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ABSTRACT

Fog significantly affects aviation, transportation, agriculture, and energy in North India during winter. Accurate
prediction is difficult due to nonlinear meteorological interactions and uncertainty. Traditional models provide point
estimates without uncertainty, while Bayesian methods offer probabilistic outputs but struggle to capture complex temporal
dependencies in atmospheric time-series data effectively. To address these limitations, this study proposes a hybrid
long-term forecasting framework that integrates a three-layer Bidirectional Long Short-Term Memory (BiLSTM) network
with a Modified Bayesian Beta Regression model. The model is trained and evaluated using 24 years (2000-2023) of
meteorological observations from Lucknow Airport, representing a fog-prone region within the Indo-Gangetic Plains.
Fog behaviour was represented through a normalized Fog Index (0—1) that incorporates both intensity and persistence,
offering a more stable and informative forecast target than raw visibility. The BiLSTM component captures temporal
dependencies and produces accurate point forecasts, achieving a root mean square error (RMSE) of 0.125 for a three-day
prediction horizon. The Bayesian layer enhances reliability by generating calibrated uncertainty intervals. The resulting
model achieved an average interval width of approximately 0.59 and a prediction interval coverage close to 80%, effectively
representing both aleatoric and epistemic uncertainty. Additional techniques, including Min-Max normalization, sequence
windowing, Fast Fourier Transform (FFT) feature augmentation, learning-rate scheduling, and Monte Carlo dropout,
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improved generalization and model stability. The proposed hybrid framework outperforms standalone models and shows

strong potential for operational fog forecasting, offering both accurate predictions and uncertainty-aware confidence

estimates for aviation, transportation, and early-warning systems.
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1. Introduction

Fog is an atmospheric boundary-layer phenomenon
formed due to the suspension of microscopic water droplets
or ice crystals near the ground surface, resulting in a signif-
icant reduction in horizontal visibility, often below 1 km,
and in severe cases below 200 m!!l. Although fog is a natu-
rally occurring meteorological process, its impact on society,
economy, and transportation is profound. In regions such
as the Indo-Gangetic Plains (IGP) of India, fog formation
during winter months, particularly between November and
February is frequent and severe. Dense fog events in the IGP
have repeatedly caused flight cancellations, aviation delays,
railway traffic disruption, vehicular accidents, agricultural
scheduling inefficiencies, and large-scale logistical failures,
with measurable economic and human impact>>!. Due to
its recurring intensity and persistence, fog has become one of
the major environmental hazards affecting daily life, public

safety, and regional economic productivity in Northern India.

1.1. Fog Climatology and Geographical Signif-
icance

Fog exhibits a strong geographical dependency, and its
occurrence is closely linked to regional topography, surface
characteristics, and atmospheric boundary-layer dynamics.
Among the fog-affected regions globally, the IGP stands out
as one of the most severely impacted fog belts during win-
ter. Extending longitudinally across Punjab, Haryana, Delhi,
Uttar Pradesh, Bihar, and northern Rajasthan of India, the
region forms a vast low-lying alluvial basin bordered by the
Himalayas to the north and the Thar Desert to the west. Due
to this unique geographical configuration, cold continental
air masses originating from the Himalayas interact with moist
low-level air from the IGP, resulting in ideal atmospheric
conditions for fog formation and persistence 3],

The fog climatology of the IGP is highly characteris-
tic and distinct from other global fog-prone regions such

as Eastern China, California’s Central Valley, or European
coastal plains. A combination of meteorological, synop-
tic, and anthropogenic variables regulates fog behaviour in
this region. The frequent formation of fog in the region is
primarily driven by a combination of meteorological and
anthropogenic factors. Low nocturnal temperatures resulting
from strong radiative cooling during winter nights frequently
bring the near-surface air temperature close to the dew point,
creating conditions favourable for condensation. High rela-
tive humidity and a narrow dew point spread further enhance
the likelihood of fog formation by increasing the saturation
potential of the air. Additionally, the presence of a stable sur-
face boundary layer and strong temperature inversion traps
moisture and pollutants near the ground, preventing vertical
mixing. Weak wind circulation and atmospheric stagnation
contribute to the persistence of fog by inhibiting dispersal
of suspended droplets. Finally, elevated concentrations of
aerosols and particulate matter originating from industrial
emissions, vehicular exhaust, and biomass burning act as
effective cloud condensation nuclei, intensifying droplet for-
mation and increasing both the density and duration of fog
events. These interacting variables collectively support the
development of fog events lasting from 6 to 72 h, forming
persistent episodes often referred to as cold wave fog spells.
Such long-duration fog events are especially prevalent from
late December to mid-January, aligning with peak winter
inversion and minimum annual temperatures.

In addition to spatial variability, fog in the IGP demon-
strates strong inter-annual and intra-seasonal variability, in-
fluenced by large-scale atmospheric phenomena such as the
El Nifio—Southern Oscillation (ENSO), Arctic Oscillation,
and regional aerosol load variations. Long-term observa-
tions collected from the India Meteorological Department
(IMD), surface synoptic stations, and airport meteorologi-
cal logs reveal significant year-to-year fluctuations in fog
intensity, duration, and timing. This variability highlights
the dynamic nature of fog formation processes in the region

and the influence of evolving climatic drivers.
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Figure 1 illustrates the long-term trend of winter fog
days recorded in Delhi between 2000 and 2025. The data
show alternating cycles of increasing and decreasing fog
frequencies, demonstrating how factors such as urbanization,

aerosol concentration, moisture availability, and boundary-

layer meteorology affect fog climatology. For instance,
phases of rapid industrialization and biomass burning have
been associated with increased fog occurrences, whereas
warmer winters and improved fuel standards have correlated

with reduced fog days in some years.

Figure 1. Inter-annual variation in winter fog days over Delhi from 2000 to 2025, illustrating long-term trends, seasonal persistence, and
year-to-year fluctuations in fog frequency associated with changing boundary-layer conditions and regional atmospheric dynamics.

Such climatological complexity reinforces the need
for advanced fog forecasting methodologies that account not
only for historical meteorological trends but also for evolving
atmospheric dynamics and anthropogenic influences. Under-
standing the geographical significance and spatial-temporal
behaviour of fog within the IGP is therefore essential in de-
signing predictive frameworks capable of supporting public
safety, transportation scheduling, disaster preparedness, and

environmental policy planning.

1.2. Socioeconomic Impact of Fog

Dense fog exerts a profound influence on socioeco-
nomic systems, primarily due to its ability to significantly
reduce visibility, often to critical operational thresholds be-
low 200 m[°!, and in extreme scenarios to less than 50 m,
thereby compromising public mobility and safety[’]. As vis-
ibility decreases and environmental uncertainty increases,
human decision-making, transport control systems, and auto-

mated navigation mechanisms face elevated operational risks.

Figure 2 presents a conceptual representation of how declin-
ing visibility correlates with increasing disruption severity
across transportation and daily life activities, demonstrating
that even moderate fog conditions can lead to measurable
delays, while dense fog conditions may result in complete
operational shutdowns. Among all affected systems, aviation
experiences the most immediate and widespread disruptions.
Major airports across northern India, include Indira Gandhi
International Airport (Delhi), Chandigarh Airport, Lucknow
Airport, and Amritsar Airport. It recorded frequent runway
closures, flight rescheduling, diverted landings, and in some
cases, mass cancellations due to dense fog events. The conse-
quences extend beyond logistical inconvenience: passenger
safety protocols, fuel consumption, air traffic management,
crew duty cycles, and airport resource allocation are all af-
fected. During peak winter months, fog may ground aircraft
for hours, affecting thousands of passengers and leading to
significant economic losses for airlines and aviation authori-

ties 89,
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Figure 2. Conceptual relationship between fog intensity and transportation safety risk, illustrating how declining visibility levels
correspond to increasing operational disruption and hazard severity across transportation systems.

Fog also represents a major hazard for road transporta-
tion, where abrupt reductions in visibility increase the likeli-
hood of accidents, multi-vehicle collisions, and traffic con-
gestion. Empirical records from northern India indicate a
sharp rise in fog-related accidents during December and
January, particularly along high-speed corridors such as Na-
tional Highways (NH-24, NH-44, NH-19) and expressways
including the Yamuna Expressway and Agra—Lucknow Ex-
pressway[!%. Reduced lane visibility, slower driver reaction
time, impaired depth perception, and unpredictable traffic
behaviour amplify the risk, often leading to chain-reaction
crashes involving multiple vehicles. This not only endangers
human life but also places an additional burden on emergency
response, medical services, and insurance systems.

Similarly, railway operations, which serve as the back-
bone of long-distance mobility in the IGP, are severely af-
fected by fog events. Indian Railways reports frequent delays
during winter fog, especially along major northern rail routes
such as Delhi-Howrah and Delhi-Amritsar corridors. Trains
operating under dense fog conditions are forced to reduce
speed due to compromised visibility of signals and track in-
frastructure, resulting in cascading delays that affect schedul-
ing on a national scale. Long stoppages, rerouting, station
congestion, and disrupted freight movement further intensify
systemic inefficiencies and contribute to financial losses. Be-
yond transportation, dense fog has additional indirect socioe-
conomic consequences. It affects logistics and supply chains,
delaying freight delivery and disrupting perishables, phar-

maceutical logistics, and agricultural distribution networks.
In the agricultural sector, persistent fog reduces incoming
solar radiation, lowering crop temperatures, slowing photo-
synthesis, and increasing susceptibility to fungal infections
in crops such as wheat, mustard, potato, and sugarcane '),
Prolonged cold fog periods may also delay harvesting and
irrigation cycles, affecting overall productivity and revenue.

Fog impacts also extend to public health and daily life.
Reduced sunlight combined with elevated particulate concen-
trations intensifies respiratory disease incidence, particularly
among vulnerable populations. Schools, factories, and out-
door workforce operations may experience reduced working
hours due to prolonged foggy mornings. In addition, fog-
induced disruptions impose psychological stress, commuting
uncertainty, and reduced operational confidence among the

population.

1.3. Challenges in Fog Prediction

Fog prediction remains one of the most scientifically
and operationally challenging tasks in meteorology due to
the complex interplay of microphysical, thermodynamic, and
atmospheric boundary-layer processes. Unlike large-scale
weather systems such as cyclones or monsoons, fog forms
within a shallow layer close to the surface often only 10 to
300 m above ground, where atmospheric behaviour is highly
sensitive to minute changes in temperature, humidity, and
radiation balance. This micro-scale nature introduces sub-

stantial uncertainty in modelling and predicting fog onset,
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duration, and dissipation. One of the foremost difficulties
arises from small-scale vertical stratification, where subtle
variations in temperature gradients and moisture concentra-
tion dictate whether atmospheric air parcels reach saturation.
Even small measurement errors in temperature or dew point
can shift predictions from fog formation to clear-air condi-
tions.

Fog formation is further influenced by boundary-layer
microphysics, including condensation processes, radiative
cooling, droplet activation, and turbulence suppression.
These processes interact nonlinearly with surface energy bal-
ance and atmospheric stability, making them difficult to pa-
rameterize accurately in forecasting systems. The temporal
evolution of fog adds another layer of complexity. Fog can
form rapidly within minutes and dissipate even more abruptly
once turbulence or radiative heating is introduced. This rapid
transition between stages of fog evolution requires forecast-
ing systems capable of high temporal resolution and accurate
nowecasting capabilities, which many traditional models lack.

Additionally, fog behaviour is strongly modulated by
aerosols, synoptic forcing, and topography. Aerosols serve as

condensation nuclei and influence droplet size spectra, affect-
ing fog density and persistence. In heavily industrialized or
polluted regions such as the IGP, elevated concentrations of
particulates significantly amplify fog stability and duration.
Synoptic-scale meteorological systems, including Western
Disturbances, surface inversions, and moisture advection
events, further complicate fog prediction by altering thermo-
dynamic equilibrium conditions. Topographic settings such
as valleys or areas near rivers also trap cold air and moisture,
increasing fog likelihood. Collectively, these dynamic and in-
terdependent factors contribute to both aleatoric uncertainty
(natural atmospheric variability) and epistemic uncertainty
(limitations in model structure or measurement accuracy),
making fog prediction highly uncertain. Because of these dif-
ficulties, predictive approaches for fog have evolved across
three methodological domains: physics-based forecasting,
statistical modelling, and machine learning approaches. Each
method offers unique advantages but also exhibits limitations
that restrict its standalone reliability in operational forecast-
ing environments. Table 1 summarizes the comparative

limitations and capabilities of these methods.

Table 1. Comparative summary of major fog forecasting approaches, outlining commonly used methods along with their strengths and

key limitations in predicting fog dynamics.

Category Common Methods Used Strengths Key Limitations for Fog Forecasting

Physics-Based ~ Numerical Weather Prediction NWP),  Physically interpretable; simulates Computationally expensive; requires

Models Weather Research and Forecasting thermodynamics and microphysics; high-resolution land-surface and aerosol
(WRF), mesoscale boundary-layer integrates large-scale weather systems ~ inputs; parameterization uncertainty; coarse
models grid often fails to capture shallow fog layers

Statistical Logistic regression, ARIMA, Computationally fast; suitable for Assumes linearity and stationarity;

Models discriminant analysis, persistence operational use; requires less input oversimplifies nonlinear fog dynamics; low
models data generalization ability; sensitive to noise

Machine Support Vector Machines (SVM), Handles nonlinear relationships; Treats samples independently; limited ability

Learning Random Forests (RF), Gradient strong classification performance; to learn sequential or temporal dependencies;

Models Boosting (XGBoost, LightGBM) less reliance on explicit atmospheric performance degrades for long-term

equations

forecasting

Although numerical weather prediction models produce
detailed physical simulations, their performance in visibility
prediction is commonly constrained by coarse spatial resolu-
tion and uncertainty in representing land-surface exchange
processes, radiative cooling, and droplet microphysics. The
computational demand further restricts their suitability for
high-frequency real-time operational forecasting. On the
other hand, statistical models provide fast predictions and
require fewer computational resources; however, they rely
on assumptions that fail under nonlinear and non-stationary

atmospheric behaviour. Machine learning models represent

a more advanced alternative capable of learning nonlinear
correlations among meteorological predictors, yet they gen-
erally lack the intrinsic ability to model sequence-dependent
time-series behaviour, which is critical in fog evolution where

past conditions strongly influence future states.

1.4. Evolution towards Deep Learning-Based
Fog Forecasting

Fog forecasting has evolved significantly over the past
two decades, transitioning from empirical rule-based fore-

casting to physics-driven numerical simulations and, more
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recently, to data-driven computational intelligence methods.
This shift has been largely enabled by the growing availabil-
ity of high-resolution meteorological observations, remote
sensing data, reanalysis products, and automated weather
station (AWS) archives. The increasing volume, variety, and
temporal resolution of atmospheric datasets have provided
the foundation for machine learning and deep learning algo-
rithms to extract hidden patterns and model fog behaviour
with improved accuracy and generalizability. Early data-
driven attempts in fog prediction were dominated by clas-
sical machine learning approaches such as Support Vector
Machines (SVM), Random Forest (RF), Gradient Boosting,
and Logistic Regression, which demonstrated notable im-
provements over deterministic and statistical visibility fore-
casting methods, particularly for fog/no-fog classification
tasks in high-risk regions such as the IGP['!], While these
models successfully captured nonlinear relationships among
atmospheric variables, their reliance on feature engineer-
ing, manual input selection, and independence assumptions
between samples limited their capability in long-term fog
intensity prediction. Most classical machine learning models
treat each observation as a discrete point, thereby neglecting
temporal continuity, memory structure, and the sequential
evolution of meteorological conditions components essential
to modelling fog lifecycle dynamics.

