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Abstract: Air pollution in urban areas has significantly increased over the last few years due to
industrialization and overpopulation. Therefore, accurate predictions are needed to minimize their
impact. This paper presents a neural network-based approach for Air Quality Index (AQI) forecasting,
applying two different models: a variable depth neural network (NN) called slideNN, inspired by the
capabilities of a Recurrent Neural Network (RNN) and a Gated Recurrent Unit (GRU)-based model.
Both models use past particulate matter measurements alongside local meteorological data as inputs.
Then, this research explores the practical application of multi-depth and recurrent neural networks in
air quality forecasting, providing a hands-on case study and model evaluation for the city of Ioannina,
Greece, targeting the appliance of such models either on edge devices or as cloud services. SlideNN
variable-depth architecture consists of multiple independent neural sub-model strands varying in size,
enhancing feature extraction and predictive accuracy. At the same time, the GRU model is examined
on its ability to capture temporal dependencies in the data. Finally, both models are combined to offer
a cloud-based high-precision hybrid. Experimental results show that the GRU model consistently
outperforms the variable-depth architecture regarding forecasting losses. In contrast, complex hybrid
GRU-NN models outperform both, delivering additional localized information that can be exploited
by established particle concentration map monitoring services.

Keywords: air quality index; air pollution; neural networks; deep learning; forecasting; recurrent
neural network; edge computing; cloud computing

1. Introduction
Air pollution remains a serious global environmental and public health safety challenge of the

21st century. Recent studies indicate that 99% of the world’s population is exposed to particulate
matter (PM) concentrations exceeding World Health Organization (WHO) safety limits, with ambient
(outdoor) and household pollution collectively contributing to 6.7 million premature deaths annually
through cardiovascular, respiratory, and oncological issues [1–3]. The economic burden is equally
severe, with global welfare losses estimated at $8.1 trillion (6.1% of GDP), driven by healthcare
expenditures and productivity declines [4].

The Air Quality Index (AQI) is a standardized metric used globally to communicate how polluted
the air is or is about to become. It translates complex air quality data into a single number and color
code ranging from 0 (good) to 500 (hazardous), making it easier for the public to contemplate the
health risks associated with pollutants such as PM2.5, PM10, O3 and NO2 [5]. Table 1 below shows that
AQI categories directly correlate with population health risks, guiding public advisories, and policy
interventions during pollution episodes [6].
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Regarding AQI monitoring, IQAir is a leading company in air quality monitoring. It offers IoT
devices and services that track quality. Their range of outdoor sensors enables monitoring of pollutants
like PM10, PM2.5, CO2, temperature, and humidity. These sensors also integrate with the IQAir Map
platform, a real-time interactive map that visualizes air pollution levels, as well as an appropriate
mobile phone application [7]. Similarly Clarity Node-S, is an industrial graded solar-powered, and
cellular-connected IoT sensor that measures key pollutants such as PM2.5, NO2, and ozone in real
time [8].

Table 1. EPA Air Quality Index (AQI) Categories and Health Implications.

AQI Range Category Color Code Health Implications

0–50 Good Green Air quality is considered clean with minimum dist
or particulate matter.

51–100 Moderate Yellow Acceptable; some pollutants may affect a few par-
ticularly sensitive individuals.

101–150 Unhealthy for
Sensitive Groups

Orange
Members of most sensitive groups may experience
health issues. Nevertheless, the general public is
unlikely to be affected.

151–200 Unhealthy Red
All groups (sensitve-non sensitive) may begin to
experience health effects. Sensitive groups may
experience them more severely.

201–300 Very Unhealthy Purple Health alert: Everyone may experience serious
health effects.

301–500 Hazardous Maroon Health warnings of emergency health conditions.

In Greece, urban centers like Athens, Thessaloniki, and Ioannina face persistent air quality
challenges, with winter PM2.5 and PM10 levels often exceeding WHO guidelines by 300–400% due to
vehicular emissions, house heating, and trans-boundary pollution [9–14]. For instance, Ioannina’s
annual PM2.5 average of 20µg/m3 in 2023 surpassed the WHO annual guideline (5µg/m3) by 300% [15]
and the EU limit value (10µg/m3) by 100% [16], reflecting cooperative impacts from local biomass-
wood combustion (contributing 60–70% of winter PM2.5) and long-range Saharan dust transport
[14,17,18].

Accurate air quality predictions are a necessity nowadays. That is why many scientists focused
on and made notable progress on this matter, which is due to the significance of the remaining
and upholding challenges. A critical limitation stems from incomplete data dimensionality in most
existing models. Traditional approaches frequently treat meteorological parameters (e.g., temperature,
humidity, wind patterns) and particulate matter concentrations (PM1, PM2.5, PM10) as independent
variables, failing to capture their complex synergistic interactions [19]. This simplification neglects
their intricate relationship, particularly during pollution events. As it has been indicated by Wang
et al. [20], humidity-driven PM2.5 hygroscopic growth exhibits strong nonlinear relationships that
substantially impact prediction accuracy when ignored. Models failing to account for these interactions
show significantly higher errors during high-humidity conditions.

The predominance of short-term forecasting approaches presents additional challenges. Although
short-term forecasts typically yield lower prediction errors, long-term PM2.5 forecasting is essential
for adequate public health protection and air quality management. It is important to mention that
during winter, biomass burning causes pollution levels to rise sharply and unpredictably due to
domestic heating activities [21]. Furthermore, meteorological variability, particularly temperature,
and wind speed can significantly impact particulate matter concentrations, increasing uncertainty in
predictiviness of the deep learning models [22].

Moreover, in recent years, several models based on Bi-directional Long Short-Term Memory(Bi-
LSTM) architectures have been proposed for air quality prediction due to their ability to capture
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temporal dependencies for both past and future data tendencies. While, in theory, this type of
model shows promise, in practice, it has revealed some crucial flaws [23–25]. For instance, in a
comparative study of PM2.5 prediction models across Seoul, Daejeon, and Busan [26], Bi-LSTM models
demonstrated high accuracy for short-term forecasts (within 24 hours). However, they showed a
significant drop in performance for longer-term predictions, with R2 values decreasing to 0.6, indicating
challenges in maintaining accuracy over extended periods. Furthermore, the computational complexity
of Bi-LSTM models can make them less convenient and practical for real-time applications as it can
lead to increased training times and resource consumption [27].

