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Abstract  The present study focuses on the prediction 
and assessment of the impact of lockdown because of cor-
onavirus pandemic on the air quality during three different 
phases, viz., normal periods (1 January 2018–23 March 
2020), complete lockdown (24 March 2020–31 May 
2020), and partial lockdown (1 June 2020–30 Septem-
ber 2020). We identify the most important air pollutants 
influencing the air quality of Kolkata during three differ-
ent periods using Random Forest, a tree-based machine 
learning (ML) algorithm. It is found that the ambient 
air quality of Kolkata is mainly affected with the aid of 
particulate matter or PM (PM10 and PM2.5). However, 
the effect of the lockdown is most prominent on PM2.5 
which spreads in the air of Kolkata due to diesel-driven 
vehicles, domestic and commercial combustion activi-
ties, road dust, and open burning. To predict urban PM2.5 
and PM10 concentrations 24 h in advance, we use a deep 
learning (DL) model, namely, stacked-bidirectional long 
short-term memory (stacked-BDLSTM). The model is 
trained during the normal periods, and it shows the supe-
riority over some supervised ML models, like support 
vector machine, K-nearest neighbor classifier, multilayer 
perceptron, long short-term memory, and statistical time 
series forecasting model autoregressive integrated moving 

average. This pre-trained stacked-BDLSTM is applied to 
predict the concentrations of PM2.5 and PM10 during the 
pandemic situation of two cases, viz., complete lockdown 
and partial lockdown using a deep model-based transfer 
learning (TL) approach (TLS-BDLSTM). Transfer learn-
ing aims to utilize the information gained from one prob-
lem to improve the predictive performance of a learning 
model for a different but related problem. Our work helps 
to demonstrate how TL is useful when there is a scarcity 
of data during the COVID-19 pandemic regarding the 
drastic change in concentration of pollutants. The results 
reveal the best prediction performance of TLS-BDLSTM 
with a lead time of 24 h as compared to some well-known 
traditional ML and statistical models and the pre-trained 
stacked-BDLSTM. The prediction is then validated using 
the real-time data obtained during the complete lock-
down due to COVID second wave (16 May–15 June 
2021) with different time steps, e.g., 24 h, 48 h, 72 h, and 
96–120 h. TLS-BDLSTM involving transfer learning is 
seen to outperform the said comparing methods in mod-
eling the long-term temporal dependency of multivariate 
time series data and boost the forecast efficiency not only 
in single step, but also in multiple steps. The proposed 
methodologies are effective, consistent, and can be used 
by operational organizations to utilize in monitoring and 
management of air quality.
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Introduction

The problem of urban air pollution has become increas-
ingly significant with the rapid growth of urbanization 
and the advancement of industrialization which not only 
speeds up climate change but also affects human health. 
For more than 1  year, the human population of the 
world confronted a challenging new pandemic COVID-
19 caused by the new coronavirus SARS-CoV-2. The 
coronavirus disease (COVID-19) spread rapidly around 
the world in early 2020, changing anthropogenic activi-
ties permanently (Kharroubi & Saleh, 2020). India’s 
first coronavirus case was found in Kerala on 30 Janu-
ary 2020. To control the COVID-19 outbreak in India, 
the Government of India (GoI) declared a complete 
lockdown, and social distancing measures were initi-
ated from 24 March 2020. The complete lockdown 
measures included the suspension of all activities in the 
non-essential industrial production, transportation sec-
tors, supplies trading except a few essential industries 
(viz., manufacturing units of drugs, pharmaceuticals, 
petroleum refineries, fertilizers, food-related industries, 
power plants) and essential transportation. Academic, 
cultural, administrative, political, and religious gather-
ings remain prohibited. The State Government of Kol-
kata, West Bengal, extended complete lockdown until 
5 May 2020 and extended it up to 31 May 2020. After 
complete lockdown, the government declares partial 
lockdown measures targeting non-essential activities 
amid restrictions and a lesser number of public vehi-
cles. This is the stage of the step-by-step unlock period 
with maintained proper COVID guidelines extended 
up to 30 September 2020 over Kolkata. From Octo-
ber 2020 to mid-February 2021, India experienced a 
decrease in new confirmed COVID-19 infections. But 
India was in the grips of a devastating second wave of 
the virus during mid-April due to the highly infectious 
double mutant variant of SARS-CoV-2 (B.1.617 line-
age), and cities were facing fresh lockdown 2.0. In view 
of the rising COVID-19 cases, the State Government of 
Kolkata, West Bengal government imposed a complete 
lockdown from 16 May 2021 to 15 June 2021.

Pollution is the leading environmental cause of 
morbidity and mortality worldwide. It is triggered by 
human activities that disrupt environmental balance. 
Heavy metals are critical components of air pollution 
because they can be poisonous and deadly even at low 
concentration, and even necessary elements for organ-
isms can be harmful at high concentrations (Dutta & 

Pal, 2022b; Jo et al., 2020). Sevik et al. (2020) deter-
mined the variation of Pb and Mg accumulation 
depending on plant species, plant organ, washing sta-
tus, and traffic density in some landscape plants grown 
in the city center of Kastamonu. Ba is one of the most 
hazardous heavy metals, and it was found that Ba con-
centrations increased with traffic density in nearly all 
plant organs (Bayraktar et  al., 2022; Cetin & Jawed, 
2022). Cetin et al. (2022) identified and mapped the Pb 
and Cr pollution in the city center of Ankara. There-
fore, monitoring the alteration in heavy metal concen-
trations is critical for the health of both human and 
environment. One of the most reliable methods is the 
use of annual rings of trees. Cesur et al. (2022) illus-
trated the utility of annual rings of Cupressus arizonica 
as a biomonitor in order to indicate the change of Li, 
Fe, and Cr concentrations. Air pollution is commonly 
recognized to be a matter of concern to both public 
wellness and economic development. Cetin and Sevik 
(2016) observed the change of the air quality at vari-
ous points in the Kastamonu city center in terms of 
particulate matter and CO2 amount. Cetin et al. (2019) 
assessed the temporal and regional variation of some 
air pollution parameters in different areas of Bursa’s 
city center. It has been founded that indoor air quality 
has a direct impact on students’ working capacity and, 
as a consequence, academic performance (Cetin, 2016; 
Stabile et al., 2017). Elsunousi et al. (2021) evaluated 
the regional and periodic change of CO2 and particu-
late matter pollution in the city of Misurata, one of the 
major cities of Libya.

The most serious challenge in the twenty-first cen-
tury is the degradation of air quality around the world 
due to different sorts of anthropogenic interventions 
(Motesaddi et  al., 2017). The global response to alle-
viate the pandemic of COVID-19 has led to an unex-
pected turndown of most of the emission sources. 
Several researchers focusing on monitoring urban air 
quality during the COVID-19 lockdown have recorded 
significant reductions in air pollutant concentrations 
around the world, which have been linked to lower emis-
sions from anthropogenic activities (Wang & Su, 2020; 
Zambrano-Monserrate et  al., 2020; Bauwens et  al., 
2020; Ding et  al., 2020; Shi & Brasseur, 2020; Wang 
et  al., 2020; Goldberg et  al., 2020; Berman & Ebisu, 
2020). In India, studies on air quality have shown how 
the lockdown has improved the ambient air quality and 
reduced the rate of selective air pollutants during the 
lockdown period (Gautam, 2020; Mahato et  al., 2020; 
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Navinya et al., 2020; Sarkar et al., 2021). According to 
the Central Pollution Control Board (CPCB), after the 
first 4 days of lockdown, air pollution levels in 88 Indian 
cities decreased drastically (Sharma et  al., 2020). The 
degree of air pollutants reduction may vary from city to 
city because of local factors such as the restriction of the 
lockdown, distribution of emission sources, meteoro-
logical fluctuations, and trends in pollutant emissions 
(Kumar et al., 2020). Though most of the latest research 
have studied the change of air quality standard, effect on 
the environment, and causes of reduction in pollution 
concentrations during lockdown compared to the pre-
lockdown phase, air quality forecasting during pandemic 
remains a challenge for researchers.

Due to the dynamic nature, volatility, and high vari-
ability in the time and space of pollutants, predicting 
air quality is a difficult task (Castelli et al., 2020). The 
traditional deterministic methods were usually designed 
under specific assumptions, and they cannot fit other 
real-world conditions (Ma et  al., 2019a). Statistical 
approaches, as opposed to deterministic approaches, can 
be used in a wider range of situations as long as enough 
data is provided. Traditional statistical approaches, on 
the other hand, are based on the linear assumption, 
which is incompatible with the non-linear properties 
of the real world, thereby limiting their performance. 
Recently, deep learning (DL), being an advanced form 
of machine learning (ML), has dramatically improved 
the state of the art in big data analysis, such as in video 
analytics, speech analysis, bioinformatics, and remote 
sensing data. Deep learning means learning in depth 
in different stages. Here, the learning performance 
depends on the number of samples (or previous experi-
ences). The larger the number is, the better the learning 
performance. Deep learning (DL) technique has been 
applied for a wide variety of problems such as object 
detection, weather prediction, motion modeling, image 
classification, natural language processing, speech 
recognition, and synthesis (Chakraborty & Pal, 2021; 
Dutta & Pal, 2022a; Hinton et  al., 2012; Krizhevsky 
et al., 2017; LeCun et al., 2015; Pal et al., 2021; Young 
et al., 2018; Zhang et al., 2013). Since the air pollution 
data is big in nature, the use of a DL-based data-driven 
model in conjunction with advanced artificial intelli-
gence (AI) tools for accurate representation and predic-
tion of the air quality depending on weather and several 
factors appears to be logical and appropriate.

Artificial intelligence (AI) deals with simulation 
of human intelligence processes by a computer or a 

machine. AI has provided some essential tools for 
local environmental protection agencies to use in mak-
ing informed decisions about air pollution mitigation 
measures in order to reduce the public exposure risk 
(Jerrett et  al., 2005; Masood & Ahmad, 2021). For 
example, many researchers used artificial neural net-
works (ANNs) for prediction of air quality that include 
multilayer perceptron (MLP), back-propagation neural 
network (BPNN), and adaptive neuro-fuzzy inference 
systems (ANFIS) (Prasad et  al., 2016; Tatavarti et  al., 
2018; Turias et al., 2008). Pollutant and particulate con-
centrations are predicted using support vector regression 
(SVR) models (Lei et al., 2022; Liu et al., 2017). Dutta 
and Pal (2022b) have recently used a rough set theory-
based decision support system to predict the different 
categories of AQI and developed a Z-number-based 
novel quantification measure of semantic information of 
AQI to assess the reliability of the outcomes.

Air pollution can have a short- or long-term impact 
on future conditions that may persist for hours, days, 
or even weeks. As a result, when forecasting the air 
quality, the time transit needs to be taken into account. 
However, most of the artificial neural network (ANN)-
based approaches fail to improve the temporal lag of 
air pollution or develop long-term dependencies. Some 
researchers used advanced deep learning techniques 
such as recurrent neural network (RNN), long short-
term memory (LSTM), long short-term memory-fully 
connected neural network (LSTM-FC), K-nearest 
neighbor, and long short-term memory (KNN-LSTM) 
to model the time series data to address this challenge 
(Ong et al., 2015; Qi et al., 2018; Tao et al., 2019; Zhao 
et al., 2019; Qin et al., 2019; Heydari et al., 2021).

