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Abstract— We have developed a novel method to estimate
missing observations in wireless sensor networks. We use a hierarchical unsupervised fuzzy ART neural network to represent
the data cluster prototypes. We then estimate missing inputs
by using a new spatial-temporal imputation technique. We
have evaluated this approach through experiments on both real
sensor data and artificially generated data. Our experimental
results show that our proposed approach performs better than
nine other estimation algorithms including moving average and
Expectation-Maximization (EM) imputation.

I. I NTRODUCTION
Wireless Sensor Networks (WSNs) have been widely used
for change detection in a previously unknown environment.
An important challenge in WSNs research is to determine a
systematic procedure to train these networks so that they
are sensitive only to “unique” events that are of interest
in specific applications — for example, the use of seismic
sensors (i.e., “unattended ground sensors”) for the purpose
of detecting intruders. To address this challenge, we have
incorporated a machine learning technique into the WSN so
that the networks can automatically learn to recognize normal
and abnormal modes of operation.
Our main research objective is to implement a practical,
scalable and robust anomaly detection system using WSN
and mobile robots in an unknown environment. Therefore,
the algorithm has to be practical to be implemented in
WSNs and the learning should be online and unsupervised.
Our approach makes use of a fuzzy Adaptive Resonance
Theory (ART) neural network, which was first implemented
in a WSN by Kulakov and Davcev [8]. The motivation
for choosing this fuzzy ART model lies in its simplicity
of computation. The fuzzy ART neural network system is
an unsupervised Artificial Neural Network (ANN) that can
perform dimensionality reduction and pattern classification.
Fuzzy ART considers sensor readings from all sensors simultaneously; a change in the combination of sensor readings is
what triggers an anomalous event. This is achieved through
an iterative process of adjusting the weights of interconnections between large numbers of simple artificial neurons.
Additionally, the network can continually learn from new
events without forgetting what has already been learned. No
off-line training phase is required. The algorithm is simple
enough to be implemented on the limited platform of the
Crossbow motes [1], yet still achieve good performance.

In our work to date, we have demonstrated a fundamental
capability for autonomous anomaly detection using a set of
sensor motes and a mobile robot [10].
One major problem that we discovered during the implementation of the fuzzy ART model on physical sensors is that
the performance of the network is often degraded by missing
sensor readings, due to synchronization problems, sensor
faults, communication malfunctions, or malicious attacks.
Thus, this problem is unavoidable in WSNs. However, this
problem was not addressed by Kulakov and Davcev in their
implementation. We have analyzed different ways to estimate
the missing values that do not require significant changes
to our base model and still improve the performance of
the network. (Determining how to substitute for missing
data is called imputation in statistics.) We propose to use
a spatial-temporal replacement scheme that is shown to have
better performance in the experiments compared to other
techniques studied. This imputation technique works better
than others due to the nature of WSNs — the data obtained
by the sensor networks are often correlated over time, and
over space.
In a prior paper [9], we presented aspects of this proposed
approach. This current paper, however, goes beyond this
prior publication by presenting significant new results and
analysis showing the benefit of our proposed approach over
other competing techniques, even for data that has no spatialtemporal correlations.
In the remainder of the paper, we first review related work
in Section II. Then, we define our problem in Section III. Our
approach is presented in Section IV. In Section V, we present
the hardware platform that we have used to test our system.
Our experimental results from the physical experiments are
presented in Section VI. Finally, we summarize our findings
in Section VII.
II. R ELATED WORK
Many machine learning algorithms have been proposed in
the WSN area to detect anomalies in the network communication layer. Examples of these algorithms are Multi-layer
Perceptrons (MLPs) [12], Self-Organizing Maps (SOMs) [4],
and Adaptive Resonance Theory (ART) [3]. The advantages
of using neural networks for this problem are that they can
capture many kinds of relationships, and they allow quick

