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Abstract: Effective urban air quality management requires monitoring systems that are reliable, affordable, and fairly distributed across
commercial and residential areas. This study examines nitrogen dioxide (NO2) concentrations in Cheltenham by comparing commercial
sites, Boots Corner/High Street, with the residential site London Road across pre-COVID-19, COVID-19, and post-COVID-19 periods.
Missing values were handled using mean imputation, and nonparametric Kruskal–Wallis H-tests followed by Dunn’s post hoc pairwise
comparisons were used to compare monitoring locations. Forecasting performance was assessed using Autoregressive Integrated Moving
Average (ARIMA), Holt-Winters exponential smoothing (Holt-Winters), Extreme Gradient Boosting (XGBoost), Gated Recurrent
Unit, and Long Short-Term Memory (LSTM) models, with root mean square error (RMSE) as the evaluation metric and bootstrap
simulations for validation. Results showed that NO2 levels at London Road were statistically indistinguishable from Cheltenham citywide
levels (p = 0.74), suggesting it can act as a cost-effective proxy for average citywide trends, although it should not replace monitoring of
short-term fluctuations or localized pollution episodes. In contrast, Boots Corner/High Street differed significantly from citywide levels
(p< 0.05). For forecasting, Holt-Winters slightly outperformed ARIMA, while LSTM achieved the best overall accuracy, with an RMSE
of 2.66 and about 16% lower error than competing models. Bootstrap simulations supported these findings, though performance varied
with dataset size. Overall, London Road can support cost-efficient NO2 surveillance in Cheltenham, while supplementary monitoring
remains important. LSTMmodels should be prioritized for high-accuracy forecasting, with bootstrap validation guiding model selection.
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1. Introduction

Despite improvements in ambient air quality across Europe
in recent decades [1], current pollution levels still pose signifi-
cant health risks [2], particularly in the United Kingdom, where
nitrogen dioxide (NO2) levels frequently exceed European Union
thresholds due to the high prevalence of diesel vehicles [3–5].
As NO2 is a leading contributor to premature mortality world-
wide [6], accurately modeling its concentration and informing
mitigation strategies is essential for public health and environ-
mental policy [7, 8]. Robust models must capture the complex
interactions between emission sources, geography, and meteo-
rology [9–13], drawing on approaches ranging from machine
learning (ML) to dispersion and atmospheric chemistry methods
such as Gaussian, Lagrangian, and Eulerian models [14]. The
public health case for reducing NO2 is well established: recent
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systematic reviews and large cohort studies link long-term NO2
and NOx exposure to elevated all-cause, cardiovascular, and res-
piratory mortality [15–17], with excess risk persisting even at
concentrations below current regulatory limits [18], and short-
term exposures posing particular risks for the elderly and other
vulnerable groups [19, 20].

Despite this substantial body of work, Cheltenham’s air qual-
ity has remained unexamined for over two decades (1994–2022),
a notable gap given the town’s mix of commercial and residential
exposure profiles. This study addresses that gap directly by ana-
lyzing NO2 levels at Boots Corner/High Street (commercial) and
London Road (residential), Cheltenham, across the pre-, during-,
and post-COVID-19 periods. The aim is twofold: to characterize
local NO2 trends and to assess whether either site’s NO2 attributes
are representative of broader patterns across Cheltenham. Iden-
tifying such a representative location would offer a cost-effective
alternative to citywide monitoring for future air quality stud-
ies. The COVID-19 lockdowns provide a useful backdrop for
such trend analysis, as satellite and ground-based observations

Pdf_Fol io:1

©The Author(s) 2026. Published by BON VIEW PUBLISHING PTE. LTD. This is an open access article under the CC BY License (https://creativecommons.org/licenses/by/4.0/).

01

https://doi.org/10.47852/bonviewJDSIS62028274
mailto:johakwe2@glos.ac.uk
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


Journal of Data Science and Intelligent Systems Vol. 00 Iss. 00 2026

documented substantial NO2 reductions across cities world-
wide, with magnitudes that varied by local mobility and, in
some regions, occurred even without formal lockdown measures
[21–23]. Low-cost sensor networks have likewise been proposed
to increase the spatial density of observations, although their
reliability depends on careful calibration and siting relative to
reference-grade instruments [24–26]; calibration uncertainty has
been shown to grow with distance from reference stations,
reinforcing the value of identifying representative monitoring
locations [27].

Comparison tests, exploratory and descriptive analysis, time
series methods, and ML have each been used productively else-
where to characterize and forecast air pollution, for example,
Long Short-Term Memory (LSTM)-based forecasting in Beijing
[28], spatial comparisons between Indian cities [29], and com-
bined statistical-ML approaches that pair exploratory analysis
with forecasting for a fuller picture [30–32]. These studies con-
sistently show that no single method is sufficient on its own and
that synergy between descriptive, inferential, and ML techniques
produces more robust, interpretable predictions [28, 30–32]. More
recent studies have extended these approaches with recurrent and
hybrid deep learning architectures, in which LSTM networks
and their convolutional variants frequently outperform classi-
cal baselines such as Autoregressive Integrated Moving Average
(ARIMA) [33, 34]; comparative evaluations using root mean
square error (RMSE) across Convolutional Neural Network
(CNN), LSTM, and Gated Recurrent Unit (GRU) models report
that no single architecture dominates across all pollutants [35, 36],
while decomposition-based hybrids and systematic hyperparame-
ter optimization offer further accuracy gains [37, 38], including in
locations without dedicated monitoring [39].

This study brings that synergy to bear on Cheltenham
specifically. Using descriptive and inferential statistics, ML, and
Bootstrapping-based simulation, it (i) compares NO2 levels at
Cheltenham’s commercial and residential sites against the wider
area’s patterns; (ii) develops and evaluates predictive models,
selecting the best-performing approach via RMSE; and (iii) val-
idates that selection by re-applying both traditional time series
models and ML algorithms to three bootstrap-simulated NO2
datasets, with the overall best model again chosen by RMSE [40].

As shown in Table 1, existing studies have made important
contributions to air quality monitoring, pollutant forecasting,
and spatial air pollution analysis. However, many prior studies
focus on pollutant characterization, statistical comparisons, or
predictive modeling in isolation. In contrast, the present study
provides an integrated framework for Cheltenham NO2 analysis
by combining location-based comparison, exploratory analysis,
time series modeling, ML forecasting, RMSE-based model eval-
uation, and bootstrap simulation. The novelty of this study lies
in its localized Cheltenham case study, its identification of Lon-
don Road as a potential cost-effective proxy for wider NO2

surveillance, and its validation of model selection using simulated
bootstrap datasets.

The remainder of this paper is organized as follows.
Section 2 presents the research methodology, covering data col-
lection and preprocessing, the comparison test, exploratory data
analysis (EDA), time series modeling (ARIMA and Holt-Winters
exponential smoothing (Holt-Winters)), ML modeling (LSTM,
Extreme Gradient Boosting (XGBoost), and GRU), model eval-
uation, and the bootstrap-based data simulation used to validate
model selection. Section 3 reports the corresponding results
and discussion, including a comparison with existing studies.
Section 4 concludes the paper and outlines directions for future
research.

2. Research Methodology

2.1. Research framework

To enhance clarity and provide a structured overview of
the study, a research framework is presented in Figure 1. The
framework outlines the sequential process from data collec-
tion and preprocessing through exploratory analysis, modeling,
simulation, and final model evaluation.

2.2. Data collection, preprocessing, and feature
engineering

This study utilizes secondary data obtained from Cheltenham
Borough Council to analyze monthly NO2 concentrations (mea-
sured in µg/m3) across selected locations in Cheltenham between
1994 and 2022. The dataset is publicly available through the coun-
cil’s environmental monitoring reports and is used in accordance
with open-access data provisions for research and non-commercial
purposes.

