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Abstract: Air quality data sets are widely used in numerous analyses. Missing values are ubiquitous
in air quality data sets as the data are collected through sensors. Recovery of missing data is a
challenging task in the data preprocessing stage. This task becomes more challenging in time series
data as time is an implicit variable that cannot be ignored. Even though existing methods to deal
with missing data in time series perform well in situations where the percentage of missing values
is relatively low and the gap size is small, their performances are reasonably lower when it comes
to large gaps. This paper presents a novel algorithm based on seasonal decomposition and elastic
net regression to impute large gaps of time series data when there exist correlated variables. This
method outperforms several other existing univariate approaches namely Kalman smoothing on
ARIMA models, Kalman smoothing on structural time series models, linear interpolation, and mean
imputation in imputing large gaps. However, this is applicable only when there exists one or more
correlated variables with the time series with large gaps.

Keywords: missing mechanism; time series

1. Introduction

Air quality is one of the environmental determinants of population health. Exposure to
poor air quality is associated with numerous adverse health effects. Studies have shown that
exposure to particulate and gaseous pollutants may lead to increased risk of cardiovascular
and respiratory morbidity and mortality [1–4]. Common air pollutants include carbon
monoxide (CO), nitrogen oxide (NO), nitrogen dioxide (NO2), ozone (O3), sulfur dioxide
(SO2), and particulate matter less than 2.5 µm (PM2.5) and 10 µm (PM10) in aerodynamic
diameter. Analyses of these pollutants play an important role in managing and mitigating
adverse health effects due to poor air quality.

Measurements of air quality variables (pollutants) are recorded using environmental
sensors. Data collected through sensors often exhibit missing data due to failures of the
devices. Most of the analysis techniques rely on complete data sets. For example, in time
series, some of the methods for decomposing a time series would not work with missing
data. Therefore, dealing with missing values plays an inevitable role in prepossessing air
quality data sets. Unless carefully dealt with, missing values may introduce a substantial
bias for the analysis. The most desired thing is to have a complete data set for the required
analysis. However, in reality, this is often not the case.

There are three types of missing mechanisms namely Missing Completely at Ran-
dom (MCAR), Missing at Random (MAR) and Missing Not at Random (MNAR) [5]. Let
Y = (y1, ..., yn)T denote a vector of complete data set with both observed (Yobs) and the miss-
ing values (Ymis) with probability density function fθ . The objective is to make inferences
about the vector of the unknown parameter θ. The missing indicator, M = (M1, ..., Mn)T

defines a binary variable that denotes whether the value of a variable is observed or missing
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(i.e., Mi = 0 if value yi is observed and Mi = 1 if the value is missing). The conditional
distribution of M given the complete data Y, f (M/Y, φ) describes the missing data mecha-
nism where φ, denotes the vector of unknown parameters that describe the probability of
missing data [6].

MCAR:
P(M|Yobs, Ymis, φ) = P(M|φ) f or all Y, φ (1)

MAR:
P(M|Yobs, Ymis, φ) = P(M|Yobs, φ) f or all Ymis, φ (2)

MNAR:
P(M|Y, φ) = P(M|Yobs, Ymis, φ) (3)

In the MCAR scenario, the missingness occurs entirely randomly. That is, missing data are
independent of both observed and unobserved (missing) data. In MAR, there is a systematic
relationship between the propensity of a value to be missing and the observed data whereas in
MNAR there is a relationship between the propensity of a value to be missing and its unobserved
value. However, this terminology is criticized as MAR does not mean that the missing data are
distributed at random [5,7]. These missing mechanisms are further explained in Table 1 using
examples in the general setting and in the time series setting.

Table 1. Examples for each missing mechanism under general setting and time series setting.

