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Abstract. Technologies for Ambient Assisted Living (AAL) combine
new Information and Communication Technologies (ICT) to improve and
increase the quality of life of the elderly. The SenseCam visual lifelog-
ging device is now used not only to support memory recall, but also by
research groups in other fields in order to investigate human lifestyle. Re-
cent and continuing work in Dublin City University’s SCI-SYM centre
has been an application and evaluation of a novel approach, namely use
of the cross correlation matrix and Maximum Overlap Discrete Wavelet
Transform (MODWT) to analyse SenseCam lifelog data streams. By ex-
amination of the eigenspectrum, we show that these approaches enable
detection of key sources or major events in the time SenseCam recording,
with MODWT also providing useful insight on details of major events.
In this paper, we analyse the data collected from the EvAAL (Evalu-
ating AAL System Through Competitive Benchmarking) competition.
The results confirmed our previous findings [1, 2]. We believe using this
highlight key episodes to identify the boundaries can be used to develop
automatic classifiers for visual lifelogs to infer different lifestyle charac-
teristics.

Key words: Ambient Assisted Living; SenseCam; time series methods;
EvAAL competition

1 Introduction

Recently, the numbers of elderly people in developed counties has been increas-
ing dramatically. Ambient Assisted Living (AAL) combines new Information and
Communication Technologies (ICT) with the aim of improving the quality of life
and health of the older population. EvAAL is an international competition aimed
at the evaluation and assessment of Ambient Assisted Living systems, compo-
nents, services and platforms 1. In order to evaluate each competing system, the
EvAAL competition applies a set of evaluation criteria such as performance, user
acceptance, recognition delay, installation complexity and integrability to AAL

1 http://evaal.aaloa.org
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systems in order to evaluate and rank AAL applications [3]. In EvAAL 2012,
Dublin City University (SCI-SYM) centre used the SenseCam lifelog device to
track the activity and recognition in the competition scenario. In this paper, we
introduce a time series approach to analyse and evaluate the SenseCam lifelog
data, collected for the EvAAL competition.

Developed by Microsoft Research in Cambridge, UK, SenseCam [4] is a small,
wearable camera that, along with other sensor data recorded, takes images auto-
matically, in order to document the events of the user’s day. It can be periodically
reviewed by the user to refresh and strengthen memory of an event. Besides a
camera, the SenseCam also contains several electronic sensors. including those
which record light-intensity and light-colour, a passive infrared (body heat) de-
tector, a temperature sensor, and a multiple-axis accelerometer for monitoring
changes in movement in the X, Y , Z directions of the user’s environment. The
device takes pictures at VGA resolution, (480x640 pixels), and stores these as
compressed JPEG files on internal flash memory (1Gb). It can collect a large
amount of data, even over a short period of time. Since SenseCam typically takes
a picture every 30 seconds, thousands of images are captured per day. Experi-
ence shows that the SenseCam can be an effective memory-aid device [5, 6], as
it helps users to improve retention of an experience. SenseCam is now used to
not only support memory recall, but also by research groups [7] in other fields
to investigate human lifestyle. The challenge is to manage, organize and analyse
these large image collections in order to automatically highlight key episodes in
the wearer’s life.

In terms of this analysis, we note that in recent years, the role of the largest
Eigenvalue of a cross-correlation matrix over small windows of time, has been
studied extensively, e.g. for financial series [8–11], electroencephalographic (EEG)
recordings [12, 13], magnetoencephalographic (MEG) recordings [14] and a va-
riety of other multivariate data. In this paper, we apply the same approach to
analyse SenseCam lifelog data streams. We aim to apply the multiscaled cross-
correlation matrix technique to study the dynamics of the SenseCam images,
where this time series should exhibit atypical or non-stationary characteristics,
symptomatic of “Distinct Significant Events” in the data. We can use such high-
lighted key episodes to identify the boundaries between different daily events.
These might include the wearer working in the office, walking outside, shopping
etc. We found that different distinct events or activities can be detected at dif-
ferent scales [1, 2]. In this context, we expected analysis of data collected from
EvAAL to confirm previous findings.

