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Abstract. The air in cities all around the world is also adversely affected by pollution from roads and other activities. This
research presents an integrated ensemble framework in response to the aforementioned shortcomings in the current
deterministic and single-machine learning models for air quality index (AQl) prediction in metropolitan settings. After
gathering a variety of spatiotemporal data using a dense fixed and mobile sensor network, a number of feature engineering
techniques are employed to extract geographically and temporally important physical features. Create a Random Forest and
XGBoost model that can use neural meta-learners to increase prediction accuracy, stability, and interpretability. According
to the experiment, the ensemble system is stable in the face of abrupt contamination or missing data and has a comparatively
modest inaccuracy. Integrated feature contribution analysis can be utilized to identify the reasons for variations in the AQl
and provide practical guidance for pertinent countermeasures. The platform's modular design allows for expansion and
adaptation to new developments in urban data infrastructure. In summary, the aforementioned findings demonstrate that
spatiotemporal data fusion and ensemble modeling may create a trustworthy, high-resolution air quality forecast; hence, a
stable foundation has been supplied for the intelligent operation of smart cities and extended intelligent deployment across
various locations.
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Introduction

Nowadays, one of the biggest issues affecting public health and urban development worldwide is air pollution.
The World Health Organization estimates that 4.2 million premature deaths annually are caused by fine
particulate matter (PMys), nitrogen dioxide (NO,), and ozone because over 90% of the urban population is
exposed to air pollution levels that are higher than the recommended limit [1,2]. For a considerable amount of
time, the major cities of Beijing, Delhi, and Paris have experienced ongoing periods of extreme air pollution,
which are causing acute respiratory illnesses, an increase in hospital admissions, and long-term health issues for
the local population [3, 4]. The quality of urban ecosystem services, labor productivity, and children's cognitive
development are all deteriorating at the same time [5—-6]. As a result, in order to create integrated platforms for
dense sensor networks, real-time data processing, and public risk alerts, governments and local authorities have
swiftly extended the network of air quality monitoring and started building smart cities [7, 8]. The development
of an enhanced urban environment will be aided by the achievement of high-spatial and high-temporal
resolution accurate and useful air quality predictions.

The challenge of developing a high-accuracy, high-reliability forecasting model for urban air pollution remains
unresolved despite recent technology breakthroughs. Although regulatory-grade monitoring networks are quite
accurate at measuring pollutants, they are spatially sparse; they only cover a tiny portion of the city and are
unable to capture neighborhood-scale variation brought on by localized emission sources and urban morphology
[9,10]. Cities can now gather vast amounts of multi-source spatiotemporal data with high coverage and
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resolution because to the widespread use of inexpensive sensors and satellite-based remote sensing [11,12]. A
wave of data-driven algorithms, including autoregressive moving average (ARMA), support vector regression,
random forests, extreme gradient boosting, and deep learning, have replaced physics-based dispersion models
in air pollution prediction techniques at the same time [13,14]. However, there are still three major issues: (i)
these models' limited generality for prediction in unmonitored or quickly changing urban areas because of sparse
data; (ii) real-time sensing is susceptible to missing values, anomalous readings, and concept drift; and (iii) highly
complex algorithms are difficult to understand, which hinders transparent decision support and public trust [15].
The efficiency and resilience of most existing methods in real-world operations are diminished because they do
not dynamically mix numerous sources of space and time.

In light of the aforementioned issues, this research introduces a novel framework for predicting urban air quality
that makes use of complex spatiotemporal feature engineering, ensemble learning, and many sources of sensor
data fusion. Utilize cutting-edge ensemble models like random forests and gradient boosting with adaptive
weighting strategies to increase accuracy and robustness. Gather real-time data from distributed sensor
networks and external platforms in the proposed system. Utilize an advanced feature extraction pipeline that
combines spatial autocorrelation, temporal dynamics, and cross-domain contextual information. The following
are this work's main contributions: (1) building a platform for data fusion and large-scale urban air quality
monitoring for fine-grained predictive analysis; (2) creating a new set of spatiotemporal features that can
precisely depict the distribution and variations of pollution in various metropolitan locations; (3) On large
datasets from real urban surveillance, experimental results demonstrate that this model performs better in
terms of explainability, stability, and generalization ability.

