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Abstract

Accurate PM; 5 prediction and reliable uncertainty assessments are essential for effective
early warnings and public health protection. However, most existing deep learning models
only provide deterministic predictions, with limited treatment of predictive uncertainty,
which may reduce the reliability under noisy or abrupt pollution conditions. This study
presents a flipout Bayesian LSTM with residual attention (FBA-LSTM), which integrates
Bayesian flipout inference, residual connections, and temporal attention to jointly im-
prove the predictive accuracy and uncertainty estimation. Unlike MC dropout, our model
explicitly represents weight distributions through variational flipout inference, yielding
more comprehensive and stable uncertainty estimates with a lower computational cost.
A lightweight calibration module based on standard-deviation scaling further aligns the
confidence intervals with empirical coverage. Experiments on hourly PM; 5 data from four
Nanjing stations (2020) showed that FBA-LSTM improves the accuracy, noise robustness,
and exceedance warnings (F; = 0.996) and achieves a higher anomaly-detection perfor-
mance (F; = 0.691) than baseline models and methods, thereby facilitating the realization
of urban environmental sustainability and public health security.

Keywords: PM; 5 forecasting; uncertainty quantification; Bayesian inference; model
calibration; anomaly detection

1. Introduction

Air pollution has emerged as a critical global health issue. Fine particulate matter
(PM3 5), a major air pollutant, is strongly associated with numerous respiratory and cardio-
vascular diseases [1-3]. Accurately predicting PM; 5 concentrations and quantifying their
uncertainty can provide timely and reliable health warnings to the public, prevent false
alarms and missed warnings, and avoid the waste of public resources. This integrated pre-
diction, quantification, and warning system is essential for evidence-based environmental
governance and guiding the public to take targeted travel precautions [4].

Currently at the city scale, early warning systems are commonly organized through
forecast-triggered warnings and response actions, which places high demands on the short-
term PMj, 5 prediction performance. For example, Lv et al. developed a deterministic non-
linear empirical regression model for next-day PM; 5 forecasting in Nanjing and deployed it
within an automated data-retrieval and operational forecasting platform [5], demonstrating
that short-term forecasting models can be embedded into routine early warning service
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systems. Beyond ground-based forecasting, Earth-observation-based remote sensing has
become critical for air quality early warnings, especially in large-scale, sparsely monitored
regions. For instance, Semlali et al. proposed a near-real-time monitoring architecture
integrating heterogeneous satellite data (e.g., from NASA /NOAA /ESA) with complex
event processing (CEP): it preprocesses multi-source observations via SAT-ETL-Integrator,
computes AQI in seconds using SAT-CEP-Monitor, and generates interactive AQI maps for
visualization. Validated against Spanish ground-station data, this remote-sensing system
serves as a rapid, wide-coverage supplement to ground-based early warning networks [6,7].
Nevertheless, achieving accurate PM; 5 predictions with reliable uncertainty quantification
and early warning capabilities remains challenging.

The existing methods for PM; 5 concentration prediction, encompassing statistical
models, machine learning techniques, and deep learning models, all have limitations in
uncertainty quantification. Statistical models, including the autoregressive integrated
moving average model (ARIMA) [8], multiple linear regression (MLR) [9], and the Kalman
filter, excel at capturing the linear temporal patterns of PM; 5, but struggle to model
complex nonlinear relationships, such as the intricate interactions between the PM; 5
concentration, meteorology, and socioeconomic development. Machine learning models,
like random forest [10] and support vector machines (SVM) [11], address nonlinearity
to some extent, yet face high computational costs and overfitting issues when handling
large-scale hourly air quality data. Deep learning models, particularly long short-term
memory networks (LSTMs) and their attention-enhanced variants [12-14], have emerged
as the dominant approach in recent years due to their ability to capture long-term temporal
dependencies. Nevertheless, a common flaw persists among these methods: they only
offer deterministic point predictions and lack a systematic framework for quantifying
the prediction uncertainty, severely limiting their reliability in real-world scenarios with
unexpected pollution events or noisy data [15].

To address this gap, two types of uncertainty-aware frameworks have been proposed
for LSTM-based PM prediction, but each has critical drawbacks. Approximate Bayesian
methods, such as Monte Carlo (MC) dropout LSTM [16], simulate predictive uncertainty
by randomly deactivating neurons during forward passes and aggregating the resulting
stochastic outputs. While computationally feasible, MC dropout relies on local perturba-
tions within a fixed network structure, failing to capture global parameter posterior distri-
butions or interdependencies, thereby leading to imprecise and non-systematic uncertainty
estimates [17]. Traditional Bayesian inference approaches, such as Bayesian LSTM [18],
explicitly model parameter uncertainty through posterior estimation, providing a more
comprehensive quantification of predictive uncertainty. However, they face prohibitive
computational costs: Variational inference (VI) struggles with prior selection and optimiza-
tion in complex architectures [19], while Markov chain Monte Carlo (MCMC) methods
require massive samples and are impractical for large-scale hourly datasets [20]. The flipout
method [21] has emerged as a more efficient alternative to traditional Bayesian approaches.
It uses pseudo-independent sampling with shared base perturbations to decouple sample
gradients, reducing the computational redundancy. By performing mini-batch computa-
tions via matrix multiplication, flipout fully leverages GPU parallelism, accelerating the
training speed and improving efficiency, especially for large-scale datasets [22].

Despite these advancements, three critical gaps remain in current PM; 5 predictions
with uncertainty quantification: (1) MC dropout and similar approximate methods only
provide local, non-systematic uncertainty estimates that do not reflect global parameter
uncertainties, leading to unreliable confidence in extreme pollution events; (2) traditional
Bayesian methods (VI/MCMC) offer rigorous uncertainty quantification, but are computa-
tionally prohibitive for large-scale temporal air quality data, limiting real-time application;
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and (3) existing uncertainty-aware models rarely integrate feature enhancement mecha-
nisms capable of capturing the key temporal dependencies of PM, 5 concentrations, leading
to a suboptimal predictive accuracy and unreliable uncertainty estimates. These gaps
motivate the need for a computationally efficient, systematically rigorous, and accuracy-
enhanced framework for PM; 5 predictions with uncertainty quantification.

Building upon this foundation, we propose a PM; 5 prediction model, flipout Bayesian
LSTM with residual attention (FBA-LSTM), that integrates a Bayesian LSTM with resid-
ual attention mechanisms to jointly enhance noise resistance, anomaly detection, and the
prediction accuracy. Through Bayesian inference implemented via the flipout method, the
model produces not only predictive values, but also their associated confidence intervals,
thereby improving the reliability and decision-support capability. Moreover, the combina-
tion of attention and residual mechanisms enables the model to effectively capture salient
temporal-spatial features while mitigating the performance degradation caused by the
network depth, resulting in a higher training efficiency and feature utilization. Finally,
a post-processing calibration approach [23] is employed to refine the predicted probabil-
ity distributions, further improving calibration and ensuring a close alignment between
the predicted and observed values. Comparative experiments with classical baselines—
including LSTM, attention LSTM, residual LSTM and MC dropout LSTM—demonstrated
the robustness and superior predictive performance of the proposed model under diverse
pollution scenarios. Our main contributions are as follows:

(1) We propose a PM; 5 prediction model (FBA-LSTM) that integrates flipout-based
Bayesian inference, LSTM, and residual attention mechanisms to enhance the accuracy,
noise resistance, and anomaly detection. Flipout reduces the computational cost of
Bayesian inference, while residual attention highlights noise-obscured key features.