and easy modeling of the environment. Moreover, ANNs can
be adaptively trained to make decisions successfully even
when the input data are noisy, incomplete, or complex. We
have chosen the fuzzy ART model proposed by Kulakov
and Davcev in [8] for our WSN implementation because of
its unique abilities to learn in a short period of time and
to continually learn from new events [3], [13]. We further
justify the use of fuzzy ART model in our companion paper
[10].
After we extended the original fuzzy ART system to learn
a time-series [10], the performance for anomaly detection
was still unsatisfactory due to missing data. Our experiments
showed that a large percentage of the data are missing due
to unstable wireless communication. Several solutions have
been suggested to tolerate this error at the communication
level such as link quality profiling [14]. Moreover, there
are higher level algorithms developed to estimate missing
sensor data such as Fletcher, et al., [5] who estimated missing
sensor data using a jump linear system and Kalman filtering.
Granger, et al., [6] suggested three different ways to modify
the fuzzy ART neural network to compensate for missing
input data. In this paper, we investigate an imputation scheme
that utilizes time and space information. The advantages of
this scheme are that it requires less memory, less computation
and no offline-training. Our experimental results indicate
that this replacement scheme outperforms the modifications
suggested in [6].
III. P ROBLEM FORMULATION
Let o denote observations made by sensors in the WSN;
oi denotes a vector of collective sensor observations made at
time i and oij = null means the observation of sensor j at
time i is missing. Let c denote class/category, and p denote
the prototype of c. The data is missing at random (MAR);
note that this assumption does not mean that the pattern itself
is random, but rather that “missingness” does not depend on
the data values. Verifying whether the current observation oi
belongs to a pre-existing class/category cn can be conducted
by testing the null hypothesis. Note that c is discrete and we
assume each class/category just has one prototype. For each
n in p, we have:
H0 : oi − pn = 0 versus

H1 : oi − pn 6= 0

(1)

where H0 hypothesizes that the current observation matches
the prototype, meaning that it belongs to one of the preexisting classes; and H1 hypothesizes that the current observation is different from the pre-existing classes, and thus, a
new class cn+1 is generated. Our problem is to estimate the
value of oij when the observation of sensor j at time i is
missing, and to classify oij into one of the classes in c.
IV. A PPROACH
In order to detect abnormal events in a previously unknown environment, we have to first learn an initial model
of the environment online. We assume that this is the normal
model of the environment. Representations of abnormal
states of the environment will not be kept in the sensor nodes

due to memory limitations. Therefore, any events that do
not match the existing normal model are treated as abnormal
events by the sensor motes. In this section, we first introduce
our network architecture; then, we describe the basic fuzzy
ART network.

Fig. 1. Proposed fuzzy ART architecture, extended to estimate missing
data and perform time series analysis.

A. Architecture for the sensor networks
In our approach, sensors are arranged hierarchically, as
shown in Figure 1. The hierarchical structure has been
used in many sensor networks, such as [7]. In our WSN,
sensor nodes are divided into clusters. Each cluster has
a clusterhead and multiple cluster members. Each cluster
covers a geometric region and is responsible for detecting the
environmental changes in that region. Both cluster members
and clusterheads run an identical detection system — a
missing data estimator, a fuzzy ART network, and a Markov
model. Cluster members read in raw sensor readings, si ,
(e.g., light and sound) from the environment as input, and
then classify data into categories ci . After the classification
process, cluster members send their category labels to their
clusterheads. The clusterheads first pre-process the collected
category labels by identifying and estimating the missing
values. Then, the processed categorizations are used as input
to the fuzzy ART neural network and are fused together to
reduce the dimensionality of the data. The output of the fuzzy
ART network is a category label ci . If the category label
does not match one of the existing prototypes, a change is
detected by the system. After the categorization process is
finished, the system further checks whether there are timerelated changes.
Clusterheads may have higher level clusterheads which
classify their output class labels. Finally, the root mote
can obtain the final model of the environment. With this
architecture, our WSN can be easily scaled to large numbers
of sensors. At the same time, this hierarchical approach
reduces communication, which in turn saves energy in the
WSN.
The original fuzzy ART model cannot detect time-related
abnormal events. We use a Markov model to learn a time

series. The details of this approach are addressed in [10].
B. The Fuzzy ART Network

The prototype node J in F2 captures the current input,
and the network learns by modifying the weight vector wJ
according to:
wJnew = γ(I ∧ wJold ) + (1 − γ)wJold

Fig. 2.

A typical fuzzy ART architecture (see [8]).

