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Abstract

Forecasting fine particulate matter with a diameter of 2.5 um (PM:s) is critically important
due to its adverse effects on human health and environmental sustainability. Although
ground-based monitoring stations provide accurate measurements, their limited spatial
coverage restricts large-scale PM2s assessment, especially in complex urban regions. Con-
sequently, aerosol optical depth (AOD) derived from satellite imagery, combined with
advanced deep learning (DL) techniques, has emerged as an effective alternative by offer-
ing wide spatial coverage and rich spatio-temporal information. This paper proposed an
optimization-driven fuzzy transformer—deep belief network (ODFT-DBN) for accurate
PM:s air pollution prediction. The proposed framework integrates a fuzzy inference mod-
ule to model uncertainty and nonlinear environmental relationships, a transformer en-
coder to capture long-range spatio-temporal dependencies, and a DBN to extract hierar-
chical features and improve prediction robustness. In addition, a novel multi-objective
gray wolf optimizer (NMOGWO) is employed to jointly optimize the model hyper-pa-
rameters and fuzzy membership functions. The proposed approach is implemented for
the city of Tehran, Iran, using meteorological variables, topographical features, ground-
based PM:25 measurements, and satellite-derived AOD data. The ODFT-DBN model is
compared with several benchmark methods, including bidirectional encoder representa-
tions from transformers (BERT), transformer, long short-term memory (LSTM), gated re-
current unit (GRU), convolutional neural network (CNN), DBN, and extreme gradient
boosting (XGBoost). Experimental results demonstrate that the proposed framework
achieves superior predictive performance, attaining an R? value of 0.94 and root mean
square error (RMSE) of 0.8 pg/m3. Scatter plot analyses indicate a strong agreement be-
tween predicted and observed PM2s values, while the proposed model exhibits low vari-
ance, stable convergence behavior, and acceptable computational time. Overall, the re-
sults confirm the effectiveness, robustness, and practical applicability of the proposed
ODFT-DBN framework for spatio-temporal PM:s forecasting.
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1. Introduction

Rapid urbanization, industrial expansion, population growth, and increasing energy
consumption have significantly intensified air-pollution problems across modern metro-
politan regions [1]. In recent decades, large urban areas have experienced substantial in-
creases in vehicular traffic, industrial emissions, fossil-fuel combustion, and construction
activities, all of which contribute directly to atmospheric pollution accumulation. In addi-
tion, climate change, reduced green-space coverage, and unfavorable meteorological con-
ditions have further aggravated urban air-quality deterioration. As a result, air pollution
has become one of the most serious environmental challenges affecting both developed
and developing countries, particularly in densely populated cities where pollutant emis-
sions continuously exceed safe atmospheric thresholds [2—4].

The environmental impacts of urban air pollution extend far beyond atmospheric
degradation alone and directly affect public health, economic productivity, transportation
systems, and overall quality of life. High pollution levels can reduce visibility, damage
ecosystems, increase healthcare expenditures, and negatively affect workforce productiv-
ity due to pollution-related diseases [5]. Furthermore, urban air pollution imposes consid-
erable economic burdens on governments and healthcare systems through increased med-
ical costs, environmental mitigation expenses, and reduced labor efficiency. Conse-
quently, accurate monitoring and forecasting of air pollution have become critically im-
portant for supporting environmental management policies, smart-city planning, and sus-
tainable urban development strategies [6-8].

Among different atmospheric pollutants, particulate matter with an aerodynamic di-
ameter smaller than 2.5 um (PMo:s) is considered one of the most hazardous pollutants
due to its extremely small particle size and ability to penetrate deeply into the human
respiratory system [6-8]. Unlike larger particulate pollutants, PM2s particles can enter the
lungs and bloodstream, leading to severe respiratory illnesses, cardiovascular diseases,
lung cancer, asthma aggravation, and premature mortality. Long-term exposure to ele-
vated PM2s concentrations has additionally been associated with neurological disorders,
reduced life expectancy, and increased vulnerability among children, elderly populations,
and individuals with pre-existing health conditions [9-11]. Due to these severe health im-
plications, PM:2s5 has become one of the primary pollutants monitored by environmental
protection agencies and public-health organizations worldwide [12].

Tehran, the capital and largest metropolitan city of Iran, represents a prominent ex-
ample of a highly polluted urban environment facing severe PM:s challenges [4]. The city
experiences persistent air-quality problems due to a combination of heavy traffic conges-
tion, dense population, industrial emissions, rapid urbanization, and unfavorable geo-
graphical conditions. Tehran is surrounded by the Alborz Mountains, which restrict at-
mospheric circulation and intensify pollutant accumulation, particularly during cold sea-
sons characterized by temperature inversion phenomena. During winter months, stable
atmospheric layers trap pollutants near the ground, causing severe PM2s concentration
increases across central and southern urban regions [8]. These environmental and geo-
graphical conditions make Tehran an important case study for developing accurate and
robust PM2s forecasting frameworks capable of supporting real-world environmental
monitoring and pollution-management applications [4,8].

One of the major challenges in urban air-quality monitoring is the limited spatial
coverage of ground-based pollution monitoring stations. Although these stations provide
highly accurate pollutant measurements, their installation, maintenance, and operational
costs are typically expensive, resulting in sparse and uneven station distributions across
large metropolitan areas [13-15]. Consequently, many urban regions lack sufficient mon-
itoring coverage, making it difficult to accurately capture the spatial variability of PM2s
concentrations throughout the city. This limitation becomes particularly problematic in
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highly dynamic urban environments where pollution levels may vary significantly be-
tween industrial, residential, commercial, and traffic-intensive regions. Therefore, accu-
rate PM2s prediction and spatial estimation frameworks have become increasingly im-
portant for compensating for the insufficient spatial density of ground-monitoring infra-
structures [16].

To address these limitations, remote-sensing (RS) technologies and satellite-derived
environmental parameters have recently attracted considerable attention in air-pollution
forecasting applications [4]. In particular, aerosol optical depth (AOD) has emerged as one
of the most important satellite-derived indicators for PMzs estimation due to its strong
relationship with atmospheric aerosol concentration. Unlike ground-monitoring stations
with limited spatial coverage, satellite imagery provides continuous large-scale observa-
tions across entire urban regions, enabling more comprehensive spatial monitoring of at-
mospheric conditions [17-19]. AOD measurements obtained from satellite sensors reflect
the degree of light extinction caused by suspended aerosol particles in the atmosphere
and therefore provide valuable information regarding pollutant distributions and aerosol
loading conditions [20-22].

Recent studies have demonstrated that integrating AOD data with meteorological
variables and deep learning (DL) techniques can substantially improve PM:s prediction
accuracy and spatial coverage [23-25]. Since PM2s particles constitute a major component
of atmospheric aerosols, strong correlations are frequently observed between AOD meas-
urements and PM:zs concentrations, particularly under stable atmospheric conditions. Fur-
thermore, satellite-derived AOD enables continuous monitoring even in urban regions
where ground stations are unavailable or sparsely distributed. The combination of RS data
and intelligent learning frameworks therefore provides a highly promising solution for
developing accurate, scalable, and cost-effective air-quality forecasting systems capable of
supporting modern smart-city environmental-management applications [26-28].

In recent years, machine learning (ML) and DL techniques have played an increas-
ingly important role in air-pollution forecasting due to their strong capability for model-
ing complex nonlinear relationships within environmental datasets [29,30]. Unlike con-
ventional statistical approaches, ML and DL architectures can automatically learn hidden
patterns, temporal dependencies, and spatial interactions from large-scale heterogeneous
atmospheric data. As a result, these intelligent learning methods have significantly im-
proved the accuracy and robustness of PM2s prediction systems. Traditional ML algo-
rithms such as extreme gradient boosting (XGBoost) and random forests have demon-
strated effective regression capability for environmental forecasting, while advanced DL
architectures including bidirectional encoder representations from transformers (BERT),
convolutional neural networks (CNNs), long short-term memory networks (LSTMs),
gated recurrent units (GRUs), transformers, and deep belief networks (DBNs) have fur-
ther enhanced the capability of pollution prediction frameworks by enabling hierarchical
feature extraction and long-range temporal dependency learning [31-33].

Among modern DL approaches, transformer-based architectures have recently at-
tracted substantial attention because of their self-attention mechanisms and ability to
model complex spatio-temporal dependencies more effectively than conventional recur-
rent structures [25-27]. Similarly, DBN-based architectures have demonstrated strong ca-
pability for hierarchical probabilistic feature learning and nonlinear environmental repre-
sentation [28,29]. In addition, recent studies increasingly suggest hybrid intelligent frame-
works that combine multiple learning paradigms to exploit their complementary ad-
vantages. For example, integrating fuzzy reasoning with DL architectures can improve
uncertainty representation, while combining attention-based learning with hierarchical
feature extraction can significantly enhance environmental pattern recognition capability.
These hybrid architectures have demonstrated promising performance improvements in
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complex environmental forecasting applications and indicate a growing research trend
toward cooperative intelligent learning systems for accurate and robust PM:s prediction.

1.1. Related Works and Research Gaps

In recent years, extensive research efforts have focused on developing intelligent
frameworks for PM:2s prediction using heterogeneous environmental datasets and ad-
vanced ML/DL techniques. Due to the limited spatial coverage of ground-based monitor-
ing stations, many studies have increasingly incorporated satellite-derived remote-sens-
ing variables, particularly AOD, together with meteorological observations, geographical
information, and air-quality measurements to improve spatial pollution estimation and
forecasting capability [30-32]. The strong relationship between AOD and atmospheric
particulate concentration has made satellite imagery an important complementary data
source for large-scale PM2s monitoring applications. In parallel, the rapid advancement of
computational intelligence and DL architectures has significantly improved the capability
of environmental forecasting systems to model nonlinear atmospheric dynamics and com-
plex spatio-temporal pollutant relationships [33-35]. Consequently, various ML and DL
approaches, including convolutional neural networks, recurrent neural networks, trans-
formers, graph-based architectures, deep belief networks, and hybrid optimization-driven
frameworks, have been proposed in the literature to enhance PM:s prediction accuracy,
robustness, and generalization capability under diverse environmental conditions [36].

In [30], the authors proposed a decoder-only air transformer network (D-ATN)
framework for forecasting PM2s, PMuo, and air quality index (AQI) levels in several major
Indian metropolitan cities, including Delhi, Mumbai, Bengaluru, Chennai, and Kolkata.
The proposed approach integrated historical pollutant observations with meteorological
variables to improve spatio-temporal air-pollution prediction capability. The study
mainly focused on exploiting transformer-based attention mechanisms to capture long-
range temporal dependencies within atmospheric data. The proposed D-ATN model was
evaluated against several conventional and DL architectures, including autoregressive in-
tegrated moving average (ARIMA), XGBoost, random forest (RF), LSTM, and standard
transformer models. Experimental results demonstrated that the proposed transformer-
based framework achieved improved prediction accuracy compared with conventional
approaches. However, the study mainly relied on attention-based temporal learning and
did not incorporate uncertainty-aware fuzzy reasoning, hierarchical probabilistic feature
extraction, or adaptive multi-objective optimization mechanisms, which may limit its ca-
pability to fully model highly nonlinear and uncertain environmental relationships asso-
ciated with complex PM2s dynamics.

In [31], the authors proposed a multi-view ML framework for estimating PM25 con-
centrations using smartphone photographs and rigorously spatiotemporally registered
environmental datasets collected from Hebei and Fujian provinces in China between 2022
and 2024. Unlike conventional air-pollution forecasting studies that rely mainly on mete-
orological and monitoring-station data, the proposed approach utilized semantic image
features extracted from multiple regions within smartphone images, including vegetation
and sky regions. An XGBoost model was employed to establish the relationship between
extracted visual features and PM2s concentrations. Experimental results demonstrated
strong prediction performance, achieving R? values of 0.96 and 0.89, with root mean
square error (RMSE) values of 6.82 pg/m? and 3.63 ug/m? for the Hebei and Fujian da-
tasets, respectively. The study highlighted the importance of multi-view image analysis
and semantic feature extraction for improving image-based air-quality estimation.

In [32], the authors investigated PMas prediction in Jaipur city using air-pollution
measurements and meteorological variables collected between 2019 and 2023. The study
evaluated several ML and DL approaches, including multiple linear regression (MLR),
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support vector regression (SVR), artificial neural network (ANN), RF, k-nearest neighbors
(KNN), GRU, and CNN. A total of 39,645 environmental observations were analyzed after
preprocessing and multicollinearity assessment. The results revealed strong relationships
between PM2s concentrations and gaseous pollutants such as NOz, SOz, and NHs, while
sensitivity analysis indicated that SO: and Os exerted significant influence on PM:5 behav-
ior. Among all comparative models, the CNN architecture achieved the best performance
with an R? value of 0.98 and lower prediction errors compared with the other methods.
The study demonstrated the effectiveness of DL-based environmental prediction frame-
works for urban air-quality analysis.

In [33], the authors investigated monthly PMz2s concentration modeling and continu-
ous spatial-distribution estimation using several DL architectures under the environmen-
tal conditions of Iran. The study integrated satellite-derived variables, ground-based mon-
itoring observations, and meteorological parameters to improve spatial air-pollution esti-
mation capability. Several DL approaches, including multilayer perceptron (MLP), CNN,
LSTM, and convolutional long short-term memory (ConvLSTM), were implemented and
comparatively evaluated using RMSE and R? metrics. Experimental results demonstrated
that the ConvLSTM architecture achieved the best overall prediction performance with an
RMSE of 4.95 pg/m? and an R? value of 91.24%. In addition, sensitivity analysis revealed
that population density, AOD, NO, and rainfall were among the most influential envi-
ronmental variables affecting PM2s concentrations. The study highlighted the effective-
ness of combining satellite observations and DL techniques for large-scale air-pollution
estimation.

In [34], the authors proposed a hybrid PM:s prediction framework combining the
whale optimization algorithm (WOA), CNN, LSTM, and an attention mechanism (AM)
for daily air-pollution forecasting. The model was trained using meteorological and air-
pollution data collected between 2014 and 2018, aiming to improve both short- and me-
dium-term PMa2; prediction performance. The proposed WOA-CNN-LSTM-AM architec-
ture integrated convolutional feature extraction, temporal sequence learning, and atten-
tion-based contextual weighting, while the WOA optimizer was employed to enhance pa-
rameter tuning and prediction efficiency. Experimental results demonstrated strong fore-
casting capability, achieving mean absolute percentage error (MAPE), RMSE, and R? val-
ues of 14.29, 21.96, and 0.93, respectively. In addition, the model reduced prediction errors
by 39% compared with CNN and 34% compared with standalone LSTM architectures.

In [35], the authors proposed a spatio-temporal PM2s prediction framework based on
the integration of ConvLSTM and graph convolutional network (GCN) architectures for
hourly air-pollution forecasting across the Los Angeles region. The proposed model uti-
lized multisource remote-sensing imagery and environmental sensor data instead of ex-
plicit atmospheric physics or chemical mechanism modeling. Specifically, satellite obser-
vations from MODIS, TROPOM], and wildfire-related fire radiative power data were in-
corporated to capture the major environmental factors affecting PM2s concentrations. The
combination of ConvLSTM and GCN enabled the framework to jointly model temporal
pollutant evolution and spatial correlations among different monitoring regions. Experi-
mental results demonstrated significant improvements in RMSE and normalized RMSE
compared with existing spatio-temporal prediction approaches, highlighting the effec-
tiveness of integrating graph-based learning with sequential DL architectures for large-
scale environmental forecasting.

In [36], the authors investigated PM2s concentration estimation in Tehran, Iran, by
integrating AOD observations with several ML techniques. The study utilized high-reso-
lution MATAC AOD products with a spatial resolution of 1 km together with DB_DT AOD
products with a coarser spatial resolution of 10 km derived from NASA Terra and Aqua
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satellite platforms. Ground-based PM:s observations collected from 18 monitoring sta-
tions between 2011 and 2016 were employed for model development and validation. To
improve the relationship between satellite-derived aerosol measurements and ground-
level PMzs concentrations, several meteorological variables, including relative humidity
and planetary boundary layer height, were additionally incorporated into the prediction
framework. Among the evaluated ML approaches, the random forest (RF) model achieved
the best overall performance, obtaining an RMSE value of 17.52 pg/m?® and an R? value of
0.68. The study demonstrated the effectiveness of integrating satellite observations and
meteorological information for urban PM2s estimation. However, the authors reported
several important limitations, including reduced prediction accuracy during summer con-
ditions due to insufficient representation of aerosol precursor dynamics and secondary
pollutant formation processes. In addition, the relatively low spatial resolution of the
DB_DT AOD products limited the capability of the framework to accurately distinguish
complex urban land-cover characteristics and highly heterogeneous pollution patterns
across densely populated metropolitan regions.

In [37], the authors introduced a hybrid spatio-temporal PM:s forecasting framework
based on the integration of three-dimensional CNN (3D CNNs) and GRUs for air-quality
prediction in Tehran, Iran. The study utilized environmental data collected between 2016
and 2019 from 13 air-quality monitoring stations together with meteorological and auxil-
iary environmental variables. The proposed architecture employed 3D CNN layers to ex-
tract spatial pollutant features and GRUs to model temporal pollutant evolution and se-
quential atmospheric dependencies. Experimental results demonstrated that the pro-
posed 3D CNN-GRU framework achieved superior prediction performance compared
with traditional ML approaches such as SVR as well as several standalone DL architec-
tures, including LSTM and GRU models. The proposed framework obtained an R? value
of 0.84 and an RMSE of 7.15 ug/m?, highlighting the effectiveness of combining spatial
feature extraction and temporal sequence learning for PM2s forecasting. Nevertheless, the
study reported challenges associated with missing environmental observations and in-
consistencies within auxiliary datasets, which could negatively affect model robustness
and prediction stability under complex atmospheric conditions.

In [38], the authors proposed a GRU-based encoder—decoder (GRU-ED) framework
for forecasting hourly PM2s concentrations in New Delhi, India. The study investigated
short-term air-pollution prediction at 1 h, 8 h, and 24 h forecasting horizons using envi-
ronmental data collected between 2008 and 2010. To analyze the influence of different en-
vironmental factors, four distinct input configurations were evaluated, incorporating
combinations of meteorological variables, vehicle-population information, and emission-
related data. The proposed GRU-ED architecture was comparatively assessed against sev-
eral conventional ML and DL approaches. Experimental results demonstrated that the
GRU-ED framework achieved superior forecasting capability, particularly when all envi-
ronmental factors were jointly utilized. The best-performing configuration obtained an R?
value of 0.959 together with strong performance across multiple evaluation metrics. The
study additionally highlighted that meteorological variables exerted the strongest influ-
ence on PMas prediction accuracy among the evaluated environmental factors.

In [39], the authors investigated satellite-based PM2s estimation in Tehran, Iran, using
AOD observations retrieved from the MODIS sensor with a spatial resolution of 1 km over
a ten-year period spanning 2012 to 2023. The study focused on estimating ground-level
PM25 concentrations for six air-quality monitoring stations and comparing the predicted
values with measured observations obtained from the Tehran Air Quality Control Com-
pany. To improve the reliability of the AOD-PM:s relationship, several environmental
and meteorological conditioning variables were incorporated into the framework, includ-
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ing wind speed, wind direction, temperature, precipitation, NDVI, and visibility. In addi-
tion, genetic algorithm optimization and recursive feature elimination (RFE) were utilized
to identify the most influential environmental features affecting PM:s estimation accuracy.
Three ML approaches, namely RF, SVM, and Gaussian process regression (GPR), were
comparatively evaluated. Experimental results demonstrated that the RF model achieved
the best overall performance, providing prediction accuracies ranging from 94% to 98%
across the studied monitoring stations. The study highlighted the effectiveness of combin-
ing high-resolution satellite observations with environmental feature-selection strategies
for urban air-quality estimation. However, the proposed framework mainly relied on con-
ventional ML regression techniques and did not investigate advanced hybrid DL archi-
tectures capable of modeling complex spatio-temporal dependencies, uncertainty-aware
environmental interactions, or adaptive multi-objective optimization mechanisms for ro-
bust PM2s forecasting under highly dynamic atmospheric conditions.

Despite the significant progress achieved in PM2s forecasting studies, several im-
portant research gaps still remain unresolved in the existing literature. One major limita-
tion is the sparse spatial distribution of ground-based air-quality monitoring stations
across large urban regions. The high installation, maintenance, and calibration costs asso-
ciated with monitoring infrastructures restrict their deployment density, leading to insuf-
ficient spatial coverage in many metropolitan areas. Consequently, accurately capturing
localized pollution variations and heterogeneous urban atmospheric conditions remains
challenging. In addition, many existing forecasting frameworks still rely on conventional
or shallow learning strategies that cannot fully model highly nonlinear atmospheric inter-
actions and evolving pollutant dynamics under complex urban conditions.

Another important research gap is related to the limited capability of many existing
forecasting models to effectively exploit advanced intelligent learning paradigms and hy-
brid optimization-driven architectures. Although DL approaches such as CNNs, LSTMs,
and transformers have demonstrated promising performance improvements, many cur-
rent studies still employ standalone learning structures without integrating complemen-
tary learning mechanisms. As a result, the simultaneous modeling of uncertainty, hierar-
chical feature abstraction, and long-range spatio-temporal dependencies remains insuffi-
ciently explored. Furthermore, comprehensive comparative investigations among multi-
ple advanced ML and DL architectures are still limited in the literature, making it difficult
to fully evaluate the strengths and weaknesses of different environmental forecasting ap-
proaches under identical atmospheric conditions.

The quality and structure of environmental datasets additionally represent another
critical challenge in PM2s forecasting applications. Many environmental datasets suffer
from missing observations, temporal inconsistencies, sensor noise, and heterogeneous
spatial resolutions, which can significantly degrade prediction accuracy and model stabil-
ity. However, several existing studies provide limited discussion regarding comprehen-
sive data preprocessing strategies and robust refinement procedures prior to model im-
plementation. Moreover, the influence of spatially and temporally aligned heterogeneous
datasets on forecasting performance remains insufficiently investigated, particularly
when integrating satellite-derived observations with ground-based environmental meas-
urements.

Although satellite-derived environmental parameters such as AOD have recently at-
tracted substantial attention for air-pollution estimation, their effective integration within
intelligent forecasting systems still faces important challenges. Many existing studies uti-
lize AOD as an auxiliary feature without comprehensively investigating its nonlinear in-
teraction with PM2s concentrations under varying meteorological and atmospheric con-
ditions. Furthermore, limited research has explored uncertainty-aware modeling mecha-
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nisms capable of improving the robustness of AOD-based environmental forecasting un-
der noisy or incomplete observational conditions. As a result, the full potential of remote-
sensing variables for high-resolution PM2s prediction remains underexploited.