The technological background, primary motivations, and a list of relevant papers are presented in Section 2. The
system's overall architecture, techniques for spatiotemporal feature engineering, and an ensemble model
framework are presented in Section 3. In Section 4, enumerate all types of experimental verifications in terms
of interpretability analysis, sensitivity and robustness testing, and performance comparison. The research
findings, real-world applications, and future prospects of intelligent urban air quality prediction are presented
in Section 5.

Background and Motivations

Improving urban air quality is currently a major priority for both society and science due to the fast expansion
of urban populations and economic activity in China and throughout the world. To attain a higher temporal
frequency and spatial coverage, both national and local governments have made significant investments in the
development of all-weather, all-season, and all-weather air pollution monitoring networks in recent years [16—
17]. In the past, the majority of these networks have only set up a small number of monitoring stations that
consistently gather high-quality pollution data, like PM,s, NO,, Os;, etc. However, microenvironmental
fluctuations in various sections of a complex urban area that are driven by varying terrain, heterogeneous
emission sources, and rapid urbanization cannot be properly captured because of the intrinsically coarse spatial
resolution of these permanent locations [18]. Improved high-altitude remote sensing, including satellite
observation for broad-area measurement of pollution concentrations, and a vast network of mobile monitoring
devices, such as cars fitted with portable sensor stations or hand-held portable monitoring systems, have been
developed to address the aforementioned shortcomings [19, 20]. When taken as a whole, these advancements
have produced copious volumes of fine-grained, high-quality urban air quality data and laid the groundwork for
future generations of data-driven analysis and early warning systems.

Numerous phases in the development of prediction models have emerged along with the advancement of urban
air quality sensors. Autoregressive integrated moving average (ARIMA) and state-space models were the first
generation of statistical models for univariate time series forecasting in monitoring stations; while they offered
some support for short-term forecasts, they were constrained by assumptions like linearity and stationarity [21].
Random forest and support vector regression, which can handle complicated, non-linear interactions among
characteristics and high-dimensional data, are currently frequently employed algorithms for predicting air
pollution at different times due to the advancement of machine learning [22]. Deep learning based on CNNs and
LSTMs has also advanced recently in automatically identifying different kinds of complex spatiotemporal
connections [23]. However, these deep models are not appropriate for real-time operation in resource-
constrained urban management areas since they often require vast amounts of labeled data, significant
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computational resources, and exact regulation against overfitting. Furthermore, the majority of deep models
are "black boxes" that lack public accountability and transparency for decision-support systems [24].

The real situation in cities has not changed significantly, despite several advancements in the aforementioned
areas. Regulators and emergency response teams want models that can explain the causes behind these
projections, such as why and under what conditions they occur, because municipal authorities require accurate
short-term air quality forecasts [25]. Due to problems with data quality or model generality, the operational
system is currently unable to fully meet the timely, spatially precise notifications that ordinary citizens and other
vulnerable groups need to change their behavior and safeguard their health. Missing data, sensor malfunctions,
and frequent variations in emission patterns are prevalent issues in dynamic and unstructured metropolitan
regions, where these needs are more noticeable. As urbanization has progressed, many individuals are now
aware that in order to create more robust, accurate, and stable models, the next generation of air quality
prediction systems must incorporate many data types and employ spatiotemporal feature extraction.

Consequently, the following are the study's three scientific issues. First, how can meaningful patterns be
extracted and synthesized from noisy, unevenly distributed, multi-source urban sensor data using
spatiotemporal feature engineering pipelines? Second, what ensemble modeling techniques may be applied
flexibly to combine various predictive signals, improve forecast reliability in the face of data ambiguity, and
increase flexibility to changes in the urban environment? Third, how can the sophisticated models preserve
actionable openness and interpretability for practical use to facilitate public involvement and regulatory
decisions? To create a workable intelligent system for managing urban air quality that fully utilizes the wealth of
data, all of these issues must be resolved. An all-encompassing approach and experiments to overcome the
aforementioned shortcomings will be presented in the following sections.

Methodology

System Architecture and Data Workflow

In addition to being expandable, dependable, and transparent, a new, high-performance urban air quality
monitoring and forecast system must set up a steady flow of diverse data from many sources and produce
analysis results. This study's system's modular design makes it appropriate for growing the data source and
operating in numerous cities. A generic diagram of the entire framework for gathering initial data, disseminating
predictions, and receiving system response is shown in Figure 1.