This paper is organized as follow: in Section 2, we review the methods to be
used in the paper, in Section 3 we describe the data used, while Section 4 details
the results obtained. Finally the conclusion is followed by details of future work
to be preformed.
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2 Methods

Our previous research [1] has shown that SenseCam image time series reflect
strong long-range correlation, indicating that the time series is not a random
walk 2, but is cyclical, with continuous low levels of background information
picked up constantly by the device. In this section, we first use equal-time cross-
Correlation Matrices to characterise dynamical changes in non-stationary mul-
tivariate SenseCam time-series. The Maximum Overlap Discrete Wavelet Trans-
form (MODWT) is then used to calculate equal-time Correlation Matrices over
different time scales. This enables exploration of details of the Eigenvalue spec-
trum and in particular, examination of whether specific events show evidence of
distinct signatures at different time scales.

2.1 Correlation Dynamics

The equal-time cross-correlation matrix can be used to characterise dynamical
changes in non-stationary multivariate time series.

Given pixels Gi(t), of a collection of images, we normalize Gi within each
window in order to standardize the different pixels for the images as follows:

gi(t) =
Gi(t)−Gi(t)

σ(i)
(1)

where σ(i) is the standard deviation of Gi for image numbers i=1,...,N , and Gi

is the time average of Gi over a time window of size T . Then the equal-time
cross-correlation matrix may be expressed in terms of gi(t)

Cij ≡
〈
gi(t)gj(t)

〉
(2)

The elements of Cij are limited to the domain -1≤ Cij ≤1, where Cij =
1 defines perfect positive correlation, Cij = -1 corresponds to perfect negative
correlation and Cij = 0 corresponds to no correlation. In matrix notation, the
correlation matrix is expressed as C = 1

TGG
t, where G is an N X T matrix

with elements git.

The Eigenvalues λi and eigenvectors vi of the correlation matrix C are found
from the Eigenvalue equation Cvi = λivi and then ordered according to size,
such that λ1 ≤ λ2 ≤ ... ≤ λN . Given that the sum of the diagonal elements
of a matrix (the Trace) remains constant under linear transformation,

∑
i λi

must always equal the trace of the original correlation matrix. Hence, if some
eigenvalues increase then others must decrease, to compensate, and vice versa
(Eigenvalue Repulsion).

2 A random walk is a mathematical formalization of a path that consists of a succession
of random steps.
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2.2 Wavelet Multiscale analysis

The Maximum Overlap Discrete Wavelet Transform (MODWT) [15–18], is a
linear filter that transforms a series into coefficients related to variations over a
set of scales. It produces a set of time-dependent wavelet and scaling coefficients
with basis vectors associated with a location t and a unitless scale τj=2j−1 for
each decomposition level j=1,...,J0. Unlike the DWT, the MODWT, has a high
level of redundancy. However, it is non-orthogonal and can handle any sample
size N , whereas the DWT restricts the sample size to a multiple of 2j . MODWT
retains downsampled 3 values at each level of the decomposition that would be
discarded by the DWT. This reduces the tendency for larger errors at lower
frequencies when calculating frequency dependent variance and correlations, as
more data are available.

Decomposing a signal, using the MODWT to J levels, theoretically involves
the application of J pairs of filters. The filtering operation at the jth level consists
of applying a rescaled father wavelet to yield a set of detail coefficients

D̃j,t =

Lj−1∑
l=0

ϕ̃j,lft−l (3)

and a rescaled mother wavelet to yield a set of scaling coefficients

S̃j,t =

Lj−1∑
l=0

φ̃j,lft−l (4)

for all times t = ...,−1, 0, 1, ..., where f is the function to be decomposed
[19]. The rescaled mother, ϕ̃j,t=

ϕj,t

2j , and father, φ̃j,t=
ϕj,t

2j , wavelets for the jth

level are a set of scale-dependent localized differencing and averaging operators
and can be regarded as rescaled versions of the originals.