One of the recent advances in AI and deep learning 
is transfer learning (TL). TL means reusing a model 
already developed (i.e., knowledge gained) for a task 
as the starting point (say, previous or source task) to 
a different but related task (say, target task); thereby, 
improving the learning and prediction processes in the 
target task. For pattern classification, this implies an 
enrichment of the generalization-capability of the lat-
ter. TL differs from traditional machine learning algo-
rithms which attempt to learn each task from scratch. 
TL method has been useful in transferring knowledge 
from previous tasks to a target task when the latter has 
fewer training data (Pan & Yang, 2010). TL is widely 
used in the domains of image classification (Dai et al., 
2007), speech and natural language processing (Bel 
et  al., 2003; Blitzer et  al., 2006; Ling et  al., 2008), 
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building utilization (Arief-Ang et al., 2018), and neu-
rophysiological studies (Atyabi et al., 2013; Tu & Sun, 
2012). To enhance the forecast accuracy, TL has also 
been used in atmospheric research (Tariq et al., 2021). 
It is widely used in prediction of air pollutants, espe-
cially in case of scarcity of data, where transferring the 
knowledge learned on the pre-trained model improves 
the prediction accuracy of the model. For example, 
deep learning-based stacked-bidirectional long short-
term memory was applied to transfer the knowledge 
learned from smaller temporal resolutions to larger 
temporal resolution for the prediction of air quality in 
China where the performance of the model improves in 
greater time-based resolutions (Ma et al., 2019b). Ma 
et al. (2020) proposed a TL-based stacked-bidirectional 
long short-term memory (TLS-BLSTM) network that 
helps to improve the forecast accuracy by transferring 
knowledge from existing air quality stations to new 
stations. Fong et al. (2020) used LSTM recurrent neu-
ral networks (RNNs) to forecast the future concentra-
tion of air pollutants in Macau, having less observed 
data in terms of quantity and type in some air qual-
ity monitoring stations. In order to mitigate the issue 
of scarcity of data, Dhole et  al. (2021) proposed an 
ensemble approach for multi-source transfer learning. 
This provides a cumulative prediction by transferring 
the knowledge learned from multiple source stations 
to a given target station, allowing better utilization of 
the data easily available from neighboring stations to 
improve the performance of the prediction. Gilik et al. 
(2022) developed a supervised model for predicting the 
air quality by utilizing real sensor data and transferring 
the model between cities.

The present study demonstrates the effectiveness of a 
deep model-based transfer learning approach in air qual-
ity modeling. During COVID-19 pandemic, the concen-
tration of pollutants changed drastically as compared to 
the normal period. The nature and size of the data thus 
obtained during these two periods are different, the size 
being much larger in the case of normal. Therefore, to 
analyze the data during the pandemic, it may be logical 
to adopt the concept of transfer learning, whereby the 
knowledge gained from the normal period through train-
ing a deep network can be reused in designing an archi-
tecture appropriate for the data obtained due to pandemic 
situation. We propose a simple method that comprises 
the application of machine learning (viz., Random For-
est), deep learning (viz., stacked-bidirectional LSTM), 
and transfer learning. The study period considered for air 

quality prediction consists of three phases: normal peri-
ods (1 January 2018–23 March 2020), complete lock-
down (24 March–31 May 2020), and partial lockdown 
(1 June–30 September 2020). We first identify the most 
important air pollutants (among nitrogen dioxide (NO2), 
sulfur dioxide (SO2), particulate matter or PM (PM10 
and PM2.5), carbon monoxide (CO), ozone (O3), and 
benzene)) influencing the air quality of Kolkata during 
normal periods, complete lockdown, and partial lock-
down using Random Forest algorithm. Then the predic-
tion of concentration of the aforesaid major air pollutants 
is done. Here, we use a deep learning model, namely, 
stacked-bidirectional LSTM, which is learned from the 
normal periods. Afterwards, we adopt a transfer learn-
ing approach on the pre-trained deep model, stacked-
bidirectional LSTM (stacked-BDLSTM), to predict the 
concentration during the pandemic situation, where the 
knowledge gathered from the normal period is trans-
ferred to build the final deep transfer learning model 
(TLS-BDLSTM). Finally, the prediction capability of 
the model, thus developed, is validated using the real-
time data obtained during the lockdown due to COVID 
second wave (16 May–15 June 2021). The performance 
and feasibility of the proposed model are evaluated by 
comparing its output with those of stacked-bidirectional 
LSTM and supervised ML and statistical models in the 
prediction of air quality.

The novelty of the research is that it focuses on the 
following:

•	 Providing a new transfer learning-based framework 
that uses deep learning (DL) model, which is learned 
from the normal periods, and then incorporates the 
noble transfer learning (TL) approach to predict the 
concentrations of most dominant air pollutant in the 
pandemic situation with a small and complex dataset.

•	 Identification of most dominant air pollutant and 
assessment of effect of COVID-19 lockdown on it 
using Random Forest, a tree-based machine learn-
ing algorithm.

•	 Finally, validation of the proposed framework with 
real-time data of complete lockdown due to the 
COVID second wave 2021 and assessment of its 
performance with multi-step prediction.

Thus, the identification, assessment, and prediction 
of air quality over Kolkata were achieved using meteoro-
logical and air quality data, a user-friendly computational 
technique, and a deep transfer learning approach.
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The remainder of the paper is structured as follows: 
The “Materials and methods” section presents an over-
view of the study area, data collection, detailed archi-
tectures, and algorithms of the proposed methods. It 
also includes the way of execution/implementation of 
algorithms with performance measures. In the “Results 
and discussion” section, experimental results are ana-
lyzed and discussed. Finally, the “Conclusions” section 
illustrates the concluding remarks of this investigation 
and proposes suggestions for future research.

Materials and methods

Study area

Kolkata (formerly Calcutta) is one of India’s major met-
ropolitan cities. It is located in eastern India in the Gan-
ges Delta at 22°33′N and 88°20′E, along the east bank of 
the Hooghly River at an elevation of about 9 m. Kolkata 
has a tropical wet and dry climate with summer mon-
soon, and wind movement in Kolkata is from SW direc-
tion; however, in winter, the calm wind is blowing from 
N and NE directions. Kolkata is a densely populated 
city with a population of 14.4 million. It is enlisted in 
the World’s twenty five most polluted cities along with 
ten worse polluted cities in India (Bera et al., 2020) fac-
ing rising air pollution and multi-pollutant crisis. The 
city’s economic and industrial expansion and different 
industries such as paper and pulp, organic and inorganic 
chemical industries, rubber, iron, plastic, textile and 
food, vehicular emissions, dust from construction sites, 
solid waste burning, and wind-blown dust from open 
lands besides thermal power plants are significantly 
contributing to air pollution over Kolkata. A study con-
ducted at major traffic junctions of Kolkata showed that 
the key pollutants like lead, NOX, PM10, SO2, and CO 
are in excess of permitted levels (Ghose et al., 2004).

Data collection

This study has been carried out with 4 years of data and 
observations from 2018 to 2021 over Kolkata, India. 
The data of daily air quality of Kolkata city are col-
lected from the West Bengal Pollution Control Board 
(WBPCB). Seven air pollutants consisting of particulate 
matter or PM (PM2.5, PM10), CO, O3, NO2, benzene, 
and SO2 are considered. Meteorological parameters used 
in the present study are air temperature (°C), maximum 

and minimum air temperature (°C), dew point tempe 
(°C), precipitation (mm), relative humidity (%), vis-
ibility (km), wind speed (kmph), and air pressure (hPa). 
These parameter values are obtained on daily basis from 
the Regional Meteorological Centre, Kolkata. Satellite-
based data on daily observations of aerosol optical depth 
(AOD) is collected from both MODIS Terra (MOD08_
D3) and Aqua (MYD08_D3) collection 6.1 level 3 prod-
uct for the period from 2018 to 2021. Here we have used 
a combined Dark Target (DT) Deep Blue (DB) AOD at 
550 nm which is in better agreement with ground-based 
observations than the individual dark target and deep 
blue retrievals (Mhawish et al., 2017).

Data pre‑processing and normalization

After collection of data, pre-processing of data is exe-
cuted. Data pre-processing is the data mining technique 
so that we can improve data quality. Missing data is a 
common problem for most of the air pollution monitor-
ing stations due to instrument failure, data entry error, 
maintenance, and other unmanageable factors. Though 
there are a few missing values in our data record, to fill 
the empty values, a linear interpolation technique is used 
(Plaia & Bondi, 2006). To convert the data on the same 
scale and make the data a pure dimensionless quantity or 
value, we have used max–min normalization as follows:

where min and max are the minimum and maximum 
values in x , given its range, and z(x) is the normalized 
value of x.

Methods

Our objective is to build a framework of a deep model-
based transfer learning approach in forecasting the con-
centration of pollutants during the pandemic situation. 
In this section, we will discuss the principles of differ-
ent algorithms and tools used to design that framework in 
building the model TLS-BDLSTM, as well as some tra-
ditional ML and statistical methods used for comparison.

Random Forest algorithm

Random Forest (Breiman, 2001) is a multifunctional 
machine learning algorithm, widely used for classification 

(1)z(x) =
x − min(x)

max(x) − min(x)
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and regression predictive modeling problems in atmos-
pheric science (Lepioufle et  al., 2021; Yu et  al., 2016). 
Here, we have used this algorithm to study the variable 
importance which is a part of designing our proposed 
deep TL model. Random Forest is a tree-based machine 
learning algorithm that makes decisions by combing the 
outcomes of several decision trees (DTs). Each DT relies 
on a random bootstrap dataset. Due to the simplification 
and nonparametric behaviors, classification and regression 
tree (CART) is generally used as a DT within the Random 
Forest. Thus, Random Forest is a collection of independ-
ent individual CART classifiers and can be represented as

where h denotes the Random Forest classifier, x 
stands for input variable, and 

{
Θk

}
 are independent 

identically distributed random predictor variables, 
which are used for generating each CART tree.

The main purpose of the training stage of Random 
Forest is to construct a large number of decorrelated 
DTs (Liu et  al., 2021). An overlap sampling solution 
known as “bagging” or bootstrap aggregation is used 
to reduce the variance associated with classification in 
Random Forest algorithm. It extracts observations with 
replacement to generate the independent bootstrap sam-
ple from the training dataset. Each DT can be trained 
from various bootstrap samples, resulting in more tree 
diversity. In certain Random Forest formulations, a 
subset of features is also taken for each tree. Thus, DTs 
within RF can be grown without pruning, resulting in 
a relatively small computational burden. Furthermore, 
while employing different bootstrap samples and node 
features, the noise immunity of Random Forest can be 
improved by averaging various decorrelated DTs. The 
fundamental advantage of bootstrap aggregation is that 
it improves model performance by decreasing the vari-
ance of the model, while keeping the bias low. It reduces 
the required training time and helps to avoid over-fitting. 
It gives a high level of predictive accuracy and maintains 
the correctness of the generalization even if a large part 
of the data is missing. The architecture of the Random 
Forest classification model is shown in Fig.  1. Each 
DT is constructed from a bootstrap sample chosen with 
replacement from the original dataset, and the predic-
tions of all trees are finally combined through majority 
voting (Boulesteix et al., 2012).

