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Abstract

Air pollution has emerged as a critical
challenge, directly affecting human health, urban
sustainability, and climate systems. Traditional
air-quality index (AQI) prediction models often
struggle to provide timely alerts because they
are not very sensitive to changes over time and
are hard to understand. This paper proposes
a Neuro-Inspired Alert System for Air Quality
Prediction (NAS-AQP) that incorporates an
ensemble learning approach using voting
regression to enhance input quality, followed
by classification through a Spiking Neural Network
(SNN). The system is designed such that it
captures the temporal and nonlinear relationships
between air pollutants such as Nitrogen Dioxide
(NOz2), Sulphur Dioxide (S0O2), Respirable
Suspended Particulate Matter (RSPM) and
Suspended Particulate Matter (SPM). The proposed
method starts with preprocessing of the data and
normalizing the features. After that, models like
Linear Regression (LR), Random Forest (RF), and
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Decision Tree (DT) are trained and evaluated using
Root Mean Square Error (RMSE), Mean Absolute
Error (MAE), and Coefficient of Determination
(R?) metrics. After the training of above models, a
voting based ensemble approach is used to improve
AQI regression accuracy. A threshold based rule
is then used to convert received, AQI predictions
into binary alerts. Finally, an SNN is trained to
classify these alerts, achieving energy-efficient,
real-time alerting through temporal coding and
sparse activation. The ensemble voting regression
model achieved an RMSE of 27.91 and MAE of 20.56,
while the SNN classifier attained a classification
accuracy of 92.4%.

Keywords: air quality index (AQI), ensemble learning,
spiking neural network (SNN),
real-time prediction, environmental monitoring, respirable
suspended particulate matter (RSPM), suspended
particulate matter (SPM), temporal coding, machine
learning, neuro-inspired systems.

voting regression,

1 Introduction

Air pollution is a global public health crisis, affecting
millions of people on a daily basis across all forms of
society. According to the World Health Organization,
air pollution accounts for over 7 million premature
deaths each year, with the burden disproportionately
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concentrated in low and middle-income countries [1].
According to the IQAir 2024 Global Report, over 90%
of the world’s population lives in areas that do not even
meet the World Health Organization’s clean air quality
standards [2]. In large urban centers like Delhi, the
AQI levels often range between 150 and 200, falling in
the "Moderate" to "Poor" category. The consequences
of all this lead to school shutdowns, public health
alerts, and a surge in respiratory illnesses [3].

The major causes of poor air quality are vehicular
emissions, industrial activities, construction dust, and
agricultural burning. Pollutants such as NO3, SO,
and RSPM and SPM play a key role in this. RSPM refers
to Respirable Suspended Particulate Matter, which
includes fine particles capable of penetrating deep
into the lungs. SPM, or Suspended Particulate Matter,
consists of both coarse and fine particles that remain
suspended in the air and contribute significantly to
air pollution and respiratory diseases. These lead
to asthma, lung cancer, stroke, and cardiovascular
diseases. ~The most vulnerable populations are
children, the elderly, and individuals with pre-existing
health conditions. ~While the AQI is presented
as a standard for reporting pollution levels to the
public, real-time prediction of AQI remains an open
challenge in science and technology. Although
traditional machine learning models perform well
with consistent patterns, they struggle with the
nonlinearity, dynamic nature, and time-dependent
aspects of environmental data. They also involve high
computational costs, limited interpretability, and slow
adaptability, making them less suitable for real-world
conditions—especially when data is sparse and quick
decisions are needed.

