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Abstract

In the publish/subscribe paradigm, data
providers disseminate publications to all con-
sumers that have registered subscriptions.
Most of the research in publish/subscribe
systems is focused on semi-structured data
where publications are represented as a set
of (attribute,value) pairs and subscriptions
express constraints over attribute values. In
this paper we introduce a publish/subscribe
paradigm for time series data. Publications
and subscriptions in this model correspond to
numerical sequences of fixed length and the
semantics of matching is based on the notion
of similarity between such sequences. Since
time series can be modeled as higher dimen-
sional points we evaluate the applicability of
an existing spatial data indexing approach for
the support of matching in such type of sys-
tem. We provide a framework for develop-
ing time series publish/subscribe middleware
which domain experts could easily extend to
fit a particular application.

1 Introduction

The publish/subscribe paradigm defines a selective
data dissemination model which consists of publishers,
subscribers and a central broker or a distributed net-
work of brokers. Data is produced by publishers and,
according to certain dissemination rules, eventually
gets delivered to interested subscribers. Subscribers
express their interest using subscriptions, which im-
pose restrictions on the data content. The role of the
broker network is to find all subscriptions which match
an incoming publication and deliver it only to sub-
scribers with matching subscriptions.
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The type of publication data that has gained
most research attention presently corresponds to
a set of (attribute,value) pairs. Each attribute
in the set has unique name and fixed type which
determines the universe of its values.  Subscrip-
tions consist of predicates, usually a conjunction
of boolean operators expressing some restriction on
the attribute values. For example, the publication
{(type, bachelor), (location, downtown), (price, $800)}
satisfies the subscription {type = any A location =
downtown A price < $1000}. Publish/subscribe sys-
tems have been developed for selective dissemination
of such type of data in both centralized [15, 4] and
distributed [3] aspect.

In this paper we introduce a publish/subscribe
paradigm for time series data. Subscriptions and pub-
lications in this model are numerical sequences of fixed
length. We base the semantics of matching on the no-
tion of similarity between the time series of the sub-
scription and those of the publication. For the match-
ing part we use approaches developed for queries in
sequence and geo-spatial databases [9, 2] and conduce
experiments to evaluate their applicability for solving
the time series publish /subscribe problem.

Various real-world data is represented as time se-
ries. Stock fluctuations, seismic activities, sound and
images are just a few examples. Below we present
some scenarios where a time series publish/subscribe
middleware could find good utilization.

Stock fluctuations are usually modeled as time se-
ries. Data in series represents the change of the
market value of a particular stock, recorded at
regular time intervals. If we plot this time series
in the two dimensional plane, we will obtain the
shape of that stock. The study of shapes is very
important in financial market analysis [7, 11].

For the above type of data a subscription could
be a sample time series, which reflects the sought
trends shape and some tolerance threshold which
indicates the desired similarity level. Marketing
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Figure 1: Acoustic sensor network with pub-
lish/subscribe middleware.

researcher could pose such a subscription to a
stock brokerage company. Its semantics will state
send an event any time you deal with stocks, which
have history trends similar to that of the sample.

Sound signals represent the air pressure generated
by a sound source as a function of time. The
variation of the value of a signal with time gives
its waveform. Different sounds in real-life have
different waveforms. For example, the waveform
generated by a passing truck is different from that
of a passing car. Time series publish/subscribe
systems could find good application in a network
of sound sensors.

Surveillance personnel looking for a particular
type of object passing through a monitored area
could pose a subscription stating inform me when
any sensor reports a waveform that is similar to
a given one. The sample waveform could be that
of a truck, car or an animal. Figure 1 depicts a
publish/subscribe system with a number of acous-
tic sensors. Sensors attached to the broker act as
publishers, while the two PC nodes act as sub-
scribers.

In the process of our work we built a framework for
development of time series matching engines, which
we used for the evaluation of the proposed algorithms.
This framework is generic and can easily be extended
to support applications from different domains.

We continue this paper with a background on time
series similarity matching, feature extraction and in-
dexing. Section 3 defines the semantics of subscrip-
tions and publications and describes the matching en-
gine on a conceptual level. It also outlines the archi-
tecture of our time series publish/subscribe system.
Section 4 describes the matching engine, which we de-
veloped in three variants, based on R*-tree [2], interval
tree [6] and simple linear scan. We evaluate and dis-
cuss the performance of these algorithms in Section 5.
Section 6 concludes the paper and gives some future
work directions.