Adaptive Resonance Theory (ART) is a neural network
architecture developed by Grossberg and Carpenter [3]. The
basic fuzzy ART network is an unsupervised learning model,
which is able to take analog input. Kulakov and Davcev
proposed a fuzzy ART model for change detection in a WSN
in [8]. Our basic fuzzy ART network is implemented in the
same way. Figure 2 gives a representation of their fuzzy ART
network. A typical fuzzy ART network has three layers: an
input layer (F0), a comparison layer (F1) and a category layer
(F2). Since some of our comparison missing data imputation
techniques adjust parameters of the fuzzy ART network, we
present the learning process of the neural network in detail
as follows.
Compare each input vector I (Ij ∈ [0, 1]; and j =
{1, 2, ..., N }) with each category/prototype in F2 to classify
it with its best match. The choice function Aj is defined as:
Aj (I) =

|I ∧ wj |
ǫ + |wj |

(2)

where parameter wj is the binary weight vector of category
j, and parameter ǫ ∈ [0, 1]. The fuzzy AND operator ∧ is
defined by I ∧ wj = min(I, wj ) and the operator | · | is
PM
defined by |x| ≡ i=1 xi , where x is an arbitrary variable.
Then, the approach selects the F2 node J that has the highest
match (AJ = max{Aj |j = 1, ..., N }). The weight vector of
the winning node (wJ ) is compared to the current input at
the comparison layer. The training process starts if the match
function of the chosen category exceeds the vigilance; that
is:
|I ∧ wJ |
≥ρ
(3)
|I|
where parameter ρ ∈ [0, 1] represents the vigilance level.
The number of developed categories can be controlled by
the vigilance level. The higher the value, the more sensitive
the network is to changes in the environment, which can
result in a larger number of finer categories. When ρ = 1,
the network creates a new category for every unique input
pattern.

(4)

where parameter γ ∈ [0, 1] is the learning rate. Fast learning
occurs when γ = 1. If the stored prototype wJ does
not match the input sufficiently (i.e., Equation (3) is not
satisfied), the winning F2 node will be inhibited until a new
input vector is applied. Then, another F2 node is selected
with the highest Aj value, whose prototype will be matched
against the input. This process is repeated until the network
either finds a stored category whose prototype matches the
input, or selects the uncommitted F2 node if all prototypes
result in mismatches. In this case, learning a new category
is initiated according to Equation (4).
The fuzzy ART system has a category proliferation problem. Complement coding can be used to overcome this
problem [13]. The complement of input I can be achieved by
preprocessing each incoming vector a by ac ≡ 1 − a. After
the complement coding process, input I becomes a 2M dimensional vector, I = (a, ac ) ≡ (a1 , ..., aM , ac1 , ...acM ).
Note that normalization of input I can be achieved by
a
. Inputs
preprocessing each incoming vector a, I = |a|
preprocessed into complement coding form are automatically
normalized.
C. The Missing Data Estimator
Incomplete data is common in WSNs and may arise
due to hardware failures, synchronization, packet collisions,
signal strength fading, or environmental interference (e.g.,
a microwave, walls, or human blockage). Our experimental
findings show that, on average, approximately 40% of data
from our sensor nodes are missing when they are presented
to the clusterheads’ classifier. The existence of missing data
degrades the performance of the classifier. Due to the limited
computational sources on the sensor motes, we need missing
data imputation techniques that are simple and do not require
much memory. However, there are many possible simple
strategies for imputation, and it is not clear in advance which
strategy might be best. We hypothesize that they do not have
the same performances. Therefore, we compare and contrast
several alternative strategies.
1) Existing techniques: Several missing data replacement
strategies, such as those listed in Table I, have been used to
improve the performance of the classifiers.
The first strategy is called “doing nothing”. When new
sensor data comes in, the new sensor data replaces the old
data. If the sensor values are missing, the system keeps the
last available data. Specifically, for received sensor observa, where b is the processed
tions a, if ati = null, let ati = bt−1
i
input used for the fuzzy ART algorithm, t is the current
time instance and t − 1 is the previous time instance. We
have used this strategy as the base strategy in comparison
to the other missing data strategies. The computational and
space complexities of this imputation strategy for each mote
are O(1).