(2) We employed the flipout method for Bayesian inference to tackle traditional Bayesian
methods’ computational and training challenges. Flipout reduces gradient variance
through shared perturbations, enabling efficient uncertainty quantification for large-
scale hourly PM, 5 datasets.

(8) We incorporated a post-processing calibration procedure to refine the output prob-
ability distributions and improve the prediction confidence.This step mitigates the
overconfidence bias in MC dropout-based models, aligning the predictive intervals
with observed errors and improving the reliability of uncertainty estimates in pollu-
tion forecasting.

The remainder of this paper is organized as follows. Section 2 describes the study
area, data sources, data preprocessing procedures, and overall methodological framework,
including the proposed flipout Bayesian LSTM with residual attention, model calibration
strategies, and training settings. Section 3 presents the experimental results, including
comparisons of different calibration methods, the prediction accuracy, the early warning
performance, and the outlier detection capability. Section 4 discusses the results in the
context of previous studies, analyzes the computational cost and convergence characteris-
tics, and highlights practical challenges and future research directions. Finally, Section 5
concludes the paper and summarizes the main findings and contributions.

2. Materials and Methods
2.1. Study Area

This study selected Nanjing (32°03' N, 118°46’ E) as the study area. Nanjing is the
capital of Jiangsu Province, located in the lower Yangtze River Plain of eastern China, and
serves as a major economic center in the Yangtze River Delta. Existing studies suggest
that PM; 5 in Nanjing primarily originates from industrial-related emissions, in which
coal combustion and heavy-oil combustion are prominent sources [24]. An official report
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further indicates that the two steel enterprises in Nanjing produce nearly 18 million tons
of crude steel annually, and their atmospheric pollutant emissions account for more than
60% of the city’s industrial-source emissions. Coal and heavy oil are the main industrial
fuels for industries such as steelmaking. In 2020, the total coal consumption in Nanjing
reached 29.9681 million metric tons, exceeding the average level of cities in the Yangtze
River Delta. Coal burning emits primary particles and releases gaseous precursors such as
50, and NOy, which facilitate secondary aerosol formation and elevate PM; 5 concentra-
tions. This industrial structure and energy-use profile subject Nanjing to sustained PM; 5
emission pressures.

The city’s topography, surrounded by mountains on three sides and water on one,
also limits horizontal and vertical diffusion of pollutants, especially during stagnant me-
teorological conditions, which often leads to severe haze episodes [25]. Four national
monitoring stations—Pukou (1157A), Gulou (1151A), Qixia (1159A), and Jianye (1158A)—
are strategically located to represent industrial, urban, and residential areas across the city
(Figure 1). In 2020, the annual mean PM, 5 concentration in Nanjing reached 39 ug/m?,
still exceeding China’s national air quality standard (35 ug/m?), reflecting persistent air

quality challenges.
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Figure 1. Geospatial distribution of monitoring stations in Nanjing.

Historical pollution events, such as those in December 2017 and January 2020 [26],
revealed that sudden increases in particulate concentrations are often poorly captured by
traditional deterministic models, resulting in missed or false warnings. In this context,
there is an urgent need for uncertainty-aware forecasting frameworks capable of capturing
rapid pollution transitions. This study introduces an FBA-LSTM model to address these
challenges by integrating spatiotemporal features and probabilistic prediction, thereby
improving the reliability of air quality forecasts and public health warnings in Nanjing.
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2.2. Methodology
2.2.1. Model Overview and Design Rationale

The proposed FBA-LSTM model is a hybrid deep learning framework that integrates
Bayesian LSTM, residual connections, and Bahdanau'’s attention mechanism to enhance
both the prediction accuracy and uncertainty quantification in PM, 5 forecasting (Figure 2).
The design aims to capture complex temporal dependencies while ensuring stable training
and reliable predictive confidence.

Layer2 ~ y  Layerd  ___ . Sum_ ____ Classifier___
——————————————————

Output

Bahdanau Attention
Calibration Module

Filpout LSTM
.
°

.
out LSTM

Flipout
Bt X Lst™

Figure 2. Architecture of the FBA-LSTM model in this study: overall flowchart of the model; internal
structure of the flipout LSTM block; and internal structure of the flipout linear block.

At its core, the model employs a three-layer Bayesian LSTM, where each layer uti-
lizes the flipout inference method for efficient Bayesian learning. The Bayesian LSTM
incorporates flipout-based linear transformations and the reparameterization technique
to model weight uncertainty. In each layer, the flipout linear module receives the current
input X; and the previous hidden state H;_1, and generates the information required for
the four LSTM gates: the forget gate (F;), input gate (), cell state (C;), and output gate
(Oy). Each weight parameter is decomposed into a mean () and a standard deviation («),
and random perturbations (§W) are sampled from a standard normal distribution during
forward propagation. This stochastic perturbation mechanism enables the model to learn
a distribution over weights, thereby improving uncertainty estimations and reducing the
gradient variance.

To alleviate vanishing or exploding gradients in deep recurrent architectures, residual
connections were introduced after each Bayesian LSTM layer. These identity skip links
maintain the flow of information across layers, enhancing both the stability and convergence
efficiency. Furthermore, a Bahdanau attention mechanism is applied at the output stage to
capture long-term temporal dependencies. By computing attention weights across a 24-h
time window, the model focuses on critical time steps such as abrupt pollution events or
seasonal transitions, thereby improving the interpretability and prediction accuracy.

Finally, a post hoc calibration module was added to refine the predictive confidence.
Three calibration strategies—standard deviation calibration, interval calibration, and iso-
tonic regression calibration—were compared, and the best-performing method was selected
to align the predicted uncertainty with empirical data. This adjustment reduces overconfi-
dence and produces well-calibrated uncertainty estimates, enhancing the calibration quality
and utility for downstream warning tasks.

To clarify the correspondence between the variables discussed in Section 2.3 and the
data presented in Section 2.2, and to facilitate the understanding of subsequent model
formulas, Table 1 summarizes the role of these variables within the FBA-LSTM model
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pipeline. The table provides comprehensive mapping, explaining the meaning, data source,
and corresponding role of each variable in the model architecture. It focuses on illustrating
the processing of various variables, such as the raw feature vector z;, the model input
sequence X;, and the LSTM outputs H; and C;.

Table 1. Consistency between the variables in Section 2.2 and the research data in Section 2.3, and

their corresponding relationships in the FBA-LSTM.

