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MuSDRI: Multi-Seasonal Decomposition Based
Recurrent Imputation for Time Series

Yujue Zhou, Jie Jiang, Shuang-Hua Yang, Ligang He and Yulong Ding

Abstract— Missing values are a common problem of time series
such as sensor-generated data due to issues of data collection,
transmission, and storage. To deal with this problem, various data
imputation methods have been proposed. Among these methods,
variants of recurrent neural networks (RNNs) have attracted a lot of
attention as they provide a natural representation of temporal dy-
namics. Though such methods have been shown to achieve higher
imputation accuracy, they mostly focus on the modeling of temporal
dynamics from a short-term perspective while ignoring the long-
term features such as trend and seasonal information embedded in
time series data. In this paper, we investigate different paradigms of
time series imputation methods to capture temporal dynamics from
both long-term and short-term perspectives. In particular, we pro-
pose a new learning paradigm called MuSDRI which combines the
time series decomposition method Seasonal Trend decomposition
using Loess (STL) with RNNs. Specifically, STL is used to decompose long sequences of time series into trend, seasonal,
and remainder components such that long-term dynamics can be revealed; RNNs are used to capture local patterns from
the remainder component extracted by STL such that short-term dynamics can be refined. Moreover, MuSDRI is able to
handle time series with multiple seasonal patterns by learning their contributions with respect to the imputation task. We
evaluate the proposed imputation methods on three real-world datasets. Experimental results show that the imputation
methods considering both the long-term and short-term dynamics achieve higher imputation accuracy, and among them
MuSDRI in general achieves the best performance.

Index Terms— Data imputation, multi-seasonal decomposition, recurrent neural networks, time series

I. INTRODUCTION

Multivariate time series like sensor-generated data have
been widely collected and used for various applications, e.g.,
weather forecasting [1], [2], health-care [3], water supply
system management [4], and traffic engineering [5]. Due to
issues of data collection, transmission and storage, missing
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values are commonly found in time series data, which not
only drags down the data quality, but also seriously affects
data processing and analysis, making it difficult for practical
applications. [6], [7].

To deal with the problem of missing values in time series
data, various imputation methods have been proposed in the
literature (e.g. [8]–[10]). Simple statistical methods include
imputing the missing values with the last observed value, with
the mean value, and with the most common value. The issue
with these methods is that they ignore the temporal dynamics
in the time series data. There are also works applying machine
learning techniques for time series imputation such as KNN
[8], ARIMA [9], MICE [10], etc. Recently, with the popularity
and success of deep learning, variants of recurrent neural
networks (RNNs) [11] have attracted a lot of attention as they
provide a natural representation of temporal dynamics. These
RNN based imputation methods have been shown to achieve
higher imputation accuracy than the traditional machine learn-
ing based imputation methods. However, they mostly focus
on the modeling of temporal dynamics from a short-term
perspective without taking into account the long-term features
such as the trend and seasonal information embedded in the
time series data. To extract such long-term features, it is often
required to model long sequences (a few months of data or
even years of data) as a whole. This poses challenges for RNN
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based imputation methods which usually take small sequences
of data as inputs for model training (e.g. 36 data points in the
case of [12]) due to their high computational cost.

To this end, we investigate different paradigms of time series
imputation methods to capture temporal dynamics from both
a long-term and a short-term perspective. Specifically, various
time series decomposition methods such as Seasonal Trend
decomposition using Loess (STL) [13] and Fourier transfor-
mation [14] are applied to capture long-term dynamics, while
RNNs are applied to capture short-term dynamics. Moreover,
we propose a new learning paradigm called MuSDRI, a Multi-
Seasonal Decomposition Based Recurrent Imputation method
for time series, in which STL is used to decompose long
sequences of time series into trend, seasonal and remainder
components such that long-term dynamics can be revealed;
RNNs are used to capture local patterns from the remainder
component extracted by STL such that short-term dynamics
can be refined. That is, STL is responsible for modeling time
series data as a whole to reveal their long-term features such
that RNN can use such information as a prior to refine the
modeling of local patterns. In particular, MuSDRI is able to
handle time series exhibiting multiple seasonal patterns by
providing a learning mechanism to adjust their contributions
with respect to the imputation task. We evaluate all the
imputation methods on three real-world datasets, including an
air quality dataset [15], a water pressure dataset [16], and a
gas consumption dataset. Experimental results show that the
imputation methods considering both the long-term and short-
term dynamics achieve higher imputation accuracy in terms
of three evaluation metrics including mean absolute error,
mean square error, and mean relative error, and among them
MuSDRI achieves the overall best performance.

In summary, the contributions of this paper are as follows:
• We investigate different paradigms of time series imputa-

tion methods based on various time series decomposition
methods (e.g. STL, Fourier transformation) and RNNs.
Experimental results show that the joint modeling of the
long-term and short-term features improves the imputa-
tion accuracy.

• We propose a new learning paradigm called MuSDRI
for time series imputation, which takes into account
the situations where time series data may have multiple
seasonal patterns and provides a mechanism to learn
their contributions with respect to the imputation task.
Experimental results show that MuSDRI outperforms the
state-of-the-art methods for the imputation task.

• We release to the public another time series dataset, i.e. a
gas consumption dataset collected from five canteen users
over three years as well as the source code1 of MuSDRI
to facilitate the reproducibility of our work.

The rest of the paper is organized as follows: Section
II discusses the related work. Section III gives a formal
description of the time series imputation problem. Section IV
presents the proposed time series imputation method MuSDRI.
Section V describes the datasets used in the experiment.
Section VI introduces the baseline methods and a set of

1https://github.com/yujue-zhou/MuSDRI

adapted imputation methods based on variants of time series
decomposition methods. Sections VII and VIII respectively
illustrate the experiment preparation and the evaluation met-
rics, and analyse the experiment results under the settings of
point missing and consecutive missing. Section IX discusses
the experiment results, the time complexity as well as the
limitations of MuSDRI. Finally, in Section X, we conclude
the paper with the possibilities of future work.

