
Water Air Soil Pollut         (2025) 236:459 
https://doi.org/10.1007/s11270-025-08103-x

Spatio-Temporal Forecasting using a Hybrid
BiGRU-1DCNN Model for PM2.5 Concentrations in Delhi,
India (2018-2023) Across Multiple Monitoring Stations

Naushad Ahmad · Vipin Kumar

Received: 30 July 2024 / Accepted: 28 April 2025
© The Author(s), under exclusive licence to Springer Nature Switzerland AG 2025

Abstract Air quality deterioration, particularly the
suspension of particulate matter over large urban areas,
has emerged as a significant environmental concern.
This issue, exacerbated by urbanization, industrializa-
tion, human activities, and climate change, poses seri-
ous health risks to populations. The present study pro-
poses a hybrid BiGRU-1DCNN model to predict PM2.5

levels in Delhi, India, by leveraging data from mul-
tiple monitoring stations. The proposed model incor-
porates Bidirectional Gated Recurrent Units (BiGRU)
and a one-dimensional Convolutional Neural Network
(1DCNN) to capture both temporal dependencies and
spatial correlations in PM2.5 data. The model’s perfor-
mance is evaluated through both single-station (SS) and
spatio-temporal correlation (STC) approaches. Results
demonstrate that the hybrid BiGRU-1DCNN model
outperforms traditional deep learning models in both
SS and STC scenarios. Specifically, it achieved a
minimal Root Mean Square Error (RMSE) of 15.75,
Mean Square Error (MSE) of 248.04, Mean Absolute
Error (MAE) of 9.04, and Mean Absolute Percentage
Error (MAPE) of 13.31 at the Jawaharlal Nehru Sta-
dium (JNS) station. For comparison, the univariate SS
model for the Major Dhyan Chandra National Stadium
(MDCNS) station produced an RMSE of 17.31, MAE
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of 10.03, MAPE of 14.50, and MSE of 299.59. The non-
parametric Friedman ranking further corroborated the
superior performance of the hybrid BiGRU-1DCNN
model, with it achieving the highest ranking across
all performance metrics compared to other models.
These results highlight the potential of the ST BiGRU-
1DCNN model as a robust tool for air quality forecast-
ing and public health risk mitigation in highly polluted
urban environments like Delhi.

Keywords Time series forecasting · Earth air quality ·
Deep learning · PM2.5 · Environmental pollutant

1 Introduction

Air pollution, particularly fine particulate matter (PM2.5),
has become a global environmental and public health cri-
sis. Rapid urbanization, industrialization, and increased
human activity in major cities, compounded by climate
change, have significantly deteriorated air quality. Air
pollution is hazardous to human civilization and one
of the most significant environmental issues, attracting
global attention (Rincon et al., 2023). Most research
indicates that the impacts of air pollution can differ
among various age groups within the population. In
recent years, poor air quality has resulted from the
direct or indirect movement of numerous suspended
chemicals across the globe due to urbanization, indus-
trial activities, human behavior, and climate change
(Liu et al., 2024). Fog and haze have become more
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frequent over the past decade, primarily due to PM2.5,
which has an aerodynamic diameter of 2.5 microns.
Urban congestion has worsened due to the booming
economy and the increasing number of vehicles (Xu
et al., 2023). Growing economic activity in emerging
nations has led to a significant rise in air pollution emis-
sions. PM2.5, or tiny particulate matter, represents a
substantial public health risk . Since PM2.5 air pollution
is viewed as a severe threat to human health, practical
actions must be taken to mitigate it (Li et al., 2024) .
Delhi, India, consistently ranked among the most pol-
luted cities in the world with high PM2.5 concentrations
pose severe health risks, contributing to respiratory and
cardiovascular diseases (Jain et al., 2025; Rotjanabum-
rung et al., 2023).

The “State of Global Air/2020” report, produced by
the Institute for Health Metrics and Evaluation (IHME)
and the Health Effects Institute, revealed that in 2019,
long-term exposure to ambient PM2.5 contributed to
4.1 million fatalities worldwide. Notably, Asia, Africa,
and Europe (AAE) accounted for the majority of these
premature deaths, totaling 96% of the global figure,
with 3,148.3 thousand, 383.4 thousand, and 388.3 thou-
sand fatalities, respectively. These findings highlight
the urgent need for action to address air pollution and its
harmful effects on global health (Haddaji et al., 2024).
Cardiovascular disease (CVD) is the leading cause of
death globally, with an astonishing 17.8 million deaths
attributed to this condition, according to the Global
Burden of Disease Study 2017 (Bodor et al., 2023).
Each year, air pollution is responsible for over 4 mil-
lion deaths worldwide due to chronic pulmonary and
heart disorders, as reported by the World Health Orga-
nization. The Asia-Pacific region alone accounts for
2.3 million deaths, mainly due to high pollution levels
and dense populations. Air pollution poses a significant
threat to both the environment and the health of commu-
nities around the world (Gilik et al., 2022). Recent stud-
ies indicate that approximately 16% of global deaths
can be linked to the inhalation of harmful airborne sub-
stances. Lower respiratory infections (LRIs) continue
to be a major public health concern, as demonstrated
by findings from the Global Burden of Disease Study
(GBD) 2019, which reported that LRIs led to around
2.49 million deaths, making it the fourth most prevalent
cause of death worldwide in 2019. Children are partic-
ularly vulnerable due to their higher exposure levels
compared to adults (Khaslan et al., 2024).

Several epidemiological studies have linked ele-
vated PM2.5 exposure to increased rates of respira-
tory infections, asthma, chronic obstructive pulmonary
disease (COPD), and cardiovascular complications. In
Delhi, the situation is particularly concerning. Accord-
ing to a 2020 report by the Global Burden of Disease
Study, air pollution contributed to over 54,000 prema-
ture deaths in Delhi alone. Moreover, a study by the
Indian Council of Medical Research (ICMR) in col-
laboration with the Public Health Foundation of India
(PHFI) noted that long-term exposure to PM2.5 in Delhi
(Agarwal et al., 2023) significantly increases the risk
of ischemic heart disease and stroke. These statistics
highlight the urgent need for accurate forecasting mod-
els that can help in mitigating exposure risks through
timely interventions.

Despite advancements in predicting air pollution,
current methods often struggle to accurately forecast
PM2.5 concentrations, especially in densely populated
urban areas like Delhi (Jakhar et al., 2025; Rincon
et al., 2023). Traditional models, including statisti-
cal approaches and simpler machine learning tech-
niques, frequently overlook the complex spatiotempo-
ral dynamics of air pollution, such as the interaction
between temporal trends and spatial distribution. Addi-
tionally, these models often fail to effectively capture
the geographical variations among different monitor-
ing stations, which can significantly affect PM2.5 lev-
els. As a result, there is an increasing need for more
sophisticated hybrid models that can integrate both
temporal and spatial data to enhance prediction accu-
racy. Predicting pollutant levels in urban areas is inher-
ently complex and is influenced by three intricate fac-
tors: 1) Temporal Dependencies: Current pollution lev-
els are affected by both nearby and distant historical
intervals (Wu et al., 2022). The concentration of pollu-
tants at 10:00 a.m. impacts the concentration at 11:00
a.m. Both anthropogenic factors and meteorological
conditions follow cyclic patterns, with pollutant time
series typically recorded daily, repeating every 24 hours
(Rodríguez et al., 2023). 2) Spatial Dependencies: Pol-
lution levels at monitoring stations tend to correlate
with those at nearby and even distant stations due to
the initial law of geography (Wang et al., 2023; Yu
et al., 2023) . 3) External Factors: Various influences,
including other pollutants, weather conditions, terrain,
and building heights, affect how pollutants are gener-
ated, dispersed, and broken down through physical pro-

123



Water Air Soil Pollut          (2025) 236:459 Page 3 of 29   459 

cesses and reactions. While a few studies have applied
machine learning and deep learning techniques to pre-
dict PM2.5 in Delhi, most rely on single-station data or
traditional methods. There is limited research explor-
ing hybrid spatio-temporal models specifically tailored
for Delhi’s highly variable pollution landscape. Fur-
thermore, comparative studies that benchmark multi-
station versus single-station forecasting performance
remain scarce.

