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INTRODUCTION

Today, with the extensive use of information
technology, data management and analysis for
ambient assisted living (AAL) communication
systems has gradually come to embody the 3-V
characteristics of big data [1]:
• Volume: The amount of data in regard to

computation and storage is extremely large.
• Velocity: The speed of data input and out-

put is extremely high.
• Variety: The range of data types and sources

is extremely wide. 
As a result, AAL data has grown beyond the

capability of most available database manage-

ment tools or traditional data processing appli-
cations. A revolutionary approach to big data
management in AAL is in great need.

Scholars and practitioners all over the world
have done considerable intensive research on big
data. However, most of the effort was spent on
volume and velocity, but not as much on variety.

Some common data types in AAL communi-
cation systems are listed in Table 1.

To cope with the large number of data types,
there are two basic types of solutions, customized
ones and universal ones. Customized solutions
build a customized system for each individual
type of data, while universal solutions build a
single system that can support a wide range of
data types. If the performance is acceptable to
the applications, universal solutions are much
more cost effective. As a result, most commer-
cial database management systems (DBMSs) are
universal solutions so that they can be sold to
many customers to maximize the profit.

A basic question is how to develop universal solu-
tions. Looking back on the history of DBMSs, one can
discover the basic paradigms of universal solutions.
That is, one first defines a universal abstraction that
covers a wide range of data types, and then builds a
universal system for the universal abstraction based on
its properties. Since every particular data type is a spe-
cial case of the universal abstraction, a solution to the
universal solution works for any data type it covers.

Commonly, traditional DBMSs make use of a
multidimensional data type as a universal
abstraction. That is, most data types are essen-
tially represented by one or multiple numbers
(i.e., a feature vector). However, many new data
types in AAL systems cannot be abstracted into
multidimensional space, and a more universal
abstraction is needed for AAL data.

We propose a new concept of big data
abstraction using metric space as the universal
abstraction for AAL data types. Informally, a
metric space [2] is a set with a distance function
defined on its elements, where the distance func-
tion satisfies the triangle inequality. We show
that metric space is more universal than multidi-
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mensional space and covers a wide range of
AAL data types.

Big data abstraction is in its early stage of
development. To demonstrate how big data
abstraction might work, we survey the state of
the art in metric space indexing. Indexing, or
searching, is one of the fundamental tasks of data
management and analysis. A lot of work has
been done on metric space indexing. We believe
what has been done for indexing provides excel-
lent hints for other data management and analy-
sis tasks. Open issues of big data abstraction in
theory and application are also discussed.

The rest of this article is organized as follows.
A discussion of customized and universal solutions
is presented in the following section. After that we
propose big data abstraction, and survey the state
of the art in metric space indexing. In the final
section, open research issues are discussed.

UNIVERSALIZATION: 
WHY AND HOW?

In this section, we first show the necessity of uni-
versalization by comparing customized and uni-
versal solutions, then show the basic approach to
achieving universality by reviewing the history of
data management systems, and last discuss the
current status of big data management with
respect to variety.

UNIVERSALIZATION: WHY?
Facing various data types, customized solutions
build one system for each data type. Since the
system is tailored for a single data type, its per-
formance can be expected to be high. However,
its range of applicability is relatively narrow, and
its price is thus relatively high. As a result, the
performance-price ratio will be relatively low,
and less profit has to be expected.

Universal solutions, on the contrary, build
one system to support a wide range of data
types. After fine tuning, the performance of uni-
versal systems is generally acceptable, except for
some performance-critical applications. Because
of its wide applicability, a universal system can
be sold to many customers at relatively low
prices. As a result, universal systems are more
cost effective and more profitable.

Customized solutions are more suitable for
performance-critical applications, while universal
solutions achieve better balance between perfor-
mance and price. Usually, buyers of AAL data
management systems prefer universal solutions
because of their low prices, given that the per-
formance is acceptable. Likewise, providers of
AAL data management systems tend to develop
universal solutions to gain more customers and
profit. Consequently, universal solutions are
more popular than customized solutions in prac-
tice. The relationship between customized and
universal solutions is similar to that between tai-
lor-made and factory-made clothes. The next
question is how to achieve universality.