TABLE I
C OMPARISON OF MISSING VALUE IMPUTATION STRATEGIES . T HE TIME AND SPACE COMPLEXITIES ARE CALCULATED BASED ON A SINGLE MOTE ,
WHERE n IS THE NUMBER OF OBSERVATIONS MADE FROM TIME 1 AND k IS THE NUMBER OF THE MOTE ’ S NEIGHBORS .
Missing data imputation strategies
If ati = null, set ati = bt−1
,
i
where b is the processed input used for the fuzzy ART algorithm.
t is the current time instance and t − 1 is the previous time instance.
If ai = null, set ai = 0 and complement coding aci = 1 − ai .
Note: Neither 0 or 1 are used as normal category numbers.
If ai = null, set ai = 1 and aci = 1 − ai .

1. Doing nothing

2. Replace by minimum value
3. Replace by maximum value

(bt−1
+...+bt−5
)
i
i
.
5
t−1
t−5
(a
+...+ai
)
.
If ai = null, set ati = i
5
If ai = null, set ai = aci = 0.
If ai = null, set ai = aci = 1.
|a ∧A′ |
≥ ρ.
The new vigilance testing becomes iM
If ai = null, δi = 0; otherwise δi = 1. (δ = (δ1 , δ2 , ..., δ2M )).
|wj ∧A′ ∧δ|
.
The new prototype choice becomes Tj (A, δ) = α+|w
j ∧δ|
|wj ∧A′ ∧δ|
The new vigilance testing is α+|w ∧δ| ≥ ρ.
j
′
The new prototype learning is wJ = β((A ∨ δ c ) ∧ wJ ) + (1 − β)wJ ).

If ai = null, set ati =

4. Replace by 5 average used
5. Replace by 5 average seen
6. Replace by “0” [6]
7. Replace by “1” [6]
8. Replace by indicator vector [6]

9. EM imputation
10. Replace by spatial-temporal data

See Equations (5) - (6).
See Algorithm 1.

Strategies 2 and 3 use a fixed constant to replace the
missing data. Specifically, strategy 2 uses the minimum nonexisting value (i.e., 0) and strategy 3 uses the maximum nonexisting value (i.e., 1). “Non-existing values” means we do
not have sensor readings or classes numbered as 0 or 1. The
fuzzy ART algorithm remains unchanged.
Strategies 4 and 5 use a moving average to replace the
missing data. Specifically, strategy 4 uses the mean of the
past 5 sensor values used, including the estimated missing
values. Strategy 5 uses the mean of the past 5 seen observations of the current sensor i, excluding the processed missing
values. Note that strategy 4 is different from strategy 5 when
the past 5 sensor values contain data that are estimated. The
computational and space complexity of both strategies for
each mote are a fixed constant, therefore, O(1).
Strategies 6, 7 and 8 are proposed by Granger, et al., in [6].
We implemented these 3 strategies exactly as proposed.
Strategy 6 replaces the missing data with a fixed minimum
value (like strategy 2). In addition, strategy 6 modifies the
original fuzzy ART system by setting the complement coding
of the missing data to the minimum value as well. Strategy 7
replaces the missing data with a fixed maximum value (like
strategy 3). The complement coding of strategy 7 is also
set to the fixed maximum value. However, as the number
of prototypes grows, it becomes harder and harder to pass
the vigilance testing.′ Thus, strategy 7 changes the vigilance
∧A |
testing rule to |aiM
≥ ρ. Instead of using fixed constant
values for missing data, strategy 8 uses an indicator vector.
When a sensor value is missing, the indicator sets the missing
data to “0” and the complement coding to “1”.
The new
|wj ∧A′ ∧δ|
prototype choice becomes, Tj (A, δ) = α+|wj ∧δ| . The new
|w ∧A′ ∧δ|

j
vigilance level testing becomes, α+|w
≥ ρ, and the new
j ∧δ|
′
prototype learning is wJ = β((A∨δ c )∧wJ )+(1−β)wJ . The
computational and space complexities of these strategies for

Time

Space

O(1)

O(1)

O(1)
O(1)

O(1)
O(1)

O(1)

O(1)

O(1)
O(1)

O(1)
O(1)

O(1)

O(1)

O(1)
O(k ∗ n)
O(k)