II. RELATED WORK

There are many methods proposed for time series impu-
tation in the literature. In general, the existing imputation
methods can be divided into three major categories, i.e.,
statistical imputation methods, machine learning based impu-
tation methods, and deep learning based imputation methods.
The simplest method to process missing values is deletion
[17]. Other statistical imputation methods include imputing
missing values by the last observed value [18], the mean
value [19] and the mode value [20]. Machine learning based
imputation methods have been discussed in many previous
works. For example, K-Nearest Neighbor (KNN) based impu-
tation method [8] uses the mean value of the k nearest non-
missing neighbors to impute the missing values. Also based
on KNN, [21] proposed a method called IIM (Imputation via
Individual Models) to deal with the challenge of data sparsity
and heterogeneity for the imputation task. The autoregressive
imputation methods use parameterization to fit the stationary
part of the time series data, including ARIMA [9], ARFIMA
[22], and SARIMA [23]. In addition, [24] and [25] combine
ARIMA and Kalman Filter, which achieve better performance.
MICE (Multivariate Imputation by Chained Equations) [10]
imputes missing values based on the iterative chain equations.
Moverover, [26] and [27] utilise Matrix Factorization to fill the
missing values in time series. Focusing on time series data
with large gaps of missing values, Liu et al. [28] proposed
an iterative framework using STL decomposition and multiple
segmented gap iteration to provide estimations for the missing
values.

Recently, researchers have been attempting to impute the
missing values of time series with deep learning based meth-
ods. For example, Che et al. [29] proposed GRU-D, which
imputes missing values of a clinical dataset with a smooth
fashion. It considers that the combination of the last observed
value and the global mean can represent the patterns of a
missing value. M-RNN [30] adopts bi-directional RNN to
impute missing values. BRITS [12] is also a bi-directional
RNN model, which considers the correlation between different
variables in time series data. End-to-End Generative Adver-
sarial Network (E2GAN) [31], [32] adapts GAN (Generative
Adversarial Network) to impute the incomplete time series
by the nearest complete time series generated by the pre-
trained GAN. Also based on GAN, [33] proposed a framework
for traffic data imputation, which uses a new time-related
coding method to convert traffic time series data generation
problems into image generation problems. NAOMI [34] is a
deep generative model which uses multi-resolution modeling
and adversarial training to recursively find and predict miss-
ing values from coarse resolution to fine-grained resolution.
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Combining ideas from variational autoencoders and Gaussian
processes, Fortuin et al. [35] proposed a deep probabilistic
model for multivariate time series imputation, in which the
variational autoencoders map the missing data from the input
space into a latent space while the temporal dynamics are
modeled by the Gaussian processes.

Although a number of previous works have proven the
effectiveness of RNN-based methods for time series imputa-
tion, these methods mostly focus on the modeling of temporal
dynamics from a short-term perspective without taking into
account the long-term features of the time series data such as
the trend and seasonal information. In this paper, we propose
MuSDRI, a multi-seasonal decomposition based recurrent im-
putation method for time series data, which explores both the
long-term and short-term patterns for time series imputation.

Another line of related work focuses on time series fore-
casting, which also takes into account both short-term and
long-term patterns. For example, [36] proposes a hierarchical
prediction method that combines the Exponential Smoothing
(ES) model with the Long Short Term Memory (LSTM) neural
network to extract local as well as global information from
time series data. [37] proposes a model called Long Short-
Term Memory Multi-Seasonal Net (LSTM-MSNet), which
is able to predict the changes of time series with multiple
seasonal patterns. [38] proposes a network traffic prediction
model which combines STL and LSTM. Though these works
take into account both short-term and long-term patterns of
time series, their focus is on time series forecasting rather
than imputation. Moreover, our work differs from these works
as we not only consider the situations where multiple seasonal
patterns exist but also provide a learning mechanism to adjust
their contributions with respect to the imputation task.

III. PROBLEM STATEMENT

We denote a d-dimensional multivariate time series X
observed at T = (t1, t2, . . . , tn), as X = (xt1 , xt2 , . . . , xtn) ∈
Rd×n. We introduce a masking vector m ∈ Rd×n to indicate
whether the values of X exist or not, defined as follows.

mj
ti =

{
0 if xjti is not observed
1 otherwise

(1)

For example, if xjti , 1 ≤ i ≤ n, 1 ≤ j ≤ d is not a missing
value, mj

ti = 1, otherwise mj
ti = 0

To represent the time lag between the last observed value
to the current value, we introduce a matrix δ ∈ Rd×n, defined
as follows

δjti =


ti − ti−1 + δjti−1

if i > 1,mj
ti−1

= 0

ti − ti−1 if i > 1,mj
ti−1

= 1

0 if t = 1

(2)

In the following sections, we investigate the problem of time
series imputation. Specifically, given a time series with missing
values denoted as X ′ and the corresponding masking vector
m and time lag matrix δ, we aim at training a model that can
impute the missing values of X ′ and generate a completed
time series X .

IV. MUSDRI

In this section, we describe the proposed imputation method
for time series called MuSDRI (Multi-Seasonal Decomposi-
tion based Recurrent Imputation). The proposal of MuSDRI is
based on the idea that time series usually exhibit autocorrela-
tion in both long-term dynamics and short-term dynamics. For
example, in the air quality data [15], there is a trend that PM2.5
decreases during summer while increases during winter, which
can be considered as long-term dynamics. On the other hand,
from a short-term perspective, when there is a high PM2.5 at
the previous timestamp it is likely that the following timestamp
also features a relatively high PM2.5.

The framework of MuSDRI is shown in Figure 1, consisting
of two modules. The first module is called Multi-Seasonal
Decomposition which utilizes the time series decomposition
method STL to capture the long-term features of time series
by decomposing the time series into seasonal component(S),
trend component (E) and remainder component (R). The
second module is called Recurrent Imputation which adapts
the RNN-based imputation method BRITS (Bidirectional Re-
current Imputation for Time Series) [12] to capture the short-
term dynamics of the time series and impute the remainder
component R obtained from the first module. In particular,
MuSDRI takes into account the situations where there are
multiple seasonal cycles (e.g., daily and weekly cycles) and
automatically learns their contributions with respect to the
imputation task. In the rest of this section, we give a detailed
illustration of MuSDRI.

A. Multi-Seasonal Decomposition

The aim of the Multi-Seasonal Decomposition module is to
extract the long-term features of time series data by revealing
their trend and seasonal changes. In particular, we also take
into account the situations where time series data exhibit
multiple seasonal patterns, e.g. daily, weekly, etc. To achieve
this, we adopt the time series decomposition method STL,
which has been widely used for time series analysis.