The wavelet variance ν2f (τj) is defined as the expected value of D̃2
j,t if we con-

sider only the non-boundary coefficients. An unbiased estimator of the wavelet
variance is formed by removing all coefficients that are affected by boundary
conditions and is given by

ν2f (τj) =
1

Mj

N−1∑
t=Lj−1

D̃2
j,l (5)

where D̃j,l is a rescaled father wavelet, which yields a set of scaling coefficients,
Mj = N − Lj + 1 is the number of non-boundary coefficients at the jth level.

The wavelet covariance between functions f(t) and g(t) is similarly defined
to be the covariance of the wavelet coefficients at a given scale. The unbiased

3 Downsampling or decimation of the wavelet coefficients retains half of the number
of coefficients that were retained at the previous scale. Downsampling is applied in
the Discrete Wavelet Transform
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estimator of the wavelet covariance at the jth scale is given by

νfg(τj) =
1

Mj

N−1∑
t=Lj−1

D̃
f(t)
j,l D̃

g(t)
j,l (6)

The MODWT estimate of the wavelet cross-correlation between functions
f(t) and g(t) may be calculated using the wavelet covariance and the square
root of the wavelet variance of the functions at each scale j. The MODWT
estimator, of the wavelet correlation is thus given by

ρfg(τj) =
νfg(τj)

νf (τj)νg(τj)
(7)

where νfg(τj) is the covariance between f(t) and g(t) at scale j, νf (τj) is the
variance of f(t) at scale j and νg(τj) is the variance of g(t) at scale j.

The multiscaled cross-correlation matrix technique is adopted in order to help
highlight non-stationary events at various different granularities (in SenseCam
lifelog data streams), which could be of importance.

3 Data

In this study, the data were generated from the EvAAL competition. In 2012
EvAAL, the activity recognition track took place in CIAmI Living Lab located on
the industrial park, Valencia, Spain. The CIAmI Living Lab is an approximately
90 m2 infrastructure that simulates the real environment of a citizen’s home
combined with provision of Information and Communication Technologies (ICT)
massively distributed across the physical space, but as invisible as possible to the
people occupying it as shown (Figure 1). In this work, the data are collected by
one user (the actor), wearing the SenseCam over two experiments. Total duration
of collection was approximately 13 minutes, forming a total lifelog collection of
66 images, with average capture time of 5 images per minute. As the data capture
time was limited, the SenseCam camera capture rate was changed in order to
generate as many images as possible during the competition. Figure 2 shows
some examples of SenseCam images.

4 Results

4.1 Eigenvalue Dynamics

From our previous studies [1, 2], we selected the least asymmetric (LA) wavelet,
(known as the Symmlet, [19]), which exhibits near symmetry about the filter
midpoint. LA filters are defined in even widths and the optimal filter width is
dependent on the characteristics of the signal and the length of the data series.
The jth level equivalent filter coefficients have a width Lj = (2j − 1)(L − 1) +
1, where L is the width of the j = 1 base filter. In practice the filters for
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Fig. 1. Indoor and outdoor views of the CIAmI Living Lab

Fig. 2. Example of SenseCam Images
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j > 1 are not explicitly constructed because the detail and scaling coefficients
can be calculated, using an algorithm that involves the j = 1 filters operating
recurrently on the jth level scaling coefficients, to generate the j+1 level scaling
and detail coefficients [20]. The filter width chosen for this study was the Haar
4, since this enables accurate calculation of wavelet correlations to the 5th scale,
which is appropriate given the length of data series available. Although the
MODWT can accommodate any level, J0, the largest level, is chosen in practice,
so as to prevent decomposition at scales longer than the total length of the data
series, hence the choice of the 5th[20], while still containing enough detail to
capture subtle changes in the signal.