Fixed-base stations and mobile-base stations are combined in the structure of the sensing and acquisition layer.
Fixed stations are the regulatory cornerstone of the majority of urban monitoring systems, feature high-
precision continuous measuring capabilities, and are often authorized by the government. However, we have
incorporated mobile sensors that may be put on cars, public transportation, or even carried by people to address
the issue of limited spatial resolution in a fixed network. These mobile units increase the spatial coverage of
regions that are typically not served by fixed installations, such as residential areas and transportation corridors.
Other external data sources, such as satellite remote sensing (aerosol optical depth), meteorological data
streams, and urban GIS layers (traffic, land use), can be added to the system to expand the diversity of data.

Assure dependability, security, and minimal latency in the Edge Devices' Data Transmission and Aggregation
Layer to the Central Data Warehouse. Edge computing nodes will now perform preliminary quality checks on
the data at the source, including basic anomaly filtering, range validation, and timestamp verification. Through
redundancy methods, data packets are transmitted in batch mode across an encrypted channel to lower the
chance of data loss due to equipment malfunction or network failure. For future tracking, rich metadata,
including the precise position, sensor type, and provenance tags, are appended to the incoming data.

After the data has been aggregated, it will be centrally handled and kept. The high-frequency geo-tagged multi-
modal data is stored in a scalable, high-performance time-series database system. Retrospectively train models
and effectively obtain data from real-time analytics pipelines. The data gathered by all sensor modules will be
normalized and consolidated into a single data structure to increase storage economy and analytical flexibility,
hence improving the ease of multi-platform operation.
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Through a number of procedures, the Data Processing and Feature Engineering Layer methodically cleans,
transforms, and expands raw data. Here, modules deal with outlier detection, de-duplication, sensor drift
correction, and missing value imputation. Crucially, the system creates a combined dataset for feature
engineering and model training after synchronizing data from several sources at the same time and location.

At the core sits the machine learning and ensemble prediction layer. This module leverages engineered features
to train, select, and apply a series of predictive models—ranging from individual regressors to sophisticated
ensemble structures—which infer both near-future pollutant concentrations and associated uncertainties.
Model workflows are orchestrated and monitored for performance drift, enabling automated retraining when
substantial changes in data patterns are detected.

Lastly, the obtained information will be disseminated via a variety of channels, such as public web and mobile
alert systems, municipal emergency management systems, etc., using the output and stakeholder interaction
layer. For the user, query the current forecast and past patterns; in certain implementations, offer real-time
comments or corrections. This feedback loop will provide ongoing modifications to data gathering and model
construction in response to urban developments.

The combination of these architectural components—sensor-agnostic data pipelines, edge-to-cloud
management, robust analytics, and open feedback loops—ensures the system can be rapidly deployed across
cities of varying scale and infrastructure maturity. Figure 1 visually encapsulates these coordinated layers,
illustrating both their individual roles and their interactions across the complete data lifecycle.

R S S eSS PTG 00 s o 5 =
| 1
\ 4 \ 4
Sensing Layer Stakeholyer
(Fixed/Mobile ( ) C—
Stations) =3 ﬂr
E3
/4-_\\\ Transmission & Centralized Scalable time-series
'~ 4 database, meta-
A Aggregation Layer Data Storage data tagging =
Feature Wirelessiion Feature Engineering Machine Learning & Stakeholder
Enginering Layer ‘Data Data Cleaning > & Prediction Layer > Output Layer
Goverment Stations Scalable time-series Feature Engineering Machine Learning & Output: Dashboards,
A slan 'M-cbveed Edge-data tagging & Data Cleaning Prediction Layer Alerts, Decision support
cndiivesiesais fre nivnociony
=4 Mobile - [neer compnietring - Oliter detection, Model Training: Municpal Authuiirioies
vehicle sensors Preminary Spatiotempooral Ensemble (RF, —
- Quality check, interpnination, XGBoost, NN), J?//
Portable nrecieciten and Context Model selection Emergency
vehide devices " = g Y
precotion Overiay and validation Public

Figure 1. System Architecture of Urban Spatiotemporal Air Quality Sensing and Prediction

Spatiotemporal Feature Engineering

The level of detail that is retrieved during the feature engineering process directly affects the predictions made
by a good urban air quality model. In order to enhance the quality of noisy real-world sensor data for ensemble
learning, the aforementioned framework will provide a bridge for spatiotemporal feature engineering. The two
types of modules in our pipeline are a generic module and a module for urban pollution that is inherently subject
to temporal, spatial, and physical constraints, as seen in Figure 2.