Missing
Mechanism General Time Series

MCAR Tube containing a blood sample of an individual who is
under study is broken by accident so that the blood vari-
ables cannot be measured, Questionnaire of a survey
participant is lost [8]

Sensor data are recorded from a field test and sent via
radio signals to be recorded. The transmission fails on
random occasions due to unknown reasons [9]

MAR Income of an individual who is under study can be
missing when the level of income is relatively high [8]

Particular sensor machine is shutdown on some week-
ends for maintenance the data are more likely to be
missing on weekends [9]

MNAR When predicting the outcome of a diagnostic test based
on some patient characteristics, the test results are
known for all the diseased subjects whereas unknown
for a random sample of no-diseased subjects [8]

Temperature sensor fails to record values when the tem-
perature is over 50 ◦C [9]

Identifying the missing mechanism is helpful in two ways. Firstly to select a proper
imputation method and secondly to simulate data in a similar way so that imputation
techniques can be compared using reference data [9]. The MCAR mechanism can be
tested by comparing missing data subgroups using a series of independent t-tests [6,10].
Little (1988) proposed a single global test to check for the MCAR assumption which is
currently being widely used [9,11]. The null distribution of this test is a sum of functions
of independent F statistics for small samples whereas for large samples it becomes an
asymptotic chi-squared distribution. This test is most appropriate when the variables are
quantitative. It assumes multivariate normality and is sensitive to the departures from
normality [11]. Furthermore, it may produce weak results when observed and missing
groups are unbalanced and when the sample size is small [11,12].

Even though there are methods to detect MCAR mechanism, manual analysis of
patterns of the data and domain knowledge is needed to detect MAR and MNAR. Visu-
alization of missing data is still important to identify and make assumptions about the
missing mechanism. There is no method to distinguish MAR and MNAR [13]. Most studies
are based on MCAR or MAR and assumptions need to be made when the data is MNAR.
Imputation algorithms usually perform better when the missing mechanism is ignorable,
that is when MCAR or MAR. When it is non-ignorable (MNAR), special models are needed
to identify why the data are missing and to guess what the likely values are.
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There are well-established techniques to handle missing data in a time series. However,
recovering large gaps of time series data is still challenging. Large gaps are ubiquitous
in real-world scenarios due to data transmission failures [14]. This is the same for the air
quality data as well. For example, in a daily pollutant measurement series, there may be
missing data for several weeks or months due to a failure of a sensor. Most of the existing
methods fail in recovering large gaps.

In this paper, a novel hybrid method based on seasonal decomposition and elastic
net regression is proposed to recover large gaps of time series data, when there exist
correlated variables. The main contribution of this paper is that it incorporates both
the time series characteristics of the series itself and the information available on other
highly correlated variables to impute large intervals of missing data. The strength of using
elastic net regression which is a regularized regression method is that it minimizes the
multicollinearity issues. This is important as the correlated predictors generally cause
multicollinearity violating assumptions of basic regression models. To the best of the
authors’ knowledge, no such methodology has been proposed in the literature.

The remainder of this paper is organized as follows. Section 2 presents important liter-
ature on missing data imputation with a specific focus given on time series data. Section 3
explains the methods related to the proposed algorithm and explains the algorithm in detail.
Then, Section 4 presents the simulations carried out to evaluate the proposed methodology.
Section 5 presents the results of the analysis and finally, Section 6 presents the conclusion.

2. Related Work

Numerous methods have been used in the literature to deal with missing values. One
way is to ignore the missing data and carry out the analyses using available data. This is
known as complete case analysis [8,12] which is applicable in most of the situations where
the missing mechanism is MCAR and the percentage of missing values is as low as 5%.
However, this will lead to incorrect parameter estimates if the missing mechanism is MAR
or MNAR and creates estimation bias reducing the statistical power of the analysis [13].
Moreover, this is not applicable to time series data. Another method is imputation, which
is replacing a missing value with a plausible value. Imputation is based on the idea
that any observation can be replaced by a randomly selected observation from the same
population of interest. It substitutes a missing value of a variable with a value drawn
from an estimate of the distribution of this variable [8]. Imputation can be further divided
into two categories as single imputation and multiple imputation methods. In the single
imputation method, a single estimate for a missing value is made whereas in the multiple
imputation method, a set of plausible values is made. The multiple imputation method is
usually more advantageous as it provides information about the impact of missing values
on parameter estimates [5,8].

