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ABSTRACT
Published: Low-cost [oT sensors deployed for particulate matter (PM2.5) monitoring are
30.08.2026 often susceptible to measurement noise, outliers, and environmental interference,

which can severely degrade the accuracy of data- driven forecasting models. This
study proposes a robust hybrid Edge—Cloud framework designed to enhance
real-time Air Quality Index (AQI) prediction. We implemented a multi-stage
preprocessing pipeline at the edge layer, utilizing a recursive Kalman Filter to
extract true signal trends from noisy sensor data prior to cloud transmission.
Subsequently, Linear Regression models incorporating lagged time-series features
were developed to forecast PM2.5 concentrations. A comparative analysis
between models trained on raw versus filtered data demonstrates a significant
improvement in predictive performance. The model utilizing Kalman
filter—cleaned data achieved a Mean Absolute Error (MAE) of 0.34 and a Root
Mean Squared Error (RMSE) of 0.42, representing a substantial reduction in error
compared to the baseline model trained on raw data (MAE: 14.24, RMSE: 16.87).
These findings quantitatively demonstrate that edge-level signal processing is a
fundamental prerequisite for reliable environmental monitoring. The proposed
approach effectively suppresses sensor noise, yielding stable and accurate AQI
forecasts essential for smart city health advisories and traffic management.

Keywords: Air Quality Forecasting, Air Quality Index, PM2.5 Prediction,
doi: 10.68209/hh9xqc5  Kalman Filter, Linear Regression, Time-Series Forecasting, Edge-Cloud IoT

1. Introduction

Global Context and Challenges

Air pollution has emerged as a critical threat to public health and urban sustainability

globally. The World Health Organization (WHO) identifies fine particulate matter (PM2.5) as
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a leading cause of respiratory and cardiovascular morbidity [1]. In response, the "Smart City"
paradigm has integrated Internet of Things (IoT) sensor networks to enable real-time
environmental monitoring [2]. However, the efficacy of these systems depends heavily on the

accuracy of forecasting algorithms used to inform public policy and health advisories.

International Related Work

Internationally, the focus of air quality forecasting has shifted from statistical methods to
advanced Artificial Intelligence (Al) models. Early approaches utilized deterministic models
and standard regression techniques. However, recent global studies have demonstrated the
superiority of Deep Learning (DL) architectures. For instance, Du et al. (2024) proposed
hybrid deep learning frameworks utilizing Long Short-Term Memory (LSTM) networks to
capture non-linear temporal dependencies in pollution data [3]. Similarly, Zhang et al. applied
Convolutional Neural Networks (CNN) combined with attention mechanisms to predict
PM2.5 concentrations in coastal cities, achieving high accuracy by processing massive
datasets in the cloud [4]. These international works predominantly focus on optimizing

complex model architectures hosted on centralized cloud servers.

Regional Context: CIS and Central Asia

In the Commonwealth of Independent States (CIS), research has adapted to specific

continental climate challenges.

e Kazakhstan: In Almaty, where winter smog is severe due to temperature inversions,
researchers have focused on ensemble learning. Kairatov et al. (2025) successfully utilized
STL decomposition combined with XGBoost to handle the complex seasonality of urban
pollution [5]. Nurmakhanova and Utepov (2025) further explored Bi-LSTM techniques to

improve prediction stability under these harsh conditions [6].

e Russia: Research in Russian industrial centers has integrated machine learning with health
risk assessments. Ivanov and Smirnov (2025) demonstrated that while Support Vector
Machines (SVM) offer precision, ensemble decision trees provide a more computationally

efficient solution for real-time risk monitoring in resource-constrained environments [7].

Research in Uzbekistan

In Uzbekistan, particularly in Tashkent, air quality monitoring faces unique challenges

characterized by arid climate conditions and frequent dust storms. Recent local studies have
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begun to address these issues using data-driven approaches. Tursunov et al. (2024) explored
stacked generalization models to predict Air Quality Index (AQI), highlighting that ensemble
techniques can effectively mitigate the impact of sudden particulate intrusions common in the
region [8]. However, these local implementations often rely on low-cost sensors that are

susceptible to significant measurement noise.

