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The concentration of Fine Particulate Matter (PM2.5) and Indoor Air Quality (IAQ) has a great influence on
human health and cognitive performance. Making PM2.5 predictions with meaningful Uncertainty Quantifica-
tion (UQ) is essential to proactive IAQ management. This paper is an in-depth assessment of deep learning
(LSTMAttn-UQ, GRUAttn-UQ, WNN-UQ) and machine learning (CatBoost-UQ, LightGBM-UQ, HGBoost-UQ)
to predict indoor PM2.5 concentrations and related uncertainties, based on a publicly available time-series
dataset. The measurement of performance was conducted through standard regression measurements and
UQ measurements, including Prediction Interval Coverage Probability (PICP) and Mean Prediction Interval
Width (MPIW), with a target PICP of 0.90. Test set: It was found that LSTMAttn-UQ and GRUAttn-UQ showed
better UQ calibration (PICP 0.895-0.899), which means that uncertainty estimates are good. On the other hand,
WNN-UQ exhibited the highest point-prediction accuracy (e.g., the lowest Root Mean Squared Error (RMSE)
of 2.7495) and computation efficiency, but with a relatively lower PICP (0.8285). The other ensemble models
demonstrated bad generalization of UQ. These results indicate a critical trade-off, which is understandable
when modeling selection is concerned with a preference in the achievement of either UQ reliability or point
prediction accuracy and efficiency for IAQ applications.
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1. Introduction

“Indoors” means confined spaces, including homes, offices,
cafes, restaurants, and vehicles. The tendency to spend the
majority of their lives indoors is a phenomenon that peo-
ple today follow because of various conditions, including
working hours, their way of life, and weather conditions.
The United States Environmental Protection Agency (EPA)
has shown that Americans currently spend around 93%
of their time indoors [1]. Similarly, in the UK, the aver-
age person is estimated to spend around 53 years of their
life inside buildings, making the British one of the most
indoor-oriented populations in the world [2].

Since most people spend the majority of their time in-

side, the air quality within enclosed spaces plays a critical
role in their overall health, comfort, and well-being [3].
Indoor environmental degradation, caused by sources of
pollution and limited ventilation, has been linked to an
exacerbation of pre-existing health conditions, including
asthma, allergies, and various respiratory illnesses. The
issue of deficiencies in indoor air has also proved to have
a causal effect on the symptom set of headaches, fatigue,
nausea, and dizziness [4, 5].

Many different pollutants such as gaseous contaminants,
particulate matter, mold spores, bacteria, and other pol-
lutants can adversely affect Indoor Air Quality (IAQ). It
could be either internal or external to have contamination.
Open windows and door openings and mechanical venti-
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lation are potential pathways for pollutants entering the
building's interior spaces from industrial activities or vehic-
ular emissions [6]. Indoor air pollutants within buildings
come mainly from cooking devices, fireplaces, construction
materials, cleaning supplies, and a multiplicity of office
equipment. Pollutants found in the indoor air within build-
ings are primarily associated with cooking equipment and
fireplaces, building construction materials, cleaning prod-
ucts, and a wide variety of office equipment [7]. Numerous
pollutants such as gaseous pollutants and particulate mat-
ter that affect indoor air quality were reported [8]. Fine
particulate matter (PM2.5) is one of these that has a pro-
found negative impact on human health and can reach
deep into the respiratory system. Thus, the main variable
to be predicted in this study is PM2.5, a characteristic of
air pollution which has a direct relationship with human
health. The use of the carbon dioxide (CO2) concentration
of indoor air was introduced as an indicator of the indoor
air quality in previous studies, but it is not specifically
modeled here as it is only referenced for purposes of con-
textual completeness [9]. Keeping the study on track with
respect to the prediction and quantification of uncertainty
in PM2.5 is influenced by this. Therefore, the main focus of
this study is on predicting the PM2.5, remaining through-
out this manuscript consistent in the model development,
evaluation, and interpretation.

1.1. Literature review

Persily [10] provides a detailed overview of the history of
building-ventilation standards evolution and places this
evolution in a wider perspective of indoor-air-quality stud-
ies and developments. The discussion is centered around
the American Society of Heating, Refrigerating and Air-
Conditioning Engineers (ASHRAE) Standard 62, detailing
the history of the development of the criteria with regard
to the CO2 levels, sources of pollutants, and performance-
based ventilation approaches. Emergent issues that are
likely to impact further adjustments of these standards are
also outlined in the discussion.

Peng et al. [11] revealed that particulate matter with
an aerodynamic diameter of 2.5 µm is a measurable sur-
rogate of indoor airborne Severe Acute Respiratory Syn-
drome Coronavirus 2 (SARS-CoV-2) due to the premise that
PM2.5 is released when people breathe out together. The
authors obtained risk estimation models based on CO2 in
various indoor contexts and demonstrated that the threat
of infection correlates with surplus PM2.5. The study con-
firms that low-cost PM2.5 sensors can be used to monitor
in-building transmission risk and mitigate it, even though
the findings are not free of certain uncertainties. The au-

thors analyze in their study that, in the work of Franco
et al. [12], they discussed how real-time CO2 concentra-
tion can be used to estimate indoor occupancy, which is
a parameter of great interest to control indoor air quality
and optimize the energy costs of Heating, Ventilation, and
Air Conditioning (HVAC). Through a laboratory design
that involved a multi-classroom environment exposed to
different occupancy situations and types of activities, the
work reveals a strong correlation between the concentra-
tion of particulate matter and occupancy density. Upon this
premise, the authors develop a set of simple mathematical
models that can support the derivation of occupancy levels
when fed with PM2.5 temporal profiles as a variable input.

Measurement of CO2 levels in buildings has many ap-
plications: giving information to control strategies in the
area of heating, ventilation, and air-conditioning, allowing
estimation of occupancy, and providing data to Computa-
tional Fluid Dynamics (CFD) modeling. In combination
with other operational data, CO2 data notably enhances the
energy performance of the buildings and enables a pow-
erful body of data to be used in analysis and optimization
purposes. Congradac et al. [13] involved the use of ge-
netic algorithms in optimization of HVAC performance,
whereby energy savings that were achieved through CO2-
based control methods were highlighted. Since HVAC
systems are, by nature, complex and nonlinear, it was clear
that genetic algorithms had the potential to find the opti-
mal conditions under which HVAC systems could operate,
which was demonstrated with the help of simulations in
MATLAB Simulink and Energy software, where the power
consumption was found to be lowered to a large extent.