Air quality data sets typically consist of time series measurements. In the case of time
series, time is considered an implicit variable. Incorporating time series characteristics creates
effective imputation methods. Kalman filter-based interpolation and decomposition-based
linear interpolation are effective methods of dealing with missing data in univariate time series
context [9,14]. Furthermore, Kalman smoothing on structural time series models and Kalman
smoothing on ARIMA (Auto Regressive Integrated Moving Average) models perform well in
MCAR situations [15]. The mean imputation method also has been widely used and performed
well in most of the situations where the percentage of missing values is as low as 5% [16,17].
Widely used other methods to deal with air quality missing data include Nearest Neighbor
[17–19], Regression-based methods [17,19,20], Self-Organizing Maps (SOM) and Multi-Layer
Perceptron (MLP) [19], hybrid models with neural networks [21,22]. Deep learning methods
which lead to most of the state of art solutions in many applications also have been used
in this context. These imputation methods include Recurrent Neural Networks (RNN) [23]
Long short-term memory (LSTM) networks [24,25], multi-directional RNN [26,27], Generative
Adversarial Networks (GAN) [28–31] and Non-auto regressive deep generative models [32].
Moreover, some studies have used matrix completion methods with dimension reduction to
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recover blocks of missing values in time series data [33]. Singular Value Decomposition (SVD) is
the most widely used method in matrix completion [34–36]. Other matrix completion methods
include Centroid Decomposition (CD) [37,38] and Principal Component Analysis (PCA) [39,40].
Moreover, some recent other pattern-based methods that deal with missing values include
Top-k Case Matching (TKCM) [41] algorithm and spatio-temporal multi-view-based learning
(ST-MVL) method [42].

Even though some methods exist to recover large gaps, most of them are deep learning-
based algorithms or iterative matrix completion-based algorithms. Some of these methods
are computationally expensive and there may be a loss of accuracy to make them effi-
cient [33]. There is a need of developing more statistical methods to deal with large gaps.
For example, developing models to assess air pollution exposures has become a key re-
search area in public health [43] and statistical approaches that deal with large gaps of
missing data could be beneficial in this research area.

3. Materials and Methods
3.1. Seasonal-Trend Decomposition Procedure Based on Loess (STL)

STL is a filtering procedure for decomposing a time series (Yt) into three additive
components of trend (YT), seasonality (YS) and random component (YR) [44].

Yt = YT + YS + YR (4)

Figure 1 shows an example of a decomposed series using STL. The data in the first (top)
panel represents daily average measurements of PM2.5 measured at Richmond site in Sydney
from 2000 to 2020. The bottom panel shows the trend component while the third panel shows
the seasonal component: variation in the data at or near the seasonal frequency, which in this
case is one cycle per year. The second panel represents the random component (remainder)
which is the remaining variation in the data beyond that in seasonal and trend components.

Figure 1. Decomposition of a time series into trend, seasonal, and remainder components: Top panel
shows the original time series. The second panel shows the remainder. The third panel shows the
seasonal component. Bottom panel shows the trend component.
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STL uses applications of the Loess smoother for the decomposition. Loess smoother
applies locally weighted polynomial regressions at each point in the data set using the
values closest to the point whose response is being estimated. Description of the procedure
is described by Cleveland et al. in their paper [44]. STL procedure for decomposition is
selected for this algorithm due to its applicability for different types of time series, fast
computability, and strong resilience to outliers.

3.2. Elastic Net Regression

Let y be the dependant, xjs be the predictors and β js be the regression coefficients of a
linear regression model with p predictors. Least squares fitting procedure estimates β js by
minimizing residual sum of squares (RSS).