Early studies applied statistical models such as
ARIMA, Multiple Linear Regression (MLR), and Sup-
port Vector Regression (SVR). While these models are
interpretable, they struggle to capture complex nonlin-
ear and temporal dependencies inherent in air quality
data. Deep learning models, including Convolutional
Neural Networks (CNNs), Recurrent Neural Networks
(RNNs), Long Short-Term Memory (LSTM), and
Gated Recurrent Units (GRUs), have shown improved
performance over statistical approaches. These mod-
els excel in capturing temporal patterns but often lack
mechanisms for modeling spatial dependencies. Accu-
rate forecasting of PM2.5 concentrations requires mod-
els that can effectively capture the complex inter-
play between temporal patterns and spatial hetero-
geneity in pollution data (Wang et al., 2024). Tradi-
tional approaches, such as purely statistical models or
time-series models, often fall short when it comes to
understanding the dynamic and interconnected nature
of air pollution across both space and time (Wu et
al., 2025). This has led to a growing interest in spa-
tiotemporal modeling, which simultaneously accounts
for variations in pollution across different locations
and over time, thereby offering a more comprehen-
sive and accurate representation of air quality trends
(Badawy, 2025). To address these challenges, spa-
tiotemporal modeling has emerged as a robust and inno-
vative approach. Unlike conventional models that treat
spatial and temporal dimensions independently, spa-
tiotemporal models integrate both aspects, enabling a
deeper understanding of how pollution propagates over
time and across different geographical areas (Nakhjiri
& Kakroodi, 2024). This approach is particularly ben-
eficial in densely populated and industrialized areas
with complex meteorological and topographical fea-
tures (Elisephane & Ozunu, 2024). Recent studies have
demonstrated the efficacy of deep learning architec-
tures for spatiotemporal air pollution forecasting in
Indian megacities (Ghosh & Dutta, 2023), reinforcing

the need for robust hybrid models that can adapt to
complex urban dynamics. Our model’s performance
surpasses recent ensemble-based approaches devel-
oped for urban India, such as the DNN-meteorological
hybrid by Sharma et al. (2023), particularly in terms of
RMSE and spatial generalization across multiple mon-
itoring stations in Delhi.

To overcome the limitations of isolated tempo-
ral or spatial models, spatiotemporal modeling has
emerged as a powerful approach that simultaneously
captures both temporal dynamics and spatial depen-
dencies across monitoring stations. In a densely popu-
lated and geographically diverse city like Delhi, PM2.5

levels are not only influenced by historical trends at
individual stations but also by pollutant dispersion pat-
terns, traffic flow, and meteorological interactions from
surrounding areas. Incorporating spatial correlations
alongside temporal sequences enables models to better
understand pollutant behavior, leading to more accurate
and robust forecasts. In response to these challenges,
this study proposes a novel spatiotemporal deep learn-
ing framework Hybrid BiGRU-1DCNN for forecasting
PM2.5 concentrations in Delhi. The model leverages the
sequential learning strength of BiGRU and the feature
extraction capability of 1DCNN, enabling it to capture
both temporal dependencies and spatial correlations.
The proposed model is evaluated using data collected
from 28 monitoring stations across Delhi, integrating
both single-station (SS) and spatiotemporal correlation
(STC) strategies. Extensive experimentation demon-
strates that the hybrid model consistently outperforms
traditional deep learning models across multiple per-
formance metrics.

Objectives of Study

The primary objective of this study is to develop and
evaluate a novel hybrid deep learning model BiGRU-
1DCNN for accurately forecasting PM2.5 concentra-
tions in Delhi, India, by incorporating both spatial and
temporal data. This study aims to:

• Capture long-term temporal dependencies and spa-
tial correlations in PM2.5 data using a multi-station
dataset.

• Compare the performance of the proposed model
against conventional deep learning models such as
GRU, LSTM, BiLSTM, RNN, and 1DCNN.
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• Performance comparison of the proposed model
using RMSE, MAE, MAPE, MSE and also vali-
date the effective enhancement..

• Utilize non-parametric statistical analysis (Fried-
man test) to establish the significance of the pro-
posed model’s performance.

• Address current research gaps in PM2.5 forecasting
specific to the Delhi region.

The following summarises the primary contribu-
tions of this study:

Highlights of this Research

• A hybrid ST BiGRU-1DCNN model is proposed
for spatio-temporal forecasting of PM2.5 concen-
trations in Delhi, India.

• Experimental results showtheproposedmodeloutper-
forms traditional deep learning models (1DCNN,
BiLSTM, GRU, RNN, LSTM) in terms of RMSE,
MAE, MSE, and MAPE.

• The proposed model has achieved the best predic-
tion among the models over the RMSE: 15.749 and
MAE: 9.043.

• A Friedman non-parametric statistical test confirms
the superior performance and robustness of the
proposed ST BiGRU-1DCNN model over single-
station models.

The organization of the paper is as follows. Sec-
tion 2 contains the Section 2.1 subsection study area
and data collection. The Section 2.2 of EDA contains
the statistical analysis, decomposition and autocorrela-
tion function analysis, and spatio-temporal correlation
analysis. In Section 3, deep learning models contain
the BiGRU, 1DCNN, LSTM, and RNN. The Section 4

Fig. 1 The study area of selected geographical locations of air pollution monitoring stations Delhi, India
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contains the proposed (ST BiGRU-1DCNN) model.
In Section 5, the experimental setup contains the Sec-
tions 5.1 and 5.2, like hardware and software required
and performance measures. The Section 6 section con-
tains the Sections 6.1 quantitative analysis, Section 6.2
Graphical Analysis, Section 6.3 non-parametric statis-
tical friedman ranking analysis, and Section 6.4 one
year forecasting PM2.5 concentration. The last Sec-
tion 7 contains the conclusion.

2 Data

The dataset was chosen for its comprehensive spatial
coverage of Delhi, allowing for an in-depth spatiotem-
poral analysis of air quality trends. The CPCB is a gov-
ernment agency responsible for monitoring and regu-
lating air quality across India, and its dataset is consid-
ered one of the most reliable sources of air pollution
data for the region.

2.1 Study Area and Data Collection

Delhi, the capital of India, spans a geographical area of
approximately 1,484 km2, encompassing 11 districts.
As one of the most polluted cities globally, it expe-
riences extreme air quality fluctuations due to vehic-
ular emissions, industrial activities, biomass burning,
and meteorological conditions. The study uses air qual-
ity data collected from the CPCB monitoring stations

spread across the National Capital Territory of Delhi.
In total, data from 12 active stations were used, cov-
ering diverse urban zones, including residential, com-
mercial, traffic-heavy, and background locations (see
Fig. 1). The spatial distribution of these stations allows
for robust coverage of Delhi’s varying pollution dynam-
ics, which is crucial for effective spatio-temporal mod-
eling.

Hourly data on PM2.5 concentrations from 39 air
quality monitoring stations in Delhi, India, from 1-Jan-
2018 to 6-Aug-2023 were obtained from the Ministry
of Environment, Forest and Climate Change. This data
encompasses seasonal cycles, including winter, sum-
mer, monsoon, and post-monsoon periods. This period
was selected due to its ability to capture a comprehen-
sive range of PM2.5 concentration variability associ-
ated with meteorological shifts, crop residue burning,
and festive events of Diwali, significantly influencing
Delhi’s air quality.

Initially, data were collected from 39 CPCB mon-
itoring stations in Delhi. To ensure data quality and
completeness, authors applied strict filtering criteria:
removal of stations with more than 10% missing or
erroneous data over the study period, and exclusion
of stations with irregular time series or inconsistent
temporal resolution. After filtering, 28 stations were
selected for analysis (see Fig. 2).

The authors employed mean imputation to tackle
missing values in the datasets. Mean fill-in method was
selected for its simplicity and computational efficiency,

Fig. 2 The selection of station based on spatial correlation to Anand Vihar (D2) where α ≥ 0.80 correlated station in Delhi, India
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which are essential for real-time forecasting (Mariap-
pan et al., 2025). It maintains the temporal structure of
the data and prevents distortions that may arise from
using values from unrelated time intervals or stations,
thereby ensuring the integrity of our analysis.