Tekler et al. [14] proposed a minimal sensing system
designated for occupancy prediction based on a multiplic-
ity of data streams, namely, CO2 levels, Wi-Fi connection
density, energy consumption, and environmental variables.
The results obtained in the large-scale mode of compari-
son of deep-learning architectures proved that Bi-GRU and
plain Gated Recurrent Unit (GRU) were, without exception,
among the candidates, with superior performance in of-
fices, libraries, and lecture halls. Further, the authors came
up with a tailored feature-selection mechanism, which dou-
bled up on predictive accuracy and, at the same time, re-
duced sensor load. Pastor-Fernandez et al. [15] designed
and tuned an inexpensive, Internet of Things (IoT) sensor-
based CO2 monitor to screen the indoor air quality and
reduce the COVID-19 infection transmission risk. Using
the CFD model, the research team redesigned the sensor
positioning in a way that the sensor positioning patterns oc-
curred at precise measurements during varied ventilation
situations. With a relative error of less than 3% compared
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to laboratory reference instruments, the system was capa-
ble of real-time monitoring of IAQ, and thus it could be
used to integrate this type of device with intelligent HVAC
systems to meet building modernization objectives.

CO2 has been noted as being the largest parameter in
the assessment of the IAQ and also defining the levels
of comfort, as well as the indoor environmental quality
(IEQ) [16]. To be specific, this test is often carried out us-
ing IAQ sensors with the assistance of ML algorithms to
identify and undertake the analysis with precision. The
study by Mumtaz et al. [17] implemented an indoor air
quality prediction and monitoring design that uses an IoT
solution to host several sensors that can capture the lo-
cation of pollutants and environmental characteristics in
real-time. ML models, and most notably Neural Networks
for classification and Long Short-Term Memory (LSTM) for
pollutant concentration forecast, gave accuracies of 99.1%
and 99.37%, respectively. The given framework combines
well with remote and scalable monitoring, offering real-
time alerts with high predictive performance. The paper
by Tagliabue et al. [16] considered the implementation of
IoT sensors to monitor the levels of CO2 in real-time and
direct HVAC and window operations in an educational
building. The study team highlighted this adverse effect
of high CO2 levels on cognitive performance and recom-
mended adaptive strategies of ventilation according to the
density of occupants. Their suggested approach involved
the creation of an ANN that has been trained to optimize
ventilation using a versatile ongoing IoT dialog. A system
of microchip-based sensors that can obtain continuous mea-
surements of indoor air quality was suggested in the article
by Ahn et al. [18]; the authors used a DL framework to pre-
dict the upcoming atmospheric conditions. It also proposed
an algorithm aimed at optimizing the interval of observa-
tions and proved its robustness experimentally on the data
obtained in the real world in support of the observations.
Later on, Kallio et al. [19] tested various machine-learning
methods to predict indoor CO2 concentration with the use
of a one-year range of diverse environmental conditions. It
was seen that Decision Trees had the best and most efficient
performance in terms of accuracy and computation. They
showed that including occupant activity data alongside
CO2 measurements improved forecast accuracy for longer
time horizons. Their work contributes to the application of
multimodal data and ML in the proactive control of the in-
door environment to achieve an increased level of comfort
and energy efficiency.

Murad et al. [20] found that probabilistic DL platforms,
including Bayesian neural networks, could produce more
reliable uncertainty evaluations in air quality predictions,

but it could be hard to implement and extend to large scales.
Other scalable methods, including deep ensemble, Monte
Carlo dropout, and stochastic weight averaging-Gaussian,
may produce desirable results with proper implementation
but with different trade-offs and small differences between
performance metrics. The review of artificial intelligence
and ML schemes to predict indoor air quality was carried
out by Latoń et al. [21], and the approaches were classified
according to the expected parameters, forecasting horizons,
the facilities in question, and the architecture of the model.
Their evaluation says that scalable, explainable, and energy-
aware indoor air quality prediction systems are needed
that combine health-oriented indoor control and energy
efficiency and sustainability goals. Hernandez-Cruz et al.
[22] conducted an evaluation and a comparison of the total
uncertainty of the main indicators of IAQ, which depict
the problems related to the quantification of uncertainty in
this area. Garcia et al. [23] highlighted the challenges of
air pollution monitoring in developing nations. They have
created a real-time monitoring system for pollutants (SO2,
O3, NO2, PM2.5, PM10, and CO) based on IoT and Machine
Learning models, with the highest accuracy achieved by
random forest (RF). The study shows the possibility of
using IoT and ML in the process of air quality monitoring
enhancement.

Advanced machine learning and deep learning tech-
niques are applied to air quality prediction by incorporat-
ing uncertainty. The uncertainty-aware air quality predic-
tion, using advanced machine learning and deep learning
techniques, has become an increasing focus of recent stud-
ies. Recent studies, for instance, have investigated deep
probabilistic learning architectures and uncertainty-aware
AI models for particulate matter forecasting and shown
better reliability and robustness in the forecasting of the
environment [24]. Spatial and environmental effects are
also incorporated into the machine learning approaches,
which further yield considerable enhancement in the ac-
curacy of indoor PM2.5 forecasting [25]. In addition, there
are advanced algorithms like CatBoost and hybrid deep
learning models that have been implemented successfully
for prediction of indoor air quality [26, 27], and ensemble
and hybrid modeling strategies are effective.

The key contributions of such a study are:

• Vigorous Evaluation of Predictive Models: To examine
the predictive power and reliability of DL and ML
models in forecasting indoor PM2.5 concentrations,
the paper gives a methodological and comprehensive
comparison of these models with emphasis on the
inclusion of UQ.
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• Focus on UQ: This paper highlights the importance
of uncertainty quantification in the process of IAQ
forecasting. This paper is a more directed analysis
of the performance of the models since it systemati-
cally evaluates the ability of various models to give
well-calibrated prediction ranges as compared to the
normal models, and tends to focus on the accuracy of
point predictions.

• Experiments on Different Algorithms: The experi-
ments on ML models, including CatBoost-UQ and
LightGBM-UQ, and DL models, including LSTM-Attn-
UQ and GRU-Attn-UQ, are conducted. This allows
the careful analysis of the strengths and weaknesses
of each model with reference to the predictability of
IAQ.

• Analysis of the Trade-Off Between Uncertainty and Ac-
curacy: The derivation and quantification of the trade-
off between achieving strong uncertainty quantifica-
tion and high point prediction accuracy is a significant
contribution of the present study. Depending on the
requirements of IAQ forecasting, including the need
for accurate predictions or good estimates of uncer-
tainty, the present study provides valuable guidance
in selecting the best model.

1.2. Research Gaps and Novelties

It is crucial to predict the quality of indoor air to minimize
health risks and improve the conditions in closed spaces,
especially in relation to such pollutants as fine particulate
matter. Even though previous studies have used ML and
DL approaches to predict indoor air quality, much of the
work often does not quantify uncertainty, focusing instead
on point prediction efficacy. Knowing about the uncertainty
of prediction is as crucial as achieving very high prediction
accuracy in other high-stakes situations, such as indoor
air quality management. Modern studies lack a holistic
approach to simultaneously model predictive accuracy and
associated uncertainty.