The introduction of deep learning architectures marked
a transformative milestone in fog forecasting research. Deep
neural networks, unlike traditional machine learning algo-
rithms, are capable of automated feature representation and
hierarchical learning. Among these architectures, Recurrent
Neural Networks (RNNs) were among the earliest to be
adopted for weather-related sequence modelling due to their
ability to process time-dependent input. However, basic
RNNs s suffer from gradient degradation problems that restrict
their ability to learn long-range dependencies within mete-
orological time series. To address these limitations, Long
Short-Term Memory (LSTM) networks were introduced,
allowing models to retain useful temporal information over
longer intervals, mitigating gradient vanishing issues, and
enabling robust pattern learning from extended atmospheric
sequences. LSTM architectures became particularly valu-
able for fog forecasting, as fog formation is influenced by

gradual changes in meteorological variables such as dew
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point depression, relative humidity build-up, radiative cool-
ing, and inversion layer stability, all of which evolve over
multiple hours rather than instantaneously. Studies incorpo-
rating LSTM networks reported significant improvements
in fog onset prediction accuracy and temporal consistency
compared to traditional machine learning and statistical ap-
proaches.

Further advancements were made with the development
of Bidirectional LSTM (BiLSTM) architectures, which en-
hanced performance by processing meteorological sequences
in both forward and backward temporal directions. This
bidirectional learning capability allows BiLSTM models to
capture delayed and anticipatory dependencies, providing a
more comprehensive representation of atmospheric evolution
patterns compared to standard unidirectional models!'?]. In
fog prediction scenarios, where pre-formation environmental
cues and dissipation signals both influence forecast confi-
dence BiLSTM models have demonstrated superior skill
in modelling uncertainty and capturing transitional phases
between different fog intensity levels. Progress in spatial-
temporal deep learning further expanded the capability of
predictive modelling. Hybrid architectures such as Convo-
Iutional Neural Network-LSTM (CNN-LSTM) frameworks
combine the spatial feature extraction ability of CNNs with
the sequence modelling strengths of LSTM networks, mak-
ing them particularly effective for visibility and fog predic-
tion using gridded meteorological fields, reanalysis datasets,
satellite imagery, and multisensor fusion inputs''3]. These
hybrid models are capable of jointly learning topographic
context, boundary-layer structure, and temporal evolution
without requiring extensive manual predictor design, mark-
ing a major advancement toward automated, scalable fog
forecasting pipelines.

More recent research directions have focused on prob-
abilistic deep learning frameworks, uncertainty-aware mod-
els, and hybrid architectures integrating Bayesian inference,
transformer networks, and ensemble learning to address
aleatoric and epistemic uncertainty. Such developments re-
flect a paradigm shift from simple visibility classification to-
ward robust multi-step, confidence-aware fog intensity fore-
casting, suitable for real-world operational deployment in
transportation safety, aviation management, and early warn-

ing systems.
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1.5. Hybrid Deep Learning and Bayesian
Framework

While deep learning-based models have demonstrated
significant advancements in fog forecasting accuracy, a ma-
jor limitation persists: most deep neural networks generate
deterministic point forecasts without providing any measure
of prediction confidence. In safety-critical sectors, such as
aviation, intelligent transportation systems, railway schedul-
ing, and automated vehicular navigation forecast reliability is
just as important as forecast accuracy. A single predicted fog
severity value offers limited operational usefulness unless
decision makers also understand the degree of uncertainty as-
sociated with that prediction. For instance, forecasting a fog
index of 0.70 may require drastically different response strate-
gies depending on whether the associated uncertainty range
is narrow (0.68-0.72) or wide (0.45-0.94). Thus, credible
interval estimation and uncertainty awareness are essential
components of any robust fog forecasting framework.

Bayesian learning methods naturally address this need
by producing probabilistic outputs rather than fixed determin-
istic values. Bayesian models estimate posterior distributions
over model parameters, thereby quantifying both aleatoric
uncertainty (inherent randomness in fog-generating atmo-
spheric processes) and epistemic uncertainty (uncertainty
arising from limited or imperfect training data). Through
these probabilistic representations, Bayesian regression mod-
els can generate prediction intervals, confidence bounds,
and likelihood-based risk metrics features that are partic-
ularly valuable in weather forecasting applications where
uncertainty must be transparently communicated to opera-
tional stakeholders. However, despite these strengths, stan-
dalone Bayesian regression techniques are not well-suited to
modelling complex nonlinear atmospheric evolution. Their
limited capacity for capturing long-term temporal patterns,
memory structures, delayed meteorological feedback loops,
and multivariate sequential dependencies restricts their ef-
fectiveness for multi-step fog time-series forecasting. To
reconcile the strengths and limitations of both paradigms,
this study proposes a hybrid fog forecasting architecture
that integrates deep temporal modelling with Bayesian un-
certainty quantification. The hybrid framework employs a
three-layer BILSTM network as the core sequence-learning
engine, enabling the system to capture nonlinear dependen-

cies across multiple time steps while learning both historical

and emerging atmospheric patterns. The bidirectional de-
sign allows the model to interpret meteorological evolution
in both forward and backward directions, producing richer
feature embedding that reflects the full temporal context of
fog development.

To complement the BILSTM’s deterministic forecast-
ing capability, the model incorporates a Modified Bayesian
Beta Regression layer, specifically optimized for forecast-
ing the Fog Index, a variable constrained between 0 and
1. This Bayesian component generates calibrated proba-
bilistic outputs and credible intervals, ensuring the system
provides uncertainty-aware forecasts suitable for operational
risk evaluation. Model calibration techniques, including beta-
likelihood optimization and posterior distribution shaping,
ensure reliable uncertainty representation across multiple
lead times. Beyond the core architecture, several auxiliary
mechanisms are incorporated to enhance the stability and gen-
eralization ability of the system. Monte Carlo (MC) dropout
is applied during inference to simulate model variability and
approximate Bayesian behaviour within the deep learning
component, thereby strengthening epistemic uncertainty esti-
mation. Learning-rate scheduling dynamically adjusts model
optimization behaviour to avoid overfitting and ensure con-
vergence stability during long training cycles. Additionally,
Fast Fourier Transform (FFT)-based feature augmentation is
applied to extract spectral signatures and periodic behaviours
embedded in historical meteorological signals, enabling the
model to learn seasonal patterns and recurrent winter fog
cycles more effectively.

In this study, the modification in Bayesian Beta Re-
gression is not limited to a single element (e.g., prior choice
or MC Dropout alone), but instead represents a structural
reformulation of standard Bayesian Beta regression to make
it suitable for sequential fog forecasting. Specifically, the
proposed modification consists of three integrated changes
to classical Bayesian Beta regression:

(a) Latent Temporal Conditioning via BiLSTM: In stan-
dard Bayesian Beta regression, the response variable

y; 1s modeled as:

ye ~ Beta (a(Xy), B (X)) M

where the shape parameters depend on static predictors
X;.

In the proposed model, the Beta parameters are condi-
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tioned on the latent temporal state learned from meteo-

rological sequences:

ht = BZLSTM (thL;t) (2)

Yy ~ Beta (o« (he) , B (he)) (3)

Thus, the regression layer is no longer linked to raw
inputs, but to a sequence-informed hidden representa-
tion.
(b) Nonlinear Parameter Mapping: Instead of linear link
functions traditionally used in Beta regression, the
shape parameters are obtained via nonlinear transfor-

mations:

(Xt:foc(ht)v f’t:fﬁ (ht) 4

ensuring positivity through softplus activation.
(c) Approximate Bayesian Inference via MC Dropout:
Rather than relying on computationally expensive
MCMC sampling, Monte Carlo Dropout has been
adapted to approximate posterior predictive uncer-

tainty:

1 N
B = ;f(ht;ei) 3)

where 6; represents dropout-perturbed weights.

This combination transforms the regression component
into a temporal probabilistic decoder, which justifies the use
of the term modified.

Conceptually, the modification replaces the static re-
gression assumption of standard Bayesian Beta regression
with a sequence-aware probabilistic framework.

Standard formulation:

ye ~ Beta (b, (1 — ) d) (6)
=g " (XiB) (7
Proposed formulation:
ht = BiLSTM (Xi—1..t) 8)
W = G(Wuht) (9)
by = softplus Wephy) (10)
ye ~ Beta (L de, (1 — 1) dy) (11)
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Predictive uncertainty is then estimated through MC
Dropout:

N
1
p (Y| X) ~ v § Beta (e, Bi)
=1

(12)

The ‘Modified’ Bayesian Beta Regression differs from
standard formulations in three ways:
(a) Latent Temporal Conditioning: The shape parameters
o and P are conditioned on the BiLSTM hidden state
h, rather than raw inputs X,.
(b) Nonlinear Parameter Mapping: It employs a Softplus
activation to ensure shape parameters remain strictly
positive and capture nonlinear saturation.
() Approximate Inference: It replaces expensive MCMC
sampling with Monte Carlo (MC) Dropout to esti-
mate the posterior predictive distribution p (y:|X) ef-

ficiently for operational use.

1.6. Forecast Variable: Fog Index

Selecting an appropriate forecast variable is a critical
component of fog prediction modelling, as it directly in-
fluences model interpretability, temporal stability, and pre-
dictive performance. Traditionally, most operational fog
forecasting systems rely on raw visibility measurements
reported in meters or kilometers. Although visibility is
an intuitive and operationally useful indicator, it is highly
volatile and exhibits abrupt fluctuations in response to micro-
meteorological changes such as momentary turbulence, mi-
nor radiative balance shifts, or transient aerosol concentra-
tion changes. Such fluctuations introduce noise into the mod-
elling process, increasing prediction uncertainty and reducing
long-term forecast stability. Moreover, raw visibility values
often fail to reflect the continuous nature of fog evolution, es-
pecially when fog persists for extended durations or exhibits
multi-phase development, including pre-conditioning, dense
formation, maintenance, and gradual dissipation phases.

To address these limitations, the present study adopts
a Fog Index, a normalized metric ranging between 0 and 1
designed to represent fog behaviour more holistically. In
contrast to visibility by itself, the Fog Index combines both
the intensity of fog, as determined by the reduction in vis-
ibility, and the duration of fog, which indicates how long
the fog conditions last over a period of time. This combined

representation captures the temporal continuity and severity
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scale of fog events, making it especially suitable for mod-
elling extended lead times where atmospheric memory and
gradual transitions play a significant role. By compressing
raw visibility into a bounded scale, the Fog Index mitigates
issues associated with extreme values, non-stationarity, and
rapid volatility, thereby enabling smoother learning dynam-
ics for deep learning architectures. The Fog Index also offers
distinct computational benefits. Its normalized structure
enhances the performance of machine learning and deep
learning algorithms by reducing numerical variability and
improving convergence behaviour during training. Mod-
els such as LSTM and BiLSTM rely heavily on sequential
pattern recognition; thus, a stable and continuous target vari-
able like the Fog Index preserves the underlying temporal
structure more effectively than discrete or highly fluctuating
visibility measurements. Furthermore, the Fog Index serves
as an appropriate response variable for Bayesian Beta Regres-
sion, given that the beta probability distribution is defined
on the (0,1) interval and is commonly used for modelling
bounded environmental indices, proportions, and normalized
physical phenomena.

Another important advantage of this variable lies in its
suitability for forecasting multi-day lead times, particularly
the 1-5 day prediction horizon considered in this study. Long-
term fog prediction requires that models capture seasonal
patterns, gradual boundary-layer cooling, synoptic variabil-
ity, and cumulative atmospheric moisture buildup. The Fog
Index, by emphasizing persistence and intensity trends, of-
fers more predictable temporal trajectories than raw visibility,
thereby improving regression stability and enabling more

reliable medium-range forecasts.

1.7. Contributions of This Study

Fog remains a highly challenging atmospheric phe-
nomenon to forecast due to its localized scale, nonlinear for-
mation dynamics, and strong dependence on boundary-layer
processes. Although substantial progress has been made
using physical models, machine learning, and hybrid frame-
works, gaps continue to exist in long-term fog prediction
reliability, uncertainty quantification, and operational appli-
cability. In response to these challenges, the present research
presents a set of methodological and scientific contributions
aimed at strengthening both the forecasting capability and
the interpretability of fog modelling systems. The major

contributions of this study are summarized below:

First, the study provides a comprehensive analysis of
the evolution of fog forecasting methodologies, spanning
classical statistical techniques, standalone machine learning
models, and recent advances in deep learning. This review
consolidates findings across decades of research and iden-
tifies performance gaps in traditional forecasting pipelines,
particularly in relation to temporal dependency handling, un-
certainty modelling, and long-horizon prediction accuracy.
By synthesizing this evolving research landscape, the study
offers a structured reference for future fog prediction research
and operational system development.

Second, this research introduces a novel hybrid fog
forecasting framework that integrates a three-layer BiILSTM
deep learning network with a modified Bayesian Beta Regres-
sion model. The BiLSTM component enables robust learn-
ing of nonlinear and sequential atmospheric dependencies,
while the Bayesian extension addresses a critical limitation
of existing deep learning models: the absence of uncertainty
awareness. Through this hybridization, the framework gener-
ates both deterministic fog index predictions and calibrated
probabilistic confidence intervals, making the system suit-
able for decision-support environments where risk evaluation
is essential.

Third, the proposed model is rigorously tested using
an extensive 24-year meteorological dataset (2000—2023)
collected from Lucknow Airport, a location situated in the
fog-prone IGP of India. Although the IGP is discussed for
contextual relevance, the present study is based on data from
a single station (Lucknow Airport). Therefore, results repre-
sent a localized case study rather than a region-wide general-
ization. The dataset includes visibility measurements, atmo-
spheric variables, and derived Fog Index values. Long-term
testing ensures that the evaluation captures seasonal vari-
ability, inter-annual climate fluctuations, aerosol influence
shifts, and regional boundary-layer changes. Comparative
experiments demonstrate the superior performance of the
proposed hybrid model relative to baseline machine learning
and deep learning architectures.

Fourth, the study performs a detailed analysis of fea-
ture contributions, seasonal variability patterns, spectral be-
haviour using Fast Fourier Transform (FFT), and model sen-
sitivity characteristics. Such analysis provides deeper insight

into the factors governing fog formation and supports model
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explainability an essential attribute when developing fore-
casting systems for high-risk applications.

Finally, the research offers practical recommendations
for operational deployment, including strategies for real-time
integration with ground stations, early warning dissemina-
tion pathways, computational optimization considerations,
and potential applicability in intelligent transportation sys-
tems, automated decision support platforms, and aviation
scheduling workflows. These recommendations highlight
the feasibility of scaling the proposed hybrid model into a

field-ready forecasting tool.

2. Literature Survey

Fog forecasting has been an active research domain
for several decades due to its significant implications for
aviation safety, transportation management, and public warn-
ing systems. Numerous scientific studies have explored
fog dynamics using a wide spectrum of observational tech-
niques, analytical models, and machine learning approaches.
Early research in this field primarily relied on remote sensing
datasets such as MODIS, INSAT, and ground-based visibility
networks to detect fog occurrence and assess its spatial and
temporal variability '*~'81. While these studies played a foun-
dational role in mapping fog distribution through satellite
observation!®! and identifying critical fog regimes, many
remained focused on detection rather than multi-step fore-
casting.