1.1 Why SNNs?

NAS-AQP combines ensemble machine learning
methods with SNNs—a recent neural architecture
that mimics the brain’s way of processing information
through discrete electrical spikes. SNNs belong to
the third generation of neural network development
and are gaining prominence for their ability to handle
temporal data more effectively than previous models.
Unlike the traditional Artificial Neural Networks that
use continuous activation functions, SNNs take input
as a continuous sequence of spikes over time and
closely resemble the way biological neurons operate in
the brain. This allows the system to detect and learn
temporal patterns, making it well-suited for systems
like pollution sensors, where a significant amount of
data fluctuates, and the real-time alerts are essential.
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SNNs offer a low-power computing solution
that is ideal for embedded sensor devices and
IoT platforms.  Their sparse activation reduces
the energy consumption while maintaining the
responsiveness and making them highly scalable for
city infrastructures, which often deploy thousands of
sensors that must function reliably, simultaneously,
and smoothly. Crucially, the training of SNNs is
enabled by surrogate gradient methods, which
approximate the non-differentiable spike function
during backpropagation, making it feasible to
optimize spiking networks on real-world classification
tasks [4]. In the alert stage of the proposed system,
the integration of the SNN model enabled real-time
classification of AQI data into public alerts (for
example, AQI values exceeding 150, corresponding
to the Moderate category and above, are classified
as health warnings requiring intervention). This
allows cities to generate real-time reports and respond
to pollution spikes with public health guidance or
control measures accordingly.

1.2 System Overview

The proposed NAS-AQP system operates in two main
stages:

e Ensemble in the Regression Phase — The first
step is to train a set of models, including Linear
Regression, Decision Trees, and Random Forest,
using performance metrics such as RMSE, MAE,
and R?. These models will then be used in the
ensemble voting regression approach. The above
mentioned models are then combined using a
voting regressor, which harnesses the best of each
model’s capabilities and helps to improve AQI
predictions.

e Neuro-Infused Alert System — Predicted AQI
values are converted into binary alerts based
on predefined threshold levels (e.g., AQI >
150, corresponding to Moderate and above
categories, — Alert = 1). An SNN is then
trained to classify these alerts, capturing temporal
dependencies and enabling rapid responses to
sudden environmental changes with minimal
computational effort.

1.3 Motivation

The increasing burden of air pollution on global health,
environmental sustainability, and urban infrastructure
calls for the development of intelligent systems
that can offer timely, accurate, and interpretable
predictions. Traditional forecasting approaches often
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fall short in addressing the complexity of real-world
pollution data, which includes nonlinear pollutant
interactions, varying meteorological influences, and
real-time alerting needs. To tackle the above challenges,
a comprehensive system has been proposed that
combines the robustness of ensemble machine learning
models with the adaptability and efficiency of SNN.
The motivation to incorporate SNN stems from their
ability to replicate the temporal computation of
biological neurons, thus allowing for temporal pattern
recognition and energy-efficient computation.

The findings of this study are as follows:

- Creation of an ensemble model for the prediction
of AQI using various regression models for accuracy
improvement.

- The addition of an SNN layer enables biologically
inspired binary classification of air quality alerts.

1.4 Outlook

As air quality is continuously declining and cities are
growing smarter day by day, there is an increasing
need for intelligent, scalable, and energy-efficient
environmental monitoring systems. The NAS-AQP
model addresses this challenge by combining the
strengths of ensemble learning and spiking neural
networks. This hybrid system is not only accurate
but also practical for deployment in edge-computing
environments such as traffic signal poles, public
transportation systems, and handheld monitoring
devices—bringing society a step closer to a cleaner
and healthier future.

2 Literature Review

Recent studies report a shift away from the use of
classic statistical models toward hybrid and deep
learning approaches, which have proven to perform
better at handling nonlinearity, high dimensionality,
and time-dependent elements in environmental
data. Early research into hybrid models for air
quality monitoring demonstrated that clustering-based
ensemble approaches combined with evolving spiking
neural networks can effectively capture temporal
pollution patterns, with each sub-network trained
on a distinct cluster of time series to improve
overall forecasting accuracy for pollutants such
as ozone and PM10 [5]. This line of work
established a compelling precedent for integrating
ensemble strategies with neuromorphic architectures
in environmental prediction tasks.

In the case of environmental sensor data, which
is the focus of this study, it is observed that deep
learning methods, in particular Convolutional Neural
Networks (CNNSs), perform well at extracting complex
spatial features from data. Also, when examining
atmospheric variables, studies show that CNNs
have played an important role in identifying spatial
pollutant patterns across monitoring stations and
at regional scales. In many real-world forecasting
issues, these spatial features alone are not enough,
especially in multi-hour and multi-site cases. To
address this, researchers have proposed hybrid models
that leverage CNNs for spatial features and combine
them with Long Short Term Memory (LSTM) or
BiLSTM networks, which in turn perform very well
at modeling temporal elements related to pollutant
trends [6]. Thus, the CNN-LSTM combinations are
most effective at identifying both short term and
long-term air pollution trends, making them very
useful for real-time and future forecasting.