To address these challenges, this study introduces a framework that acknowledges the correlation
between the particulate matter and meteorological data and shows long-term accurate forecasting
results consisting of two distinct architectures to do so:

1. A sliding-window feedforward model (slideNN) includes four neural sub-models of varying
sizes, each designed to process different input lengths efficiently and offer short-term accuracy
and efficient training performance.

2. And a Gated Recurrent Unit (GRU)-based network [28,29], which excels in learning temporal
dependencies and trends, making it particularly effective for multi-day ahead forecasting tasks.

Compared to other already existing deep learning(DL) solutions, both models -each one for a distinct
use- show significant improvements in predictive accuracy, generalization, and robustness to noise.
These refinements are especially evident in industrial urban regions, where air quality patterns are
highly nonlinear and affected by multiple environmental factors.

This paper is organised as follows: Section 2 presents the proposed AQI forecating framework
using particulate matter and meteorological data and its correspoding slideNN and variable length
GRU models. Section 3 presents the authors’ experimental scenarios evaluating the framework models,
and Section 4 concludes the paper.

2. Materials and Methods
In order to utilize local weather conditions information along with particle matter concentration

measurements to classify and forecast air quality via AQI predictions, the authors propose a new
framework that takes as input a combination of past meteorological measurements along with particle
concentrations. Following a susceptible transformation, this data augmentation can be used as input
into different types of deep learning models. Two types of models are examined as part of the
framework, taking into account the time series depth: 1) A composite-stranded NN model and 2) a
variable-length GRU Recurrent Neural Network. Both model categories are further classified into edge
computing and cloud computing models based on the number of parameters they pertain.

Meteorological measurements that are used as normalized inputs by the framework’s models are
local measurements of temperature, humidity, and wind speed direction vectors, while for particle
concentrations PM1, PM2.5, PM4, and PM10 particulate matter concentrations measured in µg/m3.
PM4,10 measurements track coarse pollution from dust and industrial emissions, while PM1-2.5 track
more dangerous materials related to heart and lung diseases. Furthermore, temperature, humidity, and
wind measurements try to encode how these conditions affect the dispersion of particulate matter (PM)
in the atmosphere or to predict PM concentrations under specific localized meteorological conditions.
In conclusion, the proposed model uses vector data of combined and normalized meteorological and
particulate matter measurements as inputs and tries either to classify or forecast current or future AQI
index values.

2.1. Proposed Framework for AQI Forecasting

The proposed framework consists of two distinct modeling approaches for air quality forecasting.
The first is a Neural Network (NN) model composed of multiple sub-models, called strands as a
unified structure, each strand of varying input size [30,31]. This design enables adaptability to different
input lengths while preserving structural coherence. The input for the NN model is a time series of
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particulate and meteorological measurements formatted as a one-dimensional (1D) matrix with all
data points sequentially arranged. Its output consists of predicted AQI values for specific future hours,
depending on the selected sub-model, ensuring scalability across various temporal resolutions. To this
extent, a second model based on Gated Recurrent Units (GRUs) is developed to enhance predictive
performance. The GRU model utilizes temporal dependencies within the time series more effectively,
improving forecasting accuracy over extended periods. These models provide a robust framework for
flexible real-time deployment on edge devices and high-accuracy air quality prediction. The proposed
models were constructed using the Tensorflow Keras framework [32,33].

2.2. Proposed Deep-Learning Models

In addition to the architectural differences between the models mentioned in the previous section
2.1, the authors adopted two distinct approaches regarding data processing and storage, distinguishing
between edge and cloud computing implementations. Their indicative design is as follows:

1. One perspective focuses on the implementation of both the neural network and the previously
mentioned GRU model within an edge computing framework. In this scenario, both models
are designed to receive identical timesteps and data parameters to ensure comparable model
sizes, which are intentionally kept smaller to meet the constraints and computational limitations
of edge devices. Notably, edge computing is increasingly adopted in air quality monitoring
applications, as it enables efficient, low-latency forecasting in resource-constrained environments
[34,35]. Such integration of AI at the edge is especially beneficial for real-time, autonomous air
pollution assessment [36].
Furthermore, these models could be integrated into micro-IoT devices or even embedded directly
into environmental sensors [37]. Based on their localized measurements — which align with the
features used during model training — the models would be capable of generating short-term
forecasts of Air Quality Index (AQI) values. This approach is particularly suitable for short term
prediction horizons, where timely and on-site decision making is critical.

2. The second approach focuses on large-scale air quality forecasting through cloud computing. In
this case, only the GRU-based model is used, with a significantly larger number of GRU cells and
layers, in an effort to fully utilize the computational resources and scalability offered by cloud
infrastructure.
Unlike edge-based implementations, cloud computing is not constrained by memory or process-
ing limitations, enabling the use of deeper architectures and more complex temporal dependen-
cies. This makes it particularly suitable for long-term predictions and the collection of data from
multiple sources, such as distributed sensor networks or satellite feeds [38,39]. Recent studies
have demonstrated the efficiency of cloud-based systems in air quality monitoring. For instance,
the integration of wireless sensor networks with cloud computing has been shown to facilitate
real-time data collection and analysis, enhancing the responsiveness and accuracy of air quality
assessments [40].
The model can be trained and deployed using higher dimensional input vectors thanks to the
cloud’s virtually unlimited computing capacity, which allows it to pick up more subtle patterns in
variations in air quality over time. Because of this, it works especially well for regional forecasting,
policy assessment, and assisting with large-scale environmental monitoring systems.