Given a time series X = (xt1 , . . . , xtn), the goal of STL
is to decompose xti , 1 ≤ i ≤ n into seasonal, trend, and
remainder components, indicated respectively as sti , eti and
rti such that

xti = sti + eti + rti (3)

The process of applying STL is iterating through the
smoothing of the seasonal and trend components. The seasonal
component is determined by the cycle of a time series, and the
length of the cycle, i.e., the number of data points contained
in each cycle. The length of the cycle is denoted as µ and it
needs to be manually set in STL. All the smoothing in STL is
done using LOESS (locally estimated scatterplot smoothing)
regression. For the smoothing of the seasonal component, data
points are organized into cycle-subseries, each of which is the
set of data points with the same position in each cycle. For
example, if the sampling rate of a time series is 1 day and
µ is set to 7 days (1 week), one cycle-subseries of this time
series would be a subseries of all the data points collected
on Mondays, another subseries of all the data points collected



4 IEEE SENSORS JOURNAL, VOL. XX, NO. XX, XXXX 2017

Fig. 1. The framework of MuSDRI

on Tuesdays, etc. The smoothing of the trend component is
then performed after removing the seasonal component. Aside
from the number of observations per cycle determined by
the cycle length µ, there are two other important parameters
relating to the seasonal and trend smoothing, i.e. the loess
window for seasonal extraction n(s) and the loess window
for trend extraction n(t). These two smoothing operations are
encapsulated in an inner loop and repeated until convergence.
There is also an outer loop which computes robustness weights
after each iteration of the inner loop to reduce the influence
of outliers.

As the original STL algorithm does not have a sophisticated
mechanism to handle time series with missing values, we use
an improved version of STL called STL+ [39] to accommodate
the need of the Multi-Seasonal Decomposition module. STL+
not only inherits the decomposition capability of STL but is
also able to provide estimations of the missing values for the
trend and seasonal components via the Approximate Nearest
Neighbor Search Routines algorithm and LOESS regression.
Given a time series with missing values and a specified cycle
length µ, STL+ returns a complete seasonal component S, a
complete trend component E and an incomplete remainder
component R′.

Moreover, to cater for the situations where a time series
may contain multiple seasonal patterns (e.g., daily and weekly
cycles), the Multi-Seasonal Decomposition module applies
STL+ with multiple cycle lengths {µ1, µ2, ..., µq} to the time
series, where q is the number of seasonal patterns. As a result,
given a time series X ′ with missing values, the outputs of the
Multi-Seasonal Decomposition module are a set of complete
seasonal components ~S = [S1, S2, ..., Sq], a set of complete
trend components ~E = [E1, E2, ..., Eq] and a set of incomplete
remainder components ~R′ = [R′1, R

′
2, ..., R

′
q].

The outputs of the Multi-seasonal Decomposition module,
i.e., STL+ decompositions of the time series with selected
cycle lengths, will be integrated into the other module of MuS-

DRI, namely Recurrent Imputation, to guide the imputation of
the incomplete remainder component of the time series. The
details will be illustrated in the following section.

B. Recurrent Imputation
The aim of the Recurrent Imputation module is to capture

the short-term dynamics of time series data and impute the
missing values of the remainder ~R′ component obtained from
the Multi-Seasonal Decomposition module. To achieve this,
we adapt the state-of-the-art RNN-based imputation method
BRITS (Bidirectional Recurrent Imputation for Time Series)
[12].

Suppose we have a time series X ′ with missing values.
Through the Multi-Seasonal Decomposition module, we obtain
a set of seasonal components ~S = [S1, S2, ..., Sq], a set of
trend components ~E = [E1, E2, ..., Eq] and a set of remainder
components with missing values ~R′ = [R′1, R

′
2, ..., R

′
q] with

respect to a set of cycle lengths {µ1, µ2, ..., µq}. Given these
three sets of components, the Recurrent Imputation module is
then applied to impute the missing values of the remainder
components and the detailed process is shown on the right
side of Figure 1.

First, we adapt RNN-based imputation method BRITS to
fill the missing values of ~R′. The main idea of BRITS is to
use the history and future data sequence of a time series as
inputs to predict the data sample at the current timestamp.
When the history data sequence or the future data sequence
has missing values, the predictions of these missing values are
used as inputs. Moreover, BRITS also considers the correlation
between the features of a time series for the imputation task.

Given an incomplete time series, BRITS provides three
estimations of the missing values, including a historical-based
estimation, a feature-based estimation, and a combination of
the historical-based and feature-based estimation. The sum of
the mean absolute error between the true value and each of
the three estimations is used as the loss function. Notice that
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when there are missing values the error cannot be calculated.
In such cases, when later a true value is observed a delayed
error is obtained.

Taking BRITS as a basis, MuSDRI builds a learning pro-
cess to determine the contribution of each seasonal decom-
position as to the imputation of the remainder component
~R′ = [R′1, R

′
2, ..., R

′
q]. Following BRITS, the loss function

of MuSDRI also considers three types of estimations of r′k,ti
which indicates the remainder components at timestamp ti
with respect to the kth seasonal decompositions. Assuming
the imputation model is denoted as gθ, where θ represent the
learnable weights of the model. The three types of estimations
of r′k,ti can be obtained:[

r̂hk,ti r̂fk,ti r̂sk,ti

]
= gθ(r

′
k,ti ,mti , δti) (4)

where mti and δti are the masking vector and time lag matrix,
defined in Equations (1) and (2). r̂hk,ti , r̂

f
k,ti

, r̂sk,ti respectively
represent the historical-based estimation, the feature-based es-
timation, and the weighted sum of the previous two estimations
as that in BRITS.

To optimize the estimations of the missing values in ~R′

while taking into account the multi-seasonal patterns in time
series data, we adapt the loss function of BRITS, and as
a result, the loss function of MuSDRI is built with two
components.

The first component is an aggregation of the estimation er-
rors, taking into account the contribution of different seasonal
decompositions. To this end, we introduce a weight vector
~W = [w1, w2, ..., wq], w1 + w2 + ... + wq = 1 to combine
the estimation errors from the q seasonal decompositions. As
such, the first part of the loss function is defined as follows:

l1 = Lε
(
r′ti , r̂

h
ti ;

~WT
)

+Lε
(
r′ti , r̂

f
ti ;

~WT
)

+Lε
(
r′ti , r̂

s
ti ;

~WT
) (5)

where Lε represents the function of weighted mean absolute
error. As described in [12], in order to speed up the calculation,
all three estimations of r′ti are used in loss calculation.
Different from BRITS, MuSDRI focuses on the estimation of
the remainder components and more importantly it also takes
into account the influence of multi-seasonal decompositions
via the adjustments of ~W to reduce the estimation error.

When a seasonal decomposition has a smaller cycle length
µ, the value range of its corresponding remainder component is
also smaller, resulting in estimation errors with smaller values.
Therefore, without any other constraints, the imputation model
tends to assign bigger weights to those with smaller µ. To
alleviate such effect, we add a regularization term to the
loss function to balance the weights of different seasonal
decompositions such that the imputation model will not always
assign higher weights to the decompositions whose remainder
component has a smaller value range, which is defined as
follows:

l2 =
1

µ1
w1 +

1

µ2
w2 + ...+

1

µq
wq (6)

This regularization term uses a function of µk to adjust its
corresponding weight wk and in this paper 1

µk
is used. When

µk is larger, 1
µk

is smaller, and the corresponding wk can be
assigned a larger value to minimise the loss l1. Combining l1
with l2, the loss function of MuSDRI is defined as follows:

lti = l1 + λl2 (7)

where λ is used to adjust the influence of the regularization
term.