The dataset consists of 345 observations (rows) represent-
ing monthly aggregated NO2 readings over the study period. The
original dataset includes variables such as monitoring location,
date (year and month), and NO2 concentration levels. From this,
key variables selected for analysis include:

1) Location (Cheltenham, London Road, Boots Corner/High
Street)

2) Time (year and month)
3) NO2 concentration (µg/m3)

Data preprocessing involved aggregating NO2 readings from
multiple monitoring sites. For Cheltenham, readings across all
available monitoring stations were combined. At the same time,
for London Road (sites 81, 104, 212 London Road) and Boots
Corner/High Street (including Boots Corner, 452, 422, 443,
YMCA, Cutting Room, Restoration, Pisa Pizza, and The Swan
High Street), site-specific data were aggregated to represent

Table 1
Comparative summary of related work and distinction from the proposed study

Study Focus/pollutant Method used Key contribution Limitation/gap

Li et al. [28] Air pollutant prediction LSTM Improved forecasting
accuracy

Limited comparative
modeling

Marinov et al. [32] Air quality forecasting Time series Forecasting approach No ML integration

Chen et al. [41] Multi-pollutant Random Forest High-resolution prediction No cost-effective
monitoring insight
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Figure 1
Research framework

each area. Annual and monthly mean concentrations were
computed to ensure consistency and comparability. Missing val-
ues were replaced with column means to maintain statistical
integrity. Below is a mathematical representation of a mean across
columns:

𝑿𝒋 = 𝑵∑𝒋=1
𝑿𝒋/𝑵 (1)

Where:
X j is the mean of NO2 across the jth columns, X j are the

observations of NO2 across the jth columns, and N is the total
number of NO2 observations across the jth columns.

The mean imputation method, which preserves the data’s
overall distribution, was utilized for missing data, a standard in air
pollution studies. The cleaned, aggregated dataset with monthly
means of NO2 concentration (1994–2022) was prepared for fur-
ther analysis across selected locations. Feature engineering was
applied to enhance the models’ predictive performance. Addi-
tional temporal variables were derived from the date information,
including:

1) Day of the year
2) Day of the week

3) Month
4) Quarter

The feature engineering process was limited to variables that
could be derived directly from the official dataset provided by
Cheltenham Borough Council. Consequently, temporal features
such as year, month, quarter, and other calendar-based variables
were generated from the sampling dates to capture seasonal and
long-term temporal patterns in NO2 concentrations. Although
meteorological variables (e.g., temperature, humidity, wind speed,
rainfall, and wind direction) and traffic flow data are recognized
as important determinants of NO2 variability, these variables were
not available in the original monitoring dataset and were therefore
not incorporated into the predictive models.

2.3. Comparison test

This study uses the Kruskal–Wallis H-test to compare NO2
levels in Cheltenham between two locations: London Road and
Boots Corner/High Street. The Kruskal–Wallis H-test, a non-
parametric alternative to one-way analysis of variance, is suitable
for comparing two or more independent groups when the assump-
tion of normality is unmet [42]. The test was applied twice: first to
compare NO2 levels between Cheltenham and London Road and
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then between Cheltenham and Boots Corner/High Street. The test
is mathematically represented as:

𝑯 = 12𝑵(𝑵+ 1) 𝒈∑𝒊=1𝒏𝒊𝒓𝒊 − 3 (𝑵+ 1) (2)

Where:
N represents the overall number of observations across all

groups, g denotes the total number of groups, and ni is the number

of observations in group i. The quantity ri = ∑ni
j=1 ri j

ni
refers to

the mean rank of the observations within group i.
The Kruskal–Wallis H-test was chosen because the data did

not follow a normal distribution, and variances among groups
were not homogeneous. The hypotheses of the Kruskal–WallisH-
test are presented below as:

H0: The population median of all the groups is equal.
Against.
H1: There is a significant difference among the groups.
The Kruskal–Wallis H-test was executed using a significance

level of 𝛼 = 0.05. According to the decision criterion, the null
hypothesis (H0) is rejected when the 𝑝-value < 0.05, signifying a
significant difference in NO2 levels. If the 𝑝-value ≥ 0.05, the null
hypothesis is not rejected, suggesting similarity in NO2 levels.

After the Kruskal–Wallis H-test is performed, the study
then performs a Dunn’s post hoc comparison test to ascertain
whether London Road and Boots Corner/High Street differ sig-
nificantly from each other. Dunn’s test compares the mean ranks
of two groups while accounting for the pooled ranking of all
observations.

Suppose there are k independent groups with a total sample
size:

𝑵 = 𝒌∑𝒊=1𝒏𝒊 (3)

where ni is the number of observations in group i.
Let:
Ri = sum of ranks for group i,
R̄i = Ri

ni
= mean rank of group i.

For any pair of groups i and j, the Dunn test statistic is
computed as:

𝒁𝒊𝒋 = 𝑹̄𝒊 − 𝑹̄𝒋
√𝑵(𝑵+ 1)

12
( 1𝒏𝒊 + 1𝒏𝒋 )

(4)

When tied observations are present, the variance is adjusted
using the tie correction factor:

𝑪 = 1− ∑𝒈𝒎=1 (𝒕3𝒎 − 𝒕𝒎)𝑵3 −𝑵 (5)

Where:
g is the number of groups of tied ranks, tm is the number of

observations in the m-th tied group.
The variance then becomes:

𝑽𝒂𝒓 = 𝑪 × 𝑵(𝑵+ 1)
12

( 1𝒏𝒊 + 1𝒏𝒋 ) (6)

and the corrected Dunn statistic is:

𝒁𝒊𝒋 = 𝑹̄𝒊 − 𝑹̄𝒋√Var
(7)

The resulting Z-statistics are compared with the standard
normal distribution to obtain pairwise p-values. The hypotheses
of the Dunn’s post hoc comparison test are presented below as:

H0: The distributions of NO2 concentrations are the same at
both locations.

Against.
H1: The distributions of NO2 concentrations differ between

the two locations.
The Dunn’s post hoc comparison test was executed using

a significance level of 𝛼 = 0.05. According to the decision cri-
terion, the null hypothesis (H0) is rejected when the 𝑝-value
< 0.05, signifying a significant difference in NO2 concentrations.
If the 𝑝-value ≥ 0.05, the null hypothesis is not rejected, suggesting
similarity in NO2 concentrations.

2.4. Exploratory data analysis

This study uses statistical methods and visualizations to
explore NO2 patterns, detect trends, and identify normal/ab-
normal readings. Descriptive statistics summarize the data’s key
characteristics, including mean, standard deviation, min–max val-
ues, and 25–75th percentiles. Several visualization approaches
were implemented to facilitate interpretation. Mean bar charts
were employed to compare average NO2 levels across differ-
ent locations or periods. Density plots revealed the distribution
of NO2 readings, indicating the frequency of different concen-
tration ranges. Violin and box plots displayed the distribution
and spread of readings, providing insight into the interquar-
tile range, median values, and potential outliers. Line trend
plots depicted temporal changes in NO2 levels. Additionally,
map visualizations provided geographical context for the study
locations. When interpreted alongside descriptive statistics, these
complementary visualizations enable the effective identification of
NO2-level trends and anomalies, informing subsequent inferential
analysis.

2.5. Time series modeling

Time series modeling is a statistical method that analyzes
chronologically ordered data to uncover data patterns for future
predictions [43]. This study uses the ARIMA and Holt-Winters
exponential smoothing (Holt-Winters) models to analyze and
forecast Cheltenham’s 2022 NO2 levels using existing data.

2.5.1. Autoregressive Integrated Moving Average
The ARIMA model combines elements of the autoregres-

sive (AR) and moving average (MA) models and was originally
introduced by Arumugam and Natarajan [44].