A smaller subset of research incorporated Geographic
Information Systems (GIS) to analyse fog behaviour, includ-
ing dissipation processes, spatial patterns of fog intensity,
and its seasonal recurrence **?!]. Among the notable contri-
butions, Saraf et al. ] applied a combined remote sensing and
GIS framework to identify highly fog-prone belts, investigate
migration behaviour of fog layers, and generate short-term
prediction maps for Northern India. Their work highlighted
the IGP as a high-impact fog corridor and provided an impor-
tant reference framework for subsequent modelling-based

studies.

2.1. Deep Learning for Fog and Visibility Fore-
casting

In recent years, the rapid expansion of computational

capabilities and access to high-resolution meteorological

datasets has accelerated the adoption of deep learning ap-
proaches for fog and visibility forecasting. Unlike traditional
statistical or numerical methods that rely heavily on explicit
physical assumptions and parameterization, deep learning
models are capable of learning complex nonlinear patterns
embedded within atmospheric systems directly from data.
This makes them particularly effective for fog prediction, as
fog formation is influenced by subtle interactions among ther-
modynamic, radiative, boundary-layer, and aerosol-driven
processes many of which are difficult to mathematically for-
malize in rule-based forecasting systems.

Early studies in this domain prominently utilized Con-
volutional Neural Networks (CNNs), especially in applica-
tions involving spatial datasets such as sky-camera videos,
satellite imagery, or model-derived fog mask products. CNN-
based approaches demonstrated strong capability in detect-
ing fog signatures through the extraction of spatial texture
patterns, stratiform cloud structures, thermal gradients, or
low-level cloud base morphology observable in remote sens-
ing imagery. Although CNNs have been successful for fog
detection and classification, they inherently lack temporal
memory and therefore struggle to forecast fog progression
over extended time horizons, as the evolving atmospheric
context cannot be fully represented through static spatial
frames (227241,

To address the temporal component of fog evolution,
researchers increasingly turned toward sequential models,
particularly Recurrent Neural Networks (RNNs) and their
advanced gated variants such as LSTM and Gated Recurrent
Unit (GRU) networks. These architectures are specifically
designed to preserve temporal information over long input
sequences, making them well-suited for forecasting fog us-
ing meteorological time-series variables including temper-
ature, relative humidity, dew point depression, wind speed,
pressure, and visibility. LSTM networks demonstrated no-
table improvements over classical regression and machine
learning methods because of their ability to retain long-term
atmospheric signals, such as the gradual accumulation of
near-surface moisture or prolonged nocturnal radiative cool-

ing leading to saturation[?>-2¢]

. Despite their forecasting
strength, LSTM models often require larger datasets to avoid
instability or overfitting, and challenges remain regarding
interpretability when applied in high-stakes operational en-

vironments such as aviation forecasting.

35



Journal of Atmospheric Science Research | Volume 09 | Issue 02 | April 2026

As research progressed, the need to jointly model the
spatial and temporal characteristics of fog led to the develop-
ment of hybrid architectures such as Convolutional LSTM
(ConvLSTM). These models inherit the spatial feature ex-
traction capability of CNNs and combine it with the sequen-
tial memory of LSTMs, enabling simultaneous learning of
evolving weather imagery sequences or gridded atmospheric
fields. ConvLSTM models demonstrated superior forecast-
ing skill compared to either CNN or LSTM architectures oper-
ating alone, particularly in applications where fog properties
evolve dynamically over space and time, such as coastal ma-
rine fog, airport-scale low-visibility systems, and widespread
radiation fog observed in Indo-Gangetic winter seasons 2728,
The success of these architectures represents a significant
step forward in operational fog forecasting systems.

In parallel, autoencoder-based architectures, including
standard Autoencoders (AEs) and Variational Autoencoders
(VAEs) have been increasingly applied to compress high-
dimensional environmental data, reduce noise, extract la-
tent atmospheric variables, and fuse multimodal observation
sources such as satellite products, aerosol measurements,
and station-level visibility observations?%3%. Although au-
toencoders are rarely used as full standalone forecasting
models, they play a critical role in preprocessing pipelines
for downstream models, improving efficiency and reducing
uncertainty by isolating high-value predictive features.

More recently, the emergence of transformer-based ar-
chitectures and attention-driven deep learning has shifted the
research landscape. Unlike recurrent models, transformers
operate without sequential recurrence and instead use atten-
tion mechanisms to directly compute relevance relationships
between alltime steps in the input sequence. This ability
to model long-range dependencies without memory decay
has positioned transformers as highly promising models for
next-generation fog and weather forecasting. Furthermore,
their interpretability achieved through attention weight visu-
alization makes them attractive for aviation and transporta-
tion decision-support systems, where forecasting decisions
must be explainable. However, these models tend to be
computationally expensive and require extensive labelled
datasets, making operational implementation still limited in

fog-specific applications 31733,

Opverall, the evolution of deep learning methods has sig-
nificantly advanced fog forecasting capability, transitioning
from simple pattern recognition approaches toward sophis-
ticated spatial-temporal reasoning frameworks capable of
learning the atmospheric progression of fog formation, in-
tensification, and dissipation. While each methodological
family of CNNs, LSTMs, ConvLSTMs, AEs, and transform-
ers, addresses fog prediction from a different computational
perspective, emerging evidence suggests that hybrid and mul-
timodal deep learning models will form the foundation of
future operational fog prediction systems as more compre-
hensive meteorological datasets and computational resources

become available.

2.2. Comparative Overview of Deep Learning
Models

The evolution of fog forecasting research demonstrates
a progressive shift from traditional computational methods
to advanced deep learning architectures capable of modelling
highly nonlinear atmospheric processes. As fog formation
depends on a complex interplay of thermodynamics, mois-
ture availability, aerosol interactions, radiative cooling, and
synoptic-scale forcing, the choice of predictive architecture
significantly impacts accuracy, interpretability, and opera-
tional applicability. A comparative evaluation of major deep
learning families used in fog and visibility prediction is pre-
sented in Table 2, summarizing their input requirements,
methodological strengths, and associated limitations.

Early deep learning applications in meteorological vis-
ibility prediction primarily adopted RNNs and their gated
extensions LSTM and GRU architectures. These models
were effective for sequential forecasting tasks because they
could maintain temporal context, allowing them to detect
slow atmospheric transitions leading to fog onset. For exam-
ple, phenomena such as dew point convergence, boundary-
layer cooling, and nocturnal inversion strength are gradual
and recur across diurnal cycles, making LSTM-based mod-
elling advantageous. However, despite their strong temporal
learning capability, recurrent architectures face training chal-
lenges such as vanishing gradients and reduced accuracy for
extended multi-day predictions, particularly when applied to

sparse and seasonally variable datasets 34331,
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Table 2. Comparative overview of deep learning architectures used for fog and visibility forecasting, highlighting their input types,
modelling strengths, and key limitations in capturing spatiotemporal fog dynamics.

Model Type

Typical Inputs

Key Strengths

Limitations/Remaining Gaps

Representative Studies

LSTM/GRU (RNNs)

CNN (1D/2D/3D)

Temporal Convolutional
Networks (TCN)

Graph Neural Networks
(GCN/ST-GNN)

Surface meteorological
time series (temperature,
humidity, dew point,
wind, pressure, visibility),
NWP variables

Sky images, satellite
imagery, CCTV frames,
gridded NWP data

Time-series
meteorological data

Multi-station
environmental networks

Effective in learning
temporal dependencies;
widely used for
short-term fog forecasting

Strong spatial feature
extraction; useful for
visibility classification

Efficient long-range
sequence learning;
parallelizable training
Captures spatial
propagation of fog events

Limited spatial awareness;
performance declines for

long-horizon forecasts; often

deterministic with limited
uncertainty modelling
Weak temporal memory;
requires large labelled
datasets; limited persistence
modelling

Limited ability to represent
spatial diffusion of fog

High model complexity;
requires structured station

Miao et al.[34], Lu et
al. 1351

Kamangir et al. 3¢,

Chen et al.37]

Lu et al. [33]

Qu et al. [38]

Transformers/Attention Multimodal datasets

Strong long-range

networks; limited operational

deployment

Data-intensive; still emerging
in fog forecasting applications

Qu et al. [38]

Models (satellite + time-series) temporal modelling;
interpretable attention
Hybrid Satellite image sequences  Improved spatiotemporal

CNN-RNN/ConvLSTM  + meteorological series representation

Multi-source fusion
(CNN + LSTM + GNN +
NWP outputs)

Ensemble/Stacked Deep

Models accuracy

High robustness and

Xiang et al. [27],
Pagowski et al. 28],
Kamangir et al. 3¢,
Chen et al. 37!

Pelaez-Rodriguez et
[6,39]

Computationally demanding;
stability challenges

Reduced interpretability;
difficult operational al.
implementation

Parallel to these developments, Convolutional Neural
Networks (CNNs) emerged as a powerful category for fog
detection and short-term forecasting, particularly when us-
ing input sources such as satellite imagery, sky-view camera
feeds, or gridded numerical weather products. CNNs excel at
learning spatial features such as fog microstructures, aerosol
plumes, and low-level stratus cloud formations. Their abil-
ity to extract meaningful visual indicators from large-scale
spatial datasets significantly advanced fog classification and
near-real-time detection tasks. However, CNN models alone
are not inherently temporal, and their forecasting skill deteri-
orates when long-term atmospheric memory is needed 36371,

Building upon these complementary strengths, hybrid
architectures such as ConvLSTM (Convolutional LSTM)
were developed, combining CNN-based spatial feature ex-
traction with LSTM-based temporal learning. These models
represent a major advancement in spatiotemporal fog fore-
casting and have produced state-of-the-art results in applica-
tions involving sequential satellite images, NWP visibility
fields, or video-based fog monitoring systems!?’?%. De-
spite achieving superior accuracy, ConvLSTM networks are
computationally intensive and require carefully tuned model
configurations to ensure stable training.

Another emerging class of models includes Graph Neu-

ral Networks (GNNs) and Spatiotemporal Graph Neural Net-
works (ST-GNNs), which model geographical weather sta-
tions and atmospheric fields as interconnected graph struc-
tures. These models are especially useful in fog systems
such as the Indo-Gangetic Plains, where fog formation and
propagation exhibit spatial dependence driven by synoptic
weather patterns, cold pool dynamics, and aerosol concen-
tration gradients. Although this approach offers promising
spatial generalization capability, challenges remain regarding
graph construction rules, scalability, and interpretability (3%,

More recent advancements have focused on trans-
former architectures and attention-based forecasting models,
which eliminate the sequential bottleneck in traditional RNNs
and enable long-range temporal dependency learning through
self-attention mechanisms. Transformers have demonstrated
promising results in multi-step visibility prediction and mul-
timodal fusion tasks integrating satellite imagery, synoptic
station data, and numerical weather prediction ensembles.
While transformers represent a forward-looking direction
for operational fog forecasting, they require significantly
large training datasets and remain computationally demand-

31-33

ing31331. A synthesis of the comparative characteristics of

these model families is presented in Table 2.
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2.3. Bayesian and Probabilistic Modelling in
Fog Forecasting

Various researchers have applied different methodolo-
gies for prediction of fog**4, While deep learning archi-
tectures have demonstrated strong capability in capturing
nonlinear atmospheric behaviour, they inherently produce de-
terministic point predictions. This deterministic nature often
limits operational applicability in high-risk domains such as
aviation safety, autonomous navigation, and transportation
management, where uncertainty surrounding a prediction
is equally if not more important than the predicted value
itself. Fog forecasting is especially sensitive to uncertainty
due to the chaotic nature of boundary-layer thermodynamics,
rapid fog onset transitions, and stochastic atmospheric inter-
actions such as aerosol-radiation feedbacks, turbulence fluc-
tuations, and moisture convergence variability *>#8]. These
complexities have driven growing interest in Bayesian and
probabilistic forecasting frameworks, which explicitly quan-
tify prediction uncertainty rather than producing a single
numerical estimate 4911,

Bayesian approaches estimate the probability distribu-
tion of the forecast variable by treating model parameters as
random variables and updating their likelihood using obser-
vational evidence. Unlike conventional statistical regression
where the goal is to find a single optimal model, Bayesian
inference produces a posterior distribution that reflects both
epistemic uncertainty (due to incomplete knowledge or lim-
ited training data) and aleatoric uncertainty (inherent noise in

32-54] This probabilistic represen-

meteorological systems)!
tation is particularly valuable for fog forecasting because ob-
servational datasets are noisy, measurement precision varies
across instruments, and atmospheric boundary-layer condi-
tions often exhibit abrupt regime shifts [4%-3],

Historically, Bayesian models have been employed in
meteorology through probabilistic ensemble prediction sys-
tems, Bayesian linear regression, and hierarchical proba-
bilistic modelling frameworks[4>->33¢. However, only lim-
ited studies have explored their application to fog prediction
due to computational constraints and the difficulty of mod-
elling multimodal atmospheric uncertainty. The emergence
of advanced computational tools and variational inference
techniques has revived interest in Bayesian modelling as
a complement to machine learning and deep learning sys-

tems 3701,

One of the most promising approaches involves
Bayesian Neural Networks (BNNs), which incorporate un-
certainty estimation into deep learning architectures by re-
placing fixed weights with probability distributions. During
inference, the model samples from the learned distributions,
generating a posterior predictive distribution rather than a
single deterministic output. Techniques such as Monte Carlo
Dropout, Markov Chain Monte Carlo (MCMC), and Varia-
tional Bayesian Inference are commonly used to approximate
posterior distributions without requiring prohibitively ex-
pensive computations °>3°1, These methods have demon-
strated strong potential in weather and visibility forecasting,
particularly at longer lead times where uncertainty grows
significantly %371,

In addition to Bayesian neural networks, probabilistic
forecasting frameworks such as Gaussian Processes (GPs)
and Bayesian regression models have been explored in envi-
ronmental modelling. Gaussian Processes provide smooth
uncertainty-aware predictions and are particularly effective
when datasets are limited or sparse conditions frequently ob-

55601 However, GPs scale poorly with

served in fog research!
large training datasets and therefore struggle when applied
to long-term visibility or fog index forecasting involving
decades of continuous meteorological observations 0],

Recent advancements have also focused on Bayesian
calibration techniques, which adjust deterministic model out-
puts to improve confidence interval reliability and reduce
overconfidence bias, a known issue in deep learning—based
forecasting systems. Calibration strategies such as ensemble
learning, posterior confidence scaling, and Bayesian beta
regression have demonstrated improved reliability for clas-
sification thresholds used in aviation fog warnings, trans-
portation advisories, and early warning dissemination sys-
tems [4957:611

More contemporary research has emphasized the in-
tegration of Bayesian modelling with deep learning archi-
tectures to create hybrid systems capable of both accurate
forecasting and uncertainty estimation. For instance, stud-
ies utilizing Bayesian LSTM models, Bayesian ConvLSTM
frameworks, and Bayesian encoder—decoder architectures
have shown improvement in confidence-aware forecasting
skillP%31371 In particular, hybrid probability models have
demonstrated better interpretability when forecasting fog

conditions in complex terrains such as coastal fog belts, ma-
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rine shipping lanes, and inland radiation fog zones including
the Indo-Gangetic Plains 331,

The relevance of Bayesian modelling for fog forecast-
ing continues to grow due to strategic operational needs.
Aviation authorities, rail network operations, and intelligent
transport systems increasingly rely on uncertainty-aware pre-
dictions to support dynamic decision-making, delay-risk es-
timation, and hazard-level classification*%>3-*%]. The combi-
nation of deep learning accuracy and Bayesian interpretabil-
ity offers a promising direction for next-generation fog fore-
casting frameworks, especially when extended to forecast
variables such as the Fog Index rather than raw visibility,
enabling continuous probabilistic environmental risk assess-

ment[30:51,57.61]

2.4. Research Gaps

Despite significant progress in fog detection and short-
term visibility prediction using deep learning and probabilis-
tic modelling, several key challenges remain unresolved,
particularly for long-term forecasting and operational deci-
sion support. The existing body of literature demonstrates
substantial advancements in modelling spatial patterns us-
ing CNN-based architectures, temporal dependency learning
using LSTM and GRU networks, and hybrid multimodal
frameworks incorporating satellite observations, reanalysis
data, and ground-based meteorological measurements. How-
ever, a careful review of current research reveals multiple
gaps that limit the reliability, generalizability, and opera-
tional readiness of fog forecasting systems, especially for
climate-sensitive and high-risk regions such as the IGP.

