CONTEXT PREDICTION

An Alignment Approach
for Context Prediction
Tasks in UbiComp
Environments
The authors detail the alignment prediction approach—a time-seriesestimation technique applicable to both numeric and nonnumeric
data—and compare it to four other prediction approaches to determine
context prediction accuracy in ubiquitous computing environments.

I

n the field of pervasive computing,
researchers use context prediction to
infer future context information—
classified and possibly aggregated features of sensor readings that describe
an entity’s situation.1 Context prediction algorithms use the set of observed past and present contexts as input data. The possibilities of
context-aware applications are then extended
due to this widened situation awareness. To
be feasible, context prediction
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requires that a distinguishable
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process underlies the observed
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context sequence. Application
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processes. Prominent contextUniversity of Kassel
prediction techniques are Markov predictors, 2 SOM (selforganizing maps) prediction
methods,3,4 the state predictor method,4,5 neural network approaches,5,6 Bayesian networks,5
prediction based on PCA (principal component
analysis),7 ARMA (autoregressive moving average) predictors,4 and Kalman filter methods.8
Naturally, these algorithms require high prediction accuracy paired with long prediction
horizons. To be suitable for ubiquitous environ-
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ments, processing and memory requirements
must be low and should have a reasonable error
tolerance for input data. Also, algorithms should
be able to handle multiple data types because
context can be represented both numerically and
nonnumerically (see Figure 1). Finally, a broader
scope of context information is preferable because it usually provides a better situation description. However, a context-aware system is
then likely required to handle multidimensional
and multitype context sequences.
We compare the alignment approach to four
other techniques to determine its suitability in
various context prediction tasks in ubiquitous
computing environments.

The Alignment Prediction Approach
Alignment prediction relies on typical context
patterns. This method can handle multidimensional and multitype context sequences and has
reasonable memory requirements and a scalable
error tolerance. It uses alignment techniques that
computational biologists have applied to find approximately matching patterns between RNA or
DNA sequences. It can also abstract from process noise in the input sequence. This is possible
because the similarity between observed and
typical sequences is computed by a metric that
rewards smaller deviations in context time series
elements with smaller penalty costs.
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Figure 1. Several aspects of context.
Because context can be represented
both numerically and nonnumerically,
context prediction algorithms should be
able to handle multiple data types.
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In alignment prediction techniques,
most similar subsequences are computed between two patterns,9,10 estimating the similarity between symbols  of an alphabet  using a metric
δ : ∑ × ∑ →  . We can compute the optimal solution iteratively for increasing
subsequence lengths.11 For two patterns
p1,…,pn and q1,…,qm , we calculate the
alignment with maximum weight using
integer programming:

wp1 ... pi −1, q1 ...q j + δ (pi , −),
wp1 ... p i , q1 ...q j −1 + δ (−, q j ),
0).

In this formula, the gap symbol “−”
represents a pattern’s missing symbol.
When noise is induced by additional
symbols in one sequence, the insertion
of this gap symbol at the respective
position of the other enables the comparison of both sequences regardless of
noise or additional context values. The
“0” is necessary to find an alignment
between subsequences instead of complete sequences.
Context prediction using alignment
prediction methods is a three-step process. First, we identify typical context
patterns as either exact or approximate
repeats in the observed context sequence. (See Computational Molecular
Biology—An Algorithmic Approach
for a summary of suitable algorithms
for this task.10)
Next, we compute semiglobal alignments between a suffix of the observed
sequence and each typical sequence
to identify a typical pattern. We apply the Needleman-Wunsch algorithm
to calculate all semiglobal alignments
between two context time series.11 Alternatively, we can calculate semiglobal
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alignments using fast heuristics, for example, the Blast or Fasta algorithm.9
The final step is prediction. Up to this
point, we’ve computed subsequences of
typical patterns that are most similar
to a suffix of the observed sequence.
Because the compared sequences are
considered typical, the continuation of
the most similar typical subsequence
is the prediction. Figure 2 illustrates
a prediction computation. The matrix
is filled from top to bottom and from
left to right using the weight calculation detailed above. The alignment
matrix’s first row and column are initialized with 0 so that the algorithm ignores mismatches at the start of both
sequences. The predicted pattern is a
suffix of the typical sequence that starts
after the index of the subsequence with
the best alignment rating (maximum
weight in row n).
The alignment method is particularly
well suited to predict (approximately)
reoccurring typical patterns. The prediction horizon’s length is bounded by
the typical patterns’ length. The approach is robust against measurement
inaccuracies, as optimal alignments
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might contain gaps and mismatches.
The similarity metric  controls the degree to which the algorithm tolerates
measurement errors.
2
We can compute alignments in O(k )
steps, where k represents the maximum
length of all context sequences considered. The predicted sequences’ calculation requires

