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Missing Time Series Sensor Data
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Abstract—Missing data are unavoidable in wireless sensor
networks, due to issues such as network communication out-
age, sensor maintenance or failure, etc. Although a plethora of
methods have been proposed for imputing sensor data, limita-
tions still exist. First, most methods give poor estimates when a
consecutive number of data are missing. Second, some methods
reconstruct missing data based on other parameters monitored
simultaneously. When all the data are missing, these methods
are no longer effective. Third, the performance of deep learn-
ing methods relies highly on a massive number of training data.
Moreover in many scenarios, it is difficult to obtain large vol-
umes of data from wireless sensor networks. Hence, we propose a
new sequence-to-sequence imputation model (SSIM) for recover-
ing missing data in wireless sensor networks. The SSIM uses the
state-of-the-art sequence-to-sequence deep learning architecture,
and the long short-term memory network is chosen to utilize
both past and future information for a given time. Moreover,
a variable-length sliding window algorithm is developed to gen-
erate a large number of training samples so the SSIM can be
trained with small data sets. We evaluate the SSIM by using real-
world time series data from a water quality monitoring network.
Compared to methods like ARIMA, seasonal ARIMA, matrix
factorization, multivariate imputation by chained equations, and
expectation–maximization, the proposed SSIM achieves up to
69.2%, 70.3%, 98.3%, and 76% improvements in terms of the
root mean square error, mean absolute error, mean absolute per-
centage error (MAPE), and symmetric MAPE, respectively, when
recovering missing data sequences of three different lengths. The
SSIM is therefore a promising approach for data quality control
in wireless sensor networks.

Index Terms—Deep learning, imputation, sequence-to-
sequence, time series, wireless sensor networks.

I. INTRODUCTION

W IRELESS sensor networks are in widespread use in
various application areas such as agriculture, industry,

and environment. High frequency measurements can reveal
complex temporal dynamics that may be obscured by tradi-
tional sampling methods, and offer new insights into the inner
workings of a monitored system [1]. However, the issue of
missing data is relatively common in wireless sensor networks

Manuscript received February 10, 2019; accepted March 19, 2019. Date of
publication April 3, 2019; date of current version July 31, 2019. This work was
supported by the CSIRO Digiscape Future Science Platform. (Corresponding
author: Yi-Fan Zhang.)

Y.-F. Zhang and P. J. Thorburn are with the Department of Agriculture and
Food, CSIRO, Brisbane, QLD 4067, Australia (e-mail: yi-fan.zhang@csiro.au;
peter.thorburn@csiro.au).

W. Xiang is with the College of Science and Engineering, James Cook
University, Cairns, QLD 4878, Australia (e-mail: wei.xiang@jcu.edu.au).

P. Fitch is with the Department of Land and Water, CSIRO, Canberra, ACT
2601, Australia (e-mail: peter.fitch@csiro.au).

Digital Object Identifier 10.1109/JIOT.2019.2909038

and can have a negative effect on the conclusions drawn from
the data [2], [3].

Data imputation is a process for constructing missing val-
ues based on known data points. Using statistics (e.g., mean,
median, or mode) for imputation can obtain good estimates of
missing data when a time series has few discrete missing val-
ues. However, it is difficult to recover the consecutive missing
sensory data.

Considering that a wireless sensor network usually moni-
tors multiple parameters, another commonly used approach is
to reconstruct the missing parameter based on other available
parameters in the data sets. For example, Zhou and Huang [4]
proposed an iterative imputing network to recover missing
sensor data. In their approach, all supportive parameters are
available and the authors do not consider missing data blocks.
An auto-encoder neural network is proposed by Leke et al. [5]
to predict missing data in the forest fire data set from the
UCI data repository [6]. In many practical systems, all mon-
itored parameters tend to get lost in the same period of time
due to network or power outage issues. In this event, one
can no longer predict the missing data points based on other
parameters.

On the other hand, deep learning methods have been
widely used in recovering missing sensor data in recent
years [7], [8]. Though deep neural network models exhibit
outstanding performance for wide-ranging data sets, the data-
driven modeling approach necessitates huge volumes of train-
ing data. However, due to high costs of sensor probes, poor
working conditions, or limited power supply, most wireless
sensor networks only collect time series data with limited
time indexes. For these systems, traditional deep learning
techniques are ineffective.

Sliding window algorithms are prevalent in generating time
series training samples for deep learning models [9]–[14].
The generic sliding window (GSW) algorithm generates sam-
ples with historical information as inputs, while the sliding
window algorithm with future information (SWF) approach
also includes observations from future time steps into each
sample. Most recurrent neural network (RNN)-based data
imputation models [9]–[11] use GSW for generating training
samples. In addition, SWF is employed in some data-driven
models [12]–[14] so the information before and after a miss-
ing reading’s time index can both be utilized. An additional
attribute of these approaches is that the size of the slid-
ing window is fixed. When a wireless sensor network has
not accumulated sufficient observations, the performance of
deep learning models is inevitably affected by the insufficient
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number of training samples yielded by the GSW and SWF
algorithms. Thus, a sliding window algorithm with a variable-
length window size is highly desirable in processing time
series data sets with small numbers of measurements.

