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ABSTRACT In the people’s everyday life, one of the most significant (and unfortunately well-known)
environmental problems with substantial impact and effects is air pollution. To this end, extensive research
(e.g., conducted by the World Health Organization, WHO) has uncovered a non-negligible correlation
between hazardous environments and airborne Particulate Matters (PMs), emphasizing the importance of
monitoring pollution to mitigate its adverse effects. In fact, since PMs are microscopic particles of solid or
liquid materials suspended in the atmosphere and have negative effects on both weather and precipitations,
it has been highlighted that the diffusion of diseases through the inhalation or absorption of contaminants is
a concerning outcome of polluted environments. Hence, focusing on the critical need to monitor air quality
in common (livable and work) environments (e.g., airports, public transports, or any closed environment)
using affordable, compact IoT devices capable of collecting and processing environmental data, as well
as forecasting future air quality trends, in this paper we present an experimental evaluation of several
Machine Learning (ML), Deep Learning (DL), and quantized DL models designed to accurately predict air
pollution (in terms of PM2.5 concentration). Furthermore, we conduct a comparative analysis of state-of-the-
art DL models, unveiling the trade-offs associated with each ML/DL model, and discussing their practical
applications and potential deployment on tiny IoT devices for on-site computing. Our results show that
Convolutional Neural Network-Bidirectional Gated Recurrent Unit (CNN-BiGRU) is the best performing
model. According to the obtained results, using 8-bit quantization on CNN-BiGRU allows to achieve a 66%
model size’s reduction with only a 1% drop in average prediction accuracy, making it a balanced and efficient
choice for several applications.

INDEX TERMS Air quality, deep learning, forecasting, Internet of Things, machine learning, tiny devices.

I. INTRODUCTION
Environmental contamination (and, in particular, air pol-
lution) has been a commonly discussed issue in recent
years, with Particulate Matters (PMs)—short particles or
droplets suspended in the atmosphere having the potential to
be breathed and penetrate the bloodstream—being a major
concern due to their harmful impacts on human health [1], [2].

The associate editor coordinating the review of this manuscript and
approving it for publication was Alessandro Pozzebon.

In fact, the World Health Organization (WHO) estimates that
illnesses caused by air pollution are responsible for more than
7M premature deaths annually [3]. Furthermore, according
to [4], a daily exposure to 10 µg/m3 of fine PM increases
mortality risk by up to 1% for respiratory diseases, especially
with lung cancer (where mortality rate rises by 15 to 27%),
and cardiovascular disease mortality by 10%. Additionally,
hospital admissions for non-communicable respiratory con-
ditions, namely asthma, pneumonia, flu, and bronchiolitis,
increase by up to 4%, 3.9%, and 7%, respectively. air
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pollution increases the risk of neurodegenerative diseases
such as Alzheimer’s and Parkinson’s [5], [6]. Then, air
pollution poses risks also to plants and animals: with the air
mainly composed of nitrogen (N2, about 78%), oxygen (O2,
about 21%, particularly important for plants and animals’
growth and development), carbon dioxide (CO2, in small
percentage, useful for the photosynthesis of green plants),
water vapor, and other compounds, an excessive increase of
pollutants in the air could alter the correct development and
lead to pathologies [7]. This further motivates the need to
define proactive long-term strategies to mitigate pollution (as
much as possible), especially for population well-being [8],
[9]. Therefore, such strategies might be enabled through
enhanced monitoring systems defined on the basis of Inter-
net of Things (IoT)-oriented well-known architectures and
widely adopted processing and communication patterns—
e.g., based on Machine Learning (ML), Deep Learning (DL),
and quantized models [10]. In particular, this allows to take
properly into account non-linear relationships between input
variables (i.e., time series [11]) and process large amounts of
data, in the end obtaining a higher prediction accuracy than
that with traditional approaches [12].

In this paper, a comparative performance evaluation
(in terms of accuracy-complexity trade-offs) of different
ML/DL models (namely: Recurrent Neural Network, RNN;
Convolutional Neural Network, CNN; Long Short-Term
Memory, LSTM; Gated Recurrent Unit, GRU; Legendre
Memory Unit, LMU; Temporal Convolutional Network,
TCN; Bidirectional GRU, BiGRU; Bidirectional LSTM,
BiLSTM; CNN-GRU, CNN-LSTM, CNN-BiGRU, CNN-
BiLSTM) used to predict PM2.5-related Air Quality Index
(AQI) [13], is discussed. Then, different evaluation metrics
(namely: Root Mean Square Error, RMSE; Mean Absolute
Error, MAE; Mean Absolute Percentage Error, MAPE;
coefficient of determination, denoted as R2) and various
values of the time lag—corresponding to the number of
past observations to be considered to predict the next
time step observation value—are considered to maximize
estimation accuracy. Finally, a Post-Training Quantization
(PTQ) technique is applied to evaluate the feasibility of
further optimizing (as much as possible) DL models on tiny
IoT devices, resource-constrained in terms of memory and
computational capabilities.

The main contributions of this paper can be summarized
as follows: (i) a comparative analysis of different ML and
DL models for predicting air quality (in terms of PM2.5
concentration) will be presented; (ii) the impact of time
lag on the prediction accuracy will be investigated; (iii) the
complexity and the memory space required to deploy and run
the considered models on tiny IoT devices will be considered,
in particular evaluating the adoption of PTQ techniques.