The function of Random Forest is characterized by 
two basic features:

(2)
{
h
(
x,Θk

)
, where k = 1, 2,… , i,… , n

}

a)	 Out-of-bag error (OOBE): The out-of-bag error, 
also called generalization error, is used for cross-
validation to evaluate the performance of Random 
Forest. For each DT within a Random Forest, due 
to the bagging solution, some training data would 
be repeatedly used as the bootstrap sample, thereby 
some other observations not being selected to fit 
this DT. These observations are out-of-bag (OOB) 
instances. Nearly one-third of training data is OOB 
instances, which are not used in the RF training 
process. In other words, we can also use these OOB 
instances to evaluate the classification performance 
of by averaging the evaluation of OOB instances of 
DTs of Random Forest model.

b)	 Variable importance (VI): The Random Forests 
can rank the features (variables) based on their 
importance in a classification problem. So, it ena-
bles reducing the dimension of the data by deleting 
the less important features. More elaborate vari-
able importance measures incorporate a (weighted) 
mean of the individual tree’s improvement in 
the splitting criterion provided by each variable 
(Friedman, 2001). An example for such a measure 
in classification is “Gini importance” that repre-
sents the improvement in the “Gini gain” splitting 
criterion (Strobl et  al., 2009). Another advanced 
variable importance measure available in Random 
Forests is the “permutation importance” measure 
which is directly based on the accuracy of the Ran-
dom Forest model. It is obtained by permuting a 
feature and averaging the difference in OOBE (out-
of-bag error) before and after the permutation over 
all trees. The underlying concept is that permuting 
an important feature is expected to decrease the 
classification accuracy more strongly than permut-
ing a relatively unimportant feature. This operation 
can also be performed by selecting a subset of fea-
tures, instead of permuting a feature, to determine 
the importance of the subset as a whole.

LSTM, bidirectional LSTM, and stacked‑LSTM

Long short‑term memory (LSTM)  This is an 
advanced recurrent neural network (RNN), a sequential 
network, designed to prevent the neural network output 
for a given input from either decaying or exploding as it 
cycles through the feedback loops. It provides better per-
formance compared to other RNN architectures because 



Environ Monit Assess         (2023) 195:223 	

1 3

Page 7 of 35    223 

Vol.: (0123456789)

it can solve the problem of the disappearing gradient of 
RNN in dealing with long-term dependence. LSTMs are 
effectively applicable to several sequence learning prob-
lems including sequence prediction, speech recognition, 
language modeling and translation, and weather forecast-
ing. LSTM is a type of supervised deep neural network 
formed based on artificial neural networks (ANN) and 
recurrent neural networks (RNN). Artificial neural net-
works (ANN) are composed of a large number of highly 
interconnected processing elements (neurons) working 
together to solve a problem. ANN usually consists of three 
layers—one input layer, one or more hidden layer, and one 
output layer. It is also known as a Feed-Forward Neural 

network because inputs are processed only in the forward 
direction. However, the prediction accuracy is limited to 
the degree of stability of the time series and can fail when 
it presents complex dynamic behavior. To overcome this 
problem, recurrent neural network (RNN) is introduced 
that improves prediction accuracy. The recurrence feature 
in RNN allows forward and backward connections (recur-
rent or feedback), forming cycles within the network archi-
tecture, which uses previous states as a basis for the current 
state, and facilitates the learning of dynamic relationships 
(Andrea Sánchez-Sánchez et al., 2020). However, regular 
RNNs suffer from the vanishing or blowing up gradient 
during the back propagation (BP) process, and thus, it is 

Fig. 1   Structure of Random Forest classification model
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incapable of learning from long time lags and unable to 
capture the long-term dependencies in the input sequences 
(Bengio et al., 1994; Gers et al., 1999).

LSTM was introduced by Hochreiter and Schmidhuber  
(1997) as a modified version of RNN, which is well-
suited to classify process and predict time series, given 
time lags of unknown duration. Due to the gated structure, 
LSTM architecture can deal with long-term dependencies 
to allow useful information to pass along the LSTM net-
work. The memory cell of LSTM comprises three gates: 
namely, forget gate, input gate, and output gate that con-
trol the system’s state. Gates are basically a way to selec-
tively allow information through.

Figure 2a presents the architecture of a memory cell 
of LSTM. Ct and Ct−1 are the current and previous cell 
states, respectively.  ht  and ht−1  are respectively the 
current and previous hidden states. xt is the input to 
the current cell.  “� ” in rectangular box and “tanh” in 
rectangular box represent Sigmoid-activated NN (neu-
ral networks) and Tanh (hyperbolic tangent)-activated 
NN, respectively, while “tanh” in elliptical box denotes 
element-wise Tanh operator (not a NN). “×” denotes 
element-wise multiplication, and “+” denotes element-
wise summation. Note that each line in Fig. 2a carries 
an entire vector of equal number of components.

The first step in LSTM involves the identification 
of information that is not required in next steps and 
needs to be forgotten before passing to the cell state. 
This decision is made by a Sigmoid-activated NN layer, 
called the forget gate layer, whose output is vector ft . 
This gate performs concatenation of the two vectors 
ht−1 and xt , and this combination is introduced into the 
element-wise Sigmoid function (Eq. (3)) operator

which outputs a number between 0 and 1 corre-
sponding to each number in the cell state Ct−1 . Here 
1 means “completely keep this” (i.e., completely 
remembering), whereas 0 indicates “completely for-
getting” (i.e., get rid of this).

The output ft vector can be represented as

where Wf  and bf  are the parameters of the weight matrix 
and the bias vector, respectively, which are learned dur-
ing training of the Sigmoid-activated NN. Note that 
in Eq. (4), the element within (.) is a vector, and  � (.) 

(3)�(t) =
1

1 + e−t
,

(4)ft = � (Wf ⋅

[
ht−1, xt

]
+ bf )

means the point-wise Sigmoid function being applied 
on each (scalar) component of that vector, thereby 
resulting in a series of numbers (lying between 0 and 
1) corresponding to those in the cell state  Ct−1 . That 
means, ft represents a series of such numbers between 
0 and 1. Then, the element-wise multiplication of ft and 
Ct−1 (Fig. 2a) decides to which extent the existing infor-
mation in the cell is forgotten.

The next step is to decide what new information to 
store in the cell state. This is done by the input gate 
which has two parts. In one part, a Sigmoid-activated 
NN layer is used to generate an output vector ( it ) for that 
gate to decide which values to be updated. In another 
part, a Tanh-activated NN layer is used to generate a 
vector of new candidate values, C̃t , that should be added 
to the state. Their expressions involving concatenation 
of the vectors ht−1 and xt are shown in Eqs. (5) and (6).

Here, Wi and bi and Wc and bc are the weight matrices 
and the bias vector parameters of the Sigmoid-activated 
NN layer and Tanh-activated NN layer, respectively. 
These parameters are learned during their training.  it 
and Ct are then combined through element-wise multi-
plication to create a cell state update. Equation (7) rep-
resents the new cell state Ct which is updated from the 
previous cell state, Ct−1.

Finally, the output gate decides the information of the 
cell state Ct that is to be provided to the new hidden state 
ht . This output is a filtered version of Ct . To obtain this, 
a sigmoid-activated NN layer is first used to generate 
an output vector ( ot ) that decides which parts of the cell 
state Ct are going to contribute to the output. Then, we 
pass the cell state Ct through tanh operator to transform 
its element values to lie between −1 and +1 and finally 
multiply (element-wise) the transformed values by the 
Sigmoid gate output  (ot) that represents a set of values 
in the range (0, 1). This means that the multiplication 
operator only output the parts that we have decided to 
contribute. Expressions of ot and the new hidden state ht , 
thus obtained, are given in Eqs. (8) and (9), respectively.

(5)it = �
(
Wi ⋅

[
ht−1, xt

]
+ bi

)

(6)C̃t = ���h
(
Wc ⋅

[
ht−1, xt

]
+ bc

)

(7)Ct = ft ∗ Ct−1 + it ∗ C̃t

(8)ot = �
(
Wo ⋅

[
ht−1, xt

]
+ bo

)
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Fig. 2   The architecture of a long short-term memory (LSTM) and b bidirectional LSTM (BDLSTM)
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where Wo and bo are a set of learning parameters 
defined for the output gate.

where tanh is an element-wise hyperbolic tangent 
function defined as

Bidirectional LSTM (BDLSTM)  This is an exten-
sion of traditional LSTMs that can enhance model per-
formance on sequence classification problems. The 
traditional LSTM (unidirectional) stores information 
of the past because the only inputs it has seen from the 
past. But the structure of BDLSTM allows the networks 
to have both backward and forward information about 
the sequence at every time step and using the two hid-
den states combined, and it is possible at any point in 
time to preserve information from both past and future. 
There are two hidden layers: one is forward LSTM layer, 
and the other is the backward LSTM layer. Both hidden 
layers are connected to the same output layer. The for-
ward layer output sequence ��⃗h

t
 is iteratively calculated 

using inputs in a positive sequence from time t = 1 to 
time t = T, while the backward layer output sequence, 
�⃖�ht , is calculated using the reversed inputs from time 

t = T to t = 1. Both outputs are then concatenated using 
a Sigmoid function and fed to the final output vector 

(9)ht = ot ∗ tanh (Ct)

(10)tanh (t) =
et − e−t

et + e−t

(Fraiwan & Alkhodari, 2020) which is denoted by yt and 
can be represented as (Yu et al., 2015):

W
h⃗y is the weight from the forward LSTM layer to the 

output layer, and W
h⃖y

  is the weight from the backward 
LSTM layer to the output layer. by is the output bias.

Figure 2b shows the architecture of the BDLSTM 
network.

Stacked‑bidirectional LSTM (stacked‑BDLSTM)  
This architecture comprises multiple bidirectional LSTM 
layers (Fig. 3) where the output of the non-last layer is fed 
into the next layer. Each layer includes two LSTM cells 
with opposite directions, which are used to capture the 
forward and backward dependency, respectively.

In the following, we describe briefly some classifica-
tion/regression ML models, namely, multilayer percep-
tron, support vector machine, K-nearest neighbor clas-
sifier, and statistical model autoregressive integrated 
moving average which are used for comparative study.

Multilayer perceptron (MLP)

Artificial neural network (ANN) is a mathemati-
cal model or information processing paradigm that is 
based on the way biological nervous systems process 

(11)yt = W
h⃗y
��⃗ht +W

h⃖y
�⃖�ht + by

Fig. 3   The structure of stacked-bidirectional LSTM (stacked-BDLSTM)
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information. It is made up of a network of highly inter-
connected processing elements, or artificial neurons, 
that work together to solve challenges. As mentioned 
in the sub-section “LSTM, bidirectional LSTM, and 
stacked-LSTM,” neural networks come in a number 
of different forms, but the feed-forward network archi-
tecture is the most popular. Different numeric inputs to 
the network are transferred forward from an input layer, 
through one or more hidden layers, to an output layer. 
The data is passed through a network and modeled 
based on the “weights” assigned to each connected link. 
By adjusting the weights binding its neurons together, a 
network can be trained to respond to different inputs in 
different ways; therefore, a functional mapping to a set 
of predictands from a set of predictors is generated.

The internal activity of the neuron can be explained 
as follows: let each neuron k receive incoming signals 
from every neuron j in the previous layer. Each incom-
ing signal (xj) is associated with a weight (wk). The net 
input, vk, to neuron k is a sum of the incoming signal 
times the weight. It is expressed as

That means, the net input, vk, equals the sum of the 
weight times the input signal for all the inputs to the 
neuron k from neuron j, starting at output of neuron 
j = 1 and ending at j = n.