2.2 Exploratory Data Analysis (EDA)

The authors computed the Pearson correlation coeffi-
cients between PM2.5 time series from all station pairs
to determine spatial relationships among monitoring
stations. The authors set a spatial correlation threshold
of α ≥ 0.80 to identify strongly correlated stations (see
Fig. 2) . This threshold aligns with standard practice in
environmental data analysis, where correlations above
0.8 are typically considered strong and indicate signif-
icant similarity in pollutant trends (Draper et al., 2009;
Her & Wong, 2020). In the dataset comprising 28 sta-
tions, a subset of 12 stations has been identified, which
demonstrates a robust positive spatial correlation, with
correlation coefficients ranging from 0.80 to 1. This
signifies that these 12 stations possess highly intercon-
nected data patterns, with values tending to decline.
The high spatial correlation suggests strong interde-
pendence in the data collected at these specific sta-
tions, which can benefit various applications and model
designs involving spatial analysis and understanding of
patterns in the given domain.

Delhi is ranked among the most polluted cities in
the world, with Anand Vihar (D2) station being the

most polluted city. The author has focused exclusively
on Pearson’s correlation coefficient values exceeding
0.80 about Anand Vihar PM2.5. This study identified 12
stations with the strongest correlation to Anand Vihar
PM2.5. Table 1 presents statistical summaries for vari-
ous data columns selected stations (D2, D3, D7, D16,
D19, D20, D27, D28, D33, D36, D38, D39). It includes
the count, mean, standard deviation, minimum, quartile
values (25th, 50th, and 75th percentiles), count 49056,
and maximum (max) values for each of these columns.
These statistics offer insights into the distribution and
central tendencies of the data within each column.

Stationarity Analysis Using ADF and KPSS Tests

To assess the stationarity of the PM2.5 time series data,
the authors applied the ADF and KPSS tests at each
station Table 2. These complementary tests help deter-
mine whether the time series exhibits unit roots or trend
stationarity, which informs the need for differencing or
advanced modeling techniques.

• ADFTest (H0: non-stationary): For most stations,
the ADF test yielded p-values < 0.05, indicating
stationarity in the first differences.

• KPSS Test (H0: stationary): KPSS results for the
same stations showed p-values < 0.05, confirming
the presence of trend non-stationarity in the original
series.

Table 1 The statistical summary of selected stations based on Pearson correlation value α ≥ 0.80 Delhi, India

Dataset
Name

Station Name Latitude
(°N)

Longitude
(°E)

Mean Std
Dev

Min 25% Median 75% Max

D2 Anand Vihar 28.646835 77.316032 129.31 112.31 0.2 53.25 100.75 158 985

D3 Ashok Vihar 28.66878 77.23001 108.35 104.11 0.25 38.75 76 135.12 989

D7 CPRI MR 28.551201 77.273574 99.94 91.34 0.03 38.48 73.31 128.20 995.98

D16 JNS 28.56893 77.25101 95.25 89.68 0.25 34.5 66.83 121.5 981

D19 MDCNS 28.61257 77.23649 94.11 82.80 0.25 37 68 122 985.75

D20 Mandir Marg 28.6341 77.2005 95.75 84.44 0.27 38 73.5 122.67 977

D27 Okhla Phase-2 28.530785 77.271255 98.57 94.19 1 35.25 67 126 989

D28 Parparganj 28.623748 77.287205 102.47 94.83 0.25 38.25 73 130 986

D33 Rohini 28.732528 77.11992 117.30 109.75 1 41 80.25 151.33 970

D36 Sonia Vihar 28.71601 77.24567 107.45 96.92 0.75 41 78.5 136.75 984

D38 Vivek Vihar 28.67115 77.31772 111.63 104.72 0.67 41 78.5 141 972

D39 Wazirpur 28.699793 77.165453 118.06 106.30 1 46.5 84 146.5 995

123



Water Air Soil Pollut          (2025) 236:459 Page 7 of 29   459 

Ta
bl
e
2

St
at

io
na

ri
ty

an
al

ys
is

:r
es

ul
ts

of
A

D
F

an
d

K
PS

S
te

st
s

fo
r

as
se

ss
in

g
tim

e
se

ri
es

st
at

io
na

ri
ty

St
at

io
n

A
D

Fa
K

PS
Sb

A
D

F
St

at
is

tic
p-

va
lu

e
1

%
5

%
10

%
St

at
io

na
ry

K
PS

S
St

at
is

tic
p-

va
lu

e
1

%
5

%
10

%
St

at
io

na
ry

A
na

nd
V

ih
ar

-1
2.

25
9.

56
e-

23
-3

.4
3

-2
.8

6
-2

.5
6

Y
es

0.
67

0.
01

0.
73

0.
46

0.
34

Se
as

on
al

A
sh

ok
V

ih
ar

-1
0.

84
1.

53
e-

19
-3

.4
3

-2
.8

6
-2

.5
6

Y
es

0.
56

0.
02

0.
73

0.
46

0.
34

Se
as

on
al

C
R

R
I

M
at

hu
ra

R
oa

d
-1

1.
49

4.
66

e-
21

-3
.4

3
-2

.8
6

-2
.5

6
Y

es
1.

12
0.

01
0.

73
0.

46
0.

34
Se

as
on

al

Ja
w

ah
ar

la
lN

eh
ru

St
ad

iu
m

-1
0.

25
4.

32
e-

18
-3

.4
30

-2
.8

6
-2

.5
6

Y
es

0.
33

0.
1

0.
73

0.
46

0.
34

7
T

re
nd

M
D

C
N

S
-1

0.
50

1.
06

e-
18

-3
.4

3
-2

.8
61

-2
.5

6
Y

es
0.

24
0.

1
0.

73
0.

46
0.

34
T

re
nd

M
an

di
r

M
ar

g
-1

1.
53

3.
67

e-
21

-3
.4

3
-2

.8
6

-2
.5

6
Y

es
0.

71
0.

01
0.

73
0.

46
0.

34
Se

as
on

al

O
kh

la
Ph

as
e-

2
-1

0.
61

5.
59

e-
19

-3
.4

3
-2

.8
6

-2
.5

6
Y

es
0.

36
0.

09
0.

73
0.

46
0.

34
T

re
nd

Pa
rp

ar
ga

nj
-1

0.
76

2.
50

e-
19

-3
.4

3
-2

.8
6

-2
.5

6
Y

es
0.

39
0.

07
0.

73
0.

46
0.

34
T

re
nd

R
oh

in
i

-1
0.

68
3.

92
e-

19
-3

.4
3

-2
.8

6
-2

.5
6

Y
es

0.
54

0.
03

0.
73

0.
46

0.
34

Se
as

on
al

So
ni

a
V

ih
ar

-1
1.

06
4.

70
e-

20
-3

.4
3

-2
.8

6
-2

.5
6

Y
es

0.
31

0.
1

0.
73

0.
46

0.
34

T
re

nd

V
iv

ek
V

ih
ar

-1
1.

28
1.

43
e-

20
-3

.4
3

-2
.8

6
-2

.5
6

Y
es

0.
29

0.
1

0.
73

0.
46

0.
34

T
re

nd

W
az

ir
pu

r
-1

1.
09

3.
96

e-
20

-3
.4

3
-2

.8
6

-2
.5

6
Y

es
0.

67
1

0.
01

6
0.

73
0.

46
0.