The AR model (AR {p}) is represented as:

𝒀𝒕 = 𝜶+ 𝜷1𝒀𝒕−1 + 𝜷2𝒀𝒕−2 + . . . + 𝜷𝒑𝒀𝒕−𝒑 + 𝜺𝒕 (8)

The MA model (MA {q}) is represented as:

𝒀𝒕 = 𝜶+ 𝜺𝒕 −∅1𝜺𝒕−1 +∅2𝜺𝒕−2 − . . . −∅𝒒𝜺𝒕−𝒒 (9)

The ARIMA model is applied when a time series has been
differenced one or more times and incorporates both AR andMA
components. Therefore, the ARIMA model (p, d, q) is represented
as:𝒀𝒕 = 𝜶+ 𝜷1𝒀𝒕−1 + 𝜷2𝒀𝒕−2 + . . . + 𝜷𝒑𝒀𝒕−𝒑 + 𝜺𝒕 −∅1𝜺𝒕−1+∅2𝜺𝒕−2 − . . . −∅𝒒𝜺𝒕−𝒒 (10)
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Where from (2.8), (2.9), and (2.10):
Yt is the monthly air quality (NO2) data on which the model

is to be applied, 𝛼 is the intercept term, 𝜖t is the error term, 𝜙1,𝜙2, . . . , 𝜙q are the MA model coefficients, 𝛽1, 𝛽2, . . . , 𝛽𝑝 are the
AR model coefficients, and 𝛽1, 𝛽2, . . . , 𝛽𝑝 and 𝜙1, 𝜙2, . . . , 𝜙q are
the ARIMA model coefficients.

The stationarity assumption was verified using the Aug-
mented Dickey–Fuller (ADF) test before implementing the
ARIMA model. The ADF test is mathematically represented as:

Δ𝒚𝒕 = 𝜶+ 𝜷𝒕+ 𝜸𝒚𝒕−1 + 𝜹1Δ𝒚𝒕−1 + 𝜹2Δ𝒚𝒕−2+ . . . + 𝜹𝒑Δ𝒚𝒕−𝒑 + 𝜺𝒕 (11)

Where:Δyt is the difference in the time series y at time t, 𝛼 is the
intercept, 𝛽t is the coefficient on a time trend, 𝛾 is the coefficient
on yt−1, 𝛿1, 𝛿2, ..., 𝛿p are the coefficients for the lagged differences
of the series, and 𝜀t denotes the error term.

The hypotheses of the ADF test are presented below as:
H0: Stationary.
Against.
H1: Non-stationary.
Data stationarity was evaluated using the ADF test. A p-

value higher than the significance level (𝛼 = 0.05) suggests
non-stationarity, while a lower p-value indicates stationarity. The
ARIMA model was then configured with an order (𝑝, d, q) and
a seasonal order (p, d, q, M) to address the data’s non-seasonal
and seasonal aspects. The 𝑝, d, and q values in the order represent
AR terms, differencing steps, and MA terms of the non-seasonal
component, respectively. For the seasonal aspect, the order (p, d,
q, M) introduces an additional seasonal period (M = 12), signi-
fying monthly seasonality. In this framework, the parameter p is
chosen by examining the partial autocorrelation function (PACF)
plot, q is selected using the autocorrelation function (ACF) plot,
and d specifies the number of differencing operations required to
achieve stationarity.

2.5.2. Holt-Winters exponential smoothing
The Holt-Winters exponential smoothing model, introduced

by Holt [45] and Winters [46], was used to analyze the time
series of Cheltenham’s NO2 concentrations from 1994 to 2022.
This model effectively encapsulates trends and seasonality in data
series [47], making it an appropriate choice for our study. The
model comprises three components: level, trend, and seasonality.
The level component utilizes exponential smoothing to emphasize
recent observations, while the trend and seasonality components
employ multiplicative and additive methods. The Holt-Winters
method involves four equations:
Level equation.

𝑳𝒕 = 𝜶 (𝒀𝒕/𝑺𝒕−𝑳)+ (1− 𝜶) (𝑳𝒕−1 + 𝑻𝒕−1) (12)

Trend equation.

𝑻𝒕 = 𝜷 (𝑳𝒕 − 𝑳𝒕−1)+ (1− 𝜷) 𝑺𝒕−𝑳 (13)

Seasonal equation.

𝑺𝒕 = 𝜸 (𝒀𝒕/𝑳𝒕)+ (1− 𝜸) 𝑺𝒕−𝑳 (14)

Forecast equation.

𝑭𝒕+𝒎 = (𝑳𝒕 +𝒎𝑻𝒕) 𝑺𝒕−𝑳+𝒎 (15)

Where from Equations (12)–(15):

Yt is the actual value at time t, Lt is the level component at
time t, Tt is the trend component at time t, St is the seasonal com-
ponent at time t, Ft+m is the forecast for m periods ahead, L is
the length of the seasonal cycle, and 𝛼, 𝛽, and 𝛾 are the smooth-
ing parameters for the level, trend, and seasonal components,
respectively. Their values are between 0 and 1.

The Holt-Winters model was set to a 12-month seasonal
period to match our data’s annual cycle. After configuring the
model, it was fitted to the data, optimizing smoothing coeffi-
cients to minimize errors. The final model was then employed to
decipher data patterns, forecast Cheltenham’s future (2022) NO2
values, and comprehend how trends and seasonality influence
NO2 levels.

2.6. Machine learning modeling

According to Méndez et al. [48], ML methods are widely
used for air quality forecasting and air pollution predictions.
This study applies ML techniques, including LSTM, GRU, and
XGBoost, to predict air quality.

2.6.1. Long Short-Term Memory
This study employs LSTM recurrent neural networks

(RNNs) to forecast NO2 levels. LSTMs are well-suited for time
series data, as they can retain information over long sequences
and handle varying input lengths effectively [49, 50]. An LSTM
unit, commonly used within RNN layers, consists of a cell state
and three types of gates: input, output, and forget. These com-
ponents work together to regulate information flow and maintain
memory over time. The following equations describe the internal
workings of the LSTM:

Forget Gate.

𝒇𝒕 = 𝝈 (𝑾𝒇. [𝒉𝒕−1,𝒙𝒕]+ 𝒃𝒇) (16)

Input Gate.

𝒊𝒕 = 𝝈 (𝑾𝒊. [𝒉𝒕−1,𝒙𝒕]+ 𝒃𝒊) (17)

𝑪𝒕 = 𝒕𝒂𝒏𝒉 (𝑾𝑪 [𝒉𝒕−1,𝒙𝒕]+ 𝒃𝑪) (18)

Cell State. 𝑪𝒕 = (𝒇𝒕 × 𝑪𝒕−1)+ (𝒊𝒕 × 𝑪𝒕) (19)

Output Gate.

𝒐𝒕 = 𝝈 (𝑾𝒐. [𝒉𝒕−1,𝒙𝒕]+ 𝒃𝒐) (20)

𝒉𝒕 = 𝒐𝒕 × 𝒕𝒂𝒏𝒉 (𝑪𝒕) (21)

Where from Equations (16)–(21):𝜎 denotes the sigmoid function, W f is the weight matrix for
the forget gate, ℎt−1 is the output from the previous time step, xt is
the input at the current time step, b f is the bias of the forget
gate,Wi andWC are the weight matrices for the input gate, bi and
bC are the bias for the input gate,Wo is the weight matrix for the
output gate, and bo is the bias for the output gate.

These equations together define the LSTM cell as seen
in Figure 2, which can be trained via gradient descent and
backpropagation through time.