Advanced architectures such as Deep Distributed
Fusion Networks further extend these capabilities by
combining spatial and temporal data from multiple
sources, helping to reduce feature loss and improve
the model’s generalization capacity across diverse
monitoring environments [7].

In addition to deep neural networks, there is
widespread use of supervised machine learning
algorithms in environmental prediction. The
performance of these models depends mainly on
the quantity and quality of the data, as well as the
feature engineering involved in model development.
Algorithms such as Support Vector Regression (SVR),
Random Forests (RF), and linear regression-based
methods perform well in AQI prediction tasks and
often establish benchmarks that are difficult to surpass
[8]. It has also been found that hybrid deep learning
models outperform traditional statistical methods like
AutoRegressive Integrated Moving Average (ARIMA)
and linear regression in modeling the complex
challenges of urban and industrial air pollution [9].
Studies focused specifically on Indian air quality
data have further confirmed that combining linear
regression-based feature selection with random forest
regression yields strong spatial AQI predictions,
with the hybrid approach outperforming individual
models across multiple pollutant types and geographic
locations [10].

Ensembles of multiple models have also been shown to
be effective with complex, high-dimensional datasets.
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Ensemble models using RF and LSTM, not only
improve prediction accuracy but also provide more
stable results across various air quality scenarios [11].
Additionally, large-scale reviews of machine learning
in air quality emphasize the value of integrating
various environmental datasets (e.g., meteorological
data, geographic information, traffic data) and
recommend the use of evaluation metrics such as MAE,
RMSE, and R? to better assess model performance in
real-world applications [12].

Building toward neuromorphic implementations, the
integration of leaky integrate-and-fire (LIF) neurons
into machine learning architectures via surrogate
gradient training has been shown to enable accurate
and energy-efficient classification, demonstrating
that hybrid networks combining biological neuron
dynamics with standard backpropagation are viable
for real-world signal processing tasks [13].

Recent advancements have pushed toward both
energy-efficient deployment and temporally aware
modeling in air quality prediction. Pazhanivel
et al. [14] propose an optimized lightweight
deep learning model for fog-enabled embedded
AQI prediction in smart city environments, while
Liu et al. [15] demonstrate that evolving spiking
neural networks can achieve high-accuracy hourly
PM2.5 concentration forecasting by capturing seasonal
and diurnal temporal dynamics. Underpinning
such neuromorphic deployments is the conversion
of continuous sensor readings into spike trains;
benchmarking studies on Iol' time-varying signals
confirm that rate-based encoding reliably preserves
signal amplitude for downstream neuromorphic
classification [16]. Together, these works highlight the
energy efficiency and temporal modeling advantages
that directly motivate the NAS-AQP system’s hybrid
design.

3 Methodology

The methodology of the study involves a hybrid
modeling approach to predict the air quality index.
The study begins with the collection of data across
various Indian states, specifically focusing on
pollutants such as SO;, NO;, RSPM, SPM, and
associated metadata, including state, location, and
sampling date. Central Pollution Control Board
(CPCB) guidelines are used for AQI calculation with
sub-indices calculated for each pollutant (SO;, Noj,
Rpi, and SPM,; ), and the final AQI is determined as the
maximum of these values. The AQI is then categorized
into six categories as shown in Table 1: Good (0-50),
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Table 1. AQI calculation.

AQI -
Range Category Health Implication
0-50 Good Minimal Impact

. Minor Breathing
51-100 Satlsfac’coryDiSCOm fort
101200  Moderate Breathing Discomfort on

prolonged exposure
201-300  Poor Respiratory illness possible
301-400 Very .Increased discomfort and
Poor illnesses

401-500  Severe Emergency  conditions;

serious risk

Satisfactory (51-100), Moderate (101-200), Poor
(201-300), Very Poor (301-400), and Severe (401-500).
Exploratory Data Analysis (EDA) involved generating
visualizations such as bar graphs of the average
levels of SO; and NO: by state and state-wise
AQI classifications. The hybrid pipeline used for
AQI prediction and alert generation consists of the
following six steps:

Pipeline Overview (step-by-step)

Step 1: Data Collection — Gather pollution data (SOo,
NO,, RSPM, SPM) and metadata (state, location,
date).