The remainder of the paper is organized as follows.
In Section II, an overview on related works is given.
Section III introduces the considered ML and DL models,
while Section IV discusses the proposed data analysis
technique. Section V presents the reference air quality

dataset, the experimental performance results, and the PTQ
technique. Finally, in Section VI conclusions are drawn.

II. LITERATURE REVIEW
In the following, an overview on air quality prediction
techniques proposed in the literature is presented, focusing
on ML/DL approaches and on the use of IoT devices,
respectively.

A. AIR QUALITY PREDICTION THROUGH ML AND DL
APPROACHES
Several studies focus on RNN architectures [14], such as
LSTM [15] and GRU [16], due to their ability to capture
temporal dependencies in air quality samples. These models
have shown to successfully predict pollutant concentrations
with high accuracy.

In [17], a comprehensive comparison between ML
algorithms—including Support Vector Machine (SVM),
k-Nearest Neighbors (k-NN), and Random Forest (RF)—
to predict atmospheric PM2.5 levels in the city of Isfahan,
Iran, on the basis of data from 7 stations in the time period
2011–2019, with a total amount of 9 features, is presented.
According to the obtained results, Artificial Neural Networks
(ANNs) hit a 91.1% accuracy, followed by RF, SVM,
and k-NN.

Authors in [18] conduct a comparison between LSTM and
Seasonal AutoRegressive Integrated Moving Average with
eXogenous regressor (SARIMAX) models [19] for PM2.5
prediction in Bangkok in the time period 2017–2018. Their
results show that LSTM achieves lower (in terms of 24 hour
average value) RMSE and MAE values equal to 6.04 units
and 4.86 units, respectively, while SARIMAX returns values
equal to 7.99 units and 5.74 units, respectively.

In [20], a model, denoted as Aggregated LSTM (ALSTM),
allows to forecast the concentration of PM2.5 in five distinct
industrial air quality sites in Taiwan. In detail, the adopted
dataset consists of 17 environmental features collected in the
time period 2012–2017, while the proposed model consists
of stacked LSTM layers followed by fully-connected dense
layers. The ALSTM model demonstrates superior accuracy
when compared to LSTM, Gradient Boosted Tree Regression
(GBTR) [21], and Support Vector Regression (SVR) [22]
models.

Authors in [23] target the prediction of PM2.5 in eight
Korean cities, taking into account a dimensionality problem
caused by a dataset with numerous variables and limited
observations, and reducing it using RNN, LSTM, and BiL-
STMmodels with Principal Component Analysis (PCA) [24].
The obtained results show that using PCA with LSTM and
BiLSTM reduces RMSE and MAE by 16.6% and 33.3%,
respectively.

In [25], a CNN-LSTM model is proposed in order to
predict the PM2.5 concentration in Beijing considering
spatio-temporal correlations, over a dataset composed
of 20,757 pollutant concentration and meteorological
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TABLE 1. Literature works categorized along their main features.

parameters’ observations collected in the time period
January 2015–March 2020. According to the obtained
results, CNN-LSTM outperforms Multi-Layer Perceptron
(MLP) and LSTM. Moreover, a combination of one-
dimensional (1D) Convolutional and BiGRU (CBGRU)
model for PM2.5 short-time prediction is proposed
in [26]. In detail, the chosen dataset is composed of
43,8008-feature hourly observations collected in the time
period January 2010–December 2014, while the proposed
model is composed of two 1D convolutional layers followed
by two BiGRU layers. According to the obtained results,
CBGRU provides a lower prediction error in comparison to
DL models (including LSTM, GRU, and RNN). Similarly,
the performances of LSTM, GRU, and BiLSTM are
compared in [27], in order to predict PM2.5 in three
Korean cities (namely: Seoul, Daejeon, and Busan), using
a 1-hour interval dataset collected in the time period
May 2014–December 2021. The presented results show
that BiLSTM is the best performing in terms of long-term
predictions.

In [28], a stacked LSTM model is proposed to predict the
next hour PM2.5 concentration in the city of Istanbul, Turkey,
training the model over a dataset collected in the time period
January 2015–November 2019. According to the obtained
results, the proposed model outperforms LSTM, RNN, and
GRU, with an RMSE equal to 25.20 units.

Finally, a 1D-CNN-BiLSTM model with parallel input
from the target and neighboring monitoring stations is
presented in [29] for the hourly prediction of PM2.5. As a
result, the suggested method chooses neighboring stations
based on distance and wind statistics, proving to be effective
when a combined use of target and chosenmonitoring stations
is performed.

B. AIR QUALITY PREDICTION ON
RESOURCE-CONSTRAINED DEVICES
A tinyMLmodel effective in predicting the AQI using trained
Decision Tree (DT), RF, and XGBoost models is proposed
in [30]. Although faced with computational limitations, the

authors achieve an accuracy of 75.2% adopting XGBoost,
that outperforms both RF and DT while complying with
a 2 MB memory limitation. Similarly, in [32] a low-cost
device—based on a Raspberry Pi Pico as the main micro
controller—for air quality monitoring and prediction is pro-
posed. In detail, two models (composed of 2D convolutional
layers making an AutoEncoder, AE) are used: the first model
forecasts CO2, temperature, and humidity, by analyzing
six hours of past observations; the second model (namely,
a model imputer [33]) is used for missing values imputation.
Then, with model predictor’s and model imputer’s sizes of
107,708 and 126,536 B, respectively, the light models’ size
decrease by 47.7% and 56.6%, respectively.