Correspondence in

Variables Meaning Data Source in Section 2.2 the Model
. Final feature set after Standardized input features
d Raw feature vector at time ¢ s g s .
z € R (before entering the network) selection; d is the number of after missing-value handling
& selected features and Min-Max normalization
x Model input sequence Constructed from normalized Input to the stacked
t at time ¢t z¢ via a 24-h sliding window three-layer Bayesian LSTM
Hidden-state output of the Computed by the LSTM layer
Hi LSTM layer at time ¢ (internal state) Input to the next layer
C Cell state of the LSTM layer at Computed by the LSTM layer Used in LSTM for internal
t time ¢ (internal state) recurrence, to calculate Hy
. Residual-block input at layer Derived from the previous Equal to the LSTM output
! index [ LSTM layer output sequence (x; = Hy)
F(x, Wy) Nonlinear transformation on ~ Corresponds to the next-layer =~ Raw output of the next LSTM
l/ 1

the residual branch

LSTM mapping

before residual addition

Xp41 = % + F(x;, W)

Element-wise summation of

Residual- .
esidual-summed output the previous two terms

Input to the next LSTM layer

Flipout weight perturbation Applied to LSTM weights for

AWy, (4, a) and parameters Model parameters stochastic Hf and. uncertainty
estimation
Computed by Bahdanau
N Attention weight for time step Similarity scores from the attention to weight and
b s contributing to output at ¢ last-layer output sequence aggregate temporal
information
att . Weighted sum of the last-layer Passed to the linear output
C; Attention context vector . - layer to generate the
hidden states using a ¢ . .
’ final prediction
Comeponds othe  podicby e e
7t Predicted PM, 5 value ground-truth PMy 5 in 4 ping y

predictive distribution and

tion 2.2 . .
Sectio confidence intervals

t denotes the time index, whereas I denotes the layer index in the residual formulation. We use C2* for the
attention context vector and reserve C; for the LSTM cell state to avoid ambiguity.

2.2.2. Bayesian LSTM with Flipout Inference

We adopted an LSTM as the backbone sequence model to capture temporal dependen-
cies in PM; 5 dynamics, leveraging its gated memory units to retain long-term information
and alleviate gradient vanishing during sequence learning [27]. The LSTM updates its
internal memory by combining the candidate cell state with the outputs of the input and
forget gates, thereby regulating the integration of new information and the retention of
previous context. The output gate further modulates the transformed cell state to generate
the hidden representation at the current time step.

Cy = tanh(X;Wye + Hy_1Wj,e + be)
CG=FE0o0C 1+LoC 1)
Ht = Ot O) tanh(Ct)
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The formulas for the input gate I, forget gate F;, and output gate O; are as follows:

I = o(X;Wy; + Hy_1 Wy, + b))
Ft = o(XtWys + Hy 1 Wiy + by) @)
Oy = O'(thxo + Htflwho + bo)

where ¢ and tanh are two nonlinear activation functions; W,;, W, fr Wio, Wy, Wy, fr and Wy,
are weight parameters; and b;, b s b, are bias parameters.

To enable principled uncertainty quantification in the LSTM, we adopted a Bayesian
treatment of the model parameters, viewing them as random variables rather than fixed
quantities. This probabilistic formulation captures epistemic uncertainty by inferring the
posterior distribution over parameters conditional on the observations. Its formula is
as follows:
p(yo | D) p(6)

p(yo)

where 6 is the model parameter, y is the observed data, p(6 | yp) is the posterior distri-

p(0 | yo) = 3)

bution, p(yo | D) is the likelihood function, p() is the prior distribution, and p(yy) is the
marginal likelihood.

Exact posterior inference in deep neural architectures is analytically intractable due to
the high dimensionality and nonlinearity of the parameter space. We therefore adopted
variational inference (VI) as an efficient approximation. VI recasts posterior inference as
an optimization problem by introducing a tractable variational distribution q(8 | A) to
approximate the true posterior p(6 | yp). The objective is to minimize the discrepancy
between these distributions, typically quantified by the Kullback-Leibler (KL) divergence;
its formula is as follows:

KL(q(8 | A) | p(0 ] yo)) = —L(A) +log p(vo) (4)

Because evaluating the marginal likelihood p(yo) is intractable when minimizing the
KL divergence, variational inference instead maximizes the evidence lower bound (ELBO),
expressed as:

L(A) =Eygr)[log p(vo,0) —logq(6 | A)] (5)

where E,|,) denotes the expectation of the variational distribution q(6 | A). L£(A) is
the ELBO of A, and by maximizing ELBO, the KL divergence between the variational
distribution and the true posterior distribution can be minimized to obtain the optimal
posterior approximation.

Finally, we adopted flipout to generate per-example pseudo-independent weight per-
turbations within each minibatch, decorrelating gradient estimates while avoiding redun-
dant forward passes, thereby stabilizing and accelerating the training of the Bayesian LSTM.

AW, = W @ ryst (6)

where W, is the perturbation of the n-th sample; W is the shared baseline weight per-
turbation; and r; and s, are independently sampled random vectors from a Bernoulli
distribution of £1.

In this way, the flipout method ensures that the gradient of each sample is independent
of other samples, thereby effectively reducing the variance of the gradient estimate. In
flipout’s neural network forward propagation, the weights of each sample are updated in
the following way:

yn:f((WJrW@rnsg)xn) (7)
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where y,, is the output of the n-th sample and W is the basic weight matrix in the network.

2.2.3. Attention Mechanism

Within the Bayesian LSTM, we adopted the Bahdanau attention mechanism to im-
prove the model performance by aligning the decoder with the most relevant encoder
representations [28]. At each decoding step ¢, a feed-forward scoring function measures
the compatibility between the decoder’s hidden state H; and each encoder’s hidden state
H;, producing unnormalized scores e; :

ers = U; tanh(Wh Hs; + W Hy + ba), (8)

where W, and W; are learnable weight matrices, v, and b, are learnable parameters, and
tanh(-) is the activation function. The scores e; ; are normalized via a softmax to obtain the
attention weights o s:

P M ©9)

Y7 expler,)
The weight a; s quantifies the contribution of encoder position s to the decoder at time
t. The context vector is computed as

T
C?ﬂ = 2 atsHs, (10)
s=1

Subsequently, the context vector C2! is combined with the current decoder state to
produce the final output.

2.2.4. Residual Connections

To enhance gradient propagation and stabilize the optimization of deep neural ar-
chitectures, this study adopted a residual connections strategy. Let x; denote the input
feature of the I-th layer, F(-, W;) represent a nonlinear transformation parameterized by
Wi, h(-) define the identity or projection mapping on the shortcut path, and f(-) specify an
optional transformation applied after the residual summation, typically an activation or
normalization operation.

v =h(x;) +F(x,Wy), x40 = f(yr)- (11)

With in the Bayesian LSTM, the shortcut connection is implemented as identity map-
ping, and no additional nonlinearity is applied after the summation. Since all layers share
the same feature dimension, the residual addition is element-wise and parameter-free:

X141 = X + F(XZ,WI). (12)

For a network with multiple stacked residual blocks, the relationship between a deeper
layer L and an earlier layer [ can be written as:
L-1

Xp = x;+ ZF(XZ‘,WZ‘), (13)
i=l

This structure facilitates effective information preservation and gradient flow through-
out the network, enabling stable training of deep recurrent or attention-based architectures.

https://doi.org/10.3390/su18041718
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2.2.5. Model Calibration Methods and Training Settings

While the rapid advancement of deep learning has markedly improved model accu-
racy, it has also reduced predictive confidence [23]. To enhance the reliability of predictive
uncertainty estimates, a calibration procedure was applied to the post-trained FBA-LSTM
model. The purpose of model calibration is to align predicted outputs with observed values,
thereby producing well-calibrated confidence estimates. In this study, three representative
post hoc calibration methods—standard deviation calibration, interval calibration, and iso-
tonic regression calibration—were systematically evaluated [29-31], and the most effective
approach was ultimately adopted. Their theoretical principles are summarized as follows:

(1) Standard deviation calibration: Rescales the predictive variance so that the spread of
predictions matches the residual variability observed on the calibration set, aligning
the predicted uncertainty with actual errors.