This paper explores various ML and DL architectures
to fill this gap, such as histogram-based gradient boosting,
long short-term memory, gated recurrent units, wavelet
neural networks, category boosting, and light gradient
boosting machines, and provides a critical review of these
architectures. Furthermore, it also contains measures of
uncertainty quantification, mean prediction interval width,
and probability of prediction interval coverage. In the
present paper, the aspect of trade-offs between uncertainty
calibration, predictive accuracy, and computing efficiency
is philosophically evaluated, which often draws a line be-

tween point prediction and uncertainty, a gap filled in the
existing body of knowledge on indoor air quality in the
present paper. The novelty lies in the relative analysis of the
efficacy of these models, where considerable information
is gained on the impact of different modeling approaches
on risk assessment and indoor air quality predictions. It is
a more inclusive approach that enhances the accuracy of
indoor air quality prediction and its application.

2. Methodology

In this section, the full methodology of predicting the IAQ
parameters, especially the concentration of PM2.5, is pre-
sented with the evaluation of a quantitative uncertain pre-
dictor. The method combines DL and ML algorithms and
assesses results using conventional performance indica-
tors and two more sophisticated UQ indicators, PICP and
MPIW.

2.1. Dataset and Preprocessing

In this study, the following datasets are avail-
able from the Mendeley Data repository
(https://data.mendeley.com/datasets/y3s8fvv59k/1),
which were used: It comprises measurements of indoor
environmental conditions that are obtained as a time
series, such as the concentration of PM2.5, temperature,
and humidity. In this study, PM2.5 concentration was
selected as the primary prediction target. Chronological
time-stamps of each entry in the records, as well as the
observations from the time series data timeframe, suggest
a monitoring period from approximately August 2023 until
May 2024. This study focuses on monitoring characteristics
expressed in the data set, which was measured in past
studies and is publicly available. Only those characteristics
of monitoring expressly supported by the available data
set and documentation are reported. More specifically, the
information available for the parents of the data is not
clearly defined with respect to the specific monitoring
location or the nominal frequency of sampling. Thus, in
the present study, these characteristics were not deduced
or assumed. This set limit is made with an explicit
acknowledgment to provide transparency and prevent the
introduction of unsupported information on the original
monitoring campaign.

All observations were kept in their original chronologi-
cal order before they were developed into models in order
to retain the temporal dependencies among data. The miss-
ing observations were dealt with during the preprocessing
stage to ensure continuity of observations in time, and
all of the input variables were normalized before training
the model. The processed data were then converted to
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several supervised time-series samples, following a sliding-
window procedure where that is, sequences of past obser-
vations served as model inputs for forecasting the follow-
ing PM2.5 concentrations. This method allows machine-
learning and deep-learning models to maintain the original
temporal structure of the data, but at the same time, it
makes it possible to identify the temporal dependencies
and short-term variations of the indoor PM2.5 concentra-
tion.

2.2. Model Selection

In this research, DL and conventional ML are combined to
predict indoor particulate matter concentration and associ-
ated uncertainties. In the framework of DL, the two types of
recurrent neural networks were used, i.e., LSTM and GRU.
The important property of these models is their capacity to
adjust a long-term dependency based on information in the
time series, and the attention mechanism provides adaptive
focusing on the most interesting index. Attention enables
them to focus on relevant time steps, while the time-series
property of these models is that they are capable of tuning a
long-time temporal dependency on the basis of information
provided in the time-series. An ensemble of three ML meth-
ods based on trees was also compared: CatBoost Regres-
sor, LightGBM, and Histogram Based Gradient Boosting.
CatBoost has better performance for categorical variables
and overfitting reduction compared to ordered boosting.
Compared with LightGBM, which can handle large-scale
data sets and complex combinations of features with good
processing speeds, Histogram-Based Gradient Boosting is
quicker to train because it discretizes the variables into bins,
simplifying the creation of a decision tree. Not only predic-
tion accuracy, but also the compatibility with methods of
uncertainty estimation (quantile regression, Bootstrapped
Prediction Intervals, etc.) was used to select. Put together,
the broad array of models offers considerable confidence
as to how well they perform in terms of point prediction,
and the overall consistency and accuracy of the uncertainty
bounds provided.

This study deals with a tree-based gradient-boosting
modeling workflow, as described in Fig. 1. The process
starts with the construction of the input features and target
values, after which the ensemble is formed using iterative
decision tree learning. The boosting stage involves suc-
cessive learning in order to minimize the prediction errors
and fine-tune the output of the model. The final product is
then employed to forecast PM2.5 continuously. This flow
will give you a brief overview of the methodology used
for the tree-based modeling branch in the process of the
comparative forecasting framework.

Fig. 1. Conceptual workflow of the tree-based
gradient-boosting modeling process used for indoor PM2.5

prediction

2.3. Uncertainty Quantification (UQ)

The present study aims to enhance the interpretation and
trustworthiness of forecast outcomes by incorporating UQ
in the modeling process. Rather than assuming only point
predictions, the models can be set up to produce prediction
intervals (PIs), an empirical-based range that encloses the
true parameter value with a stated probability. Adequacy
of the intervals is measured by two commonly used met-
rics of UQ, viz. Prediction Interval Coverage Probability
(PICP) and Mean Prediction Interval Width (MPIW). An
example of PICP's reliability is the percentage of real ob-
servations within the estimated ranges, with an optimal
score close to the desired confidence level, such as 90 %. In
turn, MPIW measures the mean width of the interval and
is an indicator of sharpness and informativeness. Although
short intervals tend to be more profitable, they still need
to ensure sufficient coverage. It is then fundamental to
have a calibrated, efficient forecasting process that pursues
high PICP and low MPIW simultaneously. The metrics are
applied to all models (both DL and traditional ML) to eval-
uate their predictive accuracy and to measure uncertainty
meaningfully.

Prediction intervals were generated using quantile-
based approaches, where lower and upper bounds were es-
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timated to achieve the desired confidence level (e.g., 90%).
These intervals were used to compute PICP and MPIW
metrics, providing a quantitative assessment of uncertainty
calibration and sharpness.