The process begins with rigorous data validation and cleaning. All incoming sensor streams are examined for
missing values, temporal and spatial inconsistencies, outliers, and evidence of sensor drift. Minor data gaps are
imputed based on a weighted combination of local time series continuity and neighboring station data. For

instance, a missing observation X, , at station i and time 7 is estimated as:
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ﬁllcd X 1
=4 K T +(1-p8)—— X, Eq. (1)
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where N(i) denotes the spatial neighbors of station i, and [ balances temporal and spatial interpolation

based on local missingness patterns. Systematic drifts and spikes-often arising from sensor aging or
environment-specific disruptions-are detected via robust statistical checks and corrected by cross-validating
against reference stations or high-confidence satellite data.

Once cleansed, time series undergo multi-scale temporal feature extraction. Lagged variables ( x,,_ for lags

O in {1,3, 6, 24} hours) form the backbone of autoregressive modeling, reflecting pollutant "memory" at

various timescales. Rolling averages and variances over moving windows

1 w—1

MA!") X, Eq. (2)

s=0
filter short-term volatility and reveal persistence or periodic surges. To capture structured temporal
heterogeneity, categorical features encode hour-of-day, day-of-week, holidays, and known intervention periods.
Seasonal-trend decomposition (e.g., via STL), partitions the series as
x;, = Trend,, +Seasonal, , + Remainder, , Eq. (3)
allowing the model to differentially learn background shifts and episodic events.

Spatial features are then engineered to leverage the urban monitoring network's full footprint. Direct spatial lag
features aggregate real-time observations from & nearest monitoring stations:

SpatlalAvg” = z xX; Eq. (4)

/ENk
while inverse distance weighting (IDW) interpolation extends predlctlons to locations lacking insitu sensors:

IDW ZJ'WIX./7f
'xs,t =
z_/wj
Wj = ? Eqg. (6)
5

where dS/, is the planar distance between location s and station j . Meteorological and contextual overlays-

Eq. (5)

such as wind (speed/direction), temperature, precipitation, road proximity, land use classification, and local
traffic density—are spatially joined, supplying exogenous predictors that modulate pollutant dispersion and
chemical transformation.

Crucially, we systematically construct spatiotemporal interaction terms to capture the nonlinear, event-driven
phenomena that simple additive models cannot. For example, the rapid increase in pollution due to rush-hour
traffic under stagnant atmospheric conditions is modeled as:

Interaction, , = Traffic, , x Stability,, Eq. (7)

where stability may be estimated from meteorological features like wind speed or temperature inversion indices.
Such terms allow the model to pick up on synergies and antagonisms unique to certain locations and times.

Given the inevitably high dimensionality resulting from these multi-scale and multi-domain features, we employ
both automatic relevance determination techniques and principal component analysis (PCA) for dimension
reduction and regularization. Tree-based models, trained iteratively, provide feature importance rankings,
aiding in the iterative culling of redundant or noisy predictors. Residual analysis from initial baseline models is
also used to construct new, higher-order temporal or spatial features based on modeling error correlations.

The complete pipeline, detailed in Figure 2, operates as follows:
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Synchronized, cleaned, and geo-tagged raw data enter the pipeline; Temporal features (lags, trends, cycles),
spatial aggregates, and contextual overlays are extracted in parallel; Spatiotemporal interaction and higher-
order terms are generated and appended; Feature reduction is carried out to yield a compact representation
best suited to the selected ensemble learning algorithms.

By engineering features in this hierarchical and domain-aware fashion, the prediction models achieve
heightened sensitivity to routine cycles and rare pollution surges, improved generalizability across
neighborhoods, and substantial interpretability for stakeholders. This systematic approach directly addresses
the twin challenges of complex data structure and the operational need for robust, explainable intelligence in
city air quality management.
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Figure 2. Workflow of Spatiotemporal Feature Integration and Ensemble Learning

Ensemble Modeling Approach

In the face of non-stationarity or high dynamism in the environment, a single predictive model frequently
performs poorly due to the noise and variability of urban air quality data. In order to improve prediction accuracy,
dependability, and generalization in both space and time, the system is based on an ensemble learning model
that combines multiple high-performance machine learning models.