Finally, many current air-pollution forecasting frameworks still exhibit limited gen-
eralization capability when applied to dynamic real-world urban environments. Existing
models are often optimized for specific datasets or restricted geographical conditions and
may experience performance degradation when exposed to unseen atmospheric patterns
or spatially distinct regions. Moreover, the integration of auxiliary information sources
such as socioeconomic indicators, urban activity patterns, and unknown hidden environ-
mental factors remains relatively unexplored in current PM2s prediction studies. There-
fore, developing robust, adaptive, and uncertainty-aware hybrid forecasting frameworks
capable of handling heterogeneous environmental conditions and evolving real-world at-
mospheric dynamics remains an important open research direction.

1.2. Motivation and Contribution

The motivation behind utilizing satellite-derived AOD data in this study originates
from the limited spatial coverage and insufficient density of conventional ground-based
air-quality monitoring stations in large metropolitan regions such as Tehran. Although
monitoring stations provide highly accurate pollutant measurements, they are geograph-
ically sparse and incapable of comprehensively capturing fine-grained spatial variations
in PM2s concentrations across highly heterogeneous urban environments. Satellite-de-
rived AOD products offer extensive spatial coverage and continuous atmospheric obser-
vations, enabling large-scale environmental monitoring with significantly higher spatial
representativeness. In recent years, numerous studies have demonstrated the strong cor-
relation between AOD and ground-level PM:s5 concentrations, making AOD an effective
complementary environmental indicator for air-pollution estimation and forecasting ap-
plications.

In addition to AOD, this study integrates heterogeneous environmental datasets, in-
cluding meteorological observations, geographical variables, vegetation indicators, and
remote-sensing parameters, to construct a more comprehensive environmental represen-
tation framework. Variables such as temperature, humidity, pressure, wind speed, wind
direction, precipitation, land surface temperature (LST), water vapor, normalized differ-
ence vegetation index (NDVI), elevation, and spatial coordinates provide important con-
textual information regarding atmospheric dynamics, pollutant transportation, aerosol
accumulation, and seasonal environmental variability. Since PM2s behavior is strongly af-
fected by complex nonlinear interactions among meteorological, geographical, and an-
thropogenic factors, relying on a single environmental variable may lead to limited fore-
casting robustness and insufficient generalization capability. Therefore, integrating mul-
tisource environmental observations improves the capability of the proposed framework
to capture hidden atmospheric dependencies and heterogeneous spatio-temporal pollu-
tion patterns.

The motivation for integrating transformer and DBN architectures arises from the
complementary learning capabilities of these two DL paradigms. Transformer architec-
tures are highly effective in modeling long-range temporal dependencies and sequential
atmospheric relationships through self-attention mechanisms. In complex environmental
forecasting problems, pollutant evolution may depend on distant temporal observations
and nonlinear temporal interactions that conventional recurrent architectures often fail to
capture efficiently. Therefore, transformers provide a powerful mechanism for extracting
global contextual relationships and temporal attention patterns from heterogeneous envi-
ronmental sequences.
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On the other hand, DBN architectures provide strong hierarchical probabilistic fea-
ture extraction capability and are highly effective for discovering hidden nonlinear envi-
ronmental representations from complex multidimensional datasets. While transformers
primarily focus on long-range dependency modeling, DBNs are capable of generating
deep latent feature abstractions and enhancing representation robustness under noisy en-
vironmental conditions. Motivated by these complementary strengths, the proposed
ODFT-DBN framework combines transformer-based temporal attention learning with
DBN-based hierarchical feature abstraction to simultaneously improve contextual se-
quence modeling, nonlinear environmental representation learning, and forecasting sta-
bility. This hybrid integration addresses several limitations observed in standalone DL
architectures commonly used in previous PM:s forecasting studies.

Another major motivation of this study is the incorporation of fuzzy logic within the
proposed framework. Environmental systems and atmospheric pollutant dynamics inher-
ently contain uncertainty, vagueness, incomplete observations, and nonlinear relation-
ships that are difficult to model using crisp deterministic learning approaches alone.
Fuzzy systems provide uncertainty-aware reasoning capability by representing environ-
mental relationships using soft membership functions and fuzzy inference mechanisms.
Integrating fuzzy reasoning into the proposed architecture improves the capability of the
framework to handle ambiguous atmospheric conditions, noisy environmental observa-
tions, and uncertain pollutant behaviors more effectively. Furthermore, the fuzzy module
enhances interpretability and adaptive environmental representation within the hybrid
forecasting framework.

The motivation for employing the novel multi-objective gray wolf optimizer
(NMOGWO) optimization strategy originates from the highly nonlinear and high-dimen-
sional optimization characteristics of the proposed hybrid architecture. The simultaneous
optimization of transformer, DBN, and fuzzy-system hyper-parameters using conven-
tional gradient-based or trial-and-error approaches may lead to local optima, unstable
convergence behavior, and insufficient exploration of the solution space. Therefore, an
enhanced multi-objective gray wolf optimizer was utilized to improve global search ca-
pability, convergence stability, and optimization robustness. The proposed NMOGWO
framework enables simultaneous optimization of multiple conflicting objective functions
related to prediction accuracy, network complexity, hidden neuron configuration, and
fuzzy-system performance, thereby improving both model efficiency and forecasting re-
liability.

Finally, another important motivation of this work is the implementation of a com-
prehensive data preprocessing and refinement procedure prior to model development.
Environmental datasets frequently contain missing observations, inconsistent temporal
resolutions, noisy measurements, and heterogeneous spatial representations, which can
significantly degrade model performance and forecasting reliability. Therefore, extensive
preprocessing procedures, including normalization, temporal alignment, spatial synchro-
nization, feature refinement, and missing-data handling, were employed to improve data
consistency and environmental representation quality. This preprocessing pipeline en-
hances the capability of the proposed ODFT-DBN framework to learn robust atmospheric
relationships from heterogeneous multisource environmental observations while reduc-
ing the influence of noise and incomplete measurements on forecasting performance.

Unlike existing PM2s forecasting studies that primarily rely on standalone DL models
or simple hybrid architectures, the proposed ODFT-DBN framework introduces several
methodological and optimization innovations within a unified uncertainty-aware spatio-
temporal prediction framework. First, a fuzzy-guided attention mechanism is developed
to incorporate fuzzy relevance information directly into the transformer attention process,
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enabling uncertainty-aware temporal dependency learning and improving the represen-
tation of complex atmospheric interactions. Second, an adaptive transformer-DBN fusion
strategy is proposed to jointly exploit transformer-based contextual representations and
DBN-based hierarchical latent features, allowing the model to simultaneously capture
long-range spatio-temporal dependencies and deep nonlinear environmental patterns.
Third, a novel NMOGWO is introduced, which incorporates a theta-guided leadership
mechanism, Pareto-based non-dominated sorting, crowding-distance preservation, and
an adaptive nonlinear exploration-exploitation control strategy to improve convergence
stability, population diversity, and optimization robustness. Furthermore, the proposed
NMOGWO simultaneously optimizes transformer hyper-parameters, DBN structural pa-
rameters, fuzzy membership functions, and fuzzy-rule configurations within a unified
multi-objective framework. To the best of our knowledge, the integration of fuzzy-guided
transformer learning, DBN-based hierarchical feature abstraction, and the proposed en-
hanced NMOGWO for AOD-assisted PM2s forecasting has not been previously investi-
gated for Tehran’s highly heterogeneous atmospheric environment. Therefore, the pro-
posed framework provides a novel and comprehensive solution for uncertainty-aware,
robust, and accurate PM2s prediction using heterogeneous environmental datasets. There-
fore, the main contributions of this study are summarized as follows:

e  This paper introduces a novel hybrid ODFT-DBN framework for PMzs concentration
prediction by integrating fuzzy logic, transformer networks, DBNs, and NMOGWO;

e  This paper introduces an integrated fuzzy-transformer-DBN learning architecture
that combines transformer-based temporal attention mechanisms, DBN-based hier-
archical probabilistic feature extraction, and fuzzy reasoning strategies to simultane-
ously capture long-range spatio-temporal atmospheric dependencies, nonlinear en-
vironmental relationships, hidden latent representations, and uncertainty-aware pol-
lutant dynamics for robust PM:s forecasting under complex urban atmospheric con-
ditions;

e  This paper proposes an enhanced NMOGWO optimization framework with im-
proved exploration and exploitation capability through modified leadership updat-
ing and multi-objective optimization strategies for simultaneous hyper-parameter
optimization of the proposed hybrid architecture;

e This paper utilizes heterogeneous multisource environmental datasets, including
ground-based PM:5 measurements, meteorological observations, satellite-derived
AOD, NDVI, LST, precipitation, water vapor, elevation, and spatial information col-
lected over Tehran, Iran, as the study region;

e  This paper performs extensive comparative analysis against several ML and DL base-
line models, including BERT, transformer, DBN, GRU, LSTM, CNN, and XGBoost,
using multiple evaluation metrics such as RMSE, R?, MAPE, convergence analysis,
variance analysis, inference latency, and statistical ¢-tests;

e  This paper demonstrates that the proposed ODFT-DBN framework achieves supe-
rior prediction accuracy, convergence stability, robustness, and generalization capa-
bility compared with existing baseline approaches, highlighting its effectiveness and
potential applicability for future intelligent environmental monitoring and urban air-
quality forecasting systems.

1.3. Paper Organization

The remainder of this paper is organized as follows. Section 2 presents the overall
workflow of the proposed framework, including the study area, dataset description, data
preprocessing procedures, and the detailed mathematical formulation of each module
within the proposed ODFT-DBN architecture. This section additionally explains the trans-
former, DBN, fuzzy reasoning, and NMOGWO optimization components together with
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their interaction mechanisms. Section 3 presents the experimental results and comparative
performance analysis using multiple statistical and computational evaluation metrics un-
der different environmental conditions. Section 4 provides further discussion regarding
model robustness, computational complexity, inference behavior, and real-world gener-
alization capability for practical air-quality forecasting applications. Finally, Section 5 con-
cludes the paper and outlines several future research directions for improving intelligent
environmental forecasting systems and extending the proposed framework to other com-
plex spatio-temporal prediction applications.

2. Materials and Methods

Figure 1 presents the overall workflow of the proposed ODFT-DBN framework for
PM25 air pollution prediction. The proposed framework integrates satellite-derived AOD
data, ground-based PM2s measurements, meteorological information, and topographical
features within a unified spatio-temporal DL architecture. The primary objective of the
proposed model is to accurately estimate PM2s concentration levels by simultaneously
capturing nonlinear environmental relationships, spatial correlations, and temporal de-
pendencies. As illustrated in Figure 1, the framework consists of several sequential stages,
including data collection, preprocessing, fuzzy representation, transformer-based feature
extraction, DBN-based hierarchical learning, and evolutionary optimization. The detailed
mathematical formulations and implementation procedures of each stage are presented
in the following subsections.

Real World Classiincation
@ : "« - Transformer

yPs | Mg oowo -

e
!
Input Dataset FFNN
|
PM2.5 Data

Satellite-based Data
Ground-based Data

|

Data Preparation

Membership
> .
Functions

Output Layer

}

Trained ODFT-DBN — *
; \

R2, RMSE

Noise Reduction

Normalization

Missing Data

Spatial Interpolation

Figure 1. Overall workflow of the proposed framework for PM2s5 Air Pollution Prediction.

Initially, real-world environmental datasets are collected from multiple heterogene-
ous sources. These datasets include satellite-based AOD observations, ground monitoring
station PM25 measurements, meteorological variables, and topographical information as-
sociated with the study area. Since PM25 concentration is affected by complex atmospheric
conditions and environmental interactions, combining multiple data sources provides
more comprehensive information regarding pollutant behavior across both spatial and
temporal dimensions. This multi-source integration improves the capability of the pro-
posed framework to model complex pollution patterns and enhances prediction robust-
ness. After the data acquisition stage, several preprocessing operations are performed to
improve data quality and ensure reliable model training. As shown in Figure 1, the pre-
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processing stage includes noise reduction, normalization, missing data handling, and spa-
tial interpolation. Noise reduction is applied to eliminate abnormal fluctuations and meas-
urement inconsistencies from the environmental observations. Subsequently, normaliza-
tion is utilized to scale the variables into a unified numerical range, which facilitates stable
convergence during the training process. Missing observations are reconstructed using
interpolation-based approaches, while spatial interpolation techniques are employed to
preserve the spatial continuity of the environmental information across different geo-
graphical regions. Finally, the processed dataset is divided into training and testing sub-
sets for model development and performance evaluation.

Following preprocessing, the proposed framework employs a fuzzy inference mech-
anism to model uncertainty and nonlinear environmental relationships. PM2s prediction
is inherently associated with uncertain atmospheric dynamics and ambiguous interac-
tions among variables such as temperature, humidity, wind speed, and AOD. Therefore,
fuzzy membership functions are incorporated to transform the input variables into fuzzy
representations, allowing the framework to better handle uncertainty and improve pre-
diction stability. In addition, the parameters of the fuzzy membership functions are adap-
tively optimized using the proposed NMOGWO algorithm to further enhance learning
capability and prediction accuracy.

The extracted fuzzy representations are subsequently processed through the trans-
former encoder and DBN architecture. The transformer encoder utilizes a self-attention
mechanism and feed-forward neural network (FFNN) layers to capture long-range spatio-
temporal dependencies and contextual environmental relationships within sequential ob-
servations. This enables the framework to effectively learn complex temporal patterns as-
sociated with PM:2s variations. The transformer-generated features are then forwarded to
the DBN module, which performs hierarchical feature extraction and nonlinear represen-
tation learning. By integrating transformer-based temporal modeling with DBN-based
deep feature abstraction, the proposed ODFT-DBN framework can generate more in-
formative representations for accurate PM2s prediction.

Finally, the proposed NMOGWO algorithm jointly optimizes the hyper-parameters
of the transformer-DBN framework and the fuzzy membership functions to improve con-
vergence behavior and predictive performance. After completing the training phase, the
optimized ODFT-DBN model is evaluated using the testing dataset. The prediction per-
formance of the framework is assessed using statistical evaluation metrics such as the R?
and RMSE. Overall, the workflow presented in Figure 1 demonstrates how the proposed
framework combines data preprocessing, fuzzy reasoning, transformer-based spatio-tem-
poral learning, hierarchical feature extraction, and evolutionary optimization within a
unified prediction system for robust and accurate PMzs forecasting.

2.1. Case Study

The proposed framework is implemented and evaluated using environmental and
atmospheric data collected from Tehran, Iran. As the political, economic, and industrial
center of the country, Tehran represents one of the most complex urban environments in
the Middle East in terms of air quality dynamics and pollutant distribution. The city is
located along the southern edge of the Alborz mountain range and extends toward the
semi-arid plains of central Iran. This geographical configuration creates unique atmos-
pheric conditions that strongly influence pollutant accumulation and dispersion pro-
cesses. Figure 2 illustrates the geographical characteristics of the study region, including
the location of Iran on the global map, the position of Tehran province within the country,
and the detailed spatial distribution of pollution monitoring stations, meteorological sta-
tions, and elevation information across Tehran city [4].
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Figure 2. Geographical overview of the study area used in this work: (a) Global map indicating the
location of Iran; (b) map of Tehran province within the national boundaries; and (c) detailed spatial
representation of Tehran city showing pollution monitoring stations, meteorological stations, and

elevation distribution across the study region.
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Over the past several decades, extensive urbanization and population growth have
transformed Tehran into a highly populated megacity with dense residential, commercial,
and industrial districts. The metropolitan region currently hosts millions of residents and
experiences substantial daily transportation activity. The continuous expansion of high-
ways, industrial infrastructures, construction projects, and energy consumption has sig-
nificantly increased environmental pressure on the city. In addition, the concentration of
economic and governmental activities within Tehran has intensified traffic flow and fuel
consumption, both of which are major contributors to atmospheric pollution. The atmos-
pheric behavior of Tehran is heavily affected by its local climate and topographical condi-
tions. The city experiences a semi-arid climate with dry summers and relatively cold win-
ters. Seasonal meteorological variations strongly impact air quality conditions throughout
the year. During colder months, temperature inversion events frequently occur, forming
stable atmospheric layers that prevent the vertical movement of pollutants. Consequently,
suspended particles and gaseous pollutants remain trapped close to the ground surface
for extended periods. Furthermore, the mountainous terrain surrounding the northern
part of the city limits natural air circulation and reduces pollutant dispersion efficiency.

Among different air contaminants, PM2s has emerged as one of the most hazardous
pollutants affecting public health and environmental sustainability in Tehran. Fine partic-
ulate matter with a diameter smaller than 2.5 um is particularly dangerous because it can
penetrate deeply into the respiratory tract and bloodstream. Long-term exposure to ele-
vated PM2s concentrations is associated with respiratory illnesses, cardiovascular dis-
eases, reduced lung function, and increased mortality risk. In Tehran, PMzs5 concentration
levels frequently exceed international air quality standards due to the combined impact
of urban activities, industrial emissions, and adverse meteorological conditions. Vehicular
emissions are considered one of the primary sources of PM25 generation in the study area.
The city experiences severe traffic congestion on a daily basis, and a considerable portion
of the transportation fleet consists of older vehicles with insufficient emission control tech-
nologies. In parallel, industrial facilities located inside and around the metropolitan area
continuously release particulate pollutants into the atmosphere. Additional pollution
sources, including fossil fuel combustion, construction activities, and dust transport from
nearby dry regions, further contribute to the deterioration of air quality conditions across
Tehran [4].

Because PM2s concentration in Tehran is influenced by highly nonlinear interactions
among meteorological variables, topographical characteristics, urban emissions, and at-
mospheric processes, accurate prediction remains a challenging research problem. There-
fore, integrating satellite-derived AOD observations, ground-based monitoring data, and
advanced DL models provides a promising solution for improving air pollution forecast-
ing accuracy. The severe pollution conditions, diverse environmental characteristics, and
complex spatio-temporal pollutant behavior observed in Tehran make this region an ap-
propriate case study for evaluating the effectiveness and robustness of the proposed
ODEFT-DBN framework [4].

2.2. Dataset and Data Preparation

Accurate prediction of PM2s concentration requires the integration of multiple envi-
ronmental, atmospheric, meteorological, and spatial variables due to the highly dynamic
nature of air pollution formation and dispersion. PM:s levels are not governed by a single
factor; instead, they are influenced by complex interactions among weather conditions,
aerosol distributions, land surface characteristics, urban activities, and geographical prop-
erties. Therefore, this study utilizes a comprehensive multi-source dataset composed of
ground-based observations, satellite-derived remote sensing products, meteorological
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measurements, and spatial-temporal descriptors to provide a robust representation of the
environmental conditions affecting PM2s concentration across Tehran.

The selection of variables was primarily motivated by their demonstrated effective-
ness in previous air pollution studies and their direct physical relationship with particu-
late matter behavior. Meteorological variables, including maximum temperature, mini-
mum temperature, atmospheric pressure, humidity, wind speed, and wind direction,
strongly influence atmospheric stability, pollutant transport, chemical reactions, and par-
ticle accumulation processes. Temperature affects atmospheric mixing conditions and pol-
lutant formation rates, while wind characteristics determine the movement and disper-
sion of suspended particles throughout urban regions. Humidity and water vapor con-
tribute to aerosol growth and condensation mechanisms, whereas atmospheric pressure
is associated with stable atmospheric layers and temperature inversion events that fre-
quently intensify pollution episodes in Tehran.

In addition to meteorological information, several satellite-derived variables were in-
corporated to capture large-scale atmospheric and land-surface characteristics that cannot
be adequately represented using ground stations alone. AOD was selected as one of the
most important variables because it provides valuable information regarding aerosol
loading and atmospheric particle concentration. Since ground monitoring stations are
spatially sparse and unevenly distributed, AOD measurements extracted from satellite
imagery provide broader spatial coverage and improve the ability of the model to identify
regional pollution patterns. Similarly, LST was included to characterize surface thermal
conditions that influence atmospheric turbulence and pollutant transport mechanisms.
Total precipitation and water vapor were additionally considered because precipitation
removes particulate matter from the atmosphere, while atmospheric moisture affects aer-
osol formation and chemical interactions.

Spatial and geographical variables were also integrated into the dataset to represent
terrain characteristics and urban environmental conditions. Elevation was included be-
cause topographical structures significantly influence airflow circulation, pollutant accu-
mulation, and inversion formation. Tehran’s mountainous northern regions and lower
southern plains create heterogeneous atmospheric conditions that directly impact PM2s
distribution. Furthermore, the NDVI was incorporated to quantify vegetation density and
green-space distribution across the study area. Vegetation coverage plays an important
role in pollutant absorption, airflow modification, and local environmental regulation.
Temporal descriptors, including the day of the week, were also considered to capture var-
iations associated with traffic intensity, industrial activities, and urban mobility patterns
during different days.

To improve the spatial representativeness of the prediction framework, both ground-
based and satellite-derived datasets were jointly utilized in this study. Ground monitoring
stations provide highly accurate local measurements of PMz5 concentration and meteoro-
logical conditions; however, their spatial coverage is limited. In contrast, satellite obser-
vations offer extensive regional coverage and continuous spatial information but may lack
localized precision. Therefore, combining these complementary data sources enables the
proposed framework to simultaneously exploit the accuracy of ground observations and
the large-scale spatial capability of remote sensing products. This hybrid data integration
strategy enhances the ability of the proposed model to capture both local pollution dy-
namics and broader atmospheric patterns.

Ground-based PMzs concentration measurements were obtained from the Tehran Air
Quality Control Company. The dataset consisted of daily observations collected from 19
air-quality monitoring stations across Tehran during the period from 2014 to 2016. The
selection of these stations was based on data availability and temporal consistency
throughout the study period. Several monitoring stations were excluded from the analysis
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due to insufficient records. Specifically, three stations became operational after 2016 and
therefore did not provide observations within the target time window, while another sta-
tion contained only a single PM25 measurement during the entire study period. In addi-
tion, some stations lacked continuous daily observations, which limited their suitability
for long-term spatio-temporal modeling. Consequently, only stations with sufficiently
complete and reliable records were retained to ensure the consistency and quality of the
final dataset.

The selected monitoring network provides representative coverage of different urban
regions of Tehran and supports the investigation of spatial and temporal variations in
PM2s concentrations. The availability and distribution of monitoring stations are im-
portant factors in air-quality studies because they directly influence the ability to charac-
terize local pollution patterns and capture the effects of different emission sources. Nev-
ertheless, practical limitations associated with station deployment, operation, and mainte-
nance often result in incomplete spatial coverage. Therefore, the integration of station
measurements with satellite-derived environmental variables offers an effective approach
for improving the comprehensiveness and reliability of air-pollution assessment and pre-
diction.