(2) Interval calibration: Adjusts prediction intervals so their empirical coverage matches
the nominal level, correcting under- or over-confident intervals.

(3) Isotonic regression calibration: Learns a monotonic, non-parametric mapping from
predicted confidence to observed coverage, aligning predicted probabilities with
empirical frequencies.

For the proposed FBA-LSTM, we stacked three flipout LSTM layers, each with 50 hid-
den units. The model’s loss function comprises MSE and KL divergence. In Stage I, § is
fixed to 0 and the model is trained only under the MSE objective. When the improvement
in MSE over the most recent five epochs is smaller than 0.3, the training is considered to
have converged and switches to Stage II. In Stage II, j is set to 0.3 times the MSE value
divided by the KL value and is updated proportionally within each mini-batch, ensuring
that the weighted KL term contributes no more than 30% of the total loss. Inputs use a 24-h
sliding window, and the Bahdanau attention layer has 50 units. Optimization uses AdamW
with an initial learning rate of 1 x 1073, a batch size of 32, and 150 training epochs. The
baseline models residual LSTM, attention LSTM, and MC dropout LSTM share the same
backbone of three LSTM layers with 50 units per layer and are trained with AdamW under
an MSE loss; they use the same 24-h window, a batch size of 32, and 150 training epochs.
The residual variant introduces identity skip connections, the attention variant includes a
temporal attention module, and the MC dropout variant enables stochastic predictions by
keeping dropout active during training and inference.

2.3. Data Collection and Processing
2.3.1. Data Acquisition

To comprehensively assess the proposed model, this study employed hourly air
quality and meteorological datasets from Nanjing, China. Air pollution and meteorological
factors jointly govern the formation, diffusion, and transformation of fine particulate matter
(PM;5); integrating these datasets offers a robust and scientifically grounded basis for
PM,; 5 concentration predictions. The air pollution dataset was acquired from the real-time
monitoring system of the China Environmental Monitoring Station (https://www.cnemc.
cn). It includes seven key indicators: the air quality index (AQI), carbon monoxide (CO),
nitrogen dioxide (NOy), ozone (O3), fine particulate matter (PM; 5), inhalable particulate
matter (PMyy), and sulfur dioxide (SO,). These pollutants are closely associated with PM; 5
variations because of their shared anthropogenic emission sources and their participation in
photochemical reactions within the atmosphere. The meteorological dataset was obtained
from the U.S. National Oceanic and Atmospheric Administration (NOAA) (https://www.
noaa.gov). It contains seven variables—temperature, dew point temperature, barometric
pressure, wind speed, wind direction, cloud cover, and six-hour cumulative precipitation—
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that substantially influence pollutant dispersion, chemical transformation, and secondary
aerosol formation processes.

Both datasets spanned the period from 1 January to 31 December 2020, with an hourly
temporal resolution, resulting in a total of 8784 observations. For model construction and
evaluation, the data were partitioned into training (60%), validation (20%), and testing (20%)
subsets, corresponding to 5263, 1755, and 1755 hourly samples, respectively. The division
was performed in a chronological manner, where earlier data were used for model training,
followed sequentially by validation and testing. This strategy preserves the temporal
continuity of atmospheric processes and effectively prevents information leakage across
time. Table 2 shows the statistical analysis of the meteorological and air pollution datasets.

Table 2. Statistical results of meteorological and air pollution datasets.

Variables Abbreviation Unit Max Min Mean
PM; 5 - g /m?3 172.0 1.0 26.0
Air Quality Index AQI - 347.0 8.0 54.6
Carbon Monoxide cO ppm 2.7 0.1 0.8
Nitrogen Dioxide NO; ng/m3 151.0 1.0 31.3
Ozone O; ug/m3 318.0 1.0 70.4
PM;o - ng/m3 457.0 1.0 57.5
Sulfur Dioxide SO, ug/m3 227.0 1.0 7.3
Temperature Temp °C 380 —-100 17.0
Dew Point Temperature DPT °C 302 166 123
Sea Level Air Pressure SLP hPa 1040.8 997.1 1017.0
Wind Direction WD ° 360.0 0.0 154.43
Wind Speed WS m/s 9.0 0.0 2.5
Cloud Cover CC - 9.0 0.0 4.8
6-Hour Rainfall 6 h Rain mm 72.0 0.0 0.9

2.3.2. Data Processing

The acquired dataset contained some missing values. To ensure data completeness
and accuracy, it is necessary to adopt effective methods for handling these missing values.
Depending on the nature of different features, we applied various interpolation techniques.
For features with relatively smooth and linear variations (e.g., wind speed and cloud cover),
we used linear interpolation. For features with significant fluctuations and nonlinear vari-
ations (e.g., PM; 5, AQIL, CO, NO,, and other air pollutant concentrations), cubic spline
interpolation was employed. The wind direction, expressed as angular values between
0° and 360°, exhibits a natural periodicity that traditional interpolation methods cannot
effectively capture. To preserve this cyclic property, we interpolated the sine and cosine
components of the wind direction and then converted the results back to angles, ensuring
physical consistency and preventing outliers. Finally, we applied the Max-Min normal-
ization method to process all input features, eliminating the differences in magnitudes
between features, ensuring balanced contributions during model training, and accelerating
convergence while improving the model stability.

The technical workflow of this study, illustrated in Figure 3, consisted of data ac-
quisition, data preprocessing, model training and testing, and finally, model evaluation.
In the data acquisition stage, air pollution data and meteorological data were obtained
from the China National Environmental Monitoring Center and the National Oceanic and
Atmospheric Administration, respectively. The next stage was data preprocessing, where
12 candidate features related to PM, 5 formation and variation were selected based on
domain knowledge and prior research. The features were then filtered by their Pearson
correlation, resulting in the final selection of the feature set most strongly correlated with
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PM; 5. Afterward, missing values in the selected features were handled using different in-
terpolation methods, and Min-Max normalization was applied to standardize the features,
ensuring consistency between them and preventing discrepancies in the scale that could
affect model training. After preprocessing, the data were fed into the model training and
testing stage, where the Flipout LSTM model was trained on the processed data. In the
post-processing stage, the model was calibrated to output reliable predictions. Finally, in
the model evaluation stage, the model’s predictive accuracy and reliability were assessed
using various metrics, such as the RMSE, MAE, and F1 score.
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Figure 3. Technical workflow diagram for this study.