Finally, in [31] a comparative analysis and performance
evaluation (in terms of computational complexity) of differ-
ent ML and DL models on a tiny IoT device to forecast the
PM2.5 concentration is proposed. According to the obtained
results, GRU provides the most accurate prediction with
respect to the other considered models.

1) STATEMENT OF CONTRIBUTION
For the sake of clarity, a tabular comparison between
the previously detailed literature works and the approach
proposed in this work is shown in Table 1. In the following,
the key contributions of our proposed air quality prediction
mechanism are listed.

1) This paper provides a comprehensive evaluation of
various DLmodels in terms of both prediction accuracy
and computational complexity, addressing trade-offs
required for their deployment on resource-constrained
devices.

2) This paper discusses the implementation of 8-bit
quantization to evaluate its influence on the prediction
performance, providing insights into the effects of
model compression on accuracy and efficiency.

3) This paper highlights the use of HyperParameters Opti-
mization (HPO) to identify the optimal architecture and
hyperparameters, thus improving both performance
and resource efficiency.

4) This paper focuses on IoT deployability by evaluating
models for real-world implementation, demonstrating
their practical feasibility in edge computing environ-
ments.

III. BACKGROUND
Before investigating the proposed air quality estimation and
prediction model (detailed in Section IV), as well as the
experimental performance (discussed in Section V), in the
following an overview on the considered ML and DL models
is presented, to highlight their features.

A. RECURRENT NEURAL NETWORK (RNN)
Due to their simple internal architecture, RNN cells are
fundamental for sequential data modeling, making them
suitable for time series prediction tasks (such as air quality
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FIGURE 1. Simplified mathematical model of an LSTM.

forecasting). In detail, even if traditional RNNs may suffer
from the vanishing gradient problem, limiting their ability
to capture long-term dependencies effectively, they can be
represented as follows:

σ (z) =
1

1 + e−z
(1)

ht = σ (Whh · ht−1 + Wxh · xt + bh) (2)

yt = softmax(Why · ht + by) (3)

where: σ is the sigmoid activation function; ht ∈ Rnh×1 is
the hidden state at time t , with nh representing the dimension
of the hidden state vector; xt ∈ Rnx×1 is the input at time t ,
with nx corresponding to the dimension of the input vector;
yt ∈ Rny×1 is the output at time t , ny representing the dimen-
sion of the output vector; Whh ∈ Rnh×nh , Wxh ∈ Rnh×nx

and Why ∈ Rny×nh are the weight matrices; bh ∈ Rnh×1 and
by ∈ Rny×1 are bias vectors.

B. LONG SHORT-TERM MEMORY (LSTM)
LSTM networks integrate specialized memory cells and
gating mechanisms, enabling to selectively retain or discard
information across long sequences. For the sake of compre-
hension, an LSTM block (whose block representation at a
certain time instant t is shown in Figure 1) can be defined
as follows:

f t = σ (Wfhht−1 + Wfxxt + bf ) (4)

it = σ (Wihht−1 + Wixxt + bi) (5)

ot = σ (Wohht−1 + Woxxt + bo) (6)

C̃ t = tanh(Wchht−1 + Wcxxt + bc) (7)

C t = ft · C t−1 + it · C̃ t (8)

ht = ot · tanh(Ct) (9)

where: Wfh, Wih, Woh, Wch ∈ Rnh×nh (with nh representing
the dimension of the hidden state vector) and Wfx , Wix ,
Wox ∈ Rnh×nx are the weight matrices for forget gate, input
gate, output gate, and candidate cell state, respectively (with
nx corresponding to the dimension of the input vector);
bf , bi, bo, bc ∈ Rnh×1 are the bias vectors for forget gate,
input gate, output gate, and candidate cell state, respectively;
ht−1 ∈ Rnh×1 is the previous hidden state (output) of the

FIGURE 2. Simplified mathematical model of a GRU.

LSTM cell; xt ∈ Rnx×1 represents the current input at time
t; ft is the output of the forget gate; it corresponds to the
output for the input gate; ot ∈ Rnh×1 is the output of the
output gate; C̃ t ∈ Rnh×1 represents the state of the candidate
cell; Ct ∈ Rnh×1 corresponds to the state of the final cell;
ht ∈ Rnh×1 represents the output of the hidden state, which
is the output of the LSTM cell at time t; and

tanh(x) =
ex − e−x

ex + e−x
=

1 − e−2x

1 + e−2x . (10)