UNIVERSALIZATION: HOW?
Let us look back on the history of data management
systems (Fig. 1), which always show an evolutionary
trend from customization to universalization. 

In the early 1960s (Fig. 1a), with the increas-
ing application of computers in enterprise man-
agement, large businesses began to build their
own enterprise information systems, where com-
mon data were numbers: employee IDs, product
prices, and so on. Since these systems were only
used inside businesses, many of them were built,
and a lot of resources were consumed. In the
1970s, the B-tree index was designed and inte-
grated into relational DBMSs. B-tree supports
search of numeric values, whether natural num-
bers, integers, or real numbers. That is, 1D data
served as an abstraction of natural numbers,
integers, or real numbers, and B-tree worked for
all these data types since they are all special
cases of 1D data. Furthermore, the integration
of SQL made relational DBMSs even easier to
use. Thus, some businesses were attracted to
relational DBMSs. As the number of customers
increased, the price of relational DBMSs
dropped. Consequently, businesses gradually
replaced their own information systems with
relational DBMSs for acceptable performance at
a much lower price. This was the first evolution
of data management systems from customization
to universalization (Fig. 1a).

Figure 1b shows the second stage of evolution
when manmade satellites were launched. To man-
age spatial information acquired by satellite, indi-
vidual spatial data management systems were
built. Spatial data are usually represented by fea-
ture vectors and matched by similarity defined by
distance functions. Again, a lot of efforts were
spent on building individual systems. Later, in the
1980s, multidimensional indexing such as R-tree
and kD-tree were designed and integrated into
relational databases. Multidimensional indexing
supports similarity search of multidimensional
data with Euclidean distance or alike. Further-
more, SQL was also extended to support spatial
data type and similarity query. As a result, individ-
ual spatial data management systems were gradu-
ally replaced by spatial DBMSs. This was the
second evolution of tje data management system
from customization to universalization (Fig. 1b).

Studying the above two evolutions, one can
summarize the basic approach to achieve univer-
sality into three steps:
1. Find a universal data types that cover vari-

ous data types.
2. Find a universal distance function that cov-

ers various distance functions.

Table 1. Common data types in AAL communication systems.

Data category Data type

Behavioral habit data
Sleep time, frequency of wake up, restroom time
and frequency, shower time, eating time, walking
speed, time in and out

Physiological information
Blood pressure, blood lipids, blood oxygen, tem-
perature, pulse, BMI, weight, bone density, respi-
ratory rate

Healthcare information Gene sequence, protein sequence, medical image

Environmental data Surveillance video, noise level, pollution density,
weather conditions
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3. Build a system based on the properties of
the universal data type and the universal
distance function.

DISCUSSION
In the second evolution, the multidimensional
data type serves as the abstraction for spatial
data types. A data type must satisfy two condi-
tions to be covered by this abstraction:
• Data must be in feature vector form.
• Similarity of data must be defined by

Euclidean distance or the like.
However, in the big data era, many data types

and corresponding distance functions do not sat-
isfy the above two conditions, such as text with
edit distance, protein sequence with global align-
ment, or MMR images with Hausdorff distance.
A new abstraction that can cover more AAL
data types is in great need.

Map-Reduce is a very popular programming
model to tackle big data applications these days.
However, one should keep in mind at least two
issues about map-reduce.

Who Developed It? — Map-Reduce was origi-
nally developed by Google, who possesses a
great amount of both intelligence and resource
to develop it. Building a big data system under
the umbrella of the Map-Reduce model requires
great programming skills and huge resource
investment. Therefore, it is not for end users.

What Is It For? — Map-Reduce was originally
developed to scan logs. After years of develop-
ment, its functionality is still very limited. It is
not an accurate claim that Map-Reduce has out-
performed traditional DBMSs, but it is better
only in limited application environments.

Therefore, we can conclude that the current
status of AAL big data management is very simi-
lar to the early stage of building individual sys-
tems of the former two evolutions, and a new
abstraction for big data is necessary to carry on
the third evolution of data management systems
from customization to universalization.

BIG DATA ABSTRACTION
We propose the use of metric space as a universal
abstraction for AAL data types, and to build a
universal big data management and analysis sys-
tem based only on the properties of metric space.