This research implemented an LSTM model using Python’s
TensorFlow and Keras libraries, with a fixed random seed to
ensure reproducibility. The model architecture included an input
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Figure 2
Structure of Long Short-Term Memory (LSTM) cell

layer that accepted sequences with five features, followed by an
LSTM layer with 64 units. A dense layer with 8 neurons and
ReLU activation introduced nonlinearity, while a final dense layer
with a single neuron and linear activation produced continuous
predictions of NO2 concentrations. The model was optimized
using the Adam algorithm with a learning rate of 0.01 to minimize
the Mean Squared Error (MSE) between predicted and actual
values. RMSE was selected as the primary evaluation metric due
to its interpretability in the original measurement units. To miti-
gate overfitting, a checkpoint mechanism was employed to retain
the best-performing model iteration during training. The model
was trained for 100 epochs with a batch size of 32, using a train-
validation split to monitor performance on unseen data. The final
evaluation was conducted on a separate test dataset consisting of
NO2 measurements from Cheltenham.

2.6.2. Extreme Gradient Boosting
This research utilized the XGBoost model, renowned for effi-

ciency, flexibility, and performance, in predictive modeling [51].
XGBoost’s objective function mathematically represents its ability
to fit training data and make predictions. It is presented as:

𝑳 (∅) = ∑𝒊 𝒍 (𝒚̂𝒊,𝒚𝒊)+∑𝒌 Ω (𝒇𝒌) (22)

Where:
L (∅) denotes the objective function, ∑

i
l (ŷi, yi) repre-

sents the loss component, and ∑
k
Ω( fk) corresponds to the

regularization term.
Optimizing the loss function aims to improve predictive accu-

racy by minimizing errors, while optimizing the regularization
term reduces variance and enhances prediction stability.

The specific model utilized in this research is the XGB
Regressor, a part of the XGBoost library designed explicitly
for regression tasks. This model has been configured with the
following parameters optimized for this specific task:

1) Booster: “gbtree,” meaning tree-based models are used as base
learners.

2) Learning rate: 0.01, which shrinks the weights associated
with features after each boosting round, helping to prevent
overfitting.

3) Max depth: 3, which restricts the size of each tree and helps
mitigate overfitting by limiting model complexity.

4) N estimators: 1000, representing the number of boosting stages
to perform. Gradient boosting is robust to overfitting, so a
large number of trees usually yields better performance.

5) Early stopping rounds: 100, which halts training if the vali-
dation score fails to improve over 100 consecutive iterations,
helping to prevent overfitting.

6) Objective: “reg:linear,” indicating that the task is a linear
regression.

The XGBoost model was then fitted to the Cheltenham train-
ing NO2 data, and the model’s performance was evaluated. The
power of XGBoost lies in its scalability in all scenarios. The
system is not only fast but also highly efficient.

2.6.3. Gated Recurrent Unit
The GRU adapts the LSTM architecture, addressing some

of its limitations [49]. It maintains the capacity to remember
long-term dependencies while having a simpler architecture. The
equations that govern a GRU are as follows:
Update Gate. 𝒛𝒕 = 𝝈 (𝑾𝒛. [𝒉𝒕−1,𝒙𝒕]+ 𝒃𝒛) (23)

Reset Gate. 𝒓𝒕 = 𝝈 (𝑾𝒓. [𝒉𝒕−1,𝒙𝒕]+ 𝒃𝒓) (24)

Current Memory Content.𝒉𝒕 = 𝒕𝒂𝒏𝒉 (𝑾. [𝒓𝒕𝒉𝒕−1,𝒙𝒕]+ 𝒃) (25)

Final Memory at Current Time Step.𝒉𝒕 = (1− 𝒛𝒕) 𝒉𝒕−1 + (𝒛𝒕𝒉𝒕) (26)

Where from Equations (18)–(21):𝜎 denotes the sigmoid function,Wz is the weight matrix for
the update gate, ℎt−1 is the output from the previous time step,
xt is the input at the current time step, bz is the bias of the update
gate,Wr is the weight matrix for the reset gate, br is the bias for
the reset gate, Wℎ is the weight matrix for the current memory
content, and bℎ is the bias for the current memory content.

These equations together define the GRU cell as seen
in Figure 3, which can be trained via gradient descent and
backpropagation through time.

The main distinction between GRUs and LSTMs is that a
GRU uses two gates (reset and update), while an LSTM relies on
three gates (input, forget, and output).

Figure 3
Architecture of the Gated Recurrent Unit (GRU) cell
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This research employed the GRU model, implemented in
TensorFlow, to analyze time series data. The model architec-
ture commenced with an input layer specifying the input shape,
followed by a 64-unit GRU layer designed to capture tempo-
ral dependencies. Two successive dense layers followed this GRU
layer; the final dense layer featured a single neuron with a linear
activation function for output prediction. The GRU layer con-
tained 13,632 trainable parameters, while the subsequent dense
layers contained 520 and 9 parameters, resulting in 14,161 train-
able parameters. The Adam optimizer was used with a learning
rate of 0.01 and the MSE loss function, both of which are suit-
able for regression tasks. Model performance was assessed using
the RMSE metric.

The model was trained for 100 epochs. Cheltenham’s NO2
data was split into training and validation sets for this training.
Model checkpoint callbacks were utilized during training to save
the model weights that yielded the best performance on the vali-
dation set. After training concluded, these optimal weights were
restored.

2.7. Model evaluation

This paper sought the best model for predicting Chel-
tenham’s NO2 levels, gauged by its RMSE, which measures
predicted accuracy against actual data. It is mathematically
represented as:

𝑹𝑴𝑺𝑬 = √∑𝑵𝒊=1(𝒚𝒊−𝒚𝒊)2𝑵 (27)

where yi are the actual values, ŷi are the predicted values, and N
is the total number of observations.

The evaluation commenced with established time series mod-
els, specifically ARIMA and Holt-Winters, chosen for their
effectiveness in capturing and forecasting temporal patterns.
These models were assessed using RMSE. Subsequently, ML
models, namely, LSTM, XGBoost, and GRU, were evaluated,
with their performance also measured by RMSE. The most
accurate forecaster for Cheltenham’s NO2 levels was identified
by comparing RMSE values across all evaluated models; lower
RMSE values indicated superior predictive accuracy.

2.8. Data simulation using Bootstrapping

Bootstrapping in data simulation is a resampling technique
used to estimate properties (such as the mean, variance, and
confidence intervals) of a dataset by repeatedly sampling with
replacement. It is especially valuable for small datasets when the
true population distribution is uncertain or unspecified [40]. This
study simulates three (3) samples of Cheltenham NO2 data using
Bootstrapping for different bootstrap replicates, and both the tra-
ditional time series models and the ML algorithms are used to
model and predict these simulated NO2 Cheltenham datasets.
Based on their RMSE values, the overall best model for the Chel-
tenham air quality data is selected for validation. Bootstrapping
for this study has the following steps:

1) Define the Original Dataset: Let the original dataset be𝑿 = {𝒙1,𝒙2,. . . ,𝒙𝒏}, with X being the NO2 data for
Cheltenham and n the number of observations.

2) Resampling with Replacement: Generate a bootstrap sample𝑿∗ = {𝒙∗1 ,𝒙∗2 ,. . . ,𝒙∗𝒏} by randomly selecting n observations
from X with replacement. This means each x*i is independently

drawn from X, and some observations may appear multiple
times in X*.

