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ABSTRACT

Background. Air pollution remains a critical environmental and public health issue,
requiring accurate and reliable forecasting methods to support decision-making and
mitigation strategies. With the increasing availability of environmental data from monitoring
stations and meteorological sources, advanced data-driven approaches have become
essential for modeling complex air quality dynamics. The development of robust deep
learning architectures capable of capturing both temporal dependencies and external
environmental influences is of significant importance.

Methods. This study proposes a Dual-Stream Long Short-Term Memory (LSTM) model
for air quality forecasting, which processes station-based and meteorological data through
two parallel streams. A preprocessing pipeline is applied, including K-nearest neighbors
(KNN) imputation for handling missing values and Z-score normalization to standardize input
features. The outputs of the LSTM streams are integrated using an attention-based fusion
mechanism, which adaptively assigns importance to each data source. The model
performance is compared with several baseline approaches.

Results and Discussion. Experimental results demonstrate that the proposed model
achieves improved prediction accuracy and stability compared to traditional machine
learning methods and single-factor models. The attention-based fusion mechanism
effectively captures the dynamic relationships between station data and meteorological
conditions, allowing the model to adapt to varying environmental influences. Evaluation
using the Index of Agreement, coefficient of determination, and Root Mean Square Error
confirms the superiority of the proposed approach in modeling complex air quality patterns.

Conclusion. The proposed Dual-Stream LSTM framework provides an effective solution
for integrating heterogeneous environmental data in air quality forecasting tasks. By
combining structured preprocessing techniques with an adaptive fusion strategy, the model
enhances prediction performance and robustness. The results highlight the potential of
multi-source deep learning approaches for environmental monitoring and can be extended
to other time-series forecasting applications.

Keywords: air quality prediction; LSTM; dual-stream model; KNN imputation; Z-score;
sensor.

INTRODUCTION

Air pollution remains one of the most critical environmental issues worldwide, posing
significant threats to human health, ecosystems, and overall quality of life. As urbanization
and industrial activities continue to intensify, the need for accurate and timely air quality
forecasting becomes increasingly important for environmental monitoring, policy-making,
and public health protection. Modern sensing infrastructures, supported by the rapid
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development of Internet of Things (IoT) technologies, enable continuous collection of large-
scale air quality and environmental data. However, despite the availability of such data,
challenges related to data quality, heterogeneity, and complexity still limit the effectiveness
of predictive models.

Air quality datasets are inherently influenced by multiple factors, including emission
sources, meteorological conditions, and spatial interactions between monitoring stations.
In practice, these datasets often suffer from noise, missing values, and inconsistencies
caused by sensor malfunctions, communication failures, or environmental disturbances.
Such imperfections can degrade model performance and reduce the reliability of
forecasting results if not properly addressed during preprocessing and modeling stages.

A wide range of approaches has been explored for air quality prediction, including
traditional statistical models [1, 2] and classical machine learning techniques [3, 4]. While
these methods can provide reasonable results under certain conditions, they are generally
limited in their ability to model complex nonlinear dependencies and long-term temporal
patterns present in air pollutant concentrations, such as PM2.5 and PM10. These
limitations have motivated the adoption of deep learning methods, which are better suited
for capturing intricate relationships in time series data.

Among deep learning approaches, Long Short-Term Memory networks have
demonstrated strong performance in sequential prediction tasks due to their capability to
retain long-term dependencies and model nonlinear temporal dynamics. This makes LSTM
particularly effective for air quality forecasting, where pollutant levels are affected by both
historical trends and external influences such as weather conditions. Nevertheless, many
existing LSTM-based studies rely on single-source input data or combine multiple factors
within a single model without explicitly distinguishing their individual contributions.

To better exploit the multi-source nature of air quality data, it is beneficial to consider
separate modeling of different factor groups. In particular, station-based measurements
primarily capture temporal dynamics of pollutant concentrations, while meteorological
variables (e.g., temperature, humidity, wind speed) represent exogenous factors that
significantly influence pollutant dispersion and formation. Treating these inputs
independently allows for more specialized feature extraction and reduces the risk of
information interference within a single model.

This paper proposes a Dual-Stream LSTM model for air quality forecasting, which
processes station data and weather data through two parallel LSTM streams. Each stream
is designed to learn distinct patterns associated with its respective input type, and their
outputs are subsequently combined to generate the final prediction. This architecture
enables more effective modeling of both temporal and exogenous dependencies while
preserving the unique characteristics of each data source.