ŷ = β̂o +
p

∑
j=1

β̂ jxj (5)

RSS =
n

∑
i=1

(
yi − βo −

p

∑
j=1

β jxij

)2

(6)

RSS + λ1

p

∑
j=1
|β j|+ λ2

p

∑
j=1

β2
j (7)

Elastic net regression estimates the coefficients by minimizing Equation (7). When λ1 = 0,
it becomes ridge regression and when λ2 = 0, it becomes Lasso regression. The predictor
variables are highly correlated with each other in this situation and therefore the elastic net
regression gives the best model for this situation by overcoming the multicollinearity issues.

3.3. Performance Measure

The Root Mean Squared Error (RMSE) is used as a measure to compare the perfor-
mance of the proposed algorithm with other existing methods. RMSE between imputed
value (yimp) and the respective observed value (yobs) of a time series (y1, y2, ..., yn) is given by

RMSE(yimp, yobs) =

√√√√√ n
∑

t=1
(yimp

t − yobs
t )2

n
(8)

3.4. Proposed Algorithm

The proposed algorithm can be applied to a data set with some specific characteristics.
Mainly, there should be one or more correlated time series variables with the time series
to be imputed which has large gaps. In air quality data sets, often correlated variables are
present. The focus of this algorithm is to impute relatively large gaps.

In this setting, we denote the time series variable to be imputed (with large gaps) as
the dependent variable (Y) and the other correlated variables as predictors (X1, X2, ..., Xn).
Ideally, the predictors are expected to be complete time series (no missing values) to
apply this algorithm. However, this is highly unlikely in real data sets and there may
be missing values in almost all the predictors. The first step is to apply well-established
univariate imputation methods for each of the predictors and impute missing values when
the percentage of missing values is as low as 5%. After this step, if the predictors are
complete, then the proposed algorithm can be used. If this is not the case, in Section 5.1,
further remedies are proposed. Assuming that the predictors are complete time series,
the proposed algorithm can be illustrated as in Figure 2. The main steps of the proposed
imputation algorithm can be summarised as follows:

1. Decompose all the time series (dependant and predictors) into the seasonal, trend,
and random components.
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2. Leave out the seasonal component and impute missing values in the deseasonalised
data based on an elastic net regression model.

3. Combine imputed deseasonalised data with the seasonal component and form the
complete time series.

Algorithm 1 presents the overall proposed methodology for data imputation and
Algorithm 2 presents the elastic net regression-based imputation method.

Algorithm 1 Main Imputation Algorithm
Input: Data frame with time index t, Dependant Y, Predictors X1, ..., Xn

1: IMissing :← indices o f missing observations o f Y
2: IObserved :← indices o f available observations o f Y
3: Separate the variables (Y, X1, ..., Xn) into time series objects
4: Decompose each of the time series objects into Seasonal, Trend, and Random compo-

nents
5: YS :← Seosonal Component o f Y
6: YT :← Trend Component o f Y
7: YR :← Random Component o f Y
8: XS :← Seosonal Component o f Predictors(XS

1 , ..., XS
n)

9: XT :← Trend Component o f Predictors(XT
1 , ..., XT

n )

10: XR :← Random Component o f Predictors(XR
1 , ..., XR

n )
11: Predict the missing values of YT using XT (Algorithm 2)
12: Predict the missing values of YR using XR (Algorithm 2)
13: YImputed ← YS + YT

completed + YR
completed

Output: Complete data frame (YImputed, X1, ..., Xn)

Algorithm 2 Imputing Trend/Random component
Input: Data frame with time index t, Dependant Y, Predictors X1, ..., Xn

1: DM ← Data f rame corresponding to IMissing
2: DNM ← Data f rame corresponding to IObserved
3: procedure PREDICTIVEMODEL(DNM)
4: TrainData← random split o f 70% data
5: TestData← rest o f the 30% data
6: for each model 1 to N do
7: Fit the model using TrainData
8: Predict the output for TestData
9: Calculate RMSE for TestData