2 Background

Time series are real-valued sequences representing
measurements taken at regular time intervals. Such
data is inherently inexact due to the fixed precision
supported by computers and the general imprecision
of sensing devices. For that reason, most of the opera-
tions for time series comparison are approzimate. The
operation we are going to discuss in this paper is the
shape similarity matching [9)].

At this early stage of our work will consider only
whole matching whereby the sequences to be matched
each have the same length n. For brevity, we will adopt
the term n-time series (n-sequence) to refer to the vec-
tor X = (x1,Z2,...,&y,) of length n. Also, whenever
we use the terms distance or norm, unless explicitly
stated, they will mean Fuclidean distance and Ly norm
in the n-dimensional Euclidean space.

2.1 Distance and Similarity

Let X and Y be two n-time series and let D be a
distance metric. It is said [1, 9] that X and Y are
similar with respect to D and tolerance e if:

D(X,Y) <e¢, for e > 0. 1)

The distance metric D is usually chosen with regard
to the application domain. In this paper we will use
the Ly norm as it is non-negative, obeys the triangle
inequality and is efficiently computable. The Ly norm
defines the Euclidean distance between two n-time se-
ries:

2.2 Similarity Semantics

Human perceived similarity is subjective and varies
with the type of data and the application domain. For
example, for time series representing image colour his-
tograms, the definition of similarity given in Eq. 1 and
2 is sufficient. However, for other type of data, such
as stock prices, it is more natural to seek similarity in
terms of shapes. Given two stocks, the price of the
first one might be twice the price of the other. Such
series are not similar in Euclidean sense, but they have
similar shapes.

2.2.1 Normal Forms and Shape Similarity
For a given n-time series X, the transform:
Top(X)=aX +b, wherea,be R,a#0  (3)

preserves the shape of X [9, 17]. In the above equation,
a is the scale and b is the shift of the transform.



Definition 1 Let a(X) and o(X) be the mean and
the standard deviation of X respectively. An n-
sequence X 1is said to be in normal form if a(X) =0
and 0(X) = 1. Thus, given X, we can obtain its nor-
mal form N(X) with the following transformation [9]:

N(X) = Tl/a,fa/zr(X)' (4)

Thus, when X and Y are two n-time series and D
is the Ly norm, the shape similarity between X and
Y is defined as the Euclidean distance between their
normal forms [9]:

Ds(X,Y) = D(N(X), N(Y)). (5)

Using Eq. 5, it can be said that X and Y are shape
stmilar with tolerance e if:

Ds(X,Y) <, for e > 0. (6)

As mentioned in [9], € should be interpreted as the
maximum level of dissimilarity. For this paper we
chose to use the expression “shape similar with tol-
erance €”.

With the definitions above we can treat any n-time
series as a point in the n-dimensional Euclidean space.
For clarity, further in this paper we will use the terms
n-time series and n-dimensional point interchangeably.

2.3 Dimension Reduction

Computing the Euclidean distance between two n-
sequences takes O(n) operations on average. When
time series are longer and the volume of data is high
we cannot afford to compute the similarity distance
between a sample sequence and all other sequences.
As the dimensionality curse cannot be avoided, some
technique should be used to quickly reduce the number
of n-sequences that need to be examined.

The method most commonly used for fast rejection
in sequence databases [1, 9, 19] employs a feature ez-
traction function F : R™ — R  which projects each
n-dimensional point onto a much lower dimensional
space. F'is chosen such that whenever the projections
of two time series are not similar, the original series are
not similar as well. For brevity, we will refer to the n-
dimensional space of the time series as the series space,
to the lower dimensional space as the feature space and
to the projection of an n-series onto the feature space
as the feature vector.

We will use the first few coefficients of the Fast
Fourier Transform (FFT) [16] of X as a feature ez-
traction function:

F(X) = [FFTy(N(X)),...,FFTy(N(X))].  (7)

Here, FFT;(N(X)) denotes the i** coefficient of the

Fast Fourier Transform of the normal form of X.
FFT is widely used and has been shown to provide

very good accuracy for k = 2 to 5 [1, 19]. It should be

noted that Fourier coeflicients are complex numbers,
so the resultant feature space will be 2 x k-dimensional.
Also, the first Fourier coefficient of any normalized se-
quence is zero [16] thus we will not include FFTj in
the feature vector.