The activation function acts as a squashing function, 
such that the output of a neuron in a network lies between 
certain values (usually 0 and 1 or −1 and 1) (Pal & Mitra, 
1999). In general, there are three types of activation func-
tions (φ). Firstly, the threshold function which takes on 
a value of 0, if the summed input is less than a certain 
threshold value (v), and the value 1 if the summed input 
is greater than or equal to the threshold value. That is,

The multilayer perceptron (MLP) is perhaps the 
most used neural network architecture. Due to the 
dynamic nature of the atmosphere, accurate weather 
parameter prediction is a complex task. Multilayer 
perceptron is applied to prediction of atmospheric 
parameters, like temperature, wind speed, rainfall, 
fog, and pollution events (Dutta & Chaudhuri, 2015; 
Esteves et  al., 2019; Cifuentes et  al., 2020). It is a 

(12)Vk =

n∑

j=1

wkj xj

(13)𝜙(𝜈) =

{
1

0

if

if

𝜈 ≥ 0

𝜈 < 0

feed-forward network of interconnected neurons usu-
ally trained by using the error back-propagation (BP) 
algorithm. The BP algorithm works by iteratively 
changing the interconnecting weights of the network 
in order to lower the overall error that exists between 
the observed values and modeled network outputs. 
The output of a neuron can be expressed as,

where w is the weight vector, x denotes the input vector, 
b is the bias, and φ is the activation function Eq. (13).

It may be mentioned that artificial neural networks 
(ANNs) have the ability to learn the relation, what-
ever complicated, between input and output from 
examples, and therefore are considered a good candi-
date for machine learning. ANNs enjoy the character-
istics, like adaptivity, speed, robustness/ruggedness, 
and optimality that any designer would love to have in 
her/his systems.

Support vector machine (SVM)

A support vector machine (SVM) is a supervised learn-
ing algorithm and is considered an effective tool for 
the prediction and analysis of air quality (García Nieto 
et  al., 2013; Wang et  al., 2021). The primary idea 
underlying SVM is to map the original datasets to a 
higher-dimensional space of features and construct an 
optimal separating plane (SP), from which the distance 
to all the data points is minimal (Ji et al., 2017). It was 
first developed to solve classification problems and later 
generalized to handle regression problems. This method 
is called support vector regression (SVR). SVR usually 
first trains the model according to the existing data to 
predict the time series.

For a training dataset 
{(

xi, yi
)
, i = 1,… , n

}
, x ∈

Rm, y ∈ R where n is the total number of data pat-
terns, x is the input vector of m components, and y 
is the corresponding output value, the SVM regres-
sion function can be expressed as follows:

where w is the weight vector, b is the bias, and �(x) indi-
cates the non-linear transfer function (Zhao et al., 2021). 
The parameters w and b , which define the location of SP, 

(14)y = �

(
n∑

i=1

wixi + b

)
= �

(
wTx + b

)

(15)f (x) = w ⋅ �(x) + b
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can be determined by minimizing the following regular-
ized risk function:

Subject to

where C is the regularization parameter and � and �∗ 
are slack variables. Equation (16) is solved in a dual 
form utilizing the Lagrangian multipliers. That is,

Subject to 
∑n

i=1
(ai − ai

∗) 0 ≤ ai ≤ C 0 ≤ ai
∗ ≤ C 

Where K
(
xi, x

)
 is the kernel function.

By imposing the Karush–Kuhn–Tucker (KKT) opti-
mality condition, w∗ is obtained, that is,

Finally, the SVM is expressed as follows:

The kernel function for SVM can be of four types: pol-
ynomial, sigmoid, linear, and radial basis function (RBF).

K‑nearest neighbor (KNN) classifier

It is a simple and widely used machine learning model 
for classification and regression. This classical data min-
ing tool has been applied for the prediction of air qual-
ity (Dragomir, 2010; Tella & Balogun, 2021). The KNN 
classification algorithm can be extended with regression 
for forecasting purposes. It is based on the assumption 
that objects that are close together will have similar char-
acteristics (i.e., similarity in terms of proximity). When 
K = 1, the nearest neighbor rule is the simplest form of 
KNN classifier (also called, multi-prototype minimum 
distance classifier). The KNN classifier provides predic-
tions based on results from the K-neighbors closest to 

(16)Minimize ∶
1

2
||w||2 + c

n∑

i=1

(
�i + �i

∗
)

yi − w ⋅ �(x) − b ≤ � + �i w ⋅ �(x) + b − yi ≤ �+�i
∗

�i ≥ 0, �i
∗
≥ 0

(17)

Maximize ∶ −
1

2

∑n

i=1

∑n

j=1

(
ai − ai

∗
)(
aj − aj

∗
)
K
(
xi, xj

)

−
∑n

i=1

(
ai − ai

∗
)
+
∑n

i=1

(
ai − ai

∗
)
yi

(18)w∗ =

n∑

i=1

(
ai − ai

∗
)
⋅ K (xj, x)

(19)f (x) =
∑n

i=1

(
ai − ai

∗
)
⋅ K (xi, x) + b

that point. As a result, to make predictions with KNN 
classifier, we need to first identify the metric that will be 
used to calculate the distance between the request point 
and the case reference point in the sample. The Euclid-
ean distance is one of the most frequently used distance 
metrics for determining this similarity. The Euclidean 
distance d (X, Y) between two points (vectors) X and Y 
in Euclidean n-space is expressed as,

where xi and yi are the ith components of X and 
Y  respectively. One may note that the Euclidean dis-
tance is only valid for continuous variables. After deter-
mining the value of K, we can make predictions based 
on K-nearest neighbor (KNN) examples. For classifica-
tion of an unknown point (pattern), we decide the class 
to which majority of K-nearest neighbors belong.

The KNN classifier is reputed to be able to generate 
piecewise linear decision boundaries and, thereby, is quite 
efficient in handling non-convex and linearly nonsepara-
ble pattern classes. However, the performance of KNN 
depends on the value of K. The value of K is chosen to 
be “odd” to avoid tie in a decision. Further, the larger the 
values of K, the more is the computational time.

Autoregressive integrated moving average (ARIMA)

The ARIMA procedure uses the autoregressive inte-
grated moving average (ARIMA) or autoregressive 
moving average (ARMA) model to evaluate and fore-
cast equally spaced univariate time series data, trans-
fer function data, and intervention data (Chaudhuri & 
Dutta, 2014). An ARIMA model predicts a value in 
a response time series as a linear combination of its 
own past values, past errors (also known as shocks or 
innovations), and present and past values of other time 
series. ARIMA represents a general class of time series 
models that combines several time series techniques 
such as differencing, autoregressive models, and mov-
ing average models (Montgomery & Johnson, 1976). 
An autoregressive (AR) model of the order p is the 
one in which the current observation Xt is regressed on 
previous observations Xt−1 + Xt−2 + ..... + Xt−p of the 
same time series. This may be expressed as

(20)d (X, Y) =

√∑n

i=1
(xi − yi)

2
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where �1,�2.....�p are the regression coefficients, � is 
a constant term, and et denotes random error.

If the time series is non-stationary, then it is first 
transformed into a stationary time series by a process, 
called differencing, in which the previous observa-
tion Xt−1 is subtracted from the current observation 
Xt . The differencing can be performed with the help 
of a difference operator ∇ , defined as ∇Xt = Xt − Xt−1 
where differencing order is 1, and ∇2Xt = ∇(∇Xt) 
where differencing order is 2, and so on.

An ARIMA model is generated by combining the 
three techniques, viz., autoregressive models, moving 
average models, and differencing. A general ARIMA 
model of the order (p, d, q) may be expressed as,

In the context of the present study, Xt and et repre-
sent pollutant and random error terms at time t, respec-
tively, while d represents the order of differencing.

In the following, we provide some definitions charac-
terizing transfer learning. The way of its implementation 
in building the proposed deep TL model is explained in 
sub-section “Implementation of methodology.”

Transfer learning: some definitions

Transfer learning provides an improvement in learn-
ing in a new task through the transfer of knowledge 
from a related task that has already been learned 
(Torrey & Shavlik, 2010). The gain from such transfer 
of knowledge is particularly apparent whenever the 
data are ample in the source domain but scarce in the 
target domain. In this sub-section, some definitions 
characterizing transfer learning are given as follows:

Definition 1 (Lu et al., 2015): (Domain) A domain, 
which is denoted by D = {� ,P(X)} is composed of 
two components:

1)	 Feature space �
2)	 Marginal probability distribution  P (X) , where 

X = {x1, ..., xn) ∈ �  

Definition 2 (Lu et al., 2015): (Task) A task, which 
is denoted by T = {Y , f (⋅)} consists of two components:

(21)Xt = � + �1Xt−1 + �2Xt−2 + ..... + �pXt−p + et

(22)�(B)∇dXt = �(B)et

1)	 A label space Y = {y1, ..., ym} 
2)	 An objective predictive function f (⋅) which is not 

observed and can be learned by pairs {xi, yi} where 
xi ∈ X and yi ∈ Y

The function f (⋅) can be used to predict the corre-
sponding label, f (xi) , of a new instance xi . From a prob-
abilistic viewpoint, f (xi)  can be represented as P(yi|xi).

Definition 3 (Lu et  al., 2015): (Transfer learning) 
With notations of domain and task, the transfer learn-
ing (TL) is defined as follows:

Given a source domain  Ds and learning task Ts , 
and a target domain Dt and learning task Tt , TL aims 
to help improve the learning of the target predictive 
function ft(⋅) in Dt using the knowledge in Ds and  Ts  
where Ds ≠ Dt or Ts ≠ Tt.

In the above definition, the condition Ds ≠ Dt refers 
to either  �s ≠ �t or Ps(X) ≠ Pt(X) , i.e., the source and 
target domains have different feature spaces or marginal 
probability distributions. On the other hand, the condition 
Ts ≠ Tt means either Ys ≠ Yt or P(Ys|Xs) ≠ P(Yt|Xt) , 
i.e., the source and target domains have different label 
spaces or conditional probability distributions. If the 
TL improves the overall performance by using entirely 
Dt and Tt , the outcome is referred to a positive transfer. 
Otherwise, negative transfer occurs when the information 
learned from a source domain has a detrimental effect on 
a target learner.

Implementation of methodology

At the outset, the collected data during the period from 
2018 to 2021 are separated into three parts. These are 
the data from 1 January 2018 to 23 March 2020 as 
normal periods, the data from 24 March 2020 to 31 
May 2020 as complete lockdown periods, and the data 
from 1 June to 30 September 2020 as partial lockdown 
periods. Validation is done using the real-time data 
obtained during the lockdown due to COVID second 
wave (16 May–15 June 2021).

Proposed research framework

Prediction of air quality is a major challenge in early 
warning and control of urban air pollution. COVID-19 
lockdown has led to the short-term beneficial effects 
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on the environment where the concentration of pollut-
ants marks down significantly associated with reduced 
emissions from anthropogenic activities. Thus, the air 
quality data obtained during the pandemic situation 
is quite different with respect to both nature and size, 
with the size of the data being substantially smaller. 
The objective of the present study is to predict concen-
trations of air pollutants during the pandemic situation. 
Transfer learning makes use of the knowledge learned 
while solving one problem and applying it to a differ-
ent but related problem, so it does not need to learn 
from scratch. As a result, TL can address the most sig-
nificant issue even when there is a lack of well-labeled 
training data. So, in the said pandemic situation, it may 
be rational to employ the concept of transfer learning.