=

2.3.3. Feature Selection

Thirteen candidate features were selected based on established atmospheric science
knowledge and prior studies highlighting their strong associations with PM, 5 formation
and variation [14,32]. These features included the AQI, PM;j, NO,, CO, dew point temper-
ature, temperature, barometric pressure, wind direction, cloud cover, six-hour precipitation,
O3, wind speed, and SO,. A correlation analysis was then performed to evaluate the
relationships between each variable and the PM; 5 concentration. Consequently, ten rep-
resentative features exhibiting strong correlations with PM, 5 were retained for model
development, while three features were excluded due to weak associations.

To evaluate the correlation between each feature and the PM; 5 concentration, we calcu-
lated the absolute value of the Pearson correlation coefficient (PCC). The Pearson correlation
coefficient measures the strength and direction of a relationship between two variables,
ranging from —1 to +1. The formula is:

Lia(Xi - X)(Y; = Y)

r =
VI (X = RP R, (Y - V)2

where r is the Pearson correlation coefficient; X; and Y; represent the values of the i-th data

(14)

point for variables X and Y, respectively; X and Y are the sample means of variables X and
Y; and n is the sample size.

The results of the correlation analysis are presented in Figure 4a,b. The AQI, PM;j,
NO,, CO, dew point temperature, air temperature, and barometric pressure exhibited
strong positive correlations with PMj 5 concentrations. The cumulative contribution of
the top 10 features exceeded 99%, indicating that most of the variance in PM; 5 can be
captured by these indicators. In contrast, SO;, the wind speed and O3 showed extremely
low weight coefficients (all below 0.005), with a combined contribution of less than 0.5%.
Therefore, these features were excluded from the subsequent modeling process to eliminate

https:/ /doi.org/10.3390/su18041718


https://doi.org/10.3390/su18041718

Sustainability 2026, 18, 1718

12 of 24

information redundancy and enhance both the computational efficiency and the model

prediction performance.
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Figure 4. Indicator importance and cumulative contribution for PM; 5 predictions. (a) Bar chart of
indicator weights. (b) Cumulative feature weights.
2.4. Evaluation Metrics

To evaluate the performance of the calibration methods, we employed three met-
rics—MACE, RMSCE, and MA. The calculation formulas are as follows:

1 K
MACE = = ) |px — il (15)
K k=1
1 & 5
RMSCE = | — ) (Px — px) (16)
K k=1
1
MA = | [p(x) - p(x)|dx (17)

where K is the number of prediction intervals; pj is the predicted coverage and py is the
observed coverage; and p(x) and p(x) represent the predicted and observed coverage as
continuous functions over confidence level x € (0,1).

To evaluate the performance of different models in the PM; 5 prediction task, we
employed two metrics—RMSE and MAE. The calculation formulas are as follows:

1& R
RMSE = /- ) _(yi = 9:)? (18)
i=1
1 & .
MAE = — } |y; — §il (19)
i=1

where 7 is the sample size, y; is the true value of the i-th sample, and #; is the predicted
value for the i-th sample.

For threshold-based warning evaluations, the predictions were binarized at 35 ug/m3
(24-h PM;5), which corresponds to the upper limit of the excellent air quality level ac-
cording to the Technical Regulation on Ambient Air Quality Index (HJ 633-2012) [33]. We
constructed a confusion matrix with: TPs (true positives), TNs (true negatives), FPs (false
positives), and FNs (false negatives). The accuracy, precision, recall, and F1 score were then
computed from this matrix to assess the exceedance-detection performance.

eetracy TP + TN
Y = TP L TN 1 FP + FN

(20)
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.. TP
Precision = m (21)
TP
Recall = ——— 22
T TP LN (22)
2TP

Fl= ——«———. 2

2TP + FP + FN (23)

3. Results
3.1. Comparison of Model Calibration Methods

In the post-processing calibration stage of the FBA-LSTM model, three different cal-
ibration methods were compared, and their performance was quantitatively evaluated
using three metrics: the mean absolute calibration error (MACE), the root mean square
calibration error (RMSCE), and the miscalibration area (MA). The experimental results are
presented in Table 3 and Figure 5.

o (a) No calibration o (b) Interval Calibration o (c) Iso-Regression Calibration
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£ 0.4 0.4 < 0.4
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Figure 5. Comparison of different calibration methods. (a) No calibration: calibration curve without
any calibration processing. (b) Interval calibration: calibration curve under interval calibration. (c) Iso-
regression calibration: calibration curve using iso-regression calibration. (d) Standard deviation
calibration: calibration curve with standard deviation calibration. (e) Calibration curve comparison:
comparative curve of different calibration methods (including the perfect calibration baseline).

Table 3. Post-processing calibration performance evaluation.

Method MACE RMSCE MA
No Calibration 0.22521 0.25382 0.22748
Interval Calibration 0.10620 0.11924 0.10728
Iso-Regression Calibration 0.03446 0.04840 0.03480
Standard Deviation Calibration 0.00740 0.00880 0.00740
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In the uncalibrated case, the model exhibited an MACE of 0.22521, an RMSCE of
0.25382, and an MA of 0.22748. The significant deviation of the uncalibrated curve
(Figure 5a) from the ideal calibration line indicates a systematic discrepancy between
the predicted confidence and the actual observed proportions, suggesting that the model
suffers from a degree of overconfidence.

After applying the interval calibration method, the MACE, RMSCE, and MA of the
model were reduced to 0.10620, 0.11924, and 0.10728, respectively. The calibration curves
(Figure 5b) showed improvement compared to the uncalibrated case, with the error re-
gion narrowing to 0.11. However, the overall performance remained higher than the
other two methods, indicating that this method has limited effectiveness in reducing
calibration errors.

The isotonic regression calibration method produced favorable results at low to
medium confidence intervals (below approximately 64%). The MACE, RMSCE, and MA of
this method were 0.03446, 0.04840, and 0.03480, respectively, outperforming the interval
calibration method. However, its performance declined at higher confidence intervals. The
error region of the calibration curve (Figure 5c) was 0.03, which was lower than that of the
interval calibration method, but remained relatively high.

The standard deviation calibration method achieved the best results across all three
evaluation metrics, with an MACE of 0.00740, an RMSCE of 0.00880, and an MA of 0.00740.
The calibration curves (Figure 5d) closely align with the ideal calibration line, with an error
region of only 0.01, demonstrating a stable and consistent calibration performance.

Among the three approaches, the standard deviation calibration yielded the lowest
calibration errors (MACE, RMSCE, MA; see Table 3) and the smallest deviation from the
ideal line (Figure 5d, error region ~ 0.01). Compared with interval calibration (Figure 5b),
which improved the confidence to some extent, but still exhibited larger errors across confi-
dence levels, and isotonic regression (Figure 5c), which performs well at a low—medium
confidence, but degrades at higher levels, the standard deviation calibration method works
by rescaling the predictive variance, correcting the model’s overall dispersion bias and
ensuring a more consistent alignment across all confidence levels, addressing the mis-
alignment issue observed in high-confidence intervals with isotonic regression calibration.
This produces a more consistent alignment across the full confidence range. Accord-
ingly, we adopted standard deviation calibration as the default post-processing scheme for
the FBA-LSTM.