O(1)
O(n)
O(1)

each mote are O(1). Since these strategies only modify the
vigilance testing rules and/or learning rules from the original
fuzzy ART algorithm, there are no additional time and space
requirements for these strategies.
To further test the imputation strategy, the standard missing data imputation strategy from the literature of statistics,
i.e., the Expectation Maximization (EM) imputation strategy,
was also applied to the same data. It is important to note that
this EM imputation strategy is computationally intensive and,
thus, is not practical in a WSN. However, we consider it here
for comparison purposes.
Little and Rubin [11] provide a detailed explanation of the
EM algorithm. The EM algorithm is an iterative procedure
that finds the Maximum Likelihood (ML) estimation of the
parameter vector by repeating the following steps:
• The E step (expectation step): Given a set of parameter
estimates, such as a mean vector and covariance matrix
for a multivariate normal distribution, the E step calculates the conditional expectation of the complete-data
log likelihood given the observed data and the parameter
estimates. Specifically, let θ(t) be the current estimate
of the parameter θ. The E step of EM finds the expected
complete-data log likelihood if θ were θ(t) :
Z
Q(θ|θ(t) ) = L(θ|y)f (Ymis |Yobs , θ = θ(t) )dYmis

•

(5)
where observation Y = (Yobs , Ymiss ), Yobs represents
the observed part of Y , and Ymis represents the missing
part of Y .
The M step (maximization step): Given a completedata log likelihood, the M step finds the parameter
estimates to maximize the complete-data log likelihood
from the E step. The M step of EM determines θ(t+1) by
maximizing the expected complete-data log likelihood:
Q(θ(t+1) |θ(t) ) ≥ Q(θ = θ(t) ), for all θ

(6)

These two steps are iterated until convergence. In the iterations, the observed-data log likelihood is non-decreasing at
each iteration. Initially, the missing values are filled in with a
guess which is estimated from available observed data. The
E step and M step iterate until the maximum change in the
estimates from one iteration to the next does not exceed a
threshold.
2) Spatial-temporal algorithm: The existing missing data
imputation strategies do not take into account spatialtemporal information. We hypothesized that if an environment is highly correlated in time and space, using spatial
and temporal information to estimate missing observations
should have high accuracy. To confirm our hypothesis, we
have to show that the environment is highly correlated both
in time and space. We utilized techniques from statistics, i.e.,
space and time correlation testing.
We made use of two time-series tests to determine if
the data are correlated in time, namely, the Durbin-Watson
test and the partial AutoCorrelation function (PACF). The
Durbin-Watson test determines whether or not the data set is
time correlated, and the PACF gives us information on how
the sensor data are correlated in time with each other.
For space correlation testing, the Pearson correlation
coefficients and R-squared testing are used. The Pearson
correlation coefficient is a common measure of the correlation between two random variables X and Y . Pearson’s
correlation reflects the degree of association between two
variables. Its values range from −1 to +1. A correlation
of +1 means that there is a perfect positive association
between variables. A correlation of −1 means that there is a
perfect negative association between variables. A correlation
of 0 means there is no linear relationship between the two
variables. R-Squared is a statistical measure of how well a
regression line approximates data points. R2 is a descriptive
measure between 0 and 1. An R2 of 1.0 indicates a perfect
fit. Therefore, the closer it is to 1, the better the model is.
In order to deal with the missing data, we studied ways
of modifying the fuzzy ART algorithm which require only
minor changes to the current fuzzy ART network. We need
a simple replacement algorithm which runs online and still
has a satisfactory performance.
Algorithm 1 Spatial-temporal imputation approach
1: for each missing input sensor si do
2:
for all sensors sj within one hop of communication
range of si do
3:
if the sensing distance between si and sj < α then
4:
ati = the most common reading of atj
5:
else
6:
ati = at−1
i
7:
end if
8:
end for
9: end for
Thus, we developed Algorithm 1 to estimate the missing
data. We first check if a neighbor is within the missing
sensor’s minimum sensing range. If there are neighbors