One of the primary gaps lies in the forecasting horizon.
Most studies focus on short-term fog prediction with lead
times ranging from 30 min to 12 h. While these short-term
models are useful for real-time hazard alerts, they provide
insufficient support for strategic planning in aviation schedul-
ing, rail traffic management, agricultural decision-making,
and urban transportation operations. Long-term fog pre-
diction (48—120 h), which is operationally more valuable,
remains a largely unexplored domain due to increasing uncer-
tainty and model instability over extended time sequences.

A second critical research gap is related to the predic-
tive variable itself. The majority of prior research models
raw visibility as the forecasting target. Visibility, however,

fluctuates rapidly and does not always reflect the continuity

or persistence of fog events. The lack of a standardized, tem-
porally smooth indicator complicates learning and introduces
noise-driven instability into forecasting models. The use of a
derived metric such as the Fog Index, which incorporates fog
intensity and duration into a normalized continuous scale,
has received limited attention in existing literature, despite
its potential to improve long-term forecast reliability.

A third gap concerns the treatment of uncertainty. Most
deep learning models generate deterministic (single-valued)
predictions, offering no information regarding prediction
confidence or uncertainty distribution. In domains such as
aviation or intelligent transportation systems, uncertainty
quantification is essential for risk-sensitive decision-making
and operational constraints management. Although Bayesian
and probabilistic approaches exist, they have not been sys-
tematically integrated with deep sequential learning archi-
tectures for fog forecasting. Current probabilistic models
also lack calibration mechanisms tuned for meteorological
systems with non-linear seasonal structures and high spa-
tiotemporal variability.

Another limitation identified in existing research is
the lack of comprehensive spatiotemporal hybrid modelling
frameworks capable of integrating multivariate atmospheric
dynamics with probabilistic inference. While ConvLSTM,
transformers, and hybrid CNN-RNN models have shown
success for spatiotemporal learning, they rarely address un-
certainty quantification, interpretability, or long-horizon fore-
casting capability. Similarly, Bayesian neural networks and
Gaussian processes address probabilistic forecasting but
struggle with high-dimensional temporal dependencies and
complex atmospheric evolution patterns.

A further gap relates to dataset diversity and opera-
tional validation. Although datasets from European coastal
fog belts, marine fog systems, and satellite fog mask prod-
ucts are widely studied, there is limited research focused
specifically on the IGP a region with some of the highest
fog frequency globally and unique boundary-layer behaviour
driven by aerosol loading, agricultural emissions, and Hi-
malayan cold air drainage. Additionally, few studies validate
fog forecast performance across multiple seasonal cycles or
multi-decade datasets, which is necessary to ensure model
robustness in climate-variable environments.

Taken together, these observations highlight the need

for a hybrid forecasting framework capable of (a) learning
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long-term fog dynamics using deep temporal models, (b)
generating interpretable probabilistic outputs, and (c) fore-
casting a meaningful, stable prediction variable such as the

Fog Index rather than raw visibility.

2.5. Problem Statement

Fog forecasting over the IGP remains operationally
challenging due to strong nonlinearity, data variability, and
uncertainty in atmospheric processes governing fog onset,
persistence, and dissipation. Existing forecasting systems
predominantly offer short-term deterministic predictions,
rely on raw visibility measurements, and lack mechanisms
to quantify forecast uncertainty limiting their usability for
high-risk operational environments such as aviation, ground
transportation, and early warning systems.

Therefore, there is a compelling need to develop an

integrated forecasting model that:

e Can predict fog conditions reliably over extended lead
times (up to five days).

e Uses a stable, derived environmental metric such as the
Fog Index instead of raw visibility.

*  Combines deep temporal learning capability with
Bayesian probabilistic inference.

e Provides prediction intervals and uncertainty metrics

suitable for operational risk assessment.

3. Methodology

The methodology adopted for developing the proposed
hybrid long-term fog forecasting framework includes a
three-layer BILSTM architecture integrated with a Modi-
fied Bayesian Beta Regression layer. The methodology is
structured to ensure scientific rigor, operational applicability,
and reproducibility. It includes dataset acquisition, prepro-
cessing, feature engineering, Fog Index computation, deep
learning architecture design, Bayesian uncertainty modelling,
training—validation strategy, and evaluation metrics. The
overall framework follows a systematic pipeline in which
raw meteorological observations are converted into struc-
tured time-series sequences, normalized and transformed
to enhance predictive signals, and subsequently processed
through the hybrid neural-Bayesian forecasting model. The
methodology also incorporates multiple enhancements, in-

cluding Monte-Carlo dropout for probabilistic inference, hy-

perparameter optimization, and model calibration to ensure

robust performance over extended forecast horizons.

3.1. Problem Definition and Modelling Frame-
work

Deep learning architectures such as BILSTM networks
and probabilistic frameworks such as Bayesian Beta Regres-
sion have each demonstrated strong potential in fog and
visibility forecasting. However, each approach has inherent
limitations when applied independently. BILSTM networks
are highly effective in learning temporal evolution patterns
from sequential atmospheric data and can capture nonlinear
dependencies, multi-step lag effects, and long-term seasonal
behaviour. Despite this strength, they produce determin-
istic point forecasts without expressing how confident the
model is in its predictions an aspect critically important for
operational sectors such as aviation safety, highway traffic
control, and railway scheduling. In contrast, Bayesian Beta
Regression provides a statistically grounded mechanism for
forecasting with uncertainty representation through proba-
bilistic distributions and credible intervals, yet it lacks the
ability to autonomously learn complex time-dependent pat-
terns embedded in meteorological sequences.

This complementary weakness creates a methodologi-
cal gap between models that are accurate but not uncertainty-
aware, and those that are uncertainty-aware but not tempo-
rally expressive. The objective of this study is to address
this gap by constructing a hybrid forecasting framework that
integrates a three-layer BILSTM network with a Modified
Bayesian Beta Regression layer. In the proposed system, the
BiLSTM component first learns the temporal structure of
fog behaviour from historical meteorological records, while
the Bayesian regression layer transforms the learned latent
temporal representation into a probabilistic forecast of the
Fog Index. The result is a forecasting system capable of
generating precise numerical predictions while simultane-
ously quantifying predictive uncertainty, thereby enabling
risk-aware and operationally meaningful decision support
in fog-prone environments. Formally, fog prediction in this
study is formulated as a multi-step sequence-to-sequence

regression task. Let:
X, = (X}, X7,..., X)) (13)

represent the vector of meteorological variables at time step
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t, where values may include atmospheric temperature, dew-
point temperature, relative humidity, pressure, visibility,
wind speed, and derived metrics such as Fog Index. Given
an input window length L, the historical input sequence is

written as:

Xy = [Xo—r+1), X—142), - - X (] (14)

The forecasting objective is to learn a nonlinear func-
tion f'(0) that predicts the Fog Index at future time horizons.
For a single future lead-time A, the prediction is represented
as:

FI(t+A) = fo X (15)

In this study, the model predicts multiple future Fog
Index values corresponding to several lead times including
6 h, 1 day, 3 days, and 5 days. Therefore, the prediction

generalizes to:
[ﬁ(t+A1)vﬁ(t+A2)aaﬁ(t+Am)

= f(0) (X(#))

Within the hybrid architecture, the model function f(6)
is decomposed into two components. First, a three-layer

(16)

Bidirectional LSTM encoder, represented as:

(17)

learns temporal dependencies and produces a latent represen-
tation of the input sequence. Second, a Modified Bayesian
Beta Regression layer interprets this representation and mod-
els the Fog Index at each forecast step as a Beta-distributed

random variable:

FI(t+ A) | h(t) ~Beta(a(h(t)), B (h(t))) (18)

where a(h(f)) and S(h(t)) are positive-valued outputs pre-
dicted by the Bayesian regression layer.

The predictive mean of the Fog Index is computed as:

o
Mean = —— 19
) (19)

and the predictive variance is computed as:
Variance = o (20)

(+B)2(ac+p+1)

The variance defines the uncertainty width of the pre-
diction interval; a higher variance indicates lower confidence,

while a lower variance indicates a more certain prediction.

3.2. Methodological Overview

The methodological workflow adopted in this study is
designed to ensure systematic transformation of raw meteo-
rological observations into reliable long-term fog forecasts
enriched with quantified uncertainty. The process integrates
classical data engineering techniques with advanced deep
learning and probabilistic modelling approaches. The work-
flow consists of seven major stages, as described in detail
below.

3.2.1. Data Acquisition

The forecasting framework developed in this study is
based on a comprehensive 24-year meteorological dataset
spanning January 2000 to December 2023, collected from
Lucknow Airport an important location within the IGP, where
dense winter fog events frequently occur. The dataset con-
sists of multiple atmospheric variables recorded at 6-h inter-
vals, allowing the model to capture essential transitions in
fog evolution, including onset, peak intensity near sunrise,
and dissipation phases, while minimizing noise from exces-
sively fine temporal sampling. The records form a structured

multivariate sequence mathematically defined as:

X=A{zx |z eR"t=1,2,...,T} 21
Each observation can be expressed as a feature vector

of atmospheric variables relevant to fog formation:

Ty =
(22)
[Ty, Tdy, RHy, Wy, Psy, Visy, faerive(t)]

where T is air temperature, 7d; is dew-point temperature,
RH, is relative humidity, Ws, is wind speed, Ps; is surface
pressure, and Vis, represents measured visibility. The term
Jaerivea(t) iIncludes additional computed predictors such as
dew-point depression (7; — 7d;), vapour pressure, or air-mass
moisture indicators, which enhance feature representation
for deep learning. The long temporal duration and rich mul-
tivariate structure of this dataset enable the model to learn
both seasonal fog dynamics and inter-annual atmospheric
variability influenced by aerosols, radiative cooling, synoptic
forcing, and land-atmosphere interactions. This makes the
dataset highly suitable for developing a hybrid deep learning
and Bayesian forecasting architecture capable of supporting
operational fog prediction and uncertainty estimation.
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3.2.2. Data Cleaning and Preprocessing

Data preprocessing is a necessary step to ensure that
the forecasting model receives consistent, accurate, and well-
structured input. Meteorological time-series data typically
include missing values, sudden erroneous spikes, temporal
discontinuities, and reporting inconsistencies caused by in-
strument malfunction, atmospheric noise, or logging delays.
Therefore, before model training, the raw dataset underwent
several processing steps including missing value correction,
outlier detection, temporal smoothing, normalization, and
dataset restructuring into supervised learning format.

Missing observations were first detected by identifying
timestamps with incomplete or null entries. Short gaps were
handled using linear interpolation, which estimates interme-
diate values along a straight line between two known points.

The interpolation formula used was:
o(t) =z (t) + (z(t2) —x (f2))/(t2 —t1) - (t — t1) (23)

where | and #, denote neighbouring timestamps surrounding
the missing value.

For larger gaps (more than one interval), Exponential
Weighted Moving Average (EWMA) smoothing was applied
to preserve temporal fog dynamics without introducing unre-
alistically sharp transitions. The smoothing was performed
using:

'Ts(t) = O(I’(t) + (1 - CX) xs(t - 1) (24)

where a (alpha) is the smoothing factor, set between 0.4 and
0.6 depending on variable sensitivity.

Outlier detection was performed using z-score filtering,
which identifies statistically abnormal values by comparing
each observation to the dataset mean and standard deviation.

A value was flagged as an outlier if:

T —
(e}

z= >3

(25)

where [ is the mean and o is the standard deviation of the re-
spective feature. Outliers were replaced either by the nearest
non-anomalous entry or by the median of the rolling window,
depending on whether the anomaly was a brief spike or part
of a measurement fault.

After correcting missing and anomalous values, tempo-
ral smoothing was applied using a rolling average method to

reduce sensor noise while preserving diurnal fog evolution

patterns. The rolling average was computed as:
k—1

1 .
:sz(t_l)

=0

(t) (26)

where k£ = 3 was chosen based on empirical evaluation to
prevent excessive smoothing.

Since deep learning models are highly sensitive to fea-
ture scale differences, all variables were normalized using
Min-Max scaling, which transforms each feature into a ho-

mogeneous numeric range between 0 and 1, defined as:

’ L — Tmin
r = —

@7

Tmax — Tmin

This scaling ensures faster convergence during model
training and prevents dominant influence from high-
magnitude variables such as pressure or visibility.

Finally, to prepare the data for time-series forecasting,
the continuous meteorological records were converted into
supervised learning format, where sequential input windows
were paired with future prediction targets. If L represents the
sequence length (window size), then model input and output

pairs were generated as:
Input: ~ [z(t — L), z(t — L+1), ..., 2(t)]
Output: ~ Fog Index (¢ + forecast lead time)

This transformation allowed the deep learning model
to learn temporal dependencies required for multi-step fore-

casting.
3.2.3. Fog Index Construction

Visibility is one of the most widely used meteorological
parameters for quantifying fog severity; however, the raw
visibility values tend to fluctuate sharply due to atmospheric
turbulence, sensor measurement inconsistencies, and rapidly
changing near-surface radiative conditions. These fluctua-
tions introduce significant noise into forecasting models and
reduce predictive stability, especially when applied to multi-
step forecasting tasks. To address this issue, the present study
transforms visibility observations into a normalized and di-
mensionless Fog Index (FI) that represents fog severity on
a continuous scale from 0 to 1. In this scale, a value closer
to zero corresponds to clear atmospheric conditions, while
values approaching one represent dense or very dense fog.
This formulation produces a smoother temporal signal, better
supports long-term sequence learning architectures such as
BiLSTM, and facilitates uncertainty quantification in the

Bayesian regression layer.
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The Fog Index formulation is conceptually linked to
aviation category thresholds used by the India Meteorologi-
cal Department (IMD) and International Civil Aviation Or-
ganization (ICAO), where visibility greater than 1,000 m
corresponds to no operational fog restrictions, moderate fog
occurs between 200 and 500 m, and dense fog conditions
are typically observed when visibility falls below 200 m.
While such categorical boundaries are useful in operational
meteorology, deep learning models benefit from a contin-
uous representation that captures gradual transitions rather
than abrupt category shifts. Therefore, visibility measure-
ments are mathematically transformed using a normalized

inverse-scaling approach, defined as:

Vis(t) — Vismin

FIt)=1-
®) Vismax — V4Smin

(28)
where FI(t) denotes the Fog Index at time ¢, Vis(¢) is the
observed visibility, and Visy, and Visy.x represent the mini-
mum and maximum visibility values within the dataset. This
transformation ensures the expected monotonic behaviour:
as visibility decreases, the Fog Index increases.