Recently, sequence-to-sequence models in deep learning
have achieved state-of-the-art results in many areas such
as machine translation [15], image caption generation [16],
and speech recognition [17]. The general architecture of the
sequence-to-sequence model allows one to generate arbitrary
target data from input data of variable length, which is suit-
able for recovering missing data sequences. In addition, most
implementations of the sequence-to-sequence models employ
long short-term memory network (LSTM) [18] layers as hid-
den units. This architecture is able to utilize more contexts
and previous sequence regulations, which is important in
processing time series sensor data.

In this paper, we propose a sequence-to-sequence imputa-
tion model (SSIM) for recovering variable-length missing data
sequences in wireless sensor networks. The main contributions
of this paper include the following.

1) We design a deep imputation model with a new
sequence-to-sequence architecture. To our best knowl-
edge, no other sequence-to-sequence model has been
built for sensor data imputation to date. Our model is
able to recover missing data sequences based on the
information from both past and future time indexes.

2) We develop a variable-length sliding window (VLSW)
algorithm to enhance training sample generation.
Compared to traditional sliding window algorithms, the
VLSW algorithm is able to yield a larger number of
training samples from the same data sets. This allows us
to train deep learning models based on small time series
data sets, which significantly extends the applicability
and versatility of deep learning models.

II. PROBLEM OVERVIEW AND FORMULATION

In most wireless sensor networks, sensors work collabora-
tively to monitor various characteristics of a target system.
For example, electrode-based measurements of pH, conduc-
tivity, temperature or other parameters are now common in
stream and watershed monitoring systems [1]. These param-
eters can give us a good understanding of the physical,
chemical, and biological characteristics of the hydrological
system in question.

In these cases, the assumption is that the distributions of
the missing and complete data are the same and the missing
data can be predicted from the complete data [19]. This type
of missing data mechanism is dubbed missing completely at
random (MCAR). It is assumed by most of existing missing
data imputation methods [20] and thus it is also assumed in
this paper.

Fig. 1 illustrates a common scenario for missing time series
sensor data. In this case, all the sensor data during the same
period of time are missing. This can be caused by a vari-
ety of factors including unstable sensor power supply, data
transmission errors or regular device maintenance.

Fig. 1. Time series with continuous missing data. Gray blocks highlight
the available time series data (red solid lines), while the white blank spaces
represent the missing data sequences for different time series.

To formulate the problem, let us assume there are n num-
bers of time series generated by various sensor probes in a
wireless sensor network under consideration. Each time series
has numerical values with the same time interval. All the time
series TS can be represented as follows:

TST = {ts1, ts2, . . . , tsn}. (1)

As shown in Fig. 1, partial consecutive data points in
multiple periods of time are missing for all the time series
TS. Let di and tsi\di denote the missing data and the remain-
ing data in time series tsi, respectively. Hence, all the available
data in the wireless sensor network can be represented by

RT = {ts1\d1, ts2\d2, . . . , tsn\dn} (2)

where \ represents the operation of removing elements from
a sequence.

For a single time series tsk, our goal is to obtain good esti-
mates for the missing data sequence dk by learning from all
the available data R. In this problem, it is assumed the size
of the remaining data is much bigger than that of the missing
data, so that the chosen model will have enough information
to learn

∀i ∈ {1, . . . , n}, di = f (R) (3)

where f is the function that the model is going to learn.
To solve the above problem, our idea is to first design a

deep learning model so as to learn the temporal relationships
among multiple time indexes and the n monitoring parameters.
Second, we split the remaining data R into the training and
validation sets and then generate a large number of training
samples. Third, we train the proposed model and apply it to
the test data for performance evaluation.

III. PROPOSED SEQUENCE-TO-SEQUENCE

IMPUTATION MODEL

In this section, we propose a sequence-to-sequence model
with the attention mechanism to solve the missing sensory
data recovery problem formulated in Section II. The model is
designed to accept and output variable-length data sequences,
which is important in recovering a consecutive number of
missing data in wireless sensor networks. Furthermore, a
VLSW algorithm is designed to train our proposed model
on small data sets, which significantly widens the scope and
applicability of our proposed model.



6620 IEEE INTERNET OF THINGS JOURNAL, VOL. 6, NO. 4, AUGUST 2019

Fig. 2. SSIM architecture. The encoder in the SSIM is a BiLSTM, which
is comprised of a forward LSTM and a backward LSTM. The decoder in the
SSIM is an unidirectional LSTM. The dropout layers are also included in both
encoder and decoder. A masking layer is added to remove the zero-padded
vectors in the input sequences. A dense layer with linear activation function
is stacked to product predictions with continues values.