Step 2: Data Preprocessing — Clean data, handle
missing values, encode categorical variables,
normalize features.

Step 3: AQI Calculation — Use CPCB standards to
compute sub-indices for each pollutant and derive the
final AQI.

Step 4: Exploratory Data Analysis (EDA) — Visualize
pollution levels and AQI trends across Indian states.

Step 5: Model Training and Evaluation — Train
ensemble ML models (Random Forest, Linear
Regression, Decision Trees) and evaluate using RMSE,
MAE, and R2.

Step 6: Binary Classification with SNN — Use AQI
thresholds to generate alert labels and train a Spiking
Neural Network for real-time classification; evaluate
using accuracy and F1 score.

The hybrid pipeline for air quality prediction follows
six steps, as shown in Figure 1. The pipeline first
collects air quality data comprising NOs, SO2, RSPM,
and SPM measurements, which are subject to high
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source-level noise and require careful preprocessing.
After pre-processing (removing any missing values,
normalizing, and building raw input into something
meaningful), the machine learning models, such as
Linear Regression, Decision Trees, and Random Forest,
are trained and evaluated in the next step. Several
metrics like RMSE, MAE, and R? are utilized for the
evaluation of the model. Voting is used to enhance
prediction accuracy as ensemble methods are very
useful in supervised machine learning applications.
The AQI outputs classified into binary alerts based on
their threshold level are used to train SNN for real-time
classification, which utilizes spike-based computation
models. The SNN will then be evaluated for accuracy
and F1 score and compared to traditional models. The
hybrid deployment will combine ensemble models,
which are used in step 2, and an SNN to provide
accurate and timely air quality for alert purposes.

3.1 Data Collection

This study utilized air pollution measurements
collected from various Indian states. The relevant
counterparts are the concentration levels of SO,
NO3, RSPM, and SPM. In addition to the pollutant
concentrations, the data include metadata such as the
state, city or location, and date of sampling. These
variables were obtained from government air quality
monitoring systems, providing real-time snapshots
of atmospheric health over a range of geographic
locations in India. This large dataset forms the
foundation for both the regression and classification
components of the proposed system [17].

3.2 Data Preprocessing

Preprocessing of the raw data is a critical step in
preparing it for use in modeling. Columns such
as monitoring station codes and agency codes were
removed in the initial step. Missing values in
numerical columns were imputed with zero, but
the categorical variables were handled with mode
imputation to keep them statistically significant.
Categorical variables such as "state” and "location” were
transformed into numeric data using label encoding
methods to make them compatible for further training.
Features were normalized using the StandardScaler
to keep all inputs equally scaled in one range, which
helps improve the performance of ensemble models
and spiking networks.

3.3 AQI Calculation

CPCB standards were taken into consideration to
calculate AQI from pollutant specific sub-indices. For

Data Collection

A 4

Data Preprocessing

(Clean, normalize and split data)

v

Train Base Models
(Linear Regression, Decision tree
and Random Forest)

[

Model Evaluation
(use RMSE, MAE, R* to compare)

v

Ensemble Learning
(Applying Voting)

Threshold-Based
Alert Generation
(convert AQI to alert (0/1)
based on threshold

L 4

Train Spiking Neural
Network (SNN)
(Classify alerts using
SNNs with AQI as input)

L

Evaluate SNN Performance
{Accuracy, F1-score,
compare with ML classifiers)

w

Hybrid Deployment Model
(Integrate ensemble Result
+SNN forreal-time alerts)

l

Figure 1. Hybrid AQI prediction and alert pipeline.
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each pollutant, such as SO,, NO2, RSPM and SPM, a
sub-index was defined based on its concentration in the
air; the total AQI was the maximum of the sub-indices.
The calculated values were also categorized into six
severity ranges: good, satisfactory, moderate, poor,
very poor, and severe. This made the classification
easier to convey the risk level and facilitated the
conversion of continuous values into binary alert labels
for further classification.