10: end for
11: BestModel ← model with least RMSE
12: return BestModel
13: end procedure
14: Predict missing Y values in DM using BestModel

Output: Complete Y series (YT
completed or YR

completed)
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Figure 2. Schematic representation of the proposed algorithm.
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The input for Algorithm 1 is a data frame with a time index (t). First, identify the
indices of missing observations of Y. Then, all the variables are converted into separate
time series objects which are then decomposed into a seasonal, a trend, and a random
component. Seasonal-Trend decomposition procedure based on Loess (STL) [44] can be
used for the decomposition of the time series. As it requires a complete series to do the
STL decomposition, a simple approximation such as linear approximation can be used to
approximate missing values of the Y series. The purpose of this approximation is only
to decompose the series and to identify the seasonal component. These approximated
values are replaced later with imputed values. Chandrasekaran et al. have also used this
procedure to decompose a series with missing values in their Seasonal Moving Window
Algorithm (SMWA) for imputing missing values of univariate time series [14]. Generally
in decomposition-based forecasting models, the seasonal component is assumed to be
unchanging or changing slowly. In most forecasting applications with meteorological
variables, seasonally adjusted components are used for the prediction model, and then the
output is combined with the seasonal component [45–48]. The imputation methodology
proposed in this paper also uses the seasonally adjusted component for the prediction
model. Moreover, the objective of the paper is to impute missing data in a given time
series and not forecast. Therefore, once the seasonal component is identified by applying
STL decomposition [44] which accounts for the changing seasonality as well, the rest of
the components are used for the prediction model. Therefore, in the next step, trend and
random components are fed into algorithm 2 while leaving out the seasonal component.

In Algorithm 2, either trend or random components of the dependant (Y) and pre-
dictors (X1, ..., Xn) with time index are inputted as a data frame. Then, the data frame is
divided into two parts based on the time index, one part with complete Y observations and
the other part with missing Y observations. The complete data set is further divided into
training and testing data sets. The training data set is used to build models to predict Y
based on predictors X1, ..., Xn and the testing data set is used to evaluate the models using
Root Mean Squared Error (RMSE). Different elastic-net regression models can be used as
candidate models (N). In Section 4, three models were used with special cases of elastic net
regression models by changing λ1 and λ2 parameters.

1. Ridge regression with λ1 = 0 and λ2 > 0
2. Lasso regression with λ2 = 0 and λ1 => 0
3. Elastic net regression with λ1 > 0 and λ2 > 0

Choosing optimal hyper-parameters and model validation was done using 10-fold
cross-validation. The model with the lowest RMSE in the testing data set was used for the
prediction (imputation).

3.5. Artificially Generating Missing Data

Performance evaluation of a missing value imputation technique can only be done for
simulated missing data. Little and Rubin (2002) present the data structure for simulating
missing values in a univariate data set, providing the MCAR mechanism.

Let Y = (y1, ..., yn)T where yi denotes the value of a random variable for observation i,
and let M = (M1, ..., Mn)T where Mi = 0 for units that are observed and Mi = 1 for units
that are missing. Suppose the joint distribution of f (yi, Mi) is independent across units
i = 1, 2, ..., n so that the probability a value is observed does not depend on the values of Y
or M for the other units [6].

f (Y, M|θ, φ) = f (Y|θ) f (M|Y, φ) =
n

∏
i=0

f (yi|θ)
n

∏
i=0

f (Mi|yi, φ) (9)
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Artificial missing data were simulated under MCAR mechanism using exponential
distribution to evaluate the performance of the proposed algorithm. The exponential
distribution with rate λ has the density

f (x) = λe−λx f or x ≥ 0. (10)

The simulation procedure is further described in Section 4.