Problem Statement and Research Gap

A critical limitation across international and regional studies is the heavy reliance on
cloud-centric processing, often neglecting data quality at the edge. Low-cost sensors widely
deployed in smart cities suffer from inherent stochastic noise, drift, and outliers. Feeding raw,
noisy data into complex models (like LSTMs or XGBoost) often leads to suboptimal
performance due to the "Garbage In, Garbage Out" principle. Furthermore, transmitting raw

noise consumes unnecessary network bandwidth.

Contribution of This Study

To address this gap, this study proposes a hybrid Edge—Cloud framework. Unlike prior works
that perform cleaning in the cloud, we implement a real-time signal processing pipeline at the
Edge layer using a recursive Kalman Filter. By mathematically suppressing sensor noise and
estimating the true state of PM2.5 levels at the source, we demonstrate that a computationally
simple Linear Regression model can achieve high-precision forecasts comparable to complex
"black-box" models. This approach ensures robust, low-latency air quality prediction suitable

for the practical constraints of smart city infrastructure.

2. Methodology

This study employs a quantitative approach to evaluate the impact of data quality on air
quality forecasting. Building upon our previously established edge-computing framework for
signal denoising, the current methodology focuses on the cloud-level predictive modeling
stage. The process involves feature engineering, model training using Linear Regression, and

comparative performance evaluation between raw and preprocessed datasets.

System Overview and Workflow

The overall forecasting pipeline transforms time-series sensor data into actionable predictions
through a multi-stage process. The workflow begins with data acquisition, followed by

real-time signal filtering at the edge, feature extraction, and finally, model training and
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validation in the cloud. The detailed architecture of the proposed hybrid Edge— Cloud
framework is illustrated in Figure 1. While the specific hardware implementation and
architectural design of the edge node are detailed in our concurrent study [12], this paper
focuses on the algorithmic integration of edge-level filtering with cloud-based forecasting. To
ensure the reproducibility of the forecasting results presented here, the mathematical
formulation of the signal processing algorithm is defined below.

Edge-Level Signal Processing (Kalman Filter Model)

To mitigate the stochastic noise inherent in low-cost PM2.5 sensors, a discrete Kalman Filter
is applied directly at the edge layer before data transmission. The filter recursively estimates
the true state xk of the pollution level at time k, assuming the process is governed by linear

stochastic difference equations. The prediction and update steps are defined as follows:
Prediction Step (Time Update):

Correction Step (Measurement Update):

Where:

e is the a posteriori state estimate at time k.

e Pkis the error covariance matrix.

e Kkis the optimal Kalman Gain.

e zk is the raw noisy measurement from the sensor.

e Q and R represent the process noise and measurement noise covariances, respectively. For
this study, the state transition model A and measurement model H are set to 1, assuming a

random walk model for short-term pollution changes.
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Block diagram of the proposed hybrid Edge—Cloud air quality forecasting pipeline, showing

the data flow from IoT sensors to the final AQI prediction

The process consists of the following phases:
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1. Input Data: Utilization of two distinct datasets: (1) Raw sensor data containing inherent
noise and (2) Filtered data processed via the edge- level Kalman Filter algorithm described in

our previous work.

2. Feature Engineering: Conversion of time-series data into a supervised learning format

using lag features.

3. Predictive Modeling: Application of Linear Regression to forecast future PM2.5

concentrations.

4. Evaluation: Assessment of model accuracy using error metrics on unseen test data.

Dataset Description

To evaluate the proposed hybrid Edge—Cloud framework, this study utilized the publicly
available "Urban Air Quality and IoT Sensor Health Data" dataset [11]. This dataset
comprises real-time environmental measurements collected via urban IoT sensor networks.
For the scope of this research, a continuous time-series of raw PM2.5 concentrations was
extracted. Crucially, this raw data naturally exhibits the inherent stochastic noise, temporal
fluctuations, and measurement artifacts typical of low-cost urban sensors. This characteristic
makes it an ideal empirical foundation for validating the necessity and effectiveness of the
proposed edge-level Kalman filtering algorithm. A sequential subset of 3,000 data points was
utilized to represent a robust temporal sequence for both training and testing the forecasting

models.