Figure 1 depicts the entire data processing and model deployment workflow implemented in
this study. The process starts with raw input data, which goes through validation and temporal
preprocessing before being used to train the proposed neural network models. Depending on the
forecasting scale, computational requirements, and user-specific restrictions, the most appropriate
model architecture is chosen, followed by a deployment strategy targeting either edge computing
environments or cloud-based platforms. This workflow ensures flexibility, scalability, and maximum
usage of the given resources . Each step of the process, from data preparation and model training to
performance evaluation and final deployment, is discussed in detail in the sections 2.2.1 and 2.2.2.
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Figure 1. Data processing and model deployment workflow.

2.2.1. SlideNN Model

The neural network architecture, called the slideNN model, follows a specific recursive relation-
ship that governs the structure of all four sub-model strands, defining the input size, the number of
neurons per layer, and the output size similar to [31]. However, the recursive pattern in slideNN indi-
cates a systematic "leftward shift" in these parameters as we progress through the models. Specifically,
each model (Mn) has an input layer of size 2i, where i = 6, 7, 8, 9 depending on the sub-model, and at
each subsequent hidden layer, the number of neurons decreases following a power-of-two pattern. This
reduction continues until the output layer contains 2j neurons, where j = 1, 2, 3, 4.

The recursive relationship ruling the neural network models is defined as follows: Let Ln
0 denote

the input layer size, where n = 2k for some integer k. The number of neurons at each hidden layer Li

follows the recurrence relation, given by Equation 1.

Li =
Li−1

2
, for i = 1, 2, . . . , d (1)

where d is the network depth such that Ld = 2k−d, representing the output layer size.
For a given model Mj, the relationship is expressed as:

L0 = 26+j−1

Li = 26+j−1−i, for i = 1, 2, . . . , d

Ld = 2j+1

where j ∈ {1, 2, 3, 4} denotes the model index, corresponding to input sizes 26, 27, 28, 29 respec-
tively.This formulation captures the systematic leftward shift of input size, hidden layers, and output
size as we transition from one model to the next. The layer architecture and configuration of each
submodel are also shown in Figure 2.
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Figure 2. Sub-models’ architectures: (a) Model 1, (b) Model 2, (c) Model 3, (d) Model 4.

2.2.2. Variable Length-GRU Model

In contrast to the stranded-partitioned architecture of the NN edge device model, the GRU-
based model makes better use of the temporal modeling capabilities of recurrent neural networks.
This model is structured to handle sequential data with a fixed number of timesteps and feature
attributes, specifically tailored for AQI forecasting using both meteorological and particulate matter
measurements, with inputs formatted as one-dimensional vectors of length t, where t denotes the
number of timesteps. Before entering the GRU layers, each input vector is reshaped into a three-
dimensional tensor of shape(n, t

k , k), where n is the number of samples, k is the number of feature
attributes and t

k represents the sequence length. The model’s core consists of n stacked GRU layers
containing m units. All but the final GRU layer returns full sequences to preserve temporal context
across layers. The final GRU layer outputs a fixed-length vector representation of the input sequence,
which is passed through a series of fully connected layers.
Depending on the value of m, the dense block behaves accordingly :

• For smaller values of m ≤ 64, a single dense layer with m neurons is applied.
• For larger values of m > 64, the dense block consists of a sequence of layers starting from m,

halving in size each time until reaching 64, allowing for a gradual dimensionality reduction.

The final output layer consists of ℓ neurons corresponding to the number of AQI values predicted. The
number of output neurons ℓ is not chosen arbitrarily but is derived as a function of the input sequence
length t. Specifically, it follows the relation shown in Equation 2:

ℓ = 2log2(t)−5 =
t

32
(2)

Formally, let x ∈ Rt×k represent a single flattened input sequence. The transformation applied by
the model is summarized in Equation 3.

x
Reshape( t

k )×k
−−−−−−−−→ x′

GRU(m)×n−−−−−−→ h Dense block−−−−−−→ z
Dense(ℓ)−−−−−→ ŷ (3)

where x′ is the reshaped input, h is the output of the final GRU layer, z is the output of the dense
block, and ŷ is the final output vector of predicted AQI values. The architecture allows for flexible
hyperparameter tuning in terms of the number of GRU layers (n), the size of each layer (m), the
timestep length (t), and the number of output values (ℓ).

Different architectural results and GRU layer configurations were implemented depending on
whether the model was intended for edge or cloud computing environments. These architectural
designs are illustrated in Figures 3 and [2], corresponding to the edge and cloud settings, respectively.
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In the edge-case GRU, each configuration consistently featured two hidden GRU layers, with
the number of GRU cells varying among 16, 32, 64, and 128, depending on the input size. For
configurations where the number of GRU cells reached above 128 (which did not occur in the edge
case but is architecturally accounted for), the subsequent dense layers were reduced by a power of two
at each step until reaching 128 cells, promoting efficient computation and compactness suitable for
constrained environments.

Figure 3. GRU-model configurations’ architectures for edge case: (a) Config 1: 64 → 2 , (b) Config 2: 128 → 4, (c)
Config 3: 256 → 8, (d) Config 4: 512 → 16.

In contrast, the cloud-based GRU models adopted a deeper architecture with four internal layers,
and were characterized by significantly larger GRU sizes. The GRU layers in this case started at 1280
cells, and decreased progressively by powers of two through the following sizes: 1280 → 640 →
320 → 160 → 80, eventually stopping once the size dropped below 64. This structure reflects the cloud
setting’s capacity to support more complex and memory-intensive models, offering a broader and
more expressive architecture for improved learning capacity.