4. Experiments

It is necessary to have a complete data set to evaluate the proposed algorithm. How-
ever, it is almost impossible to have a complete data set of this nature. It is important to
use a real data set with similar nature to demonstrate the algorithm. After examining daily
PM2.5, PM10, and NEPH values for a 20-year period from 2000 to 2020 at 18 selected sites
in the Sydney region, a data set from the 2014–2020 period at Earlwood site was selected
where the percentages of missing values were equal or below 5%. Kalman smoothing on
structural time series models in ImpueTS R package [49] is used to recover the missing
values and then the data set is considered as the ground truth. PM2.5 series is selected as
the Y series and PM10 and NEPH are used as the predictors. The reason to select PM2.5 as Y
is that it consists of large gaps in real data, as investigated in Section 5.1. It is required to
artificially create missing values to compare the performance of the proposed algorithm.
The simulations are done under the MCAR mechanism using the exponential distribution.
Moritz et al. (2015) also used this simulation procedure for their comparison of imputation
methods in univariate time series [9]. Five scenarios were created using five different values
for the rate parameter of the exponential distribution.

• Scenario1 : Missing percentage 10% with rate 0.1
• Scenario2 : Missing percentage 20% with rate 0.2
• Scenario3 : Missing percentage 30% with rate 0.3
• Scenario4 : Missing percentage 40% with rate 0.4
• Scenario5 : Missing percentage 50% with rate 0.5

5. Results and Discussion
5.1. Exploratory Analysis

Exploratory analysis plays an important role in data-driven solutions. This section
presents the results of an exploratory analysis carried out using a meteorology data set. The
motivation to propose the methodology presented in this paper arose through this analysis.
The considered meteorological data set includes hourly data recorded at the Liverpool
monitoring site in the Sydney region, Australia. Principal component analysis (PCA) is an
unsupervised technique that can be used to visualize data as well as dimension reduction.
To identify the characteristics of the meteorological variables visually, PCA was carried out
and the plots were analysed. Figure 3 shows a PCA plot with variables. The variables are
shown in arrows while the contribution is represented by colours. The angle between the
two arrows reflects the correlation between those two variables.

It can be seen that the following variable sets are highly correlated.

• CO, NO and NO2 are positively-correlated
• O3 (Ozone) and Temperature are positively correlated
• PM2.5, PM10 and NEPH (a measure of visibility) are positively correlated
• Humidity is negatively correlated with O3 and Temperature
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Figure 3. Principal Component Analysis plot of variables

Similar results can be seen in other monitoring sites in the Sydney region. Therefore
the proposed algorithm is particularly applicable to meteorological data sets like this.

Table 2 shows statistics of missing values of daily PM2.5, PM10 and NEPH observations
at three selected monitoring sites in the Sydney region from 2000 to 2020.

Table 2. Missing Statistics of daily PM2.5, PM10 and NEPH observations at three monitoring sites in
the Sydney region from 2000 to 2020.

Site

Variable

PM2.5 PM10 NEPH

Longest

Gap

Frequent

Gap

Missing

Percent

Longest

Gap

Frequent

Gap

Missing

Percent

Longest

Gap

Frequent

Gap

Missing

Percent

RICHMOND 197 1 NA 179 times 12.4 18 1 NA 63 times 3.85 5 2 NA 28 times 2.07

BRINGELLY 6025 1 NA 11 times 83.1 24 2 NA 15 times 3.48 14 2 NA 31 times 3.01

EARLWOOD 83 1 NA 48 times 5 15 1 NA 41 times 3.29 5 1 NA 14 times 1.77

It can be seen that in PM10 and NEPH, the percentage of missing values is lower than
5% whereas, in PM2.5, the percentage of missing values is relatively very high. Moreover,
the longest gap size is also relatively very large for PM2.5 than that of the other two variables.
Therefore, existing univariate imputation methods could be used to recover missing values
in PM10 and NEPH which could be used as predictors to recover large gaps in PM2.5
(dependent). Figure 4 shows Pearson’s correlation coefficients and scatter plots among
the variables. It further clarifies that the variables are highly positively correlated with
reasonable positive coefficients. There may be situations where all the variables have
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percentages greater than 5%. In such situations, a sliding window can be considered such
that at least one of the variables has low missing values.