Meteorological information, including maximum temperature, minimum tempera-
ture, wind speed, wind direction, atmospheric pressure, and relative humidity, was ob-
tained from five meteorological stations operating within the study area. These observa-
tions provide valuable information regarding the influence of atmospheric conditions on
PMo2s dynamics. In addition, several remote-sensing variables were extracted through
google earth engine (GEE), including AOD, elevation, NDVI, LST, total precipitation, and
water vapor. All satellite-derived variables were processed using dedicated GEE scripts
and subsequently integrated with the ground-based observations to establish a compre-
hensive spatio-temporal dataset for PM2s prediction (see Table 1).

Table 1. Summary of the spatial-temporal variables utilized in the proposed prediction framework.

Variables Unit Spatial Resolution Temporal Resolution

PM:s ug/m? Station Daily
Maximum Temp °C Station Daily
Minimum Temp °C Station Daily
Pressure (P) hPa Station Daily
Humidity (H) % Station Daily
Wind direction (WD) ° Station Daily
Wind speed (WS) m/s Station Daily
LST k 1 km Daily
Total precipitation (PE) mm/d 1 km Daily
Water vapor (WV) kg/m? 1 km Daily

NDVI N/A 250 m 16 Day

AOD N/A 1 km Hourly
Elevation (Ele) m 90 m N/A
Day of the week day N/A N/A
Latitude ° N/A N/A
Longitude ° N/A N/A

The reliability of PMzs prediction models strongly depends on the quality, con-
sistency, and completeness of the input dataset. Since the proposed framework integrates
heterogeneous data sources obtained from ground monitoring stations and satellite ob-
servations, several preprocessing and refinement operations were required prior to model
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implementation. Environmental and atmospheric datasets frequently contain noise, miss-
ing observations, inconsistent measurements, and spatial discontinuities caused by sensor
limitations, atmospheric interference, and irregular acquisition intervals. Therefore, a
comprehensive data preparation pipeline was designed in this study to improve the ro-
bustness and learning capability of the proposed ODFT-DBN framework. As illustrated
in Figure 1, the preprocessing stage consists of four primary operations, including noise
reduction, missing data reconstruction, normalization, and spatial interpolation.

Initially, a noise reduction procedure was applied to the collected time-series datasets
in order to eliminate abrupt fluctuations and measurement inconsistencies while preserv-
ing the underlying temporal patterns of the environmental variables. In this study, the
Savitzky—Golay filter was utilized due to its effectiveness in smoothing nonlinear signals
without destroying important structural characteristics such as peaks, trends, and local
variations. Unlike conventional moving-average filters, the Savitzky—Golay approach per-
forms local polynomial fitting within sliding windows, allowing the refined signal to
maintain its original temporal behavior. After several experimental evaluations, a win-
dow size of 7 and a second-order polynomial were selected to provide a suitable balance
between smoothing performance and feature preservation. Figure 3 illustrates the refined
PM2; time-series data after the noise reduction stage, where irregular fluctuations are ef-
fectively suppressed while the general temporal behavior and pollution peaks remain pre-
served. The selected filtering configuration was intentionally chosen to suppress meas-
urement noise while preserving major PM2s5 pollution episodes and extreme atmospheric
variations, thereby reducing the risk of over-smoothing.

PM
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0
0 500 1000 1500 2000 2500
Day

Figure 3. Refined temporal variation in the PM2s concentration data after the preprocessing.

Following the denoising stage, missing observations within the environmental and
satellite datasets were reconstructed to ensure temporal continuity and improve data
completeness. In practical environmental monitoring systems, missing values frequently
occur due to sensor malfunction, communication interruptions, atmospheric contamina-
tion, or inconsistent acquisition schedules. To address this issue, a Fourier-series-based
reconstruction approach was employed in this study. The Fourier series method approx-
imates temporal signals using combinations of sinusoidal functions with different fre-
quencies, enabling effective reconstruction of periodic and nonlinear environmental pat-
terns. Compared with conventional interpolation techniques, Fourier-based reconstruc-
tion is particularly suitable for atmospheric and meteorological time-series data because
many environmental variables exhibit seasonal and cyclic behavior. By utilizing the tem-
poral frequency characteristics of the datasets, the missing values were estimated while
preserving the natural variability and periodic trends of the original observations.

In addition to temporal refinement, spatial alignment of the environmental variables
was also required because meteorological stations and air pollution monitoring stations
are not spatially colocated throughout the study region. Therefore, spatial interpolation
was performed to estimate meteorological conditions at pollution monitoring locations.
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In this work, ordinary Kriging interpolation was adopted due to its strong capability in
modeling spatial autocorrelation and generating smooth spatial estimations. Kriging uti-
lizes the statistical relationships among neighboring observations through semivariogram
analysis to estimate unknown spatial values with minimized estimation error. Compared
with deterministic interpolation methods, Kriging provides improved spatial estimation
accuracy in heterogeneous urban environments where atmospheric conditions vary sig-
nificantly across different regions of Tehran. This interpolation stage enabled the creation
of a spatially consistent environmental dataset suitable for spatio-temporal learning.

After completing the reconstruction and interpolation stages, all variables were nor-
malized before being introduced into the proposed DL framework. Since the dataset con-
tains variables with different units and numerical scales, direct utilization of raw values
may lead to unstable convergence and biased learning behavior during training. To over-
come this issue, Min-Max normalization was applied to scale all variables into a unified
numerical range between 0 and 1. The normalized value of each variable was computed
as Equation (1):

x' = X = Xmin ( 1)

Xmax — Xmin
where xp,;, and x,,, denote the minimum and maximum load values within each
household profile.

This normalization strategy improves numerical stability, accelerates convergence,
and prevents variables with large magnitudes from dominating the optimization process.
Figure 4 presents the effect of the refinement process on the AOD time-series data. Figure
4a shows the original raw AOD observations, which contain noise, abrupt variations, and
incomplete measurements caused by atmospheric interference and satellite acquisition
limitations. In contrast, Figure 4b illustrates the refined AOD dataset after applying the
preprocessing pipeline, including noise reduction and missing data reconstruction. The
refined signal exhibits smoother temporal behavior and improved continuity while pre-
serving the primary atmospheric trends and aerosol variation patterns. These prepro-
cessing operations collectively improve the consistency and reliability of the integrated
environmental dataset, enabling the proposed ODFT-DBN framework to achieve more
accurate and stable PM2s5 prediction performance.
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Figure 4. Time series representation of AOD dataset: (a) Raw observations; (b) Refined observations.

Since the PM2s observations and the majority of the environmental variables were
organized at a daily temporal resolution, the hourly AOD observations were aggregated
to daily values before the data integration stage. Specifically, for each day, the daily AOD
value was calculated as the arithmetic mean of all available hourly AOD measurements
acquired during that day. This aggregation procedure ensured temporal consistency
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among the different environmental variables and facilitated the construction of a unified
daily spatio-temporal dataset for model development and evaluation.

To ensure reliable model evaluation and realistic forecasting assessment, the dataset
was divided into training and testing subsets using both temporal and spatial separation
strategies. Approximately 70% of the available samples were allocated for training, while
the remaining 30% were reserved for testing and performance validation. From the tem-
poral perspective, environmental observations collected during 2014 and 2015 were uti-
lized for model training, whereas the data corresponding to 2016 were exclusively em-
ployed for testing. This chronological separation allows the proposed framework to be
evaluated on future unseen observations, closely simulating practical real-world PMoas
forecasting scenarios. Such a strategy additionally minimizes the possibility of temporal
data leakage and ensures that the predictive capability of the model is assessed under
realistic atmospheric evolution conditions.

In addition to temporal separation, spatial independence between the training and
testing datasets was also considered to improve the robustness and generalization capa-
bility of the proposed framework. Specifically, several monitoring stations were com-
pletely excluded from the training process and reserved only for testing. Consequently,
the model was evaluated using spatial locations that were never observed during training.
This strategy provides a more challenging but realistic validation setup because environ-
mental forecasting systems in practical applications frequently encounter new urban re-
gions and previously unseen monitoring locations. Although spatially independent vali-
dation may slightly reduce testing accuracy compared with random data splitting ap-
proaches, it provides a more reliable assessment of the real-world generalization capabil-
ity of the prediction framework.

Furthermore, the distributions of major environmental variables, including PM:s
concentration levels and meteorological parameters, were analyzed across both training
and testing subsets to ensure balanced representation and prevent distribution bias. This
balanced validation framework improves the reliability of the obtained experimental re-
sults and provides a more comprehensive evaluation of the capability of the proposed
ODFT-DBN architecture to model highly dynamic and heterogeneous spatio-temporal at-
mospheric conditions.

2.3. Transformer Encoder

Transformer networks have recently emerged as one of the most powerful DL archi-
tectures for modeling sequential and spatio-temporal data due to their strong capability
in capturing long-range dependencies and contextual relationships. Unlike conventional
recurrent architectures, such as recurrent neural networks (RNNs), LSTM, and GRU,
transformer models process the entire input sequence simultaneously through an atten-
tion mechanism rather than sequential recursion. This parallel learning structure signifi-
cantly improves computational efficiency and enables the model to better capture complex
nonlinear interactions among environmental variables distributed across different tem-
poral intervals. Because PM2s concentration is highly dependent on historical atmospheric
conditions and long-term environmental patterns, transformer architectures are particu-
larly suitable for air pollution forecasting applications. The core component of the trans-
former encoder is the self-attention mechanism, which allows the model to dynamically
identify the relative importance of different temporal observations within the input se-
quence. In PM2s prediction problems, environmental variables observed at earlier time
intervals may still significantly influence future pollution concentrations due to delayed
atmospheric reactions, pollutant transport, and meteorological interactions. Therefore, the
self-attention mechanism enables the proposed framework to effectively learn both short-
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term and long-term dependencies within the environmental dataset. In addition, trans-
former encoders exhibit strong feature extraction capability in high-dimensional hetero-
geneous datasets, making them highly effective for integrating meteorological, satellite-
derived, and spatial variables simultaneously. Figure 5 illustrates the overall architecture
of the basic transformer encoder utilized in the proposed framework.
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Figure 5. Structural representation of the transformer encoder architecture.

As shown in the figure, the input environmental features are first transformed into
embedding representations and combined with positional encoding information. Since
transformer networks do not inherently preserve temporal ordering, positional encoding
is incorporated to provide sequential information regarding the relative positions of ob-
servations within the input time series. The embedded representations are subsequently
forwarded into the multi-head attention module, which represents the primary learning
component of the transformer encoder.

Within the multi-head attention mechanism, the input sequence is projected into
three different representations, namely query (Q), key (K), and value (V) matrices through
linear transformation layers. These matrices are utilized to compute the scaled dot-prod-
uct attention, which determines the relationship and dependency strength among differ-
ent temporal observations. The attention operation enables the model to focus on the most
informative environmental features and temporal intervals relevant to PMzs prediction.
Multiple attention heads are simultaneously employed to learn different contextual rela-
tionships from various representation subspaces. The outputs generated by all attention
heads are concatenated and passed through an additional linear transformation layer to
produce the final attention representation. After the attention stage, the extracted contex-
tual features are processed through a FFNN layer to further enhance nonlinear feature
learning capability. Residual connections and normalization layers are additionally incor-
porated after both the attention and FFNN blocks to stabilize the training process, im-
prove convergence behavior, and mitigate gradient degradation problems in deep archi-
tectures.

Equations (2) and (3) define the positional encoding mechanism used in the trans-
former encoder. Since the transformer architecture processes the input sequence in paral-
lel, it does not inherently preserve temporal ordering information. Therefore, sinusoidal
positional encoding is incorporated to provide sequential information regarding the rela-
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tive position of each observation within the input time series. By combining sine and co-
sine functions with different frequencies, the model can effectively capture both short-
range and long-range temporal dependencies among environmental observations.

_( pos
PE(0s2i) = sin (W) )
pos
PE(pos2i+1) = €OS (W) (©)

where pos is the position index; i is the dimension index; d is the embedding size.

Equations (4)—(6) represent the linear transformation process used to generate the
query, key, and value matrices from the input feature representation. These three matrices
form the core components of the self-attention mechanism. The query matrix determines
which temporal information should be emphasized, the key matrix represents the contex-
tual characteristics of the input sequence, and the value matrix contains the corresponding
feature information utilized during the attention computation process.

Q=7we, @)
K = Zwk, (5)
V=2Zw" (6)

where W?, WX, and WV are learnable weight matrices responsible for transforming the
input into distinct subspaces.

Equation (7) describes the scaled dot-product attention mechanism employed within
the transformer encoder. In this operation, the similarity between the query and key ma-
trices is first calculated to determine the dependency strength among different temporal
observations. The resulting attention weights are then normalized using the softmax func-
tion and multiplied by the value matrix to generate contextual feature representations.
The scaling factor is additionally incorporated to stabilize the gradient behavior and pre-
vent excessively large attention values during training.

- =

) RN QK
Attention (Q, K, V) = softmax

\/d_)V 7
K

—

where dy is the dimensionality of each attention head.

Equations (8) and (9) formulate the multi-head attention mechanism. Instead of learn-
ing a single attention representation, multiple attention heads are simultaneously utilized
to extract different contextual relationships from various feature subspaces. Each attention
head independently performs the self-attention operation using separate learnable projec-
tion matrices. The outputs of all attention heads are subsequently concatenated and line-
arly transformed to generate the final multi-head attention representation. This structure
significantly improves the capability of the transformer encoder to capture complex spa-
tio-temporal dependencies within environmental datasets.

MultiHead (G, K,V) = Concat(head,, head,, ..., head,)W°, ®)

head, = Attention(awg, Kw¥, V)W}’) )

i

Equation (10) defines the FFNN layer used after the attention mechanism. The FFNN
performs nonlinear feature transformation through fully connected layers and activation
functions, enabling the model to further enhance high-level feature representations ex-
tracted from the attention stage. This operation improves the discriminative capability of
the learned environmental features associated with PM2s prediction.
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FFNN (%) = ReLU(0, %W, + b,)W, + b, (10)

where X is the input vector corresponding to a single token or position in the sequence;
W is the weight matrix; b is bias vector.

Finally, Equations (11) and (12) represent the residual connection and layer normali-
zation operations integrated into the transformer encoder architecture. Residual connec-
tions help preserve the original feature information and mitigate gradient degradation
during deep network training, while layer normalization improves numerical stability
and accelerates convergence. Together, these operations enable the transformer encoder
to learn robust and stable spatio-temporal representations from complex atmospheric and
environmental datasets.

Z; = LayerNorm (Z + MultiHead (6, I_(), V)), (11)

5

Zou = LayerNorm (Z + FFNN (Z)) (12)

2.4. DBN

DBNs are probabilistic DL architectures designed to learn hierarchical and high-level
feature representations from complex datasets. A DBN is generally constructed by stack-
ing multiple restricted Boltzmann machines (RBMs), where the output of each RBM serves
as the input of the subsequent layer. Unlike conventional shallow neural networks, DBNs
can effectively extract hidden nonlinear patterns and representative features through
layer-wise unsupervised learning. This hierarchical learning capability makes DBNs
highly suitable for environmental and atmospheric prediction problems characterized by
high-dimensional, nonlinear, and heterogeneous data distributions.

In PMz; forecasting applications, pollutant concentration is influenced by numerous
interacting environmental variables, including meteorological conditions, aerosol dynam-
ics, spatial characteristics, and temporal dependencies. These variables often exhibit
highly nonlinear relationships that are difficult to capture using traditional machine learn-
ing approaches. Therefore, DBNs provide an efficient solution by progressively learning
abstract feature representations from lower-level environmental observations. The lay-
ered structure of DBNs enables the framework to identify hidden pollutant patterns, com-
plex feature interactions, and latent environmental structures associated with PM2s con-
centration variations. Figure 6 illustrates the generic structure of the DBN utilized in the
proposed framework.
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Figure 6. Overall structural representation of the DBN architecture.
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As shown in the figure, the DBN consists of an input layer, multiple hidden layers
formed by stacked RBMs, and an output layer responsible for final prediction generation.
Initially, the environmental features extracted by the transformer encoder are forwarded
into the first RBM layer, where low-level feature representations are learned. The learned
representations are then propagated through deeper RBM layers to gradually capture
more complex and abstract environmental relationships. Finally, the extracted high-level
features are delivered to the output layer to generate the final PM2s prediction results.
Equation (13) defines the energy function of the RBM layer within the DBN architecture.
This energy-based formulation measures the relationship between the visible units and
hidden units of the network. Lower energy values indicate stronger compatibility be-
tween the input environmental features and the learned hidden representations. Through
this mechanism, the RBM can effectively capture nonlinear dependencies and hidden
structures within the PM2s dataset.

E(w,h) = —v"Wh—bTv—c"h (13)

Here, v denotes the visible vector; h the hidden vector; W the weight matrix connecting
visible and hidden units; b and ¢ represent the bias vectors for visible and hidden layers,
respectively.

Equations (14) and (15) represent the joint probability distribution and partition func-
tion of the RBM model, respectively. Equation (14) computes the probability associated
with a specific configuration of visible and hidden units based on the energy function,
while Equation (15) defines the normalization term required to ensure a valid probabilistic
distribution. These probabilistic formulations allow the DBN to model complex environ-
mental feature distributions and improve representation learning capability.

P(v,h) = %exp(—E(v, h)) (14)

Z= Zv'hexp(—E(v, h)) (15)

In this expression, Z is the partition function, which ensures that probabilities are
properly normalized. From the joint distribution, the marginal probability of a visible vec-
tor can be derived.

Equation (16) formulates the marginal probability of the visible vector by summing
over all hidden unit configurations. This operation enables the DBN to estimate the prob-
ability distribution of the observed environmental data while incorporating latent hidden
representations extracted from the RBM structure. Consequently, the network can better
model the statistical characteristics of PMzs-related variables.

P(v) = %Zhexp(—E(v, h)) (16)

Equations (17) and (18) describe the conditional activation probabilities of the hidden
and visible units, respectively. Equation (17) computes the probability of activating hid-
den neurons based on the observed visible input features, while Equation (18) recon-
structs the visible units from the hidden representations. These bidirectional probabilistic
interactions enable the RBM to iteratively learn representative latent environmental fea-
tures and preserve important nonlinear relationships among atmospheric variables.

P(hyj=1|v) = a(zlviwﬁ +cj> (17)
P;=1|h) =0 (Z W + bi> (18)
J
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where o(.) is the logistic sigmoid function.

Finally, Equation (19) represents the hierarchical probabilistic formulation of the
DBN architecture. In this structure, multiple hidden layers are stacked sequentially, where
each layer learns increasingly abstract feature representations from the output of the pre-
vious layer. As the information propagates through deeper layers, the DBN gradually
captures high-level spatio-temporal environmental patterns associated with PM25 concen-
tration dynamics, thereby improving the overall prediction capability of the proposed
framework.

L-1
P(o, %12, . k) = Pl R [ [ PG R*PCRY) (19)
=1
In this formulation, h',h?, ..., h" represent the hidden layers of the DBN, with higher lay-
ers modeling increasingly abstract features.

2.5. NMOGWO

The GWO is a population-based meta-heuristic optimization algorithm inspired by
the social hierarchy and cooperative hunting behavior of gray wolves in nature. Due to its
strong exploration capability, simple mathematical structure, and efficient convergence
behavior, GWO has become one of the widely adopted optimization techniques in engi-
neering, ML, and DL applications. Unlike traditional gradient-based optimization meth-
ods, GWO does not require differentiable objective functions and can effectively solve
highly nonlinear, nonconvex, and multi-dimensional optimization problems. These char-
acteristics make GWO particularly suitable for optimizing the hyper-parameters of com-
plex DL architectures and fuzzy systems used in PMzs prediction problems [40,41].

In environmental forecasting applications, optimization plays a critical role because
the predictive performance of DL models is highly dependent on parameter selection, net-
work configuration, and fuzzy membership tuning. Improper parameter initialization
may lead to slow convergence, local optimum stagnation, and unstable prediction perfor-
mance. Therefore, evolutionary optimization methods such as GWO provide an efficient
mechanism for adaptively searching the solution space and identifying near-optimal pa-
rameter configurations. Compared with several conventional optimization algorithms,
GWO offers a balanced tradeoff between global exploration and local exploitation while
maintaining relatively low computational complexity.

The optimization process of GWO is inspired by the hierarchical leadership structure
observed in gray wolf packs. In this hierarchy, wolves are divided into four main catego-
ries, namely alpha, beta, delta, and omega. The alpha wolf represents the best candidate
solution obtained during the optimization process and is considered the primary leader
responsible for guiding the search behavior of the population. The beta and delta wolves
correspond to the second and third best candidate solutions, respectively, and assist the
alpha wolf in directing the hunting process. The remaining wolves are classified as omega
wolves, which update their positions according to the guidance provided by the dominant
wolves [40].

The hunting mechanism of GWO mainly consists of three stages: searching, encir-
cling, and attacking the prey. During the searching stage, gray wolves explore different
regions of the solution space to identify promising candidate solutions. Once potential
prey locations are identified, the wolves begin to encircle the prey by updating their posi-
tions relative to the dominant wolves. Finally, during the attacking stage, the wolves grad-
ually converge toward the prey location to refine the solution and improve optimization
accuracy. This adaptive cooperative behavior enables GWO to effectively balance explo-
ration and exploitation throughout the optimization process, thereby reducing the prob-
ability of premature convergence and improving solution quality.

https://doi.org/10.3390/math14132402



Mathematics 2026, 14, 2402

25 of 67

Equations (20) and (21) describe the encircling behavior of gray wolves during the
optimization process. In the standard GWO algorithm, wolves gradually update their po-
sitions relative to the estimated prey location, which corresponds to the current optimal
solution in the search space. Equation (20) computes the distance between the prey posi-
tion and the current wolf position, while Equation (21) updates the position of the wolf
according to the estimated prey location and adaptive coefficient vectors. Through this
mechanism, candidate solutions iteratively move toward promising regions of the search
space. Equations (22) and (23) define the adaptive coefficient vectors utilized during the
position updating process. These coefficients control the exploration and exploitation be-
havior of the algorithm throughout the optimization iterations. The coefficient vector
gradually decreases during the optimization process, enabling the wolves to initially ex-
plore the search space broadly and later focus on local exploitation around the best can-
didate solutions. Meanwhile, the coefficient vector introduces stochastic variations into
the search behavior, improving population diversity and reducing the probability of
premature convergence [41].

D =CX,(t) - X(t), (20)
X(t+1)=CX,(t) - A.D, (21)
A =2at —d, (22)

¢ =27 (23)

where X is the position vector of a gray wolf, X p is hunting position vector, A and C
are coefficient vectors, 7, and 7, are random vectors in the interval [0, 1]; the @ vector
is linearly reduced from 2 to 0 during the repetition.