Figure 4. GRU-model configurations’ architectures for cloud case: (a) Config 1: 64 → 2 , (b) Config 2: 128 → 4, (c)
Config 3: 256 → 8, (d) Config 4: 512 → 16.
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Table 2 includes the hyperparameters of each model separately used in this study:

Table 2. Overview of hyperparameters for all models.

slideNN (Edge Computing)

Submodel Input Length Output Length Learning Rate Epochs Batch Size
1 64 2

0.0008 400 322 128 4
3 256 8
4 512 16

GRU Model (Edge Computing)∗

GRU cells Input Length Output Length Learning Rate Epochs Batch Size
16 64 2

0.001 50 3232 128 4
64 256 8
128 512 16

GRU Model (Cloud Computing)**

GRU cells Input Length Output Length Learning Rate Epochs Batch Size

1280

64 2 0.0007 25
32128 4

256 8 0.0005 35512 16

* All GRU configurations in the edge-case scenario used exactly 2 hidden layers. ** All GRU configurations in the cloud-case
scenario used exactly 4 hidden layers

2.3. Data Collection and Preprocessing

Before delving into the specific datasets, it is important to note that the data used in this study was
collected from multiple sources located in Ioannina, Greece, spanning the period from January 2021 to
December 2023. The primary air quality measurements originate from IoT-based particulate matter
(PM) sensors installed in central urban locations of the city, specifically in the area of Vilaras Street
near the Zosimaia School. These sensors provide continuous hourly data for four types of particulate
matter: PM1, PM2.5, PM4, and PM10. Complementary meteorological data—including temperature
(T), relative humidity (H), wind speed (WS), and wind direction (WD)—were recorded by the official
meteorological station of the University of Ioannina [41]. Each hourly entry in the dataset forms an
8-dimensional feature vector: (PM1, PM2.5, PM4, PM10, T, H, WS, WD), where PMs are the particle
matter concentrations (1–10) and T,H,WS, and WD are the meteorological station measurements of
temperature, relative humidity, wind speed, and direction accordingly.

Over a monitoring period of the three-year period, the dataset comprises more than 26,000 complete
hourly measurements, providing a high temporal resolution essential for short and medium-term air
quality forecasting. The dataset underwent a series of preprocessing steps to ensure consistency and
model preparation. These included handling missing values and applying feature-wise normalization and
standardization techniques to account for unit and value range disparities across the input variables, as
well as data partitioning at the minute level using linear interpolation (26, 000× 60 total measurements).

2.3.1. Data Preprocessing

The primary pollutant indicators used in this study are particulate matter (PM) concentrations,
separated into 4 distinct types based on their size: PM1, PM2.5, PM4, PM10. These pollutants are
significant contributors to air quality degradation, originating from various natural and anthropogenic
sources, such as industrial emissions, vehicle exhaust, and biomass burning [42,43]. The dataset
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consists of time-series measurements of these particulate concentrations, recorded in micrograms per
cubic meter (µg/m3).

Particulate matter features were subjected solely to standardization using z-score normalization.
This method transforms each input variable such that it has a mean of zero and a standard deviation
of one, effectively centering and scaling the data:

Xstd =
X − µ

σ
(4)

Here, µ is the mean and σ is the standard deviation of each PM variable, computed using the training
data. This transformation is particularly important for neural networks, as it ensures that features with
larger numeric ranges do not dominate the training process. It also improves the conditioning of the
optimization problem and speeds up convergence during training [44,45].
Meteorological Data: Meteorological variables are crucial for AQI forecasting as they influence
pollutant dispersion, deposition, and transformation. This study incorporates temperature (°C),
humidity (%), wind speed (m/s), and wind direction (°) [46].

For the meteorological variables, a two-stage preprocessing pipeline was implemented. The raw
values of the meteorological variables were first standardized, using the same z-score formula as
Equation 4. This was followed by Min-max normalization to scale the standardized values into a
bounded range between 0 and 1 and shown in Equation 5:

Xnorm =
Xstd − Xmin
Xmax − Xmin

(5)

This combined approach was chosen to accommodate both the need for zero-centered inputs
and the benefits of scaled features within a uniform range [47]. Notably, min-max normalization was
applied after standardization, using the minimum and maximum values of the standardized training
data to ensure consistency and prevent information leakage.

The output dataset, consisting of future Air Quality Index (AQI) values, underwent a preprocessing
strategy designed to accommodate the structure of the prediction models and improve training stability.
Specifically, the number of future AQI values used as prediction targets varied depending on the model
configuration. Four distinct input sizes of 64, 128, 256, and 512 hourly data points were selected. For each
of these, the output consisted of the subsequent 2, 4, 8, and 16 hourly AQI values, respectively.

To construct the output dataset, specific rows were selected from the full AQI time series. More
specifically for each input size, continually for every 2i consecutive rows where i = 3, 4, 5, 6, the
following 2k hourly AQI data where k = 1, 2, 3, 4 were chosen as prediction targets. This slicing
strategy ensured temporal separation between training samples and helped prevent excessive overlap
in prediction windows, thereby reducing potential data leakage and autocorrelation bias during
training and evaluation [48].

For further clarity regarding the input and output configurations, Table 3 presents a summary of
the respective settings used in the prediction process.

Table 3. Input-output configurations used across both model architectures. Each configuration represents a
specific combination of input window size and prediction horizon applied to both slideNN and GRU models.

Configuration Input Window
(Hours)

Sampling Step
(Hours) Number of Outputs

Config 1 64 8 2
Config 2 128 16 4
Config 3 256 32 8
Config 4 512 64 16

Note: These configurations were implemented as separate sub-models in the slideNN architecture and as adjustable hyperpa-
rameter scenarios within a single GRU model.
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After the slicing process, the final output dataset that is used was created and all AQI target
values were standardized using z-score normalization, according to Equation 6:

Ystd =
Y − µY

σY
(6)

where µY and σY are the mean and standard deviation of the AQI values across the training targets.
Standardizing the output proved to be a crucial step in reducing prediction errors and stabilizing

the training process [49]. Without standardization, the models exhibited significantly higher loss
fluctuations and slower convergence, particularly when predicting multiple future time steps with
higher variability in AQI levels.

After completing the data preprocessing phase, a final reshaping step was applied to convert the
input data into a format compatible with the two different architectures individually. Initially, the input
was structured as a sequence of rows, where each row corresponded to a single hourly observation
and included the eight known variables.

2.3.2. Preprocessing for slideNN

Having to construct fixed-size input vectors, consecutive groups of rows were accumulated and
flattened into one-dimensional(1D) arrays. Each model configuration defined a specific number of
rows to be grouped based on the corresponding input size:

• The first model combined 8 consecutive rows (8 × 8) into a 64-element vector.
• The second model used 16 consecutive rows (16 × 16) resulting in 128-element vectors.
• The third model added 32 consecutive rows (32 × 32) turning them into 251-element vectors.
• The fourth model used 64 consecutive rows (64 × 64) and making 512-element vectors.