2.4. Evaluation Procedure

All the models used in the evaluation protocol were highly
comparable. A set of initially homogeneous data was split
into two parts: training and test sets, for a robust applica-
tion and an unbiased performance evaluation. The dataset
was divided into training, validation, and test sets to pre-
vent data leakage and maintain the temporal dependency
of the data. No random shuffling was used. Previous por-
tions of the time series were used for training, and the
following unseen data were used for testing. This way,
evaluations apply to realistic forecasting scenarios. In addi-
tion, the structure for the sliding windows was used in each
subset without overlap across different datasets. Four met-
rics were used to assess the point-prediction performance:
RMSE, R2, MAPE, and the explained variance for each
metric; the maximum error for all predictions was used.
Computational efficiency was accounted for by the runtime,
and the uncertainty performance was accounted for by the
PICP and MPIW. Visual inspection, by the use of scatter
plots, determination of the bands for the prediction inter-
val, and analysis of the actual and predicted time series,
was also made to substantiate the qualitative performance
of the models. This perspective was both quantitative and
qualitative, which gave an opportunity to both assess ac-
curacy and provide a convincing estimate of uncertainty
that helped gain insight into the scope of each of these
models in contributing to real indoor air quality prediction
scenarios. Below are provided detailed formulations of
evaluation metrics [28].

RMSE =

√︄
∑n

i=1(yi − ŷi)2

T
(1)

MAE =
∑n

i=1 |yi − ŷi|
n

(2)

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − ȳ)2 (3)

MAPE =
1
T

n

∑
i=1

⃓⃓⃓⃓
yi − ŷi

yi

⃓⃓⃓⃓
(4)

3. Machine learning and deep learning models

This section briefly describes the machine-learning and
deep-learning models employed for indoor PM2.5 forecast-
ing. Since the fundamental principles of these algorithms

are well established in the literature, only the main charac-
teristics relevant to the present prediction and uncertainty-
quantification framework are presented. The evaluated
models include CatBoost, LightGBM, Histogram-Based
Gradient Boosting (HGBoost), Wavelet Neural Network
(WNN), Long Short-Term Memory with Attention (LST-
MAttn), and Gated Recurrent Unit with Attention (GRU-
Attn).

3.1. CatBoost

CatBoostRegressor is a gradient-boosting decision-tree al-
gorithm used for continuous-value prediction [29]. The
model constructs an ensemble of decision trees sequentially,
where each new tree contributes to reducing the prediction
error of the previous ensemble. In the current research, Cat-
Boost was employed as one of the tree-based methods for
the PM2.5 prediction and uncertainty assessment in the in-
door environment. The predicted output can be expressed
as:

ŷ(x) =
M

∑
i=1

αihi(x) (5)

The M decision trees in the ensemble can be written as
hi(x), and the learned coefficient is denoted by αi, where
x refers to the input features. CatBoost was included in
the comparison since it has the capability to model nonlin-
ear relationships between the model's input variables and
PM2.5 concentration.

3.2. LightGBM

LightGBM is a framework of gradient-boosted machines
for efficient and scalable regression modeling [30] that is
suitable for the parameters of this study. It builds the en-
semble of decision trees sequentially; the contribution of
each tree is to minimize the remaining prediction error.
LightGBM is a tree-based model used for PM2.5 prediction,
and its performance is assessed as computational efficient
model in this study. The general prediction function is
given by:

ŷ(x) =
M

∑
i=1

αihi(x) (6)

where M is the number of decision trees in the ensemble,
hi(x) is the output of the i-th decision tree, and αi is the
weight for the i-th decision tree. The reason for choosing
LightGBM is its good performance in capturing nonlinear
patterns and relatively low computational demand.

3.3. Histogram-Based Gradient Boosting (HGBoost)

Histogram-Based Gradient Boosting output version of
boosting ensembles, in which continuous inputs are binned
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into some bins before fitting decision trees [31]. This
histogram-based representation allows for reducing the
computational burden of determining optimal splits for
trees and still maintaining the predictive power of the gra-
dient boosting approach. The ensemble output may be
represented by:

F(x) =
T

∑
t=1

wt ft(x) (7)

where ft(x) is the base learner raised to the iteration t, wt

are the weights of the base learners learned at iteration t,
and T is the total number of boosting iterations. The model
is optimized to minimize the chosen loss function in an
iterative manner throughout the boosting process.

The negative gradient of the loss function can be ex-
pressed as:

Ui = −∂L(yi, f (xi))/∂ f (xi) (8)

where yi represents the observed value, f (xi) is the cur-
rent model prediction, and Ui denotes the pseudo-response
used during the iterative optimization process. HGBoost
was included in this study to assess the performance of a
computationally efficient boosting method for PM2.5 fore-
casting and uncertainty quantification.

3.4. Wavelet Neural Network (WNN)

Wavelet Neural Networks have the wavelet functions as the
activation functions in the hidden layer, instead of using
traditional activation functions [32]. The locality property
of the wavelet functions allows the network to characterize
signals that are not stationary, which makes this useful in
the case of forecasting PM2.5 of certain time-series signals.
In the present model, the Morlet wavelet is used as the
activation function:

ψ(x) = cos(1.75x)e−x2/2 (9)

For the j-th hidden neuron, the wavelet-transformed
output is given by:

hj(x) = ψ((x − bj)/aj) (10)

where aj is the dilation or scale parameter, bj represents
the translation parameter, and ψ denotes the wavelet activa-
tion function. The final network output is obtained through
a weighted combination of the hidden-neuron outputs:

yk =
M

∑
j=1

ωkjhj(x) (11)

where ωkj represents the weight connecting the j-th hid-
den neuron to the k-th output, and M denotes the number

of hidden units. In the present study, WNN was evalu-
ated for its ability to capture localized and non-stationary
patterns in indoor PM2.5 concentrations.

3.5. Long Short-Term Memory with Attention (LST-
MAttn)

Recurrent networks (RNNs) are networks that contain
loops, specifically to deal with temporal dependencies
among the sequential data; they contain a new architec-
ture called Long Short-Term Memory (LSTM) [33–35]. Its
gated memory layer allows it to remember relevant infor-
mation from prior time steps and ignore less useful infor-
mation. This feature can be useful for PM2.5 forecasting
since pollutant concentrations can perhaps be temporally
dependent in past environmental observations. For the cur-
rent research, the LSTM model was fused with the attention
mechanism. The attention component allows the model
to focus on the time steps that have more relevant infor-
mation to predict future PM2.5 concentration than others,
instead of paying uniform attention to past observations.
The resulting LSTMAttn model was evaluated in terms
of both point-prediction accuracy and the reliability of its
uncertainty estimates.

Because the current implementation description does
not provide a separate mathematical formulation for the
attention layer, no additional attention equation is intro-
duced here. This avoids adding mathematical assumptions
that are not explicitly supported by the implemented model
description.