3.4 Feature Engineering

To improve model performance, it is essential to
identify the relationships between air pollutants and
AQI Different feature engineering methods were used.
Polynomial scaling was used to create non-linear
terms from raw pollutant concentrations, so that
the regression models could learn curvilinear trends.
Logical threshold flags were also created to warn
when certain pollutants exceeded CPCB-defined safety
limits. These calculated features added more meaning
to the learning algorithms and helped improve
regression accuracy.

3.5 Exploratory Data Analysis (EDA)

An EDA was conducted to realize spatial patterns
of pollution and inter-regional variation. Bar plots
and statistical summaries were used as visual tools
for representing the distribution of pollutants by state.
For example, the average levels of SO, and NO; were
contrasted across states and the AQI classes were
analyzed in relation to their location. The examination
indicated that Delhi, West Bengal, and Uttar Pradesh
consistently reported high pollution levels with regular
occurrences of "Poor" and "Severe" categories of AQI.
The results were utilized to inform the modeling
process, especially in the evaluation of the role of
location and seasonal variation.

3.6 Visualization

Figure 2 depicts the levels of SO, in different Indian
states. The states are shown on the x-axis, with
SOy levels on the y-axis. The results indicate
that Uttaranchal showed the highest levels of SO,
followed closely by Uttarakhand. These elevated
SO, concentrations indicate significant air quality
degradation in these regions.

Figure 3 depicts the levels of NO; in different Indian
states. The states are shown on the x-axis, with NO,
levels on the y-axis. Among all the states, West Bengal
has the highest concentration of NO,, which suggests
higher vehicle or industrial emissions contributing to
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SO2 Levels by State in India

SO2 Level

Goa
Gujarat
Haryana

Himachal Pradesh

Delhi
Jammu & Kashmir

Bihar
Chandigarh
Chhattisgarh

Dadra & Nagar Haveli
Punjab

Andhra Pradesh
Assam
Daman & Diu
Jharkhand
Karnataka
Kerala
Madhya Pradesh
Maharashtra
Manipur
Meghalaya
Mizoram
Nagaland
Odisha
Puducherry
Rajasthan
Sikkim

Tamil Nadu
Telangana
Uttar Pradesh
Uttarakhand
Uttaranchal
West Bengal

Arunachal Pradesh

Figure 2. Barplot of Sulphur Dioxide (SO2) concentration
levels across Indian states (measured in pug/m?).
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Figure 3. Distribution of Nitrogen Dioxide (NO3) levels by
Indian state, including variation bars
(measured in pg/m3).

air pollution in that area.

The Figure 4 bar chart illustrates the levels of RSPM
in various Indian states. The states are represented
on the x-axis, and the corresponding levels of RSPM
are represented on the y-axis. Delhi has the highest
RSPM across all states, reflecting high particulate
pollution in the area, probably from traffic, buildings,
and industrial activities.

Figure 5 represents the distribution of SPM
concentrations across multiple states in India.
The x-axis shows different states, while the y-axis
shows SPM levels. Delhi records the highest SPM
concentrations, attributable to intensive urbanization,
vehicular emissions, and industrial activity.
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RSPM Levels by State in India

RSPM Level

Goa
Gujarat
Haryana

Himachal Pradesh

Delhi
Jammu & Kashmir

Andhra Pradesh
Chandigarh
Chhattisgarh
Dadra & Nagar Haveli
Daman & Diu
Jharkhand
Karnataka
Kerala

Madhya Pradesh
Maharashtra
Manipur
Meghalaya
Mizoram
Nagaland
Odisha
Telangana

Uttar Pradesh
Uttarakhand
Uttaranchal
West Bengal

Arunachal Pradesh

Figure 4. Respirable Suspended Particulate Matter (RSPM)
levels across Indian states, based on regional pollution
monitoring data (in pug/m?).
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Figure 5. Suspended Particulate Matter (SPM) levels by
state in India with comparative height visualization
(measured in pg/m?).

4 Implementation

The proposed NAS-AQP follows a neat two-step
process of ensemble regression followed by
biologically inspired classification. The tools
used are Python 3.10, along with Scikit-learn, Nengo,
and Brian2.