During model training, all the parameters in BRITS
as well as the weights of the seasonal decompositions
{w1, w2, . . . , wq} will be updated to optimize the estimations
of the missing values. The final imputed time series are
obtained as follows:

X =
(
~S + ~E + R̂s

)
· ~WT (8)

where ~S and ~E are respectively the set of seasonal and
trend components with respect to the q STL+ decompositions,
R̂s is the combined estimation of the missing values in the
corresponding remainder components.

V. DATASETS

A. Air Quality Dataset
The air quality dataset used in this paper comes from the

KDD CUP Challenge 2018 [15], which contains air quality
measurements from 11 environmental monitoring stations in
the urban area of Beijing. The measurements of each moni-
toring station cover 6 variables including PM2.5, PM10, NO2,
CO, O3, and SO2. The measurements are recorded every hour
from February 1, 2017 to January 30, 2018. In total, there are
15.1% of missing values. For the experiments, we use the first
ten months of data from February 1, 2017 to November 30,
2017 as the training set, and the last two months of data from
December 1, 2017 to January 30, 2018 as the test set.

B. Water Pressure Dataset
The second dataset used in this paper comes from the

Shenzhen Open Data Innovation Contest (SODIC) 2020 [16],
which contains water pressure measurements from 27 water
pressure monitoring stations of a water distribution system in
Shenzhen. The measurements are recorded around every half
an hour from January 1, 2019 to August 31, 2019. To keep
the measurements from different monitoring stations aligned,
we resample the measurements to one hour. In total, there are
4.1% of missing values. For the experiments, we use the first
six months of data from January 1, 2019 to June 30, 2019 as
the training set, and the last two months of data from July 1,
2019 to August 31, 2019 as the test set.

C. Gas Consumption Dataset
The third dataset2 used in this paper is provided by a

Chinese gas company, and is made publicly available along
with this paper. This dataset contains three years of gas

2https://github.com/yujue-zhou/MuSDRI



6 IEEE SENSORS JOURNAL, VOL. XX, NO. XX, XXXX 2017

consumption data with respect to five canteen users. The
measurements are recorded every two hours from January 1,
2018 to January 1, 2021. In total, there are 5.1% of missing
values. For the experiments, we use the first two years of data
from January 1, 2018 to December 31, 2019 as the training
set, and the last year of data from January 1, 2020 to January
1, 2021 as the test set.

VI. IMPUTATION METHODS

In this paper, we compare MuSDRI with a set of baseline
methods and a set of adapted imputation methods based
on variants of time series decomposition methods shown as
follows.

First, we implement three traditional imputation methods as
baselines:

• Last [18]: The missing values are imputed with the last
observed value from the same variable.

• Mean [19]: The missing values are imputed with the
global mean from the same variable.

• KNN [8]: The missing values are imputed with the
weighted average of the k nearest neighbors identified
by the k-Nearest Neighbor (KNN) algorithm.

To show the effectiveness of using long-term features for
data imputation, we combine the traditional methods above
with various seasonal trend decomposition methods, and ob-
tain another eight imputation methods shown as follows:

• STL+-Last: The time series are first decomposed into
seasonal, trend, and remainder components with STL+
which also imputes the missing values in the seasonal
and trend components. Thereafter, the missing values in
the remainder component are imputed using Last. The
imputed seasonal, trend and remainder components are
summed to generate the final imputed time series.

• STL+-Mean: Similar to STL+-Last except that the miss-
ing values in the remainder component are imputed using
Mean.

• STL+-KNN: Similar to STL+-Last except that the miss-
ing values in the remainder component are imputed using
KNN.

• MSTL+-Last: MSTL+ is a multi-seasonal decomposition
method which combines Multiple STL (MSTL) [40] with
STL+. In specific, we replace STL with STL+ as a basis
in MSTL for extracting the seasonal components, the
trend component and the remainder component such that
the missing values in the seasonal and trend components
can be imputed along with the decomposition process.
Thereafter, the missing values in the remainder compo-
nent are imputed using Last. The imputed seasonal, trend
and remainder components are summed to generate the
final imputed time series.

• MSTL+-Mean: Similar to MSTL+-Last except that the
missing values in the remainder component are imputed
using Mean.

• MSTL+-KNN: Similar to MSTL+-Last except that the
missing values in the remainder component are imputed
using KNN.

• MuSDRI-Last: Similar to MuSDRI except that the miss-
ing values in the remainder component are imputed using
Last instead of BRITS.

• MuSDRI-Mean: Similar to MuSDRI except that the
missing values in the remainder component are imputed
using Mean instead of BRITS.

Another baseline implemented in this paper is the state-of-
the-art RNN-based imputation method BRITS:
• BRITS [12]: BRITS is an adaptation of bi-directional

RNNs which imputes the missing values according to the
hidden states in both directions in RNN.

Similarly, we combine BRITS with various seasonal trend
decomposition methods to show the effectiveness of using
long-term features for data imputation and obtain another five
imputation methods shown as follows:
• STL+-BRITS: Similar to STL+-Last except that the miss-

ing values in the remainder component are imputed using
BRITS.

• MSTL+-BRITS: Similar to MSTL+-Last except that the
missing values in the remainder component are imputed
using BRITS.

• Fourier-Exogenous-BRITS: Fourier transformation [14]
is used to obtain the Fourier terms corresponding to the
multiple seasonal patterns of the time series. Thereafter,
the original time series together with the Fourier terms
are used as inputs to BRITS to impute the missing values
of the original time series.

• STL+-Exogenous-BRITS: The time series are first de-
composed into seasonal, trend and remainder components
with STL+. Thereafter, the original time series together
with the seasonal component and the trend component are
used as inputs to BRITS to impute the missing values of
the original time series.

• MSTL+-Exogenous-BRITS: Similar to STL+-
Exogenous-BRITS except that in MSTL+-Exogenous-
BRITS multiple seasonal components are extracted with
MSTL+ and fed into BRITS.

VII. EXPERIMENTS FOR POINT MISSING

This part of the experiments is mainly to evaluate the per-
formance of MuSDRI and the imputation methods presented
in VI under the setting of point missing. Under this setting,
data points are dropped out at random positions independently.