The overall research framework is illustrated in block 
diagram (Fig. 4). To address our research objectives, we 
have first identified the important pollutants (among 
nitrogen dioxide (NO2), sulfur dioxide (SO2), particu-
late matter or PM (PM10 and PM2.5), carbon monoxide 
(CO), ozone (O3), and benzene) affecting the air quality 
of Kolkata during the complete lockdown, partial lock-
down, and normal periods. This is done through rank-
ing of their importance using Random Forest classifier. 
The dataset has seven columns corresponding to above 
mentioned pollutants and several rows representing the 
number of observations during complete lockdown, par-
tial lockdown, and normal periods. The numbers of rows 
during complete lockdown, partial lockdown, and nor-
mal periods are 69, 122, and 813, respectively. Table 1 
depicts the statistical characteristics of pollutants during 
the complete lockdown, partial lockdown, and normal 
periods. The coefficient of variation (CV) is the ratio of 
the standard deviation to the mean of a dataset and is a 
measure of precision. Thus, the lower the CV, the more 
precise the values (Table 1).

After obtaining the most effective pollutants to assess 
the air quality during the mentioned time periods, we 
propose a new air quality forecasting framework that 
can learn the temporal dependencies of multivariate air 
quality-related time series data and forecast the concen-
tration of that pollutant. The input matrices are prepared 
with the data of ten parameters including air temperature 
(°C), maximum and minimum air temperature (°C), dew 
point temperature (°C), daily precipitation (mm), relative 
humidity (%), visibility(km), wind speed (kmph), air pres-
sure (hPa), and AOD. So, there are four types of datasets 
for four different periods, viz., normal periods, complete 
lockdown, partial lockdown, and validation. The columns 

of the dataset represent the above-mentioned input param-
eters (total ten columns), and the rows represent the num-
ber of observations during the four periods. The numbers 
of rows during normal periods, complete lockdown, par-
tial lockdown, and validation are 813, 69,122, and 31, 
respectively. It is clear from the dataset that the number 
of observations during complete lockdown, partial lock-
down, or validation is smaller than that of the normal 
periods. Our objective is to predict the concentrations of 
most effective pollutant as the output class.

The learning process for prediction (forecasting) of 
the concentration of air pollutants involves the follow-
ing steps:

1)	 First, train the deep learning model, i.e., stacked-
BDLSTM, with the data of normal periods, which 
is a large source dataset of 2 years.

2)	 This pre-trained model is then applied to the target 
datasets by changing the layers of stacked-BDLSTM 
(Fig. 9) and then fine-tuning the model. The target 
dataset comprises the data during complete lock-
down of about 2 months (case study 1) and partial 
lockdown of about 4 months (case study 2) in 2020 
for COVID-19 pandemic. The size of these data-
sets is comparatively much smaller than those of 
the source data of the normal periods. The resulting 
model thus obtained is called transfer learning-based 
stacked-bidirectional long and short-term memory 
(TLS-BDLSTM) model. This is practically a super-
vised model where a deep learning architecture is 
used to demonstrate the effectiveness of transfer 
learning. This model may be used for forecasting.

3)	 Finally, the TLS-BDLSTM is validated with real-
time data with the multi-step prediction of air pol-
lutants during validation time which is the com-
plete lockdown period due to the COVID second 
wave (16 May–15 June 2021).

Implementation of different ML and statistical models

As mentioned before, the performance of the proposed 
TLS-BDLSTM model has been compared with dif-
ferent popular ML methods, viz., SVM, KNN, MLP, 
LSTM, and statistical model ARIMA in a part of the 
investigation. For implementing these ML and statis-
tical models, their architectures are chosen through 
trial and error during the training over normal peri-
ods. We have used the architecture that produces the 
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Fig. 4   Block diagram of proposed research framework with transfer learning for prediction of the concentration of air pollutants over Kolkata
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best outcomes in terms of error (RMSE/MAE) in this 
investigation. We have applied these optimum models 
throughout our study periods, i.e., during the complete 
lockdown, partial lockdown, normal periods, and dur-
ing the time of validation. For example, the structure 
of MLP model which is found best here (Table  2) is 
10: 10–6-1:1, i.e., 10 inputs with a single hidden layer 
having 6 nodes and a single output. There are many 
guidelines for determining the number of hidden layers 
and the correct number of neurons to use in the hidden 
layers (Chaudhuri et al., 2015; Mitra et al., 1996). The 
number of hidden layers in practical problems does not 
exceed two, and the number of hidden neurons should 
be between the sizes of the input and the output layers.

For KNN, we experimented with k = 1, 3, 5, 7, and √
n (where n denotes the number of training samples) 

(Pal et al., 2012), and we have found that k = 5 is the 
best for prediction (Table  3). Similarly, ARIMA (2, 
1, 2) model, i.e., ARIMA (p, d, q) model with p = 2, 
the number of autoregressive terms, d = 1, the degree 
of differencing and q = 2, and the number of moving 
average terms, shows the optimum result, and there-
fore, it is taken for our study (Table 4).

For SVM model, RBF (radial basis function) was 
adopted as the kernel function because it can map input 
vectors into a high-dimensional feature space in a non-
linear fashion. Hence, it has the ability to model com-
plicated non-linear relationships. During SVM model 
selection, the determination of the optimal combination 
of C and gamma is highly important in order to build 
high-performance regression models. C is the regulari-
zation parameter that controls the degree of empirical 
error in optimization problems, and gamma is the RBF 
kernel parameter that significantly affects the gener-
alization ability of SVM. During the development of 
the SVM model, the optimal pairwise C and gamma 
were identified using the fivefold cross-validation and 
grid search methods. We have examined C value with 
C = 0.1, 1, 10, 100, and 1000 and gamma value with 1, 
0.1, 0.01, 0.001, and 0.0001 during investigation. The 
optimal values found of these two parameters are C = 10 
and gamma = 0.0001. Table  5 depicts that for LSTM 
model, the number of hidden layers considered was one 
with 64 hidden neurons. The learning rate was set to 
0.001, while the epoch was set to 200 using Adam Opti-
mizer. For stacked-BDLSTM model, we have chosen 

Table 1   Statistical characteristics of pollutants during the complete lockdown, partial lockdown, and normal periods

Pollutants Complete lockdown Partial lockdown Normal periods

Average Standard 
deviation

Coefficient 
of variation 
(CV)

Average Standard 
deviation

Coefficient 
of variation 
(CV)

Average Standard 
deviation

Coefficient of 
variation (CV)

PM2.5 (µg/m3) 23.05 13.15 57.03 18.69 6.86 36.71 92.85 22.93 24.69
PM10 (µg/m3) 45.41 18.30 40.29 50.64 11.81 23.32 174.05 38.85 22.32
NO2 (µg/m3) 10.32 3.67 35.64 28.80 9.63 33.45 57.18 12.94 22.64
SO2 (µg/m3) 6.83 2.35 34.43 5.89 1.59 27.10 12.08 2.26 18.75
Benzene (µg/

m3)
1.67 0.88 52.69 3.32 5.37 161.57 9.03 4.12 45.66

CO (mg/m3) 0.25 0.07 31.01 0.32 0.39 120.18 0.89 0.33 37.62
O3 (µg/m3) 36.44 16.95 46.52 35.69 16.07 45.03 35.85 10.98 30.63

Table 2   MLP model 
performances for 
predicting PM10 and PM2.5 
concentrations during 
training (optimal MAE and 
RMSE values are indicated 
in bold)

MLP PM2.5 PM10

MAE RMSE Time (min) MAE RMSE Time (min)

MLP (10: 10–4-1:1) 17.01 22.97 02:36 32.76 41.94 02:36
MLP (10: 10–6-1:1) 15.58 20.30 02:36 31.72 40.11 02:37
MLP (10: 10–4-4–1:1) 18.97 24.92 02:38 32.03 40.89 02:38
MLP (10: 10–6-6–1:1) 17.26 23.08 02:38 36.66 45.92 02:38
MLP (10: 10–4-4–4-1:1) 33.67 40.29 02:39 50.62 58.02 02:39
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three bidirectional LSTM layers, each having 64 hidden 
neurons. The learning rate was set to 0.001, while the 
epoch was set to 300 using Adam Optimizer (Table 5).

Three phases of comparison of different models

To further assess the effectiveness and performance 
of the TLS-BDLSTM model, a detailed comparative 
study is made in its three junctures (points) with some 
supervised conventional ML models, like support vector 
machine (SVM), K-nearest neighbor classifier (KNN), 
multilayer perceptron (MLP), long short-term memory 
(LSTM), and statistical model autoregressive integrated 
moving average (ARIMA). These three junctures are 
(1) output of stacked-BDLSTM (normal periods), (2) 
output of TLS-BDLSTM (case studies 1 and 2 in the 
complete and partial lockdowns), and (3) output of TLS-
BDLSTM (validation period). It may be mentioned that 
during case studies 1 and 2, and validation, the output 
of TLS-BDLSTM is also compared with pre-trained 
stacked-BDLSTM. The objective is to demonstrate the 
effectiveness of both deep learning and transfer learning 
separately with respect to conventional machine learning 
and statistical techniques and the relevance in using TL 
over DL to improve the performance of the latter.

While comparing, the input variables are kept the 
same for all ML models during the three above-men-
tioned periods, viz., normal periods, complete and partial 
lockdowns, and during validation with real-time data. It is 
mentioned in the sub-section “Autoregressive integrated 

moving average (ARIMA)” that the statistical ARIMA 
model predicts the current value of the time series using 
a linear combination of past values and innovations. It is 
applied similarly in the above-mentioned time periods. 
Furthermore, all the models have the same training and 
validation sets during different study periods.

Performance indices

We have implemented three indicators, namely, root mean 
square error (RMSE), mean absolute error (MAE), and 
R2 (or coefficient of determination) which are used to 
interpret the experimental results as follows:

The predicted, observed, and mean values of the 
parameter are denoted by ŷ , y , and y , respectively, and 
n is the number of cases (observations). RMSE shows 
the gap between the observed value and the predicted 
value, and it is highly sensitive than other metrices to 
the occasional large error. MAE is effective and unam-
biguous estimation of average error and indicates the 

(27)RMSE =

√
1

n

∑n

i=1
(̂yi − yi)

2

(28)MAE =
1

n

∑n

i=1
||yi − ŷi

||

(29)R2 = 1 −

∑n

i=1
(yi−ŷi)

2

∑n

i=1
(yi − y)2

Table 3   KNN model 
performances for 
predicting PM10 and PM2.5 
concentrations during training 
(optimal MAE and RMSE 
values are indicated in bold)

KNN PM2.5 PM10

MAE RMSE Time (min) MAE RMSE Time (min)

KNN (K = 1) 23.19 29.02 02:55 36.79 48.54 02:55
KNN (K = 3) 22.78 27.89 02:55 35.04 47.92 02:55
KNN (K = 5) 21.68 26.69 02:55 33.91 45.05 02:55
KNN (K = 7) 22.59 28.93 02:55 35.23 48.39 02:56

KNN (K = 
√
n) 25.62 31.02 02.58 39.53 51.90 02:59

Table 4   ARIMA 
model performances for 
predicting PM10 and PM2.5 
concentrations during 
training (optimal MAE and 
RMSE values are indicated 
in bold)

ARIMA (p, d, q) PM2.5 PM10

MAE RMSE MAE RMSE

ARIMA (1, 1, 1) 22.87 30.01 35.90 44.90
ARIMA (0, 2, 2) 20.07 26.59 34.66 42.22
ARIMA (2, 1, 2) 19.13 27.31 33.01 41.95
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robustness of models. The coefficient of determination, 
R2 statistic, assesses prediction performance of a statis-
tical model. It illustrates the proportion of variance in 
the outcome variable that is determined by the forecast.