3) Repeat Resampling: Repeat the resampling process B times
(B = 100, 250, 400) to generate B bootstrap samples:

𝑿∗
1 , 𝑿∗

2 ,. . . , 𝑿∗𝑩
4) Calculate Statistics for Each Bootstrap Sample: For each boot-

strap sample 𝑿∗𝒃, calculate the mean. The mean of the bth
bootstrap sample is:

𝒙∗𝒃 = 1𝒏 𝒏∑𝒊=1
𝒙∗𝒃𝒊 (28)

This gives a distribution of bootstrap statistics:

{𝒙∗1 , 𝒙∗2 ,. . . , 𝒙∗𝑩}
5) Estimate the Population Statistic: Use the bootstrap distri-

bution to approximate the population mean and quantify its
uncertainty. The bootstrap-based estimate of the mean is:

𝒙∗ = 1𝑩
𝑩∑𝒃=1𝒙∗𝒃 (29)

The standard error of the mean is:

𝑺𝑬∗ = √√√ 1𝑩−1
𝑩∑𝒃=1
(𝒙∗𝒃 − 𝒙∗)2 (30)

6) Confidence Intervals: Use the bootstrap distribution to build
a confidence interval for the statistic. For a 95% confidence
interval, take the 2.5th and 97.5th percentiles of the bootstrap
distribution as the lower and upper bounds:

𝑪𝑰95% = [𝒙∗(0.025), 𝒙∗(0.975)]
7) Simulate New Data: To simulate new NO2 data, the study

randomly draws observations from the bootstrap samples or
the original dataset X with replacement.

To simulate B (B = 100, 250, 400) new observations, draw B values
from X with replacement:

𝑿𝒔𝒊𝒎 = {𝒙𝒔𝒊𝒎, 1, 𝒙𝒔𝒊𝒎, 2,. . . , 𝒙𝒔𝒊𝒎, 𝑩} (31)

where each is independently drawn from X.
The original Cheltenham NO2 dataset consisted of 345

monthly observations collected between 1994 and 2022. In accor-
dance with the classical bootstrap methodology, each bootstrap
sample retained the same sample size (n = 345) as the original
dataset and was generated by sampling with replacement.

3. Results and Discussion

3.1. Data collection, preprocessing, and feature
engineering

Following data collection and preprocessing, the final
NO2 data for Cheltenham, London Road, and Boots Cor-
ner/High Street were obtained. To improve the model’s per-
formance, additional temporal features were added, including
month, quarter, weekday, and day-of-year indicators.
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3.2. Comparison test

Table 2 shows the results of NO2 level comparisons between
Cheltenham and two specific locations: London Road and Boots
Corner/High Street. The Kruskal–Wallis H-test was used to ana-
lyze differences between the broader Cheltenham area and these
sample locations.

Upon examining the results presented in Table 2, where the
calculated p-value (0.74) exceeds the predetermined significance
level of 0.05, the Kruskal–Wallis H-test fails to reject the null
hypothesis (H0), suggesting no detectable difference in NO2 levels
between Cheltenham and London Road.

Furthermore, this study investigates findings from a com-
parative analysis of Cheltenham as the population and Boots
Corner/High Street as sample two, employing the Kruskal–Wallis
H-test.

Table 2
Kruskal–Wallis: Cheltenham vs London Road

H-statistics 0.1113
p-value 0.7386

Based on the statistical findings presented in Table 3, where
the calculated p-value (2.6983 × 10−28) falls well below the pre-
determined significance level of 0.05, our analysis leads to the
rejection of the null hypothesis. This indicates a statistically signif-
icant difference in NO2 readings between Cheltenham and Boots
Corner/High Street.

Table 3
Kruskal–Wallis: Cheltenham vs Boots Corner/High Street

H-statistics 121.6903

p-value 2.6983 × 10–28

Following the Kruskal–Wallis analysis, Dunn’s post hoc
pairwise comparison test with Holm adjustment was conducted
to determine whether NO2 concentrations differed significantly
between the London Road and Boots Corner/High Street mon-
itoring locations. As presented in Table 4, the analysis yielded
an adjusted p-value of 7.72 × 10−23, which is substantially
lower than the significance threshold of 0.05. Therefore, the null
hypothesis of no difference between the two monitoring loca-
tions was rejected. This finding provides strong statistical evidence
that the distribution of NO2 concentrations at London Road
differs significantly from that observed at Boots Corner/High
Street.

Table 4
Dunn’s post hoc test: London Road vs Boots Corner/High Street

p-value 7.72 × 10–23

3.3. Exploratory data analysis

The EDA encompasses a comprehensive examination of
descriptive statistics and a comparative assessment of NO2 levels
across distinct areas within Cheltenham, namely, the commercial
zones of Boots Corner/High Street and the residential area of
London Road. Additionally, it includes an analytical exploration

for identifying normal and abnormal NO2 levels at these specified
locations, as visualized in Figure 4.

The descriptive statistics in Table 5 provide valuable insights
into NO2 levels across different areas of Cheltenham over
three distinct periods: pre-COVID-19, COVID-19, and post-
COVID-19. By comparing these statistics, trends, and similarities,
potential cost-effective alternatives for future air quality stud-
ies in Cheltenham can be identified. Starting with Cheltenham’s
NO2 levels, a decline in the mean from 32.70 µg/m3 in the pre-
COVID-19 period to 26.45 µg/m3 during COVID-19 and finally
to 24.10 µg/m3 in the post-COVID-19 period can be observed.
This decrease is mirrored in the samples from London Road and
Boots Corner/High Street, where NO2 levels also decreased over
these periods, as indicated in Figure 5.

NO2 levels in Cheltenham and London Road showed sim-
ilar central tendencies, particularly in the pre-COVID period,
where the mean concentrations were very close: 32.70 µg/m3 for
Cheltenham and 32.47 µg/m3 for London Road. This supports
the interpretation that London Road broadly reflects the average
NO2 level observed across Cheltenham. However, London Road
exhibited greater dispersion during the pre-COVID period, with
a standard deviation of 9.29 µg/m3 compared with 7.14 µg/m3

for Cheltenham. This indicates that although London Road may
be representative in terms of mean concentration, it captures a
wider range of short-term fluctuations than the wider Cheltenham
aggregate. Therefore, London Road should be interpreted as a
useful proxy for broad NO2 trends and central tendency, rather
than a complete substitute for citywide monitoring of variability
or localized pollution episodes.

Standard deviations, which measure data dispersion, fur-
ther qualify this interpretation. Cheltenham’s standard deviation
decreased from 7.14 µg/m3 in the pre-COVID period to 4.86 µg/m3

during COVID and 5.18 µg/m3 in the post-COVID period. Lon-
don Road and Boots Corner/High Street also showed a general
reduction in variability across the observed periods, as visually
represented in Figure 6. However, London Road’s higher pre-
COVID standard deviation indicates that its NO2 readings were
more dispersed than the Cheltenham aggregate before COVID-
19. This suggests that London Road is more reliable as a proxy
for overall trends and average NO2 levels than for representing
the full variability of Cheltenham’s air quality.

These similarities suggest that variability in air quality levels
tends to decrease over the observed periods in both Cheltenham
and the samples.

Minimum and maximum values offer insights into the range
of NO2 levels. Cheltenham’s range has a minimum of 13 µg/m3

in the pre-COVID period and a maximum of 36.30 µg/m3 in the
post-COVID period. London Road’s range is narrower, with a
minimum value of 11.30 µg/m3 and a maximum of 39.00 µg/m3.
In contrast, Boots Corner/High Street’s range is much wider, with
a minimum value of 5.10 µg/m3 and a maximum of 42.20 µg/m3,
as illustrated in Figure 7.

These differences indicate that Boots Corner/High Street
experiences more significant fluctuations in NO2 levels, making
it a potentially useful location for detailed studies of air quality
variations.