A. SSIM

The SSIM utilizes the sequence-to-sequence architecture
with the attention mechanism as depicted in Fig. 2, where the
encoder and decoder are two key functional components. The
encoder processes an input time series and maps it to a high-
dimensional vector. The decoder takes input from the vector
and yields target data sequences. Also, the attention mecha-
nism enables the decoder learn how to focus on a specific
range of the input sequence for the differing outputs.

1) BiLSTM Encoder: As opposed to the general prediction
problem in which only past data are available, the missing
data recovery problem formulated in Section II is different in
the sense that one can use both past and future data points
to reconstruct the missing data. Hence, we choose the bi-
directional LSTM (BiLSTM) network as the encoder in our
proposed SSIM.

The BiLSTM [21] extends the generic LSTM. It utilizes
both previous and future context by processing the input data
sequences from two directions with two separate LSTMs.

The general input of the LSTM is a variable-length sequence
x = {x1, x2, . . . , xn} where xi ∈ R

d and d represents the fea-
tures in each time index i. In each time index, the LSTM
maintains its internal hidden state h, which results in a hid-
den sequence of {h1, h2, . . . , hn}. The hidden vector ht at time
index t is updated as follows:

it = σ(Wxixt +Whiht−1 + bi) (4)

ft = σ(Wxf xt +Whf ht−1 + bf ) (5)

ct = ft ⊗ ct−1 + it ⊗ tanh(Wxcxt +Whcht−1 + bc) (6)

ot = σ(Wxoxt +Whoht−1 + bo) (7)

ht = ot ⊗ tanh(ct) (8)

where i, f , and o refer to the input, forget, and output gates,
respectively. c, σ , and ⊗ represent the cell vector, the sigmoid
function, and the element-wise multiplication.

In a BiLSTM, instead of having only one sequence of h,
the BiLSTM reads the input sequences from two directions to
output two sequences with hidden states, namely: the forward
states

−→
h = {−→h1 ,

−→
h2 , . . . ,

−→
hn } and the backward states

←−
h =

{←−h1 ,
←−
h2 , . . . ,

←−
hn }. Then, the hidden states at time index i are

concatenated as follows:

hi = [
−→
hi ;←−hi ]. (9)

The output of the BiLSTM encoder is a sequence of hidden
states {h1, h2, . . . , hn}, which has the same length n as the
input sequence x.

2) LSTM Decoder With Attention: The decoder is respon-
sible for recursively generating the output sequence y =
{y1, y2, . . . , ym}. In this part, we choose the LSTM decoder
with the attention mechanism similar to the global attention
mechanism proposed by Luong et al. [22].

Unlike conventional sequence-to-sequence models designed
for natural language processing, the data imputation problem
under consideration in this paper requires outputs with con-
tinuous values. Hence, instead of calculating the probability
distribution over next possible outputs, a fully connected layer
with a linear activation function is added on top of the LSTM
layer to produce predictions with continuous values. For the
decoder, the estimated yt at time t is computed as follows:

yt = Linear(W[st; ct]+ b) (10)

st = LSTM(yt−1, st−1, ct) (11)

where st is the hidden state of the decoder at time index t,
ct is the attention context vector, and [st; ct] is a concatena-
tion of the decoder hidden state and the context vector. The
parameters W and b map the concatenation to the size of the
decoder hidden states, and the linear layers product the final
prediction yt.

In each encoding time index t, the attention context vector
ct can be described as a weighted sum of the hidden states
passed by the BiLSTM encoder

ct =
n∑

i=1

αtihi. (12)

The weight αti of each hidden states hi is computed by

eti = a(st−1, hi) (13)

αti = softmax(eti) (14)

where eti represents the correlation between the hidden states
around hi and the output at time t. a is a feed-forward
network that can be jointly trained with other components of
the LSTM Decoder. A softmax activation function is applied
to eti to ensure that the sum of all the attention weights is
normalized to 1.

Intuitively, this implements a mechanism of attention in the
decoder. The decoder decides parts of the input sequence it
pays attention to. By giving the decoder an attention mech-
anism, the information can be spread throughout the data
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Fig. 3. Illustration of the GSW algorithm. The green and blue blocks rep-
resent the input and output time series, respectively. One training sample is
comprised of the two time series.

sequence, which can be selectively retrieved by the decoder
accordingly [23].

As can be observed from Fig. 2, after taking input from
the time series data, the model’s masking layers filter out the
zero-padded vectors in the input data samples and pass them
to the BiLSTM encoder. The encoder processes data in each
time index along both forward and backward directions, and
generates a hidden output vector. The hidden vector is then
processed by the LSTM decoder and the target sequence is
generated recursively by the final dense layer. During this pro-
cess, the decoder calculates the attention weights in each time
index so that it can focus on specific parts of the input to
obtain relevant information.