34
Se

as
on

al

N
ot

e:
B

ot
h

A
D

F
an

d
K

PS
S

te
st

re
su

lts
su

gg
es

tt
ha

tt
he

po
llu

tio
n

da
ta

se
ts

fr
om

al
ll

is
te

d
st

at
io

ns
ar

e
st

at
io

na
ry

a
A

D
F:

A
ll

st
at

io
ns

ha
ve

ve
ry

lo
w

p-
va

lu
es

(c
lo

se
to

ze
ro

),
w

hi
ch

ar
e

w
el

lb
el

ow
th

e
ty

pi
ca

ls
ig

ni
fic

an
ce

le
ve

ls
of

1%
,5

%
,a

nd
10

%
.T

hi
s

in
di

ca
te

s
st

ro
ng

ev
id

en
ce

ag
ai

ns
tt

he
nu

ll
hy

po
th

es
is

of
a

un
it

ro
ot

b
K

PS
S:

T
he

K
PS

S
st

at
is

tic
s

fo
r

m
os

ts
ta

tio
ns

ar
e

be
lo

w
th

e
cr

iti
ca

lv
al

ue
s

at
th

e
1%

,5
%

,a
nd

10
%

le
ve

ls
,i

nd
ic

at
in

g
th

at
fa

il
to

re
je

ct
th

e
nu

ll
hy

po
th

es
is

of
st

at
io

na
ri

ty
fo

r
th

es
e

st
at

io
ns

123



  459 Page 8 of 29 Water Air Soil Pollut          (2025) 236:459 

2.2.1 Decomposition and Autocorrelation Function
Analysis

Selected stations are highly correlated to Anand Vihar.
To presenting the additive decomposition of the Anand
Vihar station, which is highly polluted. In the realm
of time series analysis, the data from the Anand Vihar
station exhibits recognizable characteristics. Firstly, a
trend indicates a steady and continuous value increase
over a prolonged period. Additionally, a recurring sea-
sonal pattern transpires every 24 units of time, signify-
ing cyclic behavior. Notably, Correlation is still present
at lag 100, suggesting long-range dependencies, imply-
ing a delayed relationship or impact within the data. The
authors conducted a periodicity analysis using additive
seasonal decomposition to assess the temporal charac-
teristics of Anand Vihar PM2.5 concentrations. These
methods identify dominant cycles that are relevant for
capturing long-term trends and short-term fluctuations.
24-hour cycles are likely driven by human activity pat-

terns. The absence of structure in the residuals suggests
suitability for predictive modeling. Additive decompo-
sition to identify trend, seasonal, and residual compo-
nents in the time series (see Fig. 3).

The autocorrelation function and partial autocorre-
lation function were used to assess temporal dependen-
cies in the data (Zhang et al., 2025). The ACF revealed
significant correlations at lags up to 100, indicating
potential long-range dependencies, while the PACF
confirmed these findings by showing a sharp drop after
lag 100. The data exhibits both short-term and long-
term temporal correlations, making it suitable for mod-
eling with temporal dependencies. Created a plot (see
Fig. 4) of the autocorrelation function and the partial
autocorrelation function for a subset of 336 observa-
tions from the time series data of station Anand Vihar
facilitates a more thorough examination of its temporal
patterns. In ACF, the authors observe that the wave-
form and decrement of coefficient values show that the
Anand Vihar station has seasonal and trend character-

Fig. 3 Anand Vihar (D2)
pollution analysis: additive
decomposition assessing
Delhi’s pollution trend and
seasonality
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Fig. 4 Exploring Anand Vihar (D2) Station: a) ACF and b) PACF
plots analyzing lag effects (0-100) for Delhi’s pollution

istics. In PACF, observed the solid seasonal character-
istics for lag1 and lag2 values.

2.2.2 Spatio-Temporal Correlation(STC) Analysis

Real-world events are often affected by spatial and tem-
poral factors. Studying air pollution dynamics, sources,
health impacts, and trends over time and space requires
spatiotemporal analysis (Bahadur et al., 2023). Such
analysis is necessary to comprehend their complex
dynamics over time and across locations. A univari-

ate model is insufficient for spatiotemporal analy-
sis because it cannot capture complex relationships
between variables (Yuan et al., 2022). Multivariate
models offer a more comprehensive understanding of
the spatiotemporal dynamics by accounting for the
interplay between various factors of the same or dif-
ferent types (Sun et al., 2024). Depending on the char-
acteristics and properties of the data at hand, it may
become necessary to carry out the spatial and temporal
aggregation process. Spatial aggregation consolidates
individual data points into more significant regions or
grids, facilitating a more comprehensive data analysis
within a given spatial context. On the other hand, tem-
poral aggregation entails the creation and establishment
of time intervals or seasons, which aids in the organi-
zation and examination of data over specific periods.
These techniques help identify underlying patterns in
the data, authors and analysts can better understand the
underlying patterns and trends in the data, leading to
more informed decision-making and insightful conclu-
sions. Before embarking on the process of conducting
spatiotemporal correlation analysis, it is imperative to
engage in a thorough evaluation of spatial autocorrela-
tion. This pivotal preliminary step serves the purpose of
comprehending any discernible spatial patterns within
the dataset, which must be considered during subse-
quent analytical procedures.

When examining the temporal autocorrelation coef-
ficients for all 12 selected stations across different time
lags, a graphical representation (see Fig. 5) wherein the
x-axis denotes the time lags and the y-axis signifies the
autocorrelation coefficients. These methods identify

Fig. 5 Temporal
autocorrelation coefficients
of selected stations to
analyze time-dependent
relationships
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dominant cycles that are relevant for capturing long-
term trends and short-term fluctuations. 24-hour cycles
are likely driven by human activity patterns. The auto-
correlation coefficients quantify the extent to which
the data values of each station correlate with their pre-
ceding values at various time lags. The autocorrelation
analysis reveals both similarities and differences across
stations. Stations located in areas with similar traffic
patterns or industrial activities tend to exhibit stronger
autocorrelation, especially 24-hour cycles. Vivek Vihar
(D38) is the least autocorrelated to the other stations
shown in (Fig. 5). This graphical representation will
demonstrate how the autocorrelation changes as the
time lag increases.

Typically, one would anticipate observing a decline
in autocorrelation as the time lag increases, with coeffi-
cients diminishing and conceivably fluctuating around
zero. This indicates how previous data points are related
to future data points at different time intervals for the
12 stations.

3 Deep Learning Models

To fairly evaluate the performance of the proposed Hybrid
BiGRU-1DCNN model, the authors implemented sev-
eral traditional deep learning models as baseline archi-
tectures. These models were selected due to their wide-
spread use in time-series air pollution forecasting and
their ability to capture temporal dependencies. All
models were trained under similar experimental condi-
tions, including the same training-validation split, loss
function MSE, optimizer Adam, and number of epochs.
RNN: Implemented with two hidden layers, each com-
prising 64 units and tanh activation. A dropout layer
with a rate of 0.2 was used to prevent overfitting.
LSTM: Consists of two stacked LSTM layers with 64
units each and relu activation, followed by a dropout
of 0.2. LSTM helps capture long-term dependencies
in the PM2.5 sequences. BiLSTM: Includes two bidi-
rectional LSTM layers with 64 units, allowing both
forward and backward temporal learning. All baseline
models were implemented using TensorFlow/Keras
and trained on the same input features as the proposed
model to ensure consistency in comparison.

3.1 Bidirectional-gated Reccurent Unit

The gated recurrent unit is a type of recurrent neural
network designed to capture sequential dependencies

in data. It differs from traditional RNNs by using gating
mechanisms to control the flow of information, help-
ing to mitigate the vanishing gradient problem. GRUs
are effective in tasks involving time-series data, such
as PM2.5 forecasting. The GRU (Dey & Salem, 2017),
a simplified version of the RNN similar to the LSTM,
incorporates gating mechanisms but with fewer param-
eters. As a result, it improves its efficacy in acquiring
sequential patterns. The BiGRU, on the other hand,
operates on input sequences in both the forward and
backward directions. This characteristic enables the
model to gather information from the preceding and
subsequent contexts.

The equations for a BiGRU model with variable
descriptions are as follows:

Forward GRU equations:

z f
t = σ(W f

z xt +U f
z h

f
t−1 + b f

z ) (1)

r f
t = σ(W f

r xt +U f
r h

f
t−1 + b f

r ) (2)

h̃ f
t = tanh(W f xt +U f (r f

t � h f
t−1) + b f ) (3)

h f
t = (1 − z f

t ) � h f
t−1 + z f

t � h̃ f
t (4)

Backward GRU equations:

zbt = σ(Wb
z xt +Ub

z h
b
t+1 + bbz ) (5)

rbt = σ(Wb
r xt +Ub

r h
b
t+1 + bbr ) (6)

h̃bt = tanh(Wbxt +Ub(rbt � hbt+1) + bb) (7)

hbt = (1 − zbt ) � hbt+1 + zbt � h̃bt (8)

Combining both directions:

ht = [h f
t , hbt ] (9)

Here, xt represents the input at time step t , ht denotes
the hidden state at time step t , W , U , and b are weight
matrices and biases, σ represents the sigmoid function,
� denotes element-wise multiplication, zt is the update
gate, rt is the reset gate, and h̃t is the intermediate state
of the GRU at time step t .
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3.2 1-D Convolutional Neural Network

CNNs are good at processing grid-like data (Wang
et al., 2021). They can recognize patterns in tempo-
ral data, like predicting air pollution or analyzing sen-
sor and biomedical data. CNNs use convolutional and
pooling layers to extract hierarchical features and per-
form convolutions across the temporal dimension of
the input sequence (Alzubaidi et al., 2021).