within the sensor range, we can use the neighbor’s reading
observation, resulting in a spatially correlated replacement.
If there are multiple neighbors within the sensor range,
and they do not have the same readings, we choose the
majority reading. Otherwise, use the last seen data of the
sensor-temporal reading. We use this strategy because in
WSNs, sensor data in the environment tends to be highly
correlated for sensors that are geographically close to each
other (spatially correlated), and also highly correlated for a
period of time (temporally correlated).
The computational requirement for an individual mote to
estimate missing data using this algorithm is a linear function
of the number of motes, k, within the communication range.
In our application, k is also the number of cluster members
within one cluster. Therefore, the computational complexity
for the proposed imputation technique is O(k). Let m denote
the number of motes in a WSN, R denote the radius of the
WSN, and S denote the communication range or sensing
range of each sensor. In our problem, we assume that the
sensing range is the same as the communication range and all
sensors have the same communication range/sensing range.
If R is much larger than the mote i’s communication range
S, then k is much smaller than m. In the worst case, k =
m. In general, sensor motes are deployed such that each
of them covers a local region, and together they cover the
entire environment. Thus, searching within a local cluster of
k motes is typically not computationally intensive. The space
requirement for the proposed approach is O(1), since we just
need to store one previous observation.
V. H ARDWARE PLATFORM
To compare these strategies, we conducted experiments
using Crossbow [1] sensor motes. A Crossbow mote includes
a processing unit, a sensor module, and a communication
module. The processing board contains an 8-bit processor
at 8M Hz, a 128KB programming memory and 512KB
additional data flash memory. The wireless transmission
range is around 10 meters inside a building. The sensor board
has a buzzer, a light sensor, a microphone, 2 magnetometers
and 2 accelerometers. For the experiments reported in this
paper, we used the light and sound sensing components.
We integrated the Deluge [2] network programming system into our system, which allows a large number of motes
to receive code updates at the same time over the air, instead
of manually loading programs into the motes over a serial
cable. Human operators can monitor the learning process of
the WSN through a monitoring program that we developed.
Operators can also send commands to the network. Sample
commands include: clusterhead configuration, fuzzy ART
learning parameters, radio transmission power, microphone
sensitivity, sampling rate, pause and restart algorithm, and
clear fuzzy ART’s memory of categories. All interacting
programs run on the laptop and are written in Java. Note
that every mote runs the same fuzzy ART program image.
Motes are assigned a role, and can either be a cluster member
or a clusterhead.

VI. E XPERIMENTAL RESULTS
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A. Performance metrics
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where C denotes the number of correct categorizations, and
T denotes the total number of observations. To ensure a
fair comparison, the vigilance parameter of the fuzzy ART
algorithm has been readjusted for each replacement strategy
until the best performance is obtained.
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Accuracy is used as our performance measure. The mismatch between the algorithm’s categorization and the true
category is considered an error. The accuracy A is defined
as:
A = C/T
(7)
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B. Real sensor data experiment
In this experiment, we used five cluster members and
one clusterhead. The five cluster members were uniformly
deployed around the clusterhead. In addition, all cluster
members are within communication range of the clusterhead.
Experimental results were obtained from 3 sets of trials. In
each trial, each sensor mote made 6500 observations. For
testing time and space correlations, we only used the first
trial of collected data, since the other two trials repeat the
first trial and our environment settings did not change. For
the purposes of correlation testing, we first removed the
samples with missing values. All testing results were made
from a complete data set of approximately 1500 samples.
Our sensory data passed the Durbin-Watson test and has a
value of 0.0059 with 95% confidence level. A DW value of
less than 2 indicates there is a high correlation in time. Our
number is near 0, which is an evidence that our sensory data
have time correlation.
TABLE II
T HE PARTIAL AUTOCORRELATIONS
Lag
Correlation

1
0.997

2
-0.002

3
-0.002

4
-0.002

5
-0.002

Our next test is to determine the sensory data’s time
correlations by using partial autocorrelations. The partial
autocorrelations are shown in Table II. The result shows that
our sensor data has high correlation with one previous data
point, i.e., lag 1 value is close to 1; however, there is little
association with 2 or more sensory observations made in the
past, i.e., low lag 2-5 values.
TABLE III
P EARSON CORRELATION COEFFICIENTS

sensor1
sensor2
sensor3
sensor4
sensor5

sensor1
1.0
0.998
0.997
0.995
0.997

sensor2
0.998
1.0
0.998
0.996
0.997

sensor3
0.997
0.998
1.0
0.996
0.998

sensor4
0.995
0.996
0.996
1.0
0.996

sensor5
0.995
0.997
0.998
0.996
1.0

To show space correlation, we calculated the correlation
coefficients between the sensors at each observation as well
as R2 . The Pearson correlation coefficients between nodes
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7
Imputation strategies
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10