Mathematically, let X ∈ Rn×8 be a matrix representing n consecutive hourly observations, each
with 8 features. The reshaping process transforms this into a one-dimensional input vector x ∈ R8n as
shown by Equation 7:

x = reshape(X) = [x1,1, x1,2, . . . , x1,8, x2,1, . . . , xn,8] (7)

where xi,j is the jth feature of the ith hourly record. This operation preserves the temporal order of
observations while converting them into a flat format suitable for fully connected feedforward neural
networks. In Figure 5 each model’s reshaping process is depicted for a better understanding.

(a) (b)

(c) (d)

Figure 5. The reshaping process of each model.As shown in the figure:(a): Model 1, (b): Model 2:, (c): Model 3
and (d): Model 4
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2.3.3. GRU Model Preprocessing

Although recurrent neural networks typically require 3D input shapes to capture temporal
dynamics, in this implementation the GRU model receives the same flattened 1D input vectors as the
feedforward slideNN model. Specifically, each input vector has a total temporal length (timestep) t,
which results from flattening l timesteps with k = 8 features each (coresponding to environmental
conditions and particle matter concentrations), expressed bu Equation 8

t = l × k ⇒ l =
t
k

(8)

where t is the total input size, k = 8 is the number of features per timestep, flattened and set with a
specific order over timesteps as an 1D vector, and l is the number of effective timesteps (e.g., 8, 16, 32,
or 64). Before feeding the data into the GRU layers, an internal reshaping step is applied to convert
each 1D vector of shape (t, ) into a 2D matrix of shape (l, k), as follows:

reshape(x) =


x1,1 x1,2 . . . x1,k

x2,1 x2,2 . . . x2,k
...

...
. . .

...
xl,1 xl,2 . . . xl,k

 ∈ Rl×k (9)

This reshaping process aligns the input format with the GRU’s expected 3D tensor shape (includ-
ing batch size):X ∈ Rm×l×k, where m is the number of input samples. Importantly, while the slideNN
model uses the 1D input directly, the GRU model performs this additional transformation internally
to reconstruct the temporal sequence from the same flattened vector. This design ensures structural
compatibility while maintaining architectural consistency across both models.

2.4. Training Process and Metrics

The neural network models, as well as the GRU models, were trained using the Root Mean
Squared Error (RMSE) as the loss function, which is well-suited for regression tasks and has been used
as the standard statistical metric to evaluate a model’s performance when it comes to meteorological
and air quality studies [50,51]. RMSE emphasizes larger errors more heavily than smaller ones due to
the squaring of differences. It also preserves the same units as the target variable, making it particularly
effective for evaluating long-term forecasting accuracy. RMSE calculates the square root of square
averages of the differences between predicted and actual values and is defined based on Equation 10:

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (10)

where n is the total number of observations, yi represents the actual value of the i-th observation,
ŷi the predicted value for the i-th observation, and (yi − ŷi)

2 is the squared error for the i-th prediction.
The performance of the models was evaluated using three key error metrics: Root Mean Squared

Error (RMSE), Mean Squared Error (MSE) and Mean Absolute Error (MAE). The RMSE was defined
above by Equation 10.The Mean Squared Error (MSE) computes the average of the squared differences
between the predicted and actual values. It is mathematically expressed by Equation 11:

MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (11)

MSE provides a smooth and sensitive measure of prediction error. However, larger deviations
have a disproportionately higher impact due to the squaring operation. RMSE is the square root of
MSE, offering a metric that retains the same units and smooth increases to stranded errors as the target
variable (in this case, AQI), thus making the error magnitude easier to interpret in real-world terms.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 June 2025 doi:10.20944/preprints202506.0687.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202506.0687.v1
http://creativecommons.org/licenses/by/4.0/


12 of 21

On the other hand, the MAE is less robust to outliers, offering fair forecasting when outlier values are
mostly measurement noise. The MAE is expressed by Equation 12:

MAE =
1
n

n

∑
i=1

|yi − ŷi| (12)

where yi is the actual value, ŷi is the predicted value, and n is the total number of predictions.
This metric is handy when it is important to interpret prediction accuracy in terms of actual AQI units.
Because MAE, as a metric, treats all errors linearly. At the same time, meteorological and particulate
matter data usually spike due to the nature of the phenomena and specifically due to climate change
irregularity and asymmetry of events; it has been excluded as a scenario evaluation metric.

The Adam optimizer was used to train both architectures, with an initial learning rate of 0.0008 for
the slideNN model and 0.0005-0.001 for the GRU-based model. Adam adaptively adjusts learning rates
for each parameter based on estimates of the first and second moments of the gradients, which acceler-
ates convergence and improves stability, particularly for noisy data such as air quality measurements.
The slideNN model was trained for 400 epochs, while the GRU model was trained for approximately
25-50 epochs, using a batch size of 32. These values, along with other relevant hyperparameters used
in the experiments, are summarized in Table 2 for clarity.

The available data were first divided into a training set and a separate testing set. During
training, 20% of the training data were internally allocated for validation using the validation_split=0.2
parameter in TensorFlow. This approach ensured that the validation set was drawn exclusively from
the training data while the testing set remained isolated for final model evaluation.

The appropriate neural network architecture is chosen based on the hyperparameters and the
specific requirements selected by the end user—such as the desired forecast horizon (short-term
vs long-term) or computational resource limitations. At the same time, the deployment strategy is
decided based on whether to use cloud infrastructure or edge computing. When the most suitable
option is identified, the corresponding technical setup and installation are performed, involving either
deployment on a local edge device or within a cloud environment.