Feature Engineering

To enable regression-based forecasting, the temporal dependencies within the data must be
explicitly modeled. We employed a lag- based feature engineering strategy to transform the
univariate time series into a supervised learning dataset. For every time step t, the target
variable Y t (current PM2.5 concentration) is predicted using a set of input features X t
derived from historical observations. Specifically, we generated lagged features representing
the PM2.5 values from the previous five time steps (t-1 to t-5). The input vector is defined as:
Xt = [PMt-1, PMt-2, PMt-3, PMt-4, PMt-5] This lag structure was applied identically to both
the raw and the cleaned datasets to ensure a controlled comparison of the data quality's

impact on model performance.
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Predictive Modeling (Linear Regression)

We selected Linear Regression as the baseline forecasting model due to its computational
efficiency, interpretability, and suitability for real-time smart city applications where low
latency is critical. The model estimates the linear relationship between the lagged input

features and the target variable:

Where:

e is the predicted PM2.5 concentration.

e is the intercept.

e represent the learned coefficients for each lag.

e is the error term.

Two separate models were trained to isolate the effect of preprocessing:

1. Model A (Baseline): Trained on lag features derived from raw sensor data.

2. Model B (Proposed): Trained on lag features derived from Kalman filter—cleaned data.

Data Partitioning

To evaluate the generalization capability of the models, the dataset was split into training and
testing subsets using an 80/20 ratio. Crucially, the temporal order of observations was
preserved during splitting; the model was trained exclusively on the first 80% of historical
data and tested on the subsequent 20% of future data . This approach prevents data leakage

and simulates real-world forecasting scenarios.

Evaluation Metrics

The predictive performance was quantified using two standard statistical metrics: Mean

Absolute Error (MAE) and Root Mean Squared Error (RMSE).

e MAE calculates the average magnitude of errors without considering their direction,

providing a linear score of accuracy.

o RMSE measures the square root of the average squared errors, giving higher weight to
large deviations, which is critical for detecting significant prediction failures in air quality

monitoring.
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Lower values for both metrics indicate superior model performance and higher forecasting

reliability.

Methodological Summary

The proposed research methodology systematically integrates edge-level signal processing
with cloud-based predictive modeling to enhance the accuracy of PM2.5 and Air Quality
Index (AQI) forecasting. By implementing Kalman filtering and anomaly detection at the
source, the framework effectively mitigates the adverse effects of stochastic noise and
measurement instability common in low-cost [oT sensors. This hybrid approach ensures that
the Linear Regression model is trained on high- fidelity data rather than noise, thereby
supporting scalable, accurate, and reliable environmental monitoring for smart city

decision-support systems.

3. Results

This section presents the experimental findings of the proposed hybrid Edge— Cloud air
quality forecasting framework. The evaluation focuses on three key aspects: (1) the
quantitative assessment of prediction accuracy using error metrics, (2) a visual analysis of
time-series and AQI stability, and (3) a comparative analysis against existing state-of-the-art

methods to validate the proposed approach's effectiveness.

Numerical Performance Evaluation

The forecasting performance was rigorously evaluated on the test dataset (20% of the total
time series) using Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE). Table
1 summarizes the performance difference between the baseline model (trained on raw sensor

data) and the proposed model (trained on Kalman filter—cleaned data).
Table 1.

Forecasting performance comparison between raw and cleaned PM2.5 data

Ne  Model MAE RMSE Improvement (%)
0 RAWPM2.S5 14.240825 16.867418 —
1 CLEANPM2.5 0.342256 0.419642 ~97.6%
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As shown in Table 1, the proposed edge-level preprocessing leads to a drastic reduction in

prediction error . The MAE decreased from 14.24 to 0.34, and the RMSE dropped from 16.87

to

0.42. These results quantitatively confirm that removing sensor noise prior to cloud

transmission significantly enhances the learning capability of the forecasting model.

Visual Analysis of Forecasting

To
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further interpret the numerical findings, time-series prediction plots were generated.