Fig. 3. Accuracies of different imputation techniques, with the x axis
indicating the strategy number. Error bar indicates one standard deviation.
(Refer to Table I for the definitions of the strategies.)

are shown in Table III. The correlation coefficients between
sensor nodes are close to 1. Therefore, there are high positive
associations between sensor nodes.
We further tested the goodness of fit of the model of
one sensor’s observations replaced by other sensor’s observations. As an example, we took entire observations made
by sensor 1 and used it against observations made by sensor
2 to obtain the R2 value. The R2 value is almost perfect
(close to 1), which means if we use sensor 1’s reading to
replace sensor 2’s reading when sensor 2’s observation is
missing, it should result in high accuracy, due to the model
fitness being high. Our sensory data passed both the time and
space correlation tests, therefore, our sensory data is highly
correlated in time and space.
The averaged accuracy and standard deviation of different
imputation techniques have been calculated and the results
are shown in Figure 3. We used “do nothing” (strategy 1) as
the baseline for comparison. To determine the significance
of these results, we applied the Student’s T-test to the
accuracy results for the spatial-temporal scheme compared
against other imputation strategies. This test confirms that the
differences in these results are statistically significant, with a
confidence level of 99.5%. Our spatial-temporal imputation
strategy (strategy 10) performed better than the other strategies. The results suggest that the spatial-temporal imputation
strategy (strategy 10) and EM (strategy 9) imputation work
better than the “do nothing” as well as other replacement
strategies. This is due to the fact that our application involves
continuous data gathering for large scale and distributed
physical phenomena using a dense wireless sensor network
which results in high correlation both in time and space. If
the nodes are densely deployed, the readings from nearby
nodes are likely to be highly correlated and hence contain
redundancies. By using this combination of spatial and
temporal replacement for the missing input we can achieve
good performance with relatively low computational cost.
The “do nothing” strategy has a better performance than

C. Artificial data
To determine the performance of our proposed imputation
technique when the data is not time and space correlated,
we generated artificial data to have neither time nor space
correlation. We have generated 4 classes of 2-dimensional
data with 1024 data values for each class and a total of
8192 data samples. Each class has 2 Gaussian mixtures,
each with a weight of 0.5. The sample means are shown in
Figure 4. All mixtures have an identical covariance matrix
(e.g. [1, 0; 0, 1]). This indicates that the generated data have
no spatial correlations. We randomly placed missing values at
40% of the entire set. Since the data was sampled randomly
from different classes each time, this guaranteed that there
were no temporal correlations in the data. After the missing
data values were imputed by different techniques, they were
put into the fuzzy ART neural network for classification. The
class categorizations from the fuzzy ART neural network
were compared against the ground truth to obtain the correct
classification C.
The accuracies of different imputation techniques were
averaged over 10 sets of data and the results are shown in
Figure 5. All missing data imputation strategies performed
relatively close to each other and all of them performed
poorly (under 40%), due to the fact that there were no
time or space correlations. To determine the significance of
these results, we applied the Student’s T-test to the accuracy
results for the spatial-temporal imputation scheme compared
against other imputation strategies. This test confirms that
the differences in these results are statistically significant,
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Fig. 4. Generated 2-dimensional sensory data with no missing values. The
true model contains 4 classes, and each class has 2 mixtures, each mixture
has weight 50%.
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moving average 5 (strategies 4 and 5). This is because the
partial autocorrelation results indicate that our sensory data
is highly correlated with 1 past history data point, not 5 data
points. If the partial autocorrelation indicates the sensory data
is highly correlated with 5 past history data points, i.e., a
high lag 5 value, the performance of strategies 4 and 5 may
outperform “do nothing”. This shows that the correct time
model directly affects the performance. Strategies 2 and 3
just use a fixed value for missing data. As the missing pattern
changes, the fuzzy ART treats them as different classes as the
number of classes/categories increase, which results in more
false alarms. Strategies 7 and 8 tried to learn the missing
patterns with a fixed value or an indicator. These strategies
do better than strategies 2 and 3, but still have high misclassifications due to changing missing patterns. The EM
imputation has a relatively high accuracy since it finds the
best distribution for the observations in terms of likelihood.
However, it is computationally intensive and requires offline
learning. In our application, the EM algorithm is too large
to be implemented on sensor motes. In a WSN application,
if the sensory data is highly correlated in time and/or space
(i.e., passes the proposed time and space statistical tests), our
proposed spatial-temporal strategy works the best. Note that
the time and space models in our algorithm are subject to
change based on the environment. It is important to use the
appropriate time and/or space model to estimate the missing
values.
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Fig. 5. Accuracies of different imputation techniques. Error bar indicates
one standard deviation. (Refer to Table I for the definitions of the strategies.)