3. Experimental Scenarios
The authors conducted controlled experiments using NN and recurrent NN models to evaluate

and compare their proposed framework. Each model was trained separately with adjusted hyper-
parameters and architectural choices in an attempt to investigate performance improvements under
different data and model configurations. Two distinct deep learning architectures were implemented
and analyzed:

1. A feedforward neural network, referred to as slideNN.
2. A gated recurrent unit-based architecture (GRU).

Both models were evaluated under four input-output configurations, using time windows of 64,
128, 256, and 512 hours as input, with corresponding prediction horizons of 2, 4, 8, and 16 hours of AQI
values, respectively. This allowed for a consistent AQI forecasting comparison, revealing how varying
the amount of historical input data and forecast length affects model performance. The experiments
were performed under identical preprocessing conditions, and both architectures were trained using
standardized AQI data to ensure consistency and fairness in comparison.

The experiments have also been differentiated into the two main framework computational
deployment cases: Edge Computing and Cloud Computing. Each scenario is designed to reflect
realistic use cases, accounting for constraints in computational resources and inference requirements.

• Edge Computing: This scenario simulates environments with limited hardware capabilities, such
as embedded systems or mobile devices. Both architectures—slideNN (a feedforward neural
network) and a GRU-based model—were tested under four distinct input-output configurations
of 64 → 2, 128 → 4, 256 → 8, and 512 → 16 (hours). The variable length GRU model was adjusted
using a small number of cells (e.g., 8, 16, 32, 64) to match the parameter count of the corresponding
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slideNN sub-model. This enables a fair and direct comparison of their performance on the same
resource-constrained platform.

• Cloud Computing: This scenario represents high-resource environments where model complexity
and real-time inferences are not a limiting factor. Only the GRU-based model was tested in this
case, using a larger number of cells (specifically 1280) to exploit its full representational capacity.
For each of the four input-output configurations mentioned above, the GRU layer was followed by
a dense NN sub-network, forming a hybrid architecture that combines deep-temporal recurrent
modeling with deep-layered neural network processing.

3.1. Scenario I: Edge Case Evaluation (slideNN vs. GRU)

In this scenario, we focused on environments with limited computational resources, where smaller
models are preferable (Edge and real-time AI). For this reason, the GRU model was tested with a small
number of recurrent units (cells) selected from the set 8, 16, 32, 64 and 128. The experiment showed
that the performance difference between using 8 and 16 GRU cells was negligible. As such, they are
not treated as distinct cases but are instead grouped into a single category representing the smallest
cell configuration.

To ensure a fair comparison, the number of trainable parameters in the Edge GRU model was
matched to that of the corresponding slideNN model for each input-output configuration. Specifically,
four submodels of both GRU and slideNN were created and trained for input sizes 64, 128, 256, and
512, and their performance was evaluated using Root Mean Squared Error (RMSE).

Below is a table providing each configuration’s information:

Table 4. Model configurations with parameter count and the corresponding memory size.

Configurations Input/Output Size Parameters (p) Memory (KB)

1 64 / 2 2, 790 ≤ p ≤ 3, 186 10.9 ≤ KB ≤ 12.45
2 128 / 4 11, 036 ≤ p ≤ 11, 556 43.11 ≤ KB ≤ 45.14
3 256 / 8 43, 848 ≤ p ≤ 43, 896 171.28 ≤ KB ≤ 171.47
4 512 / 16 175, 088 ≤ p ≤ 177, 872 683.94 ≤ KB ≤ 694.81

Each configuration was tested independently to compare how well each architecture performs in
resource-constrained settings, both in terms of training convergence and forecasting accuracy.

3.2. Scenario I: Experimental Results

The results of the Edge GRU models were compared with those of the slideNN models for the same
input-output configurations. Performance was measured using RMSE, allowing direct comparison
between recurrent and feedforward approaches at matched model capacities. To initiate the evaluation
process, we conducted experiments on the feedforward neural network architecture, referred to as
slideNN. The model was trained and tested independently for the four input-output configurations,
namely 64-2, 128-4, 256-8, and 512-16, corresponding to the number of hours used for input and
prediction, respectively.

Despite the fairly small size of the training dataset, each submodel was trained for 400 epochs.
This choice was empirically justified, as the models required an extended number of training cycles
to begin converging toward meaningful patterns in the data. Preliminary experiments using fewer
epochs, larger batch sizes, or higher learning rates (e.g., greater than the chosen value of 0.0008)
consistently resulted in suboptimal performance, where the network failed to learn or showed unstable
loss behavior. This is an indication that the model benefits from a gradual learning process with
smaller batch updates and a low learning rate (slow temporal learner), particularly when the input
data volume is limited.

The resulting predictions were not highly accurate in absolute terms. However, the experiments
did reveal a consistent, inductive pattern of improvement across the submodels. Specifically, as the
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output size increased from 2 to 16, each subsequent configuration produced better results than the
previous one. SlideNN model performance improves inductively as more output steps are introduced,
likely due to its capacity to capture broader temporal dependencies when given more extensive target
horizons. To showcase the performance of each submodel within the slideNN architecture, Table 5
presents the loss (RMSE) and the respective MSE for each configuration.

Table 5. Performance metrics for each sub-model of the slideNN architecture.

Submodel (Input → Output) RMSE MSE

64 → 2 0.786 0.617
128 → 4 0.674 0.454
256 → 8 0.641 0.410
512 → 16 0.596 0.355

Following the experimentation on the slideNN architecture, we conducted a corresponding se-
ries of evaluations to capture temporal patterns using Recurrent Neural Networks, the GRU-based
model. GRU has been selected as better at capturing long-range dependencies than RNNs without
suffering from vanishing gradients, maintaining fewer gates than LSTMs (two instead of three and cell
states), leading to faster inferences and less memory usage, which is an important limitation for edge
computing devices.

As with the previous case, four distinct input-output configurations were employed—64-2, 128-4,
256-8, and 512-16—ensuring direct comparability between the two architectures. In addition to input
and output window sizes, the GRU model introduced two more key hyperparameters: the number
of GRU cells and the number of internal layers. For each configuration, the number of cells was
carefully selected so that the total number of trainable parameters closely matched that of its slideNN
counterpart. The selected values were 16, 32, 64, and 128 cells for the respective input-output pairs.
About the internal GRU layers, in the context of the resource-constrained edge computing scenario, this
hyperparameter was fixed at a constant value of 2 layers across all configurations. This design choice
was also driven by the need to maintain a parameter count comparable to that of the corresponding
slideNN models, ensuring a fair and consistent basis for comparison.