O(∑ i) = O(k 2)
k

i =1

operations in the worst case (that is,
when all sequences are of identical
maximum length k). With  typical
patterns, the overall complexity is then
O((k2 + k2) ) = O(k2), because the observed sequence is aligned with every
typical sequence. Using fast heuristics,
the runtime decreases to O(k) with
reasonable prediction accuracy.12–14
Note that the runtime doesn’t depend
on the number of distinct contexts but
only on the length and count of typical
sequences. Therefore, we propose the
use of alignment prediction techniques
for medium- to large-scale ubiquitous
computing scenarios with typical
patterns. The input sequence can be
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numeric or nonnumeric, or even multi
dimensional, mixed-type contexts.

Context Prediction Algorithms
Here, we detail the four prediction
approaches we use in our simulation
studies—Markov, ARMA, PCA, and
ICA (independent component analysis).
(See Development of a Novel Context
Prediction Algorithm and Analysis of
Context Prediction Schemes for information on prediction algorithms’
strengths and weaknesses.1)
Markov Processes
Markov processes constitute a major
branch in the theory of stochastic processes. They’re popular for their simplicity and applicability to a diverse set
of problems.
In Markov context prediction domains, contexts are represented by
states, and transition probabilities
for each pair of consecutive observations are represented by Markov chain
state transitions. In an order-k Markov
chain, each state represents k consecutive contexts (or observations), and
transitions between states correspond
to observations of following contexts.
Given a recently observed context, the
Markov algorithm computes a probability distribution for an observed context
sequence’s next outcome. Iterating this
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process extends the prediction horizon.
Markov prediction techniques are optimal in the sense that they can always
achieve the highest possible prediction
accuracy for infinite binary random sequences.15 The model can be applied to
numerical and nonnumerical data alike.
However, a prediction that reaches further into the future implicitly utilizes already predicted contexts, which might
decrease the prediction accuracy.
The runtime depends on the probability graph’s size. When C is the set
of different observed contexts, a most
probable next state is computed in time
O(|C|) in the worst case (that is, all possible |C| state transition probabilities
are nonzero for this state). The most
probable n future contexts are com2
puted in time O(n • |C| ).
Prediction approaches with similar properties include hidden Markov
models (HMMs), conditional random
fields (CRFs), and dynamic Bayesian
networks.16–18
ARMA
Despite developments in nonlinear
methods, the most common stochastic models in time-series prediction
are linear, such as the autoregressive
moving average processes.19 Because
ARMA processes are already designed
to approximate numeric time-series

Figure 2. Calculation of a prediction
based on an optimum alignment
between input patterns. The first row
and column of the alignment matrix are
initialized with 0 so that the algorithm
ignores mismatches at the start of both
sequences. The predicted pattern is a
suffix of the typical sequence that starts
after the index of the subsequence with
the best alignment rating (maximum
weight in row n).

development, the only requirement for
ARMA to be applicable to context prediction tasks is that context types are
numerical.
ARMA processes achieved excellent
results in context prediction tasks.4,20
Because it combines autoregressive and
moving average time-series-estimation
models, this approach is well suited
to predict trends and periodic patterns. It’s also applicable in both onedimensional and multidimensional
datasets. The computational complexity is O(k log(k)), where k is an observed
time series’ length.19 No preprocessing
or separate learning is required.
However, because ARMA prediction
approaches are only applicable to sequences of numeric contexts, they can’t
be used in many problem domains. Although we can avoid this restriction by
mapping nonnumeric contexts to numeric contexts (for example, using binary indicator feature vectors), this can
create drawbacks such as dimension inflation or loss of neighborhood relations.
Principal Component Analysis
PCA is a technique to identify patterns
in high-dimensional data. It’s used in
face recognition and image compression and can highlight data similarities and differences. 21 The approach
reduces the number of dimensions by
which data is represented without losing characteristic information.
Basically, PCA computes the eigenvectors and eigenvalues of the input
data’s covariance matrix. Eigenvalues
indicate the significance of the data