In this work, missing values are handled using a data-driven imputation strategy based
on the K-nearest neighbors method, which estimates missing observations by exploiting
similarities between data points without relying on strict distributional assumptions.
Compared to classical statistical approaches, KNN imputation is more flexible and better
suited for complex environmental datasets [5].

In addition, data normalization is applied to ensure stable and efficient model training.
Specifically, Z-score normalization is used to standardize input features by removing the
mean and scaling to unit variance. This step is particularly important in the proposed
framework, as it allows heterogeneous data sources, such as pollutant concentrations and
meteorological variables, to be processed in a consistent manner across the dual-stream
architecture [6].

The performance of the proposed Dual-Stream LSTM model is evaluated against
baseline methods, including traditional machine learning models and standard LSTM
architectures. Experimental results demonstrate that the proposed approach more
effectively captures complex relationships between air quality and influencing factors,
leading to improved forecasting accuracy and robustness.
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METHODS

In the course of the process of collecting air quality data, it is possible that monitoring
stations may, on occasion, produce incomplete records. Such incompleteness may be due
to malfunctions of the sensors, maintenance activities, or communication interruptions. If
this issue is not addressed in a satisfactory manner, the accuracy and reliability of
predictive models may be adversely affected [7]. To mitigate this issue, the K-nearest
neighbors imputation method is used for data imputation.

The K-nearest neighbors imputation method is a non-parametric data reconstruction
technique widely used to handle missing values in datasets with complex and unknown
distributions. Unlike statistical approaches that rely on predefined assumptions, KNN
imputes missing values by identifying the most similar observations in the dataset and using
their information to estimate the missing entries. This data-driven strategy allows the
method to preserve local structures and relationships within the data, making it particularly
suitable for environmental and time-series datasets with nonlinear characteristics. [8]

The core idea of KNN imputation is based on the similarity measurement between
data samples. For each instance containing missing values, a set of the k most similar
instances (neighbors) is selected according to a distance metric, such as Euclidean
distance, computed over the available features. The missing value is then estimated using
an aggregation of the corresponding values from these neighbors, typically by calculating
their mean or a distance-weighted average. As a result, the imputed values reflect patterns
observed in similar data points, ensuring consistency with the underlying data structure.

The KNN imputation process consists of two main stages. In the first stage, distances
between samples are computed using only the observed features, and the nearest
neighbors are identified for each incomplete instance. In the second stage, the missing
values are reconstructed by aggregating the values of the selected neighbors [9]. This
approach enables flexible handling of different data types and does not require explicit
modeling of the data distribution.

The mathematical formulation of the KNN imputation procedure is provided in Eq. (1),
where the missing value is estimated as a function of the values of its nearest neighbors.
This formulation allows the method to adapt to local data patterns and improves the overall
completeness and reliability of the dataset for subsequent modeling tasks.

X = Z (wij-x}")/ z Wi, (1)

JEN(D) JENR(D)

where w;; = [d(i,)) + €], d(i,)) is the distance between sample i and neighbor j, € is

a small constant to avoid division by zero, x}” is the value of feature m in neighbor j.

Normalization Process: Air quality and meteorological variables often exhibit different
scales and units, which can adversely affect the convergence and stability of machine
learning models. To mitigate this issue, Z-score normalization is applied to standardize
each feature by removing the mean and scaling to unit variance. [10] This transformation
ensures that all input variables contribute proportionally during model training, preventing
features with larger numerical ranges from dominating the learning process. Z-score
normalization has been shown to improve model convergence, enhance stability, and
increase the accuracy of forecasting predictions. The formula for Z-score normalization is
presented in Eq. (2):

xi,=xi_.u/o-' (2)

where x; is the original value of the feature, u is the mean of the feature over the training
data, o is the standard deviation of the feature, x; is the normalized value.
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To effectively integrate the information extracted from the two data streams, an
attention-based fusion mechanism is employed. Instead of directly combining the outputs
of the LSTM models, the proposed approach assigns adaptive importance weights to each
stream, allowing the model to dynamically determine the contribution of station-based and
meteorological features to the final prediction.

hs and h,, denote the hidden representations produced by the LSTM models for
station data and weather data, respectively. The attention mechanism computes a set of
weights that reflect the relative importance of each representation. These weights are then
used to construct a fused feature vector, which captures both temporal dependencies and
external influences. The attention weights are calculated as presented in Eq (3):

as = exp(e)/exp(es) + exp(ey), -

ay = exp(ey)/exp(es) + exp(ey),
where e and e, are the attention scores for the station and weather streams, respectively.
These scores are typically obtained through a learnable function, such as a fully connected
layer:

es=wThy,, e, =wTh,, (4)

where hg and h,, are the hidden feature representations obtained from the LSTM models
for station data and meteorological data, respectively, w” is a learnable weight vector of
the attention layer, e; and e, are the corresponding attention scores reflecting the
importance of each data stream.