3.6. Gated Recurrent Unit with Attention (GRUAttn)

The Gated Recurrent Unit (GRU) is a recurrent neural-
network architecture designed to model temporal depen-
dencies using a relatively compact gating mechanism [33].
The GRU uses reset and update gates to regulate the contri-
bution of previous information to the current state. In the
present study, the GRU was combined with an attention
mechanism to improve the model's ability to identify infor-
mative temporal observations for PM2.5 forecasting. The
reset gate is calculated as:

rt = σ(Wxrxt + Whrht−1 + br) (12)

The update gate is expressed as:

zt = σ(Wxzxt + Whzht−1 + bz) (13)

The candidate state is then obtained as:

ĉt = tanh(Wxcxt + Whc(rt ⊙ ht−1) + bc) (14)

The current state is updated according to:



8 Yuanyuan Xiao et al.

ct = (1 − zt)⊙ ct−1 + zt ⊙ ĉt (15)

and the hidden state is defined as:

ht = ct (16)

where xt denotes the input at time step t, ht−1 repre-
sents the previous hidden state, rt and zt are the reset
and update gates, respectively, W denotes the correspond-
ing weight matrices, b represents the bias terms, σ is the
sigmoid activation function, and ⊙ denotes element-wise
multiplication. The GRUAttn model was evaluated using
the same prediction and uncertainty-quantification crite-
ria as the other models, allowing a consistent comparison
of point-prediction accuracy, uncertainty calibration, and
computational performance.

4. Results

Table 1 of the K-fold cross-validation shows that Light-
GBM is fairly stable and predictable when used on various
data subsets. The RMSE values range from 0.655 to 0.680,
with an average of 0.667 and a variance of 0.008, repre-
senting a very slight increase over the training RMSE of
0.618. This slight trend is natural and implies the existence
of a weak generalization error; that is, the model exhibits
high predictive performance on unobserved data. Simi-
larly, R2 ranges between 0.970 and 0.976 with an average
of 0.973 ± 0.002, which is slightly lower than the training
R2 of 0.9901. This is expected since cross-validation eval-
uates the model on data unseen during the training stage;
nevertheless, the high R2 indicates that the model accounts
for approximately 97.3% of the variance in the target vari-
able, demonstrating excellent predictive capability. The
small standard deviations observed for both RMSE and R2

further confirm the stability and robustness of the model,
indicating minimal sensitivity to variations in data splits.

Table 1. Results of K-Fold Cross-validation.

Index

Fold RMSE R2

1 0.655 0.975

2 0.670 0.972

3 0.665 0.976

4 0.680 0.970

5 0.668 0.974

Mean ± Std 0.667 ± 0.008 0.973 ± 0.002

Figure 2 shows the results of the CatBoost UQ model
in forecasting PM2.5 concentrations both in training and
in testing, and 90% prediction intervals (PIs) are given to
measure uncertainty. In the upper panel, in the training
set, the median predicted values (in purple) are closely re-
lated to the actual PM2.5 levels (in black), and this shows
that the model has successfully learned the trends in the
past data. The band of 90% prediction intervals can cover
the majority of the actual values, which indicates that the
model is well-calibrated in the sense of error estimates in
training. The same effect can be seen in the lower (test
set) panel. The model performs a fairly good job of pre-
dicting the actual measurements despite the presence of
high peaks, especially mid-April 2024, but it fails to predict
the actual concentrations accurately. Importantly, these
peaks are still within the upper limit of the 90% prediction
intervals, thus making the model robust for other condi-
tions not in the sample. Whereas, in the later portion of the
test window (late April to mid-May), more stable behavior
of PM2.5 and greater model confidence result in narrower
PM2.5 predicted intervals.

Fig. 2. CatBoost_UQ predictions of PM2.5 with 90%
prediction intervals for training and test datasets.

Figure 3 provides the predictive performance of the HG-
Boost_UQ model on the training (top panel) and the test
(bottom panel) dataset of PM2.5 concentrations. The ob-
served values are represented by the black solid line; a line
with a brown color represents the median predicted values,
and the shaded area represents the 90% prediction interval
(PI), which represents model uncertainty. The model has a
high capability of intricately capturing the intertemporal
variability and highest events in the training set; the ma-
jority of the observed values are within the 90 percent PI,
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which shows precise uncertainty estimates. In the test set,
overall, the model may be seen to be fitting well, although
it underfits a few sharp peaks, perhaps indicating some
possible constraints on the ability to generalize extreme
events. However, the observed results of the test remained
in the range of the forecasted values, which validates the
strength of the model and the accurate quantification of
uncertainty.

Fig. 3. PM2.5 predictions with 90% prediction intervals
using the HGBoost_UQ model for training and test

datasets.

Figure 4 shows the 90% prediction intervals (PI) of the
LightGBM_UQ model on the training (top) and test (bot-
tom) data, and the prediction performance of the model.
The true data PM2.5 is drawn in solid black, the modeled
median in dashed brown, and the shaded area portrays
the 90 percent uncertainty interval of the model. During
training, the LightGBM_UQ model accurately estimates
the variability and magnitude of PM2.5 levels, with most
actual results falling within the 90 percent PI; thus, the
model is clearly calibrated. The test results indicate relative
consistency between the predicted and actual values; nev-
ertheless, like most tree-based models, it underestimates
steep peaks and high-variance events in an insignificant
way. However, uncertainty bands are fairly informative,
and most of the test values are captured; they also indicate
that the model has the capability of quantifying predictive
uncertainty across unobservable conditions.

Figure 5 shows the results of the GRU-Attention model
with UQ in predicting PM2.5 at the stage of training (top)
and testing (bottom). During training, the median values
are followed by the predicted values, and the 90 percent

Fig. 4. PM2.5 predictions with 90% prediction intervals
using the LightGBM_UQ model for training and test

datasets.

prediction interval (PI) can capture most of the fluctuations,
which shows a good model fit and calibrated uncertainty.
During the testing period, although some high peaks in
PM2.5 are slightly underestimated, the model still captures
the general trend and variability effectively. The majority
of actual values fall within the 90% PIs, suggesting the
model maintains good predictive performance and reliable
uncertainty estimation on unseen data.

Fig. 6 shows the performance of the WNN model with
UQ in predicting PM2.5 concentrations during both train-
ing (top) and testing (bottom) periods. During the training
period, there is a high correlation between the observed
concentrations and the estimated concentrations of PM2.5

using the proposed model. With 90% PI, the variability
in PM2.5 observations is adequately captured, indicating
calibration at an adequate level. The model follows the
trends of PM2.5 changes quite decently during the testing
window, yet there are a few very strong spikes that are not
caught properly in the first half of the period. Although
these anomalies exist, the vast majority of the real mea-
surements are still within the limits of the 90% PI, which
clearly depicts the excellent generalization expertise and
uncertainty modeling even in the case of steep changes in
the concentration value.