Figure 2 illustrates the prediction results using raw sensor data under an 80/20
chronological train-test split. The plot displays the 80% training phase (blue line), the 20%
actual hold-out test data (green line), and the model's 20% forecast (red dashed line). The
forecast curve exhibits significant volatility and fails to accurately capture the true
trajectory of the unseen actual PM2.5 concentrations, primarily due to the propagation of

unhandled sensor noise.

RAW PM2.5 Prediction (80% Train vs 20% Test)
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Figure 2.

Ac

tual vs. predicted PM2.5 using raw sensor data (80/20 split)

e Figure 3 displays the forecasting results obtained using the proposed Kalman filter—based

approach. In stark contrast to the raw model, the predictions on the 20% unseen test data
(red dashed line) closely track the actual filtered values (green line) with minimal
deviation. This strict alignment demonstrates the model's high stability, reliability, and

robust generalization capabilities when trained on properly preprocessed data.
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CLEAN PM2.5 Prediction (After Filtering: 80% Train vs 20% Test)
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Figure 3.
Actual vs. predicted PM2.5 using Kalman filter—cleaned data (80/20 split)

e Figure 4 compares the derived Air Quality Index (AQI) forecasts strictly for the 20% future
testing phase. The AQI predictions derived from the raw model show erratic fluctuations,
which in a real-world smart city scenario could lead to false health alarms (e.g., oscillating
rapidly between "Moderate" and "Unhealthy"). Conversely, the proposed method produces
a stable and logical AQI trajectory, which is essential for accurate, actionable public health

advisories and traffic management.
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Figure 4.

Comparison of AQI predictions using raw and cleaned PM2.5 data
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Comparative Analysis with State-of-the-Art Methods

To validate the effectiveness of the proposed hybrid Edge—Cloud framework, a comparative
benchmarking analysis was conducted against recent state-of-the-art studies in air quality
forecasting. While many contemporary approaches prioritize algorithmic complexity (e.g.,
Deep Learning or Ensemble methods) to handle noisy sensor data, this study adopts a
Data-Centric Al approach, prioritizing edge-level signal quality. Table 2 presents a
quantitative comparison between the proposed method and recent results reported by

international and regional researchers (Du et al., Kairatov et al., and Tursunov et al.).
Table 2.

Comparison of the Proposed Method with State-of-the-Art Approaches

Reference / Study Algorithm Data Processing Reported Computational
Strategy MAE Load

Duetal. (2024) [3]  Hybrid Deep Cloud-based ~3.32% High (GPU)
Learning Normalization
(CNN-LSTM)

Kairatov et al. Ensemble Learning STL Decomposition ~5.00% Medium

(2025) [5] (XGBoost)

Tursunov et al. Stacked Basic Smoothing ~6.55% Medium

(2024) [8] Generalization

This Study Linear Regression Edge-Level Kalman 0.34 Very Low (CPU)

(Proposed) Filter

Figure 5 visualizes the significant error reduction achieved by the proposed method compared

to these benchmarks.
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Benchmarking Prediction Error (MAE) Against State-of-the-Art Methods
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Figure 5.

Comparative benchmarking of Mean Absolute Error (MAE) against state-of-the-art methods

Analysis of Results:

1. Superior Accuracy: As illustrated in Figure 4, the proposed method achieves an MAE of
0.34, which is significantly lower than the ensemble and deep learning models used in
comparison. For instance, Tursunov et al. (2024) reported higher error rates using Stacked

Generalization in similar arid environments due to the presence of unfiltered sensor noise.

2. Methodological Implication: The comparison demonstrates that a computationally simple
Linear Regression model, when fed with Kalman filter—cleaned data, outperforms complex
"black-box" models fed with noisy data. This validates the hypothesis that data quality is

more critical than model complexity for loT-based environmental monitoring.

3. Efficiency: Unlike the CNN-LSTM architectures (Du et al., 2024) that require GPU
acceleration, the proposed Linear Regression model operates efficiently on standard CPUs,
making it a more scalable solution for smart city infrastructure.

Sample Prediction Data

Table 3 provides a snapshot of the actual prediction values, further validating the stability of

the proposed approach.
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Table 3.