Equations (24)—(26) formulate the cooperative hunting mechanism of the GWO algo-
rithm. In this stage, the three dominant wolves, namely alpha, beta, and delta, guide the
movement of the remaining wolves in the population. Equation (24) computes the dis-
tances between the current wolf and each of the three leading wolves. Subsequently,
Equation (25) estimates three candidate positions corresponding to the guidance provided
by the alpha, beta, and delta wolves. Finally, Equation (26) updates the position of the
current wolf by averaging these candidate positions. This cooperative updating strategy
improves the balance between global exploration and local exploitation while enhancing
optimization stability [29].

Ba = |C_)1)_()0( —)_()l, BB = |C2Xﬁ —)_()|, 55 = |E3)?5 —)_() , (24)

X,=X,-4,.D)) X,=X;—4,.(Dp), X;=Xs—4;5.(Dg), (25
. X+ X +X

Xe+1n="—">2 (26)

3

where X a,)?ﬁ,)? s are the positions of the three leading wolves, Ba, BB' 55 are respective
distances to each leader, ﬁl,jz,ff&(i, 52,53 updated coefficient vectors, and )?1,)?2,)?3
are intermediate candidate positions.

Figure 7 illustrates the position updating process in the standard GWO. As shown in
the figure, the current wolf updates its movement according to the relative positions of
the alpha, beta, and delta wolves surrounding the prey region. The adaptive coefficient
vectors dynamically modify the movement direction and search radius during the opti-
mization process. In the early iterations, the wolves perform broader exploration across
the solution space, while in later iterations the search gradually concentrates around the
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optimal region. This adaptive hunting behavior enables GWO to efficiently search com-
plex nonlinear optimization spaces and improve convergence performance [29].

Figure 7. Illustration of the position updating mechanism in the conventional GWO algorithm.

Although the standard GWO algorithm demonstrates strong optimization capability
in many engineering applications, it still suffers from several limitations when dealing
with highly nonlinear and high-dimensional optimization problems. One of the primary
weaknesses of the conventional GWO is the imbalance between exploration and exploita-
tion during the optimization process. In the early iterations, the wolves may excessively
explore the search space without sufficiently refining promising candidate solutions,
while in later stages the population may converge prematurely around suboptimal re-
gions. This issue can reduce optimization accuracy and limit the capability of the algo-
rithm to identify the global optimum. Another limitation of the standard GWO is its heavy
dependence on only three dominant wolves, namely alpha, beta, and delta, for guiding
the entire population. Although this leadership mechanism improves convergence speed,
relying solely on three leaders may reduce population diversity and increase the proba-
bility of local optimum stagnation, particularly in complex optimization landscapes with
multiple local minima. Furthermore, the averaging strategy utilized in the standard posi-
tion updating process may weaken exploitation capability near the optimal region and
slow down the final convergence behavior of the algorithm.

In the proposed PM:s prediction framework, the optimization problem involves sim-
ultaneous tuning of transformer hyper-parameters, DBN parameters, and fuzzy member-
ship functions within a highly nonlinear spatio-temporal learning environment. Such op-
timization tasks contain complex multidimensional search spaces with strong parameter
interdependencies. Therefore, utilizing a more robust optimization strategy is essential to
improve convergence stability, enhance exploitation capability, and prevent premature
convergence during training. To address these limitations, an enhanced optimization
mechanism is introduced in this study by incorporating an additional dominant wolf into
the conventional GWO hierarchy.

Specifically, a new leadership wolf referred to as theta is integrated into the optimi-
zation framework to strengthen the guidance mechanism during the position updating
process. The proposed theta wolf acts as an additional high-quality candidate solution
positioned immediately after the alpha wolf in terms of fitness ranking. By introducing
this supplementary leader, the optimizer can utilize richer directional information during
population updating and improve the exploitation capability around promising search
regions. The inclusion of the theta wolf additionally increases population diversity and
reduces the risk of convergence toward locally optimal solutions.
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Equations (27)—(29) describe the proposed theta-based position updating mechanism
integrated into the enhanced GWO framework. Equation (27) computes the distance be-
tween the current wolf and the theta wolf position, allowing the optimizer to estimate an
additional guidance direction during the hunting process. Subsequently, Equation (28)
determines a new candidate position generated according to the theta wolf guidance strat-
egy. Finally, Equation (29) updates the position of the current wolf using the averaged
contributions of four dominant wolves, namely alpha, beta, delta, and theta, instead of the
conventional three-leader formulation.

Bg = |C_)4)_()9 —)? ’ (27)
X, =Xo— 4, .(Dp), (28)

N+X,+X+X,

n (29)

Xt+1) =

where X, is the positions of the three leading wolves, Dy is the respective distances to
each leader, ﬁ4, 54 updated coefficient vectors, and )?4 is intermediate candidate posi-
tions.

The incorporation of the theta wolf significantly improves the exploitation behavior
of the optimizer by introducing additional directional refinement around high-quality re-
gions of the search space. In the standard GWO algorithm, the search process may become
unstable when the three dominant wolves are located far from the global optimum or
concentrated around local optima. However, the proposed theta-guided mechanism pro-
vides an additional adaptive search direction that stabilizes convergence and improves
local search capability. As a result, the enhanced optimizer can achieve better convergence
accuracy, stronger optimization robustness, and improved search efficiency for complex
PM2; prediction problems involving high-dimensional DL parameter optimization.

In practical DL optimization problems, relying on a single objective function is often
insufficient because multiple performance criteria must be optimized simultaneously. In
the proposed PM:s prediction framework, improving prediction accuracy alone may lead
to increased model complexity, unstable convergence, or excessive computational cost.
Therefore, a multi-objective optimization strategy is adopted in this study to simultane-
ously balance several optimization goals, including prediction accuracy, convergence sta-
bility, and generalization capability. To achieve this objective, the proposed optimizer is
extended into a novel multi-objective gray wolf optimizer referred to as NMOGWO.

The proposed NMOGWO integrates the hunting behavior of GWO with non-domi-
nated sorting and crowding-distance mechanisms inspired by multi-objective evolution-
ary optimization. Instead of searching for a single optimal solution, the optimizer attempts
to identify a set of Pareto-optimal solutions representing different tradeoffs among con-
flicting objectives. During the optimization process, candidate solutions are ranked ac-
cording to Pareto dominance relationships. Solutions that are not dominated by any other
candidates are assigned to the first Pareto front, while the remaining solutions are catego-
rized into subsequent fronts according to their dominance level. This non-dominated sort-
ing strategy enables the optimizer to preserve high-quality candidate solutions while
maintaining optimization diversity across the search space.

In addition to Pareto ranking, crowding-distance analysis is employed to preserve
population diversity and avoid excessive concentration of solutions around limited re-
gions of the Pareto front. Candidate solutions with larger crowding distances are pre-
ferred because they contribute to broader search-space coverage and improved explora-
tion capability. Consequently, the combination of non-dominated sorting and crowding-
distance mechanisms improves both convergence quality and population diversity
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throughout the optimization process. This multi-objective optimization strategy is partic-
ularly beneficial for the proposed PMzs forecasting framework, where multiple hyper-pa-
rameters and fuzzy membership functions must be simultaneously optimized within a
highly nonlinear learning environment.

To further enhance the optimization capability of NMOGWO, an adaptive nonlinear
exploration—exploitation control strategy is additionally incorporated into the proposed
framework. In the standard GWO algorithm, the parameter controlling the balance be-
tween exploration and exploitation decreases linearly during the optimization iterations.
However, linear reduction may not provide sufficient flexibility for complex optimization
landscapes and may cause premature convergence or insufficient local refinement. There-
fore, a nonlinear adaptive updating mechanism is introduced to dynamically regulate the
search behavior according to the optimization state. Equation (30) defines the proposed
nonlinear adaptive control parameter used to regulate the exploration and exploitation
behavior of the optimizer during different optimization stages.

a(t) = 2(1-@)") (30)

where t denotes the current iteration number; T represents the maximum number of it-
erations; 7 is the adaptive nonlinear control coefficient.

Unlike the conventional linear updating strategy, the proposed formulation enables
stronger exploration during early iterations and gradually increases exploitation capabil-
ity near the final optimization stages. Equation (31) defines the adaptive updating mech-
anism of the nonlinear control coefficient.

_ fbest(t) - favg (t)
frest(t) + €

where fj.s(t) denotes the best fitness value at iteration t; f;,,4(t) represents the aver-

=1

@)

age population fitness; ¢ is a small positive constant introduced to avoid numerical insta-
bility.

An additional advantage of the proposed NMOGWO emerges from the interaction
between the theta-guided leadership mechanism and the adaptive exploration-exploita-
tion controller. In conventional GWO, the population movement is primarily determined
by the geometric average of three elite wolves, which may lead to directional bias when
these leaders become clustered around a locally attractive region. In contrast, the pro-
posed four-leader formulation introduces an additional search reference that modifies the
geometric distribution of elite solutions in the search space. Consequently, the position-
update process becomes less sensitive to misleading local fitness gradients and better re-
flects the overall structure of the optimization landscape. From an optimization perspec-
tive, the theta wolf acts as an intermediate guidance source that bridges global exploration
and local exploitation. During the transition from exploration to exploitation, it preserves
alternative search directions that might otherwise disappear due to rapid population con-
vergence. This mechanism becomes particularly beneficial in the considered PMs fore-
casting problem, where transformer hyper-parameters, DBN structures, and fuzzy-sys-
tem parameters exhibit strong nonlinear dependencies. By maintaining richer directional
diversity among elite solutions while simultaneously refining promising regions, the pro-
posed NMOGWO achieves a more stable search trajectory and a lower probability of
premature convergence than the conventional GWO framework.

This adaptive mechanism dynamically adjusts the exploration—exploitation balance
according to the population distribution. When the population diversity is high, the opti-
mizer performs broader exploration across the search space. Conversely, when the candi-
date solutions gradually converge, the optimizer strengthens local exploitation around
promising regions. By integrating theta-guided leadership, non-dominated sorting,
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crowding-distance preservation, and adaptive nonlinear exploration—exploitation control,
the proposed NMOGWO achieves improved convergence stability, stronger optimization
robustness, and enhanced global search capability compared with the conventional GWO
algorithm. These improvements enable the optimizer to more effectively tune the trans-
former-DBN hyper-parameters and fuzzy membership functions within the proposed
PM2s prediction framework.

2.6. Proposed ODFT-DBN

The overall architecture of the proposed ODFT-DBN framework is illustrated in Fig-
ure 8. The proposed model integrates fuzzy reasoning, transformer-based spatio-temporal
learning, DBN-based hierarchical feature extraction, and multi-objective evolutionary op-
timization within a unified prediction architecture for PM2s forecasting. The primary ob-
jective of the framework is to accurately model the highly nonlinear relationships among
atmospheric variables, aerosol distributions, meteorological conditions, and spatial envi-
ronmental characteristics. By combining multiple intelligent learning components, the
proposed framework can effectively capture both local and global environmental depend-
encies associated with PM:2s concentration dynamics.
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Figure 8. Overall architecture of the proposed ODFT-DBN framework for PM2s prediction.

As shown in Figure 8, the environmental input variables are initially processed
through a fuzzy inference layer consisting of membership functions and fuzzy rules. The
fuzzy module transforms the raw environmental observations into fuzzy representations
capable of handling uncertainty and ambiguity within atmospheric data. The resulting
fuzzy outputs are subsequently embedded and transferred into the transformer encoder,
where the self-attention mechanism extracts long-range spatio-temporal dependencies
from the environmental sequences. The transformer-generated contextual features are
then forwarded into the DBN architecture for hierarchical feature abstraction and nonlin-
ear representation learning. Finally, the optimized output layer generates the predicted
PM25 concentration values.

The entire learning framework is jointly optimized using the proposed NMOGWO
algorithm. Unlike conventional optimization approaches that focus on a single objective,
the proposed optimizer simultaneously considers multiple optimization criteria associ-
ated with prediction accuracy, network complexity, hidden neuron configuration, fuzzy
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rule adaptation, and output stability. Through this multi-objective optimization mecha-
nism, the proposed framework can achieve improved convergence behavior, stronger
generalization capability, and enhanced robustness for complex air pollution forecasting
tasks. The interaction among the fuzzy system, transformer encoder, DBN structure, and
NMOGWO enables the framework to adaptively learn representative atmospheric pat-
terns from heterogeneous environmental datasets.

The fuzzy module represents the first intelligent processing stage of the proposed
framework and plays a critical role in modeling uncertainty within environmental obser-
vations. Atmospheric variables associated with PMzs prediction often exhibit ambiguous
and nonlinear relationships due to changing weather conditions, seasonal effects, and pol-
lutant interactions. Conventional deterministic models may struggle to accurately repre-
sent these uncertainties. Therefore, fuzzy membership functions are employed to convert
environmental variables into fuzzy linguistic representations capable of preserving grad-
ual transitions and uncertain relationships among atmospheric features. In addition to
uncertainty modeling, the fuzzy inference system improves the interpretability and
adaptability of the prediction framework by incorporating fuzzy rules that describe envi-
ronmental interactions in a flexible manner. The membership functions and fuzzy rule
parameters are dynamically optimized through the proposed NMOGWO algorithm to
improve the quality of the extracted fuzzy representations. Consequently, the fuzzy mod-
ule enhances the capability of the proposed architecture to process noisy and highly vari-
able atmospheric datasets associated with PM2s concentration prediction.

Gaussian membership functions were adopted for all input variables because of their
smooth nonlinear representation capability and suitability for gradient-free optimization.
The proposed framework uses (M =16) input features, and each normalized input variable
is independently partitioned into three linguistic fuzzy sets, namely low, medium, and
high. The initial membership-function centers are uniformly distributed over the normal-
ized interval ([0,1]), with approximate center locations of 0.25, 0.50, and 0.75. The corre-
sponding membership widths are initialized to provide moderate overlap between adja-
cent fuzzy regions, thereby ensuring smooth transitions among the linguistic states. Im-
portantly, the proposed fuzzy module does not explicitly construct the complete Cartesian
rule base formed by all possible combinations of the input fuzzy sets. Such a construction
would generate (31¢) potential rules and would therefore be computationally impractical.
Instead, a factorized feature-wise fuzzy representation is employed, in which the three
membership degrees of each input variable are evaluated independently. This procedure
produces (3M = 48) elementary fuzzy components rather than an exponentially large com-
binatorial rule set. Accordingly, no separate feature-screening or hard rule-pruning pro-
cedure is required, because the exhaustive rule base is never generated. Each elementary
fuzzy component is assigned an adaptive weight, allowing the contributions of different
input-variable-membership-set pairs to be adjusted according to their predictive rele-
vance. During the optimization stage, the proposed NMOGWO jointly optimizes the
membership-function centers, membership widths, and adaptive fuzzy-component
weights together with the transformer and DBN hyper-parameters. Consequently, the in-
itial fuzzy partitions serve only as starting configurations, whereas the final fuzzy repre-
sentation is adaptively learned from the environmental data to improve uncertainty mod-
eling and PM2s prediction performance.

After fuzzy processing, the extracted environmental representations are transferred
into the transformer encoder for spatio-temporal feature learning. The transformer mod-
ule utilizes self-attention mechanisms to identify the relative importance of different en-
vironmental observations distributed across the temporal sequence. Since PM2s concen-
tration is highly dependent on both short-term atmospheric fluctuations and long-term
environmental conditions, the transformer encoder enables the framework to effectively
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capture temporal correlations and contextual dependencies among heterogeneous varia-
bles. Unlike recurrent architectures, the transformer can process the entire environmental
sequence simultaneously, thereby improving computational efficiency and feature extrac-
tion capability. The multi-head attention mechanism further improves the learning pro-
cess by extracting multiple contextual representations from different feature subspaces.
This allows the transformer encoder to simultaneously focus on different environmental
interactions, including aerosol transport, meteorological variability, and seasonal atmos-
pheric behavior. Through this attention-driven representation learning mechanism, the
transformer module generates highly informative contextual features suitable for subse-
quent deep hierarchical analysis within the DBN architecture.

The DBN module performs hierarchical feature abstraction using multiple stacked
hidden layers constructed from RBM structures. The transformer-generated features are
progressively transformed into increasingly abstract representations capable of modeling
complex nonlinear pollutant relationships. This multilayer learning structure enables the
DBN to identify latent environmental patterns and hidden dependencies that may not be
directly observable within the original environmental variables. Furthermore, the DBN
improves the robustness and generalization capability of the proposed framework by re-
fining high-level environmental representations before final prediction generation.
Through layer-wise probabilistic learning, the DBN can effectively preserve important at-
mospheric characteristics while suppressing redundant or irrelevant feature information.
Consequently, the integration of transformer-based contextual learning and DBN-based
hierarchical representation extraction significantly enhances the predictive capability of
the proposed ODFT-DBN framework for PM:s forecasting applications.

The objective of incorporating a DBN after the transformer encoder is not to increase
model depth, but to provide a complementary learning mechanism. The transformer en-
coder is primarily responsible for capturing long-range temporal dependencies and con-
textual relationships through the self-attention mechanism. However, its output represen-
tations are still contextual sequence features. The DBN is subsequently employed to per-
form hierarchical probabilistic feature abstraction and latent representation learning. In
particular, the DBN progressively transforms transformer-generated contextual features
into higher-level nonlinear representations that are more suitable for PMas prediction un-
der complex atmospheric conditions. This hierarchical abstraction capability is fundamen-
tally different from the temporal dependency modeling performed by the transformer.
Furthermore, using a deeper transformer would mainly increase the model capacity
within the same attention-based learning paradigm, leading to higher computational com-
plexity and a greater risk of overfitting. In contrast, the DBN introduces a complementary
representation-learning stage that enhances feature robustness, suppresses redundant in-
formation, and improves nonlinear environmental pattern extraction. Therefore, the
transformer and DBN modules play different but complementary roles within the pro-
posed framework.

The NMOGWO serves as the adaptive optimization engine of the proposed architec-
ture and is responsible for jointly optimizing multiple components of the framework. Spe-
cifically, the optimizer simultaneously tunes the transformer hyper-parameters, DBN
structural parameters, fuzzy membership functions, and fuzzy rule configurations using
a multi-objective optimization strategy. The optimization process considers multiple ob-
jective functions associated with prediction accuracy, hidden-layer complexity, fuzzy-rule
efficiency, reconstruction quality, and output stability to achieve balanced model perfor-
mance. By integrating theta-guided leadership, non-dominated sorting, crowding-dis-
tance preservation, and adaptive nonlinear exploration-exploitation control, the pro-
posed NMOGWO algorithm can effectively balance global search capability and local so-
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lution refinement during optimization. This adaptive optimization mechanism signifi-
cantly improves convergence stability and prevents premature convergence in highly
nonlinear optimization landscapes. As a result, the proposed ODFT-DBN framework
achieves enhanced prediction accuracy, stronger optimization robustness, and improved
learning efficiency for spatio-temporal PMas forecasting problems.

Equation (32) defines the input representation of the proposed ODFT-DBN frame-
work. At each time step, the input vector is constructed by combining ground-based PMa
observations, meteorological variables, satellite-derived AOD-related features, and spa-
tial descriptors into a unified environmental feature vector.

[XPM met sat P] (32)

where x, denotes the input feature vector at time step t; x{™ represents the PM2s-re-

lated observation; x™¢ denotes the meteorological variables; x5t

represents satellite-
derived features such as AOD; x;* denotes spatial descriptors.

Equation (33) describes the fuzzy transformation of the input variables. Each input
feature is mapped into several fuzzy membership degrees to represent uncertainty and

gradual transitions in environmental conditions.

2
Xe: — C:
hj,k(xt‘j) =exp (_( t,]20-2}.k) > (33)
J.k

where h;;(x,;) denotes the membership degree of the j-th input variable in the k-th fuzzy
set; ¢j, is the membership center; aﬁk is the membership width; j = 1,2,..,M; M = 16;
K =3.

This formulation enables the model to represent uncertain atmospheric patterns
more flexibly than direct numerical inputs. In the adopted factorized fuzzy representa-
tion, the membership degrees are independently calculated for each input variable and
fuzzy set, without explicitly generating all possible combinations of the input fuzzy par-
titions. Equation (34) formulates the elementary fuzzy activation strength.

Tejpe = e (xe) (34)

where 1, denotes the activation strength of the k-th fuzzy set at time step t; and M rep-
resents the total number of input variables. A higher value of 7, indicates that the cur-
rent environmental condition strongly matches the corresponding fuzzy rule.

Equation (35) defines the normalized fuzzy rule weight. This normalization ensures
that all fuzzy rules contribute proportionally to the final fuzzy representation.

Tek = n—'k (35)
' h=1Ttqk T €
where 7, is the normalized activation strength of the k-th fuzzy rule; K denotes the
number of fuzzy sets assigned to each input variable; q is the summation index over the
fuzzy sets; ¢ is a small constant used to avoid division by zero.
Equation (36) presents the fuzzy-enhanced feature representation generated from the

normalized fuzzy rules. This output becomes the input representation forwarded to the

=iz ik (Whexe + b)) (36)

j=1k=1

transformer encoder.

where f; denotes the fuzzy-enhanced feature vector; I/W; and bj{c . represent the feature-
and fuzzy-set-specific weight matrix and bias vector, respectively. This equation estab-
lishes the first interaction stage, where uncertain environmental observations are trans-
formed into structured fuzzy features.
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Equation (37) defines the sequence-level fuzzy representation used as the input of the
transformer encoder. The fuzzy-enhanced vectors from consecutive time steps are ar-
ranged as a temporal sequence.

F= [flth""th] (37)

where F denotes the fuzzy temporal feature matrix and T is the length of the input se-
quence. This representation allows the transformer to model temporal dependencies
based on uncertainty-aware environmental features rather than raw observations.

Equation (38) introduces the proposed fuzzy-guided attention mechanism. In this
formulation, the transformer attention scores are adaptively weighted using fuzzy rule
information, allowing the attention mechanism to focus more strongly on environmen-
tally meaningful and uncertainty-aware temporal patterns.

-

()
Ap = softmax AsR (38)

Jax

where Ap denotes the fuzzy-guided attention matrix; A is a learnable fuzzy-attention

balancing coefficient; R represents the fuzzy relevance matrix derived from normalized
fuzzy rule activations. This equation is the first proposed interaction innovation between
the fuzzy system and the transformer encoder.

Equation (39) computes the fuzzy-guided transformer output by applying the fuzzy-
guided attention matrix to the value representation.

Hy = AV (39)
where Hy denotes the transformer-generated contextual representation. This operation
produces attention-enhanced features that preserve both temporal dependencies and
fuzzy uncertainty information.

Equation (40) defines the DBN input mapping. The contextual features generated by
the transformer encoder are projected into the input space of the DBN for hierarchical
feature abstraction.

h® = ¢(WeaHr + bea) (40)

where h° denotes the initial DBN input representation; W,y and b, are the trans-
former-to-DBN mapping parameters; ¢(.) is a nonlinear activation function. This equa-
tion defines how transformer-based contextual features are transferred into the DBN mod-
ule.