The enhanced LSTM-Attention structure using UQ has
excellent predictions on the concentrations of PM2.5. The
predictions are quite close to observed PM2.5 measurements
when analyzed throughout the training phase (top plot of
% continuously encloses the values within. These outcomes
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Fig. 5. PM2.5 predictions with 90% prediction intervals
using the GRU/Attn_UQ model for training and test

datasets.

Fig. 6. WNN model predictions with 90% uncertainty
intervals for PM2.5 during training and testing phases.

confirm a close model fit and certain uncertainty modeling.
The model continues to be able to monitor the general dy-
namics related to PM2.5 concentrations during the testing
phase (bottom plot in Fig. 7), with the majority of the ob-
servations still falling within the 90% prediction interval.
There is a modest propensity to understate notable peaks,
which is a feature shared by the majority of regression-
based models.

Fig. 7. LSTM model predictions with 90% uncertainty
intervals for PM2.5 during training and testing phases.

The performance in ML and its ability to generalize are
critical aspects that are determined by validation of the
model, through a comparison of outcomes that have been
anticipated and those that were actually observed. The
comparison of the performance between three models, i.e.,
CatBoost, HistBoost, and LightGBM, is shown in Fig. 8 in
terms of the scatter plot of the predicted versus real concen-
tration of PM2.5 during training and testing. These results
support the significance of this step as a method of evalu-
ating the reliability and robustness of the forecasts based
on machine-learning algorithms. All three models demon-
strate excellent agreement with actual values in the training
phase, as shown by the close alignment of points along the
45-degree line. However, in the test phase, while HGBoost
maintains relatively better generalization, both CatBoost
and LightGBM display a tendency to underestimate higher
PM2.5 values, with evident saturation effects where pre-
dictions flatten despite increases in actual concentrations.
This shows the different abilities of the models in capturing
extreme levels of pollution in unseen data.

Fig. 8 is a scatter plot of actual and predicted PM2.5 val-
ues of the WNN, GRUAttn, and LSTMAttn DL models at
training and testing stages. All models are very accurate in
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the training phase, with the data points being tightly clus-
tered around the perfect 1:1 line. Nevertheless, in the case
of testing the LSTM and GRU models, predictions are more
spread out, especially at elevated concentrations, which im-
plies declining generalization. Compared to WNN, higher
concentrations also show greater performance and are su-
perior to other ML and DL models. Overall, all models are
similar, but WNN has a slightly higher accuracy during
testing.

Fig. 8. True and forecasted PM2.5 of GRUAttn, LSTMAttn,
WNN, CatBoost, HistBoost, and LightGBM during the

training and the testing phases.

The preprocessing and simulation processes were re-
visited to correct the anomalies identified in Fig. 8. It
is shown in Table 2 that the LSTMAttn_UQ and GRU-
Attn_UQ models showed high levels of uncertainty quan-
tification with PICP values of 0.8954 and 0.8989, respec-

tively. LSTMAttn_UQ and GRUAttn_UQ had R2 values
of 0.8608 and 0.8459, respectively. Their accuracy in pre-
dicting the point was low, with RMSE values of 4.1552
and 4.3723, especially on the test set. The poor predictions
at higher levels in Fig. 8, when the models predict lower
PM2.5, could be attributed to inadequate treatment of high
concentration peaks in the preprocessing phase. Further
work will entail re-evaluating the data normalization pro-
cedure and making the models more sensitive to outliers
within the test set, improving the accuracy of predictions
with acceptable uncertainty measures.

The relatively poor predictive abilities seen at high PM

2.5 are likely due to the skewed nature of the data set in
which extreme pollution events occur less frequently. The
result is that during the training of the models, they are
exposed less to such patterns. Moreover, extreme values
can be underestimated due to pre-processing operations,
like normalization. This constraint is prevalent in time se-
ries air quality forecasting and underscores the importance
of future investigations on outlier-driven or peak-driven
forecasting methods.

For the ease of comparison between models, a single
analysis is presented, which involves both point prediction
measures and uncertainty measures compared in Table 2.
Each of the individual time-series plots (Figures 3–8) shows
model-specific behaviour; however, Table 2 provides a di-
rect quantitative comparison of model performance across
all models.

Table 2 presents the performance assessment of six UQ-
enabled models using different metrics: RMSE, R2, MAPE,
Explained Variance, Max Error, runtime (s), PICP, and
Mean Prediction Interval Width (MPIW) on training and
test data. Comparison of the results of critical test set, LST-
MAttn UQ and GRUAttn UQ show better UQ calibration
with PICP will have 0.8954 and 0.8989 respectively, which
will be nearest to the standard target of 0.90 but with higher
MPIWs (10.2352 and 10.3640) higher point prediction er-
rors (e.g., Test RMSE of 4.1552 and 4.3723) and much longer
run times (5 Contrarily, the WNN_UQ has the highest ac-
curacy in terms of point prediction in the test set (RMSE:
2.7495, R2: 0.9390, MAPE: 9.6251), but its test PICP (0.8285)
is in the middle of the target. Other models, especially Cat-
Boost_UQ (Test PICP: 0.5418), have significant undercov-
erage of the test set, for which UQ generalization is worse.
Therefore, if the primary objective is robust UQ calibration,
LSTMAttn_UQ and GRUAttn_UQ are the preferred algo-
rithms despite their computational cost and lower point
accuracy; if a balance of strong point prediction accuracy
and computational efficiency is prioritized with acceptable,
though not ideal, UQ performance, WNN_UQ emerges as
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a strong candidate.
To provide easy direct visual comparison of the princi-

pal test set accuracy and uncertainty metrics for the models
evaluated, Fig. 9 summarizes the accuracy and uncertainty
metrics in a unified representation. To evaluate the accu-
racy of point predictions, the horizontal axis plots RMSE,
and to assess the calibration of uncertainty, the vertical
axis shows PICP as compared to the target coverage level
0.90. The size of the bubbles is proportional to MPIW and
thus demonstrates prediction-interval sharpness. It is evi-
dent from the comparison that there is a trade-off between
predictive accuracy, uncertainty calibration, and interval
width. The lowest test RMSE (2.7495), which signifies the
best point-prediction accuracy, is obtained by WNN_UQ,
and PICP (0.8285) is below the nominal target. However,
LSTMAttn_UQ and GRUAttn_UQ result in PICP 0.8954
and 0.8989, respectively, near the target coverage and have
larger RMSE values and wider prediction intervals. Ac-
cordingly, the graph of the summary figure is presented to
help provide a visual complement to the detailed quanti-
tative/results of the model-specific figures shown in Fig-
ures 3–8 and the quantitative results shown in Table 2.