By aggregating predictions from several similar models, an ensemble typically increases accuracy and
decreases the error of a single base model. The ensemble's main components are Random Forest (RF)
and eXtreme Gradient Boosting (XGBoost), with neural networks like Multi-layer Perceptrons (MLP)
incorporated in certain urban deployment scenarios. The same high-quality spatiotemporal feature set
created by the pipeline outlined in the preceding sections is used to train each model.

Let Xl.t denote the engineered feature vector for location i attime . Every base learner fm (m=1,....M,

with M models in the ensemble) is trained and validated using cross-validation, aiming to minimize a chosen
objective function (e.g., mean squared error for regression). The ensemble's final prediction for a given site and

time, ., is computed as a weighted sum of individual model outputs:

it?
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)A}i,x = iwmfm (Xi,t) Ea. (8)
m=1

where W = represents the assigned weight for each model. In scenarios where stacking is adopted, these

weights are learned through a meta-learner (usually a regularized linear regressor) trained on validation data,
optimizing for minimum overall validation error.

During model training, distinct hyperparameter optimization routines are applied for each algorithm. For RF, the
number of estimators, maximum tree depth, and feature subsampling ratios are tuned via grid or randomized

search. For XGBoost, learning rate, tree depth, regularization terms (}/,/1), and minimum child weight are

optimized with stratified crossvalidation to balance bias and variance:
1 LS k)
CV Loss = —Zb Eq. (9)
K=

where K is the number of cross-validation folds, and dk) is the loss function on fold & .

Stacking, as a second-layer ensemble strategy, involves collecting out-of-fold predictions from each base model

(m)

for the entire training set and fitting a meta-model to these predictions. Let Pl.t

denote the base prediction

for site i and time ¢ from model m . The stacked prediction can be summarized as:

~ (stack)

Vi :¢(P(1) P(z),...,P(M)) Eq. (10)

it 2Tt it

where ¢ is fitted to minimize an aggregate loss across validation data, such as mean absolute error or root
mean squared error.

To prevent overfitting and enhance model portability, out-of-bag (OOB) validation, feature importance analysis,
and error residual diagnostics are systematically deployed. These strategies not only guide model selection and
weighting but also inform the iterative refinement of the feature set, as potentially spurious or low-utility
predictors can be culled based on feature importance rankings (for example, using gain in XGBoost or Gini
importance in RF).

After model training and aggregation, post-processing ensures the physical plausibility and spatiotemporal
consistency of predictions. Outputs falling outside physically realistic ranges (e.g., negative concentrations or
extreme outliers) are clipped or flagged; temporal and spatial smoothing may be optionally applied using moving
averages or median filters where justified by domain knowledge. Model assessment employs multiple
mainstream metrics, computed globally and at fine-grained locations:

N ~
MAE:iZyl.—yi Eq. (11)
N3
1 Y S
RMSE = —Z(yl. —yij Eq. (12)
N3
N 2
N
Zil(yi _yij
R*=1- Eq. (13)

2
N Vv
Zi:l(‘yi _yj

where ¥, and y. are observed and predicted pollutant concentrations at sample i, and y is the mean

observed value.

Empirically, the ensemble modeling approach offers clear advantages over single-model baselines. Not only is
prediction error reduced and generalization to unseen locations and time periods improved, but the meta-model
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in stacking can automatically learn to privilege models best suited to current conditions-e.g., decision trees
excelling during abrupt pollution episodes, or neural networks handling subtle nonlinear interactions during
stable background periods.

The modularity of the proposed ensemble architecture supports easy extension to additional model types,
sensor modalities, and spatial domains. Its containerized implementation ensures scalability across multiple
urban deployments, sustaining performance despite evolving sensor networks and data regimes. In sum,
ensemble learning forms the methodological backbone of the Al prediction layer, underpinning the delivery of
actionable, reliable, and interpretable air quality intelligence for modern cities.

Mathematical Equations

Data Description and Spatial-Temporal Patterns

An whole dataset is needed to perform a comprehensive, high-precision test of an urban air quality forecast
system. A regionally tailored sensor network of 96 government-certified permanent monitoring stations and a
variety of mobile devices dispersed among public transportation, municipal vehicle fleets, and focused field
investigations served as the basis for data gathering for this project. In the area of traffic and commercial districts,
this combination of two designs produced a high-density data region while ensuring that it was representative
across space for generalization (see Figure 3).