Equation (41) formulates the hierarchical feature propagation within the DBN. Each
hidden layer receives the representation from the previous layer and transforms it into a
more abstract feature space.

Rl = (W't + bY) (41)

where h! denotes the hidden representation at layer [; W' and b' are the weight matrix
and bias vector of the I-th DBN layer; [ is the number of hidden layers, and ¢(.) denotes
the activation function. This process enables the DBN to learn increasingly abstract repre-
sentations from transformer-enhanced environmental features.

Equation (42) introduces the proposed attention-DBN fusion representation. This
formulation combines the final DBN hidden representation with the transformer contex-
tual representation to preserve both deep hierarchical features and attention-based tem-
poral information.

quse = th + (1 —y)Pool(Hy) (42)
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where Zs,;, denotes the fused representation; h® is the final DBN hidden output;
Pool(.) represents temporal pooling; y is a learnable fusion coefficient. This equation
provides the second proposed interaction innovation by adaptively integrating trans-
former-based temporal context with DBN-based hierarchical abstraction.

Equation (43) defines the final PM2s prediction output generated from the fused fea-
ture representation.

Yt WOquse b (43)

where ¥, denotes the predicted PM2s concentration; W, is the output-layer weight ma-
trix; b, is the output bias.

The transformer output is not directly fed into the DBN. Instead, the contextual fea-
tures generated by the transformer encoder are first passed through the projection layer
defined in Equation (40), which maps the transformer feature space into a latent represen-
tation compatible with the DBN input structure. The resulting feature vector is then used
as the visible input of the DBN, where hierarchical feature learning is performed through
multiple hidden layers. Consequently, the transformer is responsible for extracting tem-
poral dependencies and contextual information, while the DBN further refines these rep-
resentations through hierarchical nonlinear abstraction, enabling the proposed frame-
work to benefit from both attention-based temporal learning and deep feature represen-
tation within a unified architecture.

Through Equations (32)-(43), the proposed ODFT-DBN framework establishes a se-
quential interaction pathway in which raw environmental variables are first converted
into fuzzy uncertainty-aware features, then processed by the transformer encoder for tem-
poral dependency learning, and finally refined by the DBN for hierarchical prediction
generation. Equations (44)—(48) define the multi-objective optimization functions utilized
within the proposed NMOGWO framework. During the optimization process, the pro-
posed optimizer simultaneously tunes the hyper-parameters of the transformer encoder,
DBN architecture, and fuzzy inference system in order to achieve balanced prediction per-
formance, reduced model complexity, and improved learning stability. Unlike single-ob-
jective optimization approaches, the proposed NMOGWO searches for Pareto-optimal so-
lutions capable of satisfying multiple optimization criteria simultaneously.

F, = Minimize (44)
F, = Minimize N,, (45)
F; = Minimize Z N, (46)
=1
R
F, = Minimizez Z Ya(D) — Yo (i) (47)
i=1 \ i=1

T T U
Fo= ) D =1 = 3 ) maal (= Ya) Umax =)l 48)

i=1 j=1 i=1 j=1

where x; is the observed parameter; N is the number of samples; £; is the calculated pa-
rameter; N, is a binary indicator for the presence of a hidden neuron in layer [; L is the
total number of hidden layers; Y;(i) is the desired output; Y, (i) is the actual output; ¥};
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corresponds to the i-th input for the j-th output; Yj, serving as a reference for the mem-
bership center; R indicates the length of the simulation sequence; W, shows the number
of fuzzy rules; T is the number of input—-output data; U is the number of outputs.

Equation (44) represents the primary prediction objective function associated with
the transformer-DBN learning framework. This objective minimizes the RMSE between
the observed PM2s concentration values and the predicted outputs generated by the pro-
posed model. Through minimizing this objective, the optimizer improves the prediction
accuracy and overall regression capability of the integrated transformer—-DBN architec-
ture. Equation (45) defines the hidden-layer complexity objective associated with the DBN
structure. In this formulation, the optimizer attempts to minimize the number of active
hidden neurons within each layer of the network. Reducing unnecessary hidden neurons
improves computational efficiency, decreases overfitting risk, and enhances the generali-
zation capability of the proposed framework. Consequently, the optimizer searches for a
compact DBN structure capable of preserving high prediction accuracy while reducing
architectural redundancy.

Equation (46) formulates the global structural complexity minimization objective of
the hierarchical transformer-DBN framework. Unlike Equation (45), which focuses on
neuron-level optimization, this objective considers the cumulative complexity of all hid-
den layers within the network. By minimizing the total hidden-layer complexity, the pro-
posed NMOGWO improves convergence stability and prevents excessive network
growth during training. The first three objective functions are therefore directly associated
with the transformer encoder and DBN modules. Specifically, Equation (44) focuses on
prediction accuracy, while Equations (45) and (46) regulate structural complexity and hi-
erarchical network optimization. Through jointly optimizing these objectives, the pro-
posed NMOGWO can effectively balance model accuracy and computational efficiency
within the DL framework.

Equation (47) defines the fuzzy inference optimization objective. This objective min-
imizes the squared error between the desired fuzzy output and the actual fuzzy output
generated by the fuzzy inference system. During optimization, the proposed NMOGWO
adaptively tunes the fuzzy membership functions and fuzzy-rule parameters to improve
the consistency and reliability of the fuzzy reasoning process. As a result, the fuzzy mod-
ule becomes more capable of representing uncertain atmospheric relationships associated
with PM:s prediction. Equation (48) represents the fuzzy membership regularization ob-
jective utilized to optimize the distribution and positioning of fuzzy membership centers.
This objective controls the overlap and separation among fuzzy membership functions to
avoid excessively narrow or highly overlapping fuzzy regions. Proper membership dis-
tribution is essential for maintaining stable fuzzy inference behavior and improving un-
certainty representation capability within the environmental prediction framework.

The final two objective functions are therefore specifically associated with the fuzzy
subsystem of the proposed ODFT-DBN architecture. Equation (47) improves fuzzy infer-
ence accuracy, while Equation (48) regulates membership-function stability and distribu-
tion quality. By simultaneously optimizing both fuzzy-system objectives and trans-
former-DBN objectives, the proposed NMOGWO establishes a cooperative optimization
mechanism capable of jointly improving uncertainty modeling, temporal feature extrac-
tion, hierarchical representation learning, and final PM2s prediction performance.

During the optimization process, the proposed NMOGWO continuously evaluates
candidate solutions according to all five objective functions and applies non-dominated
sorting to identify Pareto-optimal populations. Candidate wolves with superior tradeoffs
among prediction accuracy, network complexity, and fuzzy-system quality are preserved
and propagated throughout successive iterations. Meanwhile, the adaptive nonlinear ex-
ploration—exploitation mechanism dynamically regulates the search behavior to improve
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convergence stability and prevent premature convergence. Consequently, the proposed
optimizer can effectively coordinate the interaction among the fuzzy module, transformer
encoder, and DBN architecture within a unified multi-objective learning framework. After
the non-dominated sorting stage, the final solution was selected from the first Pareto front
according to the minimum prediction error criterion. Since prediction accuracy is the pri-
mary objective of the proposed PM:s forecasting framework, the Pareto-optimal solution
providing the lowest RMSE while maintaining acceptable model complexity and fuzzy-
system quality was adopted as the final network configuration.

The training procedure of the proposed ODFT-DBN framework is performed in two
sequential stages to establish a clear connection between transformer-based contextual
learning and DBN-based hierarchical representation learning. Initially, the fuzzy-en-
hanced input sequences are forwarded through the transformer encoder and the projec-
tion layer. The transformer is first trained for a supervised warm-up stage using the PMas
prediction loss, allowing it to generate stable contextual representations from the environ-
mental sequences. The resulting projected transformer features are subsequently used as
the visible inputs of the DBN rather than directly applying DBN pre-training to the origi-
nal environmental observations. During the DBN pre-training stage, the transformer and
projection-layer parameters are temporarily fixed, and the RBM layers are trained sequen-
tially using a greedy layer-wise procedure. The first RBM is trained using the projected
transformer representations, after which its hidden activations are used as the input of the
second RBM. The same procedure is repeated for the remaining RBM layers. This unsu-
pervised pre-training stage provides an informed initialization for the DBN parameters
and enables each layer to progressively capture higher-level latent patterns from the trans-
former-generated contextual features.

After completing layer-wise pre-training, the RBM layers are stacked to form the
complete DBN and integrated with the transformer encoder, projection layer, attention—
DBN fusion layer, and final prediction layer. All trainable parameters are then unfrozen
and jointly fine-tuned in an end-to-end supervised manner using the final PM2s prediction
loss. During this stage, the prediction error is back-propagated through the output layer,
fusion module, DBN, projection layer, and transformer encoder, allowing both modules
to adapt cooperatively to the forecasting objective. The NMOGWO algorithm operates as
an outer optimization mechanism for selecting fuzzy parameters and architectural hyper-
parameters, whereas the internal network weights are learned through the layer-wise pre-
training and end-to-end gradient-based fine-tuning procedures.

The proposed ODFT-DBN framework introduces several important architectural and
optimization innovations compared with conventional hybrid PMas prediction models.
Unlike many existing studies that directly combine DL modules in a sequential manner,
the proposed framework establishes an adaptive interaction mechanism among fuzzy rea-
soning, transformer-based attention learning, DBN hierarchical abstraction, and multi-ob-
jective evolutionary optimization. This cooperative integration enables the framework to
simultaneously address uncertainty modeling, long-range temporal dependency extrac-
tion, nonlinear feature abstraction, and optimization stability within a unified prediction
architecture.

One of the primary innovations of the proposed framework is the introduction of the
fuzzy-guided attention mechanism formulated in Equation (38). In conventional trans-
former models, the attention mechanism mainly relies on statistical relationships among
query and key representations. However, environmental and atmospheric datasets are
inherently uncertain and often contain ambiguous nonlinear relationships that cannot be
adequately represented through purely deterministic attention structures. To address this
limitation, the proposed framework integrates fuzzy relevance information directly into
the attention computation process. This allows the transformer encoder to dynamically
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focus on environmentally meaningful temporal patterns while incorporating uncertainty-
aware contextual information during feature extraction. Consequently, the proposed
fuzzy-guided attention strategy improves the robustness and interpretability of temporal
dependency learning compared with standard transformer architectures.

Another important contribution of the proposed framework is the adaptive interac-
tion established between the transformer encoder and the DBN architecture. In many con-
ventional hybrid DL models, transformer and DBN modules operate independently,
where one module simply forwards its output to the next stage without adaptive feature
refinement. In contrast, the proposed framework introduces an attention-DBN fusion
mechanism formulated in Equation (42), which adaptively combines transformer-based
contextual representations with DBN hierarchical feature abstractions. This fusion strat-
egy preserves both global temporal dependencies extracted through self-attention and
deep nonlinear latent features learned by the DBN. As a result, the proposed architecture
can simultaneously capture long-range atmospheric interactions and hidden nonlinear
pollutant structures more effectively than conventional hybrid models.

The proposed framework also provides significant advantages in uncertainty repre-
sentation and environmental adaptability through the integration of fuzzy reasoning with
DL-based spatio-temporal learning. Unlike traditional DL architectures that process raw
numerical observations directly, the fuzzy subsystem transforms atmospheric variables
into uncertainty-aware fuzzy representations before temporal learning begins. This pre-
processing stage improves the capability of the model to handle noisy observations, grad-
ual environmental transitions, and ambiguous atmospheric conditions commonly ob-
served in PM2s prediction tasks. Furthermore, the fuzzy membership functions and rule
structures are not statically defined; instead, they are adaptively optimized by the pro-
posed NMOGWO algorithm, enabling the fuzzy system to dynamically adapt to complex
environmental behaviors.

From an optimization perspective, the proposed NMOGWO introduces several im-
provements over the conventional GWO algorithm. First, the incorporation of the theta-
guided leadership mechanism enhances exploitation capability and improves conver-
gence stability by introducing an additional dominant search direction during population
updating. Second, the integration of non-dominated sorting and crowding-distance
preservation enables simultaneous optimization of multiple conflicting objectives while
maintaining population diversity across the Pareto front. Third, the proposed nonlinear
adaptive exploration—-exploitation control mechanism dynamically regulates the search
behavior according to the optimization state, thereby improving global search capability
during early iterations and strengthening local refinement near convergence stages. These
optimization enhancements significantly reduce the probability of premature conver-
gence and improve solution quality for high-dimensional DL optimization problems.

Another major advantage of the proposed architecture is its balanced optimization
strategy across all learning modules. In many previous hybrid PM2s prediction studies,
optimization is primarily focused on prediction accuracy alone, often neglecting model
complexity, fuzzy-system quality, and hidden-layer efficiency. In contrast, the proposed
framework simultaneously optimizes five objective functions associated with prediction
accuracy, DBN structural complexity, hidden-neuron configuration, fuzzy inference accu-
racy, and fuzzy membership stability. This multi-objective optimization strategy allows
the proposed architecture to achieve improved generalization capability and computa-
tional efficiency while maintaining high prediction performance. Algorithm 1 presents the
complete training and optimization procedure of the proposed ODFT-DBN framework. It
summarizes the transformer warm-up stage, layer-wise DBN pre-training, end-to-end su-
pervised fine-tuning, and NMOGWO-based multi-objective optimization.
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Algorithm 1. Pseudo-codes of the proposed ODFT-DBN
Begin

1. Construct four-day input sequences and divide into training and testing subsets.
2. Initialize wolves (fuzzy parameters, transformer parameters, and DBN parameters).
3. for each wolf (Xi) do
Decode the candidate configuration.
Generate fuzzy-enhanced input features using Equations (33)—(37).
Initialize the transformer, projection layer, DBN, fusion layer, and output layer.
for (e=1)to (E_T) do
Train the fuzzy-transformer module using the PM2s prediction loss.
if validation RMSE improves then
Save the transformer parameters.
end if
end for
Freeze the transformer and extract projected features using Equations (38)—(40).
for (1=1) to (L_DBN) do
for (e=1) to (E_R) do
Train RBM (1) using Equations (13)—(18).
end for
Use the hidden output of RBM (1) as the input of RBM (1 + 1).
end for
Stack the pre-trained RBMs to construct the DBN and unfreeze all modules.
for (e=1) to (E_F) do
Generate transformer features using Equations (38) and (39).
Project and propagate the features through DBN using Equations (40) and (41).
Generate the fused representation and PMas prediction using Equations (42) and
(43).
if the early-stopping condition is satisfied then
Break.
end if
end for
Calculate the five objective functions using Equations (44)—-(48).
end for
4. Apply non-dominated sorting and crowding-distance evaluation.
5. for (t=1) to (T_max) do
Select the alpha, beta, delta, and theta leaders.
Update the adaptive control parameters using Equations (30) and (31).
for each wolf (X_i) do
Update its position using Equations (22), (23), and (27)—-(29).
Train and evaluate the corresponding ODFT-DBN configuration.
Recalculate the objectives using Equations (44)—(48).
end for
Apply non-dominated sorting and update the Pareto archive.
if the termination condition is satisfied then
Break.
end if
end for
6. Select the final Pareto-optimal configuration.
7. Retrain the selected ODFT-DBN model using the training and validation data.
8. Evaluate the final model on the testing dataset.
9. Return the predicted PM2s values and evaluation metrics.
End
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3. Results

All experiments and simulations in this study were implemented using Python 3.10
within the Anaconda development environment. The proposed ODFT-DBN framework,
benchmark DL models, optimization algorithms, and preprocessing procedures were de-
veloped using several scientific computing and ML libraries. In particular, TensorFlow
2.15 and Keras 2.15 were employed for implementing the transformer-based architectures,
hierarchical DBN structures, and neural-network training procedures. PyTorch 2.2 was
additionally utilized for several attention-based operations and comparative deep learn-
ing implementations. Data preprocessing, normalization, interpolation, statistical analy-
sis, and matrix operations were performed using NumPy 1.26, Pandas 2.2, SciPy 1.12, and
Scikit-learn 1.4. Spatial interpolation and geospatial processing tasks associated with en-
vironmental variables and monitoring stations were conducted using ArcGIS 10.4.1 and
GeoPandas 0.14. In addition, satellite-derived environmental parameters were extracted
and processed through GEE.

The proposed NMOGWO optimization framework and the associated multi-objec-
tive evolutionary procedures were implemented using custom Python-based optimiza-
tion modules. All experiments were executed on a high-performance workstation
equipped with an Intel Core i9-13900K processor, 64 GB DDR5 RAM, and an NVIDIA
RTX 4090 GPU with 24 GB memory. The operating system used for all implementations
was Windows 11 Pro 64-bit. This hardware configuration provided sufficient computa-
tional capability for large-scale spatio-temporal environmental processing, transformer
training, multi-objective optimization, and repeated simulation experiments associated
with PMzs forecasting. To comprehensively evaluate the effectiveness of the proposed
ODEFT-DBN framework, several well-established ML and DL models were selected as
benchmark methods, including BERT, Transformer, DBN, GRU, LSTM, CNN, and
XGBoost. These comparative models were chosen because they represent different learn-
ing paradigms commonly utilized in environmental prediction and time-series forecast-
ing applications. Specifically, Transformer- and BERT-based models provide strong atten-
tion-driven temporal learning capability, while GRU and LSTM represent recurrent archi-
tectures specifically designed for sequential dependency modeling. CNN-based ap-
proaches are effective in extracting local spatial and temporal patterns, DBN provides hi-
erarchical probabilistic feature learning capability, and XGBoost serves as a powerful tree-
based ensemble learning baseline widely used in environmental regression tasks. By com-
paring the proposed framework against models with fundamentally different learning
mechanisms, a more reliable and comprehensive performance evaluation can be achieved.

In addition to comparative benchmarking, an ablation study was also conducted to
evaluate the contribution of each major component within the proposed architecture. Sev-
eral reduced variants of the proposed framework were implemented by selectively re-
moving or modifying individual modules, including the fuzzy inference system, trans-
former encoder, DBN structure, fuzzy-guided attention mechanism, and the proposed
NMOGWO optimization strategy. This analysis enables investigation of the individual
impact of each module on prediction accuracy, convergence behavior, and overall model
robustness. Through both comparative evaluation and ablation analysis, the effectiveness
of the proposed cooperative interaction among fuzzy reasoning, attention-based temporal
learning, hierarchical feature extraction, and multi-objective optimization can be system-
atically validated.

To comprehensively evaluate the prediction capability, robustness, convergence be-
havior, and statistical reliability of the proposed ODFT-DBN framework, several quanti-
tative and qualitative evaluation metrics were utilized in this study, including R?, MAPE,
RMSE, scatter-plot analysis, convergence analysis, variance analysis, runtime evaluation,
and paired t-test statistical analysis. These metrics were selected because they collectively
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evaluate prediction accuracy, stability, computational efficiency, correlation consistency,
optimization behavior, and statistical significance of the obtained results.

Equation (49) defines the R2 which measures the correlation and agreement between
the observed PM:s values and the predicted outputs generated by the model. R? evaluates
how effectively the proposed framework can explain the variability of the observed envi-
ronmental data. Higher R? values indicate stronger predictive capability and better con-
sistency between predicted and actual observations. An R? value close to 1 demonstrates
that the model can accurately capture the underlying spatio-temporal pollutant dynamics
and environmental relationships associated with PM2s concentration. Equation (50) rep-
resents the MAPE, which measures the average percentage deviation between predicted
and observed PMzs values. Unlike absolute error metrics, MAPE provides a scale-inde-
pendent evaluation of prediction performance, making it useful for comparing different
models under varying environmental conditions. Lower MAPE values indicate smaller
prediction deviations and improved forecasting reliability. Therefore, MAPE was selected
to evaluate the relative prediction accuracy and practical forecasting consistency of the
proposed framework.

Z (xl B X)(Xl B x)l (49)

0x0z

1 a Xl'_J/C\
MAPE=—Z|
N'1 X;
i=

where x; is the observed parameter; X; is the calculated parameter; x is the mean of the

% 100 (50)

observed parameter; 2 the mean of the predicted parameter; N is the number of obser-
vations; o, the standard deviation of the observed parameter; o is the standard devia-
tion of the predicted parameter.

Equation (51) defines the RMSE, which measures the average magnitude of predic-
tion errors by assigning larger penalties to significant deviations between predicted and
observed values. Consequently, RMSE is particularly effective for evaluating the capabil-
ity of the model to handle extreme pollution events and abrupt PMas fluctuations. Lower
RMSE values indicate better prediction precision and stronger robustness against large
forecasting errors.

(1)

Scatter-plot analysis was additionally utilized to visually evaluate the agreement be-
tween predicted and observed PM2s concentrations. In these plots, prediction perfor-
mance can be analyzed according to the distribution of data points around the ideal re-
gression line. A denser concentration of points near the diagonal line indicates stronger
prediction consistency and improved regression capability. Scatter plots also provide in-
tuitive insights regarding prediction bias, variance distribution, and outlier behavior
among different models.

Convergence analysis was employed to investigate the optimization behavior and
training stability of the proposed NMOGWO algorithm. This analysis illustrates how rap-
idly the optimization framework approaches the optimal solution during successive iter-
ations. Faster and smoother convergence curves indicate improved optimization effi-
ciency, stronger exploitation capability, and better search stability. Convergence analysis
is particularly important for validating the effectiveness of the proposed theta-guided and
adaptive nonlinear optimization strategies. Variance analysis was conducted to evaluate
the stability and robustness of the proposed framework under repeated simulation runs.
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Models exhibiting lower variance demonstrate more stable prediction behavior and re-
duced sensitivity to initialization conditions or stochastic optimization processes. This
analysis is important because DL-based optimization frameworks may occasionally suffer
from unstable learning behavior and inconsistent prediction performance across different
executions.

Runtime analysis was additionally performed to assess the computational efficiency
and practical applicability of the proposed framework. Since the proposed ODFT-DBN
architecture integrates multiple learning modules and a multi-objective optimization
strategy, evaluating computational complexity and execution time is essential for deter-
mining real-world feasibility. Runtime evaluation enables comparison between prediction
accuracy improvements and associated computational costs among different benchmark
models. Finally, paired ¢-test statistical analysis was employed to verify the statistical sig-
nificance of the performance improvements achieved by the proposed framework com-
pared with baseline methods. The t-test evaluates whether the observed prediction im-
provements are statistically meaningful rather than resulting from random variations. A
low p-value indicates that the superiority of the proposed framework is statistically sig-
nificant and reliable. Therefore, this analysis strengthens the validity and credibility of the
experimental results reported in this study.