B. Variable-Length Sliding Window Algorithm

When using deep learning models for processing time series
data, an important task is to extract subsequences as train-
ing and testing samples from the original long time series. In
this section, we will discuss two commonly adopted sliding
window algorithms and then propose a new VLSW algorithm.

1) Generic Sliding Window Algorithm: In order to gener-
ate training samples, one first choose the lengths of the input
and output sequences as desired. After that, a window with a
fixed length is constructed (e.g., the window length is eight
in Fig. 3). The traditional sliding window algorithm works
by anchoring the left side in the first time index of a time
series, and then keep moving until the right side of the win-
dow reaches the end of the time series. During the moving,
the training sample in each moving step is generated.

2) Sliding Window Algorithm With Future Information:
When recovering the missing data, if we treat the output time
series as the target data sequence we tend to reconstruct, it
is clear that the information in the upcoming time indexes
has not been included in each sample (blue boxes depicted
in Fig. 3). In this approach, deep learning models can only
learn to reconstruct the missing data based on the previous
information (green block in Fig. 3). This means half of the
useful information is not fully utilized.

Instead of using only the previous information, an improved
sliding window algorithm is illustrated in Fig. 4, in which both
time sequences before and after the missing data are included
as the input time series.

Although the improved sliding window algorithm in Fig. 4
can generate samples with information from both past and
future time indexes, a challenge comes about, when dealing
with time series data with small numbers of time indexes. Let
|IL|, |IR|, |O|, and |T| denote the length of the input time
series on the left, the input time series on the right, the output
time series, and the original time sequence, respectively. The

Fig. 4. Illustration of the SWF. The green and blue blocks represent the
input and output time series, respectively. One training sample consists of the
two time series.

Fig. 5. Illustration of the proposed VLSW algorithm. The green and blue
blocks represent the input and output time series, respectively. One training
sample is composed of the two time series.

number of total samples N generated by the GSW and SWF
algorithms can be expressed as follows:

N = |T| − |IL| − |O| − |IR| + 1

|IL| + |O| + |IR| ≤ |T|. (15)

As can be seen from (15), when |T| is small, N also has
a small value. When processing a time series with a small
number of time indexes, these two algorithms cannot pro-
vide enough samples, which is essential for training any deep
learning models.

3) Variable-Length Sliding Window Algorithm: In this
paper, we propose a VLSW algorithm, which makes use
of the information from both past and future time indexes.
Furthermore, by dynamically changing the length of the input
sequences in the process of sampling, the proposed VLSW
algorithm can generate a much greater number of samples,
which is important for implementing deep learning models.

Fig. 5 illustrates how the proposed VLSW algorithm works.
In the VLSW algorithm, both |IL| and |IR| change during
the sampling progress. Assume that |IL| changes dynamically
between m and n, while |IR| changes dynamically between o
and p. We have

N =
n∑

i=m

p∑

j=o

|T| − i− |O| − j+ 1

= (p− o+ 1)(n− m+ 1)
[
2(|T| − |O| + 1)− (m+ n+ o+ p)

]

2
n+ p+ |O| ≤ |T| (16)

where m and n indicate the minimum and maximum lengths
of |IL|, respectively, while o and p represent the minimum and
maximum lengths of |IR|, respectively.

As can be observed from (15) and (16), the GSW and SWF
algorithms are indeed two special cases of the proposed VLSW
algorithm. We can derive the GSW algorithm by setting o =
p = 0 and m = n ≥ 1 in (16). Similarly, the SWF algorithm
can be obtained by fixing o = p ≥ 1 and m = n ≥ 1 in (16).
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Algorithm 1 VLSW Algorithm
Input: T for the original time series, m and o for the minimum

lengths of the left and right input sequences, n and p for
the maximum lengths of the left and right input sequences,
and q for the length of the output sequence.

Output: S for all the samples. In S, Sin and Sout represent
input and output sequences.
Initialisation : S← {(, )}, IL, O, IR, M, sin, sout ← {},
Sliding window:

1: for i = m to n do
2: for j = o to p do
3: for k = 1 to |T| − i− q− j+ 1 do
4: IL← {Tk, . . . , Tk+i−1}
5: O← {Tk+i, . . . , Tk+i+q−1}
6: IR← {Tk+i+q, . . . , Tk+i+q+n−1}
7: M← {x|x = 0}, |M| = |O|
8: sin ← IL ∪M ∪ IR
9: sout ← O

10: S← {(sin, sout)} ∪ S
11: end for
12: end for
13: end for
14: return S

Furthermore, (16) leads up to the ratio of the number
of samples generated by the proposed VLSM algorithms to
those generated by its GSW and SWF counterparts. We can
formulate the ratio to

NVLSM

NGSW
≈ NVLSM

NSWF
≈ (p− o+ 1)(n− m+ 1) (17)

where NVLSM, NGSW, and NSWF represent the number of sam-
ples generated by the corresponding algorithms, respectively.