C. GATED RECURRENT UNIT (GRU)
A GRU represents a particular RNN with a simpler structure
with respect to an LSTM network, since GRU does not
use the memory cell and the forget gate is removed to
reduce complexity. Then, GRUs are effective in capturing
sequential dependencies (even if they might not perform
as well as LSTMs when dealing with complex long-term
dependencies), while being computationally more efficient
than LSTMs (using fewer parameters). However, a GRU’s
cell is composed of two gates, namely update gate and reset
gate. In addition, only the hidden state is used in its structure,
for the sake of simpler and faster model training [34]. For the
sake of completeness, the architecture of a GRU (shown in
Figure 2) can be defined as follows:

zt = σ (Wzhht−1 + Wzxxt + bz) (11)

rt = σ (Wrhht−1 + Wrxxt + br ) (12)

h̃t = tanh(Whh(rt ⊙ ht−1) + Whxxt + bh) (13)

ht = (1 − zt ) ⊙ ht−1 + zt ⊙ h̃t (14)

where: zt ∈ Rnh×1 is the update gate and rt ∈ Rnh×1 is the
reset gate; h̃t ∈ Rnh×1 is the new candidate activation, with
nh corresponding to the dimension of the hidden state vector;
ht is the new hidden state; Wzh, Wrx , Whh ∈ Rnh×nh and
Wzx , Wrx , Whx ∈ Rnh×nx are the weight matrices (with
nx representing the dimension of the input vector); bz,
br ∈ Rnh×1 are the bias vectors; ⊙ corresponds to the
element-wise multiplication.
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FIGURE 3. (a) Typical convolutional network with kernel size equal to 3; (b) causal convolutional network with kernel size equal to 3;
(c) dilated causal convolutional network with kernel size equal to 3 and dilation rate equal to 2.

D. TEMPORAL CONVOLUTIONAL NETWORK (TCN)
TCN is a particular type of 1D-CNN effective in analyzing
sequential data [35], which incorporates three components:
(i) causal convolution, discussed in Subsection III-D1;
(ii) dilated convolution, discussed in Subsection III-D2;
(iii) residual connections, discussed in Subsection III-D3.
In detail, a TCN allows (using causal convolutions) to prevent
data from leaking from the future to the past, allowing
the architecture to generate an output sequence with length
similar to any input sequence using zero padding [36].
In Figure 3, a comparison between (a) typical, (b) causal, and
(c) dilated convolutional network structures is shown. In the
following, these architectures will be shortly discussed.

1) CAUSAL CONVOLUTION
Causal convolutions limit predictions to past observed data,
with the convolution operation at time epoch t only applying
to data preceding time epoch t (namely: x0, x1, . . . , xt−1).
This ensures that the convolution outcome at time t is
unaffected by future information.

2) DILATED CONVOLUTION
The dilated convolution allows TCN to increase its receptive
field without drastically increasing the number of parameters,
thus allowing the model to capture long-range dependencies
by increasing the dilation rate at each layer, but without losing
resolution or computational efficiency [37].

3) RESIDUAL CONNECTION
It is well-known that the size of the convolution kernel,
dilation factor, and network depth determine the receptive
field of a TCN. Moreover, the accuracy of the training
set will be saturated or worsened as the network deepens
and the model’s parameters increase, resulting in vanishing
or exploding gradient. Therefore, in order to address these
issues, the TCN incorporates residual connections in its

FIGURE 4. Simplified mathematical model of an LMU.

FIGURE 5. Simplified mathematical model of a BiRNN.

output layer, which help the propagation of data across the
layers [38].

E. LEGENDRE MEMORY UNIT (LMU)
LMU is a recently introduced RNN using less computa-
tional resources to preserve long-range time dependencies.
In detail, LMUs break down the time history into d
Ordinary Differential Equation (ODEs) exploiting Legendre
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polynomials and Fourier attributes to orthogonalize the
continuous-time history of its encoded input signal (denoted
as ut ∈ R) [39]. For the sake of completeness, a LMU (whose
block architecture is shown in Figure 4) can be defined as
follows:

ut = eTx xt + eTh ht−1 + eTmmt−1 (15)

mt = Āmt−1 + B̄ut (16)

ht = f (Wxxt + Wmmt + Whht−1) (17)

where: f (·) is a non-linear function (such as tanh);
Wx ∈ Rnh×nx , Wh ∈ Rnh×nh , Wm ∈ Rnh×d represent the
weight matrices; ex ∈ Rnx , eh ∈ Rnh , em ∈ Rd are the encod-
ing vectors; xt represents the input at the current time step t;
mt ∈ Rd denotes the unit’s linear memory; ht represents the
non-linear hidden state; Ā ∈ Rd×d and B̄ ∈ Rd×1 correspond
to the discretized matrices provided by ODEs; nh and nx
are the dimension of the hidden state and input vectors,
respectively.

F. BIDIRECTIONAL RNN (BIRNN)
In a BiRNN, data sequences are processed in two directions,
namely forward and backward. This motivates the reason
why designing BiRNNs generally comprises two hidden
layers at each time step (as shown in Figure 5): the first layer
is used to process the sequence in the forward direction, while
the second layer is expedient to process the sequence in the
backward direction.

G. OVERALL DISCUSSION
Overall, the ML/DL models previously discussed and con-
sidered in the further experimental performance evaluation
are particularly well-suited for correlated sequential data
with multiple inputs and outputs. Moreover, TCN and LMU
have been included as novel models capable of efficiently
capturing long- and short-term temporal dependencies.
In fact, traditional ML models (such as AdaBoost, DT and
RF) are susceptible to overfitting, particularly when the
models are complex. As the model complexity increases,
both the training and prediction times tend to increase sig-
nificantly [40], [41]. Furthermore, they often face challenges
in complex scenarios involving long-term information [42].
Then, as will be better highlighted in Subsection V-D,
including a quantization layer in the processing pipeline for
DL models ensures an optimized deployment for constrained
devices.