Before examining the image time series in detail, it is important to introduce
the gray scale pixel values concept. In a gray scale image, a pixel with a value
of 0 is completely black and a pixel with a value of 255 is completely white.
The images captured from SenseCam are coloured and in order to simplify the
calculation, the images are converted to gray-scale images.

To reduce the size of the calculation, we first adopted an averaging method
to decrease image size from 480x640 pixels to 3x4 pixels. We analysed the equal-
time cross-correlation dynamics between each image pixels using a sliding win-
dow 12 images. This window was chosen such that Q = T

N = 1.25, thus ensuring
that the data would be close to non-stationary in each sliding window (Dif-
ferent values of Q were examined, with little variation in the results). First,
the MODWT of each image pixels was calculated within each window and the
correlation matrix between pixels at each scale found. The eigenvalues of the
correlation matrix in each window were determined, and eigenvalue time series
were normalised in time. During the experiment, SenseCam captured five images
every minute, so we can measure wavelet eigenvalue dynamics in time (minutes).
These results are shown in Figure 3 and discussed below.

Eigenvalue Dynamics at various wavelet scales In financial data, it has
been known for some time that the largest eigenvalue (λ1) contains information
on risk associated with the particular assets of which the covariance matrix
is comprised, (i.e. the ‘market’ factor) [20, 21]. Similarly we would expect the
largest eigenvalue here to present information from the image that reflects the
largest change in the SenseCam recording. We also wish to ascertain whether the
sub-dominant eigenvalues λ2, λ3, etc hold further information on the key sources
or major events and what information these contribute in addition λ1 to the
images. The dynamics of the largest eigenvalue and changes of ratio eigenvalues
were examined by the MODWT analysis.

We have studied the largest eigenvalue λ1 time series for a window size of 12
images to try identify the position and nature of peak sources or major events
from the real images generated from SenseCam.

In Figure 3, the dynamics of the series for the largest eigenvalue were ex-
amined from the MODWT analysis. The technique gives a clear picture of the
movements in the image time series by reconstructing them using each wavelet

4 The jth level equivalent filter coefficients have a width 2j
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Fig. 3. (a) The Largest Eigenvalue λ1 dynamics original data, (b) 30 seconds scale, (c)
1 minute scale, (d) 1.5 minutes, (e) 3 minutes and (f) 6.5 minutes.

Table 1. Activity Trait Analysis

Activities Wavelet Scales

From Outdoor to Indoor a1&e1&f1
From Standing to Lying a2&d2
From Bending to Walking a3&e2
From Walking to Sitting b1&c2
From Indoor to Outdoor b4&c4
From Falling to Standing up c3&d1
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Fig. 4. (a) The ratio of λ1/λ2 dynamics original data, (b) 30 seconds scale, (c) 1 minute
scale, (d) 1.5 minutes, (e) 3 minutes and (f) 6.5 minutes.
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Fig. 5. (a) The ratio of λ1/λ3 dynamics original data, (b) 30 seconds scale, (c) 1 minute
scale, (d) 1.5 minutes, (e) 3 minutes and (f) 6.5 minutes.
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component. The MODWT captured the particular features markedly apparent
at specified scales. A number of features from the image are reproduced and
can be examined by studying these eigenvalue series. Table 1 shows the different
features found at various scales, suggesting that the correlation matrix captured
different major events with different time horizons. For example, the user moving
from walking to sitting in the living room. When the user is sitting at the table,
the camera captures the light on the ceiling. Thus, the lights and unchanged
‘seated position’ contribute higher pixel values in these sequences of images.
These changes are captured by wavelet scale 1, 2 (peaks b1&c2) and correspond
to a 30 seconds and 1 minute period. These peaks at different (representative)
timescale(s) should help us to identify major events or activities in the data.
By examining the dynamics of the largest eigenvalue, we can see that changes
in lights, strong sunshine and the subject seating position unchanged over an
extended period, contribute to high pixel values in a sequence of images. This
confirmed our previous findings. This typical case was always marked by a peak
in the SenseCam signal. Similarly it can be seen that the other major events in
Table 1 correspond to eigenvalue signal fluctuations visible elsewhere in Figure 3,
for example the subject moving from indoors to outdoors, changing light levels,
the subject changing position from sitting to moving, movement increase etc.