METRIC SPACE

Informally, metric space is a set with a distance
function, satisfying the triangle inequality,
defined by its elements.

Definition — A metric space [2] is a pair (S, d),
where S is a nonempty set and d is a real-valued
distance function with the following properties:

For all x, y Œ S, d(x, y) ≥  0 and d(x, y) = 0 iff x
= y. (Positivity)

For all x, y Œ S, d(x, y) = d(y, x). (Symmetry)

For all x, y, z Œ S, d(x, y) + d(y, z) ≥  d(x, z).
(Triangle inequality)

Metric space requires only a metric distance
function. An interpretation of the data in a coor-
dinate system is not necessary. Two immediate
advantages of using metric space as a universal
abstraction are:
• Metric space is more universal than multidi-

mensional space. Since Euclidean distance
satisfies positivity, symmetry, and triangle
inequality, multidimensional data with
Euclidean distance form a special case of
metric space. Some data types that cannot
be abstracted into multidimensional space
can be abstracted into metric space.

• A universal programming model can be built
on metric space. To perform big data manage-
ment and analysis, users only need to define
their own data type and associated metric dis-
tance function, which can be plugged into the
universal model as a black box.

METRIC SPACE’S RANGE OF APPLICATION
Common AAL data types that can be abstracted
into metric space are listed in Table 2. Except
for examples 1 and 2, the examples cannot be
directly abstracted into multidimensional space.
Until now, only customized solutions have been
developed for them.

For data types that cannot be directly
abstracted into metric space, there are some
alleviations. First, there are some mathematical
approaches to convert non-metric distance func-
tions to metric ones. Second, there are universal
approaches for distance functions satisfying only
some of the metric properties (e.g., semi-metric
and pseudo-metric). Third, as long as some kind
of inference can come from the distance func-
tion, universal approaches can be developed. An
example is the protein identification problem
with mass spectra. For three data objects x, y
and z, an upper bound of d(x, y) can be deter-
mined given d(x, z) and d(y, z), and a metric
space index was adapted to support similarity
queries of mass spectra [3].

The great universality of metric space is also
one of the disadvantages of metric space abstrac-
tion. Domain-specific information is discarded.
The triangle inequality of the distance function
is the only property that can be leveraged. The
key point is to recognize the pattern encapsulat-
ed by the distance function.

Metric-space-based big data abstraction is in
its early stage of development. Among the fun-

Figure 1. History of data management systems.
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damental tasks of metric space big data manage-
ment and analysis, search is the only one that
has received intensive research. To show the
basic idea of how data management and analysis
can be done in metric space, in the next section,
we survey the state of the art in metric space
indexing that supports similarity queries.

METRIC SPACE INDEXING: 
A UNIVERSAL INDEXING FOR

SIMILARITY QUERIES

Given a database of data objects, a distance
function as the similarity measurement, and a
query object, a similarity query finds all data
objects that are similar, determined by the dis-
tance function, to the query object.

Figure 2 illustrates the basic idea of how tri-
angle inequality can be leveraged to answer simi-
larity queries in metric space. Assume an image
database consists of three cartoons of Mickey,
Minnie, and Pluto, respectively [4]. Another car-
toon of Mickey is used as a query [4], and we
want to find all similar cartoons to it in the
database. Since the distance calculation is usually
costly for complex data types such as image, one
goal is to minimize the number of distance calcu-
lations during the search. During preprocessing,
pair-wise distances of the three cartoons in the
database are calculated and stored. When the
query comes, d(Mickey, query) is first calculated.
Since the query is also a cartoon of Mickey, we
can assume that d(Mickey, query) is small, say 1.
Then, from the triangle inequality, it can be
derived that 149 £ d(query, Minnie) £ 151 and
199 £ d(query, Pluto) £ 201. Therefore, neither
Minnie nor Pluto is a query result. In a word,
using triangle inequality, the similarity query is
answered with only one distance calculation.

In the following, we first introduce the con-
cept of an index, then survey common tree struc-
tured metric space indices and discuss their
problems. Next, the pivot space model, a theo-
retical framework for metric space indexing, is
introduced.