IV. PROPOSED MODEL
On the basis of theML and DLmodels detailed in Section III,
in the following the different steps defined in the proposed
comparative performance analysis are discussed, namely:
data preparation (detailed in Subsection IV-A); Bayesian
Optimization (BO, detailed in Subsection IV-B); and a sliding
window technique (detailed in Subsection IV-C).

FIGURE 6. PCC of the features of the adopted dataset.

A. DATA PREPARATION
The data preparation step includes data correlation
analysis (Subsection IV-A1) and data normalization
(Subsection IV-A2), as follows.

1) DATA CORRELATION ANALYSIS
In order to perform a data correlation analysis, the Pear-
son Correlation Coefficient (PCC) [43] has been adopted.
In detail, PCC (denoted as ρ) is a statistical metric accurately
measuring importance and trend of the dependence between
two variables, and defined as

ρ =

∑n
i=1(Xi − X̄ )(Yi − Ȳ )√∑n

i=1(Xi − X̄ )2
√∑n

i=1(Yi − Ȳ )2
(18)

where: n corresponds to the number of observations; Xi
and Yi are individual data points; X̄ and Ȳ represent the
average values of the random variables X and Y , respectively.
To this end, PCC can range from −1 to 1: two variables with
the same direction of variation lead to the highest positive
correlation (ρ = 1); two variables with opposite directions of
variation lead to the highest (in norm) negative correlation
(ρ = −1); finally, the absence of a linear dependency
between the considered variables leads to ρ = 0. For the
sake of completeness, the PCC obtained on the features
still present in the adopted dataset—further described in
Subsection V-A—is shown in Figure 6.

Looking at the PCC values shown in Figure 6, it can
be observed that each feature exhibits a weak or moderate
positive correlation with the others. This indicates that all
features contribute complementary information to predict
PM2.5 levels. Moreover, with this limited information set,
a feature augmentation may result in noise, potentially
leading to overfitting and increasing model complexity.
Consequently, only the declared features are retained for
models training.
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2) DATA NORMALIZATION
Data normalization eases the training process of NNs by
ensuring that the different features representing the candidate
dataset are mapped to a comparable scale, thus accelerating
the convergence of different algorithms while enhancing
the stability and efficiency of the proposed model. For this
reason, the MinMaxScaler function [44], adopted in the
proposed performance analysis, allows to map input data
within a specific range (typically [0, 1] or [−1, 1]) and can
be defined as

xscaled =
x − xmin

xmax − xmin
(19)

where: x and xscaled represent original and scaled values of a
specific feature, respectively; xmin and xmax correspond to the
minimum and maximum values of that feature, respectively.
In fact, the MinMaxScaler function is applied in order to
prevent data distortion from changes in standard deviation,
as it reshapes the data to fit within a specified range and
preserves data sparsity.

B. BAYESIAN OPTIMIZATION (BO)
BO represents a popularmethod for hyperparameter tweaking
in DL models, as it allows performance optimization,
reducing overfitting and underfitting, and improving gen-
eralization, resource efficiency, and durability [45]. These
benefits become more and more evident when compared
to traditional techniques (e.g., grid search and random
search), which show significant limitations. In particular,
grid search becomes computationally inefficient because
of an exponential growth of the number of evaluations,
as the number of hyperparameters increases, while random
search may waste resources by exploring poorly performing
regions and failing to focus on optimal configurations [46].
In contrast, BO performs a global optimization of black-box
functions by employing a probabilistic model, typically a
Gaussian Process (GP), to more effectively explore the search
space [47]. To this end, the HPO task can be formally defined
as:

x⋆
= argmin

x∈X
f (x) (20)

where f (x) represents the objective function to be minimized,
and x denotes the vector of hyperparameter configurations
within the search space X . Consequently, the set of hyper-
parameters x⋆ will yield the minimal objective function value
observed thus far.

For completeness, the following hyperparameters have
been optimized: learning rate, units per layer, batch size, and
activation function. More in detail, they have been chosen
due to their significant impact on models’ performance,
efficiency, and generalization capabilities. Thus, in order
to guide the search, we employed the Expected Improve-
ment (EI) acquisition function—calculating the potential for
improvement at each new point in the search space and
focusing the optimization on promising areas—defined as

TABLE 2. Accuracy of the considered ML and DL models in terms of the
ratio r between GPs and RFs considering different time lags W .

follows:

EI(x) = E
[
max

(
0, f (xbest) − f (x)

) ]
(21)

where: xbest corresponds to the set of hyperparameters
providing the best objective function up to the current
optimization step. To this end, the hyperparameter search
space was carefully defined to ensure a comprehensive
exploration. With regard to the learning rate, we set a
continuous range from 10−5 to 10−3, while the number of
units per layer was optimizedwith integers ranging from 32 to
128, the batch size was optimized with integers ranging from
16 to 32, and the activation function was chosen between
ReLU and tanh.

In the following a performance comparison of the BO
technique using different surrogate models, namely GPs and
RFs [48], [49], is detailed. Then, since in BO a surrogate
model offers an approximation of the actual objective
function under optimization, correlating input data to output
data, when the actual relationship is either unknown or
computationally costly, in order to compare original and
surrogate models, the accuracy is evaluated through the
RMSE, chosen as optimization metric and described in
Subsection V-B. In particular:

• RMSEGP represents the RMSE obtained using a GP
surrogate model;

• RMSERF represents the RMSE obtained using a RF
surrogate model.