A. Experiment Setting

Considering the continuity of time series, we divide the
complete time series dataset into two segments proportionally.
The first part is used as the training set, and the second part
is used as the test set. The division of the training set and
the test set is described in detail in Section V. Following the
previous studies [31], [32], for each of the three datasets as
described in Section V, we randomly drop out p% of the data
from the training set and test set (p = 10, 20, 30). Note that
these randomly dropped data are from the set of data without
any missing values in the original dataset such that the ground
truth can be obtained. Three evaluation metrics, i.e. Mean
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Absolute Error (MAE), Mean Relative Error (MRE), and Mean
Square Error (MSE), are used to evaluate the performance of
the imputation methods.

B. Parameter Selection

For the imputation methods with seasonal decomposition,
there is mainly one hyper-parameter that needs to be tuned,
i.e., cycle length µ. Due to limitations of STL+, the minimum
value that can be assigned to µ is 4 in which case the range of
values of the seasonal component is close to zero. In this paper,
we experimented with a set of values for µ. For the data sets
with a sampling rate of one hour (air quality data and water
pressure data), we set µ to 4, 24, 168. Here, µ = 4 represents
the situation when there is no explicit seasonal pattern, µ =
24 represents daily pattern, and µ = 168 represents weekly
pattern. For the data set with a sampling rate of two hours
(gas consumption data), we set µ to 4, 12, 84. Here, µ = 12
represents daily pattern, and µ = 84 represents weekly pattern.

For the imputation methods that can only deal with a
single seaonality such as STL+-Last, STL+-Mean, STL+-KNN,
STL+-BRITS and STL+-Exogenous-BRITS, we experiment
with different µ and report the best result. For the imputa-
tion methods that can deal with multiple seasonalities such
as MSTL+-Last, MSTL+-Mean, MSTL+-KNN, MuSDRI-Last,
MuSDRI-Mean, MSTL+-BRITS, Fourier-Exogenous-BRITS,
MSTL+-Exogenous-BRITS and MuSDRI, we experiment with
different combinations of µ. In particular, since MuSDRI has
the capability to learn the contributions of different season-
alities for the imputation task, we use a combination of all
the three cycle lengths (µ), i.e. 4 (4 hours), 24 (1 day), and
168 (1 week) for the air quality and water pressure datasets,
and 4 (8 hours), 12 (1 day), and 84 (1 week) for the gas
consumption dataset. Except the cycle length µ, the loess
window for seasonal extraction n(s) and the loess window
for trend extraction n(t) are chosen empirically: n(s) is set
to “periodic” and the corresponding value is 10n + 1 where
n indicates the total length of the time series, in which case
seasonal smoothing is effectively replaced by taking the mean;
n(t) is set to the default which is defined as follows [13]:

nextodd(d 1.5µ

1− 1.5
n(s)

e) (9)

For all the methods that adopt BRITS, following [12], we set
the length of input sequences to 36, the number of RNN layers
to 1, and the number of hidden units to 128. Adam is used
as the optimiser to train BRITS with a learning rate of 0.001.
For MuSDRI, there is another hyper-parameter λ that needs
to be tuned, which is used to balance the weights of different
seasonal decompositions. In this paper, we experimented with
a set of values for λ ranging from 0 to 3.

C. Experiments Results

• Air Quality Data
Table I shows the performance of all the imputation methods

with respect to the air quality dataset under the setting of point
missing. The best performance achieved by the single-period

imputation methods (denoted as STL+-) is under the setting of
µ = 4. This is due to the fact that there is no strong seasonal
pattern in the air quality data and the improvement mainly
comes from the trend information. Among the set of traditional
methods, STL+-KNN achieves the best performance.

Among the set of RNN based imputation methods integrated
with seasonal trend decomposition, MuSDRI achieves the best
performance under the parameter setting of three cycles µ1 =
4, µ2 = 24, µ3 = 168, and λ = 0.0. In particular, MuSDRI
obtains an overall improvement of 23.88% for MAE, 23.88%
for MRE, and 33.15% for MSE compared to the state-of-the-
art imputation method BRITS.

In general, for the air quality dataset, the single-period
imputation methods prefixed by STL+ and STL+-Exogenous
outperform those corresponding methods without applying
seasonal trend decomposition. Except for the methods based
on MuSDRI which have the capability of learning the contri-
bution of different seasonal decompositions, the other multi-
seasonal imputation methods prefixed by MSTL+, MSTL+-
Exogenous, and Fourier-Exogenous perform poorly on the air
quality dataset.
• Water Pressure Data
Table II shows the performance of all the imputation meth-

ods with respect to the water pressure data under the setting of
point missing. The best performance achieved by the single-
period imputation methods is under the setting of µ = 24. This
is due to the fact that the water pressure data has a strong cycle
of 24 hours. The method that achieves the best performance
among the set of traditional methods is also STL+-KNN.

Among the set of RNN based imputation methods integrated
with seasonal trend decomposition, MuSDRI achieves the best
performance under the parameter setting of three cycles µ1 =
4, µ2 = 24, µ3 = 168, and λ = 1.0. Specifically, MuSDRI
obtains an overall improvement of 52.48% for MAE, 52.48%
for MRE, and 71.85% for MSE compared to the state-of-the-
art imputation method BRITS.

Compared with BRITS, both STL+-BRITS and MSTL+-
BRITS achieve better performance while the performance
of STL+-Exogenous-BRITS, MSTL+-Exogenous-BRITS, and
Fourier-Exogenous-BRITS gets worse. This indicates that it
is not beneficial to feed to BRITS the original time series to-
gether with the exogenous information obtained from seasonal
decomposition. Moreover, the traditional imputation meth-
ods integrated with seasonal trend decomposition outperform
BRITS in most cases, which shows the importance of long-
term features in the case of the water pressure dataset. The
inferior of MSTL+ based methods compared with the STL+
based methods is due to the fact that the water pressure data
exhibits a strong single seasonal pattern.
• Gas Consumption Data
Table III shows the performance of all the imputation

methods with respect to the gas consumption dataset under
the setting of point missing. It can be seen that except
Fourier-Exogenous-BRITS, all the imputation methods inte-
grated with seasonal trend decomposition outperform their
correspondences (Last, Mean, KNN, BRITS), which shows the
importance of long-term features for time series imputation.
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TABLE I
PERFORMANCE OF ALL THE IMPUTATION METHODS WITH RESPECT TO THE AIR QUALITY DATA UNDER THE SETTING OF POINT MISSING

Missing Rate 10% 20% 30%
Method µ MAE(%) MRE(%) MSE(%) MAE(%) MRE(%) MSE(%) MAE(%) MRE(%) MSE(%)

Traditional
Last

\
15.91 22.58 8.52 17.05 24.14 9.88 18.57 26.47 11.36

Mean 65.37 92.77 75.55 65.33 92.51 75.37 64.94 92.56 73.39
KNN 13.50 19.16 5.23 14.28 20.22 5.97 14.89 21.23 6.18