It should be taken note in Algorithm 1 that the VLSW
algorithm pads a zero vector M between the IL and IR
(lines 7 and 8) when generating the input sequence for each
sample.

For example, a sample has input sequence {x1, x2, x5, x6}
and output sequence {x3, x4}. By padding zero vectors, one
forces the SSIM to learn function f in a way described in the
following equation:

{x3, x4} = f (x1, x2,
−→
0 · x3,

−→
0 · x4, x5, x6). (18)

In this way, one can keep the original time structure for
each sample. More specifically, the deep learning model would
learn that IL ({x1, x2}) and IR ({x5, x6}) are not adjacent. In
the SSIM architecture depicted in Fig. 2, a masking layer is
added to ignore the zero vectors when calculating the hidden
states.

4) Time Complexity Analysis: The time complexity of an
algorithm is the total amount of time required by an algorithm
to accomplish its tasks. A time-efficient algorithm is essential
when used to solve large-scale practical problems. In this sec-
tion, the time complexities of all the three sliding window
algorithms are discussed.

As can be observed from Algorithm 1, the operations from
lines 4 to 10 have the time complexity of O(1), the operation

in line 14 has a time complexity of O(1), and the input/output
variable initialization also has a time complexity of O(1). In
addition, the loop in lines 1–3 would execute n−m+1, p−o+1,
and |T|−i−q−j+1 times, respectively. Hence, considering the
overall time complexity of the VLSW algorithm is determined
by both size of the sliding window problem and execution time
of the loop operations, we have

O = O((n− m+ 1) ∗ (p− o+ 1) ∗ (|T| − i− q− j+ 1))

+ 2 ∗O(1). (19)

Considering (16), (19) can be rewritten as

O = O
(

(p− o+ 1)(n− m+ 1)
[
2(|T| − q+ 1)− (m+ n+ o+ p)

]

2

)

+ 2 ∗O(1). (20)

In the VLSW algorithm, the inputs n, m, o, p, and q are
constants and their values are assigned before the execution
of the algorithm. The size of the sliding window problem is
determined by the length of the original time series |T|. Hence,
the time complex O in (20) simplifies to

O = O(|T|)+ 2 ∗O(1) = O(|T|). (21)

As discussed in the previous section, the GSW and SWF
algorithms are two special cases of the proposed VLSW algo-
rithm. Therefore, we can derive the time complexities of the
GSW and SWF algorithms in a similar manner, which can be
shown to be O(|T|).

It is concluded that all the three algorithms have the same
linear time complexity O(|T|). This means that the running
time increases at most linearly with the length of the input for
all the three sliding window algorithms, which is critical for
processing large-scale time series data.

IV. EVALUATION

In this section, we evaluate the effectiveness of the SSIM
by using the water quality time series data collected by a
government water quality monitoring program in Australia.

A. Time Series Data and the Monitoring Sensor Network

The Great Barrier Reef Catchment Loads Monitoring
Program tracks long-term trends in water quality entering the
Great Barrier Reef lagoon from adjacent catchments [24]. This
involves monitoring 43 sites in 20 key catchments for sedi-
ment and nutrients and a further 19 sites for pesticides. Water
quality data are integrated automatically into a cloud-based
data monitoring platform via 4G networks. Each monitoring
site deploys advanced water quality sensors. For example, the
YSI EXO2 multiparameter sonde is installed for measuring
the concentration of nitrogen. Also, weather stations deployed
by Australian Bureau of Meteorology [25] were also used to
provide rainfall information in this paper.

Data were collected from two monitoring sites in the
Mulgrave-Russell catchment in the Great Barrier Reef,
Australia (Table I). Water quality data usually exhibit charac-
teristics such as non-normal distribution, presence of outliers
or serial dependence, which can impact the performance
of data-driven models significantly [26]. For example, the
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TABLE I
WATER QUALITY DATA DURING JANUARY 1, 2017 AND MAY 1, 2018

Fig. 6. Distribution of rainfall and nitrate concentrations during
January 1, 2017 and May 1, 2018.

distribution of rainfall data during this observation period was
highly skewed to the right (Fig. 6), which is affected by the
wet/dry season pattern. Similarly, the distribution of nitrate
is right skewed and a large number of observations are near
zero. These attributes of the data pose great challenges to train
data-driven deep learning models.

Among the above water quality parameters, nitrogen is
known to be the most influential one affecting the health of
the Great Barrier Reef, and the cost of measuring nitrogen
is prohibitively high [27]. Hence, we choose to recover the
missing nitrogen sensory data in the monitoring data sets.
Our model is applied to the water quality data collected from
January 1, 2017 to July 31, 2017 and September 1, 2017 to
March 31, 2018 as the training set. The water quality data
collected in August 2017 and April 2018 were chosen as the
test set. Overall, the model uses 14-month training data and
2-month testing data.