The fused feature representation hy is then computed as a weighted combination of
the two feature vectors:

hs = ashs + ayhy,, (5)

where hg and h,, are the feature vectors from the station and meteorological streams,
respectively, ay and «,, are the normalized attention weights assigned to each stream.

The fused feature vector is passed through a fully connected layer to generate the
final prediction output.

This attention-based fusion strategy enables the model to adaptively emphasize either
temporal patterns from station data or external meteorological influences depending on the
current environmental conditions. Compared to simple concatenation or static weighting
methods, the proposed approach provides greater flexibility and improves the model’s
ability to capture complex relationships in air quality data.

RESULTS AND DISCUSSION

The workflow of the proposed LSTM-based air quality prediction is presented in Fig. 1.

Figure 2 shows a comparison of the predicted and measured PM2.5 concentrations,
and Figure 3 shows the corresponding comparison for PM10 concentrations. The results
demonstrate the effectiveness of the proposed method in modelling air pollutant behavior,
as it produces predictions that closely match the observed values.

The Index of Agreement (lA) is a normalized statistical metric used to quantify the
degree of correspondence between predicted and observed values. Its values range from
0to 1, where 1 indicates perfect agreement between model outputs and observations, while
values closer to 0 reflect poor predictive performance [11].
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Fig 1. Workflow of the proposed LSTM-based air quality prediction
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Fig 2. The comparison of predicted and actual values for the PM2.5 parameter

The IA evaluates model accuracy by comparing the magnitude of prediction errors to
the total potential deviation in the observed data. Unlike simple error metrics, it accounts
for both systematic and random discrepancies, providing a more comprehensive measure
of model performance. This makes it particularly suitable for assessing environmental
prediction models, where variability and uncertainty are inherent in the data.
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Fig 3. The comparison of predicted and actual values for the PM10 parameter

By incorporating both the variance of the observed values and the deviations of
predictions from the mean, the Index of Agreement offers a balanced evaluation of how
well the model reproduces observed patterns. As a result, it serves as a reliable indicator
of the consistency and overall quality of forecasting results.

The mathematical formulation of the Index of Agreement is given in Eq. (6). [12]

14 = Z;(oi P2 /Z;ua- 0|+ 10— 012, (6)

where, O; is the observation value, P; is the predicted value, 0 is the average observation

value, P is the average predicted value.

Root mean square error (RMSE) is a widely adopted metric for evaluating the accuracy
of predictive models, measuring the deviation between predicted and observed values. It
is calculated as the square root of the average of the squared differences between the
model's predictions and the actual observations. This provides an aggregate measure of
the magnitude of prediction errors.

By squaring the individual errors before averaging them, the RMSE places greater
importance on larger deviations, making it particularly sensitive to significant prediction
errors. This characteristic is useful in applications such as air quality forecasting, where
large discrepancies may have critical implications.

RMSE offers a straightforward measure expressed in the same units as the target
variable, facilitating direct comparison between predicted and observed values.
Consequently, it serves as an effective indicator of the model's overall predictive
performance. The formula for RMSE calculation is defined in Eq. 7.

RMSE = Z (i = 9)?/n, (7)
i=1

where, y; is the observation value, ¥, is the predicted value, n is the number of observed
values.
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The coefficient of determination (CoD) R? is a widely used statistical measure that
evaluates how well a regression model explains the variability in observed data. It
represents the proportion of variance in the dependent variable that can be explained by
the model. Values of R? range between 0 and 1; values closer to 1 indicate that the model
successfully captures most of the underlying variability in the data, while values near 0
suggest limited explanatory power.

This metric provides insight into how well the predicted values align with actual
observations by comparing residual errors with total data variation. As such, it is commonly
used to evaluate the effectiveness and reliability of predictive models, particularly in
regression-based forecasting tasks.

The coefficient of determination is useful for evaluating how well a model reproduces
overall trends in the data, although it does not directly reflect the magnitude of prediction
errors. Therefore, it is often used alongside other performance metrics to provide a more
comprehensive evaluation. The formula for the CoD is defined in Eq. 8.

R=1-(3" o=, i) ®

where, y; is the observation value, ¥, is the predicted value, y, is the average value of y;,
n is the number of observed values.