Training was performed over 50 epochs with a batch size of 32 and a small learning rate of 0.001.
Compared to slideNN, the GRU architecture required significantly fewer epochs to converge, largely
due to its recurrent structure, which is inherently more capable of capturing temporal dependencies in
sequential data. The increased learning rate reflects the model’s greater stability and ability to general-
ize from time-correlated features, allowing it to assertively update its weights without compromising
convergence.

Maintaining the same parameter settings across both sub-scenarios, it becomes evident that the
GRU-based architecture consistently achieves better results compared to the slideNN, regardless of the
input-output configuration. A clear inductive improvement is still observed in prediction performance
as both the number of timesteps and GRU cells increase. This trend is reflected in the gradual reduction
of error metrics. These findings indicate that the GRU architecture benefits substantially from increased
complexity, improving its ability to capture long-term dependencies and patterns within the data. The
performance results of each configuration of the GRU architecture for edge computing are shown in
Table 6 below:

Table 6. Performance metrics for each configuration of the GRU architecture.

Configuration (Input → Output) RMSE MSE

64 → 2 0.599 0.369
128 → 4 0.507 0.262
256 → 8 0.317 0.101
512 → 16 0.233 0.055
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A comparative plot of the RMSE values was constructed to visually assess the relative performance
of the two architectures across different input-output configurations. Figure 6 illustrates how the
prediction error, as measured by RMSE, evolves for each configuration (1 through 4, meaning the four
different input and output windows discussed previously) for both the feedforward slideNN and the
recurrent GRU model. Each point on the curves corresponds to a specific model setup, with the x-axis
representing increasing input and output size and the y-axis showing the corresponding RMSE. This
comparison highlights the general trend of performance improvement in both models as the amount
of historical data increases while also showcasing the consistent superiority of the GRU architecture in
minimizing prediction error across all scenarios.

Figure 6. RMSE values (AQI units) obtained from each of the four input-output configurations on both edge
computing model architectures: slideNN and GRU.

As shown in Figure 6, the GRU models outperformed in terms of RMSE all slideNN models,
using the same dataset, data transformations, and training parameters. For the configuration 1 of 8
vectorized timestep inputs of environmental measurements (T, H, Ws, Wd, PM1, PM2.5, PM4, PM10),
variable GRU model presented 25% less loss than the slideNN model. A similar profile is maintained
also for the configuration 2 of 16 timestep inputs. Then, for 32 and 64 temporal inputs configurations,
the GRU models outperformed even the slideNN models, offering 50% and 80% less loss accordingly.
Furthermore, to achieve the good mentioned slideNN losses (expressed by RMSE), the model has been
trained over 400 epochs with respect to the GRU models’ of 50 epochs using a stop training condition
of three epochs patience and a delta value to qualify as an improvement of 0.001. This indicates that
GRU models can easily distinguish temporal patterns better than plain NN models and train much
faster than NN models. Regarding dataset training epochs, GRU model training is at least 8 times
faster concerning slideNN.

In conclusion, under similar-sized models of the same number of parameters and memory sizes,
GRU models performed at least 25% better than NN models for small temporal timesteps and at
least 50% better for medium temporal timesteps. Looking at inference times, both models performed
similarly in their corresponding configurations, showing no significant delays (similar inference times).
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3.3. Scenario II: Cloud Case Evaluation

Following the framework experiment on cloud cases and the better performance results achieved
in the previous scenario by the GRU models, we carried out experiments centered on significantly larger
parameter sets, deeper internal layers, and generally a more complex hybrid GRU-NN architecture.
These configurations are more effectively implemented using cloud computing resources, which
provide the necessary resources in terms of memory and processing power to support training,
loading, and short inference intervals. In this scenario, only the GRU architecture was employed, as it
was proven more suited for handling long temporal sequences and complex sequential dependencies.
Since GRU outperformed NN models, maintaining a better forecasting profile of minimal loss in
variable timesteps, only the variable GRU architecture was evaluated across all four input-output
window configurations (64–2, 128–4, 256–8, and 512–16) to provide a comprehensive comparison and
examine how the architecture performs under varying temporal resolutions and forecasting horizons
when deployed in a cloud-based environment.

Transition to a Cloud GRU architecture that broadens model instantiation memory requirements
and is close to real-time inferences allowed for a substantial increase in the number of trainable
parameters compared to the edge computing scenarios. This increase is attributed to the higher
number of GRU cells and the deeper, more complex network structure employed in these experiments.
In cloud-based model deployment, a widely accepted threshold for qualifying a model as appropriate
for cloud inference is a parameter memory size exceeding 100 MB, as mentioned in [52]. To illustrate
this difference, Table 7 below summarizes the number of parameters and their corresponding memory
size for the two configurations used in this scenario. All models maintain almost similar parameter
sizes while increasing timestep depth and forecasting lengths similarly to the slideNN and edge-GRU
outputs of the edge computing scenarios.

Table 7. Model configurations with parameter count and the corresponding memory size.

Configurations Input/Output Size Parameters (p) Memory (MB)

1 64/2 37,196,882 141.89
2 128/4 37,197,044 141.9
3 256/8 37,197,368 141.9
4 512/16 37,198,016 141.9

3.4. Scenario II: Experimental Results

The Cloud GRU model’s performance was examined using RMSE, focusing on its ability to pro-
duce accurate long-range AQI forecasts. Unlike the Edge scenario, the model size was not constrained
here, enabling the architecture to fully exploit the available computational resources. Furthermore, it
was configured with 1280 GRU cells and connected to a sub-network with decreasing neuron counts,
forming a hybrid recurrent-dense architecture. This design aims to combine the temporal learning ca-
pability of GRUs with dense layers’ hierarchical feature abstraction strengths. The dense sub-network
used here mirrors the layer structure of the corresponding slideNN models: fully connected layers with
neuron counts decreasing by a factor of 2 at each step.