The 1-D Convolutional Neural Network in the equa-
tion:

Yi = σ

⎛
⎝

m−1∑
j=0

w j · hi+ j + b

⎞
⎠ (10)

Pooling operation:

Poolp(Y ) = n/p
max
i=0

Yip:(i+1)p (11)

Here, hi+ j represents the input signal at position i+j,
Yi denotes the output of the convolution operation at
position i, w j are the convolutional filter weights, b is
the bias term, σ is the activation function LeakyReLU,
Poolp(Y ) represents the pooling operation with a pool-
ing size p, n is the length of the input sequence, m is
the size of the convolutional filter/kernel.

4 Proposed Hybrid BiGRU-1DCNN Model

The proposed hybrid model integrates (see architecture
Fig. 6) the capabilities of bidirectional gated recurrent
units and 1d convolutional neural networks to effectively

capture both long-term temporal dependencies and local
spatial-temporal features in PM2.5 time series data.

The input sequence is first processed by a bidirec-
tional GRU layer with 64 units, allowing the model to
learn patterns in both forward and backward temporal
directions. To mitigate overfitting, a dropout rate of 0.2
is applied. Theoutput fromtheBiGRUlayer is thenpassed
through a 1d convolutional layer with 64 filters, a kernel
size of 3, and ReLU activation to extract local temporal
features. A global max pooling layer follows, reducing
the feature map size while retaining the most salient
information. This is then fed into a dense layer with
64 units and ReLU activation, culminating in a final
dense layer with a single output unit for PM2.5 con-
centration prediction. The model is trained using the
mean squared error loss function and optimized with
the Adam optimizer, with a learning rate set at 0.01.
Training is conducted over 200 epochs with a batch
size of 64, employing early stopping with the patience
of 10 epochs to prevent overfitting. A validation split
of 15% is used to monitor model generalization during
training.

Let consider y = {y1, y2, ...., yn}T = [ {Yi }nt=1

]T
be a time series vector of n-random variables indes
by t-time stamp which denotes the discrete time-space
indexed data. In real life, time series data may have
missing values, outliers, and non-normalized values,
which affect the learning process of time series. There-
fore, the preprocessing of time series data is highly
required to achieve the required data quality. Let Prep()
is the function that handles the missing values, outlier,
and standardization of data and can be written in Eq. 12.

Prep
[
((yi )

n
t=1)

]T (12)

Fig. 6 Architecture of the Hybrid BiGRU-1DCNN model showing the flow of data through the BiGRU and 1DCNN layers
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Now, preprocessed time series can be checked for
stationarity, which may belong to weak or strict station-
arity. The joint distribution is time-invariant for strict
stationarity random variables. Then, further investiga-
tion of linear or non-linear temporal dependence can be
done by autocorrelation. The autocorrelation ρi can be
obtained as shown in Eq. 13. It measures the strength of
linear dependence and direction between yt and yt− j

for j th-order autocorrelation.

ρi = Cov(yt , yt− j )√
Var(yt )Var(yt− j )

(13)

where Cov (yt , yt− j ) is called jth order autocovari-
ance which measures the direction of linear dependence
between yt and the coefficient ρ j value may be utilized
to identify the seasional(Se) and trend(Tr) pattern in
time series. The ρ j values may be obtained differently
for lag values, i.e., L =1,2,3,....,k. The series will have
pattern, if ∃ ρ j > 0.05 ∀ L =1,2,3,...k.

Decomposition of yi time series: A series sequence
decomposition aims to extract the seasonality, trend,
and remainder components. The seasonality compo-
nent explains the regular fluctuation and periodicity
for each repetition season, where the season may be
denoted by |Se|. Now, the congruent modulo function
F: T→ R (∀ yi ∈ Y, i=1,2,3,...) Maybe formalized as:

f (t) = mod|Se|, t ∈ T (14)

The optimization problem aims to minimize the
error in the model’s predictions by adjusting the
weights of the hybrid BiGRU-1DCNN architecture.
The objective is to minimize the loss function, which
quantifies the discrepancy between the predicted PM2.5

concentrations and the actual observed values.
So, the decomposition may be written as an opti-

mization process for depreciation of the remainder (
XRe ) as:

min
∑
t∈T

(X Re
t )2 (15)

Subject to:

Xt =
(
XSe
t

)
+

(
XTr
t

)
+

(
X Re
t

)
, t ∈ T (16)

∑
r∈|Se|

XSe
r = 0 (17)

XTr
t − ρ ≤ XTr

t+1 ≤ XTr
t + ρ, t ∈ T (18)

where Xt is the observed value, XSe
t is the seasonal

component, XTr
t is the trend X Re

t is the residual com-
ponent at time t and ρ is the smoothness parameter
controlling the maximum change allowed between con-
secutive trend values.

The objective function is the sum of the squared
remainder that converse at zero see Eq. 15 The con-
straint in Eq. 16 adopts the additive decomposition
model. The constraint in see Eq. 17 ensures that the
seasonality does not reduce boost over the seasons. The
last constraint in see Eq. 18 ensures the smooth trend.
Apply a Bidirectional Gated Recurrent Unit (BiGRU)
to each station’s input data see Eqs. 1 to 8:

z f
t = σ(W f

z xt +U f
z h

f
t−1 + b f

z ) (19)

the output of BiGRU store in ht

ht = [h f
t , hbt ] (20)

Apply a 1D Convolutional Neural Network
(1DCNN) to the BiGRU output:

Yi = σ

⎛
⎝

m−1∑
j=0

w j · hi+ j + b

⎞
⎠ (21)

Poolp(Y ) = n/p
max
i=0

Yip:(i+1)p (22)

Combine the outputs (Yi )) with fully connected lay-
ers for further processing, depending on specific model
design. Define a suitable loss function for regression
tasks, such as MSE:

L = 1

2N

N∑
i=1

(Yi − Pi )
2 (23)

Train the model to minimize the loss L using the
training dataset.

ŶL1,n

(
Yn+g

) =
n∑
j=1

ϕn, j (g)Yn− j+1 (24)
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ŶL is the final prediction for our proposed (ST BiGRU-
1DCNN) model. Where Ŷ is the predicted values and
n is the data points.

Ŷn+g =
n∑
j=1

ϕn, j (g)Yn− j+1 (25)

where the parameter g represents the forthcoming
period.

E = E(Y, Ŷ , Em) (26)

where Em are Error measures like RMSE, MAE, MSE,
and MAPE shown in Eqs. 27 to 30 (Table 3).

5 Experimental Setup

The flowchart (see Fig. 7) of the proposed work com-
mences by accessing the dataset provided by the CPCB,
with a specific focus on PM2.5 levels. Step 1 in the
flowchart deals with initial data preprocessing tasks,
such as handling missing values and accounting for
temporal and spatial correlations. Step 2 involves split-
ting the data into training, validation, and testing sub-
sets. Step 3 is about selecting and comparing various
models based on performance metrics to choose the
best-performing one. If the losses remain constant, the
model is deployed. Hyperparameters were randomly
tuned through multiple iterative experiments, balancing
performance and training efficiency. Step 4 The final
stage entails the evaluation of the model’s performance
using error evaluation metrics such as RMSE, MAE,

MAPE, and MSE. Finally, the process concludes, and
the marks the end of the process.

5.1 Hardware and Software Required

The BiGRU-1DCNN model is implemented using the
keras and tensorflow frameworks within the jupyter
notebook development environment, chosen for their
versatility and ease of model development. The model
architecture employs the LeakyReLU activation func-
tion with an alpha value of 0.7, enhancing the network’s
ability to learn from a wider range of activations. It uti-
lizes a GRU layer with 100 units to capture sequential
dependencies and a 1d-conv layer with 128 filters to
extract local temporal features. The model is trained
with a batch size of 16 using the nadam optimizer, set
with a learning rate of 0.01 to balance convergence
speed and stability. The experiments were conducted
on a microsoft windows 10 pro system equipped with
an Intel core i5-9500 CPU running at 3.0 GHz, fea-
turing six physical cores and six logical processors,
and supported by 16 GB of RAM. This configuration
provided a capable yet accessible computational envi-
ronment for model development and evaluation.