Table 1 presents a comparative evaluation of three performance metrics — the Index
of Agreement (lA), the CoD, and RMSE for the proposed LSTM-based model and several
baseline approaches, including Support Vector Regression, XGBoost, Ridge Regression,
and a Single-Factor Prediction model.

Table 1. Comparison of the prediction results of the different models

Model IA RMSE CoD

Our model 0.92 11.7 0.77
Single-factor LSTM 0.88 26.14 0.63
XGBoost 0.37 67.94 0.75

Support Vector Regression 0.25 56.13 0.12
Ridge Regression 0.24 79.31 0.49

The results presented in Table 1 demonstrate that the proposed Dual-Stream LSTM
model provides the most balanced and accurate forecasting performance among the
evaluated approaches. The improvement can be attributed to the ability of the model to
simultaneously capture temporal dependencies in air quality measurements and the
influence of meteorological conditions through the dual-stream architecture. Ridge
Regression and Support Vector Regression exhibit substantially lower performance, which
may be explained by their limited capacity to represent complex nonlinear relationships and
long-term temporal patterns inherent in environmental data. XGBoost achieves a
coefficient of determination comparable to that of the proposed model; however, the
considerably lower Index of Agreement and higher RMSE values indicate reduced
prediction consistency and larger forecasting errors. The comparison with the Single-Factor
LSTM model demonstrates the contribution of meteorological information to the prediction
process, as the integration of weather-related variables enables more comprehensive
modeling of pollutant dynamics. The obtained results confirm the effectiveness of
combining multi-source data with an attention-based fusion mechanism for air quality
forecasting.
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The model is trained using the Adam optimizer with a learning rate of 0.001. The
sequence length (time step) is set to 24 to capture daily temporal patterns in air quality
data. A batch size of 32 is used to ensure stable gradient updates.

The LSTM networks consist of 64 hidden units with a dropout rate of 0.2 to mitigate
overfitting. The models are trained for 100 iterations. For the KNN imputation method, the
number of nearest neighbors is set to k=5, which provides a balance between local
sensitivity and robustness.

Table 2 provides the training hyperparameters of the model.

Table 2. Training the hyperparameters of the model

Parameter Value
Number of iterations 150
Time step 24
Batch size 32
Learning rate 0.001
Hidden units 64
k (for KNN imputation) 5

CONCLUSION

This paper presents a Dual-Stream LSTM framework for air quality forecasting that
integrates information from monitoring stations and meteorological data sources. The main
scientific contribution of the study lies in the combination of dual-stream temporal feature
extraction with an attention-based fusion mechanism, enabling the model to dynamically
determine the relative importance of different data sources during prediction. This approach
allows more effective modeling of the complex interactions between air pollutant
concentrations and environmental conditions than conventional single-source forecasting
methods.

The experimental evaluation demonstrates that the proposed model achieves superior
predictive performance compared with traditional machine learning approaches and single-
factor prediction models. The results indicate that incorporating complementary information
from meteorological variables significantly improves forecasting accuracy and model
consistency, highlighting the benefits of multi-source learning for environmental prediction
tasks.

The proposed framework can support intelligent air quality monitoring systems by
providing more reliable forecasts for environmental management, public health protection,
and urban planning. Furthermore, the developed methodology is not limited to air quality
applications and may be adapted to other multivariate time-series forecasting problems
involving heterogeneous data sources.

The proposed framework provides a flexible and efficient solution for modeling
complex relationships in air quality data. By combining multi-source inputs with an adaptive
fusion strategy, it offers improved predictive performance and can be extended to other
environmental forecasting applications.
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ABOMOTOKOBA MOAEJb AOBIrOl KOPOTKOYACHOI NAM’ATI ANA
NMPOrHO3YBAHHA AKOCTI NOBITPA 3 BUAKOPUCTAHHAM CTAHLIMHUX
TA norogHnx oAHUX

leaHn Pydaecbkul, ManuHa Knum
HauioHanbHul yHisepcumem «JIbgigcbka nonimexHika,
8yn. Cmenara baHdepu 12, 79013 m. Jlbeie, YkpaiHa