3.2. Prediction Accuracy Comparison

Under the noiseless condition, the FBA-LSTM performed relatively well, achieving
the lowest RMSE and MAE values in three out of four stations. For instance, at site 1157A,
the RMSE and MAE of the FBA-LSTM were 6.39 and 4.77, respectively, which were lower
than those of the standard LSTM (RMSE of 7.26 and MAE of 5.40). The residual LSTM and
attention LSTM also reduced the errors relative to LSTM, but remained slightly inferior to
FBA-LSTM (Figure 6a), and the same pattern held at sites 1158A and 1159A (Figure 6c,d).
At site 1151A, the RMSE of the MC dropout LSTM was 7.53 and the MAE was 5.12, slightly
lower than the FBA-LSTM values (RMSE of 7.64 and MAE of 5.15) (Figure 6b).

Under noise conditions, Gaussian noise was added to the test data to simulate real-
world measurement errors or data uncertainties. The noise strength was set to 10% of the
data’s standard deviation. Under this setting, the prediction performance of all models
decreased, but the extent of degradation varied across models. As point prediction models,
the LSTM, residual LSTM, and attention LSTM showed a more noticeable performance
degradation under noise interference. For example, at site 1159A, the RMSEs of the LSTM,
residual LSTM, and attention LSTM increased by 1.76, 0.78, and 1.36, respectively, while the
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FBA-LSTM

MC Dropout LSTM

FBA-LSTM

MC Dropout LSTM

MAE:s increased to 1.40, 0.66, and 1.00 (Figure 6d). In contrast, the uncertainty prediction
models, the MC dropout LSTM and FBA-LSTM, showed less performance degradation
under noise conditions. The RMSE and MAE increases at the four monitoring stations
did not exceed 1, demonstrating a better robustness. These findings demonstrate that
uncertainty-aware models are more resilient to data noise, which is critical for reliable air-
quality forecasting. Among these two models, the FBA-LSTM consistently outperformed
the MC dropout LSTM. For example, at site 1157A, the difference between the two models
was minimal in the absence of noise (RMSE of 6.39 vs. 6.49; MAE of 4.77 vs. 4.78). However,
when noise was present, the FBA-LSTM performed better, with a lower RMSE and MAE
(7.05 vs. 7.27; 5.38 vs. 5.52) (Figure 6b). This difference may be attributed to their respective
uncertainty modeling approaches: the MC dropout LSTM performs approximate Bayesian
inference by randomly dropping neurons, while the FBA-LSTM adopts the flipout inference
method, which directly samples the weight distributions, offering a more comprehensive
reflection of parameter uncertainty.
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Figure 6. Performance comparison radar charts of LSTM-based models under clean and noisy
conditions across four monitoring stations. (a) Radar chart for monitoring station 1151A. (b) Radar
chart for monitoring station 1157A. (c) Radar chart for monitoring station 1158A. (d) Radar chart for
monitoring station 1159A.

Considering the results across the four monitoring stations, the FBA-LSTM maintained
low RMSE and MAE values both with and without noise, with minimal performance
degradation under noise interference. This indicates that the FBA-LSTM exhibits a better
robustness and generalization ability in environments with substantial observation errors
(Table 4).
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Table 4. Predictive performance of LSTM-based models evaluated under clean and noisy conditions.

No-Noise Condition Noise Condition

Station Model Type
RMSE MAE RMSE MAE
LSTM 10.77 7.62 12.39 8.73
Residual LSTM 8.80 6.31 9.76 7.21
1151A Attention LSTM 8.22 5.59 9.43 6.54
MC Dropout LSTM 7.53 5.12 8.27 5.86
FBA-LSTM 7.64 5.15 8.24 5.72
LSTM 7.26 5.40 8.92 6.69
Residual LSTM 7.08 5.38 8.69 6.61
1157A Attention LSTM 7.16 5.11 8.16 5.98
MC Dropout LSTM 6.49 478 7.27 5.52
FBA-LSTM 6.39 4.77 7.05 5.38
LSTM 8.65 6.09 9.92 7.05
Residual LSTM 8.70 6.33 9.65 7.12
1158A Attention LSTM 7.42 5.16 8.52 6.12
MC Dropout LSTM 711 493 7.87 5.68
FBA-LSTM 6.84 4.76 7.65 5.62
LSTM 8.77 6.16 10.53 7.56
Residual LSTM 8.33 5.93 11.14 7.99
1159A Attention LSTM 7.15 4.55 8.99 6.51
MC Dropout LSTM 6.97 4.59 7.97 5.55
FBA-LSTM 6.95 4.48 7.88 5.42

Bold values denote the minimum RMSE and MAE for each monitoring station, indicating the best predictive
performance of LSTM-based models for PM; 5 at this station under the corresponding conditions (no-noise/noise).

3.3. Early Warning Performance

According to the Technical Regulation on Ambient Air Quality Index (on trial) [33]
(Table 5), PM; 5 concentrations are categorized into six levels. In this regulation, the PM; 5
breakpoints used for level classification are defined based on the 24 h average concentration
for daily reporting.

Table 5. PM 5 levels.

Index PM; 5 (ug/m3)
Excellent 0-35
Good 36-75
Light Pollution 76-115
Moderate Pollution 116-150
Heavy Pollution 151-250
Severe Pollution >250

The air quality in Nanjing predominantly falls within the “Excellent”, “Good”, “Light
Pollution”, and “Moderate Pollution” levels, with the majority of observations in the
“Excellent” and “Good” categories (Figure 7). Accordingly, this study reformulated the
PM, 5 concentration forecasting problem as a binary classification task for threshold ex-
ceedance detection. Specifically, the upper limit of the “Excellent” level, 35 pg/m?>, was
adopted as the classification threshold to identify time periods when pollution levels sur-
pass the “Excellent” standard, corresponding to the occurrence of slight pollution and more
severe conditions.
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Figure 7. Annual PM; 5 concentration visualization at four monitoring stations, classified according
to the HJ 633-2012 Air Quality Standard. Each panel displays the temporal variation in PM; 5 levels,
with the color coding corresponding to the five-tier air quality index (excellent, good, light pollution,
moderate pollution, heavy pollution).

As shown in Table 6, the five models differed in their performance on the PM;5
threshold task. For deterministic models, the LSTM yielded TP = 620, TN = 1002, FP = 92,
and FN = 38 (accuracy, 0.9258; precision, 0.8708; recall, 0.9422; F1 score, 0.9051). The residual
LSTM reported TP = 610, TN = 1003, FP = 91, and FN = 48 (accuracy, 0.9207; precision,
0.8702; recall, 0.9271; F1 score, 0.8977). The attention LSTM showed a modest improvement
with TP = 610, TN = 1021, FP =73, and FN = 48 (accuracy, 0.9309; precision, 0.8931; recall,
0.9271; F1 score, 0.9098). All three models exhibited a limited discriminative ability around
the critical threshold and were prone to making overconfident misjudgments, with a certain
percentage of false positives and false negatives.

Table 6. Classification performance of different LSTM-based models.