4.1 Model Evaluation and Selection

Several regression algorithms were used to estimate
AQI from the air quality data, including Linear

Regression, Random Forest, and Decision Trees.

The performances of these models were compared
on the basis of RMSE, MAE, and R? score. As

shown in Table 2, the Voting Regressor—built on the
above-mentioned models—achieved the lowest RMSE
and the highest R? value, and was therefore selected
as the final model for AQI estimation.

Table 2. Regression model performance on AQI prediction.

Model RMSE MAE R?Score
Linear Regression = 35.42  24.87 0.82
Decision Tree 31.65 22.15 0.85
Random Forest 29.03 21.24 0.86
Voting Regressor 2791  20.56 0.87

4.2 Threshold-Based Alert Generation

Once AQI is estimated, binary classification is carried
out using an AQI threshold of >150 to identify
hazardous air quality conditions, corresponding to
the Moderate category and above as defined by CPCB
guidelines. Values above the threshold are termed as
alerts. Table 3 demonstrates the AQI ranges described
by CPCB and the corresponding health advisories.

Table 3. AQI threshold classification for alerts.

AQI Range Category  Alert Value
0-50 Good 0
51-100 Satisfactory 0
101-200 Moderate 1
201-300 Poor 1
301-400 Very Poor 1
401-500 Severe 1

4.3 SNN for Alert Classification

The binary labels are employed for training an
SNN constructed with Leaky Integrate-and-Fire (LIF)
neurons. Input pollutant values are represented in
spike trains through rate-based encoding. The SNN
structure was implemented using Brian2 and Nengo,
trained via surrogate gradients to categorize spiking
activity into alert states. The network is sparse and
energy-efficient, perfect for real-time usage.

To describe the mechanism mathematically:

- Rate-based Encoding: Each input pollutant value z;
is transformed into a spike train using a rate-based
encoding method, where the firing rate r; is
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proportional to the input value:

’I“l:k‘$l

(1)

- LIF Neuron Dynamics: The membrane potential V' (¢)
of each LIF neuron follows the differential equation:

AV (t)

Tm = = —V(t)+R-1(t)

(2)

- A spike is generated when V' (¢) exceeds a threshold
Vin, after which the membrane potential is reset:
if V(t) = Vin,

V(t) — V;eset (3>

- Surrogate Gradient Training: Since spiking
functions are non-differentiable, training is performed
using surrogate gradients. A commonly used
surrogate derivative is:

s 1 1
av WV = ey (1 1+ e—a(V—Vth)>
(4)

- Output Classification: The alert decision is made
based on spike accumulation over a fixed time window

T: .
. {1 if Y7 sou(t) >0 5)

0 otherwise

4.4 End-to-End Pipeline

The entire NAS-AQP pipeline comprises pollutant
sensor input, preprocessing of data, ensemble
regression, threshold-based alert generation, and
spike-based classification. The output is visualized
through a real-time dashboard that consists of
time-series plots.

5 Results and Discussions

After comprehensive evaluation and validation, the
final performance metrics of our regression models are
presented in Table 2, showing that the Voting Regressor
achieved the best overall performance. Among the
individual base models, the Random Forest regressor
achieved an RMSE of 29.03, an MAE of 21.24, and an R?
score of 0.86, representing the strongest single-model
performance prior to ensemble combination. The SNN
classifier obtained an accuracy of 92.4% and an F1
score of 0.88, indicating effective performance in binary
alert classification. The integrated system was thus
successful in both regression and classification tasks.
Visualizations of pollutant distributions across Indian
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Figure 6. (a) SNN model training loss over epochs. (b)
SNN model training accuracy over epochs.

states are presented in Figures 2, 3, 4 and 5, illustrating
the state-wise variation in SO5, N Oy, RSPM, and SPM
concentrations respectively.