Seasonal Trend Decomposition
+ Traditional

STL+-Last
4

13.10 18.59 5.29 13.85 19.62 5.93 15.13 21.57 6.88
STL+-Mean 13.34 18.94 4.99 14.26 20.19 5.79 15.53 22.13 6.54
STL+-KNN 12.20 17.31 4.27 13.06 18.50 4.99 14.32 20.41 5.65
MSTL+-Last

{4,24,168}
21.30 30.22 10.69 24.96 35.35 13.90 28.95 41.26 17.49

MSTL+-Mean 54.77 77.72 55.50 55.87 79.11 57.52 57.58 82.07 60.53
MSTL+-KNN 20.80 29.52 9.00 23.78 33.67 11.42 27.58 39.31 14.91
MuSDRI-Last {4,24,168} 13.13 18.63 5.36 13.88 19.65 6.00 15.15 21.59 6.90

MuSDRI-Mean 13.38 18.99 5.01 14.30 20.24 5.80 15.56 22.18 6.55

RNN BRITS \ 14.23 20.19 5.27 14.97 21.19 5.89 15.53 22.14 6.16

Seasonal Trend Decomposition
+ RNN

STL+-BRITS 4 10.88 15.44 3.58 11.56 16.37 4.12 12.64 18.02 4.59

MSTL+-BRITS {4,24,168} 19.02 27.00 7.77 21.56 30.53 9.59 24.95 35.55 12.28
{24,168} 19.11 27.11 7.85 21.48 30.42 9.45 24.93 35.54 12.23

Fourier-Exogenous-BRITS {4,24,168} 14.67 20.82 5.56 15.25 21.60 6.12 15.85 22.59 6.28
{24,168} 14.57 20.67 5.48 15.38 21.78 6.22 15.91 22.67 6.45

STL+-Exogenous-BRITS 4 12.31 17.47 4.12 13.04 18.46 4.66 13.96 19.90 4.94

MSTL+-Exogenous-BRITS {4,24,168} 15.71 22.29 6.24 16.50 23.36 7.09 17.08 24.35 7.24
{24,168} 15.72 22.31 6.31 16.25 23.02 6.93 17.01 24.24 7.30

MuSDRI {4,24,168} 10.51 14.91 3.36 11.25 15.92 3.91 12.33 17.57 4.34

TABLE II
PERFORMANCE OF ALL THE IMPUTATION METHODS WITH RESPECT TO THE WATER PRESSURE DATA UNDER THE SETTING OF POINT MISSING

Missing Rate 10% 20% 30%
Method µ MAE(%) MRE(%) MSE(%) MAE(%) MRE(%) MSE(%) MAE(%) MRE(%) MSE(%)

Traditional
Last

\
40.21 51.92 38.23 41.65 54.09 42.65 43.88 56.68 47.25

Mean 65.57 84.68 82.58 65.22 84.70 79.44 65.21 84.23 82.84
KNN 28.26 36.49 22.66 29.56 38.39 25.43 31.62 40.84 31.34

Seasonal Trend Decomposition
+ Traditional

STL+-Last
24

29.75 38.42 21.69 30.27 39.31 23.04 30.92 39.93 23.96
STL+-Mean 29.57 38.18 21.07 29.82 38.73 21.17 30.54 39.44 24.31
STL+-KNN 20.80 26.86 11.76 22.56 29.30 13.57 24.59 31.76 17.66
MSTL+-Last

{24,168}
32.09 41.44 23.56 33.34 43.30 25.74 34.58 44.66 27.58

MSTL+-Mean 38.26 49.41 40.86 38.76 50.34 40.12 39.81 51.42 45.33
MSTL+-KNN 27.57 35.60 20.84 30.59 39.72 25.55 33.82 43.68 33.03
MuSDRI-Last {4,24,168} 29.91 38.63 20.66 30.38 39.45 21.56 31.03 40.08 22.68

MuSDRI-Mean 29.03 37.49 17.11 28.58 38.42 17.68 30.63 39.56 20.95

RNN BRITS \ 35.97 46.44 30.49 35.91 46.64 27.79 39.52 51.04 36.58

Seasonal Trend Decomposition
+ RNN

STL+-BRITS 24 16.74 21.61 7.38 18.05 23.44 8.57 19.92 25.73 12.04

MSTL+-BRITS {4,24,168} 23.84 30.79 15.99 26.64 34.60 18.01 28.90 37.32 23.42
{24,168} 23.88 30.84 15.35 26.56 34.49 17.84 29.03 37.50 23.63

Fourier-Exogenous-BRITS {4,24,168} 35.33 45.63 29.52 37.91 49.23 31.09 39.93 51.57 37.44
{24,168} 35.40 45.71 29.91 36.81 47.80 30.04 40.00 51.66 37.88

STL+-Exogenous-BRITS 4 35.89 46.34 29.33 36.69 47.65 28.52 39.22 50.65 34.60

MSTL+-Exogenous-BRITS {4,24,168} 38.05 49.13 31.29 38.76 50.33 31.48 41.00 52.95 37.91
{24,168} 39.53 51.05 33.19 40.20 52.21 33.08 42.24 54.56 39.45

MuSDRI {4,24,168} 16.17 20.89 7.01 17.42 22.62 8.17 19.40 25.05 11.73

The best performance achieved by the single-period imputa-
tion methods is under the setting of µ = 84. When the setting
of cycle length is under µ = 84, the remainder component
extracted by STL+ is similar to the remainder component
extracted by MSTL+ under the setting of µ1 = 4, µ2 =
24, µ3 = 168 or the setting of µ1 = 24, µ2 = 168. The reason
is that the seasonal component extracted by MSTL+ under
µ1 = 4 has a rather small range of values, and the seasonal
component extracted by STL+ under µ = 84 is almost the
same as the sum of the two seasonal components extracted by
MSTL+ with the two cycle lengths of 12 and 84. Therefore,
under this setting, the results of STL+ based methods and
MSTL+ based methods are similar. In general, the methods
that achieve the best performance among the set of traditional
methods are STL+-KNN and MSTL+-KNN.

Among the set of RNN based imputation methods integrated
with seasonal trend decomposition, MSTL+-BRITS achieves
the best performance when the missing rate p = 10, and
MuSDRI achieves the best performance when the missing rate
p = 20, 30. Moreover, under the parameter setting of three
cycles µ1 = 4, µ2 = 24, µ3 = 168, and λ = 0.0, MuSDRI
obtains an overall improvement of 14.83% for MAE, 14.83%

for MRE, and 39.24% for MSE compared to the state-of-the-
art imputation method BRITS.