Model Type Accuracy  Precision Recall F1
LSTM 0.9258 0.8708 0.9422 0.9051
Residual LSTM 0.9207 0.8702 0.9271 0.8977
Attention LSTM 0.9309 0.8931 0.9271 0.9098
MC Dropout LSTM 0.9875 0.9941 0.9712 0.9825
FBA-LSTM 0.9966 0.9978 0.9934 0.9956

Compared to the aforementioned models, the MC dropout LSTM incorporates the
Monte Carlo dropout method to quantify the prediction uncertainty through multiple
forward propagations, identifying 309 high-uncertainty time periods (Figure 8a). Here,
“high-uncertainty time periods” refers to timestamps at which the observed value lies
outside the model’s 90% predictive interval, which is constructed as the predictive mean
plus or minus the predictive standard deviation. The performance of the MC dropout LSTM
model on the test set was as follows: 506 TPs, 919 TN, 3 FPs, and 15 FNs, resulting in an
accuracy of 0.9875, precision of 0.9941, recall of 0.9712, and F1 score of 0.9825. This model
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achieved a better performance than the LSTM and attention LSTM in terms of the accuracy,

precision, recall, and F1 score, with significantly fewer false positives and false negatives.

(@) (b)

Figure 8. Visualization of prediction uncertainty intervals generated by MC dropout LSTM and
FBA-LSTM. (a) Uncertain time periods identified by the MC dropout LSTM model (one-month
interval). (b) Uncertain time periods identified by the FBA-LSTM model (one-month interval).

The FBA-LSTM model excelled in uncertainty quantification, identifying 567 high-
uncertainty periods under the same decision criterion as the MC dropout LSTM (Figure 8b).
Compared with dropout-based approximation methods, the flipout Bayesian inference
model introduces probability distributions to model uncertainty in the network weights
rather than relying on the heuristic operation of random deactivation, thereby more sys-
tematically capturing epistemic uncertainty in model predictions and showing a higher
sensitivity to fluctuations near the critical threshold. The performance on the test set was
as follows: TP = 454, TN = 727, FP = 1, and FN = 3, resulting in an accuracy of 0.9966,
precision of 0.9978, recall of 0.9934, and F1 score of 0.9956. Compared to the other models,
the FBA-LSTM achieved a false alarm rate of 0.14%, a miss rate of 0.66%, and classification
performance metrics that were very close to one.

Overall, FBA-LSTM significantly reduces both false alarms and omissions while main-
taining a high accuracy. Additionally, its ability to identify uncertain samples outperforms
the other four models.

3.4. Outlier Detection

To evaluate the model’s ability to identify anomalous events, this paper further de-
signs a detection experiment based on manually injected anomalies. It compares and
analyzes the FBA-LSTM method with the isolation forest (IF) and interquartile range (IQR)
methods. We selected a month with few native outliers from the PM; 5 series and injected
approximately 5% synthetic anomalies; the injection timestamps were drawn by random
sampling without replacement, and the original values at those timestamps were scaled up
by 2.5x or downscaled to 0.1x to emulate sudden pollution spikes and sensor failures. This
setup allows for the evaluation of the performance of the different methods in the outlier
detection task.

The anomaly detection results were quantitatively compared using three metrics: the
accuracy, recall, and F1 score. These metrics were chosen to comprehensively assess the
overall detection capability, the risk of omission, and the balance between accuracy and
recall for each method in anomaly identification. This approach ensured that the evaluation
results were both representative and interpretable.

As shown in Table 7, the FBA-LSTM achieved the highest scores across all three evalu-
ation metrics, with an accuracy of 0.553, a recall of 0.722, and an F1 score of 0.627. These
values were higher than those of the comparison methods, isolation forest (accuracy = 0.441,
recall = 0.417, F1 = 0.217) and IQR (accuracy = 0.500, recall = 0.139, F1 = 0.217). The FBA-
LSTM detects anomalies when an observation lies outside a high-confidence, heteroscedas-
tic predictive interval inferred from the model’s predictive mean and calibrated variance,
allowing the band to widen in volatile regimes and narrow in stable periods. Unlike IF and
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IQR, which use distributional heuristics without time-conditioned predictive uncertainty;,
this model-relative criterion reduces false alarms under normal variability while recovering
more injected spikes and dropouts, consistent with the higher accuracy, recall, and F1.

Table 7. Performance comparison of anomaly detection methods.

Method Accuracy Recall F1
IF 0.441 0.417 0.429
IQR 0.500 0.139 0.217
FBA-LSTM 0.553 0.722 0.627

Figure 9 further validates the above quantitative findings from a visual perspec-
tive. The FBA-LSTM successfully responded to multiple real injected anomalies without
widespread misclassification, indicating that the model exhibits a high sensitivity and a
low false alarm rate in anomaly detection. In contrast, the IQR method only detected a
small number of anomalies with a large amplitudes and struggled to identify anomalies
with slight deviations, resulting in a low recall rate. This is consistent with its reliance on
statistical thresholds for global discrimination, which limits its ability to adapt to the dy-
namic nature of local data. On the other hand, while the IF method can detect significantly
deviated outliers, it is less effective at recognizing mild outliers that are closer to the normal
distribution. This limitation may stem from these anomalies not being sufficiently isolated
in the feature space, failing to form a short enough path length during the randomization
process, and thus not being effectively classified as anomalies.
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Figure 9. Comparative analysis of isolation forest, IQR, and FBA-LSTM for PM; 5 anomaly detection
(2020-10-20 to 2020-11-18).

By combining the quantitative results in Table 7 with the visual analysis in Figure 9, it
is evident that the FBA-LSTM achieved a strong balance between accuracy, recall, and false
alarm control, demonstrating a strong generalization ability and robustness.

4. Discussion
4.1. Discussion in the Context of Previous Studies

At present, a variety of studies have investigated LSTM-based frameworks for PM, 5
forecasting, most of which have focused on improving the deterministic point-prediction
accuracy. Chen et al. developed a PSO-LSTM model that uses particle swarm optimization
to tune key LSTM hyperparameters for forecasting PM; 5, PMjp, and O3, and reported an
improved goodness-of-fit and reduced short-horizon errors compared with random forest
and a plain LSTM [34]. Liu and Guo coupled an LSTM with the sparrow search algorithm
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(LSTM-SSA) for multi-pollutant and AQI forecasting across multiple temporal scales, show-
ing that the optimized LSTM outperformed an unoptimized LSTM and several baselines
on standard error metrics [35]. Wei et al. proposed a WOA-CNN-LSTM-AM model that
integrates whale optimization with a CNN-LSTM backbone and an attention mechanism
for daily PMj, 5 prediction, achieving a strong MAE/RMSE and goodness-of-fit [14].

Compared with these studies, the key contribution of our framework is not merely to
further reduce point-prediction errors, but to improve decision-oriented reliability by ex-
plicitly modeling the predictive uncertainty while maintaining a high accuracy. A common
feature of the PSO-LSTM, LSTM-SSA, and WOA-CNN-LSTM-AM is that they produce
deterministic single-valued forecasts, and their evaluation is largely based on accuracy
metrics such as the root mean square error (RMSE), mean absolute error (MAE), and
mean absolute percentage error (MAPE). Under abrupt pollution transitions, anomalous
emissions, or increased observation noise, such point estimates cannot directly answer
decision-critical questions such as whether a forecast is trustworthy or whether an early
warning should be issued. In contrast, by Bayesianizing the LSTM, model weights are
learned as probability distributions and sampled during inference, allowing parameter
uncertainty to propagate into predictive uncertainty. Building on this, flipout introduces
pseudo-independent perturbations for individual samples within each mini-batch, sub-
stantially reducing the gradient variance and alleviating training instability on large-scale
time-series data, thereby enabling smoother updates and more consistent convergence.
Moreover, the adopted standard-deviation calibration aligns the predictive intervals with
the empirical error distribution, improving the statistical consistency and interpretability
when confidence intervals are used for anomaly identification or threshold-based warning
evaluations. Overall, relative to the deterministic, optimization-driven forecasting route
represented by the above studies, our FBA-LSTM provides additional value by deliver-
ing a predictive accuracy alongside reliable uncertainty estimates for early warning and
risk-sensitive applications.