This scenario treated the number of internal GRU layers as a key hyperparameter, as deeper
architectures increase model complexity and are better suited for cloud-based experimentation. An
initial configuration with two layers was tested but later discarded, as it failed to fully utilize cloud
environment computational advantages. Consequently, configurations with three and four layers were
selected to explore the benefits of increased model depth, and eventually, four layers proved ideal
for these experimental cases. The number of training epochs also varied depending on the model
setup, ranging between 25 and 40 based on the conditional training termination if it reaches a small
learning rate value. Performance outcomes were analyzed compared to the best-performing Edge
GRU configurations. Across all configurations evaluated in the cloud-based setting, architectural
and training modifications were applied to scale the models appropriately beyond their edge-based
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counterparts. A key adjustment involved significantly increasing the number of GRU cells, as it became
evident that timestep size alone contributed relatively little to the total parameter count compared to
other hyperparameters, a thing that can be assumed even by looking at the difference in memory size
between the edge configurations (Table 4). The GRU cell size was scaled up for each configuration to
ensure the models reached a substantial memory footprint suitable for cloud experimentation [52].
In line with this approach, the internal architecture was also deepened by increasing the number of
GRU layers, typically favoring setups with three or more layers to leverage the higher capacity and
representational power available in cloud environments.

While training duration varied slightly across configurations, most models were trained for
approximately 25 to 40 epochs. However, the training histories indicated that the validation loss
plateaued well before the final epoch. This suggests that the models had already captured the
most relevant patterns earlier in training, implying that fewer iterations could achieve satisfactory
performance. The same behavior was observed consistently across the configurations: in the first two
setups, the validation performance plateaued around the 30th to 35th epoch, allowing the number
of training epochs to be safely reduced to 25 without loss in model quality. Similarly, in the two
larger configurations, performance stabilized by the 40th epoch, which justified reducing training to
approximately 35 epochs, thereby improving training efficiency and maintaining predictive accuracy
(minimal RMSE loss).

As expected, the evaluation results outperformed those of its edge-based counterpart, as suma-
rized in Table 8.

Table 8. Performance metrics for each configuration of the GRU architecture.

Configuration (Input → Output) RMSE MSE

64 → 2 0.468 0.226
128 → 4 0.334 0.114
256 → 8 0.213 0.046
512 → 16 0.201 0.041

The Cloud-based GRU models consistently outperformed their Edge counterparts across all input-
output configurations while using the same datasets, data preprocessing, and training setups. In the
smallest setup (64 → 2), the Cloud GRU achieved an RMSE of 0.468, representing a 21.9% improvement
over the Edge model’s 0.599. As the sequence length increased, the performance advantage of the
Cloud GRUs became even more apparent. For the 128 → 4 configuration, the RMSE was 34.1% lower,
and for 256 → 8, the reduction remained significant at 32.8%. Even in the largest configuration (512
→ 16), where gains typically diminish, the Cloud GRU model still achieved a 13.7% reduction in
RMSE compared to the Edge model. These results emphasize GRU models’ scalability and increased
effectiveness when more computational resources and memory are available. The Cloud GRUs learned
more robust temporal patterns due to their greater capacity.

In conclusion, the Cloud-based GRUs clearly outperformed Edge GRUs in terms of predictive
accuracy across all tested configurations, offering up to 34% lower RMSE in mid-range settings and
still delivering gains even in high-timestep conditions, with comparable inference times across both
environments.

4. Conclusions
This paper presents a forecasting framework for localized air quality index predictions. The frame-

work utilized deep learning NN models and Recurrent Neural Network models to provide predictions
using as inputs particle matter measurements from particle matter IoT devices and environmental
conditions acquired by hourly meteorological sensory measurements of temperature, humidity, wind
speed, and direction. The framework differentiates between cloud-based and device-level predictions.
This differentiation forces different types of models to apply to edge devices due to their restricted
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computational capabilities and memory sizes. To support their framework, the authors implemented
two different deep learning models accepting the same types of data inputs and providing similar AQI
forecasting outputs as the framework proposes. Upon data partitioning and transformations on the
different types of measurements used as inputs, the two implemented models are a neural network
model handling multiple strands, called slideNN, and a variable-timestep length GRU model.

Both models have been investigated for edge device implementations in four distinct timesteps
and forecasting output configurations. From the experimental results, the GRU models outperformed
the slideNN models by at least 25–80% in less loss, following an increasing performance curve as
the number of timesteps increased. Taking as input the better performance of the edge GRU models,
the authors transformed their model implementation to implement a variable GRU model where
the number of cells per layer is substantially higher, followed by several NN layers that are posed
automatically based on the number of GRU cells on the last layer. This hybrid variable GRU-NN model,
denoted as a cloud-based model, has been investigated in terms of loss over timesteps and cross-
compared with the losses achieved by smaller edge computing GRU models. From the experimental
results, the GRU-NN cloud model achieved its highest relative performance gain in the 128 × 4
configuration, where it reduced the RMSE by approximately 34.1% compared to the corresponding
edge GRU model (0.334 vs. 0.507). In this respect, all cloud-based GRU models outperformed
their corresponding edge-computing counterparts with a mean value of 25.6%. The authors set as a
limitation the fact that a bigger dataset may also contribute to further accuracy gains, significantly
reducing RMSE losses. The authors feel this would favor the cloud-computing models; nevertheless,
they set it as future work to be thoroughly examined. Furthermore, the authors set a fine-grained
examination of their framework as a future work using particulate matter IoT devices and microclimate
monitoring meteorological stations, forming kilometer-level grids.
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The following abbreviations are used in this manuscript:

AI Artificial Intelligence
AQI Air Quality Index
Bi-LSTM Bi-Directional Long Short-Term Memory
DL Deep Learning
EPA Environmental Protection Agency
EU European Union
GDP Gross Domestic Product
GRU Gated Recurrent Unit
IoT Internet of Things
LSTM Long Short-Term Memory
MAE Mean Absolute Error
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MSE Mean Squared Error
NN Neural Network
PM Particulate Matter
RMSE Root Mean Squared Error
RNN Recurrent Neural Network
WHO World Health Organization
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