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Abstract

This paper presents the Adaptive Spatio-Temporal Representation Learning-based Air Quality Prediction Network
(ASTRA-Net), a novel deep learning model to predict air quality, which combines adaptive representation learning in
spatio-temporal using representations with robust features encoding in the presence of anomalies. The proposed model
will also make use of a improved sparse autoencoder to suppress noise and extract latent features and hybrid models of
Long Short-Term Memory (LSTM) and Artificial Neural Networks (ANN) to effectively capture temporal dynamics and
high-frequency variations in environmental data. Similarity measures based on kNN are used to form spatial
dependencies and these are: Euclidean Distance (kNN-ED) and Dynamic Time Warping Distance (kKNN-DTWD). As shown
by the results of the experiment, ASTRA-Net has accuracy of 0.99 and precision of 0.921 after 200 iterations, which is
better than the ST-DNN baseline. The sensitivity increases to 0.92, with AUC and MCC of 0.8898 and 0.9414 respectively.
The model minimises the mean error rate by 52.67 per cent in 500 training epochs.

Keywords: Air quality prediction, particulate matter, neural network, sparse autoencoder, and spatio-temporal relations.
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1. Introduction

In the majority of urban areas, AIR pollution is the main issue as it has a significant influence on economy and
health at the global level. Industrialization and the automobile traffic have contributed to a high level of air
pollution and this has necessitated accurate and essential real-time monitoring systems. The traditional
methods of monitoring have shortcomings of non-scaling, inefficient data retrieval, and substantial expenses,
which are the forces that prompt researchers to combine new technologies: Wireless Sensor Networks (WSN),
cost-effective ambient sensors, Machine Learning (ML), and the Internet of Things (IoT) [3].
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The quality of air is reported on the Air Quality Index (AQI), which is an approximation of parameters like PM
2.5, PM 1.0 and other atmospheric constituents [4]. The deterioration of air quality has become a large focus,
where fine particulate matter (PM,.V and PM zero) can enter the alveolar region of the lungs leading to the
impediment of the gas exchange. The extended exposure poses the risk of lung cancer, cardiovascular disease,
and respiratory disorders [5].

Complex factors [6] such as meteorological conditions, traffic patterns and emission sources influence the
accuracy of forecasting systems. Spatio-Temporal Deep Neural Network (ST-DNN) methods that are currently
used [9] fail to address information on anomaly or noise in sensor data, which reduces the quality of prediction.
To overcome this, a better sparse autoencer is proposed in the deep learning pipeline to identify and eliminate
anomalies in the multi-dimensional feature space.

The enhanced sparse autoencoder is flexible and scalable to noise or anomaly detection of large sensor
settings. It processes data in small steps, allows mixtures of discrete and continuous feature types, and can be
stacked in a hierarchy to be able to learn complex feature representations out of more basic primitives. ASTRA-
NET is the proposed system and it has a higher forecasting accuracy than the current approach of ST-DNN.

2. Literature Review

Soh et al. [9] suggested a Spatial-Temporal Deep Neural Network (ST-DNN) that used monitoring station
information such as PM 2.5, PM 10, humidity, temperature and wind conditions to estimate temporal and
geographical relationships. Nevertheless, the anomaly data was not taken into account when predicting. Kumar
and Jasuja [10] created a real-time air quality monitoring system on a Raspberry Pi-powered ARM
minicomputer installed in Delhi, but no analytical predictions were done.

Rosero-Montalvo et al. [11] used k-Nearest Neighbor (kNN) classification to determine the high-pollution
places, and it is inefficient when the dimensionality of input data is large. Wu et al. [12] used the combination of
mobile microscopy and machine learning to observe air quality and generated digital holographic microscope
images in order to measure the particulate matter, but the complexity of image processing is a drawback.

Li et al. [13] projected a spatiotemporal deep learning (STDL) approach using greedy layer-wise training with
stacked autoencoders for feature extraction. Freeman et al. [14] used recurrent neural networks for air quality
prediction but did not address noisy or anomalous inputs. Mehdiyev et al. [15] applied deep learning to time
series classification in industrial process planning. The kKNN-DTWD approach [16] was introduced to model
temporal similarity across diverse geographic locations, with DTW [17, 18] providing robust sequence
alignment.The proposed approach combines improved sparse autoencoder with KNN-DTWD and kNN-ED for
effective and accurate air quality forecasting, overcoming the limitations of existing methods.Comparative
Analysis of Existing Air Quality Prediction Approaches and Limitations are given in Table 1.