AHOTALIA

Bctyn. 3abpygHeHHs MOBITPA  3anuwiaeTbCA  CeprosHol  npobnemot  Ans
HaBKOMWLLHBOrO cepefoBuLla Ta 340POB’A HACENeHHs, WO BUMAarae TOYHUX i HaginHUX
METOZiB NPOrHO3yBaHHSA AN NiATPUMKM NpoLecy NPURHATTSA pilleHb Ta po3pobku cTparteriin
LLOAO 3MEHLUEHHS HeraTMBHOrO BNnMBY. 3i 3pOCTAHHAM AOCTYMHOCTI €KOMOriYHUX OaHuUX,
O HAOXo4ATb 3i CTaHUIN MOHITOPUHTY Ta METEOPOIONiYHMX [Xepen, cydacHi nigxoan Ha
OCHOBI JaHMX CTanu He3amMiHHUMW ANsi MOOENOBAHHS CKNaaHOI AUHAMIKM SIKOCTi MOBITPS.
Benvke 3HayeHHs Mae pos3pobka HafiiHWX apXiTeKTyp rnMMBOKOro HaBYaHHS, 30aTHUX
BpaxoBYyBaTU K YaCOBIi 3aNeXHOCTI, Tak i 30BHiLLHiI €KOMNOoriyHi BAAMBW.

MeTtoau. Y uboMy AocnifKeHHi NMPONOHYETbCA MOAENb OOBroi KOPOTKOYACHOI nam’aTi
(OKYI) i3 npBoMa noTokamu Ans NPOrHO3yBaHHS SIKOCTI MOBITPS, Aka 06pobnse aaHi cTaHLin
Ta MEeTeoponoriYyHi AaHi 3a OOMOMOrow ABOX MaparenbHUX MOTOKIB. 3aCTOCOBYETHCSA
KOHBEEP nonepeaHboi 06pobku, WO BKNOYAE NIACTAHOBKY BiACYTHIX 3HaYeHb METOAOM K-
Hanbnmxunx cycigis (k-HC) Ta Hopmanisauiio BXigHWX O3HaK 3a CTaHOapTU30BaHOO z-
ouiHkoto. BuxigHi gani notokie OKUYI iHTerpytoTbCcst 3a AONOMOroK MexaHi3aMmy 3nuTTsa Ha
OCHOBI YyBaru, $IKUA afanTMBHO MPUCBOKE BAXKIMBICTL KOXHOMY [pPKEpeny [OaHuX.
EdpekTnBHICTL MOAeNi NOPiBHIOETHCS 3 AeKinbkoma 6a3oBMMM Nigxoaamu.

PesynbTtatun. EkcnepumeHTansHi pesynbtaTi cBigyaTb Npo Te, WO 3anpornoHoBaHa
Mofenb 3abe3nedvye BuWLLY TOYHICTb MPOrHO3yBaHHs Ta CTabinbHICTb MOPIBHAHO 3
TpaguuinHuMM MeToA4aMn  MALUMHHOIO HaBYaHHA Ta OAHOMAKTOPHUMM  MOAENAMM.
MexaHiam o006’egHaHHA [aHMX Ha OCHOBI yBarM eMEeKTMBHO BPaXOBYE AUHAMIYHI
B32EMO3B’A3KM MiXK JaHUMU CTaHLi Ta METEOPOSIONYHNMIN YMOBaMMU, LLIO [O3BOISIE MOLENi
aganTyBaTUCa 4O MiHNMBMX BNUBIB HABKOMNMULLHBLOTO cepegosuia. OuiHka 3a JOMOMOro
iHOEKCYy Y3roKeHOoCTi, koedilieHTa AeTepMiHauii Ta cepeaHbOKBaApPaTUYHOI NOXUOKN.

BucHoBku. 3anponoHoBaHa apxiTekTypa asonotokoBoi KUl 3abesnevye edextmBHe
pilleHHs Ans iHTerpauii HeoQHOPIAHWX eKONOrMYHUX AaHWX Y 3aBAaHHAX MPOrHO3yBaHHS
SIKOCTi MOBITPS. 3aBOSAKM NOEAHAHHIO METO/AIB CTPYKTYPOBaHOi nonepeaHbLoi 06pobku faHmx
i3 cTparerieto aganTuBHOro o6’egHaHHs AaHuxX Mopenb niaBulye edeKTUBHICTb Ta
HafiiHicTb NporHo3yBaHHsl. OTpyMaHi pe3ynbTaTy MiAKPECNoTb NOTEHUian niaxoais Ha
OCHOBI BGaraTomXepernbHOro rnMbOKOro HaBYaHHA AN MOHITOPUHIY HABKONMULLHBOMO
cepeaoByLIa Ta MOXYTb OyTu 3aCTOCOBaHI B iHLLMX 3a4a4yax MPOrHo3yBaHHA YacoBUX PAAIB.

Knrouyoei cnoea: MNporHodyBaHHA sikocTi nogiTps; OKYIM; mogenb 3 ABOMa NOTOKamMu;
mMeToa k-HC; ctaHgapTnsoBaHa z-OuiHKa; CeHCop.
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