www.computer.org/pervasive

description’s corresponding eigenvector. A vector representing new sampled
data is then transformed to a new basis spanned by the most relevant eigen
vectors—the principal components.
To predict context, we apply PCA to
the input data’s binary indicator feature
vectors. Then, we divide the input data
into various vectors that represent common behavior patterns (for example, 24
hours to represent a whole day). Resulting principal components serve as representatives describing the dataset.7
PCA initializes the hours to be predicted in a binary feature vector with
0. This suffix has identical distance to
all complete binary feature vectors’ suffixes of the same length. The vector’s
prefix represents its similarity to other
feature vectors from the training data.
The vector undergoes a basis transformation to the vector space spanned by
the principal components and is associated with the most similar principal
component. The corresponding binary
feature vector’s continuation serves as
a prediction.
The PCA-based approach achieved
high prediction accuracy on a dataset with three context classifications (Home, Work, Elsewhere).7 The
method’s runtime depends on the number of distinct contexts |C| in a scenario, because the binary feature vector’s length increases with this value.
When M behavior patterns are characterized by  samples, the method’s
2
runtime is O (M ∙ ( ∙ |C|) ) for nonnu2
meric context patterns and O(M ∙  )
in scenarios with numeric input patterns only (no transformation to binary
indicator feature vectors is required).22
Because  is typically a multiple of the
context history size, k, we can calculate the runtime for nonnumerical in2
put as O (M ∙ (k ∙ |C|) ) and for numeri2
cal input as O(M ∙ k ). Therefore, this
method is best suited when the number
of distinct contexts |C| is reasonable
(|C|<<k), especially in scenarios with
nonnumeric input patterns.
For the PCA-prediction approach, a
priori knowledge of common behavior
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patterns’ length and occurrence time is
required. When typical patterns don’t
reappear consistently at similar times,
the prediction accuracy is reduced.
Whereas many patterns in ubiquitous
settings exist that are static in nature
(for example, people sleep at night, then
have breakfast, go to work, eat lunch,
go back to work, and finally come
back home), other patterns—although
typical—might not follow such a strong
scheme. Consider, for example, having
phone calls or meetings. Typically, the
time of day, duration, and activity flow
differ for these situations. Because the
PCA prediction requires common behavior patterns of a predefined length,
these situations are hard to predict accurately with a PCA approach.
Independent Component Analysis
ICA is applied to audio processing, biomedical signal processing, image processing, and telecommunications. 23
This method transforms data linearly
into components that are maximally
independent of one another while, at
the same time, describing the data’s relevant properties. Similar to PCA, ICA
identifies components that describe
properties. However, whereas the PCA
reduces the data dimension, the ICA
might reduce, increase, or sustain the
data dimension.
ICA achieves context prediction in
a similar way as PCA. The main difference is that ICA uses independent
components instead of principal components. With |C| contexts and M behavior patterns characterized by  =
O(k) samples, the computational com2
plexity is O(M ∙ (k ∙ |C|) log(k ∙ |C|)+M
∙ k ∙ |C|).24

Experimental Studies
We detail the results we obtained for
ARMA, Markov, PCA-based, ICAbased, and alignment prediction approaches in four simulations. Two scenarios contain numerical data only and
are characterized by trends and periodic patterns and by typical sequences,
respectively. The other two studies use

nonnumeric data characterized by frequent, typical sequences with few and
numerous labels, respectively. For the
numeric datasets, we compare the prediction algorithms’ accuracy using the
RMSE (root-mean-square error) metric. For a predicted time series of length
n, it’s defined as
n

RMSE =

∑i =1(pi − di)2
n

.