VIII. EXPERIMENTS FOR CONSECUTIVE MISSING

This part of the experiments is mainly to evaluate the per-
formance of MuSDRI and the imputation methods presented
in VI under the setting of consecutive missing. Under this
setting, data points are dropped out starting from a random
position with a random running length.

A. Experiment Setting
The experiments under the setting of consecutive missing

are based on the gas consumption dataset. The division of
the training set and the test set is described in detail in
Section V-C. Following the previous study which investigates
the problem of missing value imputation for time series data
with large gaps [28], we generate consecutive missing values
with an upper bound of three days which can be considered
as large gaps. That is, the number of data points that will
be dropped out ranges from 1 (2 hours) to 36 (3 days) in
the case of the gas consumption dataset, the sampling rate of
which is two hours. Moreover, we control the total number of
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TABLE III
PERFORMANCE OF ALL THE IMPUTATION METHODS WITH RESPECT TO THE GAS CONSUMPTION DATA UNDER THE SETTING OF POINT MISSING

Missing Rate 10% 20% 30%
Method µ MAE(%) MRE(%) MSE(%) MAE(%) MRE(%) MSE(%) MAE(%) MRE(%) MSE(%)

Traditional
Last

\
44.94 65.34 106.98 49.50 71.99 121.83 52.97 77.92 131.55

Mean 67.12 97.59 96.38 67.20 97.72 97.75 66.57 97.91 94.20
KNN

\
25.77 37.48 40.13 29.30 42.61 45.88 30.52 44.90 48.78

Seasonal Trend Decomposition
+ Traditional

STL+-Last
84

23.58 34.28 24.84 25.50 37.08 29.78 26.37 38.78 30.86
STL+-Mean 22.09 32.12 17.74 22.50 32.72 19.12 22.76 33.48 20.78
STL+-KNN 21.18 30.79 16.09 22.35 32.51 16.31 23.23 34.17 18.92
MSTL+-Last

{12,84}
23.58 34.28 24.84 25.50 37.08 29.78 26.37 38.78 30.86

MSTL+-Mean 22.09 32.12 17.74 22.50 32.72 19.12 22.76 33.48 20.78
MSTL+-KNN 21.18 30.79 16.09 22.35 32.51 16.31 23.23 34.17 18.92
MuSDRI-Last {4,12,84} 23.60 34.32 24.85 25.53 37.13 29.78 26.39 38.81 30.85

MuSDRI-Mean 22.11 32.14 17.73 22.52 32.75 19.11 22.78 33.50 20.76

RNN BRITS \ 19.60 28.49 19.71 20.32 29.55 20.78 21.70 31.92 23.34

Seasonal Trend Decomposition
+ RNN

STL+-BRITS 84 16.94 24.63 12.30 17.92 26.05 13.20 18.43 27.11 14.42

MSTL+-BRITS {4,12,84} 16.75 24.36 12.05 17.86 25.97 13.41 18.17 26.73 14.05
{12,84} 16.92 24.60 12.43 17.87 25.99 13.18 18.51 27.23 14.57

Fourier-Exogenous-BRITS {4,12,84} 19.21 27.93 19.88 23.21 33.75 21.72 23.66 34.80 23.97
{12,84} 22.62 32.90 20.05 20.97 30.49 23.74 22.34 32.86 25.01

STL+-Exogenous-BRITS 84 18.46 26.85 17.96 19.80 28.80 20.78 20.10 29.56 22.31

MSTL+-Exogenous-BRITS {4,12,84} 17.51 25.46 17.67 18.49 26.89 18.16 20.11 29.57 22.86
{12,84} 18.70 27.19 18.43 19.46 28.30 20.22 20.71 30.46 21.21

MuSDRI {4,12,84} 16.85 24.51 12.15 17.50 25.44 12.85 18.10 26.63 13.71

TABLE IV
PERFORMANCE OF ALL THE IMPUTATION METHODS WITH RESPECT TO THE GAS CONSUMPTION DATA UNDER THE SETTING OF CONSECUTIVE

MISSING

Missing Rate 10% 20% 30%
Method µ MAE(%) MRE(%) MSE(%) MAE(%) MRE(%) MSE(%) MAE(%) MRE(%) MSE(%)

Traditional
Last

\
75.08 116.01 195.84 68.76 97.93 175.95 72.53 102.11 188.78

Mean 63.81 98.59 83.69 68.18 97.11 99.55 68.51 96.45 103.48
KNN 56.77 87.72 71.82 62.49 89.00 92.63 61.57 86.67 88.96

Seasonal Trend Decomposition
+ Traditional

STL+-Last
84

30.57 47.24 40.70 29.48 41.99 35.63 29.24 41.17 29.58
STL+-Mean 18.70 28.90 13.02 22.34 31.82 19.99 21.28 29.96 16.45
STL+-KNN 19.14 29.57 13.64 22.50 32.04 19.18 21.43 30.16 16.29
MSTL+-Last

{12,84}
30.57 47.24 40.70 29.48 41.99 35.63 29.24 41.17 29.58

MSTL+-Mean 18.70 28.90 13.02 22.34 31.82 19.99 21.28 29.96 16.45
MSTL+-KNN 19.14 29.57 13.64 22.50 32.04 19.18 21.43 30.16 16.29
MuSDRI-Last {4,12,84} 31.40 48.53 40.04 30.04 42.79 35.54 29.91 42.10 29.83

MuSDRI-Mean 19.37 29.93 13.19 22.87 32.58 20.01 21.91 30.84 16.73

RNN BRITS \ 20.40 31.53 21.49 23.00 32.76 25.45 21.68 30.52 24.23

Seasonal Trend Decomposition
+ RNN

STL+-BRITS 84 15.94 24.63 10.61 19.08 27.17 15.00 18.62 26.21 14.30

MSTL+-BRITS {4,12,84} 16.11 24.90 10.53 18.68 26.60 14.82 18.76 26.40 14.15
{12,84} 16.06 24.82 10.42 18.97 27.02 15.21 18.82 26.49 14.40

Fourier-Exogenous-BRITS {4,12,84} 25.94 40.08 30.60 30.15 42.94 35.08 32.96 46.40 41.90
{12,84} 23.75 36.71 32.25 30.68 43.69 45.10 33.04 46.50 53.99

STL+-Exogenous-BRITS 84 16.46 25.43 15.95 19.77 28.15 21.30 20.52 28.88 20.57

MSTL+-Exogenous-BRITS {4,12,84} 16.71 25.82 16.49 19.81 28.22 20.45 18.58 26.16 19.16
{12,84} 15.96 24.66 14.72 19.93 28.38 20.36 18.85 26.53 18.56

MuSDRI {4,12,84} 15.67 24.21 10.09 18.97 27.02 14.69 18.55 26.11 14.12

missing values with a ratio of p% (p = 10, 20, 30). Note that
these randomly dropped consecutive data points are from the
set of data without any missing values in the original dataset
such that the ground truth can be obtained. Similarly, three
evaluation metrics, i.e. MAE, MRE, and MSE, are used to
evaluate the performance of the imputation methods.