5.2 Performance Measures

To assess prediction accuracy, this study employs
four commonly used statistical metrics: RMSE, MAE,
MAPE, and MSE. Each serves a distinct evaluative pur-
pose. The root mean square error measures the stan-
dard deviation of prediction errors, providing an inter-

Table 3 The proposed hybrid approach to utilization of Spatio-temporal BiGRU-1DCNN (ST BiGRU-1DCNN) model to process the
sequence

Serial No. Proposed model Spatio-Temporal BiGRU-1DCNN process sequence

1 Air pollution data set Preparing
[
((yi )nt=1)

]T from CBCB, Delhi, India

2 Spatio (Fig. 2), temporal (Fig. 5) correlation analysis of all stations near Anand Vihar (D2)

3 Dataset splitting into training(70%) testing (15%) and validation(15%)

4 Combining forward h f
t and backward hbt direction GRU ht= [h f

t , hbt ] see Eqs. 1 to 8

5 Single dimension convolutional neural network Yi = σ
(∑m−1

j=0 w j · hi+ j + b
)

see Eqs. 10 to 11

6 Minimize the loss L using the training dataset L = 1
2N

∑N
i=1(Yi − Pi )2

7 Ŷn+g = ∑n
j=1 ϕn, j (g)Yn− j+1 where Ŷ is the predicted values, n and g is the actual, forecasting data points.

8 E = E(Y, Ŷ , Em) Error measures like RMSE, MAE, MSE, and MAPE shown in Eqs. 27 to 30.
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Fig. 7 The workflow of
proposed Spatio-Temporal
BiGRU-1DCNN (ST
BiGRU-1DCNN) model for
the PM2.5 forecasting

pretable value in the same unit as PM2.5 concentra-
tions. The MAE offers an average of the absolute differ-
ences between predictions and actual values, yielding
a straightforward understanding of model deviation.
The MAPE contextualizes this deviation relative to
observed values, which is particularly helpful for inter-
pretability across varying pollution levels. While both
RMSE and MSE assess prediction accuracy, whereas
MSE emphasizes larger errors due to squaring, making
it more sensitive to outliers. Employing this combina-

tion ensures a balanced and comprehensive evaluation
of the proposed and baseline models. Calculate the fol-
lowing performance metrics for each station i to assess
prediction accuracy:

The RMSE measures the predicted values (Ŷi ) and
actual values (Pi ) for each station i:

RMSEi =
√√√√ 1

T

T∑
t=1

(Ŷi [t] − Pi [t])2 (27)
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where T is the number of time steps. The MAE mea-
sures the predicted values (Ŷi ) and actual values (Pi )
for each station i:

MAEi = 1

T

T∑
t=1

|Ŷi [t] − Pi [t]| (28)

The MAPE measures the predicted values (Ŷi ) and
actual values (Pi ) for each station i. To avoid division
by zero, a small constant c is added in the denominator:

MAPEi = 1

T

T∑
t=1

∣∣∣∣∣
Ŷi [t] − Pi [t]
Pi [t] + c

∣∣∣∣∣ × 100% (29)

where c is a small positive constant. The MSE mea-
sures the predicted values (Ŷi ) and actual values (Pi )
for each station i:

MSEi = 1

T

T∑
t=1

(Ŷi [t] − Pi [t])2 (30)

6 Results and Analysis

The proposed model across 12 selected stations uses
four key metrics, RMSE, MAE, MAPE, and MSE, to
assess predictive accuracy and model quality. The span-
ning of the testing data from October 4, 2022, at 17:00
to August 6, 2023, at 23:00, TableTable offers a detailed
evaluation of the model’s performance in forecasting
PM2.5 concentration.

6.1 Quantitative Analysis

Comparison of model performance metrics across dif-
ferent deep learning architectures for single-station and
spatio-temporal correlation models. Imp% denotes the
percentage improvement in performance by the pro-
posed model over the baseline models for each metric.

6.1.1 Single Station (SS) Based Analysis

The (Table 4) presents the performance measures of
the SS Proposed Model across 12 different selected
datasets, utilizing four key metrics: RMSE, MAE,
MAPE, and MSE to assess predictive accuracy and

model quality. Among these datasets, MDCNS stands
out as it consistently yields the lowest errors for
all four metrics, boasting an RMSE of 17.308647,
MAE of 10.029232, MAPE of 14.502798, and MSE
of 299.58926, reflecting the highest accuracy in the
model’s predictions among the examined datasets.

• RMSE: The prediction performance of the pro-
posed model got eight stations at the lowest RMSE
compared to all 12 selected stations. The BiLSTM
got the lowest RMSE for three stations, and the
LSTM got the lowest for CPRI MR. The lowest
RMSE is 17.308647 for station MDCNS. All the
lowest RMSEs are in bold font compared to all
baseline deep learning models and the proposed
model. The smallest percentage improvement com-
pared to the proposed model to the baseline DL
model is BiLSTM for Ashok Vihar, CPRI MR, and
JNS stations and LSTM for CPRI MR; otherwise,
the proposed model outperforms the overall base-
line DL model.

• MAE: The utilization of the baseline DL model
and the proposed model: out of 12 stations, the pro-
posed model got 10 stations with the lowest MAE
score. The BiLSTM and LSTM have the lowest
MAE values at Ashok Vihar and CPRI MR. The
smallest MAE value is 10.029232 for the MDCNS
station in the proposed model. The minor percent-
age improvement to Ashok Vihar and CPRI MR sta-
tions is by applying the BiLSTM, GRU, and LSTM;
otherwise, the proposed model outperforms the
overall baseline DL model in percentage improve-
ment.

• MAPE: The measurement of the performance of
MAPE over various stations is compared to the
baseline and proposed model. The proposed model
got nine stations with the lowest MAPE values
out of all selected stations. The baseline LSTM
model got the lowest MAPE values with Ashok
Vihar, CPRI MR, and Rohini stations. The pro-
posed model has achieved the lowest MAPE value
of 14.502798 at the MDCNS station. The analy-
sis of percentage improvement showed the low-
est improvement in Ashok Vihar, CPRI MR, and
Rohini over various baseline models.

• MSE: The performance measure of MSE over var-
ious baseline DL models and the proposed model
for all selected stations. The proposed model got
the lowest MSE values at eight stations of all 12
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selected stations. The BiLSTM had the lowest MSE
value at Ashok Vihar, Jawaharlal Nehru Stadium,
and Mandir Marg stations, and the LSTM achieved
CPRI MR stations. In addition, the minimum per-
centage improvement over various baseline DL
models is the proposed model for all selected sta-
tions. The minimum percentage improvement sta-
tions in BiLSTM are Ashok Vihar, CPRI MR, JNS,
and Mandir Marg.

As shown in (Table 4) for single station univariate uti-
lization, the prediction performances of the proposed
model are compared with five baseline DL models. The
table contains the performance measures of all baseline
DL models and the proposed model over all selected
stations. In addition, the author used RMSE, MAE,
MAPE, and MSE to evaluate the performance of our
proposed model over various DL models. The table
contains the percentage improvement of performance
measures of baseline models over the proposed model.
Based on the improvement values, the proposed model
is superior to all baseline DL over various performance
measures.

6.1.2 Spatio-Temporal Correlation (STC) Based
Analysis

The (Table 5) summarizes the performance measures
for various datasets with a target STC. Dataset Jawahar-
lal Nehru Stadium has the lowest error values, demon-
strating superior predictive accuracy with an RMSE of
15.749208 and the lowest MSE of 248.03755. Like-
wise, dataset MDCNS achieves outstanding perfor-
mance, with the lowest MAE of 9.042538 and a highly
competitive MAPE of 13.305757. These findings high-
light the reliability and accuracy of JNS and MDCNS
in predictive modeling for STC, making them prime
choices for this specific task.

• RMSE: The prediction performance of the pro-
posed model got nine stations at the lowest RMSE
compared to all 12 selected stations. The LSTM
has three stations with the lowest RMSE apart. The
lowest RMSE is 15.749208 for station JNS. All
the lowest RMSEs are in bold font compared to
all baseline deep learning models and the proposed
model. The smallest percentage improvement com-
pared to the proposed model to the baseline DL
model is BiLSTM for CPRI MR stations and LSTM

for Ashok Vihar and CPRI MR; otherwise, the pro-
posed model outperforms the overall baseline DL
model by a percentage.