Fig. 9. Test-set comparison of predictive accuracy and
uncertainty performance across the six UQ-enabled

models

The purpose of the present study is to incorporate the
runtime data of the reporting as an important element to
highlight attention to the models' practical viability. Each
model's computational efficiency is evaluated based on
the time required for training and prediction, providing
insights critical for real-world applications. This is a cru-
cial performance measure, driving the selection of models
suitable for accuracy and efficiency, particularly in resource-
constrained environments. The time duration listed reflects
the efficiency with which these models can handle large
datasets, offering valuable insights into the real-world ap-

plications for each model.

Point prediction measures (RMSE, R2, and MAPE) and
UQ measures (PICP and MPIW) were used to assess the per-
formance in this work. Although this is potentially useful
data to be used, the fixed goal of 0.90 may restrict the notion
of uncertainty. In order to compensate for this limitation,
the other visualizations, calibration plots, and sharpness
diagrams are included, so that the analysis of uncertainty
quantification of these models can be expanded.

The calibration plot will display the “calibration curve”
that relates the intervals to the measured values. The major-
ity of the True values are within the ranges of the expected
values (see Fig. 10), showing good calibration of uncer-
tainty estimates. This result reinforces the notion that the
prediction regions of this model are well calibrated and can
be believed to be prediction useful in practice.

Fig. 10. Calibration graph where the predicted intervals
and the actual values are related

The width of the interval and its reliability are also se-
lected in Fig. 11 with the help of sharpness plots. A set of
such charts is presented, showing the success the model
has achieved at producing narrow informative uncertainty
intervals. The balance between a tight enough interval
and some degree of coverage (PICP, percentile cover range)
must be in place to ensure the reliability of the model. The
sharpness diagrams provide much insight into the model's
efficiency in quantifying uncertainty.

These visualizations allow for a more elegant view of
the uncertainty quantification capabilities of the model,
which allows studying the UQ measures in more detail.
The graphs complement the performance measures of PICP
and MPIW and provide the overall picture of the uncer-
tainty performance of the models, and help to choose the
most appropriate one based on the aims of the operations.
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Table 2. Summary of performance evaluation metrics for various UQ models on train and test datasets.

Model Set RMSE R2 MAPE Explained Max Runtime PICP MPIW

Variance Error (s)

LightGBM_UQ Train 0.6180 0.9901 4.3046 0.9901 37.9650 0.6491 0.9234 1.3171

Test 3.8441 0.8808 10.6092 0.8830 48.1632 0.6491 0.7483 2.0344

WNN_UQ Train 0.4986 0.9936 5.2531 0.9936 27.1214 1.5165 0.9269 1.0658

Test 2.7495 0.9390 9.6251 0.9392 38.0813 1.5165 0.8285 2.4662

CatBoost_UQ Train 0.2179 0.9988 2.2895 0.9988 3.1058 27.0903 0.8944 1.7641

Test 4.5266 0.8348 23.1399 0.8401 50.5567 27.0903 0.5418 3.5067

HGBoost_UQ Train 0.6230 0.9899 4.5912 0.9899 37.6667 5.5815 0.9304 2.1227

Test 3.8577 0.8800 10.4485 0.8820 47.9533 5.5815 0.7852 3.0290

LSTMAttn_UQ Train 2.7894 0.7982 31.9422 0.7989 62.1404 523.5885 0.9201 7.7566

Test 4.1552 0.8608 31.6299 0.8664 39.2705 523.5885 0.8954 10.2352

GRUAttn_UQ Train 2.7624 0.8020 30.5150 0.8036 62.3718 311.1731 0.9310 8.0411

Test 4.3723 0.8459 31.1970 0.8562 40.7261 311.1731 0.8989 10.3640

Fig. 11. Distribution of prediction-interval widths
illustrating the sharpness of the uncertainty estimates

4.1. Discussion

The prediction of indoor air quality, and particularly the
accuracy of predicting fine particulate matter, is important
because of its considerable impacts on health, cognitive
abilities, and general well-being. The accurate forecasting
of particulate matter is required to control the air quality
and to mitigate the corresponding health risks within an
indoor environment. The present paper compares different
DL and ML models that implement uncertainty quantifica-
tion methodologies to forecast the level of indoor particu-

late matter and estimate the corresponding uncertainties.
The article is valuable in managing indoor air quality in
a variety of indoor settings based on the analysis of the
trade-off between accuracy in prediction and uncertainty
measurement.

The study employs a methodology that involves a com-
bination of DL (long short-term memory, gated recurrent
units) and ML (categorical boosting, light gradient boost-
ing machine, histogram-based gradient boosting) models,
as well as uncertainty quantification techniques, includ-
ing Prediction Interval Coverage Probability and Mean
Prediction Interval Width. The models were trained and
tested on the IAQ dataset, with diverse environmental char-
acteristics, temperature, humidity, as well as particulate
matter concentrations. This dataset was preprocessed and
normalized using a sliding window method to deal with
the time-dependent nature of the data. Traditional regres-
sion performance metrics (root mean squared error, coef-
ficient of determination, mean absolute percentage error)
and uncertainty quantification measures (which measure
the reliability of the prediction bands generated by each of
the models) were used to measure the performance of the
models.

The results showed that attention-based DL models, i.e.,
long short-term memory with attention and gated recurrent
units with attention, were always most reliable in quan-
tification of uncertainty, with Prediction Interval Coverage
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Probability of 0.8954 and 0.8989, respectively. The values
indicate that the uncertainty estimations are accurately cal-
ibrated with values that approximate the target Prediction
Interval Coverage Probability of 0.90. However, these mod-
els had drawbacks in terms of point prediction, as they
were characterized by rather high root mean squared er-
ror (4.1552 and 4.3723) and long run time (523.59 seconds
and 311.17 seconds). On the other hand, the wavelet neu-
ral network model had a better point prediction accuracy,
indicated by the lowest root mean squared error (2.7495),
highest coefficient of determination (0.9390), and the short-
est run time (1.5165 seconds); nevertheless, it had a lower
Prediction Interval Coverage Probability (0.8285), which
represents reduced reliable quantification of uncertainty.
Both the categorical boosting and histogram-based gradient
boosting models performed well in training and could not
generalize uncertainty estimates to unknown data, lead-
ing to large undercoverage in test sets (e.g., categorical
boosting test Prediction Interval Coverage Probability of
0.5418). Such results highlight the importance of balancing
predictive efficiency, uncertainty evaluation, and computa-
tional efficiency during the selection of predictive models
to predict indoor air quality.

Although this research has shown various strengths,
there are also some weaknesses that require solutions. One
of its drawbacks is relying on only one data set, which can
be too restrictive in the degree of heterogeneity found in
most indoor cases. The study primarily deals with the con-
centration of indoor particulate matter, and a possible ex-
tension to other pollutants, such as carbon dioxide, volatile
organic compounds, etc., might provide a better picture of
indoor air quality. In addition, although the models used
in this case were successful, their successful application
could depend on the quality and quantity of the data as
well as the idiosyncracies of the interior environment. The
computation time requirements of such DL models may
restrict their in-the-wild applications for resource-limited
devices, specifically for those models with long short-term
memory and gated recurrent units. Careful calibration and
validation of the indoor air quality models are needed to
ensure that the uncertainty estimates are reliable and in-
formative for the specific application of quantification of
uncertainty, particularly in sensitive applications such as
hospitals and schools.