Hence, a ratio (denoted as r) between GPs and RFs, with
BO serving as the baseline model, is calculated as follows:

r = 1 −

(
RMSEGP
RMSERF

)
(22)

where: r > 0 indicates that GPs outperformRFs (RMSEGP <

RMSERF ); while r < 0 shows an improved performance of
RFs compared to GPs (RMSEGP > RMSERF ).
In Table 2, the ratio r obtained by all the considered

ML/DL models is shown, considering various values of W ,
which corresponds to the time lag. From the obtained results,
it can be observed how GPs yield an average improvement
(in terms of model accuracy) equal to 0.37%, at the same
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TABLE 3. Bayesian hyperparameters for the different time lags W .

FIGURE 7. Flowchart of the proposed prediction process.

time not increasing the model’s complexity. GP surrogates
are particularly effective where the hyperparameter space
is low-dimensional and composed mainly of continuous
parameters [50]. In contrast, RF surrogates naturally manage
high-dimensional spaces that include a mix of continuous,
discrete, categorical, and conditional variables. The inherent
structure of ensemble trees allows RF models to scale better
as the hyperparameter space increases while also providing a
lower computational cost [51].
Ultimately, the decision to use GP or RF surrogate

models in BO depends primarily on the characteristics of
the hyperparameter space. In our study, by focusing on
optimizing four hyperparameters, GP models can explore
more efficiently and at a lower computational cost, thereby
narrowing the gap between GP and RF approaches.

C. SLIDING WINDOW TECHNIQUE
Finally, a sliding window technique has been adopted in the
proposed model to convert time series data into sequential
data, in order to forecast PM2.5 levels for both short-term and

TABLE 4. Combinations of sampling time tsampling, prediction horizon s,
and number of predictions npred , applied on the chosen air quality
dataset.

long-term time horizons. In particular, this approach involves
the evaluation of several time lags W to identify the setting
which enables the model to adequately represent temporal
dependencies. The selected time lag allows to identify
patterns and relationships between past PM2.5 concentrations
and future values by examining historical data through the
sliding window. By integrating the relevant information from
several time intervals, the sliding window approach improves
the model’s precision in predicting PM2.5 levels across
different time horizons.

For the sake of completeness and clarification, a graphical
representation of the proposed prediction process (returning
the experimental results further detailed in Section V) is
shown in Figure 7, while the detailed architectures of the
proposed models are listed, considering various values of the
time lagW , in Table 3.

V. RESULTS
A. DATASET
The experimental dataset (publicly available at [52]) is
composed of air quality measurements collected in an
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interior travelers transit area at the Brindisi airport, in the
south of Italy [53] in the time period October 2022–
October 2023. In detail, three inexpensive commercial
sensors—namely, Adafruit MiCS5524, Sensirion SCD30,
and Sensirion SPS30—have been used to collect air qual-
ity data, such as CO2, temperature, humidity, aggregated
gas levels, and PM2.5, with a 2 sec sampling period.
By employing the sliding window mechanism (detailed in
Subsection IV-C) there has been the flexibility to re-sample
the dataset at different sampling periods. The considered
combinations of values of the sampling period (denoted as
tsampling, dimension: [s]), the prediction horizon (denoted
as s, dimension: [h]), and the number of predictions (denoted
as npred , adimensional) are listed in Table 4. Moreover,
we remark that an overlapping time lag mechanism was
used during the preparation of both training and test sets:
this increases the number of input samples available in the
experimental evaluation stage.

In the following, the performance with the dataset
re-sampled as a 1-hour dataset (tsampling = 1 hour) are
investigated. The chosen combinations guarantee a sufficient
level of prediction granularity. As expected, re-sampling the
dataset with tsampling = 2 min allows to predict PM2.5 varia-
tions in the subsequent hour with a finer detail than in the case
with tsampling = 1 hour. Considering tsampling = 30 min allows
to improve the trend estimation accuracy. Nevertheless, even
if values lower than 1 hour (e.g., 2 min or 30 min) can be
employed for trend analysis, they are not suitable for long-
term prediction. On the other end, considering values of
tsampling longer than 1 hour will degrade the performance,
leading to a smaller dataset.

B. EVALUATION METRICS
The performance of the considered algorithms (detailed in
Section III) is evaluated on the basis of RMSE,MAE,MAPE,
and R2, defined as follows:

RMSE =

√√√√1
n

n∑
i=1

(yi − ŷi)2 (23)

MAE =
1
n

n∑
i=1

|yi − ŷi| (24)

MAPE =
100%
n

n∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (25)

R2 = 1 −

∑
i(yi − ŷi)2∑
i(yi − y)2

(26)

where: n corresponds to the number of data points in
the test set; yi represents the actual value; ŷi represents the
corresponding predicted value; and y = 1/n

∑n
i=1 yi is the

mean value of data points.
Overall, the chosen evaluation metrics highlight different

behaviors of the considered models. More precisely, two
models may have nearly identical MAE/RMSE, yet greatly
differ in terms ofR2, thus indicating distinct residual-variance

FIGURE 8. Performance of the considered ML and DL models on the basis
of RMSE (with lower values of RMSE being the better) for different values
of the time lag W in the test set: (a) W = 5, (b) W = 10, (c) W = 15,
(d) W = 20.

patterns. Conversely, a model having a higher R2 but a larger
MAE can return lower performance because of short-term
volatility. Together, RMSE andMAE are sensitive to outliers,
while MAPE adds a scale-free, relative-error perspective.
More in detail, RMSE andMAE are measured on the basis of
the predicted feature, i.e., PM2.5, while MAPE is expressed
as a percentage of the error of PM2.5, and R2 is adimensional.