B. Evaluation Metrics and Baseline Methods

We evaluate the performance of recovering missing data
based upon the root mean square error (RMSE), mean absolute
error (MAE), mean absolute percentage error (MAPE), and
symmetric MAPE (SMAPE)

RMSE =
√√√√1

n

n∑

i=1

(|fi − f̂i|)2 (22)

MAE = 1

n

n∑

i=1

|fi − f̂i| (23)

MAPE = 100

n

n∑

i=1

∣∣∣∣∣
fi − f̂i

fi

∣∣∣∣∣% (24)

SMAPE = 200

n

n∑

i=1

fi − f̂i

|fi| + |f̂i|
% (25)

where fi and f̂i are the true and estimated values of a parameter
under monitoring, respectively.

Metrics suited for evaluating the accuracy of prediction vary
in practice, and each metric has its own pros and cons [28]. In
this paper, we employ two types of metrics. That is, the RMSE
and MAE are scale-dependent metrics, while the MAPE and
SMAPE are percentage-error metrics. The metrics are chosen
based on the characteristics of the data imputation problem in
question.

Despite issues such as high sensitivity to outliers, the RMSE
is commonly used in statistical model evaluation [29]. The
MAE reduces the impact of outlying observations. However, it
cannot indicate the bias of the prediction, i.e., under-predicting
or over-predicting [30]. For percentage-error metrics, the
MAPE places a heavier penalty on forecasts that exceed the
actual than those that are less than the actual. The SMAPE is
defined as the symmetric MAPE to address the above issue.
Nevertheless, it penalizes low forecasts more than high ones,
and thus favors higher predictions than lower ones [31].

The water quality sensor data used in this experiment have
its unique characteristics. First, several water quality parame-
ters stay at low levels for a long period of time. Second, high
concentration of nitrogen only occurs in short periods of time,
but nitrogen is the most critical variable in water quality mon-
itoring. Furthermore, outliers are inevitable in water quality
monitoring thanks to environmental interference.

Hence, it is desired that the proposed data imputation model
delivers a constant performance irrespective of the level of the
nitrogen concentration. In addition, the model should avoid
inherent prediction bias so it would not tend to produce neg-
ative or positive errors. Given this consideration, the RMSE
and MAE can provide an assessment of the model’s overall
performance. In addition, the RMSE can also reveal whether
the model’s performance is affected by outliers. The value of
the MAPE and SMAPE indicate whether the model has more
negative (y < ŷ) or positive errors (y > ŷ). Overall, the use
of all the aforementioned four metrics helps reveal a broader
range of characteristics of the water quality data and provides
a better insight into the SSIM’s imputation accuracy.

In the experiments, we also compared our model with
the following five data imputation methods. Among these
methods, ARIMA [32] and SARIMA [33] are specifically
designed for time series processing. The matrix factoriza-
tion (MF) method in [34] imputes missing data based on
matrix calculations. The multiple imputation by chained equa-
tions (MICE) method in [35] combines the simple imputation
with regression models. The expectation–maximization (EM)
scheme in [36] is a probabilistic imputation method.

C. Model Parameters

In order to use the proposed SSIM for recovering miss-
ing time series data, two important sets of parameters
need to be determined: 1) the parameters for generating
the training/testing samples and 2) the hyperparameters of
the SSIM.
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TABLE II
INITIALIZATION PARAMETERS FOR THE VLSW ALGORITHM

TABLE III
HYPERPARAMETERS OF THE SSIM

TABLE IV
NUMBER OF GENERATED TRAINING SAMPLES

In the proposed VLSW algorithm listed in Algorithm 1,
five parameters m, n, o, p, and q need to be initialized,
representing the minimum and maximum lengths of the left
input sequence, the minimum and maximum lengths of the
right input sequence, and the length of the output sequence,
respectively.

For the water quality sensory data collected from the Great
Barrier Reef lagoon, the maximum period of missing val-
ues is only five days thanks to regular maintenance of the
sensors. Hence, the horizon of prediction (q) is set to five
in experimental case 1 to fit the data imputation problem
under consideration in this paper. Furthermore, to evaluate
the performance of the SSIM in recovering missing data
of variable lengths, two extra experimental cases are added
with output data sequences of lengths six and seven. All the
parameters are listed in Table II.

The parameters in Table II are settled so as to obtain the
weekly variation of water quality, which can bring valuable
temporal information to the imputation methods. By using the
parameter values in Table II, our proposed VLSW algorithm
can generate a large number of samples for training and testing
the SSIM. In addition, 10% of the data in the training is set
to the validation set in each experimental case.

The structure of the SSIM also needs to be determined.
The hyperparameters include the number of hidden layers, the
number of hidden LSTM units in each layer, the dropout rate,
the loss function, and so on. The SSIM is implemented and
optimized by using the Keras neural network framework [37].
The optimized hyperparameters are shown in Table III.