Results and discussion

Here we explain in detail the performance of our pro-
posed models. This includes the selection of significant 
pollutants affecting the air quality through ranking, 
demonstrating the impact of various meteorological 
parameters in forecasting, prediction efficiency of the 

TLS-BDLSTM, and a comparative study with various 
conventional ML and statistical models.

Selection‑based ranking of pollutants

Random Forest, as explained in the sub-section “Ran-
dom Forest algorithm,” is one of the most powerful 
machine learning algorithms in modern times which 
is built on decision trees. Decision tree is known for 
its ability to select the most “important” features from 
many features while ignoring irrelevant ones. Fur-
thermore, decision trees provide an explicit model 
describing the relationship between features and pre-
dictions, which makes the model interpretation easier. 
As an ensemble of trees, the Random Forest inherits 
the capacity to select an “important” feature.

Here we present the classification-based ranking 
of pollutants using Random Forest classifier during 
normal periods, complete lockdown, and partial lock-
down at an interval of 24  h. The dataset is divided 
into two parts, viz., 75% for training data and 25% 
for testing data, to see the accuracy of the classifica-
tion results. In the development of Random Forest 
model, we have tuned hyperparameters for maximum 
performance. We have used grid search method from 
sklearn using python to tune our hyperparameters and 
calculate the model performance for each combina-
tion by using five-fold cross validation. We have tuned 
two hyperparameters, namely, n_estimators (number 

Table 5   LSTM and stacked-BDLSTM model performances for predicting PM10 and PM2.5 concentrations during training (optimal 
MAE and RMSE values are indicated in bold)

Models Hidden 
neurons (in 
each layer)

Learning 
rate

Epoch PM2.5 PM10

MAE RMSE Time (min) MAE RMSE Time 
(min)

LSTM 10 0.001 200 12.37 20.09 03:09 28.00 37.25 03:09
32 0.001 200 11.98 18.70 03:10 26.88 34.95 03:09
64 0.001 200 11.00 17.67 03:10 26.19 34.29 03:10
10 0.001 300 12.50 20.01 03:10 27.02 35.35 03:11
32 0.001 300 11.59 19.89 03:11 26.50 34.63 03:11
64 0.001 300 13.16 21.33 03:11 29.79 38.08 03:12

Stacked-
BDLSTM

10 0.001 200 13.37 20.34 05:58 20.23 30.84 06:01
32 0.001 200 10.89 18.85 05:58 17.09 28.80 06:02
64 0.001 200 11.55 18.07 06:00 16.72 26.49 06:02
10 0.001 300 12.68 17.91 06:02 15.90 25.21 06:04
32 0.001 300 12.15 17.28 06:01 16.45 25.82 06:06
64 0.001 300 10.49 16.99 06:03 15.72 24.35 06.05

Table 6   Spearman rank order correlation of 24 h before input 
values with concentration of PM2.5 and PM10 on current day

Inputs Output

PM2.5 PM10

Air temperature (°C) 0.56 0.57
Maximum temperature (°C) 0.49 0.58
Minimum air temperature (°C) 0.28 0.44
Dew point temperature(°C) 0.11 0.10
Daily precipitation (mm)  − 0.46  − 0.31
Relative humidity (%) 0.12  − 0.55
Visibility(km)  − 0.77  − 0.72
Wind speed (kmph)  − 0.09  − 0.08
Air pressure(hPa) 0.33 0.22
AOD 0.19 0.18
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of trees in the forest) and max_depth (max number 
of levels in each decision tree), during our investiga-
tion. The values of these parameters are chosen as fol-
lows: n_estimators (10, 100, 200, 300, 500, and 1000) 
and max_depth (10, 50, and 100). The best estimator 
method produces a model with the best performance 
parameters, which in this case is max_depth = 100 
and n_estimators = 1000. Our subsequent investigation 
is done with this tuned model. Figure 5 provides the 
pollutants’ importance that highly influences the air 
quality of Kolkata during the three mentioned periods. 
PM10 concentration in air is ranked as the most impor-
tant air pollutant throughout complete lockdown and 
partial lockdown; however, the concentration of PM2.5 
shows the most dominant parameter during normal 
periods (Fig. 6).

One may note that PM10 is contributed significantly 
by vehicles, road dust followed by secondary inor-
ganic aerosols, domestic and commercial combustion, 
and construction activity. On the other hand, domestic 
and commercial combustion activities, cars, road dust, 
open burning, secondary inorganic aerosols, and agri-
cultural and industrial activities all make a substantial 
contribution to PM2.5. Thus, from Fig.  6, it is found 
that particulate matter or PM (PM10 and PM2.5) is the 
effective parameter of air quality of Kolkata through-
out the study period. Both PM10 (particulate matters 
with a diameter of 10 microns or less) and PM2.5 (par-
ticles that have diameter 2.5 microns or less) can pene-
trate the respiratory system; however, atmospheric par-
ticulate matter PM2.5 which is about 3% the diameter 
of a human hair is more harmful because it travels deep 
into the lungs and causes a wide range of respiratory 
diseases, including cancer.

PM2.5 has been identified as the primary cause of the 
adverse cardiovascular effects of air pollution on human 
health, based on various epidemiological research and 
significant clinical observations (Brook et  al., 2010; 
Pope et  al., 2004; Sun & Ulintz, 2016). Commercial 
vehicles of more than 15  years old mainly are driven 
by diesel and poorly maintained still playing in Kolkata 
Metropolis. The solid material in diesel exhaust with 
less than 1 µm in diameter is a fraction of particulate 
matter PM2.5. In Kolkata this fine particulate matter 
PM2.5 mainly comes from vehicle (25%) and second-
ary aerosols (32%) (CSIR-NEERI, 2019). It is apparent 
from our observation that the concentration of PM10 
is consistent during the partial lockdown and normal 
periods and slightly variable in the time of complete 

lockdown. On the other hand, PM2.5 concentration is 
highly variable during the complete lockdown period as 
its coefficient of variation value is very high compara-
tive to other pollutants (Table 1).

From Fig. 6, it can be further depicted that the fea-
ture importance ranking of PM2.5 decreases from par-
tial lockdown to complete lockdown as compared to 
normal periods. So, it can be delineated that PM2.5 is 
a very significant pollutant during the normal periods 
and the effect of the lockdown on PM2.5 is the most sig-
nificant for Kolkata. A decline was seen for PM2.5 with 
concentration falling by 40% and 75% in the first and 
second phases of lockdown respectively, against pre-
lockdown levels (CPCB, 2020). This could be attrib-
uted to the absence of non-essential vehicles and com-
bustion activities in industrial as well as commercial 
areas and restrictions on construction activities along 
with reduced dust resuspension. On the other hand, 
thermoelectric power plant and factories maintained 
their activities during the pandemic. So, it is clear that 
fine particulate matter (PM), i.e., PM10 and PM2.5, is 
of greatest concern in Kolkata. Therefore, prediction of 
the concentration of PM2.5 and PM10, which contribute 
considerably to the air quality index (AQI), is essential 
to sustaining acceptable air quality levels and the pre-
vention of health risks associated with air pollution.

Impact of meteorological parameters

As stated earlier, in order to forecast the concentrations 
of most dominating pollutants, i.e., PM2.5 and PM10 
over Kolkata, the input matrices are prepared with the 
data of 10 meteorological parameters including air 
temperature (°C), maximum and minimum air tem-
perature (°C), dew point temperature (°C), daily pre-
cipitation (mm), relative humidity (%), visibility (km), 
wind speed (kmph), air pressure (hPa), and AOD, and 
the outputs are concentrations of PM10 (µg/m3) and 
PM2.5 (µg/m3). Meteorological parameters have a sig-
nificant impact on ambient air quality by influencing 
both directly and indirectly the emissions, transport, 
formation, and deposition of air pollutants. Therefore, 
the above data characteristics are crucial for forecast-
ing the concentrations of PM2.5 and PM10.

Table  6 displays Spearman rank-order correlations 
between 24 h before input values and the concentration 
of PM2.5 and PM10 on the current day. This reveals the 
potential of inputs for forecasting the target output. It is 
observed that the air temperature is positively correlated 
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with both PM2.5 and PM10. The photochemical reaction 
between precursors can be accelerated by a high temper-
ature. This is owing to the fact that particle formation is 
affected by temperature. The same findings are made in 
the case of maximum and minimum temperature.

The airborne fine particles near the ground act as 
a condensation nucleus for dew. Air pollution is most 
serious during haze and foggy weather due to the 
enhancement of the fraction of fine particulate matter. 
There is a weakly positive correlation of 0.11 and 0.10 
that was found in the case of dew point temperature 
with PM2.5 and PM10, respectively.

The relative humidity is positively correlated with 
PM2.5 (0.12) indicating that as relative humidity increases, 
so does PM2.5 concentration. Higher relative humid-
ity causes a weaker diffusion of PM2.5. As a result of 
this environment, the hygroscopicity of pollutants will 
increase, and the chemical transformation of pollutants 
will speed up, exacerbating the degree of air pollution (Li 
et al., 2017). But relative humidity is negatively correlated 
with PM10 (− 0.55) because it affects the natural deposition 
process of particulate matter. Moisture particles adhere to 
particulate matter. As humidity rises, the size of the par-
ticulate matter also increases owing to the accumulation of 
particulate matter concentration. Moisture particles grow 
to a point where dry deposition takes place and thus reduc-
ing the concentration of PM10 in the atmosphere.

Both PM2.5 and PM10 are negatively but very weakly 
correlated with wind speed. In calm weather, pollutants 
tend to accumulate. When the wind speed is high enough, 
it facilitates the migration of particulate matter and thus 
reduces the concentration. A positive correlation is found 
in atmospheric pressure with both PM2.5 and PM10 
because high pressure is associated with low atmospheric 
boundary layer height, and thus the vertical dispersion of 
air pollutants is restricted (Wu et al., 2017) (Table 6).

A significant strong negative correlation is found with 
visibility (− 0.77 and − 0.72, respectively) which means 
heavy air pollution causes lower visibility and vice versa. 
Precipitation effectively removes atmospheric particulate 
matter. Daily precipitation is seen to be negatively cor-
related with particulate matter PM2.5 and PM10 (− 0.46 
and − 0.31, respectively) which reveals that precipitation 
has a wet scavenging effect on these pollutants. PM2.5 and 
PM10 are found to be positive though weakly correlated 
with AOD. Both PM concentration and AOD indicate 

the turbidity of the atmosphere to some extent, and both 
depict part of the suspended matter in the atmosphere.