As shown in Figure 8, RMSE has been designated as
reference metric for both training and testing phases. Then,
each metric is assessed for various values of the time
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FIGURE 9. Performance of the CNN-BiGRU model for different values of
the time lag W: (a) W = 5, (b) W = 10, (c) W = 15, (d) W = 20.

lag W , leading to a fair performance comparison of the
considered ML and DL models in the test set. In fact, less
architectural complex models may experience good overall
performance with small values of W , but may face chal-
lenges in identifying correlations for long-term predictions,
particularly with larger input dimensions, compensating with
higher complexity layers. In most cases, increasing the

FIGURE 10. Evaluated metrics for each analyzed ML and DL model
considering a time lag W = 20 across each prediction hour: (a) 1-hour
(s = 1), (b) 2-hour (s = 2), (c) 3-hour (s = 3), (d) 4-hour (s = 4), (e) 5-hour
(s = 5), (f) 6-hour (s = 6), (g) 7-hour (s = 7), (h) 8-hour (s = 8).

historical knowledge leads to improved accuracy across
various models, as shown in Figure 9, with CNN-BiGRU
returning the best accuracy among the considered models.

It might also be reasonable for model predictions to
become less accurate for increasing values of the prediction
horizon s: if s is extended, then the model needs to identify
additional correlations within the data and this may become
increasingly challenging and computationally heavy. As a
reference, in Figure 10 all the metrics for a given dataset and
W = 20 are shown, while Figure 11 shows the increasing
prediction error as a function of the time horizon. It can be
observed that, by increasing s, ML and DL models lose their
ability to predict variations, while they still capture the trend
in long-term predictions.

Finally, Figure 12 shows the performance of various
models across three key metrics—namely, average MAE,
MAPE, and RMSE—evaluated over all the considered time
lags W = {5, 10, 15, 20} and all the considered prediction
horizons s ∈ {1, . . . , 8}. The obtained results demonstrate
that CNN-BiGRU achieves, on average, the lowest error
rate (in terms of MAE, MAPE, and RMSE), thus reducing
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FIGURE 11. Prediction performance of the CNN-BiGRU model with a time
lag W = 20 across each prediction hour: (a) 1-hour (s = 1), (b) 2-hour
(s = 2), (c) 3-hour (s = 3), (d) 4-hour (s = 4), (e) 5-hour (s = 5), (f) 6-hour
(s = 6), (g) 7-hour (s = 7), (h) 8-hour (s = 8).

FIGURE 12. Average MAE, MAPE, and RMSE of the evaluated DL models
considering all the time lags W = {5, 10, 15, 20} and all the prediction
horizons s ∈ {1, . . . , 8}.

the prediction error compared to other DL models. This
superior performance highlights its effectiveness in capturing
both spatial and temporal dependencies for PM2.5 prediction.
In fact, the CNN layers excel in the spatial patterns
extraction, while BiGRU captures temporal dependencies in
both forward and backward directions.

C. MODEL COMPLEXITY
In order to better focus on the utilisation of ML and
DL models by IoT nodes (often characterized by limited,
if not constrained, resources), in addition to the performance
analyzed in Subsection V-B, the computational complexity
of the considered models has been further investigated con-
sidering the number of Multiply and ACCumulate (MACC)
operations (denoted as nMACC , adimensional), the RAM
usage (dimension: [KiB]), and the execution time (denoted

TABLE 5. Evaluation cycle per MACC for various values of the
time lags W .

FIGURE 13. Comparison, in terms of number of cycles per MACC, between
the considered ML and DL models for different values of the time lag W .

as texec, dimension: [ms]), defined as follows:

texec =
nMACC · 11
fboard

(27)

where: fboard corresponds the frequency of the STM32F469I-
DISCO board [54], equal to 180 MHz; nMACC is multiplied
by 11 because of the requirement of 11 cycles per MACC
(on average, with minimum and maximum values equal to
8.688 and 16.487, respectively, as further detailed in Table 5
and shown in Figure 13 ) on that board—the value of 11 has
been achieved considering the average nMACC for all of the
evaluated models, except for LMU and TCN.

In order to compute the aforementioned metrics, we first
uploaded each model to ST boards via the STM Edge
AI Developer Cloud tool [55], which allows a seamless
import of AI models to different tiny-IoT platforms—such
as the STM32F469I-DISCO board [54]. Then, through
the STM32CubeMX tool [56], a real board may be used
by generating the firmware associated with the selected
model and flashing it into the selected board. Finally, the
performance can be validated through the cloud service by
using testing and validation dataset [52]. This has been
kept as reference board for the evaluation of the models’
complexities, which are shown in Table 6 and, for the sake
of visual representation, in Figure 14 (in terms of nMACC ),
Figure 15 (in terms of RAM), and Figure 16 (in terms of
texec), respectively. As can be seen from Table 6, among all
the models deployable on the chosen IoT board, CNN is the
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TABLE 6. MACC operations nMACC , RAM usage, and execution time texec returned by the analyzed ML and DL models, as a function of different
time lags W .

FIGURE 14. Comparison, in terms of nMACC (in logarithmic scale),
between the considered ML and DL models for different values of the
time lag W .