Before presenting the main PMzs prediction results, it is important to carefully deter-
mine the optimal hyper-parameter configurations of the implemented DL architectures.
Hyper-parameters play a critical role in controlling the learning behavior, convergence
stability, generalization capability, and computational efficiency of DL models. Improper
hyper-parameter selection may lead to overfitting, underfitting, unstable convergence, ex-
cessive computational complexity, or poor prediction accuracy. In environmental fore-
casting problems, where atmospheric variables exhibit highly nonlinear and dynamic be-
havior, the influence of hyper-parameter settings becomes even more significant because
small parameter variations may substantially affect the capability of the model to capture
complex spatio-temporal pollutant patterns.

In addition, the proposed ODFT-DBN framework integrates multiple intelligent
modules, including fuzzy reasoning, transformer-based temporal learning, DBN hierar-
chical abstraction, and multi-objective optimization. Consequently, the interaction among
different architectural parameters further increases the complexity of the optimization
problem. Parameters such as learning rate, hidden-layer configuration, attention-head
number, dropout rate, batch size, and optimizer settings directly affect both the prediction
performance and convergence behavior of the framework. Therefore, identifying suitable
hyper-parameter configurations is essential for ensuring stable training behavior and
achieving reliable PM2s prediction performance.

Table 2 summarizes the final hyper-parameter configurations utilized for the pro-
posed framework and all comparative benchmark models. The table presents the selected
learning settings, architectural parameters, optimization configurations, and structural
properties associated with each implemented model. For the proposed ODFT-DBN archi-
tecture, the hyper-parameters were adaptively optimized using the proposed NMOGWO
algorithm. Unlike conventional tuning approaches, NMOGWO simultaneously opti-
mized multiple learning objectives associated with prediction accuracy, network com-
plexity, hidden-layer configuration, and fuzzy-system stability. This adaptive optimiza-
tion process enabled the proposed framework to identify balanced parameter configura-
tions capable of improving convergence stability and overall prediction robustness. For
the proposed ODFT-DBN framework, the optimizer selected a learning rate of 0.004, batch
size of 64, feed-forward hidden dimension of 2048, and four attention heads within the
transformer encoder.
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Table 2. Hyper-parameter configurations for the proposed algorithms.

Model Parameter Value
Learning rate 0.004
Batch size 64
Feed forward hidden size 2048
Weight decay 0.01
Dropout rate 0.2
Number of attention heads 4
ODFT-DBN Number of encoder layers 4
(NMOGWO-Fuzzy- Momentum 04
Transformer-DBN) Numb.er o.f hidden .layers 3
Activation function GELU, tanh
Optimizer NMOGWO
C 0.7
A 0.3
o [0, 2]
Population size 40
Iteration 300
Learning rate 0.002
Batch size 32
Dropout rate 0.2
BERT Number of self-attention heads per layer 6
Number of transformer encoder layers 6
Activation Function GELU
Optimizer Adam
Learning rate 0.005
Batch size 64
Sequence length 4
LST™ Activation function Tanh & sigmoid
Number of hidden layers 3
Optimizer Adam
Learning rate 0.003
Sequence length 6
GRU Hidden units per layer 64
Number of GRU layers 4
Dropout rate 0.2
Optimizer Adam
Number of convolution layers 6
Kernel size 5x5
CNN Pooling type Max pooling (2 x 2)
Number of hidden layers 3
Activation Tanh
Optimizer Adam
Learning rate 0.08
XGBoost Max depth 4
Number of estimators 300

In addition, four encoder layers and three DBN hidden layers were employed to pro-
vide sufficient hierarchical representation capability for complex spatio-temporal envi-
ronmental learning. A dropout rate of 0.2 and weight decay of 0.01 were utilized to im-
prove generalization and reduce overfitting risk during training. The GELU and tanh ac-
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tivation functions were selected because of their strong nonlinear representation capabil-
ity and stable gradient behavior. Furthermore, the NMOGWO employed a population
size of 40 wolves and 300 optimization iterations, enabling efficient exploration and ex-
ploitation of the high-dimensional hyper-parameter search space.

The proposed framework performs one-day-ahead PM:s forecasting. A sliding tem-
poral window consisting of four historical daily observations is used as the model input.
Consequently, the transformer sequence length is set to 4, meaning that the model learns
temporal dependencies from the previous four days to predict the PM:5 concentration of
the subsequent day. For the comparative benchmark architectures, the hyper-parameters
were also carefully optimized using a grid-search strategy to ensure fair and reliable com-
parison conditions. The BERT-based model utilized a learning rate of 0.002, batch size of
32, dropout rate of 0.2, six self-attention heads per layer, and six transformer encoder lay-
ers. In addition, the GELU activation function and Adam optimizer were employed to
improve nonlinear representation capability and convergence stability during sequential
environmental learning.

For the recurrent architectures, the LSTM employed a learning rate of 0.005, batch
size of 64, sequence length of 4, and three hidden layers using tanh and sigmoid activation
functions together with the Adam optimizer. Similarly, the GRU utilized a learning rate
of 0.003, sequence length of 6, four GRU layers, 64 hidden units per layer, and a dropout
rate of 0.2. These recurrent configurations were selected to effectively capture temporal
dependencies and sequential pollutant variations within the PM2s dataset while maintain-
ing stable training behavior. For the CNN, six convolutional layers with a kernel size of 5
x 5 and max-pooling operations of size 2 x 2 were employed to extract local spatial and
temporal patterns from the environmental data. The CNN model additionally utilized
three hidden layers, tanh activation, and Adam optimization. Meanwhile, the XGBoost
regression model was configured using a learning rate of 0.08, maximum tree depth of 4,
and 300 estimators to provide strong ensemble-based nonlinear regression capability.
These optimized configurations enabled all benchmark models to operate under near-op-
timal learning conditions during the comparative PM2; forecasting experiments.

Table 3 presents the comparative prediction performance of the proposed ODFT-
DBN framework and the benchmark ML/DL models for PM:s forecasting. The evaluation
is conducted using three regression metrics, namely RMSE, R?, and MAPE. The reported
results clearly demonstrate that the proposed ODFT-DBN framework achieves the best
overall prediction performance among all comparative methods. Specifically, the pro-
posed model obtains the lowest RMSE value of 0.80 pg/m3, the highest R? value of 0.94,
and the lowest MAPE value of 0.35%, indicating superior prediction accuracy, stronger
correlation consistency, and significantly lower forecasting error compared with the
benchmark architectures.

Among the comparative models, BERT achieved the second-best overall perfor-
mance with an RMSE of 9.24 ug/m?, R? of 0.81, and MAPE of 8.23%. Although the atten-
tion-based structure of BERT enables effective temporal dependency extraction, its per-
formance remains considerably lower than the proposed framework because it lacks un-
certainty-aware fuzzy reasoning and hierarchical probabilistic feature abstraction. Simi-
larly, the standard Transformer model achieved relatively competitive results compared
with recurrent architectures, obtaining an RMSE of 12.35 ug/m? and R? of 0.79, confirming
the effectiveness of self-attention mechanisms for spatio-temporal environmental learn-
ing. However, the absence of fuzzy-guided attention and DBN-based hierarchical refine-
ment limits its capability to capture highly nonlinear atmospheric relationships associated
with PMas concentration dynamics.
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The DBN, LSTM, and GRU models achieved moderate prediction performance, with
progressively higher RMSE and lower R? values compared with transformer-based ap-
proaches. Although recurrent architectures such as LSTM and GRU are effective for se-
quential learning, their capability to model long-range temporal dependencies and com-
plex heterogeneous environmental interactions is relatively limited compared with atten-
tion-driven architectures. The CNN model achieved lower performance due to its primary
focus on local feature extraction, which restricts its ability to capture long-term atmos-
pheric dependencies and uncertainty-aware environmental patterns. XGBoost produced
the weakest overall performance, with an RMSE of 24.19 ug/m?, R? of 0.58, and MAPE of
21.50%, indicating the limitations of conventional ensemble-learning approaches when
handling highly nonlinear spatio-temporal air pollution data.

Table 3. Comparative prediction performance of the proposed models for PM2s forecasting.

Aleorith Metrics
gorithms RMSE (pig/m?) R? MAPE (%)
ODFT-DBN 0.80 0.94 0.35
BERT 9.24 0.81 8.23
Transformer 12.35 0.79 10.14
DBN 14.93 0.75 11.55
LSTM 16.12 0.71 12.35
GRU 18.36 0.68 14.96
CNN 19.84 0.63 16.87
XGBoost 24.19 0.58 21.50

The superior performance of the proposed ODFT-DBN framework can be attributed
to the cooperative interaction among its intelligent modules. First, the fuzzy inference sys-
tem effectively models uncertainty and ambiguous atmospheric relationships before tem-
poral learning begins. Second, the fuzzy-guided transformer encoder extracts long-range
spatio-temporal dependencies while adaptively emphasizing environmentally meaning-
ful temporal patterns through the proposed fuzzy-attention mechanism. Third, the DBN
module performs hierarchical feature abstraction capable of learning latent nonlinear pol-
lutant representations from transformer-enhanced contextual features. Finally, the pro-
posed NMOGWO optimization strategy jointly optimizes multiple architectural and
fuzzy-system objectives, enabling balanced learning, improved convergence stability, and
enhanced generalization capability. These complementary mechanisms collectively ena-
ble the proposed framework to significantly outperform existing hybrid and standalone
DL architectures for PM2s prediction tasks.

Scatter-plot analysis provides a visual evaluation of the agreement between meas-
ured and estimated PM2s concentrations generated by prediction models. In these plots,
each point represents the relationship between an observed PM:s value and its corre-
sponding predicted output. The closer the data points are distributed around the ideal
diagonal regression line, the stronger the prediction consistency and regression capability
of the model. Scatter plots additionally provide important insights regarding prediction
dispersion, variance distribution, outlier behavior, and model stability under different
pollution conditions. Therefore, this analysis is widely utilized to visually assess the reli-
ability and robustness of environmental forecasting models.

Figure 9 illustrates the scatter-plot comparison between the proposed ODFT-DBN
framework and the BERT model, which represents the strongest competing baseline
among the benchmark architectures. The scatter plots provide a visual assessment of the
agreement between measured and predicted PM2s concentrations. As shown in Figure 9a,
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the scatter points associated with the proposed ODFT-DBN framework are densely con-
centrated around the regression line, indicating a strong correspondence between meas-
ured and estimated PMas values across different pollution levels. In comparison, Figure
9b shows a noticeably larger dispersion of scatter points for the BERT model, particularly
at moderate and high pollution concentrations, suggesting reduced prediction con-
sistency and larger forecasting deviations.

For the proposed ODFT-DBN framework, the fitted regression equation is approxi-
mately Y = 1.00X + 0.55, with an R? value of 0.94 and RMSE of 0.80 pg/m?. The regression
slope being extremely close to 1 indicates that the proposed framework can accurately
preserve the proportional relationship between measured and predicted PM2s concentra-
tions across different pollution levels. Furthermore, the very small intercept value demon-
strates low systematic prediction bias. The high R? value confirms that the proposed
framework successfully captures the dominant spatio-temporal environmental relation-
ships associated with PM2s concentration dynamics. In addition, the low RMSE value in-
dicates strong robustness against large prediction errors and high reliability under both
low- and high-pollution conditions.

In contrast, the BERT model shown in Figure 9b produces a regression equation of
approximately (Y = 0.53X + 11.58), with an R? value of 0.81 and an RMSE of 9.24 ug/m?3.
The substantially smaller regression slope indicates that the BERT model tends to under-
estimate higher PM2s concentrations and exhibits weaker sensitivity to severe pollution
events. Moreover, the larger intercept value and broader scatter-point distribution reveal
increased prediction bias and reduced stability compared with the proposed framework.
Although BERT benefits from attention-based sequence learning, its predictions remain
more dispersed around the ideal regression line, particularly at elevated concentration
levels. The superior behavior of the proposed ODFT-DBN framework can be attributed to
the cooperative interaction among fuzzy uncertainty modeling, transformer-based tem-
poral attention learning, DBN hierarchical feature abstraction, and NMOGWO-driven
adaptive optimization. These components collectively improve environmental feature
representation, uncertainty handling, and learning stability, enabling the proposed frame-
work to achieve substantially higher prediction accuracy and stronger agreement with the
measured PMzs observations than the BERT baseline.

Scatter Plot of Measured vs. Estimated PM 5
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Figure 9. Comparison of scatter plots between measured and predicted PM2s concentrations for: (a)
ODFT-DBN; (b) BERT.
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Figure 10 illustrates the convergence trends of the proposed ODFT-DBN framework
and the comparative benchmark models based on the RMSE metric over 300 training
epochs. Convergence analysis is important for evaluating the optimization stability, learn-
ing efficiency, and training behavior of DL architectures. In general, faster convergence
toward lower RMSE values indicates stronger optimization capability and improved
learning efficiency. Furthermore, smoother convergence curves demonstrate better stabil-
ity during training and reduced sensitivity to local minima or optimization fluctuations.

As shown in Figure 10, the proposed ODFT-DBN framework achieves significantly

faster and more stable convergence compared with all benchmark models. The proposed
model rapidly reduces the RMSE value during the early training epochs and reaches near-
optimal convergence after approximately 120-150 epochs. After this stage, the conver-
gence curve becomes highly stable with only very small fluctuations, indicating strong
optimization stability and effective parameter adaptation. In contrast, the benchmark
models exhibit slower convergence behavior and require substantially larger numbers of
epochs to approach their final performance levels. Among the comparative methods,
BERT demonstrates the second-fastest convergence trend, followed by Transformer and
DBN architectures, while CNN and XGBoost exhibit the slowest convergence behavior
and maintain relatively high RMSE values throughout the training process.

The superior convergence behavior of the proposed ODFT-DBN framework can be
attributed to several cooperative architectural and optimization mechanisms. First, the
fuzzy inference module improves the quality and stability of the input feature represen-
tations before temporal learning begins, thereby reducing uncertainty and noise propaga-
tion during training. Second, the transformer encoder efficiently captures long-range spa-
tio-temporal dependencies using the proposed fuzzy-guided attention mechanism, ena-
bling more informative contextual learning during early training stages. Third, the DBN
architecture performs hierarchical feature abstraction that progressively refines latent en-
vironmental representations and stabilizes deep feature learning. Finally, the proposed
NMOGWO, together with the theta-guided leadership mechanism and adaptive nonlin-

ear exploration—exploitation strategy, significantly improves optimization efficiency and
prevents premature convergence.
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Figure 10. The convergence trend of proposed models based on the RMSE metric.

Another important observation from Figure 10 is the difference in convergence
smoothness among the compared models. The CNN, GRU, and LSTM architectures ex-
hibit larger fluctuations and slower RMSE reduction throughout the training process, in-
dicating weaker optimization stability and lower capability for modeling highly nonlinear
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atmospheric dependencies. Similarly, the XGBoost model demonstrates limited conver-
gence improvement after approximately 200 epochs, suggesting reduced adaptability for
complex spatio-temporal environmental forecasting tasks. In contrast, the proposed
ODFT-DBN maintains a consistently smooth convergence curve with minimal oscillations
after the initial optimization stage. This behavior confirms the effectiveness of the pro-
posed multi-objective optimization framework in balancing exploration and exploitation
while adaptively tuning the transformer, DBN, and fuzzy-system parameters during
training.

Figure 11 presents the spatial distribution maps of PM2s concentrations across Teh-
ran for a selected day in November 2016. The figure compares the ground-truth pollution
map obtained from observed environmental measurements with the spatial prediction
maps generated by the proposed ODFT-DBN framework and several benchmark DL ar-
chitectures. These maps provide an intuitive visualization of the capability of different
models to reconstruct the spatial behavior of PM2s concentrations under real atmospheric
conditions. Unlike numerical metrics alone, spatial distribution analysis enables evalua-
tion of how accurately the models preserve pollutant hotspots, regional gradients, and
localized pollution variations across different urban regions.

As shown in Figure 11a, the observed PM:s distribution demonstrates significant spa-
tial variability throughout Tehran during the selected winter period. Higher pollution
concentrations are mainly concentrated in the central, southeastern, and southwestern re-
gions of the city, while comparatively lower pollution levels are observed in northern and
northeastern areas. This spatial behavior is strongly associated with Tehran’s geograph-
ical and urban characteristics. The southern and central districts are typically character-
ized by higher traffic density, industrial activity, dense urbanization, and limited air cir-
culation, leading to increased pollutant accumulation. In contrast, northern regions are
located closer to the Alborz mountain slopes and generally benefit from slightly improved
ventilation and lower urban density. Furthermore, November corresponds to the cold sea-
son in Tehran, during which temperature inversion phenomena frequently occur and trap
pollutants near the surface, significantly intensifying PMa2s accumulation across the met-
ropolitan area.

Figure 11b demonstrates that the proposed ODFT-DBN framework can reconstruct
the spatial pollution distribution with high consistency relative to the ground-truth obser-
vations. The proposed model successfully preserves the major pollution hotspots ob-
served in the central and southern regions while simultaneously capturing smoother tran-
sitional pollutant gradients across the urban area. In particular, the model accurately re-
produces the severe pollution concentrations observed in the southeastern districts and
the comparatively cleaner regions in the northwestern parts of the city. The close visual
agreement between the predicted and observed maps confirms the strong spatial learning
capability of the proposed architecture. This superior performance can be attributed to the
cooperative integration of fuzzy uncertainty modeling, transformer-based spatio-tem-
poral dependency extraction, DBN hierarchical feature learning, and NMOGWO-driven
optimization.

The comparative benchmark models exhibit noticeably weaker spatial reconstruction
capability. Although the BERT and Transformer models shown in Figure 11c,d can par-
tially capture the general spatial distribution trends, several local pollution hotspots are
either underestimated or spatially smoothed. Their predicted pollutant gradients appear
less consistent with the observed ground-truth map, particularly in highly polluted cen-
tral regions. This behavior indicates that attention-based architectures alone may struggle
to fully model nonlinear environmental uncertainty and localized atmospheric interac-
tions without fuzzy reasoning and hierarchical feature refinement mechanisms. The DBN
and LSTM models shown in Figure 11e,f exhibit even larger deviations from the observed
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pollution patterns. In particular, these models demonstrate weaker spatial sensitivity and

reduced capability in preserving localized PM2s concentration peaks, resulting in over-

smoothed pollution distributions across multiple urban regions.
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Figure 11. Spatial comparison of observed and predicted PM:s distributions in November 2016 us-
ing: (a) Measured ground-truth data; (b) ODFT-DBN; (c) BERT; (d) Transformer; (e) DBN; (f) LSTM.

Overall, the spatial distribution analysis further validates the superiority of the pro-

posed ODFT-DBN framework beyond conventional numerical regression metrics. The

proposed architecture not only achieves improved RMSE and R? performance but also

demonstrates stronger capability in preserving realistic spatial pollutant structures under
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complex winter atmospheric conditions. The ability to accurately capture both high-pol-
lution hotspots and low-concentration regions is critically important for practical air-qual-
ity monitoring, environmental management, and urban pollution mitigation strategies.
These results confirm that the proposed cooperative learning framework can effectively
model the complex spatio-temporal and environmental dynamics governing PM2s behav-
ior in large metropolitan regions such as Tehran.

Table 4 presents the RMSE performance of the proposed ODFT-DBN framework and
the comparative benchmark models across different PM25 concentration ranges, including
low, moderate, and high pollution conditions. This analysis is important because air pol-
lution forecasting models may exhibit different prediction behaviors depending on pollu-
tion severity and atmospheric complexity. In practical environmental monitoring appli-
cations, accurately predicting high-pollution events is particularly critical due to their se-
vere impacts on public health, transportation visibility, and urban environmental quality.
Therefore, evaluating model performance across multiple pollution ranges provides
deeper insight into the robustness and adaptability of the forecasting architectures under
varying atmospheric conditions.

The results demonstrate that the proposed ODFT-DBN framework consistently
achieves the lowest RMSE values across all concentration ranges. Specifically, the pro-
posed model achieves RMSE values of 0.42 pg/m?, 0.64 pg/m?, and 0.91 pg/m?3 under low,
moderate, and high-concentration conditions, respectively. These results indicate that the
proposed framework maintains highly stable prediction performance even under severe
pollution scenarios characterized by strong atmospheric nonlinearity and rapid pollutant
accumulation. In contrast, all comparative benchmark models exhibit substantially larger
prediction errors, particularly under high-pollution conditions. For example, the RMSE of
XGBoost increases from 22.19 ug/m?® under low pollution to 26.37 pug/m? under high pol-
lution levels, while recurrent and CNN-based models also demonstrate noticeable perfor-
mance degradation as pollution intensity increases.

The increasing prediction difficulty observed under high PM2s concentration levels
is strongly associated with the complex environmental and meteorological processes gov-
erning pollutant accumulation in Tehran. High-pollution conditions are typically influ-
enced by multiple interacting factors, including traffic density, industrial emissions, at-
mospheric pressure, humidity, temperature inversion, weak wind circulation, and sea-
sonal climatic conditions. During severe winter pollution episodes, pollutants become
trapped near the ground due to inversion layers and limited atmospheric mixing, leading
to highly nonlinear spatial and temporal pollutant behavior. Such environmental com-
plexity significantly increases forecasting difficulty because pollutant distributions be-
come more dynamic, heterogeneous, and sensitive to local atmospheric variations.

Table 4. RMSE comparison of the proposed models under different PM25 concentration levels.

RMSE (ug/md)

Methods Low Concentration Moderate Concentration High Concentration
ODFT-DBN 0.42 0.64 0.91
BERT 7.36 8.14 10.42
Transformer 10.75 11.37 12.33
DBN 12.41 13.18 15.87
LSTM 14.26 15.37 17.49
GRU 16.10 17.44 18.05
CNN 17.83 18.63 20.48
XGBoost 22.19 23.25 26.37
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Among the benchmark architectures, BERT demonstrates the strongest comparative
performance, achieving RMSE values of 7.36 ug/m?, 8.14 pg/m?3, and 10.42 ug/m? across
low-, moderate-, and high-pollution conditions, respectively. This result confirms the ef-
fectiveness of attention-based temporal learning for environmental forecasting tasks.
However, the performance of BERT still remains considerably lower than the proposed
framework because it lacks explicit uncertainty modeling and hierarchical feature abstrac-
tion mechanisms. Similarly, the Transformer architecture exhibits reasonable adaptability
but shows larger performance degradation at higher pollution levels due to the absence
of fuzzy-guided contextual learning and DBN-based nonlinear feature refinement.

Table 5 presents the ablation-study results of the proposed ODFT-DBN framework
under different architectural combinations and module configurations. The primary ob-
jective of this analysis is to evaluate the individual contribution of each major component,
including the fuzzy inference system, transformer encoder, DBN architecture, and
NMOGWO optimization strategy. By systematically removing or combining different
modules, the effectiveness of each component and their cooperative interactions can be
quantitatively investigated.