There were some high-density sources of emissions induced by humans and less disturbed residential areas or
green spaces within the approximately 1,100 square kilometers of the region. Numerous monitoring stations
with diverse heights and locations in both urban and rural areas have been dispersed around the nation to cover
all regions and all kinds of emission sources. In order to address missing observations from the fixed-network
system, greater geographical granularity has been added by deploying more than 200 km of first- and second-
tier highways to create a systematic network for mobile sensors.

The main observation window spans two years, from January 2022 to December 2023, and data was gathered
hourly during this time. Over 1.62 million valid entries of pollutants, including PM,.", PM4', O3, NO,, SO,, and CO,
have been captured by the network throughout the aforementioned period. Temperature, relative humidity,
wind speed and direction, and other meteorological variables were simultaneously recorded together with
traffic and land-use characteristics. Just 2.4% of the data was missing; the majority of these gaps were caused
by scheduled maintenance or brief communication outages. The impacted intervals shorter than six hours were
addressed using spatial-temporal adaptive interpolation approaches; lengthier disruptions were identified and
removed from the model.

The dataset's descriptive statistics revealed significant environmental variations. Hourly PM, s concentrations
ranged from 6 to 225 pg/m3, while O; concentrations ranged from 3 to 218 pg/m3. The range of wind speeds
was 0.2 m/s to 12.8 m/s, while the average temperatures at all locations and periods were between -8.3 °C and
38.6 °C. The dataset included over 47 distinct high-pollution occurrences (defined as hourly AQl > 150), with the
highest recorded AQI reaching 312 during a winter inversion event in the industrial region.

There were noticeable temporal and spatial patterns of pollution. The deployment of monitoring units is
depicted in Figure 3. The yearly mean AQl at the station level ranges from 62 in parks and green belts to 157 in
traffic and industrial districts. While outlying and parkland stations showed relatively moderate magnitude and
autocorrelation, core urban corridors and industrial regions typically exhibited high AQls. High AQI clusters were
associated with low-ventilation subregions and recognized emission sources.

There are several seasons and times of day, as seen in Figure 4. Due to a combination of poor weather and
increased heating emissions, the daily average AQl was high in the winter (mean =97, IQR = 83-124), but in the
late spring and summer, the mean AQl was as low as 55-68. Notably, during the study period, a traffic surge on
a festival day was linked to the single worst hourly AQl rise, and at multiple urban core sites, PM, s exceeded
200 pg/m?3 and NO, exceeded 112 ug/m?3.

Statistical evaluation confirmed that the dataset met spatial and temporal representativeness criteria, with AQl
autocorrelation coefficients above 0.65 within a 4 km radius and significant persistence across 24-hour lags
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(Pearson r = 0.71 for PM5s, p < 0.01). The final data matrix thus robustly supports machine learning analysis,
providing feature-target relationships that mirror the underlying physical and social drivers of urban air quality.

In summary, the described data foundation—spanning over 1.6 million records, 96 fixed and 30 mobile sensors,
24 months, and a full suite of pollutants and meteorological variables—is methodologically validated, highly
representative, and forms a scientifically rigorous basis for all subsequent model development and evaluation

presented in this work.
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Model Performance and Interpretation

For this work, a reasonably comprehensive and representative spatiotemporal dataset was acquired, and the
model was then tested. Applications in urban management, justifications, and precision and resilience in all
contexts were presented. Repeated trials using hold-out, stratified cross-validation, and seasonal-split validation
produced the data displayed above. All of the aforementioned indications reveal the model's true capacity for
generalization rather than overfitting to a particular subset.

To ensure complete coverage, an ensemble learning system comprising Random Forest, XGBoost, and an MLP
stacker was tested on separate training, validation, and test sets. Season and area were randomly sampled for
each of the three. The root mean square error (RMSE) was 12.6, the coefficient of determination (R?) was 0.912,
and the mean absolute error (MAE) for AQl on the aggregate test set was 7.4. Under all pollution situations, the
aforementioned indicators demonstrate good agreement between the actual and anticipated values.