FIGURE 15. Comparison, in terms of RAM (in logarithmic scale), between
the considered ML and DL models for different values of the time lag W .

most computationally-efficient (in terms of nMACC ) for all
time lags, with GRU and RNN ranking as second and third

FIGURE 16. Comparison, in terms of texec (in logarithmic scale), between
the considered ML and DL models for different values of the time lag W .

best performing models. At the opposite, CNN-BiLSTM
has the higher computational complexity, closely followed
by BiLSTM. Then, models with balanced computational
efficiency across various time lags include CNN-BiGRU,
BiGRU, GRU, and LSTM. Finally, even if LMU and TCN
represent novel architectures for time-series prediction (with
LMU achieving a high accuracy with a low complexity),
for completeness it should be highlighted that they are
currently not natively supported by ST Edge AI Developer
Cloud [55], a remote tool exploited to run the considered ML
and DL models on a remote tiny IoT board directly in the
cloud (before being deployed on real devices). Nevertheless,
knowing the functional parameters of the chosen IoT board,
it has been possible to estimate nMACC and RAM usage also
for TCN and LMU.

D. POST-TRAINING QUANTIZATION (PTQ)
Finally, in order to further optimize DL models predicting
PM2.5 values on tiny IoT devices, an additional investigation
has been performed applying a Post-Training Quantization
(PTQ) technique exploiting the TensorFlow Lite (TFLite)
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TABLE 7. Comparison (in terms of mean size) between original DL
models and their corresponding TFLite-compressed versions.

FIGURE 17. Comparison (in terms of mean size) between original DL
models and their corresponding TFLite-compressed versions.

library [57]. In detail, by implementing PTQ, a significant
decrease (in terms of models’ sizes) has been accomplished
at the cost of a minimal prediction accuracy decrease.
Nevertheless, despite this slight performance reduction, the
benefits of reduced model size and improved computational
efficiency outweigh the accuracy trade-off. In fact, as high-
lighted in Table 7 and Figure 17 (where the sizes of original
and TFLite-compressed DL models are directly compared),
PTQ provides significant benefits in practical situations,
especially with resource-constrained systems when compu-
tational effectiveness is crucial.

Moreover, Table 8 provides a quantitative comparison in
terms of average inference time (dimension: [ms]), between
the Keras versions of the DL models and their TFLite-
compressed counterparts. These results return over 98%
reduction in inference time across all evaluated models,
confirming the effectiveness of TFLite compression for
deployment in resource-constrained environments not only to
reduce model size but also to reduce inference time.

As a matter of fact, PTQ with TFLite shows a great poten-
tial if applied to efficient and real-time PM2.5 monitoring
systems, by reducing the computational complexity during
model deployment. Finally, it can be noted that reducing
the size of the models by means of quantization does not
affect significantly the accuracy, as shown in Figure 18, where
only a (negligible) 1% accuracy reduction is experienced
by CNN-BiGRU despite a 66% average model’s size’s
reduction.

TABLE 8. Comparison (in terms of inference time) between original DL
models and their corresponding TFLite-compressed versions.

FIGURE 18. Comparison (in terms of prediction accuracy) between true
PM2.5 values and predicted values obtained through original and
quantized CNN-BiGRU models.

E. STUDY LIMITATIONS
For the sake of clarity and completeness, it is useful to
briefly discuss some limitations of the proposed performance
analysis.

• A comprehensive evaluation of an optimal sliding
window length (as a hyperparameter) would be useful
to thoroughly assess the performance of the considered
DL models.

• The analysis returned that no single model consistently
outperforms the others across all the scenarios consid-
ered in our research study.

• A dataset with long-term observations and diverse
features would be necessary for training ML and DL
models to accurately predict PM2.5 levels.

VI. CONCLUSION AND FUTURE WORK
This paper presents a comparative study of air qual-
ity estimation, specifically targeting resource-constrained
IoT devices. To this end, several ML and DL models
(namely: RNN, CNN, LSTM, GRU, LMU, TCN, BiGRU,
BiLSTM, CNN-GRU, CNN-LSTM, CNN-BiGRU, CNN-
BiLSTM) have been considered for both short-term and
long-term prediction of the PM2.5 value, exploiting Bayesian
optimization to select the best hyperparameters for model
training. Among the analyzed algorithms, CNN-BiGRU
shows the highest predictive accuracy and provides an
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effective trade-off between computational complexity (in
terms of number of MACCs), memory usage (in terms of
RAM), and execution time. In general, while some DL
models may excel in one of the considered performance
metrics, they often perform poorly in others. Then, in order
to investigate the impact of 8-bit quantization on prediction
performance, PTQ has been applied to the consideredmodels:
8-bit quantized CNN-BiGRU achieves approximately a 66%
model size reduction with a prediction accuracy reduction
equal to only 1% (on average) and a 98.79% inference
time reduction. Future research activities might explore the
adoption of communication paradigms ensuring data integrity
and privacy. Finally, CNN-BiGRU, which is proposed as
the best model, can be considered for a real-time PM2.5
prediction deployment in particular (e.g., indoor) areas
of interest, such as an airport transit area. Additionally,
expanding the dataset to include multiple seasons and
locations, as well as incorporating heterogeneous datasets,
will represent important and interesting future research
directions and extensions to further enhance generalizability
and external validity of the proposed approach.
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