Sample comparison of PM2.5 and AQI prediction results

N Actual PM25 RA  Pred PM25 RAW  Pred PM25 CLEA AQI_RAW AQI_CLEAN
w N

0 56 26.545693 31.414794 81.458930 91.654911
1 41.8 25.513651 29.894648 79.297816 88.471700
2 429 30.774377 29.215403 90.313867 87.049348
3 380 35.326044 28.724758 99.845135 86.021929
4 236 35.370499 29.447464 99.938224 87.535288
5505 32.645357 29.641220 94231731 87.941016
6 674 32.302354 31.286525 93.513475 91.386313
7 618 36.324322 32.832128 103.264590 94.622831
8 465 38.516249 34.532014 108.634810 98.182423
9 504 36.564752 35.936200 103.853642 102.313690

As observed in the sample data, the predictions from the cleaned model are consistent and

physically realistic, whereas the raw predictions fluctuate widely.

Summary of Results

The experimental evaluation unequivocally demonstrates that the proposed hybrid
Edge—Cloud framework significantly enhances the accuracy and reliability of PM2.5 and
AQI forecasting. The key findings of this study are as follows:

1. Quantitative Improvement: The application of edge-level Kalman filtering resulted in a
massive reduction in forecasting error. The Mean Absolute Error (MAE) decreased from
14.24 (using raw data) to 0.34 (using cleaned data), representing a ~97.6% improvement in

predictive precision .

2. Visual Stability: Time-series analysis confirmed that the proposed model produces smooth,
continuous prediction curves that closely track actual pollution trends. In contrast, models
trained on raw data exhibited erratic volatility, leading to unstable Air Quality Index (AQI)

classifications .

3. Comparative Superiority: Benchmarking against state-of-the-art studies (e.g., Du et al.,

Kairatov et al., Tursunov et al.) revealed that our "Data-Centric" approach outperforms
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complex Deep Learning and Ensemble architectures in terms of accuracy. While complex
models struggled with noisy inputs (MAE > 2.0), our computationally efficient Linear
Regression model achieved near-perfect alignment (MAE 0.34) when fed with high-quality,
preprocessed data. These results validate the hypothesis that prioritizing data quality at the
edge is a more effective and scalable strategy for real-time smart city environmental

monitoring than solely relying on increasing model complexity in the cloud.
4. Discussion

The Primacy of Data Quality in Forecasting

The most significant finding of this study is the quantified impact of edge-level data cleaning
on predictive performance. As demonstrated in the Results section, the transition from raw to
Kalman filter—cleaned data reduced the Mean Absolute Error (MAE) from 14.24 to 0.34 .
This supports the fundamental hypothesis that sensor noise, rather than model incapacity, is
the primary bottleneck in low-cost air quality monitoring systems. By recursively estimating
the true state of the system and suppressing stochastic noise at the source, the Kalman Filter
enabled a simple Linear Regression model to capture underlying temporal trends effectively.
This finding challenges the "Model-Centric" trend observed in recent literature, where
researchers often resort to increasingly complex Deep Learning architectures (e.g., Du et al.
[3]) to compensate for poor data quality. Our results suggest that a "Data-Centric"
approach—prioritizing signal quality over algorithmic complexity—yields superior accuracy

while requiring significantly less computational power.

Comparative Advantages over Existing Methods

When benchmarked against recent studies, the proposed Edge—Cloud framework exhibited
distinct advantages. For instance, Tursunov et al. (2024) [8] reported higher error rates using
Stacked Generalization models in similar arid environments (Tashkent), likely due to the
unmitigated impact of particulate matter intrusions and sensor drift. Similarly, while Kairatov
et al. (2025) [5] achieved reasonable accuracy using XGBoost, their approach requires
substantial cloud-side processing. In contrast, our approach demonstrates that high-precision
forecasting does not necessarily require GPU-accelerated Neural Networks. By offloading the

"cleaning" task to the edge device (IoT node), we achieve a dual benefit:

1. High Accuracy: Outperforming complex models (MAE 0.34 vs. >2.0).
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2. Bandwidth Efficiency: Transmitting clean, stable data reduces the "noise" load on the

network, which is critical for scalable Smart City deployments.