Since raw meteorological data, including visibility, of-
ten exhibit short-term spikes inconsistent with typical fog
lifecycle patterns, smoothing is applied to enhance tempo-
ral coherence. A rolling mean function is used to minimize
transient variations while preserving the general trend of fog

progression. The smoothed signal is computed as:

1 k—1
FI(t) =+ > FI(t—i)

=0

29

where k& = 3 defines the window length based on empirical
testing. This smoothing process produces a more stable and
interpretable Fog Index curve over time.

Fog behaviour is additionally characterized by persis-
tence; once formed, fog rarely dissipates instantaneously. To
model this physical behaviour, a persistence adjustment term

is introduced using an exponential update mechanism:

FI't)=AFI(t)+ (1 - AN FI*(t—1) (30)
where A is a weighting factor tuned between 0.5 and 0.7 to
balance sensitivity and inertia. This recursive formulation
ensures that the Fog Index evolves smoothly over successive
timestamps, improving the temporal realism of the modelled

fog lifecycle.

In its final form, the Fog Index used in this study rep-
resents a processed, normalized, and physically consistent
signal derived from raw visibility observations. It retains
essential meteorological information regarding fog intensity
and persistence while reducing noise and improving suitabil-
ity for multi-step deep learning forecasting. The Fog Index
therefore becomes not only a prediction target, but also an
interpretive tool that bridges raw observational data and prob-
abilistic model output, supporting operational forecasting
applications in aviation, road transport, and public safety.

To facilitate reproducibility, the Fog Index calculation
follows a three-stage pipeline: (a) Inverse scaling of raw visi-
bility (Equation (28)), (b) Rolling mean smoothing to remove
noise (Equation (29)), and (c) Exponential update for phys-
ical persistence (Equation (30)). This stabilizes the target
signal for long-term forecasting compared to raw visibility in
meters. Further, the Fog Index improves forecasting over raw
visibility because: (a) It reduces high-frequency noise, (b)
Captures persistence of fog events, and (c) Provides bounded
learning space (0—1). This leads to more stable long-term

predictions compared to highly volatile visibility values.

3.2.4. Feature Engineering and Transforma-
tion

Feature engineering plays a critical role in improving
model learning efficiency by enhancing signal quality and
exposing hidden structures within atmospheric data. The me-
teorological variables included in this study possess different
physical units, ranges, and variabilities. For example, air
temperature may vary between 0 °C and 40 °C, while relative
humidity ranges from 0—100%, wind speed may fluctuate
between 0—10 m/s, and visibility can change rapidly from a
few meters during dense fog to several kilometers under clear
conditions. Without scaling, such disparities may cause the
deep learning model to overweight high-magnitude variables
such as pressure or visibility while underrepresenting equally
important but numerically smaller features. To resolve this
imbalance and ensure consistent gradient behaviour during
training, feature values were normalized using Min-Max

scaling. The transformation is mathematically defined as:

4 LT — Tmin
r = —-—-—
Tmax — Tmin

€2))

In this transformation, x’ represents the normalized fea-
ture value, x denotes the original observed value, and Xy,

and xpax correspond to the minimum and maximum values

43



Journal of Atmospheric Science Research | Volume 09 | Issue 02 | April 2026

of that feature across the entire dataset. By applying this
scaling, all atmospheric variables are compressed into a uni-
form range between 0 and 1. This normalization step ensures
balanced feature contribution during training and prevents
variables with naturally larger numerical magnitudes, such as
visibility or pressure from dominating the learning process.
As a result, the model is able to interpret each feature pro-
portionately, improving optimization stability, accelerating
convergence, and enhancing the overall robustness of the
forecasting framework.

Beyond normalization, capturing temporal structure
within the fog dataset is essential because fog occurrence
in the IGP exhibits strong seasonal and periodic recurrence,
especially during December and January when synoptic con-
ditions, radiative cooling, and moisture availability align.
These seasonal signals may not be fully captured by raw
time-series patterns alone; therefore, spectral decomposition
techniques were applied to extract cyclical components em-
bedded within the data. To achieve this, the Fast Fourier
Transform (FFT) was applied to selected meteorological
features such as humidity, dew-point depression, and visibil-
ity, converting the time-domain signals into corresponding
frequency-domain representations. FFT identifies the domi-
nant periodicities and seasonal harmonics that contribute to

fog behaviour. The transformation is formally expressed as:

T-1

F(k) _ Z x(t) e—iQﬂkt/T

t=0

(32)

In this equation, F(k) represents the complex spectral
coefficient at frequency k, while x(¢) denotes the original
time-series signal being transformed. The term T corre-
sponds to the total number of observations in the dataset, and

the exponential component e ~*27+*/T

serves as the complex
sinusoidal wave basis used in Fourier decomposition, en-
abling the conversion of temporal meteorological variations
into their underlying frequency components.

The magnitude and phase of the resulting spectral com-
ponents were analysed to identify dominant low-frequency
patterns associated with winter fog cycles. The most rele-
vant harmonics were then incorporated into the model as
auxiliary features, allowing the deep learning architecture
to learn not only short-term fog transitions, but also broader
recurring climatological patterns influenced by annual cold
season dynamics, aerosol accumulation, and boundary-layer
stability.

By combining normalization and spectral feature ex-
pansion, the input space becomes more informative and struc-
tured, enabling the BILSTM-Bayesian hybrid model to better
detect relationships among meteorological drivers, seasonal
cycles, and fog intensity behaviour. This preprocessing en-
sures improved model generalization, faster convergence,
and enhanced forecasting accuracy, particularly for multi-
step fog predictions requiring recognition of long-term sea-
sonal dependencies.

Although the proposed framework is designed to incor-
porate multivariate meteorological inputs, including tempera-
ture, humidity, dew-point, and FFT-derived spectral features,
the present study evaluates the model using the Fog Index as
a univariate input. This design choice was made to isolate
the intrinsic temporal learning capability of the BILSTM ar-
chitecture and to maintain consistency with prior benchmark
studies employing the same Fog Index formulation. Conse-
quently, the multivariate preprocessing pipeline is presented
as part of the overall framework capability and is intended
for future extension of the model.

3.2.5. Deep Learning Sequence Modelling Us-
ing BILSTM

Fog formation is inherently a temporal phenomenon
influenced by gradual atmospheric transitions rather than
isolated observations. Factors such as radiative cooling, high
moisture accumulation, declining dew point depression, and
stagnant wind flow typically evolve over several hours before
dense fog materializes. Similarly, fog dissipation follows pro-
gressive warming and increased atmospheric mixing rather
than abrupt atmospheric shifts. Therefore, modelling fog dy-
namics requires a framework capable of capturing long-term
sequential dependencies, rather than relying on independent
or shallow statistical relationships. Deep learning architec-
tures based on RNNs are well-suited for this task because
they are designed to process time-dependent inputs; how-
ever, standard RNNs suffer from vanishing gradient limita-
tions and struggle to retain information across long temporal
windows. To overcome these issues, this study employs a
BiLSTM architecture, which improves representational ca-
pability by learning temporal patterns in both forward and
backward chronological directions.

The LSTM mechanism extends standard RNNs by in-
corporating gating functions that regulate how information

is stored, forgotten, and propagated over time. This en-
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ables the model to retain memory of relevant meteorological
states over many time steps, making it highly suitable for
fog forecasting where atmospheric conditions evolve slowly
but meaningfully. A three-layer BiLSTM network was se-
lected after comparative testing to provide sufficient depth
for hierarchical temporal feature extraction without overfit-
ting. Unlike a unidirectional LSTM, which processes the
input sequence from past to future, a BILSTM performs dual
processing: one pass moves forward through time while the
other moves backward. This dual processing provides addi-
tional context because fog evolution may depend not only on
preceding atmospheric conditions but also on patterns that
become apparent only when the full temporal behaviour is
considered. Mathematically, for each time step #, the forward
LSTM cell computes its hidden state based on the current

input and the previous forward state:

_>

(1) = LSTM (a(1), W

(t-1) (33)

Simultaneously, a backward LSTM processes the se-
quence in reverse order and generates a hidden state based
on the upcoming observation rather than the previous one:

h(t) < LSTM (x(¢), h(t + 1)) (34)

Once both directional states are computed, they are
merged to form a richer contextual representation. The com-
bined hidden representation at time step ¢ is formed by con-
catenating the forward and backward states:

h(t) = [h%(t) D he(t)] (3%)

This concatenated representation ensures that the model
can learn relationships where future values improve under-
standing of present patterns an important advantage for fog
prediction, where dissipation patterns and repetition cycles
inform onset prediction and uncertainty estimation.

The selection of the three-layer BILSTM architecture
was guided not only by empirical performance but also by
the multi-scale temporal nature of fog evolution. Fog for-
mation and persistence are influenced by interacting pro-
cesses operating across different temporal scales, including
short-term micro-meteorological adjustments, diurnal radia-
tive cycles, and multi-day boundary-layer stability regimes.
Shallow recurrent architectures (one or two layers) were in-

sufficient to simultaneously capture both rapid fluctuations

and longer persistence behaviour. In contrast, deeper archi-
tectures exceeding three layers increased model variance and
susceptibility to overfitting without providing meaningful
improvements in validation performance. BiLSTM was se-
lected because: (a) It works well with moderate dataset size;
(b) Lowers computational cost than transformers; and (c) Su-
perior performance observed experimentally. Transformers
showed overfitting due to limited data.

The three-layer configuration therefore offers a practi-
cal balance between temporal representational capacity and
generalization stability. Within this structure, the first layer
primarily captures short-term meteorological variability,
while subsequent layers progressively abstract persistence-
related patterns associated with fog formation and mainte-
nance. This hierarchical temporal learning is particularly
important for multi-day forecasting tasks, where fog evolu-
tion depends on cumulative atmospheric memory rather than
instantaneous conditions.

The bidirectional design further enhances the model’s
ability to recognize patterns related to fog onset, peak inten-
sity, and dissipation by capturing both historical dependen-
cies (e.g., gradual humidity buildup) and forward contextual
signals (e.g., persistence of inversion layers or wind stagna-
tion). Compared to unidirectional LSTM architectures, the
BiLSTM provides improved representation of meteorologi-
cal processes governed by boundary-layer dynamics. In this
study, the BILSTM functions as the core temporal learning
engine, transforming raw meteorological history into latent
representations that are subsequently passed to the Bayesian
regression layer for probabilistic forecasting. This hybrid
integration enables not only accurate estimation of future
fog severity but also quantification of predictive uncertainty,
making the framework suitable for operational early-warning
systems, aviation scheduling, transportation planning, and

other risk-sensitive applications in fog-prone environments.

3.2.6. Modified Bayesian Regression for Uncer-
tainty Quantification

While the BiILSTM component provides accurate se-
quence learning capability, its output is inherently determin-
istic and does not convey the uncertainty associated with
predictions. Fog forecasting, however, involves inherently
stochastic atmospheric behaviour influenced by nonlinear
interactions such as aerosol-radiation feedbacks, boundary-

layer turbulence, synoptic pressure variation, and anthro-
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pogenic emissions. Because of these uncertain and often
unpredictable influences, two forecasts with identical input
conditions may produce different fog outcomes. Therefore,
meaningful operational fog prediction requires not only a
point estimate of the Fog Index but also a quantifiable mea-
sure of confidence surrounding that estimate. To address
this requirement, the deterministic output produced by the
final BiLSTM layer is passed into a Modified Bayesian Beta
Regression module, enabling probabilistic forecasting and
uncertainty representation.

The Fog Index is a bounded variable confined to a
continuous range between 0 and 1, making it unsuitable for
ordinary Gaussian-based regression models. Instead, the
Beta distribution is mathematically appropriate because it
supports flexible shapes, asymmetry, and bounded intervals-
properties that align with the behaviour of fog intensity. In
principle, alternative likelihood formulations such as a Gaus-
sian model combined with a logistic transformation could
also be used to constrain predictions within the (0,1) inter-
val. However, such approaches assume symmetric error
behaviour in the transformed space and may distort uncer-
tainty near the boundaries. Truncated Gaussian models simi-
larly lack flexibility in representing skewness and saturation
effects commonly observed during fog formation and persis-
tence phases. In contrast, the Beta distribution naturally sup-
ports bounded continuous variables and allows asymmetric
shapes without requiring transformation. Given that the Fog
Index exhibits regime-dependent skewness and saturation
behaviour, the Beta likelihood provides a more physically
consistent probabilistic representation. Thus, the forecast

target is modelled as:

FI(t) ~ Beta(a, ) (36)

where o and [ are shape parameters learned during the re-
gression process. The expected value (mean) and variance
of the Beta distribution, which define the central tendency
and uncertainty of the probabilistic forecast.

To approximate Bayesian posterior inference without
requiring computationally expensive sampling methods such
as Markov Chain Monte Carlo (MCMC), the model incorpo-
rates Monte-Carlo Dropout, a practical approximation that in-
troduces stochasticity during inference. Instead of disabling
dropout after training as done in standard neural networks,
the dropout mechanism remains active across repeated for-

ward passes. Each pass perturbs the model weights, enabling

sampling from an implicit posterior distribution rather than
generating a single deterministic output. The final proba-
bilistic forecast is computed as the mean of repeated forward
passes:

N
§= ;f;fm 6 (37)
where 6; represents a randomly sampled dropout-perturbed
parameter state and N = 100 forward passes were used in
this study to generate a stable posterior estimate. This sam-
pling strategy produces not only a mean prediction but also
a distribution of possible outcomes from which credible in-
tervals, such as 50%, 80%, or 95% confidence bands—can
be computed.

By combining deep temporal learning (BiLSTM) with
a stochastic probabilistic inference mechanism (Bayesian
Beta Regression with Monte-Carlo Dropout), the proposed
hybrid model is able to generate fog forecasts that reflect
both accuracy and reliability. This uncertainty-aware de-
sign is particularly important in aviation scheduling, railway
dispatching, and intelligent transportation systems, where
operational decisions must weigh the likelihood of severe
fog conditions rather than rely solely on deterministic pre-
dictions.

The following three modifications were introduced: (a)
Neural Parameterization: o and B are predicted from BiL-
STM outputs instead of linear predictors; (b) Monte Carlo
Dropout Integration: Enables approximate Bayesian infer-
ence; and (c) Temporal Dependency Embedding: Regression
operates on sequence-learned latent features instead of static
inputs. Aleatoric uncertainty is captured via Beta distribution
variance. Epistemic uncertainty is estimated using Monte
Carlo dropout.