Comparing NO2 levels between Cheltenham’s commercial
area (Boots Corner/High Street) and residential area (London
Road) revealed distinct trends across the COVID periods. Pre-
COVID, Boots Corner consistently showed higher abnormal NO2
concentrations than London Road, indicating commercial zones’
greater susceptibility to air pollution from traffic and business
activities. During COVID, Boots Corner experienced substantial
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Figure 4
Map of Cheltenham showing the locations of interest

Table 5
Descriptive statistics of Cheltenham NO2 for pre-COVID, COVID, and post-COVID period

Location Period Count Mean Std 25% 50% 75% Min Max

Cheltenham’s Pre-COVID 314 32.70 7.14 28.10 32.00 37.00 13.00 58.00

NO2 (µg/m3) COVID 22 26.45 4.86 22.80 26.80 29.30 17.70 34.30

Post-COVID 9 24.10 5.18 21.60 22.10 24.60 19.50 36.30
London Road’s Pre-COVID 314 32.47 9.29 26.13 33.10 38.53 11.30 63.20

NO2 (µg/m3) COVID 22 30.17 4.34 27.10 31.05 33.70 20.80 36.40

Post-COVID 9 27.59 4.71 24.20 26.40 28.90 23.50 39.00
Boots Corner / Pre-COVID 314 40.89 9.90 35.03 39.65 46.40 5.10 97.90
High Street’s COVID 22 28.51 6.26 25.80 29.25 31.58 16.80 43.20

NO2 (µg/m3) Post-COVID 9 28.57 5.78 25.20 26.40 28.40 23.60 42.20

Figure 5
Bar chart illustrating the mean values of NO2 by locations and period
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Figure 6
Bar chart showing the standard deviation of NO2 by locations and period

Figure 7
Line plot showing the minimum and maximum values of NO2 by locations and period
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NO2 reductions approaching normal thresholds, while London
Road showed slight decreases. Notably, Boots Corner’s initial
COVID month recorded above-normal levels (43.20 µg/m3), sug-
gesting possible noncompliance with early stay-at-home orders.
Post-COVID, London Road maintained lower NO2 levels than
Boots Corner, which remained within the normal range except for
the first month after restrictions lifted (42.20 µg/m3).

An examination of the descriptive statistics indicated that
Cheltenham’s air quality trends closely matched those of London
Road, suggesting it as a proxy for future studies. In contrast, the
greater variability at Boots Corner provides useful data for ana-
lyzing temporal changes. These results emphasize the need for
strategic site selection in air quality research, depending on study
goals and resource availability.

3.4. Time series modeling results

This section presents the combined results of the ARIMA
model and Holt-Winters exponential smoothing model for
comparative analysis.

3.4.1. Autoregressive Integrated Moving Average
The analysis centered on the performance outcomes derived

from the ARIMA model, constructed using NO2 data from Chel-
tenham to forecast Cheltenham’s NO2 levels for 2022. The first
step involved testing the ARIMA series for stationarity using the
ADF test. Afterward, ACF and PACF plots were examined to
determine suitable values for the p and q terms in the ARIMA
model.

Since the p-value from Table 6 is 0.31375, which exceeds
the predetermined significance level of 0.05, the null hypothesis
is not rejected. Therefore, the Cheltenham NO2 series is inferred
to be non-stationary. In response to this observation, a different
procedure is applied, followed by a subsequent stationarity test.

Table 6
ADF test result for Cheltenham NO2 data

ADF test statistic –1.93943
p-value 0.31375

Since the p-value in Table 7 is 9.65402 × 10−24, which is
below the predetermined significance threshold of 0.05, the null
hypothesis is rejected. Therefore, the differenced Cheltenham NO2
series is inferred to be stationary.

Table 7
ADF test result for Cheltenham NO2 data after differencing

ADF test statistic –8.93382

p-value 9.65402e–24

Figure 8 facilitated the determination of the p and q param-
eters for the initial ARIMA model, providing essential guidance
for model specification. Consequently, the corresponding p, d,
and q values for the model were established as 1, 1, and 2.

The performance evaluation of the ARIMA model, as pre-
sented in Table 8, highlights the RMSE score for the NO2 levels
in Cheltenham. The obtained RMSE score is 3.24, indicating
the average magnitude of the model’s prediction errors, as seen
in Figure 9. This metric is a crucial indicator of the model’s

Figure 8
ACF/PACF combined plot for Cheltenham NO2 data

Table 8
ARIMA model performance

Model RMSE score

ARIMA 3.24

Figure 9
Line plot showing Cheltenham’s actual 2022 NO2 data against
Cheltenham’s predicted 2022 NO2 data using the ARIMA model

accuracy, with lower values indicating better predictive perfor-
mance. In the study of NO2 levels in Cheltenham, the RMSE of
3.24 indicates relatively favorable performance, given the observed
data patterns.

3.4.2. Holt-Winters exponential smoothing
The application of the Holt-Winters model to analyze the

NO2 data of Cheltenham revealed three pivotal components:
level, trend, and seasonality, as illustrated in Figure 10. Exami-
nation of Cheltenham’s NO2 data revealed noteworthy trends in
2010 and 2011. Additionally, discernible seasonal patterns were
identified. These observations substantiated the adoption of both
multiplicative and additive methods in formulating the Holt-
Winters models. The recognition of such elements enhances the
model’s comprehensiveness, facilitating a more nuanced under-
standing of the underlying dynamics in Cheltenham’s NO2
data.
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Figure 10
Level, trend, seasonality, and residual plot for Cheltenham NO2 data

Table 9 reports the performance of the Holt-Winters model
using RMSE for the Cheltenham NO2 dataset. The obtained
RMSE value of 3.08 provides a numerical summary of how well
the model reproduces the observed NO2 concentrations and indi-
cates the average magnitude of the residuals (prediction errors)
between the observed and predicted values. A lower RMSE score
generally indicates a better fit of the model to the data, suggest-
ing that the Holt-Winters model, in this instance, demonstrates
a relatively accurate predictive capability for Cheltenham’s NO2
levels, as presented in Figure 11.

Table 9
Holt-Winters model performance

Model RMSE score

Holt-Winters 3.08

Figure 11
Line plot showing Cheltenham’s actual 2022 NO2 data against
Cheltenham’s predicted 2022 NO2 data using the Holt-Winters

model

3.5. Machine learning modeling results

The results outlined below are the performance of the ML
algorithms. The ML algorithms are LSTM, XGBoost, and GRU.

3.5.1. Long Short-Term Memory
The performance evaluation results for the LSTM model, as

illustrated in Figure 12, showed an RMSE of 2.66. The RMSE
score signifies commendable performance by the LSTM model,
indicating its predictive accuracy.

Figure 12
Line plot showing Cheltenham’s actual 2022 NO2 data against
Cheltenham’s predicted 2022 NO2 data using the LSTM model

3.5.2. Extreme Gradient Boosting
The performance evaluation results for the XGBoost model,

as illustrated in Figure 13, showed an RMSE of 3.18. The RMSE
score signifies commendable performance by the XGBoost model,
indicating its predictive accuracy.

3.5.3. Gated Recurrent Unit
The performance evaluation of the GRU model showed

an RMSE score of 3.19. The graphical representation of this
performance is depicted in Figure 14.
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Figure 13
Line plot showing Cheltenham’s actual 2022 NO2 data against

Cheltenham’s predicted 2022 NO2 data using the XGBoost model

Figure 14
Line plot showing Cheltenham’s actual 2022 NO2 data against
Cheltenham’s predicted 2022 NO2 data using the GRU model

3.6. Model evaluation

The examination of the outcomes stemming from the evalu-
ation of both conventional time series models and ML algorithms
is outlined below.

3.6.1. Time series model evaluation
The outcomes from the model evaluation, as presented in

Table 10, shed light on the performance of two prominent time
series forecasting models: ARIMA and Holt-Winters exponential
smoothing. The evaluation metric employed in this analysis is the
RMSE. The ARIMA model yielded an RMSE of 3.24, indicat-
ing the average magnitude of forecasting errors when applied to
the time series data under consideration. In contrast, the Holt-
Winters model demonstrated only a marginal improvement, with

Table 10
Model evaluation for time series models

Model RMSE score

ARIMA 3.24
Holt-Winters 3.08

Figure 15
A bar chart showing the RMSE scores for time series models

an RMSE of 3.08, as shown in Figure 15. The difference in RMSE
scores between these models indicates that, for this specific evalu-
ation metric, the Holt-Winters model outperformed the ARIMA
model in forecasting accuracy.