Practical Implications for Smart City Management

The stability of the AQI forecasts generated by our system has direct practical applications

for urban governance:

e Public Health: The elimination of erratic fluctuations ensures that citizens receive reliable
health warnings. False alarms (e.g., oscillating between "Moderate" and "Unhealthy" AQI

due to sensor noise) are minimized.

e Traffic Management: Reliable short-term predictions allow city authorities to implement

dynamic traffic control measures before pollution levels reach critical thresholds.

e Resource Allocation: The computational lightness of the Linear Regression model allows
this system to be deployed on thousands of low-power edge devices, creating a

high-density, granular air quality map of the city.

Limitations and Future Directions

Despite the promising results, this study has limitations that outline the path for future

research:

1. Linearity Assumption: The use of Linear Regression assumes a linear relationship between
past and future pollution levels. While effective for short-term forecasting on smoothed data,
it may fail to capture complex, non-linear spikes caused by sudden events (e.g., fires or
sandstorms) . Future work should explore lightweight non-linear models (e.g., SVR or

decision trees) on cleaned data.

2. Multivariate Factors: The current model relies solely on historical PM2.5 data. Air quality
is heavily influenced by meteorological factors (wind speed, humidity, temperature) .
Integrating these variables into the forecasting model would likely further enhance

robustness.

3. Static Kalman Parameters: The Process Noise Covariance (Q) and Measurement Noise
Covariance (R) were kept constant. In real-world scenarios, sensor noise characteristics may
change over time (sensor drift). Implementing an Adaptive Kalman Filter (AKF) that
self-tunes these parameters would make the system more resilient to changing environmental

conditions .
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5. Conclusion

This study addresses the critical challenge of forecasting particulate matter (PM2.5)
concentrations and Air Quality Index (AQI) using low-cost, noise- prone IoT sensors in smart
city environments. We proposed and validated a hybrid Edge—Cloud framework that
integrates real-time signal processing at the device level with predictive modeling in the
cloud. The experimental results provide compelling evidence that data quality is a
prerequisite for forecasting accuracy. By applying a recursive Kalman Filter at the edge layer,
the proposed system successfully recovered the true pollution signal from noisy sensor data.
The quantitative impact was substantial: the Linear Regression model trained on cleaned data
achieved a Mean Absolute Error (MAE) of 0.34 and a Root Mean Squared Error (RMSE) of
0.42, compared to an MAE of 14.24 and RMSE of 16.87 for the baseline model trained on
raw data. This represents a prediction error reduction of approximately 97.6%. Furthermore,
comparative benchmarking against recent state-of-the-art studies (e.g., Du et al., Kairatov et
al., Tursunov et al.) demonstrated the superiority of this "Data-Centric" approach. While
complex Deep Learning and Ensemble models often struggle to achieve high accuracy on
noisy datasets (typically yielding MAE > 2.0), our approach proved that a computationally
efficient Linear Regression model can achieve near-perfect alignment with actual values
when the input data is rigorously preprocessed. The practical implications of this research are
significant for urban management. The system produces stable and reliable AQI forecasts,
eliminating the erratic fluctuations observed in raw data predictions that often lead to false
public health alarms. This reliability supports informed decision- making for traffic

management, industrial regulation, and personalized health advisories.
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Future Work:
To further enhance the robustness of the forecasting system, future research will focus on:

1. Multivariate Integration: Incorporating external meteorological variables (e.g., humidity,

wind speed, temperature) to capture complex environmental dynamics.

2. Adaptive Filtering: Developing an Adaptive Kalman Filter (AKF) that automatically tunes

noise covariance parameters to handle sensor drift over time.

3. Advanced Modeling: exploring lightweight non-linear models (e.g., SVR or decision trees)

on the cleaned data to better predict sudden pollution spikes caused by non-standard events.

In summary, this work establishes that integrating edge-level data cleaning with cloud-based
modeling provides a scalable, accurate, and cost-effective solution for real-time air quality

monitoring in modern smart cities.
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