• MAE: The utilization of the baseline DL model
and the proposed model: out of 12 stations, the pro-
posed model got nine stations with the lowest MAE
score. The BiLSTM has the lowest MAE values at
Ashok Vihar, and the LSTM has Ashok Vihar and
Wazirpur. The smallest MAE value is 9.042538 for
the MDCNS station in the proposed model. Apply-
ing the baseline model, there is a minor percent-
age improvement to Ashok Vihar, CPRI MR, and
Wazirpur stations; otherwise, the proposed model
outperforms the overall baseline DL model for all
selected stations.

• MAPE: The measurement of the performance of
MAPE over various stations is compared to the
baseline and proposed model. The proposed model
got 11 stations with the lowest MAPE values out
of all selected stations. The baseline GRU model
got the lowest MAPE values with the Ashok Vihar
station. The proposed model has achieved the low-
est MAPE value of 13.30576 at the Major Dhyan
Chandra National Stadium station. In the analysis
of percentage improvement, Ashok Vihar showed
the lowest improvement over various baseline mod-
els.

• MSE: The performance measure of MSE over var-
ious baseline DL models and the proposed model
for all selected stations. The proposed model got the
lowest MSE values at ten stations of all 12 selected
stations. The LSTM stations with the lowest MSE
values are CPRI MR and Okhla Phase-2. In addi-
tion, the minimum percentage improvement over
various baseline DL models is the proposed model
for all selected stations. The minimum percentage
improvement stations are CPRI MR to BiLSTM,
Ashok Vihar, and CPRI MR to LSTM.

As shown in (Table 5) for spatio-temporal corre-
lation utilization, the prediction performances of the
proposed model are compared with five baseline DL
models. The table contains the performance measures
of all baseline DL models and the proposed models
over all selected stations. In addition, the author used
different evaluation parameters to evaluate the perfor-
mance of the proposed model over various DL models.
To reflect the highest accuracy in the model’s predic-
tions among the examined datasets. The table contains
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the percentage improvement of performance measures
of baseline models over the proposed model. Based on
the improvement values, the proposed model is superior
to all baseline DL over various performance measures.
These findings highlight the reliability and accuracy of
Anand Vihar in predictive modeling for STC at 0.80
correlation, making them prime choices for this spe-
cific task. Beyond individual station performance, the
proposed model consistently outperformed the baseline
across all locations, demonstrating robustness and gen-
eral applicability. Although the Major Dhyan Chandra
National Stadium station recorded the lowest RMSE,
the STC model achieved substantial error reduction
at all stations, indicating that the improvement is not
localized but broadly consistent. No significant outliers
were observed, and performance improvements were
consistent across all stations, reinforcing the robust-
ness of the proposed model.

6.2 Graphical Analysis

6.2.1 Predictive Pattern Analysis (SS +STC)

The actual and predicted DL model and proposed
model (see Fig. 8) for the Anand Vihar station test-
ing dataset for SS provides a comprehensive overview
of the comparison between observed PM2.5 concentra-
tion values and predictions generated by a proposed
BiGRU-1DCNN and baseline DL with Anand Vihar
single station univariate data. The authors plot a total
of 144 hours spanning for better visualization from
August 1, 2023, at 00:00 to August 6, 2023, at 23:00.
These plots offer a detailed evaluation of the model’s
performance in prediction PM2.5 concentration at a
diverse array of different baseline DL models. All
the baseline DL models are predicted well, except for
RNN. The proposed model predicts a similar pattern to
actual PM2.5 values.

Fig. 8 Single Station PM2.5 Predictions at Anand Vihar (01-August-2023 to 06-August-2023). The x-axis represents time and the
y-axis denotes PM2.5 concentrations (μg/m3)
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Fig. 9 The spatiotemporal for Anand Vihar (D2) of actual, proposed, and traditional DL model predicted values of PM2.5 test set

The line plots (see Fig. 9) for spatio-temporal par-
ticular monitoring station Anand Vihar testing dataset
offer a comprehensive comparison between observed
PM2.5 concentration values and predictions generated
by a specific proposed model BiGRU-1DCNN and
baseline DL model. These plots cover a substantial
period, from August 1, 2022, at 00:00 to August 6,
2023, at 23:00, enabling a detailed examination of the
model’s performance in capturing the spatiotemporal
distribution of PM2.5 concentration. Each model has
unique characteristics and spatio-temporal aspects are
considered, providing valuable insights into the relia-
bility and accuracy of the model’s predictions across
various scenarios. The proposed model’s PM2.5 pre-
diction is close to the actual values. The red trend rep-
resents the baseline line DL model, the blue line rep-
resents the proposed model PM2.5 prediction, and the
green line indicates the actual PM2.5 values.

The prediction results at Anand Vihar station, reveal
noticeable discrepancies among different deep learn-
ing models when compared to the actual PM2.5 val-
ues. The proposed BiGRU-1DCNN model demon-
strates closer alignment with observed trends, partic-
ularly during high pollution peaks, compared to other
models. Anand Vihar, being a high-traffic and indus-

trial zone, exhibits significant temporal fluctuations
and sharp PM2.5 spikes, posing challenges for accu-
rate prediction. This emphasizes the impact of local-
ized pollution sources and suggests that future mod-
eling efforts should account for such spatial charac-
teristics to enhance predictive performance in heavily
polluted urban hotspots.

6.2.2 Predictive Distribution Analysis SS + STC

The superimposed distribution analysis (see Fig. 10)
The single station’s univariate Anand Vihar station offers
a visual representation of the relationship between
observed and predicted PM2.5 values over the speci-
fied period, from October 4, 2022, at 17:00 to August
6, 2023, at 23:00, focusing on a specific monitoring
location Anand Vihar without considering spatiotem-
poral aspects over utilizing the different baseline DL
model.

The coefficient of determination (R2) was computed

using the standard formula R2 = 1 −
∑n

i=1(yi−ŷi )2∑n
i=1(yi−ȳ)2 .

Negative R2 values can occur when the model per-
forms worse than the mean baseline, typically in highly
noisy or non-stationary data regions. Such values were
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Fig. 10 Predicted vs. Actual PM2.5 Concentration at Anand Vihar station. The x-axis represents actual PM2.5 concentrations (μg/m3),
and the y-axis represents predicted values (μg/m3) of test set

observed in outlier-prone stations with low spatiotem-
poral correlation.

Each scattered plot represents the actual values with
the proposed model prediction and baseline DL model
prediction values for the Anand Vihar station. The
R2 scores of baseline BiLSTM, CNN, GRU, LSTM,
and RNN are 0.541, 0.87, 0.844, 0.516, and -44.269,
respectively, compared to the R2 scores of the proposed
model, which are 0.892. The grey indicates the base-
line DL model, the black indicates the proposed model,
and the red indicates the actual reference line. These
plots allow a straightforward assessment of the model’s
performance within this fixed location. The degree of
scatter or clustering of data points indicates the accu-
racy and reliability of the model’s predictions at this
single station. Analyzing these scattered plots is essen-
tial for evaluating the model’s accuracy and ability to
accurately predict PM2.5 concentration at the specified
location and over the given time frame.

The superimposed distribution plots (see Fig. 11) for
the spatio-temporal data from the Anand Vihar station
visually represent the relationship between observed
PM2.5 concentration values and the predicted PM2.5

concentration values from both the baseline deep learn-
ing model and the proposed model. This analysis covers
the period from October 4, 2022, at 17:00 to August 6,
2023, at 23:00. Each scatter plot displays the actual
observed PM2.5 values alongside the predicted values
from the proposed model and the baseline DL model
for the Anand Vihar station. The R2 scores for the base-
line models BiLSTM, CNN, GRU, LSTM, and RNN
are 0.474, 0.892, 0.878, 0.489, and 0.457, respectively,
while the proposed model achieves an R2 score of
0.905. In the plots, grey represents the baseline DL
model, black represents the proposed model, and red
indicates the actual reference line. These plots facili-
tate a straightforward assessment of the model’s perfor-
mance across various baseline models. The degree of
scatter or clustering of the data points reflects the accu-
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Fig. 11 The scatter plot to STC for all datasets of actual and predicted values of test set

racy and reliability of the model’s predictions. A well-
fitted model would show data points closely grouped
along a linear or consistent trend line, indicating high
predictive accuracy. Conversely, more dispersed data
points may suggest variations or errors in the model’s
predictions.