In this formula, pi denotes the predicted
value at time i and di is the value that
actually occurs. In the nonnumeric scenarios, we measure accuracy using the
percentage of correct predictions.
Wind Power Prediction
Wind farms consist of a multitude of
wind turbines whose performance
fluctuates and depends heavily on
wind power. Because the power supply system can’t handle these fluctuating power curves, methods that predict
wind power are necessary to schedule
the power expulsion.
Our dataset contained wind power
samples from a German wind farm.
Samples were recorded hourly from
February 2004 to April 2005. We used
three-quarters of the data samples as
training data and the remaining part
for the simulation. We use alignment,
ARMA, and Markov prediction approaches on this dataset.
The alignment approach used a
context history of six hours with one
sample per hour. Markov prediction
was based on an order-six Markov
model. The ARMA approach required
more information about the observed
context pattern to accurately extract
trends and periodic patterns. Even
with 100 hours of context history, the
ARMA algorithm was inferior to both
Markov and alignment prediction (see
Figure 3). We therefore used the complete context history (at least 750 hours
for one prediction) for the ARMA approach. Prediction horizons ranged
from 1 to 20 hours.
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24.9622
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We define the similarity metric as
the difference between pairwise wind
power samples. The alignment prediction approach used only one typical
pattern—the wind power samples’
complete training data. This accounts
for the fact that the dataset length
wasn’t sufficient to cover periodic occurrences of patterns in distinct seasons. The underlying Markov chain
for the Markov prediction approach
was also based on the complete training set.
ARMA and Markov methods’ accuracy are nearly identical for short prediction horizons, whereas the alignment prediction approach performs
worse (see Figure 3). With prediction
horizons that exceed the context history size (more than six hours), alignment prediction outperforms Markov
but doesn’t reach the same accuracy
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as the unrestricted ARMA approach.
We conclude that the ARMA prediction approach is best suited in an environment characterized by trends and
periodic patterns. However, with restricted context history information,
the alignment prediction approach is
better suited.
Location Prediction
on Raw GPS Data
In the second study, we considered the
prediction of a mobile user’s location
trajectory. We sampled an individual’s
GPS positions for 20 days. Our sampling hardware consisted of a mobile
phone and a GPS receiver. The GPS receiver was connected to the phone via
Bluetooth. We recorded GPS information every two minutes. When no GPS
was available (for example, when the
individual was indoors), we used the

Figure 3. Prediction accuracies for the
alignment, ARMA (auto regressive
moving average), and Markov prediction
algorithms. ARMA and Markov methods’
accuracy are nearly identical for short
prediction horizons, whereas the
alignment prediction approach performs
worse. With prediction horizons that
exceed the context history size (more
than six hours), alignment prediction
outperforms Markov but doesn’t reach
the same accuracy as the unrestricted
ARMA approach.

last available sample to approximate
the position.
To obtain the optimal sampling frequency, we considered several sampling intervals. Table 1 depicts the
average time observed for the user to
propagate a fixed distance. We chose
a sampling interval of 20 minutes to
sample context changes but not the
process noise.
We used the ARMA, Markov, and
alignment prediction approaches and
defined the alignment metric  by the
pairwise Euclidean distance between
GPS measurements. Typical patterns
in this study have been determined using alignment methods. When a pattern of sufficient length had an alignment rating below a defined threshold
value, we considered this to be a new
typical pattern. Also, the prediction algorithm frequently updated the Markov chain with new observed contexts.
Otherwise, we used the same configuration as in the previous simulation for
all three algorithms.
The ARMA approach isn’t well
suited for this dataset (see Figure 4).
It achieves reasonably accurate predictions for short prediction horizons
only. Whereas the first-order Markov
prediction approach doesn’t suffer
from the data structure that much, prediction accuracy gradually decreases
with an increasing prediction horizon.
Because of its reliance on typical context sequences expected in the user’s
everyday behavior, the alignment pre-
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Location Prediction
on Clustered GPS Data
We applied 36 labels—such as Market,
University, and Home—to the raw GPS
coordinates in the previous study. Every label was associated with a center
position specified by GPS coordinates
and a radius. Each GPS coordinate
within this radius had a corresponding label; any GPS samples that didn’t
fall in any of these clusters were given
the label Elsewhere. For the prediction
process, we used a sampling frequency
of 20 minutes and used the labeled locations’ trajectory as input. We didn’t
provide GPS coordinates to the algorithms. Again, we measured the prediction approaches’ accuracy using
RMSE, where the labels’ associated
center locations are used for the similarity measurement.
We used a Markov prediction algorithm, an alignment prediction approach, and PCA- and ICA-based prediction methods. For PCA and ICA
techniques, we achieved best results
with typical behavior patterns that
capture a whole day (72 samples or
24 hours). We used a default context
history size of 16 hours. However,
because the typical behavior patterns
captured only 24 hours, we adapted
the context history size by increasing
the prediction horizon. The alignment
prediction approach’s context history
size was set accordingly. We based the
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a prediction on the basis of the similarity of observed and typical sequences,
the prediction will either fail to match
the actual sequence or will approximately match the sequence regardless
of its length. The prediction accuracy
is therefore nearly independent of the
prediction horizon.
The Markov algorithm is more suitable for short prediction horizons of
up to 80 minutes, whereas the alignment algorithm performs better for
longer prediction horizons.
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Figure 4. Markov, ARMA, and alignment prediction algorithms for the root-meansquare error (RMSE) metric with various sampling intervals and average error
at various prediction horizons. The Markov algorithm is more suitable for short
prediction horizons of up to 80 minutes, whereas the alignment algorithm performs
better for longer prediction horizons.