INDEX
A database index, or simply index, is a data
structure to improve the efficiency of data
lookup in a database. Answering similarity
queries usually consists of two steps.

Offline Construction — Given the data set,
construction builds an index data structure
offline. The tree structure is one of the most
popular metric space indexing structures. In
their top-down construction, tree structure met-
ric space indexing methods build index trees by
recursively applying two basic steps: pivot selec-
tion and data partitioning. In pivot selection, a
small number of reference points, called pivots,
are selected from the database. In data parti-
tioning, data points are partitioned by their dis-
tances to the pivots.

Online Search — Based on the offline built
index data structure, similarity queries are
answered online. The search process basically

descends the index tree from the root to the leaf
nodes. At each internal index node, some com-
putation is performed based on the query and
the information previously stored in the node.
Some children are determined to be unable to
contain any query results and can be pruned.
Children that cannot be pruned are further visit-
ed in the same way. At each leaf index node,
similarly, computation is performed to decide
which data objects can be pruned and which
data objects are query results without calculating
their distances to the query. For the remaining
data objects, their distances to the query are cal-
culated to find the query results.

COMMON METRIC SPACE INDEXES
Based on the way data is partitioned, there are
two kinds of metric space indices: the vantage
point tree (VPT) and general hyper-plane tree
(GHT) [5, 6].

During the offline construction of a VPT, the
data space is partitioned into disjoint regions
recursively. In each recursion, a vantage point,
or pivot, is first selected as a reference point.
Then the distances from all remaining points to
the vantage point are calculated, and the medi-
an, m, of the distances is determined. Next, data
is partitioned such that points with distances
smaller than or equal to m move to the left

Figure 2. Triangle inequality: the principle of metric space abstraction.

Mickey

MickeyQuery

1

150 Minnie

149 ≤ d(query, Minnie) ≤ 151

Minnie Pluto

Preprocessing:
d(Mickey, Minnie) = 150
d(Mickey, Pluto) = 200
d(Minnie, Pluto) = 250

Search:
d(Mickey, query) = 1

Query

Table 2. Examples of metric space.

Data type Distance function

1 Number (one-dimensional) Absolution value of difference

2 Vector (multidimensional) Euclidean distance or alike

3 Text Edit distance

4 Protein sequence Global alignment (weighted edit distance)

5 Image Hausdorff distance

6 Video Percentage of similar frames
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child, and points with distance larger than m
move to the right child.

In each recursive construction step of GHT,
two points, c1 and c2, are selected as centers, or
pivots. Each remaining point is assigned closer to
the center. That is, points closer to c1 than to c2
are assigned to the left child, while points closer
to c2 than to c1 are assigned to the right child.

Since metric space has no coordinate system,
mathematical tools of multidimensional space
are not directly applicable to metric space. Con-
sequently, most of above work is based on
heuristics. Theoretical analysis is usually over-
looked. Nevertheless, a large amount of tradi-
tional metric space indices only show their
superiority to others experimentally. A theoreti-
cal framework is needed to analyze and com-
pare different indices and to predict the
performance of new indices. The pivot space
model introduced next aims to solve the above
problems.

PIVOT SPACE MODEL: A THEORETICAL
FRAMEWORK FOR METRIC-SPACE INDEXING

A first goal of the pivot space model is to impose
coordinates to data in metric space so that math-
ematical tools of multidimensional space can be
applied for theoretical analysis. To do so, a map-
ping from metric space to multidimensional
space is defined [7].

Let Rm denote a general real coordinate
space of dimension m. Let (S, d) be a metric
space where S = {xi | i = 1, 2, … , n} is the
database, and d is a metric distance function. Let
P = {pj | j = 1, 2, … , k} be a set of k pivots. P
 S. Duplicates are not allowed.

Given the set of pivots, each point x in S can
be mapped to a point xp in the non-negative
orthant of Rk. The jth coordinate of xp repre-
sents the distance from x to pj:

xp = (d(x, p1), …, d(x, pk)).

The pivot space [7] of S, FP,d(S), is defined as
the image of S:

FP,d(S) = {xp | xp = (d(x, p1), …, d(x, pk)), 
x Œ S}.