The complete ODFT-DBN framework achieves the best overall performance, obtain-
ing an RMSE of 0.80 pg/m3, R? of 0.94, and MAPE of 0.35%. These results clearly confirm
that the cooperative integration of fuzzy reasoning, transformer-based temporal learning,
DBN hierarchical abstraction, and NMOGWO optimization significantly improves PM:s
prediction capability. Among the partial hybrid configurations, the NMOGWO-Fuzzy-
Transformer model achieves the strongest comparative performance with an RMSE of 1.52
ug/m? and R? of 0.90, indicating that the interaction between uncertainty-aware fuzzy rea-
soning and transformer-based temporal attention learning plays a highly important role
in environmental forecasting. The strong performance of this configuration demonstrates
the capability of the proposed fuzzy-guided attention mechanism to improve contextual
temporal representation under nonlinear atmospheric conditions.

Table 5. Ablation study of ODFT-DBN components.

Metrics
Algorithms RMSE R MAPE (%)
(pg/m?)

ODFT-DBN (NMOGWO-Fuzzy-Transformer-DBN) 0.80 0.94 0.35
NMOGWO-Fuzzy-Transformer 1.52 0.90 1.72
NMOGWO-Fuzzy-DBN 2.14 0.89 1.89
NMOGWO-Transformer -DBN 2.90 0.89 2.95
Fuzzy-Transformer-DBN 3.70 0.88 3.08
NMOGWO-Transformer 4.10 0.87 4.15
NMOGWO-DBN 5.01 0.86 5.21
Fuzzy-Transformer 6.42 0.85 5.90
Fuzzy-DBN 6.95 0.84 6.50
Transformer-DBN 7.07 0.83 7.01
Transformer 12.35 0.79 10.14
DBN 14.93 0.75 11.55

The NMOGWO-Fuzzy-DBN and NMOGWO-Transformer-DBN architectures also
achieve relatively competitive results compared with simpler combinations, obtaining
RMSE values of 2.14 pg/m? and 2.90 pg/m?, respectively. The stronger performance of
NMOGWO-Fuzzy-DBN compared with NMOGWO-Transformer-DBN suggests that un-
certainty modeling through fuzzy reasoning contributes more significantly to PM2s fore-
casting stability than standalone temporal attention learning when hierarchical feature

https://doi.org/10.3390/math14132402



Mathematics 2026, 14, 2402

51 of 67

abstraction is already present. Since atmospheric pollution behavior is strongly influenced
by ambiguous environmental transitions, seasonal variability, and nonlinear meteorolog-
ical interactions, fuzzy-based uncertainty representation substantially improves environ-
mental feature quality before deep learning begins.

Another important observation is that removing the NMOGWO optimization mod-
ule noticeably degrades prediction performance across all architectural combinations. For
example, the Fuzzy-Transformer-DBN architecture without NMOGWO produces an
RMSE of 3.70 ug/m? and R? of 0.88, which is considerably weaker than the fully optimized
ODFT-DBN framework. This result confirms the importance of adaptive multi-objective
optimization for jointly tuning transformer hyper-parameters, DBN configurations, and
fuzzy membership functions. Without the proposed NMOGWO, the interaction among
different modules becomes less balanced, leading to weaker convergence stability and re-
duced learning efficiency.

The simpler dual-module architectures, including Fuzzy-Transformer, Fuzzy-DBN,
and Transformer-DBN, achieve moderate prediction performance but remain substan-
tially weaker than the full hybrid framework. Specifically, Transformer-DBN achieves an
RMSE of 7.07 pug/m? and R? of 0.83, while Fuzzy-DBN and Fuzzy-Transformer produce
RMSE values of 6.95 ug/m?® and 6.42 ug/m?, respectively. These results indicate that alt-
hough each pairwise module combination contributes useful environmental representa-
tion capability, none of them alone can fully capture the complex spatio-temporal and
uncertainty-aware pollutant relationships governing PM:s dynamics. The transformer
primarily improves long-range temporal dependency extraction, the DBN strengthens
nonlinear hierarchical abstraction, and the fuzzy subsystem enhances uncertainty model-
ing. Therefore, the simultaneous integration of all three modules is necessary to maximize
forecasting performance.

Finally, the standalone Transformer and DBN architectures achieve the weakest per-
formance among the ablation configurations, with RMSE values of 12.35 pg/m? and 14.93
ug/m?3, respectively. These results further demonstrate that single-module DL architec-
tures are insufficient for modeling the highly nonlinear, uncertain, and heterogeneous en-
vironmental processes associated with PM2s pollution forecasting. Overall, the ablation
analysis clearly validates that the superior performance of the proposed ODFT-DBN
framework is not attributed to a single component alone, but rather to the adaptive coop-
erative interaction among fuzzy reasoning, transformer attention learning, DBN hierar-
chical feature extraction, and NMOGWO-based multi-objective optimization.

To evaluate the effectiveness of the proposed NMOGWO, seven representative state-
of-the-art multi-objective meta-heuristic algorithms were additionally integrated into the
same ODFT-DBN framework and compared under identical experimental conditions. The
considered optimizers include multi-objective orchard optimization algorithm (MOOA),
multi-objective chimp optimization algorithm (MOChOA), MOGWO, multi-objective ar-
tificial bee colony (MOABC), multi-objective biogeography-based optimization
(MOBBO), multi-objective particle swarm optimization (MOPSO), and non-dominated
sorting genetic algorithm (NSGA-II). In all cases, only the optimization engine was re-
placed, while the fuzzy system, transformer encoder, DBN architecture, dataset, and train-
ing configuration remained unchanged. This experimental design enables a fair assess-
ment of the contribution of the proposed NMOGWO algorithm.

The results presented in Table 6 clearly demonstrate the superiority of the proposed
NMOGWO. Specifically, the proposed ODFT-DBN framework achieves the lowest RMSE
value of 0.80 pg/m3, the highest coefficient of determination (R?) of 0.94, and the lowest
MAPE value of 0.35%. The closest competitor is MOOA, which achieves an RMSE of 1.19
ug/m? and an MAPE of 1.67%. Compared with MOOA, the proposed optimizer reduces
RMSE by approximately 32.8% and decreases MAPE by nearly 79%, while simultaneously
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improving the coefficient of determination. These results indicate that the proposed opti-
mization strategy is more effective in identifying high-quality parameter configurations
for the fuzzy, transformer, and DBN modules.

Table 6. Comparison of NMOGWO with other optimizers within the FT-DBN framework.

Algorithms Metrics
RMSE (ug/m?) R? MAPE (%)

ODFT-DBN (NMOGWO-Fuzzy-Transformer-DBN) 0.80 0.94 0.35
MOOA-Fuzzy-Transformer-DBN 1.19 0.91 1.67
MOChOA-Fuzzy-Transformer-DBN 1.27 091 1.81
MOGWO-Fuzzy-Transformer-DBN 1.56 0.90 2.05
MOABC-Fuzzy-Transformer-DBN 1.69 0.90 2.15
MOBBO-Fuzzy-Transformer-DBN 2.55 0.89 271
MOPSO-Fuzzy-Transformer-DBN 2.68 0.89 2.83
NSGA_II-Fuzzy-Transformer-DBN 2.83 0.89 2.97

The superior performance of NMOGWO can be attributed to several enhancements
introduced into the conventional GWO framework. First, the proposed theta-guided lead-
ership mechanism enriches the search process by incorporating an additional dominant
wolf, thereby providing more informative search directions and reducing the probability
of stagnation around local optima. Second, the adaptive nonlinear exploration—exploita-
tion control mechanism dynamically regulates the search behavior according to the opti-
mization state, allowing broader exploration during early iterations and stronger exploi-
tation near convergence. Third, the integration of non-dominated sorting and crowding-
distance preservation improves population diversity and enables more effective explora-
tion of the Pareto-optimal search space.

Although algorithms such as MOPSO, MOABC, and MOBBO possess strong global-
search capabilities, they frequently exhibit unstable convergence behavior when dealing
with highly nonlinear and strongly coupled optimization problems. Similarly, NSGA-II
provides effective Pareto-front generation but often requires a larger number of evolu-
tionary updates to identify highly competitive solutions in complex high-dimensional
search spaces. Furthermore, conventional MOGWO relies only on three dominant wolves
and employs a linear exploration-exploitation transition mechanism, which may reduce
diversity and increase the risk of premature convergence. These limitations become par-
ticularly evident in the simultaneous optimization of transformer hyper-parameters, DBN
structural parameters, and fuzzy-system configurations.

Figure 12 illustrates the convergence behavior of the proposed NMOGWO and the
benchmark multi-objective optimization algorithms when integrated into the ODFT-DBN
framework. The horizontal axis represents the optimization iterations (epochs), while the
vertical axis denotes the corresponding RMSE values. It can be observed that the proposed
NMOGWO exhibits the fastest convergence rate among all compared optimizers. During
the early optimization stages, NMOGWO rapidly reduces the RMSE value, indicating
strong global exploration capability and efficient identification of promising search re-
gions. As the optimization progresses, the proposed optimizer continues refining the can-
didate solutions and converges toward the lowest RMSE values, whereas most competing
algorithms require substantially more iterations to achieve comparable performance. In
particular, NSGA-II, MOPSO, MOBBO, and MOABC exhibit slower convergence behav-
ior and remain trapped at relatively high RMSE levels for a considerable number of itera-
tions before approaching their final solutions.
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Another important observation is the convergence stability achieved by the proposed
optimizer. While several benchmark algorithms exhibit noticeable fluctuations and irreg-
ular convergence trajectories, NMOGWO demonstrates a smoother and more consistent
optimization process throughout the search procedure. This behavior can be attributed to
the combined effects of the theta-guided leadership mechanism, adaptive nonlinear ex-
ploration—exploitation control, and Pareto-based diversity preservation. These enhance-
ments improve search-direction quality, reduce premature convergence, and maintain
population diversity during optimization. Consequently, the proposed NMOGWO
achieves a more favorable balance between exploration and exploitation, allowing it to

converge faster and reach higher-quality solutions than the competing multi-objective op-
timization algorithms.
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Figure 12. Convergence comparison of the proposed NMOGWO and benchmark algorithms.

Another important observation concerns the swarm-based optimization algorithms,

including MOPSO and several population-driven search strategies. Although these meth-
ods are capable of performing effective global exploration during the early stages of opti-
mization, their search behavior is often highly dependent on the quality and distribution
of the initial population. When the initial particles or agents are generated far from prom-
ising regions of the search space, the population may require a large number of iterations
to gradually move toward high-quality solutions. This limitation becomes more pro-
nounced in high-dimensional optimization problems, where the distance between candi-
date solutions and the global optimum can be substantial. Furthermore, most swarm-
based algorithms rely on gradual position updates driven by collective population behav-
ior. As a result, they generally lack strong mechanisms for performing abrupt directional
corrections when the search process becomes trapped around locally optimal regions.
Consequently, the population may continue exploring suboptimal areas for extended pe-
riods before identifying more promising search directions. This issue often leads to slower
convergence rates and increased computational cost, particularly in complex optimization
landscapes characterized by multiple local optima and strong parameter interactions.

In addition, maintaining a proper balance between exploration and exploitation re-
mains a challenging task for many swarm-intelligence algorithms. Excessive exploration
may delay convergence and reduce optimization efficiency, whereas aggressive exploita-
tion can rapidly reduce population diversity and increase the risk of premature conver-
gence. These challenges are especially critical in the proposed optimization problem,
where transformer hyper-parameters, DBN parameters, fuzzy membership functions, and
fuzzy-rule configurations must be optimized simultaneously within a highly nonlinear
and strongly coupled search space. In contrast, the proposed NMOGWO addresses these
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limitations through the integration of the theta-guided leadership mechanism, adaptive
nonlinear exploration—exploitation control, and Pareto-based diversity preservation. The
additional theta leader provides richer directional guidance during population updates,
while the adaptive search mechanism dynamically adjusts exploration and exploitation
according to the current optimization state. Together with non-dominated sorting and
crowding-distance preservation, these improvements enhance convergence stability, re-
duce sensitivity to the initial population distribution, and improve the optimizer’s ability
to escape local optima, ultimately leading to superior optimization performance.

To provide a more rigorous evaluation against state-of-the-art PMzs forecasting ap-
proaches, the proposed ODFT-DBN framework was compared with several advanced
spatio-temporal prediction models, including the temporal fusion transformer (TFT), at-
tention-based spatial-temporal graph convolutional network (ASTGCN), spatio-tem-
poral graph convolutional network (ST-GCN), and diffusion convolutional recurrent neu-
ral network (DCRNN). These architectures were selected because they represent some of
the most widely adopted DL frameworks for modeling complex spatial and temporal de-
pendencies in environmental forecasting applications. While TFT focuses on attention-
based temporal dependency learning, ASTGCN, ST-GCN, and DCRNN utilize graph-
based representations to capture spatial interactions among monitoring locations.

The results presented in Table 7 demonstrate that the proposed ODFT-DBN frame-
work consistently outperforms all competing models across all evaluation metrics. Spe-
cifically, ODFT-DBN achieves an RMSE of 0.80 pig/m?, an R? value of 0.94, and a MAPE of
only 0.35%, whereas the strongest competing baseline, TFT, achieves an RMSE of 6.30
ug/m?, an R? value of 0.85, and a MAPE of 5.82%. Similar performance gaps can be ob-
served for ASTGCN, ST-GCN, and DCRNN. These results indicate that the proposed
framework is capable of capturing the underlying PM2s dynamics with substantially
higher accuracy and lower prediction error than existing state-of-the-art spatio-temporal
forecasting architectures.

The superior performance of the proposed framework can be attributed to its multi-
stage learning strategy. Unlike graph-based architectures that primarily focus on spatial
dependency modeling or transformer-based architectures that mainly emphasize tem-
poral attention learning, the proposed ODFT-DBN simultaneously integrates fuzzy un-
certainty modeling, transformer-based contextual feature extraction, DBN-based hierar-
chical representation learning, and NMOGWO-driven adaptive optimization. Conse-
quently, the framework is able to model uncertainty, nonlinear feature interactions, long-
range temporal dependencies, and hierarchical environmental patterns within a unified
learning architecture. Another important observation is that although graph-based mod-
els such as ASTGCN, ST-GCN, and DCRNN effectively exploit spatial relationships
among monitoring stations, their performance remains limited by the predefined graph
structure and neighborhood aggregation mechanisms. Similarly, TFT provides strong
temporal modeling capability but does not explicitly address uncertainty representation
or hierarchical feature abstraction.

Table 7. Performance comparison of the ODFT-DBN and state-of-the-art spatio-temporal models.

Algorithms Metrics
RMSE (ug/m3) R? MAPE (%)
ODFT-DBN 0.80 0.94 0.35
TET 6.30 0.85 5.82
ASTGCN 6.76 0.84 6.42
ST-GCN 7.29 0.83 6.93
DCRNN 8.24 0.82 7.53
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4. Discussion

In the previous section, the prediction capability of the proposed ODFT-DBN frame-
work was comprehensively evaluated using several quantitative and qualitative perfor-
mance metrics, including RMSE, R2, MAPE, scatter-plot analysis, convergence behavior,
and spatial distribution analysis. The obtained results demonstrated that the proposed
framework achieves significantly improved PMs forecasting accuracy and stronger con-
vergence stability compared with conventional ML and DL architectures. Furthermore,
the ablation-study results confirmed the effectiveness of the cooperative interaction
among fuzzy reasoning, transformer-based temporal learning, DBN hierarchical abstrac-
tion, and NMOGWO-driven multi-objective optimization.

Although prediction accuracy is one of the most important evaluation criteria in en-
vironmental forecasting applications, relying solely on accuracy-based metrics is insuffi-
cient for determining the practical applicability and generalization capability of a predic-
tion framework. In real-world atmospheric monitoring systems, models are additionally
required to exhibit stable prediction behavior, computational efficiency, low inference la-
tency, and strong robustness under different operational conditions. Therefore, beyond
conventional regression metrics, it is essential to investigate additional evaluation criteria
capable of analyzing the reliability, scalability, and deployment feasibility of the proposed
framework in practical environmental monitoring scenarios.

In this section, several additional analytical criteria are investigated to further evalu-
ate the robustness and real-world applicability of the proposed ODFT-DBN architecture.
Specifically, variance analysis is conducted to examine the stability and consistency of the
prediction framework under repeated simulation runs and stochastic training conditions.
Statistical significance analysis based on paired t-test evaluation is additionally performed
to verify whether the observed performance improvements are statistically meaningful
rather than resulting from random optimization variations. These analyses provide
deeper insight into the reliability and reproducibility of the proposed framework across
multiple executions.

Moreover, computational efficiency and deployment feasibility are analyzed through
runtime evaluation, inference-latency analysis, and computational complexity assess-
ment. Runtime analysis investigates the total computational cost associated with model
training and optimization procedures, while inference latency evaluates the time required
to generate PM2s predictions after training. In practical smart-city and environmental-
monitoring applications, low inference latency is critically important because pollution
forecasting systems often require near real-time prediction capability for rapid environ-
mental response and decision-making. Consequently, evaluating both runtime complex-
ity and inference efficiency is necessary for determining the suitability of the proposed
framework for large-scale operational deployment. Therefore, the analyses presented in
this section aim not only to evaluate the predictive superiority of the proposed framework,
but also to determine its practical feasibility, robustness, and adaptability for real-world
PM25 monitoring and forecasting applications.

Table 8 presents the inference latency comparison of the proposed ODFT-DBN archi-
tecture and the comparative baseline models. Inference latency represents the time re-
quired by a trained model to generate a PM:s prediction after receiving the input environ-
mental data. This metric is particularly important for practical smart-city and air-quality
monitoring applications, where prediction systems are often expected to operate in near
real-time conditions. Lower inference latency indicates faster prediction response and im-
proved suitability for online environmental monitoring and rapid decision-making sys-
tems.

The results indicate that the proposed ODFT-DBN framework achieves an inference
latency of 9.1 ms, which is slightly higher than the benchmark architectures due to its
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more sophisticated hybrid structure integrating fuzzy reasoning, transformer-based at-
tention learning, DBN hierarchical abstraction, and NMOGWO-driven optimization.
Nevertheless, the latency difference remains relatively small and computationally practi-
cal for real-world deployment scenarios. Simpler models such as XGBoost and CNN
achieve lower latency values of 7.2 ms and 7.5 ms, respectively, mainly because of their
reduced architectural complexity and smaller computational overhead. However, despite
their slightly faster inference speed, these models demonstrated substantially weaker pre-
diction accuracy and lower robustness in previous evaluations. Therefore, the proposed
ODFT-DBN framework provides a highly favorable tradeoff between prediction perfor-
mance and computational efficiency, making it suitable for practical PM:s forecasting ap-
plications requiring both high accuracy and near real-time inference capability.

Table 8. Comparison of inference latency between the ODFT-DBN framework and other models.

Proposed Methods Inference Latency (ms)

ODFT-DBN 9.1
BERT 8.7
Transformer 8.3
DBN 7.8

LSTM 8.5

GRU 8.2

CNN 7.5
XGBoost 7.2

Table 9 presents the runtime analysis of the proposed ODFT-DBN framework and
the comparative benchmark models under different predefined RMSE convergence
thresholds. Unlike conventional runtime evaluations that simply report total execution
time, this analysis measures the time required for each architecture to reach specific pre-
diction-error levels, namely RMSE < 20, RMSE < 15, RMSE < 10, and RMSE < 5. Therefore,
the table provides a more meaningful evaluation of optimization efficiency and conver-
gence capability by directly linking runtime performance to prediction quality. Models
that achieve lower RMSE thresholds within shorter execution times demonstrate stronger
learning efficiency and more effective optimization behavior.

Table 9. Computational time required by the models to achieve predefined RMSE thresholds.

Run Time (s)

Proposed Methods RMSE<20 RMSE<15 RMSE<10 RMSE<5

ODFT-DBN 23 91 166 324
BERT 55 305 518 -
Transformer 93 372 - -
DBN 121 415 - -
LSTM 173 - - -
GRU 201 - - -
CNN 183 - - -
XGBoost - - - -

The results indicate that the proposed ODFT-DBN framework achieves substantially
faster convergence toward all predefined RMSE thresholds compared with the benchmark
models. Specifically, the proposed architecture reaches RMSE <20 in only 23 s, RMSE < 15
in 91 s, RMSE <10 in 166 s, and RMSE <5 in 324 s. In contrast, BERT requires 55 s, 305 s,
and 518 s to reach RMSE thresholds of 20, 15, and 10, respectively, while failing to achieve
RMSE <5 during the training process. Similarly, the Transformer model requires 93 s and
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372 s to achieve RMSE < 20 and RMSE < 15, respectively, but does not converge toward
lower RMSE levels. The DBN, LSTM, GRU, CNN, and XGBoost models demonstrate even
slower convergence behavior and are unable to achieve several of the lower RMSE thresh-
olds within the training duration.

An important observation from Table 9 is that several comparative architectures
completely fail to achieve lower RMSE thresholds despite prolonged training. For exam-
ple, LSTM, GRU, and CNN are only able to reach RMSE < 20, while XGBoost fails to
achieve even this initial convergence condition. This behavior highlights the difficulty of
modeling highly nonlinear spatio-temporal PM2s dynamics using conventional sequential
or shallow-learning architectures. In contrast, the proposed ODFT-DBN framework con-
sistently achieves all predefined RMSE targets with significantly lower runtime require-
ments. The superior convergence efficiency of the proposed framework can be attributed
to the cooperative interaction among fuzzy uncertainty modeling, transformer-based tem-
poral dependency extraction, DBN hierarchical feature learning, and NMOGWO-driven
adaptive optimization. These mechanisms collectively accelerate feature learning and im-
prove optimization stability throughout the training process.

When jointly analyzing the results of Tables 8 and 9, it can be concluded that the
proposed ODFT-DBN framework achieves a highly favorable balance between computa-
tional complexity, inference efficiency, and prediction performance. Although the pro-
posed architecture exhibits slightly higher inference latency than simpler models due to
its hybrid multi-module structure, the latency remains within practical real-time opera-
tional limits. At the same time, the runtime analysis demonstrates that the proposed
framework converges substantially faster toward high-accuracy prediction states com-
pared with benchmark architectures. Therefore, despite the increased architectural so-
phistication, the computational complexity of the proposed framework remains practi-
cally manageable and suitable for real-world PMzs monitoring applications, particularly
in smart-city systems and large-scale environmental forecasting platforms requiring both
high prediction accuracy and reliable near real-time operation.