Autocorrelation of PM10 and PM2.5

Due to rapid urbanization, climate change, environmen-
tal degradation, or pandemics, air pollution patterns are 
changing, and it is influenced by several factors. Auto-
correlation is the crucial parameter that represents the 
linear relationship between lagged values of a time 
series. Figure  7 shows autocorrelation coefficients for 
the daily concentration of PM10 and PM2.5 with time lag. 
When the time lag is smaller, the autocorrelation coef-
ficient is stronger, and it shows a decreasing trend when 
the time lag increases. This reveals that the earlier con-
centrations have a weaker impact on the current con-
centration of PM (both PM2.5 and PM10), whereas PM 
concentrations closer to the current time have a stronger 
influence on PM concentration at the current time. When 
time lag is smaller than 4, autocorrelation coefficients are 
higher than 0.5 which depicts that PM concentrations are 
strongly correlated to each other. Though PM10 is heavier 
and thus tends to settle, PM2.5 remains suspended for 
longer. Thus, PM concentrations in the past few days will 
impact the observed data in the future.

Prediction performance and comparative study

One may note that the forecasting parameters of the 
proposed TLS-BDLSTM model are PM10 and PM2.5 
which were obtained by the Random Forest algorithm 
as the most significant air pollutants. As further evidence 
towards their significance, one may consider Fig. 8 which 
shows a remarkable change in concentration of PM10 and 
PM2.5 during the complete lockdown and partial lock-
down phases. Therefore, the prediction of the concentra-
tion of PM2.5 and PM10 and the relevance of using transfer 
learning therein are highlighted in our investigation.

The results obtained from different models for the 
prediction of the concentration of PM2.5 and PM10 
during normal periods and in case study 1 and case 
study 2 (during complete lockdown and partial lock-
down) are discussed as follows.

Normal periods

In the present study, we have used stacked-bidirectional 
LSTM (stacked-BDLSTM) for the prediction of concen-
tration of PM10 and PM2.5 during the normal periods in 

Fig. 5   Predictor importance of air quality over Kolkata during a 
complete lockdown, b partial lockdown, and c normal periods

◂
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Fig. 6   Important pollutants 
based on ranking using Ran-
dom Forest algorithm during 
the complete lockdown, par-
tial lockdown, and normal 
periods over Kolkata
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which data of 2 years have been analyzed. Table 7 depicts 
a comparative study of stacked-BDLSTM with other 
models (as mentioned in the sub-section “Three phases of 
comparison of different models”). The network (stacked-
BDLSTM) designed for time series forecast gives better 
performance as it has the lowest RMSE and MAE for 

prediction of concentration of PM2.5 (MAE is 10.49 and 
RMSE is 16.99) and PM10 (MAE is 15.72 and RMSE is 
24.35) during the normal periods with 24-h lead time. The 
superiority of stacked-BDLSTM over ordinary LSTM 
(e.g., MAE and RMSE are 11.00 and 17.67 for PM2.5 and 
26.19 and 34.29 for PM10, respectively) has been verified. 

Fig. 7   The autocorrelation coefficients of the concentrations of a PM2.5 and b PM10 with respects to different time lag values
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The superiority is because of the fact that the BDLSTM 
processes time-series information in two directions, both 
past and future, for each point in the time series and is 
capable of learning long-term dependencies. This indi-
cates that this model is effective at capturing long-term 
dependencies in time series that have an important impact 
on PM2.5 and PM10 concentrations. Furthermore, during 
normal periods, the two deep learning models, i.e., LSTM 
and stacked-BDLSTM, outperform the three traditional 

(shallow) learning models, viz., MLP, SVM, and KNN, 
and the statistical model ARIMA. Here the word “shal-
low” is meant in contrast to “deep” (Pal et al., 2019). One 
may note that, in the case of MLP, the values of MAE 
and RMSE are 15.58 and 20.30 for PM2.5 and 31.72 and 
40.11 for PM10, respectively. On the other hand, these val-
ues are 24.44 and 30.89 for PM2.5 and 43.46 and 50.55 
for PM10 respectively for SVM and 21.68 and 26.69 for 
PM2.5 and 33.91 and 45.05 for PM10 respectively for 

Fig. 8   PM2.5 and PM10 concentrations (μg/m3) over Kolkata from 1 December 2019 to 28 March 2021

Table 7   Stacked-BDLSTM 
model performance for 
predicting PM10 and PM2.5 
concentrations during 
normal periods

Period Models PM2.5 PM10

MAE RMSE MAE RMSE

Normal periods Stacked-BDLSTM 10.49 16.99 15.72 24.35
LSTM 11.00 17.67 26.19 34.29
MLP 15.58 20.30 31.72 40.11
ARIMA 19.13 27.31 33.01 41.95
SVM 24.44 30.89 43.46 50.55
KNN 21.68 26.69 33.91 45.05
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KNN. Similarly, MAE and RMSE values for statistical 
model ARIMA are 19.13 and 27.31 for PM2.5 and 33.01 
and 41.95 for PM10, respectively.

So, from the above discussion, it is clear that the 
prediction accuracy of SVM is the lowest for the pre-
diction of the concentrations of PM2.5 and PM10 dur-
ing normal periods. SVM is not acceptable for large 
data, and it will underperform in the cases where the 
number of features for each data point outstrips the 
number of training data specimens.

Case study 1 and case study 2

As mentioned earlier, a novel transfer learning approach 
was used to study the prediction accuracy in the time of 

complete lockdown (case study 1) and partial lockdown 
(case study 2) during pandemic situations when there is 
an exceptional change in concentrations of PM2.5 and 
PM10 than the normal periods (Fig.  8). At the same 
time, the training data is limited in case study 1 and 
case study 2 as compared to the normal periods. The 
architecture of TLS-BDLSTM is presented in Fig.  9 
which is obtained from our pre-trained deep learning 
model stacked-BDLSTM incorporating transfer learn-
ing. In the first layer of the new model, BDLSTM is 
used because it can make use of both forward and back-
ward information about the sequence at every time step, 
and temporal dependencies of input parameters can 
be apprehended during the learning process. For fur-
ther learning, the second BDLSTM network is used. 

Fig. 9   Proposed structure of TLS-BDLSTM with transfer learning for the study of pandemic situation

Table 8   TLS-BDLSTM 
model performance for 
predicting PM10 and 
PM2.5 concentrations with 
24-h lead time during 
pandemic situation

Period Models PM2.5 PM10

MAE RMSE MAE RMSE

Complete lockdown TLS-BDLSTM 2.56 6.13 2.47 5.24
Stacked-BDLSTM 4.89 8.82 5.51 11.22
LSTM 5.62 9.09 8.99 13.43
MLP 6.04 10.57 11.02 15.33
ARIMA 7.10 9.45 7.75 11.33
SVM 6.81 8.90 9.17 12.69
KNN 9.66 18.49 12.07 15.21

Partial lockdown TLS-BDLSTM 3.79 5.02 7.59 9.49
Stacked-BDLSTM 4.63 6.52 8.00 10.22
LSTM 5.01 6.86 8.34 11.17
MLP 5.16 7.05 8.65 11.50
ARIMA 5.02 6.90 9.31 12.27
SVM 4.98 6.70 9.16 11.97
KNN 6.71 8.84 12.85 16.08
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The dense layer is incorporated at the top for output-
ting the desired prediction. For optimization of param-
eters, we have used two dropout layers with probability 
0.5 between our BDLSTM layers to avoid over-fitting. 
Each of the BDLSTM layer is equipped using 128 hid-
den neurons for learning the temporal features. The 
learning rate is set to 0.001, and the epochs are set to 
300 using Adam Optimizer. The adaptive moment esti-
mation (Adam) algorithm is used to replace stochastic 

gradient descent (SGD) to update the weights to get 
higher accuracy (Guo et  al., 2020). The error in fore-
casting the concentrations of PM2.5 and PM10 during 
the complete lockdown (case study 1) and partial lock-
down (case study 2) using this deep TL model, TLS-
BDLSTM, is estimated.

The MAE and RMSE with 24-h lead time are 
observed to be 2.56 and 6.13 for PM2.5 concentrations 
during the complete lockdown and 3.79 and 5.02 dur-
ing partial lockdown with TLS-BDLSTM. The MAE 
and RMSE using TLS-BDLSTM for the prediction of 
PM10 concentrations are 2.47 and 5.24 during complete 
lockdown and 7.59 and 9.49 for partial lockdown with 
24-h lead time. Table 8 shows that with transfer learning 
approaches, TLS-BDLSTM shows better prediction than 
stacked-BDLSTM without transfer learning during the 
COVID pandemic for both the case study periods. Using 
stacked-BDLSTM, the MAE and RMSE for PM2.5 and 
PM10 concentrations during complete lockdown are 
4.89 and 8.82, respectively, and 5.51 and 11.22, respec-
tively. Similarly, the MAE and RMSE for PM2.5 and 
PM10 concentrations during partial lockdown are 4.63 
and 6.52, respectively, and 8.00 and 10.22, respectively, 
using stacked-BDLSTM model with a 24-h lead time. 
Thus, the major finding is that the knowledge gained 
from the previous study could result in a fair measure 
of accuracy for the prediction of mostly affected pollut-
ants PM2.5 and PM10. Therefore, fine-tuning and chang-
ing layers of the pre-trained model provide a significant 
benefit leading to higher accuracy during the pandemic 
situations with a shortage of data and change in concen-
tration of pollutants. The results from Table  8 further 
reveal the superiority of the TLS-BDLSTM model over 
the other four supervised machine learning models, like 
SVM, KNN, MLP, and LSTM, as well as statistical time 
series forecasting model ARIMA. Thus, consistency is 
also maintained by TLS-BDLSTM during the complete 

Table 9   Computational time for prediction by different machine 
learning models during normal periods, complete lockdown, and 
partial lockdown

Period Models Time 
(min) for 
PM2.5

Time 
(min) for 
PM10

Normal periods Stacked-
BDLSTM

06:03 06.05

LSTM 03:10 03.10
MLP 02:36 02:37
SVM 02:12 02:11
KNN 02:55 02:55

Complete 
lockdown

TLS-BDLSTM 01:10 01:10
Stacked-

BDLSTM
01:22 01:21

LSTM 00:53 00:53
MLP 00:33 00:35
SVM 00:31 00:30
KNN 00.36 00.36

Partial lockdown TLS-BDLSTM 01:39 01:40
Stacked-

BDLSTM
01:57 01:57

LSTM 01:09 01:09
MLP 00:49 00:49
SVM 00:43 00:45
KNN 00:50 00:50

Table 10   TLS-BDLSTM 
model performance for 
the multi-step prediction 
of PM2.5 concentrations 
during validation

Models MAE RMSE

24 h 48 h 72 h 96–120 h 24 h 48 h 72 h 96–120 h

TLS-BDLSTM 3.52 4.21 5.39 8.10 4.59 5.40 7.81 12.41
Stacked-BDLSTM 4.22 5.25 7.48 11.44 5.53 6.99 10.94 15.42
LSTM 4.87 5.73 9.05 13.14 6.78 7.53 11.98 14.97
MLP 6.47 7.87 9.22 17.21 8.33 14.86 12.96 21.87
ARIMA 7.29 8.52 12.56 17.25 9.97 11.95 15.88 23.10
SVM 6.51 8.79 11.38 13.36 7.88 9.15 13.15 15.82
KNN 4.45 7.47 8.22 19.88 5.64 9.03 11.12 23.35
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lockdown and partial lockdown (Table  8). This signi-
fies the necessity to use and apply a transfer learning 
approach to improve prediction accuracy.