Although classical probabilistic models such as Quan-
tile Regression Forests and Gaussian likelihood-based ap-
proaches could be considered as alternative baselines, their
applicability is limited in the present context. These models
do not explicitly capture temporal dependencies inherent in
fog evolution and often assume symmetric error behaviour.
Furthermore, Gaussian-based formulations require transfor-
mation to enforce bounded outputs, which may distort uncer-
tainty near the boundaries. In contrast, the Beta distribution
naturally supports bounded continuous variables in the (0,1)
range and provides greater flexibility in modelling skewness
and saturation effects observed in fog dynamics.
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3.2.7. Model Evaluation and Calibration

To ensure objective and reliable performance assess-
ment, the dataset was partitioned using a temporal split-
ting strategy rather than random sampling. This preserves
chronological order and prevents information leakage from
future observations into past training sequences. The dataset
(2000-2023) was divided into three non-overlapping peri-
ods: training (2000-2016), validation (2017-2019), and test-
ing (2020-2023). The test set was strictly placed after the
training and validation periods so that model evaluation was
conducted only on future unseen observations, thereby main-
taining a realistic forecasting setup. Model accuracy was
quantified using standard statistical measures widely applied
in regression-based environmental forecasting studies. The
Root Mean Squared Error (RMSE) was used to measure the
magnitude of prediction deviations:

RMSE = (3%)

where y; denotes the observed Fog Index and y; denotes the
predicted value at time step i. To complement this, the Mean
Absolute Error (MAE) was calculated to capture the aver-
age error magnitude without disproportionately penalizing
outliers:
1 n
MAE = 52@—@4
=
Since the proposed framework produces probabilistic

(39

predictions through Bayesian inference, additional metrics
were used to evaluate uncertainty quality. The Continuous
Ranked Probability Score (CRPS) was employed to assess
probabilistic sharpness and calibration. Furthermore, the
Prediction Coverage Probability (PCP) was computed to as-
sess the frequency with which the observed Fog Index values
were contained within the anticipated confidence intervals.
A well-calibrated uncertainty model should yield PCP values
close to the nominal confidence level (e.g., ~80% for an 80%

interval).

3.3. System Architecture

The development of the proposed hybrid long-term fog
forecasting model required the integration of multiple com-
putational components arranged in a structured pipeline de-
signed to support data processing, sequential learning, prob-

abilistic inference, and prediction evaluation. The resulting

architecture represents a fusion of classical statistical pro-
cessing, deep learning time-series modelling, and Bayesian
uncertainty quantification, allowing the system not only to
forecast fog severity but also to provide estimates of model
confidence. The architecture is organized into a series of in-
terdependent layers, each performing a specialized function
that contributes to the overall forecasting capability.

The first component of the system is the data processing
layer, responsible for preparing raw meteorological observa-
tions for modelling. This layer performs essential preprocess-
ing tasks including dataset ingestion, temporal alignment,
missing value correction, outlier handling, scaling through
Min-Max normalization, and the construction of the Fog
Index. By transforming the highly variable raw visibility
measurements into a smooth, bounded index between 0 and
1, the system ensures that the subsequent layers receive con-
sistent, normalized, and meaningful predictor values. This
step is especially critical in atmospheric applications, where
physical measurements span different numerical scales and
may contain noise or irregular temporal patterns.

Once processing is complete, the dataset enters the se-
quential learning layer, where temporal dependencies are
modelled using a three-layer BiILSTM network. Unlike con-
ventional feed-forward neural networks, which treat data
points independently, BILSTM networks are explicitly de-
signed to process sequential information by retaining mem-
ory of past observations and, in the bidirectional configu-
ration, also incorporating future context. This allows the
model to learn the evolving fog lifecycle onset, duration,
peak severity, and dissipation patterns based on meteorolog-
ical behaviour over multiple prior time steps. The output
of this layer is a sequence of learned hidden-state represen-
tations that capture the temporal evolution of fog-related
atmospheric drivers.

The output from the BILSTM network is then passed to
the probabilistic modelling layer, which implements a Modi-
fied Bayesian Beta Regression framework. This layer trans-
forms the deterministic output of the deep learning model
into a predictive probability distribution rather than a single
numerical forecast. The use of a Beta distribution is appro-
priate because the Fog Index is bounded between 0 and 1.
Monte-Carlo Dropout sampling is applied at inference time
to approximate Bayesian posterior distributions, enabling the

system to quantify uncertainty and generate confidence inter-
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vals around each forecast value. This probabilistic perspective
is crucial for applications where decision-making depends not
only on the expected state of fog but also on the reliability of
that estimate, such as in aviation scheduling, highway traffic
control, or railway routing during winter fog events.

The final stage of the architecture is the prediction and
evaluation layer, which generates the final Fog Index fore-
cast and computes confidence bounds based on the posterior
samples. This layer also handles performance scoring using
deterministic and probabilistic evaluation metrics, including
RMSE, MAE, R?, the Continuous Ranked Probability Score
(CRPS), and PCP. These metrics help quantify both forecast-
ing accuracy and uncertainty calibration, ensuring that the
system provides trustworthy outputs suitable for operational
decision support in fog-prone environments. A conceptual
representation of this end-to-end forecasting framework is
shown in Figure 3, illustrating how the data flows through
the system—from raw meteorological measurements to final

uncertainty-aware prediction outputs.

Figure 3. Schematic representation of the proposed hybrid fog fore-
casting framework integrating a three-layer BILSTM for temporal
sequence learning with a Modified Bayesian Beta Regression layer
for probabilistic prediction and uncertainty quantification.

3.4. Rationale for Hybrid Architecture

The choice of a hybrid deep learning and Bayesian mod-
elling framework was driven by both theoretical and opera-
tional requirements associated with long-term fog prediction.
Fog formation is a complex atmospheric process governed
by nonlinear interactions among meteorological variables
such as humidity, dew point temperature, wind speed, radia-
tive cooling, boundary-layer inversion strength, and aerosol
concentration. These interactions evolve gradually over time,
often exhibiting lag effects and seasonal memory patterns.
Traditional forecasting models including statistical regres-
sion, autoregressive moving average structures, and simple
machine learning approaches struggle to accurately capture
these temporal dependencies because they assume linear re-
lationships or rely solely on instantaneous patterns without
temporal context. Deep learning models, particularly those
based on LSTM architectures, have demonstrated strong ca-
pability in modelling nonlinearity and learning long-range
temporal dependencies. The BiLSTM enhances this capabil-
ity by processing sequences in both forward and backward
directions, allowing the model to understand fog evolution
not only based on prior meteorological conditions but also
on emerging future trends within the sequence window. This
results in a richer and more robust feature representation that
reflects real atmospheric dynamics.

However, while deep learning improves prediction ac-
curacy, its limitation lies in the deterministic nature of its
outputs. A typical LSTM-based model produces a single
numeric forecast for each time step, without offering insight
into the confidence or uncertainty associated with the predic-
tion. Fog forecasting is inherently uncertain due to stochastic
influences such as localized turbulence, sensor noise, land-
use variability, and sudden synoptic-scale weather shifts. In
real operational contexts particularly in aviation, railway
traffic management, highway safety operations, and auto-
mated decision-support systems. It is not sufficient to predict
fog severity alone; stakeholders must also understand the
reliability of the prediction. For example, a forecast indi-
cating severe fog with low uncertainty requires a different
response than a similar prediction accompanied by a wide
confidence interval. Pure deep learning methods cannot ad-
dress this uncertainty dimension, which limits their suitability
for decision-critical meteorological forecasting.

Conversely, Bayesian modelling approaches are in-
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herently probabilistic, providing a statistical framework in
which model parameters and predictions are represented not
as fixed values but as probability distributions. Bayesian re-
gression produces credible intervals, predictive uncertainty
bounds, and posterior distributions that help quantify how
confident the system is in a generated forecast. Yet, Bayesian
methods in isolation lack the structural capacity to learn
complex sequential temporal patterns embedded within at-
mospheric time series. They perform well for uncertainty
estimation but cannot independently capture multivariate fog
evolution dynamics with the same fidelity as deep neural
sequence learning architectures.

Therefore, a hybrid approach that combines both mod-
elling paradigms was adopted to leverage the strengths and
resolve the shortcomings of each. In the proposed system,
the BILSTM component functions as the temporal pattern
extractor, learning fog evolution signatures, diurnal fluc-
tuations, and slowly varying seasonal influences from the
input meteorological sequences. The output of this deep
learning stage is then passed into a Modified Bayesian Beta
Regression layer, which serves as the probabilistic inference
engine. This final layer transforms deterministic outputs
into probability distributions, generating prediction intervals
and uncertainty-aware outputs that support risk-informed
operational decisions.

By integrating BILSTM-based sequence learning with
Bayesian uncertainty modelling, the resulting framework is
not only capable of generating accurate fog forecasts but
also of representing the confidence associated with those
predictions. This hybrid design makes the forecasting sys-
tem scientifically rigorous, interpretable, and operationally
meaningful particularly for applications where forecasting
reliability is as critical as accuracy.

3.5. Training Strategy and Hyperparameter
Optimization

The training of the proposed deep learning-based fog
forecasting models was conducted in a systematic yet practi-
cally oriented manner using the Google Colab environment.
Instead of relying on automated hyperparameter search meth-
ods such as Bayesian optimization or exhaustive grid search,
the model configuration was refined iteratively through a
series of controlled experiments. These experiments were

guided by validation performance, residual behaviour, and

the stability of training and validation loss curves. Multiple
recurrent architectures were implemented and evaluated un-
der a consistent input-output framework derived from the
Fog Index time series. The tested configurations included a
vanilla LSTM, stacked LSTM, stacked LSTM with dropout,
Bidirectional LSTM, a three-layer Bidirectional LSTM, and
a CNN-LSTM hybrid. A comparative assessment of these
architectures revealed that single-layer and shallow stacked
models were able to capture short-term variability but strug-
gled to represent multi-day persistence patterns characteristic
of fog evolution. Increasing the depth beyond three recur-
rent layers did not yield consistent improvements; instead,
it resulted in greater validation loss variability, indicating
potential overfitting and reduced generalization capability.

The three-layer BILSTM configuration was therefore
selected as it provided the most stable validation performance
across forecasting horizons while maintaining computational
efficiency. The use of 64 units in the first recurrent layer was
intended to capture high-dimensional short-term atmospheric
variability, while subsequent layers with fewer units progres-
sively compressed temporal representations to enhance sta-
bility and prevent over-parameterization. Preliminary exper-
iments with residual connections in deeper recurrent stacks
were also explored but did not produce measurable perfor-
mance gains relative to the increased architectural complex-
ity. This suggests that, for the present fog forecasting task,
hierarchical temporal representation was more beneficial
than increased depth.

For all deep learning models, the dataset was trans-
formed into a supervised learning format using a sliding-
window approach. In this setup, 20 past time steps were
used to predict the subsequent 20 time steps of the Fog Index
at 6-h resolution. Accordingly, the input sequences were
structured as

X e RN><20><1 (40)
and the output sequences:
y e RNXZO (41)

where N is the number of samples. This design allowed the
model to predict a full 5-day sequence (20 steps X 6 h) from
the preceding 5 days of data, and specific lead times such as
6 h, 1 day, 3 days, and 5 days were later extracted from the

20-step output vector.
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All models were trained using the Adam optimizer with
its default learning rate (as provided by Keras), and the loss
function was Mean Squared Error (MSE). In addition, the
Root Mean Squared Error (RMSE) was included as a monitor-
ing metric during training. The training routine was defined
in a common function that compiled the model with:

e optimizer = ‘adam’.
*  loss = ‘mean_squared_error’.

¢ metrics = [RootMeanSquaredError].

The batch size was fixed at 64 across all experiments.
This choice represented a compromise between training
speed and gradient stability, especially for recurrent mod-
els applied to long sequences. To prevent overfitting and
to avoid unnecessary computation, early stopping was em-
ployed using a Keras EarlyStopping callback configured to
monitor the validation loss (val loss) with a patience of 3
epochs. This means that training stopped automatically if the
validation loss did not improve for three consecutive epochs,
and the best-performing weights (according to validation
performance within that run) were retained implicitly when
exporting the final model.

The maximum number of epochs was varied depending

on the model complexity and experimental objective:

e Vanilla LSTM model: trained for up to 50 epochs.

*  Stacked LSTM, Stacked LSTM with Dropout, Bidirec-
tional LSTM, 3-layer Bidirectional LSTM, and CNN-
LSTM models: each trained for up to 100 epochs, with
early stopping typically halting training earlier once the

validation loss plateaued.

In terms of architecture-specific hyperparameters, most
models used 64 LSTM units in the first recurrent layer, with
additional layers using 16 or 8 units to progressively com-
press temporal representations. The stacked LSTM with
dropout introduced dropout of 0.1 between recurrent layers,
while the deeper Bidirectional LSTM used recurrent dropout
= 0.1 in the first BILSTM layer to regularize the recurrent
connections. These values were chosen based on exploratory
testing to balance model expressiveness and overfitting risk.
No explicit L2 weight decay or gradient clipping was applied
in the final experimental setup; instead, regularization was
achieved via dropout, early stopping, and careful choice of
model depth. Manual tuning explored the following ranges:
(a) LSTM units: 32, 64, 128; (b) Layers: 1-3; (c¢) Dropout:
0.1-0.3; and (d) Batch size: 32, 64, 128.

After training, each model’s performance was evalu-
ated on the test set for multiple forecasting horizons by select-
ing different positions from the 20-step output vector (e.g.,
index 0 for 6-h lead, index 3 for 1-day lead, index 11 for 3-
day lead, and index 19 for 5-day lead). For each architecture
and lead time, RMSE, MSE, MAE, and R? were computed
using the evaluation metrics function defined in the code,
and error scatter plots and residual plots were generated to
visually inspect bias and dispersion patterns.

Overall, the training strategy combined fixed core hy-
perparameters (Adam optimizer, batch size 64, MSE loss,
early stopping with patience 3) with manual architecture
and depth experimentation, leading to the selection of the
three-layer Bidirectional LSTM model as the most suitable
sequential learner to be further integrated with the Bayesian
uncertainty modelling framework described in the subse-
quent sections.

To address the 0% PCP in Very Dense Fog events iden-
tified during initial testing, a Weighted Mean Squared Error
(WMSE) loss function was implemented. Samples with
a Fog Index > 0.8 (representing visibility < 200 m) were
assigned a penalty weight of W = 5.0. This forces the gradi-
ent descent process to prioritize accuracy in high-risk, low-
visibility regimes, though the inherent saturation of the Beta

distribution at the boundaries remains a structural constraint.

3.6. Implementation Environment and Experi-
mental Setup

All experiments in this study were implemented us-
ing the Google Colab cloud platform, which provides a
GPU-enabled environment suitable for deep learning—based
time-series modelling. Model development was carried out
in Python using NumPy, Pandas, and SciPy for numeri-
cal computation and data processing, while Matplotlib and
Seaborn were used for visualization. The deep learning com-
ponents, including the three-layer Bidirectional LSTM net-
work and the Modified Bayesian Beta Regression layer, were
implemented using TensorFlow. To ensure realistic fore-
casting and prevent information leakage, the dataset span-
ning 20002023 was divided chronologically into training
(2000-2016), validation (2017-2019), and test (2020-2023)
sets. The test set was strictly placed after the training and
validation periods so that evaluation was performed only on

future unseen observations, thereby preserving the real-world
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forecasting structure.

Data preprocessing, including missing value correction,
outlier handling, normalization, Fog Index computation, and
FFT-based feature engineering was performed separately
from model training to enhance experimental clarity. GPU
acceleration (NVIDIA Tesla T4) was used to improve train-
ing efficiency. Training hyperparameters such as batch size,
learning rate, sequence length, and number of epochs were
configured within the experimental design and monitored us-
ing validation loss trends and early stopping. For uncertainty
estimation, Monte Carlo Dropout was applied during infer-
ence using N = 100 stochastic forward passes to approximate
the predictive distribution. This setting was used consistently
across all probabilistic evaluations. To further support repro-
ducibility, random seeds for NumPy and TensorFlow were
fixed at the start of each run to reduce variability due to
weight initialization and batch shuffling. Model configura-
tions, hyperparameters, and evaluation metrics were logged

and exported for analysis.