Subsequent investigation revealed various differences in the forecast results' time and space. For instance,
urban center stations had an average RMSE of 13.9 and a mean R2 greater than 0.88 due to their high
concentration of emission sources and frequent exposure to pollution episodes. The low-emission periphery
location, on the other hand, showed a comparatively low RMSE of 10.4 and MAE of 5.8. The prediction variance
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at these periphery areas momentarily rose in the presence of an occasional severe weather condition, like strong
winds, and R? was as low as 0.84 at one point.

Regarding seasonal variations, the model fared better in the summer, with an RMSE of less than 11.3 and an
MAE of less than 6.5, while the winter weather was more severe, resulting in an RMSE of 14.7 and an MAE of
8.1. The 95th percentile of the absolute error for every test sample across the entire dataset was less than 17
AQl units.

The model's generalization was further validated by performance in the other category divisions. For instance,
the average RMSE for monitoring in residential areas is 11.0, but it is 13.2 in high-traffic corridors. The high-
altitude station's R2 was more than 0.89. The inclusion or exclusion of mobile sensor data did not significantly
alter the MAE; models trained without mobile augmentation saw an increase of only 0.3 units.

Crucially, the system's peak predicting error was less than 9% in rare instances of significant importance, such
the February 2023 winter inversion event with a maximum hourly AQl surpassing 180 (highest absolute error of
15.5 units for the worst hour of the event). It is far superior to the conventional baseline, whose peak error
frequently surpasses 20% in comparable circumstances.

To demonstrate the causes, a thorough analysis of the models' feature importance has been conducted. Lagged
PM; s concentrations at 1 hour (normalized importance: 0.24), 6 hours (0.13), spatial neighborhood AQI mean
(0.11), wind speed (0.10), and hour-of-day (0.08) were the top three contributors to the final ensemble. "Traffic
intensity times wind stagnation" was one of the composite spatiotemporal interaction variables that accounted
for 0.07. The regime shift under short-term fluctuations was caused by wind direction and boundary-layer height.

A transparent meta-stacker for interpretability and tree-based models for their explicit feature importance have
been used to construct an ensemble. For instance, geographical lag and wind conditions more frequently and
better explained a sharp rise in AQI at the upwind end caused by emissions.

The government can benefit greatly from these in addition to the positive numbers. The place and time when
the primary cause of exceeding emission limits is concentrated can be targeted for intervention through feature
ranking. In order to accomplish real-time operation for modifying traffic management and targeting public
health alerts, a variety of stations and event modalities can be provided.

The proposed ensemble framework demonstrates not only quantitative superiority in AQl prediction but also
robust, explainable learning in heterogeneous urban environments. The system’s high accuracy and
interpretability directly translate into actionable intelligence for city managers and environmental policymakers,
facilitating immediate response to acute events and laying a foundation for resilient, longer-term urban
environmental planning.
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Figure 5. Feature Importance Heatmap for Combined Model

Heatmap visualization of standardized feature importance scores spanning temporal lags, spatial aggregates,
meteorological drivers, and interaction constructs, highlighting the leading factors in AQI prediction.
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Figure 6. Predicted vs. Observed AQI Scatter Plot

Scatter plot of ensemble-predicted versus ground-truth AQI values for the test set, with identity line (1:1) and
best-fit regression displayed, illustrating high predictive agreement and minimal systematic error.

Sensitivity and Robustness Analysis

The mean prediction error of an operational urban air quality forecasting model, its ability to adapt to changes
in input data and environmental conditions, and other intrinsic data flaws can all be used to evaluate the
accuracy's dependability. To confirm the robustness of the suggested system in the face of methodological and
real-world uncertainty, many focused sensitivity and stress tests were conducted.

The impact of core hyperparameters on prediction error was methodically investigated in the first set of trials.
Particularly significant are (1) the duration of the temporal window for delayed features and (2) the radius or
number of neighbors in the spatial neighborhood utilized to create spatial aggregation characteristics. The
aforementioned are meant to teach the model about local spatial correlation in the environment and short-term
memory.