Table  8 also shows the comparative study of dif-
ferent ML and statistical models where it is found that 
KNN shows the poorest performance in prediction 

of PM2.5 and PM10 during pandemic situations, i.e., 
complete lockdown and partial lockdown periods. As 
it is mentioned in the sub-section “K-nearest neigh-
bor (KNN) classifier” that KNN needs to be carefully 
tuned, the choice of K and the metric (distance) to be 
used are critical. On the other hand, KNN works well 

Table 11   TLS-BDLSTM 
model performance for 
the multi-step prediction 
of PM10 concentrations 
during validation

Models MAE RMSE

24 h 48 h 72 h 96–120 h 24 h 48 h 72 h 96–120 h

TLS-BDLSTM 5.30 7.63 8.79 16.55 7.32 10.37 13.18 25.11
Stacked-BDLSTM 5.80 8.60 9.86 18.13 7.98 10.61 13.99 25.66
LSTM 6.37 9.37 11.34 19.05 9.08 11.95 14.99 26.35
MLP 8.26 10.44 13.79 19.18 11.66 13.92 17.29 28.56
ARIMA 9.77 12.15 19.60 22.71 13.12 22.09 24.96 27.86
SVM 8.72 10.80 12.78 18.38 11.09 12.47 14.90 28.09
KNN 6.98 8.78 13.95 44.71 9.39 12.79 16.11 47.66

Fig. 10   The diagram shows 
actual and predicted values 
of a PM2.5 and b PM10 con-
centrations during valida-
tion period
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with the small number of input variables but as the 
numbers of variables grow, KNN algorithm struggles to 
predict the output of new data points. The performance 
of LSTM, MLP, SVM, and ARIMA varies during the 
above-mentioned two case study periods, so no further 
inference is drawn from the results. The computational 
time of these models during complete lockdown, partial 
lockdown, and normal periods, corresponding to above-
mentioned prediction accuracies in Tables 7 and 8, are 
shown in Table 9.

Validation

Validation of TLS-BDLSTM is executed with real-time 
data of complete lockdown, 2021, when the devastat-
ing second wave of coronavirus hit the country. This is 
a short time data with 1 month from 16 May–15 June 
2021. During validation, we analyze the performance 
of our proposed model, i.e., TLS-BDLSTM, with the 

multi-step prediction of PM2.5 and PM10 concentra-
tions using real-time data. The errors in predicting the 
concentrations with our proposed approach and other 
algorithms with 24  h, 48  h, 72  h, and 96–120-h lead 
time are computed. The prediction results from TLS-
BDLSTM and six other models in terms of MAE and 
RMSE are compared in Tables 10 and 11, where sev-
eral interesting observations are found. TLS-BDLSTM 
outperforms the other models when it comes to both 
PM2.5 and PM10 multi-step prediction performance.

The result shows that the forecast errors (MAE and 
RMSE) with the TLS-BDLSTM model in estimating 
the concentration of PM2.5 during validation are 3.52 
and 4.59 (for 24-h lead time), 4.21 and 5.40 (for 48-h 
lead time), 5.39 and 7.81 (for 72-h lead time), and 8.10 
and 12.41 (96–120-h lead time) (Table  10). While in 
forecasting PM10 concentrations during validation, the 
forecast errors (MAE, RMSE) with the TLS-BDLSTM 
are 5.30 and 7.32 (for 24-h lead time), 7.63 and 10.37 

Fig. 11   The mean absolute 
error (MAE) and root mean 
square error (RMSE) for 
prediction of a PM2.5 and b 
PM10 concentrations using 
TLS-BDLSTM during 
validation time
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(for 48-h lead time), 8.79 and 13.18 (for 72-h lead time), 
and 16.55 and 25.11 (96–120-h lead time) (Table 11). 
For PM10, 24-h prediction results of TLS-BDLSTM 
and stacked-BDLSTM are comparable (Table  11); 
however, with the increase in time, TLS-BDLSTM 
shows better performance than stacked-BDLSTM. The 
performance accuracy of traditional models, like MLP, 
SVM, KNN, and ARIMA, is comparatively lower than 
the deep learning models, like TLS-BDLSTM, stacked-
BDLSTM, and LSTM. However, TLS-BDLSTM with 
transfer learning consistently outperforms the other 
methods in modeling long-term dependency for effec-
tive prediction of the concentration of PM2.5 and PM10. 
The scatter plot of observed and predicted values of 
PM2.5 and PM10 through TLS-BDLSTM model with 
24-h lead time is shown in Fig. 10, and the results are 
quite satisfactory, as the R2 values are 0.89 and 0.88 for 
PM2.5 and PM10, respectively.

When comparing the other models, it is found that 
maximum error in terms of MAE and RMSE is observed 
in the case of KNN with 96–120-h prediction. So, it 
may be inferred that KNN fails to predict the long-term 
dependency in multivariate time series data. From the 
rest of the models, no unique inferences are reached. 
However, the performance of all models deteriorates as 
the time to predict becomes longer. Figure 11 depicts the 
MAE and RMSE for the prediction of the concentrations 
of PM2.5 and PM10 during validation time using TLS-
BDLSTM where it is observed that the forecast error of 
the model increases as the lead time increases. Further-
more, it is found that our model TLS-BDLSTM shows 
the minimum prediction error (RMSE and MAE) and 
maintains consistency in terms of best performance as 
the prediction time step increases when compared with 
other existing models (Tables  10 and 11). Therefore, 
TLS-BDLSTM with transfer learning can effectively 
learn long-term temporal dependency of multivariate 
time series data and has the best accuracy.

Conclusions

Kolkata metropolitan city, although not as polluted 
as Delhi, is still emerging as the second most polluted 
metro city of India (WHO, 2018). Like other metro cit-
ies, Kolkata has recognized several issues that contribute 
to air pollution. The coronavirus pandemic (COVID-
19) unfolds unexpectedly around the world in early 
2020, altering anthropogenic activities permanently. 

Lockdown because of COVID-19 substantiates a “sil-
ver lining in the dark clouds” when the concentrations 
of air pollution have come down beneath their permis-
sible limits which had been unusual in current previous 
and an uncommon expectation in the future too. During 
the lockdown period, the improved air quality standard 
ensures a healthy environment in Kolkata.

In the present study, we identify the most impor-
tant air pollutants influencing the air quality of Kol-
kata during three aforesaid different periods where it 
is observed that PM2.5 and PM10 are the main pollut-
ants of Kolkata. The effect of the lockdown on PM2.5 
is the most significant which come up within the air 
of Kolkata due to diesel-driven vehicles, domestic 
and commercial combustion activities, road dust, and 
open burning. During the investigation, transfer learn-
ing is incorporated in the deep learning (DL) network 
(viz., stacked-bidirectional LSTM) to learn during 
the normal periods and forecast for concentrations 
of PM2.5 and PM10 during the pandemic situation of 
two cases such as complete lockdown (case study 1) 
and partial lockdown (case study 2). This deep trans-
fer learning-based model (TLS-BDLSTM) shows the 
least amount of forecast error in terms of RMSE and 
MAE for both the concentrations of PM2.5 and PM10 
than other machine learning, statistical models, and 
even stacked-BDLSTM without transfer learning.

The results obtained from TLS-BDLSTM reveal 
the following: the MAE and RMSE with 24-h lead 
time are respectively 2.56 and 6.13 for PM2.5 concen-
trations and 2.47 and 5.24 for PM10 concentrations 
during the complete lockdown. The same during par-
tial lockdown are 3.79 and 5.02 for PM2.5 concentra-
tions and 7.59 and 9.49 for concentrations of PM10. 
The forecast errors all through real-time validation 
are minimum. During the validation with 24-h lead 
time, the MAE and RMSE are respectively 3.52 
and 4.59 for PM2.5 and 5.30 and 7.32 for PM10. The 
observed and predicted concentrations during valida-
tion are quite acceptable, as the correlations are fairly 
high with R2 values of 0.89 and 0.88 for PM2.5 and 
PM10, respectively. The model has superior forecast-
ing ability not only in single step but also in multi-
step for the prediction of the concentrations of both 
PM2.5 and PM10 as compared to other approaches. 
The accuracy of the model, as expected, decreases as 
time to forecast becomes longer.

Forecast of short-term air quality can give accurate 
information about impending air pollution episodes and 
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to make the general people more aware of the potential 
changes in their city’s air quality. Thus, it will be possible 
to implement the necessary mitigation strategies and take 
systematic action to improve the air quality and handle 
any associated health problems. Our proposed approach 
contributes to the above. The findings of our study help 
to increase the citizen awareness regarding how air pol-
lution changes during different phases of lockdown and 
normal periods, resulting in significant consequences.

Traditionally, machine learning (ML) performance 
depends on a large amount of training data. ML-based 
predication relies on one crucial assumption: the train-
ing and testing data are chosen from the same distri-
bution. In many real-world problems, however, this 
assumption may not always hold true. As a result, most 
traditional machine learning algorithms face three major 
challenges: insufficient data, incompatible computation 
power, and distribution mismatch. The same is true for 
deep learning (DL) which is an advanced form of ML. 
Transfer learning (TL) has been able to address these 
issues in many critical application areas in case of insuf-
ficient well-labeled training data. Here, the time and the 
computational resources required to train a model are 
also considerably reduced, since pre-learned knowledge 
is reused. In our study concerning COVID-19 pandemic 
data, the size of labeled pollution data available dur-
ing COVID lockdown periods is considerably smaller 
than that of normal period. Further, one may note that 
the prediction accuracy of pollutants  PM2.5  and PM10 
gets significantly affected due to the complexity in their 
characteristics, such as non-linear properties in time 
and space. TL approach is found here to be a reliable 
and suitable technique for air quality forecasting in the 
course of the remarkable change in concentrations of 
pollutants and data shortage. Therefore, the operational 
organizations can use it as an additional model along 
with the conventional ones for prediction of air quality.

The present investigation has certain concerns 
because of some assumptions made, and these may lead 
to several scopes for future research in the areas we have 
highlighted. (1) TL considers that the target and source 
domains are different but related; some common instances 
or attributes can be transferred between domains. How-
ever, it prevents TL from being used in situations when 
the source and the target are only loosely connected. (2) 
Negative transfer occurs when there is a larger domain 
discrepancy. There are no specific standards on which 
tasks are related or how algorithms can determine which 

tasks are related, thereby making the problem of negative 
transfer difficult to solve. (3) Detailed source apportion-
ment study of air pollutants is not considered in the pre-
sent study. Our findings encourage further research into 
combining these approaches.

Further, in the present study, we only considered the 
applications of some AI and ML techniques, although 
there exist several numerical models and fused (inte-
grated) AI techniques. Studying them in the light of 
TL may be explored in the future. Similarly, some judi-
cious integration between these ML techniques and 
other modern uncertainty handling models, say, soft 
computing paradigm, may be attempted. Moreover, in 
the present study, we have selected a deep architecture 
to be used for transfer learning; one may go for any 
other conventional ML algorithms, depending on the 
requirements and problems, to result in a suitable ML-
based transfer learning model. As a whole, transfer 
learning broadens the scope of deep learning applica-
tions in the area of air quality prediction. Although our 
study focuses on the COVID‐19 pandemic, the reliabil-
ity of our predictions supports the concept that trans-
fer learning-based modeling can quantify the impact 
of any event on air pollution. In addition, the proposed 
approach developed for Kolkata can be used for study-
ing the same in any other urban city.
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