3.6.2. Machine learning model evaluation
Table 11 presents the RMSE scores for three ML models:

LSTM, XGBoost, and GRU. Among the evaluated models, the
LSTM achieved the lowest RMSE score of 2.66, demonstrating
superior performance in minimizing prediction error. This result
aligns with the well-documented effectiveness of LSTM networks
in handling sequential data by capturing long-term dependencies.
The LSTM’s ability to retain relevant information across extended
sequences likely contributed to its lower error rate compared to
the other models. The XGBoost and GRU models yielded similar
RMSE scores of 3.18 and 3.19, respectively. XGBoost, a tree-
based ensemble learning method, has been widely recognized for
its robustness and efficiency in structured data tasks. However, its
slightly higher RMSE compared to LSTM suggests that it may
not be as effective in modeling temporal dependencies within the
dataset. On the other hand, GRU, a variant of LSTM with a sim-
plified gating mechanism, performed slightly worse than LSTM,
possibly due to its simpler architecture, which may have impacted
its ability to capture intricate temporal patterns. The results indi-
cate that LSTM outperformed the other models in this evaluation,
reinforcing its suitability for predictive modeling in time series
tasks, as presented in Figure 16. The performance gap between
LSTM and GRU suggests that while both recurrent architectures
are effective, LSTM’s enhanced memory capabilities provide an
advantage in complex sequences. Additionally, the higher RMSE
of XGBoost highlights the challenges of applying non-recurrent
and convolutional architectures to sequential data, particularly
when long-term dependencies are crucial.

Table 11
Model evaluation for ML models

Model RMSE score

LSTM 2.66
XGBoost 3.18
GRU 3.19
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Figure 16
A bar chart showing the RMSE scores for ML models

3.6.3. Time series and ML model evaluation
The differences in RMSE scores among these models, as

illustrated in Figures 15 and 16, highlight varying degrees of
prediction accuracy. The ML model, particularly LSTM, outper-
forms traditional time series models, underscoring the potential
advantages of leveraging more advanced techniques for air qual-
ity prediction. These findings emphasize that forecasting models
must be chosen to match the unique properties of time series
data and the specific aims of the prediction problem. Conven-
tional approaches such as ARIMA and Holt-Winters can serve
as reference models. Still, the LSTM, as an ML method, delivers
superior predictive performance, as reflected in its lower RMSE
(see Figure 17).

3.7. Data simulation using Bootstrapping

Bootstrapping is used to simulate 3 NO2 Cheltenham
datasets for different bootstrap sample sizes (BS = 100, 250, and
400), as presented in Figure 18.

Figure 17
A bar chart showing the RMSE scores for time series and ML

models

Both traditional time series models and advancedMLmodels
were used to fit the simulated datasets, and RMSE was calculated
for model evaluation.

Table 12 presents the RMSE scores for five predictive models,
ARIMA, Holt-Winters, LSTM, XGBoost, and GRU, applied to
three different NO2 Cheltenham datasets.

For the first simulated dataset (B = 100), GRU and XGBoost
performed the worst, both yielding RMSEs above 1.00 (1.10 and
1.09, respectively). ARIMA, Holt-Winters, and LSTM performed
similarly, with RMSE scores of 1.01, 0.99, and 0.96, respectively.
These results indicate that while traditional time series models
(ARIMA and Holt-Winters) performed well, the RNNs (LSTM
and GRU) offered reasonable accuracy.

For the second simulated dataset (B = 250), LSTM achieved
the lowest RMSE of 0.39, closely followed by Holt-Winters at
0.40. ARIMA, GRU, and XGBoost performed slightly worse but
remained within a narrow RMSE range (0.40–0.43). This rel-
atively uniform distribution of RMSE scores suggests that the
dataset exhibits a structure that is well captured by all models,
with LSTM demonstrating a marginal advantage.

For the third simulated dataset (B = 400), the RMSE scores
were relatively close across models, with Holt-Winters, LSTM,
and XGBoost all achieving the lowest score of 0.46. ARIMA and
GRU followed with slightly higher RMSE values of 0.49 and 0.48,
respectively. The convergence of RMSE values at B = 400 sug-
gests that the advantage of deep learning becomes less pronounced
when the simulated dataset is larger and more stable. In smaller
bootstrap samples, LSTM can benefit from its ability to model
complex temporal dependencies and nonlinear patterns. How-
ever, as the bootstrap sample size increases, random fluctuations
are averaged out, and the simulated series becomes smoother,
with clearer trend and seasonal structure. Under these conditions,
Holt-Winters can perform comparably because it is specifically
designed to capture level, trend, and seasonality in time series
data. Therefore, the reduced performance gap at B = 400 is likely
related not simply to increased data volume but to the lower rela-
tive noise and more regular structure produced by larger bootstrap
resampling. This finding indicates that deep learning models may
offer the greatest advantage when the data contain stronger non-
linearities or irregular temporal dependencies, whereas traditional
time series models remain competitive when the series is smoother
and dominated by trend-seasonal components.

The results indicate that no single model consistently out-
performs the others across all datasets, though LSTM and
Holt-Winters demonstrated strong predictive capabilities in mul-
tiple cases. Overall, LSTM showed the strongest performance
across the bootstrap simulations, particularly at B = 100 and
B = 250 as presented in Figure 19. However, at B = 400, its advan-
tage diminished, with Holt-Winters and XGBoost achieving the
same RMSE. This indicates that model performance depends on
the structure and variability of the simulated dataset and that tra-
ditional time series models can remain competitive when the data
exhibit stable trend-seasonal behavior.

3.8. Comparison with existing studies

The findings of this study are broadly consistent with, and
extend, prior work on air quality prediction, while also reveal-
ing important methodological and dataset-level differences that
qualify any direct numerical comparison.

Li et al. [28] developed an LSTM-extended architecture for
hourly PM2.5 forecasting across 12 monitoring stations in Beijing
(2014–2016), explicitly incorporating spatial correlations between
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Figure 18
Histogram plot for both NO2 Cheltenham data and bootstrapped simulated NO2 datasets

Table 12
Model evaluation for Cheltenham NO2 simulated datasets

RMSE score
Models

B ARIMA Holt-Winters LSTM GRU XGBoost

100 1.01 0.99 0.96 1.10 1.09
250 0.42 0.40 0.39 0.43 0.40
400 0.49 0.46 0.46 0.48 0.46

Figure 19
Bar chart of RMSE values for the various models applied to three

simulated NO2 datasets from Cheltenham

stations alongside temporal dependencies, and benchmarked it
against Auto Regressive Moving Average, Support Vector Regres-
sion, Time Delay Neural Network, and Spatiotemporal Deep
Learning models. Their Long Short Term Memory Extended
(LSTME) model outperformed all baselines and reported an
Mean Absolute Percentage Error (MAPE) of approximately 31%
for longer (13–24 h) forecast horizons, illustrating the general dif-
ficulty of extending LSTM accuracy beyond short horizons. This
aligns directionally with the present study’s finding that LSTM
(RMSE = 2.66) outperformed ARIMA (RMSE = 3.24), Holt-
Winters (RMSE = 3.08), XGBoost (RMSE = 3.18), and GRU
(RMSE = 3.19) by an average of approximately 16%. However,
a direct quantitative comparison of improvement magnitude is
not possible: Li et al. report MAPE rather than RMSE, forecast
PM2.5 rather than NO2, use hourly rather than the present study’s
temporal resolution, and incorporate a spatial (multi-station)
architecture rather than the single-site univariate framework used
here. The comparison is therefore best read as convergent evi-
dence for LSTM’s advantage in modeling temporal dependencies,
rather than a like-for-like effect-size comparison.
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Marinov et al. [32] applied ARIMA to forecast CO, NO2, O3
and PM2.5 at five Sofia monitoring stations (2015–2019) across
multiple temporal granularities (1–24 h), reporting mean absolute
errors (MAE) ranging from 1.52 to 5.12 at 1-h granularity and
from 2.53 to 14.12 at 3-h granularity. While MAE and RMSE are
not interchangeable, RMSE penalizes larger errors more heavily;
the lower end of their reported error range is broadly compara-
ble in magnitude to the ARIMA RMSE of 3.24 obtained in this
study, suggesting similar baseline ARIMA performance despite
the difference in city, pollutant mix, and granularity. Marinov
et al. did not test any ML alternative to ARIMA, so their
study offers no basis for comparing traditional and deep learn-
ing approaches directly; the present study’s finding that LSTM
improves on ARIMA by approximately 18% therefore represents
a novel contribution relative to their single-model framework.