Lengthening the temporal lag window from three hours to twenty-four hours generally decreased MAE for the
baseline and progressive pollution episodes, as Figure 7 illustrates, suggesting better capture of periodicity and
inertia effects. Nevertheless, during the season boundary transition, an extended extension (greater than 18
hours) only demonstrated a minor advantage and, in few instances, slight overfitting. Similar to this,
performance increased by gradually expanding the geographical range; at this point, regions with a radius of 4-
6 km displayed the lowest average RMSE, but this came at the expense of some loss in local specificity because
of the wider data. The forecast error for localized emission surges is somewhat higher at radii larger than 8 km
due to decreased signal dilution and spatial smoothing. In order to limit variance inflation and provide a stable,
comprehensible model with a smaller feature set, feature selection trials lowered the threshold for variable
inclusion (based on priority ranking).

In order to assess how effectively the model handled increasing degrees of missing data, 5-25% of sensor data
were randomly masked both geographically (at different random places) and temporally (by randomly removing
blocks) to imitate real-life issues during operation. The performance loss was negligible when the amount of
missing data was very modest and spatiotemporal interpolation could be employed for imputation; the test
RMSE rose by less than 3% at a 10% missingness rate. However, there were instances where the loss rate
exceeded 20%, especially when the extended time windows overlapped spatially (for example, because of
regional network failures); at this time, a comparatively significant decline in local accuracy was noted; however,
the global predictions remained stable due to redundant sensor coverage. Therefore, the high-stakes application
will need adaptive gap-filling algorithms and a relatively dense network design.

A sudden increase in pollution and systematic non-stationarity, such as emissions from a plant malfunction or
abrupt changes in wind direction and speed, were the two most difficult test scenarios. In this example, the
greatest instantaneous AQl error during the worst-case excursion was often less than 17 units, and the ensemble
model continued to outperform the individual learners. Sensitivity study demonstrates that spatiotemporal
interaction features linking upwind pollutant loads with local meteorology have been successful in reducing the
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rise in inaccuracy under these rapid shifts. In order to maintain forecast accuracy in the aforementioned
situations, the system's favorable layout allows for quick and easy feature adaption.

Engineering study of the entire model pipeline revealed that it encompassed real-world heterogeneity in both
the technical and environmental elements, experienced relatively minor data loss, and was fairly robust to
parametric uncertainty. Operations won't be disrupted while a new model is being trained since a module can
be swiftly added or deleted to accommodate unforeseen stress.

Urban authorities can make decisions with greater confidence and dependability when the model is stable under
stress. The framework would be able to maintain the helpful spatial patterns and time-escalation alarms for
prompt and focused responses even in the event of occasional data loss or other issues. The aforementioned
features can adapt to additional urban analytics issues and are appropriate for a city with a variety of sensor
systems and evolving data standards in the future. Line and heatmap visualization showing the relationship
between temporal lag length, spatial radius, and model MAE/RMSE, illustrating optimal parameter ranges and
graceful degradation in response to hyperparameter variation.

(a) MAE vs. Time Window (b) RMSE by Spatial Radius (c) MAE Heatmap
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Figure 7. Sensitivity Analysis of Spatiotemporal Window Size on Prediction Error

Conclusion

In order to address the complexity of various data sources in a city, this study presents a general-purpose,
modular framework for urban air quality prediction that is outfitted with rigorous spatiotemporal feature
engineering and ensemble learning. An exceptionally representative and high-fidelity dataset that supports the
development of physically grounded models and trustworthy downstream analysis has been produced by the
integration of dense fixed monitoring, mobile sensors, and several contextual data sources. Using sophisticated
cleaning and imputation techniques along with explicit temporal, spatial, and spatiotemporal interaction aspects,
this approach may transform the variability of the urban environment into intelligence that is ready for modeling.

Based on all of the aforementioned experiments, the ensemble model building scheme that combines neural
meta-learners and tree-based algorithms has demonstrated robustness against varying data quality and sporadic
missingness, as well as consistent high accuracy and strong adaptability to both spatial and temporal regime
shifts. The system has demonstrated good prediction skills and provides some support for targeted intervention
and quick reaction to acute pollution situations, according to the analysis results of feature importance and
model error. The developed solution satisfies the requirements for use in a smart city since it is stable under a
variety of technical and environmental challenges.

In the future, the following actions will be made to further increase the platform's value: (1) bolster the
integration of new sensor modalities and data types, including loT-based and participatory observations; (2)
create interpretable, domain-adaptive learning layers to improve model transparency; and (3) methodically
investigate transferability and model recalibration in various cities and regulatory contexts. The long-term, all-
weather monitoring system for urban environmental quality will continue to be strengthened and improved by
these advancements.
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