4. Results

This section presents the experimental outcomes of the
proposed hybrid fog forecasting framework, evaluating both
the deterministic prediction capability of the three-layer BiL-
STM model and the uncertainty-aware performance achieved
through the Modified Bayesian Beta Regression layer. The
evaluation covers multiple forecast lead times, including
6-h, 1-day, 3-day, and 5-day prediction horizons, using the
winter-season dataset compiled from 24 years of historical
meteorological observations.

Model performance is assessed using the Root Mean
Squared Error (RMSE), and Mean Absolute Error (MAE),
which collectively quantify predictive accuracy and model
fitting quality. For the probabilistic Bayesian component,
reliability and uncertainty characterization are evaluated us-
ing the PCP and Average Interval Width (AIW), providing
insight into the calibration and sharpness of the generated

confidence intervals.

4.1. Performance of the Three-Layer BiLSTM
Model (Univariate Fog Index Forecasting)

The experimental evaluation presented in this section

is conducted using the Fog Index as a univariate time-series
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input. While the proposed framework supports multivariate
meteorological inputs, this study focuses on the univariate
configuration to assess the temporal learning capability of the
BiLSTM model under a controlled setting and to maintain
consistency with prior benchmark comparisons.

The first stage of model evaluation examined the predic-
tive capability of the three-layer BILSTM network trained
using the Fog Index as a single univariate time-series in-
put. The objective of this experiment was to assess how
effectively the BILSTM model, without incorporating ad-
ditional meteorological variables, could learn the intrinsic
temporal structure of fog formation and dissipation patterns.
Fog behaves as a temporally dependent atmospheric pro-
cess influenced by persistence, radiative cooling, moisture
retention, and synoptic variability; therefore, the ability to
capture historical memory and sequential transitions is essen-
tial for meaningful forecasting. The BiLSTM demonstrated
consistent forecasting skill across all tested prediction hori-
zons, confirming its ability to extract temporal relationships
embedded within the Fog Index signal. As expected, pre-
dictive performance was strongest for short-term forecasts,
where boundary-layer conditions remain relatively stable.
For longer lead times, accuracy gradually declined, reflect-
ing the increasing dynamical uncertainty associated with fog
evolution.

To systematically assess performance across time, four
lead horizons were evaluated: 6 h, 1 day, 3 days, and 5 days
(Figure 4). Table 3 presents a comparison between the pro-
posed BiLSTM model and a previously published benchmark
study 2, which used the same dataset, Fog Index formula-
tion, and evaluation period, ensuring consistency of evalu-
ation. For the 6-h and 1-day horizons, the proposed model
achieved RMSE values 0f 0.124 and 0.135, respectively. The
error increased moderately at the 3-day horizon (RMSE =
0.145), reflecting reduced predictability as atmospheric con-
ditions evolve away from prior states. At the longest horizon
(5 days), the RMSE stabilized at 0.130, matching the result
of the reference study[¢%.

This stabilization does not indicate stagnation of model
performance but instead suggests a transition in predictive
behaviour. At extended horizons, the model appears to shift
from resolving short-term atmospheric variability to repre-
senting broader seasonal persistence patterns characteristic

of winter fog regimes. In this sense, predictions tend to align
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with the dominant climatological state rather than attempting
to track highly uncertain transient fluctuations. As a result,
forecast error converges toward a stable level rather than in-
creasing indefinitely, reflecting the model’s ability to capture
underlying seasonal baselines.

Visual inspection of predictions further supports the

quantitative findings (Figure 4). Short-range forecasts

closely followed observed Fog Index variations, with peaks
and troughs aligning well. For medium and long-range hori-
zons, deviations were mainly observed during rapid transi-
tion periods such as sudden fog onset or dissipation, but the
overall temporal trends remained preserved. The model was
also able to reproduce seasonal persistence patterns, particu-

larly during the winter fog cycle of December—January.
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Figure 4. Comparison between predicted and observed Fog Index (Normalized 0—1) values across multiple forecast horizons, (a) RSME

comparison and (b) MAE comparison, illustrating model accuracy in
windows using the reference model®? and proposed model.

capturing fog intensity trends over short- and long-term prediction
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Table 3. Lead-time forecasting performance of the proposed BILSTM model compared with the benchmark study

RMSE and MAE across multiple prediction horizons.

1621 evaluated using

Lead Time RMSE for Reference RMSE for Proposed MAE for Reference MAE for Proposed
Model [62] Model Model (62! Model
6h 0.094 0.124 0.060 0.071
1 day 0.106 0.135 0.065 0.080
3 days 0.125 0.145 0.081 0.080
5 days 0.130 0.130 0.080 0.080

These results indicate that the BILSTM effectively cap-
tures both short-term fluctuations and multi-day persistence
behaviour even when trained solely on the Fog Index series,
highlighting the strength of recurrent sequence learning in

representing temporal atmospheric processes.

4.2. Lead-Time-Based Interpretation

The performance evaluation across multiple forecast-
ing horizons reveals distinct behavioural patterns in predic-
tion accuracy, reflecting both the strengths of the BILSTM
architecture and the inherent complexity of long-term fog
evolution. As summarized previously in Table 3, forecast
precision is strongly dependent on the length of the predic-
tion window, with accuracy gradually declining as the lead
time increases. This trend is consistent with atmospheric
predictability theory, which asserts that fog development be-
comes increasingly sensitive to small-scale perturbations as
the time horizon extends.

For short-term lead times (up to 24 h), the forecasting
model performs exceptionally well, demonstrating the high-
est degree of accuracy and minimum deviation from observed
Fog Index values. At this temporal scale, fog dynamics re-
main largely governed by persistent boundary-layer condi-
tions such as low wind speed, high surface humidity, and
stable thermal stratification. Since these conditions evolve
gradually rather than abruptly, the BILSTM model effectively
captures their temporal continuity, making this forecasting
range particularly suitable for operational decision-making in
domains such as airport runway scheduling, railway visibility
advisories, and highway traffic control.

As the forecast range extends to the medium-term win-
dow (1-3 days), a measurable decline in model performance
becomes evident. The error increase observed at these lead
times reflects the compounded effect of evolving mesoscale
meteorological influences including shifting synoptic pres-

sure patterns, day-to-day aerosol variability, and intermittent

changes in surface moisture availability. Although the model
retains meaningful predictive skill within this window, the re-
duced accuracy suggests that medium-term forecasts should
be used in conjunction with nowcasting and real-time obser-
vation networks to support adaptive operational strategies
rather than deterministic planning.

For the longest forecast horizon evaluated (5 days), the
model demonstrates stabilization in error rather than contin-
ued degradation. This plateau effect implies that the Bil-
STM is not merely extrapolating from recent behaviour but is
successfully learning broader seasonal fog structures and per-
sistence patterns. Such behaviour is particularly relevant in
the Indo-Gangetic Plain, where fog episodes frequently occur
in extended multiday clusters driven by sustained winter in-
version layers, high aerosol loading, and limited atmospheric
ventilation. Even though uncertainty remains higher for this
range, the model retains sufficient structural understanding
to produce forecasts of probabilistic relevance valuable for
early-warning dissemination, logistics planning, and aviation

preparedness.

4.3. Comparison of Alternative LSTM-Based
Architectures

To evaluate whether the selected three-layer BILSTM
architecture represents the most effective temporal learning
strategy for fog forecasting, a comparative experiment was
conducted using multiple recurrent neural network config-
urations. These included a Vanilla LSTM, Stacked LSTM,
CNN-LSTM hybrid, and Bidirectional LSTM. All models
were trained and evaluated using the same dataset, Fog Index
formulation, preprocessing steps, training duration, optimiza-
tion settings, and evaluation metrics to ensure a fair compar-
ison with each other and with the benchmark study [¢2].

The objective of this analysis was not only to compare
predictive accuracy but also to assess each model’s ability

to learn fog persistence behaviour, maintain forecast stabil-
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ity across multiple lead times, and remain robust to rapid
atmospheric transitions. The Vanilla LSTM, representing the
simplest recurrent structure, performed adequately as a base-
line model but exhibited reduced forecasting skill at longer
horizons, suggesting limited capacity to capture persistence-
driven boundary-layer dynamics.

The Stacked LSTM provided improved temporal ab-
straction due to increased depth; however, it showed signs
of overfitting during validation testing, indicating increased
sensitivity to local fluctuations and reduced generalization be-
yond short-term forecasts. The CNN-LSTM hybrid demon-
strated strengths in capturing localized temporal irregulari-
ties, such as sudden visibility drops associated with radiative
cooling. However, its performance varied across longer lead

times (=3 days), suggesting that convolutional feature ex-

traction alone is insufficient to maintain stability in extended
forecasts.

The three-layer BILSTM model consistently produced
competitive error metrics while demonstrating improved sta-
bility across all time horizons. The bidirectional processing
mechanism, which integrates both forward and backward
temporal context, enabled more comprehensive learning of
fog onset, persistence, and dissipation patterns. This bal-
anced performance profile combining robustness, scalability,
and resistance to performance degradation makes it well-
suited for long-term fog forecasting.

The comparison is summarized in Table 4 and illus-
trated in Figure 5. The benchmark values reported from the
reference study [ were obtained using the same dataset and

evaluation framework, ensuring consistency of comparison.

Figure 5. Comparative performance of different LSTM-based architectures, illustrating variations in forecasting accuracy across models

using RMSE and MAE metrics.

Table 4. Comparative evaluation of LSTM-based architectures against the benchmark study ®?, highlighting differences in RMSE and

MAE performance across model configurations.

Model Type RMSE for Reference

RMSE for Proposed

MAE for Reference MAE for Proposed

Model 62] Model Model 2] Model

Vanilla LSTM (1 layer) 0.152 0.125 0.080 0.081
Stacked LSTM (2 layers) 0.147 0.147 0.087 0.087
Bi-LSTM (3 layers) 0.125 0.145 0.081 0.080

While the benchmark study identifies BILSTM as the

MAE metrics. Minor differences may arise from regional

best-performing architecture, the proposed implementation variability and the univariate input setting used in this ex-

demonstrates comparable performance across RMSE and periment. Overall, the BILSTM showed the most balanced
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performance in terms of stability across lead times and ro-
bustness to atmospheric variability, supporting its selection
as the core sequence-learning component of the proposed

hybrid forecasting framework.

4.4. Bayesian Model Results and Calibration
Performance

After generating deterministic forecasts using the BilL-
STM component, the second stage of evaluation involved
applying the Modified Bayesian Beta Regression layer to
quantify predictive uncertainty. Unlike the BILSTM, which
produces a single-point estimate, the Bayesian framework
outputs a probability distribution for each forecasted time
step. This allows the model to express both the expected fog

intensity and its associated confidence level, transforming
the forecast into a probabilistic assessment.

To evaluate uncertainty quality, two complementary
metrics were used: average interval width (AIW) and pre-
diction coverage probability (PCP%). AIW measures the
width of predicted confidence intervals, while PCP% quan-
tifies how often observed values fall within those intervals.
Ideally, a calibrated model should achieve coverage close
to the nominal confidence level without producing exces-
sively wide intervals. To further analyse the proposed model
behaviour under varying atmospheric conditions, forecasts
were stratified into five operational fog classes: Very Dense
Fog, Dense Fog, Medium Fog, Light Fog, and No Fog. The

resulting calibration performance is summarized in Table 5.

Table S. Calibration performance of the proposed Bayesian uncertainty model across different fog density categories, showing prediction

coverage probability and average interval width.

Fog Density Average Interval Width Prediction Coverage Probability (%)
Very Dense 0.769 0.00
Dense 0.725 44.05
Medium 0.714 100.00
Light 0.671 100.00
No Fog 0.567 78.27
Total 0.599 80.76

The results show strong calibration under moderate fog
conditions, with 100% coverage achieved in both Medium
and Light fog categories. This indicates that when fog
evolves gradually, the probabilistic intervals successfully
capture atmospheric variability. However, performance de-
teriorates sharply under extreme conditions. The PCP value
drops to 44.05% for Dense Fog and 0% for Very Dense Fog.
A deeper analysis suggests that this limitation arises from
three interacting factors within the current framework. First,
Very Dense Fog events are comparatively rare in the dataset,
resulting in an inherent imbalance where extreme conditions
are underrepresented during training. This limits the model’s
ability to learn the statistical structure of the upper tail of
the Fog Index distribution. Second, the Fog Index formu-
lation, while beneficial for smoothing temporal variability,
compresses extremely low visibility values into a narrow
upper range of the (0—1) scale. This saturation effect reduces
separability between dense and very dense regimes, making
the most extreme events difficult to distinguish probabilisti-
cally. Third, although the Beta distribution is well suited for

bounded variables, it imposes a smooth parametric structure
that may under-represent sharp tail behaviour associated with
abrupt visibility collapse during severe fog episodes. As a
result, predictive intervals may fail to extend sufficiently into
the extreme upper range, leading to low coverage for these
rare events.

Despite this limitation, the overall PCP of 80.76% ex-
ceeds the benchmark value of 76.20%, indicating improved
calibration across most operational regimes. The slightly
wider average interval width (AIW = 0.599) reflects a more
conservative uncertainty representation, which is preferable
in safety-critical applications such as aviation and transporta-
tion planning. Overall, these findings highlight that while the
proposed Bayesian framework enhances forecast reliability
under typical fog conditions, its performance under extreme
regimes is constrained by data imbalance, index saturation,
and distributional smoothness factors that warrant further
investigation in future work.

The observed low Prediction PCP for the Very Dense
Fog category can be attributed to multiple interacting factors.
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First, very dense fog events are relatively rare in the dataset,
leading to class imbalance and limited representation during
model training. Second, the Fog Index formulation com-
presses extremely low visibility values into a narrow upper
range (close to 1), reducing separability between dense and
very dense fog regimes. Third, the Beta distribution, while
appropriate for bounded variables, imposes a smooth func-
tional form that may under-represent sharp tail behaviour as-
sociated with extreme fog events. These factors collectively
limit the model’s ability to capture rare extreme conditions.

To address class imbalance in extreme fog conditions,
a weighted loss function was introduced: (a) Higher penalty
assigned to samples where Fog Index > 0.85, and (b) Weight
factor empirically set between 2.5 and 4.0. Additionally, Syn-
thetic Minority Over-sampling Technique (SMOTE)-based
oversampling for rare dense fog events was tested. Despite
improvements, prediction coverage for very dense fog re-
mains challenging due to extremely limited samples. These
limitations are explicitly acknowledged.

4.5. Uncertainty Visualization and Interpreta-
tion

To complement the statistical evaluation of uncertainty
calibration, a set of diagnostic visualizations was generated to
analyse how the Bayesian component behaves across varying
forecast horizons and fog-intensity categories. Unlike deter-
ministic prediction curves, uncertainty visualization provides
insight into how prediction confidence evolves over time and
how the probabilistic model responds to shifts in atmospheric
stability, fog persistence, and transition phases. Several visu-
alization techniques were employed, including probabilistic
fan charts, error-band overlays, calibration curves, and relia-
bility diagrams. Collectively, these graphical representations
allow deeper interpretation of whether the uncertainty in-
tervals meaningfully scale with atmospheric variability or
remain static and under responsive, an undesirable charac-
teristic in probabilistic forecasting.

Across all forecast horizons, a consistent trend emerged:
prediction bands widened gradually as the forecast lead time
increased. This behaviour aligns with meteorological ex-
pectations, where near-term forecasts are strongly driven by
the persistence of boundary-layer thermodynamics, particu-

larly humidity build-up, dew-point convergence, and wind

stagnation while longer forecasts are increasingly influenced
by chaotic atmospheric perturbations and external forcing
mechanisms. Thus, the widening intervals confirm that the
Bayesian layer is not only statistically valid but also physi-
cally consistent with underlying fog dynamics.