B. Parameter Selection
The selection of the parameters for the experiments under

the setting of consecutive missing is similar to that under the
setting of point missing as described in Section VII. The only
difference is that for training BRITS, the length of the input
sequences is set to 72 (6 days) instead of 36 (3 days) such
that in the cases of 36 consecutive missing values BRITS may
still extract useful information from the remaining data points
of the sequences.

C. Experiments Results
Table IV shows the performance of all the imputation

methods with respect to the gas consumption dataset under the
setting of consecutive missing. Similar to the results under the

case of point missing, except for Fourier-Exogenous-BRITS,
all the imputation methods integrated with seasonal trend
decomposition outperform their correspondences (Last, Mean,
KNN, BRITS), which again confirms the importance of long-
term features for time series imputation. As aforementioned,
the remainder component extracted by STL+ under the setting
µ = 84 is extremely close to the remainder component
extracted by MSTL+. Therefore, the results of STL+ based
methods and MSTL+ based methods are similar. In general,
the methods that achieve the best performance among the set
of traditional methods are STL+-Mean and MSTL+-Mean.

Under the parameter setting of (µ1 = 4, µ2 = 12, µ3 = 84)
and λ = 0.0, MuSDRI obtains an overall improvement of
18.40% for MAE, 18.41% for MRE, and 45.68% for MSE
compared to the state-of-the-art imputation method BRITS.
In general, MuSDRI outperforms the other five imputation
methods in the group of RNN based imputation methods
integrated with seasonal trend decomposition.

IX. DISCUSSION AND LIMITATIONS

By investigating the experimental results presented in this
paper and other experiments implemented on simulated data,
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we have the following observations.
The superiority of the STL+ based methods against their

correspondences (Last, Mean, KNN, BRITS) on these three
datasets shows the importance of long-term features for time
series imputation. The comparable performance of MuSDRI-
Last and MuSDRI-Mean as to that of STL+-Last and STL+-
Mean on the three datasets demonstrates the learning capa-
bility provided by MuSDRI. Moreover, MuSDRI in general
achieved the best results, which confirms the effectiveness of
its mechanism of adjusting the contribution of various seasonal
decompositions along with the training of the imputation
model.

Overall, STL+-BRITS achieved the second-best perfor-
mance after MuSDRI. For the methods based on MSTL+,
when the time series exhibits multiple seasonal patterns such
as the gas consumption data, the performance is comparable to
the methods based on STL+; but when the time series does not
have an explicit seasonal pattern or only has a strong single
periodicity such as the air quality data and the water pressure
data, the performance is inferior to the methods based on
STL+. This shows that the direct use of the MSTL+ heavily
relies on the accurate selection of the cycle lengths of the
time series data, otherwise it will interfere with the imputation
process.

Moreover, the methods with the exogenous training mech-
anism, such as STL+-exogenous-BRITS, MSTL+-exogenous-
BRITS, and Fourier-exogenous-BRITS, generally do not per-
form well, and sometimes their performances are even worse
than that of BRITS. At the same time, STL+-exogenous-
BRITS and MSTL+-exogenous-BRITS are both inferior to
STL+-BRITS and MSTL+-BRITS. These imply that the ex-
ogenous training mechanism may not suit the task of time
series imputation.

When a time series exhibits multiple seasonalities with
different cycle lengths and the longer cycle length can be
divisible by the shorter cycle length such as the gas con-
sumption dataset, the decomposition results of STL+ under the
setting of the longest cycle length is similar to that of MSTL+

under the setting of a combination of all the cycle lengths. In
such cases, STL+-BRITS can achieve comparable performance
as that of the imputation methods integrated with multi-
seasonal decomposition such as MSTL+-BRITS and MuSDRI.
However, the application of STL+-BRITS or MSTL+-BRITS
relies on the accurate selection of the cycle lengths of a time
series. The advantage of MuSDRI is that it does not require an
accurate prior knowledge of the seasonalities of the time series.
By including some well-known cycles of human activities,
e.g., short cycle, daily cycle, weekly cycle, etc., MuSDRI can
then automatically learn their contributions with respect to the
imputation task.

Time complexity is also an important factor to be consid-
ered. The main operations in STL+ include loess smoothing
and moving average. Each loess operation is only performed
at a fixed subset of time points and interpolated elsewhere.
Since STL+ only linearly interpolates between data points, it
keeps the computation time linear in µn where µ is the cycle
length and n is the length of the time series. Moreover, in
most cases the cycle length is much smaller than the length

of the time series, i.e. µ << n. Therefore, compared to RNN-
based imputation methods such as BRITS, the computational
cost added by STL+ is neglectable.

As shown in Section VII and VIII, the application of
MuSDRI is limited to the time series with missing values
less than or equal to 30% as it is difficult for STL+ to
effectively extract the trend and seasonal information from
data containing more missing values. Except for the energy
consumption dataset, in the rest of the three real-world datasets
used in this paper, the amount of missing values is relatively
small (15.1%, 4.1%, 5.1%) and we argue this usually holds for
time series data collected from real-world applications. That
is, MuSDRI can be applied to a broad range of real-world
datasets.

X. CONCLUSION

In this paper, we carry out an extensive investigation of
different paradigms of time series imputation methods to
capture temporal dynamics from both a long-term and a short-
term perspective. In particular, we propose a new learning
paradigm called MuSDRI to impute the missing values in
multivariate time series.
• On the one hand, MuSDRI makes use of the time se-

ries decomposition method STL to extract the long-term
dynamics with multiple seasonal patterns. On the other
hand, MuSDRI takes advantage of the multi-seasonal
decomposition results and adapts the state-of-the-art RNN
based imputation method to refine the learning of short-
term dynamics.

• MuSDRI provides a mechanism to learn the contributions
of multiple seasonal decompositions with respect to the
imputation accuracy, which is able to deal with both
situations when there is a strong single seasonal pattern
as well as when no single seasonal pattern stands out.

• Through a set of experiments with three real-world
datasets, we show that MuSDRI achieves more accurate
results for the imputation task under both settings of point
missing and consecutive missing.

For future work, we intend to investigate ways of setting
up interactions between the Multi-seasonal Decomposition
module and the Recurrent Imputation module such that the
imputation results can also be used to refine the time series
decomposition.
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