Figure 4. Scatter Plot of Matrices (SPLOM) of PM10, PM2.5 and NEPH. Pearson Correlation Coeffi-
cients above the diagonal, histograms on the diagonal, and bivariate scatter plots below the diagonal.
Red lines represent the linear regression fits.

5.2. Performance Evaluation

The proposed algorithm was used to impute the missing values for each of the five
different scenarios mentioned in Section 4 and the RMSE was calculated. In order to
compare the performance with other existing methods, four well-established methods
namely Kalman smoothing on ARIMA models, Kalman smoothing on structural time
series models, linear interpolation, and mean imputation were used. Missing values were
imputed for the five scenarios using the considered methods. The RMSE values for all the
methods in five scenarios are given in Figure 5.

Figure 5. Performance Comparison of the Proposed method against Kalman smoothing on ARIMA
models, Kalman smoothing on structural time series models, Linear interpolation, and Mean imputation.



Atmosphere 2023, 14, 355 12 of 15

The proposed algorithm has yielded the lowest RMSE for all five scenarios whereas the
mean imputation has yielded the largest RMSE values. Linear interpolation and the Kalman
smoothing methods perform equally. It is clear that the proposed algorithm outperforms
all the other considered methods. The reason is that the proposed algorithm incorporates
the information of other correlated variables for the imputation while all the other methods
consider only the time series characteristics.

5.3. Real Application

In this Section, the applicability of the algorithm is further demonstrated using a real data set
with large gaps. In the data set at the Richmond site, the percentage of missing values in PM2.5 is
relatively large (12%) and the longest gap size is 197 days as shown in Table 2. In contrast, PM10
and NEPH have relatively low missing percentages and small gaps. The left-hand side three plots
in Figure 6a,c,e show the PM2.5, PM10, and NEPH series from 1 January 2000 to 31 December 2019
and the right-hand side three plots (Figure 6b,d,f) shows the positions of the missing values in
each series, highlighting missing regions by red vertical lines. As can be seen, the PM2.5 consists
of large gaps while the other two series consist of small gaps.

The proposed algorithm was applied to recover the missing values in PM2.5 series.
There is no way to compare the performance in this particular situation as the missing values
are actually unknown. However, for a visual comparison, three other methods namely
linear interpolation, Kalman smoothing on structural models, and Kalman smoothing
on ARIMA models were used to recover the same series and the results were examined.
Figure 7 shows the original PM2.5 series with missing values, imputation results of the
three other methods, and imputation results of the proposed algorithm. It can be seen that
the proposed method has produced more plausible values than the other methods.

(a) PM2.5 Series (b) Distribution of missing values—PM2.5

(c) PM10 series (d) Distribution of missing values—PM10

(e) NEPH series (f) Distribution of missing values—NEPH

Figure 6. Distribution of missing values of the variables PM2.5, PM10, and NEPH: Left-hand figures
(a–c) show the original time series whereas Right-hand figures (b,d,f) show the distribution of missing
values with red lines representing the positions of missing values and blue lines representing the
original series.
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Figure 7. Visual comparison of the imputed values for a large gap using Linear interpolation, Kalman
Smoothing On Structural Time Series model and the proposed algorithm.

6. Conclusions

Missing values are ubiquitous in most real-world scenarios, especially in air quality
data sets. Recovery of missing values is an essential part of most of the analyses. Even
though there exists a plethora of methods, the performances of those methods depend upon
the nature of the data and the missing mechanism. When the percentage of missing values
is higher and the gap size is larger, the existing methods perform poorly. The proposed
method performs reasonably well in recovering large gaps as it incorporates both the time
series characteristics and the information on other correlated variables to recover data. This
algorithm can be recommended especially for meteorological data sets with correlated
variables to impute large gaps. This method is not applicable in univariate situations.
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