Markov prediction on an order-two
Markov process.
In this scenario, with a reasonable
number of nominal contexts linked together by their neighborhood relation,
the Markov prediction approach has
the best prediction accuracy (see Figure
5) because we can model the observed
movement as a traversal between locations. This is exactly how the Markov
prediction approach models the underlying state model. The ICA and alignment prediction approaches perform
similarly in this scenario, whereas the
PCA prediction technique’s performance decreases with an increasing
prediction horizon.
Prediction Based
on Reality Mining Dataset
A PCA-based prediction approach
achieves high performance on a
dataset of cell-ID-based location
information.7 We applied the align-

ment, the PCA-based, and ICA-based
prediction approaches on this reality mining dataset to predict mobile
users’ future locations. 25 The dataset holds 100 subjects’ location, activity, and interaction information
gathered from mobile phones over a
nine-month time period. We chose an
individual with a high number of data
samples to predict location (GPS cell
ID). In an online learning process, we
used all previously observed contexts
to train the prediction methods. Contexts are input at a frequency of 20
minutes. For all three approaches, the
context history and the prediction horizon are 24 hours.
Because only the GSM towers’ labels are given, we measure accuracy by
the percentage of correctly predicted
context labels, instead of the RMSE.
We associate the Home, Work, and
Elsewhere labels with distinct cell
towers according to the amount of
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Figure 6. Prediction accuracy of the alignment, PCA, and ICA approaches for a
subject in the reality mining dataset. For a short prediction horizon, the PCA- and
ICA-based prediction approaches achieve better accuracy than the alignment
prediction approach. However, as the prediction horizon increases, the alignment
prediction approach performs better.

time spent at corresponding towers at
meaningful times during a day. Figure
6 depicts the ratio of accuracy between
two prediction techniques (that is, correct predictions of technique 1 to correct predictions of technique 2). For a
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Figure 5. Markov, alignment, PCA,
and ICA algorithms’ prediction RMSE
(root-mean-square error) for clustered
GPS data. RMSE and variance (in
parentheses) are given for context
prediction horizons of 2, 10, and 20
hours. The Markov approach has the
best prediction accuracy. The ICA
(independent component analysis)
and alignment prediction approaches
perform similarly in this scenario,
whereas the PCA (principal component
analysis) prediction technique’s
performance decreases with an
increasing prediction horizon.

short prediction horizon, the PCA- and
ICA-based approaches achieve better
accuracy than the alignment prediction
approach. However, as the prediction
horizon increases, the alignment prediction approach performs better.

e apply a variety of
context prediction algorithms in different
context prediction domains. A prediction algorithm’s performance is always dependent on the
input data’s structure and type.
With our quantitative results, we expect that researchers will have a better
understanding of prediction processes’
impacts and make better algorithmic
decisions in future studies and implementations. Whereas the ARMA prediction approach showed remarkable
results on numeric-input time series
incorporating trends and periodic
patterns, the alignment prediction approach easily outperformed it in environments dominated by frequently reappearing typical patterns, especially
for long prediction horizons. Markov
prediction is especially well suited for
short prediction horizons and dominated the other approaches in the scenario with many nominal contexts.
Regarding the ICA- and PCA-based
prediction approaches, the former
achieved better results with many
nominal contexts, whereas the latter
performed better with fewer nominal
contexts. However, both methods require a priori knowledge on behavior
patterns’ intermittency.
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