Figure 3 gives an example of pivot space. The
original data consists of 3000 points uniformly dis-
tributed in the unit square. With Euclidean dis-
tance, these points form a metric space. Two points,
with coordinates (0,0) and (1,1), are selected as the
pivots. Since the number of pivots is 2, the pivot
space is also 2D. For a point, (a, b), in the original
metric space, its coordinate on the x-axis in the
pivot space is its Euclidean distance to the first
pivot, (0, 0), and its coordinate on the y-axis in the
pivot space is its Euclidean distance to the second
pivot, (0, 1). Four special points (corners and the
center) in the original metric space are selected,
and their images in the pivot space are marked.

A complete pivot space [7] is a pivot space with
all points selected as pivots. It has been proved
that the mapping from metric space to a complete
pivot space is isometric [7]. That is, the mapping is
one-to-one, and the metric space distance of any
pair of points equals the L• distance of their
images in the complete pivot space. Therefore,
instead of the original metric space, the complete
pivot space can be searched to answer similarity
queries. Since the complete pivot space is a multi-
dimensional space, the problem turns into a multi-
dimensional indexing problem, to which many
mathematical tools can be applied.

Furthermore, it has been proved that the par-
tition boundaries of both VPT and GHT are
straight lines (or hyper-planes) in the pivot
space, with different slopes. In other words, VPT
partition and GHT partition are essentially rota-
tions of each other [8]. Moreover, it has been
shown theoretically and experimentally that VPT
outperforms GHT [8].

OPEN ISSUES AND FUTURE WORK
Based on the survey of metric space indexing,
one can deduce a possible paradigm for metric-
space-based big data management and analysis
tasks other than indexing. That is, we can first
map data from metric space to pivot space, and
then apply traditional multidimensional space
mathematical tools to the pivot space.

Open research issues and future work include,
but are not limited to, the following.

Given the isometric mapping, can complete
pivot space replace metric space? The pivot

Figure 3. The pivot space of points from unit square with Euclidean distance.
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space model defines an isometric mapping from
metric space to the complete pivot space. Under
this mapping, the pair-wise distances are pre-
served. For indexing, the complete pivot space
can be searched instead of the original metric
space. For other tasks (e.g., clustering and classi-
fication), can metric space be replaced by the
complete pivot space? More theoretical analysis
is to be performed on this topic.

If the above is “yes,” can we work on the com-
plete pivot space directly? Since all points are
selected as pivots, the dimension of the complete
pivot space equals the size of data, which is usual-
ly huge for big data applications. High dimension-
ality causes problems for many data management
and analysis tasks, such as indexing. It is necessary
to identify which tasks can be performed on the
complete pivot space directly, and which cannot.

If the above is “no,” how should dimension
reduction for the complete pivot space be done?
According the pivot space model, dimension
reduction for the complete pivot space can only
select existing dimensions and cannot create new
dimensions for indexing. More theoretical analy-
sis is to be done to determine for which data
management and analysis tasks that dimension
reduction for the complete pivot space model
can create new dimensions.

How can performance be improved algorithmi-
cally? It is difficult to build a universal system gen-
erally performing well. Since metric space
abstraction discards domain-specific information
and only leverages the triangle inequality of the
distance function, it is of key importance to refine
the algorithms to achieve acceptable performance.

How can it be done in a parallel or distribut-
ed manner? Another way to improve perfor-
mance is to exploit multiple processors. Parallel
and distributed techniques are of great value.

How can metric distance functions be defined
for more data types and applications? As dis-
cussed earlier, not all data types and distance
functions can be abstracted into metric space.
Defining proper metric distance functions for data
types and applications is of critical importance.

CONCLUSIONS
This article focuses on the variety challenge of
big data problems in AAL communications sys-
tems. First we show that a universal approach is
very effective in overcoming variety. Then we
show that universality can be achieved by abstrac-
tion. Next, metric space is proposed as a univer-
sal abstraction for AAL big data. To demonstrate
how a metric space data management and analy-
sis system can be built, we survey the state of the
art in metric space indexing and introduce the
pivot space model. Last but not least, a few
important open research issues, which form the
direction of future work, are discussed.

Since much less attention has been paid to
variety than to volume and velocity, this article
provides a novel perspective on designing AAL
big data management and analysis systems.
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