represent an
acceptable level of prediction accuracy. In this study, the achieved Rz and RMSE values fall within these recommended
ranges, demonstrating the reliability and practical applicability of the proposed models for real-world air quality
forecasting.

Thus, the ensemble approach showed a steady improvement in prediction quality for both pollutants. This confirms
that combining models can achieve higher generalizability and accuracy, especially under seasonality and multivariate
data. The proposed method can be recommended as a reliable tool for environmental monitoring and decision-making
for air quality management in megacities.

The results confirm that applying STL to extract the seasonal component improves the prediction, while gradient
boosting methods are good at capturing non-linear relationships. An ensemble approach combining XGBoost and
LightGBM allows combining the strengths of both models, providing more robust results. In terms of practical
applications, it is important that the proposed methodology is able to identify periods of high public health risk - in
particular, the winter months. The model can be integrated into a monitoring and warning system to inform citizens
about the risks of exceeding safe levels.

Limitations of the study covers the period 2020-2023, a relatively small period by climate standards. Expanding the
time series and including additional attributes (such as traffic, industrial emissions) would potentially improve
accuracy. The scope of this study is limited to meteorological and pollution data due to the availability of reliable
datasets. Potential confounding factors, including traffic flow, public holidays, and industrial emissions, were not
included in the model. Recognizing their possible impact on air quality, we identify the integration of such variables
as an important direction for future research. Expanding the feature set could potentially improve prediction accuracy
and enhance model interpretability.
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6. Proposed Deployment Framework

For the future integration of the developed model into a real-time air quality monitoring system, a client-server
architecture is proposed, as illustrated in figure 9. The trained ensemble model, combining STL decomposition with
XGBoost and LightGBM, would be deployed on a cloud-based server environment to enable scalability and high

availability.
(@) — dily ——

Cloud Server

Sensors Prediction User Interface

Model l

Figure 9. Proposed System Architecture for Real-Time Air Quality Forecasting and User Interaction

Incoming data streams from environmental monitoring stations, including PM2.5 and CO concentrations as well as
relevant meteorological parameters, would be transmitted to the server in near real-time. An API layer developed with
lightweight web frameworks such as FastAPI or Flask would facilitate efficient handling of incoming requests and
provide immediate access to updated forecasts. End-users, including public health authorities, environmental agencies,
and the general population, would interact with the system through a web-based dashboard or a mobile application.
The user interface would display real-time forecasts, historical trends, and alert notifications in case pollutant
concentrations exceed established safety thresholds. The proposed architecture ensures a robust, scalable, and efficient
system capable of delivering timely air quality information, supporting decision-making processes, and enabling
proactive public health interventions.

7. Conclusion

The present study demonstrates the high efficiency of applying machine learning methods for predicting air pollution
in megacity conditions, using Almaty city as an example. The use of STL decomposition allowed us to identify seasonal
and trend components of time series, which improved prediction accuracy, especially in the presence of pronounced
seasonality. XGBoost and LightGBM models showed good results separately, but their combination as an ensemble
model achieved the best accuracy metrics (RMSE, MAE, R?) for both PM2.5 and CO, which confirms the feasibility
of using ensemble approaches. Visual analyses and quantitative metrics demonstrated that the proposed method is able
not only to accurately reproduce current pollution levels, but also to predict potentially hazardous periods, especially
during winter months.

The practical significance of the work lies in the possibility of integrating the model into monitoring and notification
systems, which will make it possible to inform the population and government authorities in advance about the risks
associated with the deterioration of air quality. The results obtained can be used in environmental planning, in the
development of measures to reduce the impact of pollutants, as well as in the further development of more integrated
models that take into account additional data sources such as traffic flows, satellite sensing data and industrial
emissions.

Future research will focus on expanding the dataset to include a longer historical period and additional features, such
as traffic density and industrial emissions, which are expected to further improve model accuracy. In addition,
deploying the model within an operational real-time monitoring system will be considered to facilitate timely public
health warnings and support decision-making in air quality management
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