Table 1: Comparative Analysis of Existing Air Quality Prediction Approaches and
Limitations
Ref. Author(s) Methodology / Key Features Limitations
Model
[1] Soh et al. Spatial-Temporal Utilizes PM,.s, PM o, humidity, Does not handle noisy or anomalous
Deep Neural Network temperature, wind; captures sensor data
(ST-DNN) spatio-temporal dependencies
2] Kumar & Raspberry Pi-based Real-time air quality monitoring Lacks predictive modeling and
Jasuja Monitoring System using ARM-based embedded analytical capability
system
[3] Rosero- k-Nearest Neighbor Identifies high-pollution regions Performance degrades with high-
Montalvo et (kNN) using classification dimensional data
al.
[4] Wu et al. Mobile Microscopy + Uses digital holographic imaging High computational complexity in
Machine Learning for particulate matter image processing
measurement
[5] Lietal Spatiotemporal Deep Stacked autoencoder with greedy Limited handling of noisy and
Learning (STDL) layer-wise training for feature anomalous data
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extraction
[6] Freeman et Recurrent Neural Time-series forecasting for air Does not consider anomaly/noise in
al. Network (RNN) quality input data
[7] Mehdiyev et | Deep Learning for Applied in industrial process Not specifically optimized for air
al. Time Series prediction quality forecasting
Classification
[8] KNN-DTWD kNN with Dynamic Captures temporal similarity Ineffective with missing or noisy data
Approach Time Warping across locations
Distance
[9],[10] | DTW-based Dynamic Time Robust alignment of temporal Computational overhead and limited
Methods Warping sequences anomaly handling

3. Air Quality Forecasting System: Astra-Net

The proposed ASTRA-Net framework formulates air quality prediction as a high-dimensional spatio-temporal
regression problem over heterogeneous sensor observations. Let the monitoring locations be defined as L =
{l,,1,, ..., 1, }and the feature space as F = {fy, f>, ..., fm}.- Each location is associated with spatial coordinates
C; = (pi, q;), where p;and g;denote latitude and longitude. The spatial relationship between any two locations
is quantified using Euclidean distance:

D) = (=B + 0 — 0"
The spatial similarity matrix is constructed as:

S = [Ds(i, ) Inxn, Ds (i, 1) = 0
Each feature fat location [;is represented as a temporal sequence:

Xic = {xik(tl)' xik(tz)' ""xik(tT)}
The temporal distance between sequences is computed using Dynamic Time Warping:

D@,y =min D Ixilta) = 3(6) |
(a,b)er
The accumulated DTW cost is defined recursively as:

y(a—1,b),
y(a,b) =l x;(ty) — x;(tp) Il +min y(a,b — 1),
y(a—1,b—-1)

A combined spatio-temporal similarity is formulated as:

D¢ (i,j) = aDs(i,j) + (1 — @)D (i, /)
The neighborhood selection is defined as:
h
N; = arg min Dy (i,))
JEL

The input feature vector at time tis expressed as:

x, € R?
The improved sparse autoencoder encodes the input as:

z = f(Wex; +b,)
The decoder reconstructs the input:

X, = g(Wuz +by)
The reconstruction loss is defined as:

Lyec =l X — Xy 112
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Figure 1: Overall prediction model of ISAE-DL

The outputs of the Terrain Extractor (TE), Spatial Relationship Extractor (SRE), and Temporal Relationship
Extractor (TRE) are concatenated to construct a unified feature representation, which is subsequently provided
as input to the improved sparse autoencoder-based feedforward neural network, as illustrated in Figure 1:
Overall Prediction Model of ISAE-DL. This integrated representation enables the model to jointly capture
spatial correlations, temporal dependencies, and terrain influences while performing anomaly detection
through reconstruction-based learning. The autoencoder effectively compresses high-dimensional input into a
latent space, facilitating noise removal and extraction of discriminative features. These refined features are
then propagated through a multilayer perceptron, where nonlinear transformations model complex
relationships in the data distribution.