Chen et al. [41] took a markedly different approach, using
random forest models to predict NO2, PM2.5, PM10 and O3
across all of Great Britain at 1 km spatial resolution and daily
temporal resolution (2006–2013), integrating multiple predictor
sources including satellite and meteorological data. Their out-of-
bag NO2 RMSE of 9.71 μg/m3 at daily resolution is substantially
higher than the RMSE values obtained in the present study
(2.66–3.24), but this is attributable to fundamental differences in
modeling objective rather than model quality: Chen et al. pre-
dict spatially interpolated concentrations across an entire country
from sparse monitoring stations, a task with inherently greater
spatial uncertainty, whereas this study forecasts future values at
fixed, densely observed local sites. Chen et al. also report that
accuracy improves substantially at monthly and annual aggrega-
tion, consistent with the general pattern that averaging over time
reduces RMSE, a pattern also visible in this study’s bootstrap
results, where higher replicate counts (B = 400) reduced RMSE
to as low as 0.39–0.46. Beyond the scale difference, Chen et al.’s
use of random forest with rich exogenous predictors (traffic, land
use, satellite-derived variables) contrasts with the present study’s
more constrained set of forecasting models trained on the pol-
lutant series itself; this suggests a natural direction for future
work, namely, incorporating comparable meteorological and traf-
fic covariates to test whether the LSTM advantage persists once
exogenous predictors are added.

Taken together, these comparisons indicate that this study’s
methodological contribution is not simply a marginal accuracy
gain over any single prior model, but an integration that exist-
ing studies lack; none of Li et al., Marinov et al., or Chen et al.
combines spatial representativeness testing, multi-model tempo-
ral forecasting, and bootstrap-based robustness validation within
a single framework. The practical outcome of identifying London
Road as a viable low-cost proxy for citywide NO2 trends has no
direct precedent in the reviewed literature, none of which tested
site-level representativeness as a monitoring strategy.

4. Conclusion

This research analyzed NO2 levels in Cheltenham across
commercial (Boots Corner/High Street) and residential (London
Road) sites, combining Kruskal–Wallis H-tests with traditional
(ARIMA, Holt-Winters) and ML (LSTM, XGBoost, GRU)
forecasting models, and validated the results through bootstrap
simulation.

The Kruskal–Wallis H-test detected no statistically signifi-
cant difference between citywide NO2 levels and those at London
Road (p= 0.74), whereas Boots Corner/High Street differed signif-
icantly from citywide levels (p < 0.05). Furthermore, Dunn’s post

hoc pairwise comparison confirmed that NO2 concentrations dif-
fered significantly between London Road and Boots Corner/High
Street (p < 0.001). Together, these findings indicate that Lon-
don Road is broadly representative of Cheltenham’s overall NO2
profile, while the commercial site captures a distinct pollution
regime. All locations exhibited decreasing NO2 concentrations
across pre-COVID-19, COVID-19, and post-COVID-19 periods,
with commercial areas showing higher concentrations and greater
fluctuations than residential zones. Commercial districts recorded
more abnormal readings pre-COVID-19, approaching normal
thresholds during lockdowns. These findings indicate that Lon-
don Road can serve as a cost-effective proxy for monitoring
broad citywide NO2 trends and average concentration levels,
while Boots Corner/High Street provides valuable insights into
commercial pollution dynamics and extreme variations. How-
ever, the higher pre-COVID standard deviation at London Road
compared with Cheltenham indicates that London Road cap-
tures greater short-term variability than the citywide aggregate.
Therefore, its representativeness should be interpreted primarily
in terms of central tendency and temporal trend, rather than as a
complete substitute for monitoring variability, exceedance events,
or localized pollution episodes. In predicting Cheltenham’s 2022
NO2 levels, LSTM demonstrated superior performance (RMSE:
2.66) compared to other approaches. Among traditional time
series methods, Holt-Winters (RMSE: 3.08) slightly outperformed
ARIMA (RMSE: 3.24), likely due to its better capture of seasonal
patterns. XGBoost and GRU yielded similar results (RMSE:
3.18 and 3.19, respectively). LSTM’s effectiveness stems from
its specialized architecture for modeling long-term dependencies
in time series data, making it particularly suitable for environ-
mental pollution forecasting. The clear performance hierarchy
reveals the advantages of deep learning architectures over con-
ventional techniques for capturing complex temporal patterns in
environmental data. This performance gap underscores LSTM’s
value for air quality prediction applications. Bootstrap simula-
tion analysis across three datasets (replicates of 100, 250, and 400)
revealed varying model performance. LSTM excelled with B = 100
(RMSE = 0.96) and B = 250 (RMSE = 0.39), while for B = 400,
Holt-Winters, LSTM, and XGBoost shared optimal performance
(RMSE = 0.46). No single model dominated all simulations,
indicating that model choice should be guided by dataset charac-
teristics rather than a fixed default. Taken together, the findings of
this study carry three practical implications for urban air quality
management. First, residential monitoring at London Road can
support lower-cost citywide NO2 surveillance by approximating
Cheltenham’s average NO2 profile and broad temporal decline.
Nevertheless, because London Road showed higher pre-COVID
variability than the citywide aggregate, supplementary monitor-
ing remains important where the objective is to capture short-term
fluctuations, exceedance events, or micro-scale spatial differences.
Second, where high-accuracy forecasting is required, for exam-
ple, in early-warning systems or health-impact modeling, LSTM
should be the preferred choice, given its consistent approximately
16% average improvement in RMSE over competing methods.
Third, because no single algorithm dominated across all replicate
sizes, bootstrap-based validation should accompany model selec-
tion in similar urban monitoring studies. Compared with existing
studies that typically focus on either statistical analysis or ML
in isolation [28, 32, 41], this study provides an integrated frame-
work that combines spatial comparison, temporal modeling, and
simulation-based validation, thereby improving both predictive
accuracy and robustness. Future work should extend this frame-
work in three directions: (i) incorporating additional pollutants
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(e.g., PM2.5, O3, NOx) and meteorological covariates such as
wind speed, humidity, temperature, and traffic flow covariates to
improve predictive accuracy; (ii) testing the transferability of the
London Road-as-proxy finding in other UK and international
cities with comparable urban morphologies; (iii) hyperparam-
eter tuning such as grid search or random search should be
employed for model prediction improvement or optimization;
and (iv) exploring hybrid architectures (e.g., LSTM-Holt-Winters
ensembles, attention-augmented LSTMs, or Transformer-based
models) to determine whether the residual error in LSTM fore-
casts can be further reduced. Such extensions would strengthen
the evidence base for streamlined ML-assisted air quality moni-
toring as a scalable strategy for sustainable urban planning, public
health protection, and climate-resilient city design.
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