Although the proposed ODFT-DBN framework utilizes a multi-objective optimiza-
tion procedure based on NMOGWGO, it should be noted that this optimization process is
performed only during the offline model-development stage. The computational cost as-
sociated with population-based optimization is therefore incurred once during model
construction and parameter tuning, whereas the final deployed model operates using only
the optimized network parameters. Consequently, the optimization overhead does not
affect the real-time forecasting stage, where predictions are generated using the trained
ODFT-DBN model. The inference latency analysis presented in Table 8 further confirms
that the final framework remains suitable for practical near real-time PM:s forecasting
applications. From the optimization perspective, the selected configuration of 40 wolves
and 300 iterations was found to provide a suitable balance between prediction perfor-
mance and computational cost. Increasing the population size or the maximum number
of iterations beyond these values produced only marginal improvements in prediction
accuracy while substantially increasing the optimization runtime. Conversely, smaller
populations or fewer iterations reduced the computational burden but often resulted in
premature convergence and less stable solutions. Therefore, the adopted configuration
was selected as a practical compromise between optimization quality and computational
efficiency.

Nevertheless, reducing the computational complexity of population-based hyper-pa-
rameter optimization remains an important research direction. Several strategies may be
employed to further improve efficiency, including adaptive population-size control,
early-stopping mechanisms, surrogate-assisted fitness evaluation, and parallel execution
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of candidate-solution evaluations. Such approaches can significantly reduce the optimi-
zation time while maintaining comparable prediction performance. Therefore, future
work will investigate computationally efficient optimization strategies that preserve the
forecasting accuracy of the proposed framework while further improving scalability for
large-scale environmental prediction applications.

Table 10 presents the variance analysis of the proposed ODFT-DBN framework and
the comparative benchmark models across 15 independent simulation runs. Variance
analysis is important for evaluating the stability, robustness, and consistency of prediction
models under repeated training and stochastic optimization conditions. The results
clearly demonstrate that the proposed ODFT-DBN framework achieves the lowest vari-
ance among all compared architectures, with a variance value of only 0.000417. In contrast,
the benchmark models exhibit substantially larger variance values, including 3.140256 for
BERT, 5.365280 for Transformer, 7.014589 for DBN, and progressively higher values for
recurrent and conventional architectures such as LSTM, GRU, CNN, and XGBoost. These
results indicate that the proposed framework maintains highly consistent prediction be-
havior across repeated executions, while the benchmark models suffer from greater insta-
bility and sensitivity to stochastic training conditions. The significantly larger variance
values observed in CNN and XGBoost further demonstrate the limitations of conventional
architectures in handling highly nonlinear and uncertain PM2s forecasting tasks.

The superior stability of the proposed ODFT-DBN framework can be attributed to
the cooperative integration of fuzzy uncertainty modeling, transformer-based contextual
learning, DBN hierarchical abstraction, and NMOGWO-driven adaptive optimization.
The fuzzy subsystem reduces uncertainty propagation during learning, while the trans-
former encoder stabilizes temporal dependency extraction through adaptive attention
learning. In addition, the DBN module improves hierarchical feature consistency, and the
proposed NMOGWO optimization strategy prevents unstable parameter updates and
premature convergence during training. These mechanisms collectively contribute to
smoother optimization behavior and more reliable prediction performance across multi-
ple independent runs.

From a practical perspective, low variance is critically important for real-world envi-
ronmental forecasting systems because operational PMzs5 monitoring platforms require
stable and reproducible prediction behavior under changing atmospheric and computa-
tional conditions. Models with high variance may produce inconsistent forecasts across
repeated deployments, reducing their reliability for environmental management and de-
cision-making applications. In contrast, the extremely low variance achieved by the pro-
posed ODFT-DBN framework indicates strong generalization capability and high robust-
ness against stochastic variations, making the framework highly suitable for practical
smart-city deployment, long-term air-quality monitoring, and real-time environmental
forecasting applications.

Table 10. Variance comparison of the proposed models over 15 independent experimental runs.

Proposed Methods Variance
ODFT-DBN 0.000417
BERT 3.140256
Transformer 5.365280
DBN 7.014589

LSTM 8.145236

GRU 9.102548

CNN 10.902143
XGBoost 13.554012
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Table 11 presents the statistical paired t-test results comparing the proposed ODFT-
DBN framework with the benchmark ML/DL architectures. The purpose of this analysis
is to determine whether the prediction improvements achieved by the proposed frame-
work are statistically significant rather than resulting from random variations during
training or testing procedures. In this study, all comparisons were conducted using a sig-
nificance level of a=0.01. The reported p-values quantify the probability that the observed
performance differences occurred randomly. Lower p-values indicate stronger statistical
confidence regarding the superiority of the proposed framework.

As shown in Table 11, all pairwise comparisons between the proposed ODFT-DBN
architecture and the benchmark models produce extremely small p-values, including
0.0005 for BERT, 0.0003 for Transformer, 0.00009 for DBN, 0.00006 for LSTM, 0.00005 for
GRU, 0.00003 for CNN, and 0.000001 for XGBoost. Since all p-values are substantially
lower than the predefined significance threshold of a = 0.01, the null hypothesis can be
rejected for every comparison case. Consequently, the prediction improvements achieved
by the proposed framework are statistically significant with high confidence. These results
confirm that the superior RMSE, R?, MAPE, convergence, and stability performances ob-
served in previous analyses are not caused by random optimization behavior or stochastic
training fluctuations.

Table 11. Statistical paired t-test analysis of the proposed models.

Algorithm f-Tests
p-Value Significance Level Results

ODFT-DBN vs. BERT 0.0005 a=0.01 Significant
ODFT-DBN vs. Transformer 0.0003 a=0.01 Significant
ODFT-DBN vs. DBN 0.00009 a=0.01 Significant
ODFT-DBN vs. LSTM 0.00006 a=0.01 Significant
ODFT-DBN vs. GRU 0.00005 a=0.01 Significant
ODFT-DBN vs. CNN 0.00003 a=0.01 Significant
ODFT-DBN vs. XGBoost 0.000001 a=0.01 Significant

Another important observation is that the smallest p-values are obtained when com-
paring the proposed framework with conventional architectures such as CNN and
XGBoost, indicating very large statistical performance differences between these methods
and the proposed ODFT-DBN architecture. Although attention-based architectures such
as BERT and Transformer demonstrate comparatively stronger forecasting capability,
their p-values still remain significantly below the o = 0.01 threshold, confirming that the
proposed framework consistently outperforms even advanced transformer-based bench-
mark models.

Table 12 summarizes the representative optimized centers and widths of the Gauss-
ian membership functions for six influential environmental variables. For each variable,
the Low, Medium, and High fuzzy regions are reported in the normalized input domain
together with their corresponding environmental interpretation. Because Gaussian mem-
bership functions overlap smoothly, the reported intervals should be interpreted as ap-
proximate dominant regions rather than fixed crisp thresholds. The optimized AOD mem-
bership functions exhibit a clear separation among low, transitional, and high aerosol-
loading conditions. The High AOD center is shifted toward the upper part of the normal-
ized domain, indicating that the model assigns the strongest high-pollution membership
only when aerosol loading becomes distinctly elevated. This behavior is environmentally
meaningful because AOD provides an indirect measure of the total atmospheric aerosol
burden and is therefore closely related to the likelihood of increased PM2s concentrations.
The moderate overlap between the AOD membership functions also allows the fuzzy
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module to represent transitional atmospheric conditions in which the relationship be-
tween column-integrated aerosol loading and ground-level PM:s is affected by humidity,
boundary-layer height, and vertical aerosol distribution.

Table 12. Representative optimized Gaussian function parameters and physical interpretation.

Optimized Optimized Appr0x1fnate
. Normalized
Centers: Widths: Intervals:
Variable Low Low Environmental Interpretation
Medium Medium LOTN
High High Medium
High
0.18 0.12 0-0.34 Trans%;;&:fz(;izlsl(l)iccl)lrr\lcglgitions
AOD 0.49 0.15 0.34-0.66 . .
0.82 013 0.66-1.00 High atmospheric aerosol burden as-
sociated with elevated PM2s
Cooler and relatively stable condi-
tions
Maximum 0-20 0.13 0-0.36 Moderate thermal conditions
temperature 052 0.16 0-36-0.68 High-temperature conditions affect-
0.83 0.14 0.68-1.00 . o
ing atmospheric mixing and aerosol
formation
Weak surface heating
0.17 0.12 0-0.33 Moderate land-surface heating
LST 0.48 0.15 0.33-0.64  Intense surface heating influencing
0.80 0.13 0.64-1.00 boundary-layer development and
dry-surface particle resuspension
Atmospheric stagnation and pollu-
0.14 0.10 0-0.28 tant accumulation
Wind speed  0.42 0.14 0.28-0.59 Partial ventilation and dispersion
0.76 0.15 0.59-1.00  Strong air circulation and pollutant
dilution
Sparse vegetation and limited particle
022 0.14 0-0.36 Moderate Vzagzral:ii)n coverage
NDVI 0.50 0.15 0.36-0.64 . . .
078 0.14 0.64-1.00 Dense vegetation associated with en-
hanced deposition and reduced dust
resuspension
Low-lying regions susceptible to pol-
0.16 0.11 0-0.51 Interrilisir;j (’é:;lrrzr;ilrllligggitions
Elevation 045 0.15 0.31-0.62 Elevated regions generally associated
0.79 0.14 0.62-1.00

with improved ventilation and lower
local pollutant retention

Maximum temperature and LST show similar but not identical fuzzy patterns. The
optimized maximum-temperature functions distinguish cooler stable conditions from
warmer conditions that alter atmospheric mixing, pollutant transport, and secondary aer-
osol formation. In comparison, the LST membership functions specifically represent the
intensity of surface heating. High LST may strengthen boundary-layer development and
vertical mixing, but it may also indicate dry surface conditions that promote dust and
particle resuspension. The separate optimization of maximum temperature and LST there-
fore enables the fuzzy system to distinguish between atmospheric thermal conditions and
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land-surface energy effects rather than treating them as equivalent temperature indica-
tors.

The optimized wind-speed functions provide the clearest physical separation be-
tween accumulation and dispersion regimes. Low wind speed is represented by a rela-
tively narrow membership function centered near the lower end of the normalized range,
reflecting atmospheric stagnation conditions under which PMzs can accumulate. The
wider High wind-speed function captures a broader range of ventilation conditions asso-
ciated with pollutant transport and dilution. The NDVI and elevation functions addition-
ally describe the spatial environmental context of the prediction problem. Higher NDVI
generally indicates greater vegetation coverage, which can enhance particle deposition
and reduce surface-dust resuspension, whereas higher elevation is commonly associated
with improved ventilation and reduced pollutant retention compared with low-lying ur-
ban areas. Collectively, these optimized fuzzy intervals demonstrate that the proposed
model learns environmentally interpretable transitions among aerosol, meteorological,
land-surface, vegetation, and topographical conditions.

Figure 13 presents the averaged self-attention weights learned by the proposed
ODFT-DBN model over the four-day historical input sequence. The heatmap shows how
each query day distributes its attention across the available historical observations, while
the bar chart summarizes the mean attention assigned to each lag after averaging across
the test samples and attention heads of the final transformer encoder layer. The heatmap
reveals a clear concentration of attention along the main diagonal, indicating that each
temporal position retains a strong dependence on its corresponding historical observa-
tion. The diagonal weights are 0.38, 0.36, 0.39, and 0.53 for (t-4), (t-3), (t-2), and (t-1), re-
spectively. The highest individual attention weight is observed at (t-1), where the most
recent historical observation receives a weight of 0.53. In the same query row, the model
assigns weights of 0.28, 0.13, and 0.06 to (t-2), (t-3), and (t-4), respectively. Therefore, 81%
of the attention associated with the final historical position is concentrated on the two
most recent days, demonstrating a strong short-term temporal persistence in PMas dy-
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Figure 13. Averaged self-attention weights of ODFT-DBN over four-day historical input sequence.

A similar recency-oriented pattern is observed for the preceding query positions. For
the (t-2) query, the model assigns weights of 0.39 and 0.31 to (t-2) and (t-1), respectively,
meaning that 70% of its attention is concentrated on these two neighboring positions. For
(t-3), the largest weight is assigned to (t-3) at 0.36, followed by (t-2) at 0.26. The earliest
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query position, (t-4), similarly places the highest weights on (t-4) and (t-3), with values of
0.38 and 0.29. These results indicate that the transformer does not treat all historical ob-
servations equally; instead, it emphasizes temporally adjacent information while gradu-
ally reducing the contribution of more distant observations. The mean attention weights
shown in the bar chart further confirm this temporal pattern. The average importance val-
ues increase from 0.19 for (t-4) and 0.24 for (t-3) to 0.28 for (t-2) and 0.29 for (t-1). Accord-
ingly, the two most recent days jointly account for 57% of the overall attention, whereas
the third and fourth preceding days account for the remaining 43%. This distribution in-
dicates that one-day-ahead PM:s prediction is primarily governed by short-term atmos-
pheric persistence and recent environmental conditions, while older observations still
provide complementary contextual information. Because the adopted input window con-
tains only four historical days, the results should be interpreted as evidence of short-term
temporal dependency rather than weekly, monthly, or seasonal periodicity.

Figure 14 presents the normalized feature-importance ranking of the 16 input varia-
bles used by the proposed ODFT-DBN framework. The contribution ratios sum to 100%
and quantify the relative influence of historical pollution observations, satellite-derived
variables, meteorological conditions, temporal information, and topographical de-
scriptors on PMzs prediction. Historical PM2s is identified as the most influential individ-
ual predictor, with a contribution ratio of 24%. This result confirms the strong short-term
persistence of PM2s concentrations, as the pollution level of the following day is substan-
tially affected by the conditions observed during the preceding days. AOD ranks second
with a contribution of 19%, demonstrating the importance of satellite-derived aerosol in-
formation for representing the atmospheric particle burden. Together, historical PM2s and
AOD account for 43% of the total model contribution, indicating that both ground-level
pollution persistence and column-integrated aerosol loading play dominant and comple-
mentary roles in the prediction process.

Among the land-surface variables, LST and NDVI contribute 8% and 7%, respec-
tively. The relatively high importance of LST reflects the influence of surface heating on
boundary-layer development, atmospheric stability, vertical mixing, and particle resus-
pension. NDVI provides an additional contribution by representing vegetation coverage
and land-surface characteristics that may affect particle deposition, dust generation, and
local pollutant dispersion. Collectively, LST and NDVI account for 15% of the total im-
portance, confirming that satellite-derived surface conditions provide information that
cannot be fully represented by AOD or ground-based meteorological measurements
alone. The meteorological variables collectively contribute 30% of the total feature im-
portance. Wind speed and the day-independent temperature variables show notable con-
tributions, with wind speed accounting for 6%, while maximum and minimum tempera-
tures each contribute 5%. Relative humidity contributes 4%, followed by wind direction
and precipitation at 3% each, and water vapor and atmospheric pressure at 2% each. Wind
speed is the most influential meteorological variable because it directly controls pollutant
transport, dilution, and accumulation. Temperature and humidity additionally influence
atmospheric stability, secondary aerosol formation, and hygroscopic particle growth,
whereas precipitation contributes through wet scavenging and the removal of suspended
particles.

The day of the week contributes 6%, indicating that recurrent human-activity pat-
terns, including traffic intensity, industrial operations, and weekday-weekend variations,
provide useful contextual information for PM:zs forecasting. Elevation contributes 4%,
while latitude and longitude each contribute 1%. Therefore, the combined contribution of
the topographical and spatial variables is 6%. Although their individual effects are lower
than those of historical PM25, AOD, and meteorological variables, they remain relevant
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because they characterize persistent spatial differences in terrain, ventilation, urban struc-
ture, and pollutant retention across the study area. Overall, the ranking demonstrates that
the proposed model does not depend on a single source of environmental information.
The principal contributions arise from historical PM:s at 24%, meteorological variables at
30%, AOD at 19%, land-surface variables at 15%, temporal context at 6%, and topograph-
ical and spatial variables at 6%. This distribution confirms that the improved prediction
performance of the proposed framework results from integrating complementary pollu-
tion, atmospheric, surface, temporal, and geographical information within a unified learn-
ing architecture.

30%
259, 24%
20%
15%
10%
5% 3% 5o 29
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Figure 14. Normalized contribution ratios of the input variables obtained from the feature-im-

portance analysis of the proposed ODFT-DBN model.

5. Conclusions

PM:s air pollution has become one of the most critical environmental and public-
health challenges in modern urban areas due to its severe impacts on human health, at-
mospheric quality, and environmental sustainability. High concentrations of PM2s are
strongly associated with respiratory diseases, cardiovascular disorders, reduced visibility,
and increased mortality rates, particularly in densely populated metropolitan regions.
Therefore, developing accurate and robust PMzs forecasting models is essential for im-
proving environmental monitoring systems, supporting urban pollution management,
and enabling timely decision-making for public-health protection. In this paper, an ODFT-
DBN framework was proposed for accurate PMzs prediction using heterogeneous spatio-
temporal environmental data.

The proposed study was conducted for Tehran, Iran, which is considered one of the
most polluted metropolitan regions due to severe traffic congestion, industrial emissions,
rapid urbanization, and unfavorable geographical conditions that intensify pollutant ac-
cumulation. The utilized dataset integrated multiple environmental and remote-sensing
variables, including ground-based PM:2s observations, meteorological measurements,
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AOD, LST, NDVI, elevation, precipitation, humidity, water vapor, and spatial geograph-
ical information. To improve data quality and consistency, several preprocessing proce-
dures including noise reduction, missing-data reconstruction, normalization, and spatial
interpolation were applied prior to model training. The proposed ODFT-DBN framework
combined fuzzy uncertainty modeling, transformer-based spatio-temporal attention
learning, DBN hierarchical feature extraction, and a novel NMOGWO optimization strat-
egy to jointly optimize the learning architecture and fuzzy-system parameters for robust
PM:s forecasting.

The experimental results demonstrated that the proposed ODFT-DBN framework
significantly outperformed all comparative ML and DL architectures across multiple
quantitative and qualitative evaluation criteria. The proposed model achieved the best
overall prediction performance with an RMSE value of 0.80 pg/m?, an R? value of 0.94, and
a MAPE of 0.35%, indicating highly accurate and reliable PM2s forecasting capability.
Scatter-plot analysis additionally confirmed the strong agreement between measured and
predicted pollutant concentrations, while spatial-distribution analysis demonstrated that
the proposed framework could accurately reconstruct realistic pollution hotspots and spa-
tial pollutant gradients across Tehran under complex winter atmospheric conditions. Fur-
thermore, the ablation-study results verified that the cooperative integration of fuzzy rea-
soning, transformer-based attention learning, DBN hierarchical abstraction, and
NMOGWO-driven optimization collectively contributed to the superior forecasting capa-
bility of the proposed framework.

Additional analyses further validated the robustness, stability, and practical applica-
bility of the proposed architecture. The convergence analysis showed that the proposed
ODFT-DBN framework achieved substantially faster and smoother convergence behavior
compared with benchmark models, reaching lower RMSE levels within significantly
fewer training epochs. Runtime analysis demonstrated that the proposed framework
reached RMSE < 20, RMSE < 15, RMSE < 10, and RMSE < 5 within 23 s, 91 s, 166 s, and 324
s, respectively, outperforming all comparative architectures in optimization efficiency.
Moreover, despite the sophisticated hybrid architecture, the proposed framework main-
tained a practical inference latency of only 9.1 ms, confirming its suitability for near real-
time environmental monitoring applications. Variance analysis further demonstrated
highly stable prediction behavior, where the proposed model achieved an extremely low
variance value of 0.000417 across 15 independent runs, substantially lower than all bench-
mark models. Finally, paired t-test analysis confirmed that the performance improve-
ments achieved by the proposed framework were statistically significant under a = 0.01,
validating the reliability and superiority of the proposed ODFT-DBN framework for prac-
tical PM:s forecasting applications in complex urban environments.

The findings of this study demonstrate that accurate PM2s forecasting in complex
urban environments cannot be effectively achieved using standalone DL architectures
alone. Air-pollution dynamics are inherently nonlinear, uncertain, heterogeneous, and
strongly dependent on long-range spatial and temporal atmospheric interactions. Conse-
quently, combining complementary intelligent learning mechanisms within a unified co-
operative framework can substantially improve environmental prediction capability. The
proposed ODFT-DBN architecture showed that integrating fuzzy uncertainty modeling
with transformer-based attention learning and DBN hierarchical feature extraction ena-
bles more reliable representation of atmospheric behavior under varying meteorological
and pollution conditions. In addition, the proposed NMOGWO optimization strategy
demonstrated that adaptive multi-objective optimization can significantly improve con-
vergence efficiency, training stability, and generalization capability when optimizing
complex hybrid environmental forecasting systems. Therefore, one important conclusion
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of this work is that future smart-environment prediction systems should increasingly rely
on cooperative hybrid DL frameworks rather than isolated single-module architectures.

Another important conclusion is that the proposed framework demonstrates strong
practical potential for real-world environmental-monitoring and smart-city applications.
The obtained results confirmed that the proposed architecture not only achieves high pre-
diction accuracy, but also maintains low variance, stable convergence behavior, statisti-
cally significant performance improvements, and practically acceptable runtime and in-
ference latency characteristics. These properties are critically important for operational
environmental systems that require reliable and near real-time pollution forecasting un-
der continuously changing atmospheric conditions. Furthermore, the strong spatial recon-
struction capability of the proposed framework indicates that hybrid attention-based en-
vironmental models can effectively support urban pollution management, early-warning
systems, traffic-emission control strategies, and public-health decision-making processes.
Overall, this study suggests that combining uncertainty-aware fuzzy reasoning, attention-
driven temporal learning, hierarchical deep representation learning, and adaptive evolu-
tionary optimization provides a highly promising direction for developing next-genera-
tion intelligent environmental forecasting systems capable of handling large-scale, heter-
ogeneous, and dynamically evolving real-world data.

Future research directions can further enhance both the methodological and environ-
mental aspects of the proposed framework. From the modeling perspective, future studies
may investigate lightweight transformer architectures, adaptive online learning strate-
gies, federated learning frameworks, and graph-based spatio-temporal networks to fur-
ther improve scalability and real-time deployment capability in large smart-city systems.
In addition, integrating explainable artificial intelligence (AI) mechanisms could improve
the interpretability of the forecasting process and provide more transparent environmen-
tal decision support for policymakers. From the environmental perspective, future work
may extend the proposed framework toward multi-pollutant forecasting scenarios involv-
ing PM10, NOz, SO2, Os, and CO simultaneously, while also incorporating additional ur-
ban factors such as traffic density, industrial activity, population mobility, and IoT sensor
networks. Furthermore, the proposed ODFT-DBN architecture can potentially be adapted
to other complex real-world prediction applications beyond air pollution forecasting, in-
cluding climate analysis, smart-energy management, hydrological prediction, intelligent
transportation systems, healthcare monitoring, and large-scale environmental risk assess-
ment problems involving highly nonlinear and uncertain spatio-temporal data.
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