The neuron output in the feedforward network is computed as:

B=f(w-p+a)
where wdenotes the weight vector, prepresents the input, and ais the bias. The activation is typically defined
using the sigmoid function:

X)) = —
169 1+e™
The training process is performed iteratively, optimizing weights to minimize prediction error, as depicted in

Figure 2: Overall Performance of Sparse Autoencoder, thereby enabling robust and accurate air quality
forecasting under noisy real-world conditions.
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Figure 2: Overall Performance of Sparse Autoencoder

To enforce sparsity, the Kullback-Leibler divergence is used:

1-p
1-p;

h
p
Ly = ) plog —+ (1 —p)log
— Pj
j=1
The total autoencoder loss becomes:

Log = Lyec + /Lcsp
Temporal dependencies are modeled using LSTM, where the hidden state is computed as:

h, = 0; © tanh (c;)
The cell state update is:

¢ =f0c 1+ OF¢
The input, forget, and output gates are defined as:

i; =0(W;x;+Uh;_; + b))

ft = o(Wex, + Uch,_; + bf)

0 =ad(Wyx; +U,h,_, +b,)
The candidate memory state is:

Et = tanh (WCXt + UCht—l + bC)
The final prediction integrates encoded and temporal features:

Je = o(Wy[z, h;] + by)
The prediction error is defined as:
N
1 532
Lpred = NZ(yi -9
i=1
The overall objective function is:

J= Lpred + Ly
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In this way, the proposed formulation combines spatial proximity, the time-aligned feature learning, and the
anomaly-resilient feature learning with the sequential model learning in one optimization framework. The
approach to achieving noise minimization, latent representations, and improved forecasting in complex and
noisy air quality data is achieved by each participant in the model by minimizing reconstruction and prediction
losses together.

4. Results and Discussion

This part compares the proposed ASTRA-NET and ST-DNN baseline on the standard classification and
prediction metrics using PM 2.5 and PM 0 data. The PM 2.5 and PM 10 data sets are concentrations of fine and
coarse particles of the air quality that is measured in air quality monitoring stations. Multivariate time-series
data is obtained by measuring PM 2. 5 (<2.5 pm) and PM 1 0 (<10 pm) and other meteorological parameters
like temperature, humidity, and wind. These data have close temporal dependence, spatial correlation and non-
linear distribution. But there are noise, missing values and sensor anomalies in them which are caused by
environmental and hardware factors. PM 2.5 is more harmful because it has a deeper penetration in the
respiratory tract whereas PM 1.0 impacts the upper airways. The preprocessing and the use of spatio-temporal
modeling of such datasets are needed in order to predict the actual air quality.

A. Accuracy and Precision

Proportion of correct classification of instances is called accuracy, which is a combination of true positive (TP)
and true negative (TN) values. The ratio of TP to the total positive predictions is referred to as precision. Table
I and Fig. 3 enable us to see that ASTRA-NET has an accuracy of 0.99 and a precision of 0.921 after 200
iterations, which is better by 0.36% and 0.26% than the values of ST-DNN of 0.97 and 0.8875, respectively.

Table 1: Comparison of Accuracy and Precision
Iteration ST-DNN Acc. ASTRA-NET Acc. ST-DNN Prec. ASTRA-NET Prec.
50 0.900 0.930 0.8867 0.914
100 0.910 0.960 0.8871 0.916
150 0.950 0.970 0.8873 0.919
200 0.970 0.990 0.8875 0.921
Accuracy and Precison comparisan across iteraticns

[
| =@~ ST.ONN Accuracy
| ASTRANET Accuracy

o984

-t

Fig. 3: Accuracy and Precision comparison across iterations.