4.2. Comparison with Existing Uncertainty Quantifica-
tion Approaches

The most recent QK methods introduced in the literature
are generally based on either Bayesian neural networks,
Monte Carlo dropout, deep ensembles, quantile regression,

or conformal prediction. In air quality and environmen-
tal predictions, these have been shown to give predictive
interval coverage probabilities of 0.85–0.92, whereas de-
terministic approaches yield coverage probs of 0.75–0.85,
while expending higher computational complexity and
training costs. The prediction intervals are relatively broad,
and the implementation is comparatively complex for the
attention-based recurrent models presented in the present
study, which exhibit very similar coverage (PICP = 0.895–
0.899) and are not overly complicated.

The framework presented here allows efficient uncer-
tainty estimation without having to generate multiple
model ensemble realisations or stochastic samples, as is
required in the Bayesian or ensemble-based methods. Fur-
thermore, the present study offers a stringent comparison
of both machine learning and deep learning architectures
under the same setting and conditions, clearly articulating
the point prediction accuracy vs uncertainty calibration
trade-off. These results show that using attention-based
recurrent models is better for tasks where uncertainty re-
liability is emphasized, while WNN-UQ is better when
computational efficiency and point accuracy are empha-
sized. This comparative analysis also reveals the applica-
tion value of the proposed framework in implementing
IAQ monitoring systems with low-cost sensors in an IoT
environment.

4.3. Generalizability and Limitations

The experimental assessment in this study is carried out
with one publicly available time series of indoor air qual-
ity with particulate matter concentration PM2.5, capturing
its performance in this specific case and from this specific
dataset, which reduces the absolute generalization level re-
garding the performance of the different strategies when ap-
plied to different building types. Concentration dynamics
and uncertainty characteristics can be affected by different
levels of nutritional needs, different occupation, different
sensor locations, and different emission sources. Despite
this, the main strength of this work is the comparison of sev-
eral architectures of ML and DL networks operated in the
same conditions, on which it is possible to get a strong sense
of the relative behavior and behavior–accuracy trade-off of
the models. The observed results, such as the better uncer-
tainty calibration for attention-based recurrent networks
and computational efficiency for WNNs, are generally the
same for similar IAQ-related forecasting tasks, as both mod-
els are general-purpose temporal learners. More compre-
hensive research will build upon this for multi-building
and multi-climate datasets, and explore transfer learning
and domain adaptation to boost cross-environment perfor-
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mance.
It is important to highlight that the results of this work

depend on the dataset employed and therefore cannot be
straightforwardly generalized over all indoor settings. The
performance of the models may be affected by the differ-
ences in the characteristics of the buildings and their use, as
well as in ventilation conditions, occupancy, and pollutant
sources. It's important to therefore understand how the
findings should be taken as results of the analysed dataset.
Further, other variables like ventilation rates and occu-
pancy that are known to greatly affect the dynamics of IAQ
in real houses are not included in the dataset. The omission
of these variables may affect the capacity of the models to
describe underlying physical processes and sensors.

5. Conclusion

This paper examined the performance of different DL and
ML models in predicting indoor PM2.5 concentrations, with
predictive uncertainty being strictly measured. The main
results of the study highlight the importance of a major
trade-off between the accuracy of uncertainty estimates and
point prediction accuracy and efficiency in computational
time. LSTMAttn_UQ and GRUAttn_UQ attention-based
DL models turned out to be the best regarding UQ. Their
Prediction Interval Coverage Probabilities (PICP) were al-
ways close to the target of 0.90, with 0.8954 and 0.8989
on the unseen test data, respectively. This proves their
ability to produce well-calibrated and trustworthy predic-
tion intervals, which are important in the context of an
application where the range of potential outcomes is very
important. Nevertheless, this strong UQ performance was
associated with wider Mean Prediction Interval Widths
(MPIW of 10.2352 and 10.3640), greater point prediction
errors (e.g., test RMSEs of 4.1552 and 4.3723), and more sig-
nificant run times (523.59s and 311.17s). Conversely, model
WNN UQ had the lowest test RMSE (2.7495), greatest R
2 (0.9390), and minimum MAPE (9.6251), and had a short
model running time (1.5165s). Although it had a decent test
PICP of 0.8285, it showed a weaker quantification of uncer-
tainty as compared to the attention-based DL architectures.
Other ensemble ML models, including LightGBM_UQ, HG-
Boost_UQ, and especially CatBoost_UQ, indicated a sharp
decline in PICP on the test data (e.g., CatBoost_UQ test
PICP=0.5418), although they had sufficient coverage on
the training data. This indicates that these models, under
the UQ formulations investigated, do not extrapolate their
uncertainty estimates well to unseen data, making their
prediction intervals less reliable. In summary, the applica-
tion requirements play an important role in the selection of
indoor PM2.5 forecasting models. If the primary objective

is to obtain high-fidelity uncertainty quantification, e.g., in
health-sensitive environments and/or risk assessment, it
is suggested to use LSTMAttn_UQ or GRUAttn_UQ, al-
though they are somewhat more expensive to compute and
slightly less accurate in terms of point accuracy. On the
other hand, if fast and precise point forecasts are desired,
possibly ignoring the awareness at a reasonable but not
optimum level, then WNN_UQ becomes an attractive solu-
tion. In conclusion, the presented study systematically com-
pares the performances of ML and DL models in the context
of probabilistic forecasting of indoor PM2.5 concentrations
and provides practical suggestions for building Indoor Air
Quality (IAQ) monitoring systems with uncertainty-aware
predictive capability using the Internet of Things (IoT).

nomenclature

Acronyms
R2 Coefficient of Determinationˆ︁y The predicted target value
rt The reset gate
y The predicted value
zt The update gate
ANN Artificial neural networks
catBoost Categorical Boosting
CNN Convolutional Neural Networks
EPA Environmental Protection Agency
GRU Gated Recurrent Units
HGBoost Histogram-Based Gradient Boosting
HVAC Heating, Ventilation, and Air Conditioning
IAQ Indoor Air Quality
IEQ Indoor Environmental Quality
LightGBM Light Gradient Boosting Machine
LSTM Long Short-Term Memory
MPIW Mean Prediction Interval Width
PICP Prediction Interval Coverage Probability
UQ Uncertainty Quantification
WNN Wavelet Neural Network
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