The MSE is a mathematically well-behaved function, which
is smoothly differentiable and easy to compute the gradient.
Hence, the MSE is chosen as the loss function for training the
SSIM.

Fig. 7. Training and validation loss of the SSIM over 25 epochs. In this
plot, the training loss is slightly higher than the validation loss because the
dropout layer is actived during training.

Fig. 8. Recovering six missing nitrogen data from August 21, 2017 to August
26, 2017 by using SSIM. Blue solid line and orange dotted line represent the
ground truth data and the imputations generated by SSIM, respectively. The
seven days’ data comes before and after this period of time are used as inputs.

In our experiments, the model structure is identical in all
the three experimental cases, which includes all the hyperpa-
rameters listed in Table III. Applying the same SSIM for all
the three experimental cases ensures a fair comparison among
the comparative data imputation methods.

However, in practical applications, both VLSW’s configu-
rations and SSIM’s hyperparameters vary in accordance with
diverse data imputation problems. The settings of the VLSW
algorithm should take into account the properties of the data
sets in question. Furthermore, fine-tuning hyperparameters in
consideration of each specific case can significantly improve
the model’s performance.

D. Experimental Results and Discussion

In the experiments, we first generate all the training sam-
ples using three sliding window algorithms discussed in
Section III-B. In the comparison, the GSW algorithm generates
samples with seven historical data points, the SWF algorithm
generates samples with seven historical and seven future data
points, while the proposed VLSW has initialized parameters
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(a) (b)

(c) (d)

Fig. 9. Evaluation of missing data imputation using four metrics in three cases. (a) RMSE of six different methods in three cases. (b) MAE of six different
methods in three cases. (c) MAPE of six different methods in three cases. (d) SMAPE of six different methods in three cases.

defined in Table II. The numbers of generated training samples
for the three comparative algorithms are listed in Table IV.

As shown in Table IV, both GSW and SWF algorithms
can only generate around 400 training samples, which is too
small for training neural network models, especially when the
models have deep structures.

By comparison, our proposed VLSW algorithm is able to
generate over 14 000 training samples from the same time
series data set, which is about 36 times higher than the com-
parative sliding window algorithms. This meets the ratio we
derive from (17), and the number of training samples can
be even greater if one adjusts the initialization parameters in
Algorithm 1. This is because the VLSW algorithm can dynam-
ically adjust the size of the sliding window in the process
of samples generation. This ensures a significant number of
samples for training the SSIM.

We trained the SSIM on a CSIRO’s HPC server with 1
Core Xeon E5-2690 and 16-GB memory. Fig. 7 illustrates the
variation of the training and validation losses through the first
25 epochs. It is apparent that the model’s training and valida-
tion loss are both reduced dramatically in the first ten epochs,
and then keep decreasing during the training process until
the model converges. In this experiment, the best SSIM was
obtained after around 1500 epochs. Each epoch was completed
within 60 s.

A data imputation example is illustrated in Fig. 8. For the
SSIM, the missing data points are predicted one by one from
August 21, 2017 to August 26, 2017. Each time the model
yields one output, it will combine this output with the previous
inputs to generate the next new output, as illustrated in the
decoder structure in Fig. 2. Generally, this predictive mecha-
nism may accumulate predictive errors among time, resulting
in bad predictions for the last few missing data.

The above issue is properly dealt with our proposed VLSW
algorithm in conjunction with the BiLSTM encoder. In the
VLSW algorithm, future data points are fed to the input time
sequences. Hence, the hidden vector received by the decoder
contains information from both past and future time indexes.
Moreover, the BiLSTM encoder is able to exploit both forward
and backward temporal dependencies. Hence, the prediction
of the last few missing data points can be enhanced by pro-
cessing the input time series in a reversed way. For example,
though the trend of nitrogen has been decreasing since August
21, 2017, the imputed data on both August 25, 2017 and
August 25, 2017 were not greatly reduced. This is because the
imputation was also guided by the information from August
27, 2017 to September 2, 2017.

We also compared the SSIM with five different data imputa-
tion methods listed in Section IV-B. Four distinct performance
metrics were used in measuring the imputation accuracy with
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TABLE V
PERFORMANCE IMPROVEMENTS ACHIEVED BY THE SSIM

results listed in Fig. 9. All the methods were evaluated under
the three cases defined in Table II. These benchmark methods
require different input formats. For ARIMA and SARIMA,
seven historical data points are used for inputs. In addition,
the order of ARIMA and SARIMA are estimated by using a
grid search procedure. EM, MF, and MICE impute missing
data by using all the remaining data sets. The parameters of
our model are listed in Section IV-C.