Analyzing these scatter plots is essential for gaining
insights into the proposed model’s performance and its
ability to accurately predict PM2.5 concentrations over
the specified time frame and datasets.

6.3 Non-parametric Statistical Friedman Ranking
Analysis

The table provides a thorough comparison of vari-
ous deep learning algorithms based on four essen-
tial ranking metrics: RMSE Rank, MAE Rank, MAPE
Rank, and MSE Rank. These algorithms are evaluated
in distinct scenarios, specifically STC and SS. Each
algorithm’s performance is carefully ranked according
to these metrics, with lower values signifying better

performance. In the STC scenarios, the proposed ST
BiGRU-1DCNN model and LSTM-STC emerge as the
top performers, achieving the lowest ranking scores
across all four metrics and highlighting their effective-
ness. In contrast, RNN-STC is positioned as the least
effective among these algorithms. For the SS scenarios,
both LSTM-SS and CNN-SS significantly outperform
their peers, securing the lowest ranks in the specified
metrics, while RNN-SS falls behind, further emphasiz-
ing the strengths of the former. This table not only sum-
marizes the algorithm rankings but also clearly delin-
eates the performance differences among them. Fried-
man ranking of deep learning models and proposed
models sample size: n = 12 stations, k = 12 models
based on RMSE, MAE, MAPE, and MSE. The Fried-
man test yielded statistically significant results indi-
cating meaningful differences in performance rankings
across models (Table 6).

The proposed STC and proposed SS got the first
ranking in every error parameter measure. The improve-
ment can be attributed to the model’s ability to learn
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Table 6 The Friedman ranking of all the proposed and traditional deep learning models with 0.80 correlated related to all selected
stations

Algorithm RMSE Rank MAE Rank MAPE Rank MSE Rank

Proposed Model - STC 1.3333 1.8333 1.5 1.3333

BLSTM-STC 6 4.8333 5.1667 6

CNN-STC 3.5 5.5 5.9167 3.5

GRU-STC 4.75 3.3333 3.3333 4.75

LSTM-STC 3.25 3 4.4167 3.25

RNN-STC 11 10.9167 9.8333 11

Proposed Model-SS 4.6667 4.8333 4.5833 4.6667

BLSTM-SS 7.6667 8.0833 9.0833 7.6667

CNN-SS 7.8333 8.4167 8.8333 7.8333

GRU-SS 9.4167 9.25 8.1667 9.4167

LSTM-SS 6.9167 6.3333 5.6667 6.9167

RNN-SS 11.6667 11.6667 11.5 11.6667

Fig. 12 Friedman method of ranks for model comparison with the different evaluation parameters
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not only temporal patterns within a single station but
also the spatial dependencies between geographically
proximate stations. In densely populated and highly
polluted environments like Delhi, nearby stations often
exhibit similar pollution trends due to shared sources
and meteorological conditions. Capturing these rela-
tionships allows the model to generalize better, espe-
cially during peak pollution periods or abrupt changes
in air quality. This observation is consistent with find-
ings from related studies, which emphasize the role of
spatial dependencies in enhancing PM2.5 forecasting
accuracy (see Fig. 12).

6.4 One Year Forecasting PM2.5 Concentration

The forecasting results from the ST BiGRU-1DCNN
model, spanning from July 8, 2023, to July 6, 2024,
demonstrate its remarkable predictive capabilities, out-
shining traditional deep learning models. These fore-
casts offer essential insights into the trends of PM2.5

concentrations in Delhi, with February 2024 exhibiting
notably higher levels compared to the rest of the year.
The median, rather than the mean, is selected to reduce
the influence of extreme pollution events or outliers,
which are common in air quality data. Compared to the
half monthly median balances temporal granularity and
noise reduction.It retains essential temporal dynam-
ics while ensuring robustness against skewed distribu-

tions and data anomalies, especially useful in long-term
forecasts where stability is critical. The median val-
ues, indicated by the black dotted line, reveal that the
second half of February 2024 surpasses all previous
half-month forecasts. The primary contributors to this
increase include open waste burning, biomass burn-
ing, construction dust, industrial emissions, and stub-
ble burning. The median aggregation method enhances
interpretability in visualization (see Fig. 13) and sup-
ports a more consistent trend analysis.

Implications and Limitations

The findings of this study underscore the potential
of the proposed Hybrid BiGRU-1DCNN model to
improve spatio-temporal forecasting of PM2.5 concen-
trations in urban environments like Delhi. By leverag-
ing both spatial correlations between monitoring sta-
tions and temporal dependencies in pollution trends,
the model demonstrates enhanced predictive accuracy
compared to traditional deep learning methods.

Implications The accurate forecasting of PM2.5 lev-
els directly affects public health planning, air quality
alerts, and policy decision-making. Timely and precise
predictions can enable proactive mitigation strategies,
such as restricting vehicular traffic or industrial emis-
sions during forecasted high pollution periods. Further-
more, this modeling framework can be adapted to other

Fig. 13 The one year forecasting PM2.5 concentration utilizing proposed STC for Delhi, India
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cities with similar air quality challenges, supporting
broader environmental management efforts.

Limitations Despite its promising results, the model
has several limitations:

• The analysis is limited to a fixed number of monitor-
ing stations 28, and the inclusion of more stations or
mobile sensors could improve spatial granularity.

• Meteorological variables were not fully integrated
future models could benefit from incorporating
wind speed, temperature, humidity, and boundary
layer height.

• The model treats spatial and temporal dependencies
somewhat independently.

• While the hybrid architecture improved perfor-
mance, the combination strategy was manually cho-
sen.

Future research should explore multi-modal data
fusion, dynamic hyperparameter tuning, and the use
of ensembles to address these limitations and further
improve long-term air quality forecasting.

7 Conclusion

The hybrid BiGRU-1DCNN model represents a sig-
nificant advancement in forecasting spatio-temporal
PM2.5 concentration levels in Delhi, India. By incor-
porating bidirectional gated recurrent units and a one-
dimensional convolutional neural network , this model
effectively captures the temporal dependencies and
spatial correlations inherent in the PM2.5 data. The
fusion of these two architectures enables the model
to learn sequential patterns while accounting for geo-
graphical variations across different monitoring sta-
tions. This approach ensures robust predictions for
PM2.5 concentrations at various locations and time
intervals.

In terms of performance, the proposed model achie-
ved impressive results, including the lowest RMSE of
15.75 and MSE of 248.04 at the Jawaharlal Nehru Sta-
dium station. Furthermore, the model attained the low-
est MAE of 9.04 and MAPE of 13.31 at the Major
Dhyan Chandra National Stadium station. A compre-
hensive Friedman ranking analysis was conducted,

comparing the proposed model with several base-
line models. The proposed ST BiGRU-1DCNN model
secured the highest rankings across multiple metrics:
an RMSE rank of 1.33, MAE rank of 1.83, MAPE rank
of 1.5, and MSE rank of 1.33. The results indicate that
the proposed ST BiGRU-1DCNN model outperforms
other models in terms of RMSE and MSE, demon-
strating its effectiveness in forecasting spatio-temporal
PM2.5 concentrations. Its integration of BiGRU and
1DCNN provides superior accuracy and reliability
compared to individual models. From a policy perspec-
tive, accurate forecasting can drive more effective air
quality management programs. Policymakers can use
the model’s predictions to implement timely interven-
tions, such as controlling traffic emissions, restricting
industrial activities, or promoting public health mea-
sures during high-pollution periods. In the long term,
the model could contribute to designing sustainable
urban planning initiatives to reduce pollution exposure
and enhance air quality in Delhi.

Future research holds substantial promise for refin-
ing the proposed model, particularly in optimizing its
spatiotemporal forecasting capabilities. Key areas of
focus will include improving the model’s architecture
through deeper layers, innovative feature representa-
tions, and advanced hyperparameter tuning. Addition-
ally, integrating more granular geographical and mete-
orological data, such as satellite imagery and ground-
level sensor networks, will provide a more compre-
hensive understanding of the complex factors influenc-
ing PM2.5 concentrations. By enhancing the model’s
predictive capabilities, this research aims to mitigate
the adverse effects of air pollution on public health in
Delhi, contributing to the continued development and
relevance of spatiotemporal forecasting models in the
field.
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