with a confidence level of 99.5%. The spatial-temporal
imputation strategy (strategy 10) performed better than the
other strategies. This is because this generated data contained
many observations that have the same sensor 1 and sensor 2
readings (notice the middle section of Figure 4). However,
if the generated data did not have as many observations that
have the same sensor 1 and sensor 2 readings, the proposed
spatial-temporal should perform about the same as the other
approaches. The EM approach (strategy 9) did not perform
better than other imputation strategies, since the data does
not show time or space correlation. To explain this situation,
one needs to recall that the fuzzy ART neural network builds
the prototype online according to observations collected. In
other words, different prototypes are kept in the fuzzy ART
neural network if the data is presented in a different order.
The fuzzy ART neural network has lower accuracy if the time
correlation is removed from the data presented to the neural
network. In summary, we conclude that all the imputation

strategies have the same accuracy performance when the
data have no correlations in time or space. Nevertheless,
some imputation strategies require less computation and
space, and thus they are preferred in actual implementation.
Our proposed algorithm works reasonably well under all
conditions compared to other strategies.
D. Comparing imputation strategies’ impact on change detection
Our goal is to design a robust and accurate change
detection system. Thus, we need to minimize the miss rate
and false alarms. “Miss rate” is the number of changes that
fail to be detected by the system. “False alarms” are the
number of changes detected by the system that are not actual
faults.
The missing data strategies of “do nothing”, “average 5
used”, and “average 5 seen” use historical data. Because
of this, if changes happen in the actual environment, the
detection of the changes are delayed; hence, we expect that
the miss rate would increase when these strategies are used.
The three strategies proposed by Granger, et al., in [6]
attempt to handle missing patterns by modifying the original
fuzzy ART algorithm. The EM strategy imputes the missing
data based on the mean of the entire data set. These strategies
slowly change the means towards a new category. We expect
these strategies would also increase the miss rate.
The missing data strategies of using a fixed number of
either “Min” or “Max” non-existing sensor readings tend
to add noise to the data. These approaches therefore are
expected to have a mix between increasing the miss rate
and false alarms.
Our proposed strategy uses neighboring sensor readings if
the current node has no reading. Therefore, if the neighboring
node detects a change, it is most likely that the environment
has in fact changed. Thus, we expect that the miss rate
and false alarm rate would not be increased unless the
neighboring sensor malfunctioned. In ongoing work, we plan
to run experiments to test these hypotheses.
VII. C ONCLUSION
In this paper, we presented a new technique to improve
the accuracy of the sensor network: we estimate the missing
data by using a new spatial-temporal replacement scheme.
We have run experiments on both real sensor data and generated sensor data. Experimental results show our algorithm
performs better than the proposed techniques in the literature.
The proposed spatial-temporal replacement scheme requires
less computation and space than the EM imputation scheme,
and is affordably implemented in wireless sensor networks.
Furthermore, the proposed scheme is expected to have a
lower miss rate compared to other replacement strategies.
We have supported our findings using statistical tests, which
show our proposed scheme works the best because the
environment is highly correlated in time and space. However,
even when the environment is not highly correlated in space
and time, our algorithm still performs as well as other
imputation techniques proposed in the literature. We believe,

in the future, the sensor motes will have more computational
power, and there will also be smaller (in size) motes with the
same processing/communication capabilities of the current
motes. Therefore, simple and effective algorithms like the
one that we have proposed will still continue to be needed
for WSNs.
In future work, we plan to explore using mobile robots to
improve the performance of change detection and extend the
lifetime of the WSN.
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