It is clear that the SSIM offers the best performance for the
four metrics under all the three cases. For instance, the SSIM
achieves 2.87, 3.11, and 3.29 RMSE scores in cases 1–3,
respectively, as can be observed from Fig. 9(a). On the con-
trary, the best benchmark method MICE can only achieve
6.51, 6.57, and 6.64 for the three cases. Similarly, MICE
also achieves the best MAE scores among all the compara-
tive methods in all the three cases. However, MICE’s MAE
scores are still much worse than those of the SSIM [Fig. 9(b)].

The SSIM exhibits a remarkable performance when eval-
uated in the MAPE. The SSIM achieves 19.25%, 20.74%,
and 23.45% MAPE scores in the three cases [Fig. 9(c)]. The
best benchmark method is SARIMA in this evaluation but
its performance is at least 27 times worse than ours. This is
because the MAPE metric is sensitive when the ground truth
values are near zero. When this occurs, biased predictions can
result in very large MAPE value. In our experimental data,
the concentration of nitrogen fluctuates around 0.15 mg/L in
some testing time indexes, and can be as low as 0.1 mg/L
(Table I). This also indicates that our model is able to achieve
good imputation results, even when the nitrogen concentration
is low. This is very important for the practical environmental
monitoring systems because the concentration of nitrogen is
usually maintained at a low level when there was less effects
from irrigation or fertilization.

The SMAPE metric is also used in evaluating all the six
comparative methods [Fig. 9(d)]. The way the SMAPE metric
is defined helps diminish reduces the influence of near-zero
values. However, the SSIM still achieves the best SMAPE
scores for all the three cases. The SSIM has achieved 17.11%,
17.66%, and 19.01% SMAPE scores in the three cases, respec-
tively. In this evaluation, SARIMA is also the best benchmark
method but its performance was still worse than that of ours.

Table V summarizes the performance improvements of
the proposed SSIM as opposed to the other five bench-
mark schemes in the three experimental cases. In this
table, the improvement for the RMSE is calculated as
�Improvement = ((RMSEbase − RMSEssim)/RMSEbase) ×
100(%), where RMSEbase is the RMSE for the benchmark
method, while RMSEssim is the RMSE of the SSIM. The

Fig. 10. Box-whisker plot for the MAE derived from the SSIM in three
experimental cases.

performance improvements are calculated in a similar manner
for MAE, MAPE, and SMAPE.

In comparison with the other five comparative data impu-
tation methods, the SSIM is able to improve the performance
of all the metrics for the three cases, as can be observed
from Table V. Our proposed method can achieve up to 69.2%
improvement on the RMSE, up to 70.3% improvement on the
MAE, up to 98.3% improvement on the MAPE, and up to 76%
improvement on the SMAPE. It is evident that the SSIM offers
the best performance among all the comparative methods.

Aside from the overall performance, it is also desirable for
the data imputation methods to provide stable results. Fig. 10
depicts the distribution of the MAE of the SSIM through the
quartiles. In all experimental cases, about 25% of imputed
data pointed yielded by the SSIM have an MAE less than 2.
Moreover, over 75% of imputed data points have an MAE less
than 3 for the first and second cases. When imputing longer
missing time series data in the third case, 75% of the results
generated by the SSIM are still have an MAE less than 3.2.
These results clearly demonstrate that the proposed SSIM is
capable of imputing missing time series data with satisfactory
accuracy for most testing samples.

V. CONCLUSION

Missing data is a common problem in sensor networks. Most
data analytical methods require complete time series sensory
data as inputs, and incomplete data can produce biased results.
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In this paper, a deep learning-based data imputation model
was proposed for recovering missing data sequences in sensor
networks. Our model is designed to impute variable-length of
missing data sequences by utilizing the information from both
past and future time indexes. Moreover, a variable-length slid-
ing window algorithm was developed to enhance the process
of training sample generation. It allows one to generate large
numbers of training samples based upon relatively small data
sets, which is important for training deep learning models.

The experimental results were presented to demonstrate
that the proposed model can recover missing data sequences
more accurately than other benchmark methods, such as
EM, MF, ARIMA, SARIMA, and MICE. Our model was
shown to achieve the best RMSE, MAE, MAPE, and SMAPE
scores in all the three experimental cases. Among the adopted
performance metrics, our model produced outstanding MAPE
scores, which demonstrates the excellent capability of our
model in recovering missing time series data with low val-
ues. This property is significant in recovering environmental
data because natural environment usually contains low level
of some parameters like nitrogen. Furthermore, our model
was able to provide stable imputation results in experiments
we performed, suggesting the proposed approach is very
promising for data recovery problems in sensor networks.

In future work, we intend to make use of sensory data from
other monitoring stations to pretrain the deep learning model.
Also, spatial information will be investigated and integrated
into our model with the objective of further improving the data
imputation accuracy. Furthermore, we will improve our deep
learning model with other architectures such as the convolu-
tional neural network to better exploit the long term temporal
dependencies in time-series sensor data.
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