Above, we have shown that the largest eigenvalue λ1 contains information on
major events captured by the SenseCam. Here, we wish to ascertain whether the
subdominant eigenvalues (λ2, λ3) hold further information on the key sources
or major events and these information contribute additionally to the images.
For Figure 4 and 5, we see the λ2 and λ3 have some variations compared with
Figure 3. This would seem to imply that the second and third largest eigenvalue
carries additional information to describe the images. But both eigenvalues don’t
contribute in large part to the major events for SenseCam, but do appear to carry
information for events surrounding the major ones, e.g. possible lead-in, lead-out
[2].

5 Conclusions and Future Work

In this paper, we employed initially a time series method in order to highlight
key episodes in identification of the boundaries on classification of event type
in SenseCam data streams. The Maximum Overlap Discrete Wavelet Transform
(MODWT), involving calculation of equal-time correlation matrices over differ-
ent time scales, was used to investigate the largest eigenvalue and the changes
in the sub-dominant eigenvalue ratio spectrums, (Figure 3, with the different
features, found at various scales, shown in Table 1). This suggests that the corre-
lation matrix for different information captured by the SenseCam can be filtered
by different time horizons. These consistently occurring peaks should help us to
identify major events captured by the SenseCam. By examining the behaviour
of the largest eigenvalue and the change in the eigenvalue ratios over time, the
eigenvalue ratio analysis confirmed that the largest eigenvalue carries most of the
major event information, whereas subsequent eigenvalues could carry informa-
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tion on supporting or lead in/ lead out events. On analysing major events, (with
a sliding window set to 12 images), we identified light level as an important event
delineator during static periods of image sequence. It is possible to identify the
time series fluctuation caused by single type change, e.g. with the environment
mostly constant, but with the subject movement increased. It is also possible
to confirm that the largest time series effects are due to ‘grouped’ or combined
changes, e.g. when the subject’s environment is totally changed including light
level, introduction of other people and so on. The change in eigenvalue ratios
obtained using MODWT provides results in good agreement with those found
for the largest eigenvalues. This indicates that the MODWT method may prove
a powerful tool for examination of the layered nature of the captured SenseCam
data at different time scales. Although the data sets, generated from EvAAL
competition were quite limited, some confirmation of some confirmation of our
initial findings was obtained, only with a far more challenging dataset; after all
the length of the datastream collected during the EvAAL competition didn’t
permit the extent of multiresolution analysis possible for our earlier work [1, 2]
was obtained.

In future, investigation of the value of other data sources towards activity
recognition would be indicated. The accelerometer could be as an important
option in this respect, as has been shown in [22, 23]. Motion of the SenseCam
is calculated using the 3-axis accelerometer data captured by the device. By
analysing acceleration data, we can easily combine contributes from the three
different axes by using standard algebra (

√
X2 + Y 2 + Z2). Inference of contex-

tual information about common daily activities such as sitting, walking, driving
and lying should then be possible from these data also. The combination of the
accelerometer and image sensor datastreams together may enable more accurate
event boundary identification for life logging data. Larger values for movement
indicate that the associated image is quite likely to represent a boundary be-
tween different events or activities such as walking from home to work, walking
from the office to lunch, walking from home to the shops, etc. So that combining
sensor information may help to classify SenseCam images into more meaningful
activities. Possible methods include employing different such algorithms as SVM
(Support Vector Machines) for example. Activity recognition is a core require-
ment for Ambient Assisted Living systems.
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