In Figure 6(a), the SNN training loss plummets over
10 epochs, signaling successful learning. Figure 6(b)
shows the training accuracy steadily increasing to
nearly 100% on the training set, while the model
achieved a generalisation accuracy of 92.4% on the
held-out evaluation data. In order to assess the
performance of the proposed spike prediction model,
a series of simulated AQI values were created that
represented a range of air quality scenarios. Each
value was associated with a binary ground truth label
based on a predefined threshold (AQI exceeding the
Moderate category boundary, i.e., >100, classified
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as an alert), consistent with the CPCB classification
adopted in this study. The model that was trained
to predict spikes, the SNN, was then used to predict
whether each AQI value represented a spike or not.
Next, the predictions were compared against ground
truth values, which were converted into a true label
for good vs. unhealthy air based on the predefined
threshold using two standard metrics of classification
performance: accuracy and Fl-score.

Random AQI values: [99, 120, 16@, 180, 208, 89, 155, 175, 1@e, 176, 188, 201, 93]
True Labels: Poiol: Tgadoian encIesile @Ry 3e)
Predicted Labels: [©, 1, 1, 1, 1, @, 1, 1, 8, 1, 1, 1, @]

Accuracy: 8.92
F1 Score: 8.94

Figure 7. Performance evaluation of the SNN model on
simulated AQI data using accuracy and F1-score.

Accuracy included the total number of accurate
predictions the model made during the prediction
process. The total number of true positives plus true
negatives divided by the total predictions made by
the model, multiplied by 100, equals the percentage
of accurate predictions made by the model. The
F1-score evaluated precision and sensitivity, or recall,
scores of the spiking model’s classifier, making this
metric significantly more useful in instances of class
imbalance. The performance evaluation of the SNN
model on simulated AQI data is shown in Figure 7. It
provided a relatively unambiguous method to evaluate
the model’s ability to classify hazardous levels of
air quality. In contrast to traditional models like
ARIMA and SVR, which rely on strong assumptions
of linearity and stationarity, our hybrid approach
handles non-linear, real-world fluctuations more
effectively. The integration of an ensemble model with
an SNN classifier allows both predictive accuracy and
interpretability in a dynamic urban environment.

6 Future Work

Although the proposed work has impressive
functionality, there are some unresolved areas for
research and development. One potential field of
focus could be the incorporation of recurrent spiking
networks that are time-based or the use of elementary
models by way of combined SNNs with LSTM layers.
The reason for doing all that is to have a model
that is very sensitive to time and the behavior of
pollutant drift. Therefore, this new idea of modifying
the threshold values of AQI alerts can be further
explained under conditions of fast environmental
change.

Another possibility is the ability to have smart AQI

alert thresholds that can change in a shorter frame. The
changed thresholds may result either from the user’s
actions (reinforcement learning) or from thresholds
determined by the region’s climate health data and the
area’s population vulnerability. From a deployment
perspective, future work will focus on implementing
the NAS-AQP pipeline on edge devices to enable
energy-efficient, on-site computation. Moreover, the
implementation of real-world pilot testing that occurs
in parallel with municipal bodies or pollution control
boards can be another way to test the system’s
performance under live and working conditions. In
addition, a connection with space-borne sensors and
monitoring by a network of citizens may allow the
framework to be designed in such a way that it enables
the whole national territory or even neighboring
countries to be monitored. On a final note, the
upscaling of Al Explainable with the use of spike
visualizations and neuro-symbolic reasoning could
be a definitive answer to a very new and interesting
area of public trust improvement.

7 Conclusion

This paper presents the Neuro-Inspired Alert
System for Air Quality Prediction (NAS-AQP), a
novel approach that combines ensemble-based AQI
regression with biologically inspired classification
by SNNs. The proposed system was designed to
analyze real-time environmental data—i.e., SO2, NOo,
RSPM, and SPM levels—to forecast AQI levels and
issue binary alerts when air quality crossed dangerous
levels. The ensemble learning technique voting
regression proved highly efficient in approximating
AQI with precision in various Indian states. The
application of SNNs to alert classification provided a
computationally efficient and biologically plausible
framework that could analyze temporal dynamics with
real-time processing. The system was evaluated for
performance using standard performance metrics and
showed high precision and robustness for regression
and classification tasks. The module-based design
and visualization dashboard also make NAS-AQP
deployable within smart city infrastructure and public
health monitoring.

Overall, the NAS-AQP system contributes to
environmental informatics with a hybrid, scalable,
and explainable methodology for real-time air quality
monitoring and early warning generation.
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