4.2. Computational Cost and Convergence Characteristics

In the Bayesian training process, compared to traditional deterministic LSTM models,
Bayesian LSTM typically requires longer training times. Bayesian inference methods require
the precise posterior estimation of model parameters, which often leads to a significant
increase in the computational costs. For example, as shown in Table §, the training time for
both Bayesian LSTM models was several hours, while other deterministic models required
only a few minutes. However, the inference time difference was minimal, with at most a
one-second difference.

Table 8. Computational cost and training-loss statistics of different models under 150 epochs.

Training Loss

Model Training Time (min)  Inference Time (s) = Mean Training Loss Vari
ariance
LSTM 5 0.1 1.54 x 1073 1.87 x 1073
Residual LSTM 6 0.1 119 x 1073 2.67 x 1073
Attention LSTM 6 0.1 1.88 x 1073 2.61x1073
MC Dropout LSTM 7 0.2 2.79 x 1073 2.86 x 1073
Bayesian LSTM 254 1.1 6.85 x 10* 5.39 x 10*
FBA-LSTM 186 0.8 6.74 x 107° 112 x 107

In the model design, we adopted the flipout technique to enhance the training ef-
ficiency of the Bayesian LSTM. The flipout method updates the model’s weights using
pseudo-independent perturbations during each forward pass, reducing the gradient vari-
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ance and avoiding redundant forward passes inherent in traditional Bayesian methods.
This approach accelerates the Bayesian inference process while improving the stability of
training, resulting in smoother convergence and faster training times.

According to the statistics in Table 8, the flipout LSTM model achieved a significantly
lower training loss compared to the traditional Bayesian LSTM model. Specifically, the
mean training loss for the flipout LSTM model was 6.74 x 10~° with a standard deviation of
1.12 x 107, showing a steady decrease in loss with narrower fluctuations. In contrast, the
traditional Bayesian LSTM model exhibited a much higher mean training loss of 6.85 x 10*
with a larger standard deviation of 5.39 x 10* and a wider fluctuation range, resulting in
slower convergence and making the training process harder to stabilize. These results
demonstrate that the flipout method not only accelerates the Bayesian inference process,
but also enhances the stability of model training, offering a more efficient and practical
solution for complex Bayesian inference tasks.

4.3. Challenges and Future Directions in the Practical Application of FBA-LSTM

In PM; 5 prediction, introducing uncertainty quantification can enhance the decision
support effectiveness and model robustness. For example, Bashardoosta et al. demonstrated
that incorporating uncertainty quantification (via a Bayesian neural network and Shannon
entropy methods) in PMj; 5 spatial predictions helps identify high-reliability prediction
regions and quantify spatial uncertainty, thereby providing targeted decision-making guid-
ance for pollution mitigation in high-uncertainty urban border areas of Tehran [36]. Their
study showed that the uncertainty-aware BNN-CNN model achieved a 95% accuracy in
parameter-calibrated prediction, significantly outperforming the deterministic CNN model
(82.7% accuracy) in noisy data scenarios, which confirms the value of uncertainty quantifi-
cation in improving the decision-making reliability. Additionally, Zhou et al. showed that
introducing uncertainty via variational inference can improve the model robustness and
reduce prediction errors in multi-step PMj 5 forecasting, especially when handling dynamic
changes in meteorological and pollution factors [37]. By quantifying the predictive uncer-
tainty through approximate Bayesian methods, their model generated reliable prediction
intervals and reduced the risk of misleading predictions compared to traditional determin-
istic LSTM models. Both studies employed variational inference or Bayesian frameworks,
which introduce uncertainty through latent variables or parameter posterior distributions.
This proves that the fully Bayesian FBA-LSTM has a broad applicability, especially when
handling sudden pollution events or dynamically changing environments, and shows a
stronger robustness and accuracy compared to traditional deterministic models.

While the model achieved satisfactory results in the experiments, some limitations
remain for real-world deployment. Although the introduction of the flipout technique helps
mitigate the increase in the computational cost, further optimization is still required to
enhance the scalability in practical applications. Future research should explore advanced
techniques to improve the model scalability, such as model compression methods like net-
work pruning or knowledge distillation [38], which can reduce the inference time without
sacrificing the prediction accuracy. However, this introduces challenges in maintaining
reliable uncertainty estimates during compression, which remains a key focus for future
studies. Moreover, the current model uses data from a single monitoring station and lacks
spatial information, which could limit the model’s ability to detect and predict pollution
dispersion in complex urban and industrial environments. Adding spatial features through
multi-site joint modeling can enhance the model’s performance by incorporating regional
pollution patterns. Incorporating spatial awareness models, such as graph neural networks
(GNNSs), can improve the model’s ability to handle multi-source interference and increase
its sensitivity to pollution dynamics in neighboring regions [34].
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In summary, the FBA-LSTM model is particularly suitable for urban air quality early
warning systems where false alarms incur economic costs (e.g., unnecessary traffic restric-
tions) and missed warnings pose health risks. By incorporating Bayesian inference, atten-
tion mechanisms, and calibration strategies, the model demonstrates a strong predictive
stability and early warning capability in complex pollution scenarios. However, addressing
challenges related to missing spatial information, computational efficiency bottlenecks, and
model deployment adaptability remains critical for enhancing its generalization ability and
practical value in multi-source heterogeneous data environments.

5. Conclusions

In this paper, the FBA-LSTM model is proposed to predict the hourly PM, 5 concentra-
tions at four monitoring stations in Nanjing for the year 2020, as well as to perform tasks
related to pollution warning and anomaly detection. The experimental results demonstrate
that the model generally outperformed comparative methods across several evaluation
metrics. The key findings are summarized as follows:

(@) Under both noisy and noise-free conditions, the FBA-LSTM model generally showed
a better prediction performance across all four monitoring stations (11514, 1157A,
1158A, and 1159A). Its RMSE and MAE values were lower than those of the traditional
LSTM, attention LSTM, residual LSTM, and MC dropout LSTM, indicating a stronger
accuracy and robustness.

(b) In the pollution event warning task, the FBA-LSTM reduced both false alarms and
omissions, maintaining a high accuracy even under boundary samples and high un-
certainty. It demonstrated stronger uncertainty quantification and warning credibility
compared to the other four models.

() In the task of detecting anomalous pollution events, the FBA-LSTM outperformed
traditional detection methods such as isolation forest (IF) and the interquartile range
(IQR). It achieved optimal results in terms of the accuracy, recall, and F1 scores,
indicating its potential for recognizing emerging pollution anomalies.
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