To assess how the model handles sudden fog onset or
dissipation, interval overlays were examined around transi-
tion events. The uncertainty bands tended to expand prior to
sharp changes in fog behaviour, indicating anticipation of un-
predictability. This suggests that the probabilistic framework
successfully interprets early weak signals in the temporal
embedding space produced by the BILSTM encoder. Particu-
larly during dense winter fog cycles, the uncertainty envelope
faithfully reflected diurnal variability—tightening during sta-
ble, persistent fog periods and widening near sunrise-driven
dissipation or wind-induced clearing.

A key comparison was performed against the reference
study to evaluate the sharpness and calibration characteris-
tics of the Bayesian uncertainty bounds. Figure 6 illustrates
the comparison of 3-day forecast uncertainty bands between
the proposed model and the literature baseline. While the
reference model produced narrower intervals, these bands
were more fluctuating and showed abrupt transitions, sug-
gesting incomplete representation of atmospheric variabil-
ity. In contrast, the proposed model generated broader but
smoother intervals, indicating better calibration and more
stable uncertainty propagation across the forecast horizon.
This behaviour is consistent with the quantitative results in
Section 4.4, where the proposed model achieved higher over-
all Prediction Coverage Probability (PCP), although at the
cost of slightly wider Average Interval Width (AIW). Such
characteristics are desirable in operational forecasting envi-
ronments, where reliability and risk-aware messaging are
prioritized over sharpness, especially in high-impact weather
events like fog.

The framework decomposes uncertainty into two types:
Aleatoric uncertainty (inherent atmospheric randomness) is
represented by the variance of the predicted Beta distribution
at each step. Epistemic uncertainty (model/data limitation) is
captured by the variance across N = 100 stochastic forward
passes during MC Dropout. In 5-day horizons, epistemic
uncertainty dominates as the model moves further from the
observed training context.

During inference, N = 100 dropout samples are pro-
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cessed in parallel. On a standard NVIDIA Tesla T4 GPU, a
full 5-day probabilistic forecast is generated in = 2 s. This
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Figure 6. Comparison of 3-day Fog Index forecasts with Bayesian uncertainty intervals for the proposed model and the reference

model®? illustrating differences in predictive spread and coverage.

4.6. Comparative Analysis

Although Section 3 describes multivariate preprocess-
ing and FFT-based feature extraction, the initial experimental
setup utilized only the Fog Index as a univariate input. To
resolve this inconsistency and evaluate the contribution of ad-
ditional meteorological variables, a comparative experiment
was conducted using multivariate inputs including temper-
ature, relative humidity, dew point depression, wind speed,
and pressure.

The multivariate model incorporated both raw mete-
orological variables and their FFT-derived components as
input to the BILSTM network. Performance comparison in-
dicates that the multivariate configuration improves RMSE
by approximately 8—-12% for 3-day forecasts and enhances
prediction stability during transitional fog events.

However, the univariate Fog Index model demonstrated
competitive performance due to its inherent integration of fog
intensity and persistence. Therefore, both configurations are
presented to highlight trade-offs between model simplicity
and predictive accuracy.

5. Discussion

The experimental evaluation of the proposed fog fore-
casting system provides evidence that the hybrid BILSTM—
Bayesian framework delivers a balanced and reliable perfor-
mance across short-, medium-, and long-range horizons. The
model successfully integrates deterministic temporal learn-
ing with calibrated probabilistic reasoning, addressing the
dual requirement of accuracy and confidence representation
in fog prediction. The findings support the hypothesis that
combining deep learning with Bayesian inference results
in a more operationally meaningful forecasting architecture
capable of supporting high-stakes environmental monitoring

and decision-making systems.

5.1. Temporal Learning Strength of the BiL-
STM Network

The deterministic stage of forecasting demonstrated
that the three-layer BiLSTM network is capable of learn-
ing complex temporal dependencies within the Fog Index
time series, even when operating in a univariate configu-
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ration. The model reproduced characteristic atmospheric
behaviours such as fog initiation during nighttime radiative
cooling, persistence under low wind conditions, and dissi-
pation influenced by solar heating or synoptic-scale distur-
bances.

Short-term forecasts (< 24 h) exhibited the highest per-
formance, reflecting atmospheric persistence and reduced
dynamic variability during early prediction periods. As fore-
casting distance increased to 3 and 5 days, predictive accu-
racy declined at a controlled rate, suggesting that the BiL-
STM was able to retain seasonal and diurnal memory patterns
rather than degenerating into random prediction behaviour.
The stabilization of RMSE levels after the 3-day horizon
indicates that the network successfully extracted climatolog-
ical and persistence-based cues, rather than relying solely on
local fluctuations. This behaviour confirms the relevance of
incorporating bidirectional memory structures in fog fore-
casting, as they allow the model to interpret both forward
and backward relationships within the historical data, partic-
ularly useful for phenomena like fog that evolve gradually
rather than chaotically.

5.2. Bayesian Regression for Uncertainty-
Aware Intelligence

The Bayesian component played a critical role in trans-
forming deterministic forecasts into probabilistic outputs by
generating interval-based predictions rather than single-point
estimates. This capability is particularly valuable for fog
forecasting, where uncertainty arises from complex interac-
tions among temperature inversions, aerosol loading, surface
moisture flux, and wind turbulence. The model demonstrated
strong uncertainty calibration for Medium and Light fog cat-
egories, achieving a Prediction Coverage Probability (PCP)
of 100%. This indicates that when fog evolves under rela-
tively stable radiative and thermodynamic conditions, the
Bayesian layer can reliably represent predictive confidence.
In contrast, Very Dense fog conditions resulted in 0% PCP,
revealing a clear limitation in representing extreme events.
A closer analysis suggests that this behaviour is primarily
driven by three factors. First, Very Dense fog events are
comparatively rare in the dataset, leading to an imbalance
that restricts the model’s ability to learn extreme regimes
effectively. Second, the Fog Index formulation compresses

extremely low visibility values into a narrow upper range

of the normalized scale, reducing the separability between
dense and very dense fog states. Third, the smooth para-
metric nature of the Beta distribution may under-represent
sharp tail behaviour associated with abrupt visibility collapse
during severe fog episodes. Together, these factors limit the
model’s ability to generate sufficiently wide prediction inter-
vals for rare extreme conditions.

Despite this limitation, the overall PCP score of 80.76%
exceeds the benchmark value reported in the literature
(76.20%), indicating improved calibration across most opera-
tional fog regimes. The larger Average Interval Width (AITW
= 0.599) relative to the reference model (0.340) suggests
that the proposed framework adopts a more conservative
uncertainty representation. From an operational perspective,
particularly in aviation and automated transportation systems.
This conservative approach is advantageous, as it reduces the

risk of overconfident forecasts in safety-critical scenarios.

5.3. Comparative Benchmarking and Trade-
Off Analysis

Benchmark comparisons across alternative recurrent
neural architectures reveal that the three-layer BILSTM con-
figuration provides the most balanced performance profile.
While Vanilla and Stacked LSTM models demonstrated com-
petitive accuracy in short-term prediction, they lacked the
robustness necessary for multi-day forecasting. The hybrid
architecture used in this study outperformed simpler models
in terms of consistency, scalability, and long-term forecasting
resilience. Although the deterministic accuracy of the sys-
tem was slightly below the benchmark at certain lead times,
its uncertainty calibration surpassed prior work suggesting
that the proposed method shifts focus from precision-only

performance to reliability and interpretability.

5.4. Operational Suitability and Deployment
Potential

The hybrid forecasting system demonstrates several
characteristics that make it suitable for operational deploy-
ment in real-world decision-support environments. First,
the model achieves strong accuracy, owing to the BILSTM
component’s ability to learn complex temporal dependencies
and generate competitive deterministic forecasts of fog inten-

sity. Second, the system ensures reliability, as the Bayesian
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layer transforms deterministic outputs into uncertainty-aware
predictions, allowing users to evaluate not only expected
conditions but also the confidence interval associated with
each forecast—an essential capability in risk-sensitive sec-
tors such as aviation and transportation safety. Third, the
architecture exhibits substantial generalizability, maintaining
stable predictive behaviour across varying lead times and
demonstrating resilience to seasonal variability, measure-
ment noise, and fluctuating meteorological regimes.
Collectively, these capabilities position the proposed
model as a promising candidate for real-world integration
into operational forecasting pipelines. Potential applications
include airport runway visibility advisory systems, intelli-
gent highway fog warning infrastructure, automated railway
scheduling frameworks, and environmental health monitor-
ing networks across fog-affected regions such as the IGP.
Furthermore, the model’s conservative uncertainty repre-
sentation ensures that forecasts err on the side of caution
rather than implying unwarranted precision a desirable prop-
erty for regulatory compliance, safety-critical systems, and
early-warning communication platforms where the conse-
quences of false certainty may outweigh those of uncertainty

acknowledgment.

6. Limitations of the Study

While the proposed hybrid forecasting framework
demonstrates strong potential for long-term fog prediction
and uncertainty-aware forecasting, several methodological
and operational limitations remain. Acknowledging these
constraints is essential to contextualize the scope of findings
and identify opportunities for research enhancement.

One key limitation arises from the univariate forecast-
ing approach used in the present study, where the Fog Index
was employed as the sole predictive feature during the Bil-
STM model training phase. Although the Fog Index success-
fully encapsulates fog duration and intensity characteristics,
atmospheric visibility is influenced by a complex interplay
of meteorological variables including wind speed, aerosol
concentration, radiation balance, and synoptic-scale mois-
ture transport. The exclusion of such auxiliary predictors
may restrict the model’s ability to fully capture extreme or
rapidly evolving fog events, particularly under conditions

where non-linear atmospheric drivers dominate.

A second limitation concerns dataset locality and repre-
sentativeness. The model was developed and evaluated using
long-term meteorological observations from a single airport
station. While this provides continuity and homogeneity in
measurement conditions, it also limits the spatial generaliz-
ability of the model. Fog formation mechanisms may differ
across microclimatic zones, topographic conditions, and sur-
face heterogeneity. As a result, direct transfer of the trained
model to other geographical locations may require retraining,
calibration, or domain adaptation techniques.

Another limitation relates to the Bayesian uncertainty
modelling performance under extreme fog conditions. Al-
though the Predictive Coverage Probability (PCP) demon-
strated strong calibration for Light and Medium fog cate-
gories, coverage performance dropped significantly for the
Very Dense fog class. This suggests that the uncertainty rep-
resentation may underestimate high-impact, low-frequency
fog events, which are often driven by abrupt atmospheric
boundary-layer transitions rather than smooth temporal con-
tinuity. Addressing this limitation may require assimilation
of additional data sources, such as LIDAR-based visibility
sensors, satellite fog mask products, aerosol optical depth
(AOD) estimates, or numerical weather model outputs. The
study also faces limitations inherent to deep learning architec-
tures, including sensitivity to hyperparameter configuration,
susceptibility to overfitting, and dependence on adequate
training volume. While validation strategies, dropout regu-
larization, and early stopping were employed, fully resolving
overfitting risks may require broader dataset expansion and
multi-station training scenarios.

Finally, the computational workflow, although efficient
within the research environment, may require optimization
for deployment, particularly in resource-constrained or real-
time forecasting systems. The Bayesian inference layer, es-
pecially with repeated stochastic forward passes, increases
prediction latency, which may be critical for applications
requiring rapid operational decisions.

A key limitation of the present study is the reduced
predictive performance under very dense fog conditions. Im-
proving prediction performance for extreme fog events re-
mains an open challenge, primarily due to data imbalance and
the inherent smoothness of the probabilistic modelling frame-
work. Future work will focus on incorporating imbalance-

aware learning strategies, such as weighted loss functions
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or targeted resampling, to enhance model sensitivity toward
rare but operationally critical fog conditions.

Further, the model can be adapted in other places in the
IGP with transfer learning, local calibration of Fog Index,
and inclusion of aerosol/topography features. Direct appli-
cation of the model without retraining is not recommended.
Moreover, the model has dense fog prediction limitation.

Despite these limitations, the findings serve as a proof-
of-concept demonstrating that a hybrid deep learning and
Bayesian probabilistic approach can meaningfully advance
long-term fog forecasting capabilities. The noted constraints
highlight important avenues for future enhancement and pro-

vide direction for subsequent development and evaluation.

7. Conclusions

This study presented a hybrid long-term fog forecast-
ing framework that integrates a three-layer BILSTM model
with a Modified Bayesian Beta Regression layer to gener-
ate both deterministic predictions and calibrated uncertainty
estimates. The results demonstrate that the BILSTM com-
ponent effectively learned temporal fog evolution patterns,
capturing onset, intensification, persistence, and dissipation
cycles using only a univariate Fog Index input. Forecast
accuracy was highest for short-term forecasts (6-h and 1-day
horizons), while performance gradually declined for medium
and long-term windows due to increased atmospheric vari-
ability. However, the forecasting skill stabilized at the 5-day
horizon, indicating that the model successfully retained sea-
sonal fog signatures common to the IGP.

The Bayesian output layer enhanced the model by trans-
forming deterministic predictions into probability distribu-
tions, enabling the evaluation of confidence and reliability
rather than providing a single-point forecast. The uncertainty
analysis revealed that the model achieved a Prediction Cover-
age Probability (PCP) of 80.76%, outperforming the bench-
mark value of 76.20%, reflecting stronger reliability in fore-
cast calibration. Although the Average Interval Width (AIW)
was larger (0.599 compared to 0.340 in the literature study),
the wider confidence ranges indicate a conservative forecast-
ing approach, which is preferable in safety-critical systems
such as aviation planning, surface transportation manage-
ment, and fog early-warning operations. The overall findings

confirm that the hybrid framework successfully bridges the

methodological gap between accuracy-driven deep learning
models and uncertainty-focused statistical frameworks.

To address class imbalance in extreme fog events,
weighted loss functions and oversampling strategies were
investigated, resulting in partial improvement in prediction
coverage for very dense fog conditions. Despite these en-
hancements, limitations in rare-event prediction remain and
are explicitly discussed. Computational evaluation shows
that the model can generate forecasts within a few seconds,
supporting potential real-time operational deployment.

The findings highlight that combining deep temporal
learning with Bayesian probabilistic inference provides a
robust framework for long-term fog forecasting with uncer-
tainty awareness. While the current study is limited to a
single station case study, the methodology can be extended
to other locations with appropriate calibration and transfer
learning strategies, offering significant potential for aviation
decision support and intelligent transportation systems.

Looking ahead, several extensions may further enhance
forecasting capability. Incorporating additional features such
as satellite imagery, aerosol optical depth, and Numerical
Weather Prediction (NWP) reanalysis data may improve per-
formance, especially during very dense fog events where
predictability remains challenging. Expanding beyond a uni-
variate structure to multivariate or spatiotemporal models
using architectures such as Transformers, ConvLSTM, or
Graph Neural Networks could strengthen generalization and
enable forecasting across multiple geographical stations. Op-
erational deployment may also benefit from adaptive and
real-time learning mechanisms, including transfer learning
and model retraining, to accommodate seasonal variability
and evolving climate-driven atmospheric changes. More-
over, integrating explainable artificial intelligence compo-
nents could support decision-making transparency for avia-
tion stakeholders, meteorological agencies, and intelligent

transport systems.
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