B. Sensitivity and Specificity

The sensitivity (true positive rate) and Specificity (true negative rate) measures the discrimination ability of
the model. The sensitivity of ASTRA-NET is 0.92 at 200 iterations compared to 0.90 of ST-DNN, which isa 0.41
point improvement. The increased sensitivity is associated with a slightly lower specificity of 0.90 compared to
0.89, which validates the usefulness of the presented anomaly suppression in prioritisation of positive
identification that is accurate.
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Table 2: Comparison of Sensitivity and Specificity

Iteration ST-DNN Sens. ASTRA-NET Sens. ST-DNN Spec. ASTRA-NET Spec.
50 0.781 0.820 0.790 0.810

100 0.810 0.870 0.830 0.830

150 0.860 0.910 0.880 0.870

200 0.900 0.920 0.890 0.900

&

Fig. 4: Sensitivity and Specificity comparison across iterations.

C. Area Under Curve (AUC) and Matthews Correlation Coefficient (MCC)

AUC is the geometric average of accuracy, precision and recall measures and it is especially strong in
unbalanced datasets. The quality of binary classification is calculated as a correlation coefficient in MCC, which
gives equal measures regardless of skewed classes distribution [25]. At 200 iterations, AUC of ASTRA-NET is

0.8898 and MCC is 0.9414, which are 0.15% better than the ST-DNN in each of the two metrics.

Table 3: Comparison of AUC and MCC

Iteration ST-DNN AUC ASTRA-NET AUC ST-DNN MCC ASTRA-NET MCC
50 0.8862 0.8892 0.9354 0.9404

100 0.8864 0.8894 0.9356 0.9408

150 0.8865 0.8896 0.9358 0.9410

200 0.8867 0.8898 0.9360 0.9414

X WCC campanion across B o
wim - - *

i *
— . - —- -
Nom oW o W W
Pt

Fig. 5: AUC and MCC comparison across iterations.

D. Mean Absolute Error Rate

The error rate is the percentage of the wrongly classified cases. As shown in Table IV and Fig. 6, ASTRA-NET is
able to minimize the error rate at all training epochs. The error rate of 500 epochs drops (2.5) to (2.1) at 500
epochs in ST-DNN and ASTRA-NET respectively, which is a 52.67 reduction in the mean error rate, showing
that the better sparse autoencoder is well generalised in the long run.
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Table 4: Mean Absolute Error Rate Comparison
Training Epochs ST-DNN Error Rate ASTRA-NET Error Rate
100 4.0 3.8

200 3.6 3.4

300 3.1 3.0

400 2.9 2.4

500 2.5 2.1

Mean absoiute eror rate vs training epochs

ICOR I @~ STL.DNN Erer Rate

ASTRA-NET Error Rate

100 150 200 350 00 30 0 0 500
Thaning fpoctn

Fig. 6: Mean absolute error rate vs. training epochs.

E. Holistic Performance Comparison

Fig. 7 provides a radar chart that summarises all the six performance metrics at 200 iterations of both the
models. ASTRA-NET is used to rank higher than ST-DNN in Accuracy, Precision, Sensitivity, Specificity, AUC,
and MCC, which proves the overall superiority of the enhanced implementation of the sparse autoencoders in
the real-world air quality prediction task.

Overall performance metrics at 200 iterations
Sansitiity " ——— .

-~ g & ST-ONN

» s e ASTRANET

Spe -Y-.|l>.{ % F”‘ UIACY

Fig. 7: Overall performance metrics at 200 iterations.

5. Conclusion

In this paper, the authors introduced ASTRA-NET, a deep-learning system that offered a better prediction of air
quality, based on a better sparse autoencoder with LSTM, ANN, KNN-ED, and kNN-DTWD. The sparse
autoencoder is useful in eliminating noise and anomaly information which is common in sensor data of
heterogeneous monitoring stations. Thorough analysis reveals that ASTRA-NET has accuracy of 0.99, precision
of 0.921, sensitivity of 0.92, AUC of 0.8898, MCC of 0.9414 and 52.67 percent reduced mean error rate
reduction compared to ST-DNN at the 500 training steps.
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The modular architecture can be extended to other pollutant forecasting activities such as ozone, carbon
monoxide and nitrogen dioxide. Future research will be concentrated on large-scale scaling of IoT-driven
sensor networks, real-time streaming inference and incorporating urban mobility data to improve spatial-
temporal modelling.
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