Following the model from [9] we will define the fea-
ture space similarity function as

Dr(X,Y) = Ds(F(X),F(Y)). ®)

Using Parseval’s Theorem [16] and the monotonic
property of the Euclidean distance it can be shown
that this indexing approach is correct:

D(X,Y)<e= Dp(X,Y) <e. (9)

To improve performance, Rafiei et al. [19] exploit
the fact that Fourier coefficients of any real-valued sig-
nal of length n satisfy X; = X L (X* is the complex

conjugate of X) and obtain:
D(X,Y)<e= Dp(X,Y) < ¢/V2. (10)

3 Publish/Subscribe Model

In this section we describe the subscription and publi-
cation structures in our system and define the seman-
tics of matching.

Subscriptions are triples in the form S = (I, X, €),
where X = (z1,22,...,2Z,) iS an n-time series,
€ is a tolerance and I is a generic field used to
uniquely identify the subscriber who posted S.

Publications are n-time series P = (v1,v2, - . .,Vy)-

3.1 Matching Problem

Definition 2 We will say that publication P matches
a subscription S = {I,X,¢) if X and P are shape
similar with tolerance €, e.g.,

Ds(X,P) <e. (11)

Let P be a publication and & = (51,52, --.,Sm) be
a set of subscriptions. The publish/subscribe problem
for time series data can be stated as follows: Given
P and S, find the subset M (P) C S of subscriptions,
which match P in the sense of Def. 2.

From Eq. 10 we have that

S € M(P)= Dp(X,P) <e¢/V2. (12)

In order to speed the search, we will index each
subscription and each incoming publication with their
feature vectors:

Sy =(Xy,€/V2,8), X; = F(N(X)). (13)
P; = F(N(P)). (14)
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Figure 2: Broker node organization.

That way, given the set S we will be able to quickly
find the subset S’ C S of subscriptions, which certainly
do not match P. The remaining subscriptions form
the candidate list Sc = S — S'. Unfortunately, all the
subscriptions from S¢ will need to be matched against
P in the n-dimensional series space.

3.2 Broker Nodes

Broker nodes in a publish/subscribe system serve as a
connection between publishers and subscribers. Each
broker has a number of input interfaces through which
publications and subscriptions are posted, and a num-
ber of output interfaces through which matched pub-
lications are sent to the interested subscribers. In a
distributed system brokers may also connect to other
brokers in order to relay data.

Figure 2 depicts the main components of a broker
node in the time series publish/subscribe system. The
operation flow consists of the following steps:

1. Broker receives an incoming subscription or publica-
tion on some of its input interfaces.

2. It is sent to the feature extractor component to obtain
its feature vector (cf. Section 2.3).

3. The feature extractor uses algorithms exposed by
the Transforms Library to extract the feature vector. In
our case, this is the Fast Fourier Transform, but at domain
expert’s will it could be changed to any other transform
which suits the application domain.

4. If a subscription has been received, its feature vec-
tor is passed to the index manager.

5. The index manager updates the Index Structure.

6. If a publication has been received, it is passed to
the matching engine, which retrieves the set of subscribers
to which it should be forwarded.

7. Matching engine uses the index to achieve the above
task.

8. Finally, the publication is forwarded to each of the
matched subscribers through the respective output inter-
faces.

4 Matching

Even if we are working in the 2 x k-dimensional feature
space, it would still be good if there is some technique
that could trim the search space, so that just a small

fraction of the feature representations of subscriptions
need to be tested.

Using Eq. 13 and 14, each subscription’s fea-
ture representation Sy can be modeled as a 2 *
k-dimensional hypersphere ¥ of radius e/v2. Py
matches Sy in feature space when Py is in ¥ (or on its
boundary). With this representation, we can optimize
the discovery of the candidate list Sc by modeling the
search as a high-dimensional point query [22, 21].

The point query asks for all objects which overlap
a given reference point and there is a variety of algo-
rithms which are related to answering it efficiently. Be-
low we give a brief overview of the algorithms, which
we looked at as potentially suitable for solving this
problem. Exhaustive survey is available in [8].

Point Access Methods or PAMs have been designed
as an indexing tool for databases that consist solely of
point data. Representative of these methods are the
grid file [18] and the k-d-B tree [20]. All of these meth-
ods exploit the fact that points do not have spatial
extent to achieve an optimal search space partition-
ing. However, since subscriptions are spatial objects,
we considered that PAMs are impractical to use as a
subscription index.

Spatial Access Methods or SAMs have been devel-
oped exclusively for the management of objects having
spatial extent, such as lines, polygons or polyhedra.
Some of these methods do partitioning of the object
space into regions in order to prune the search, while
other use a balanced tree approach whereby leaf nodes
contain the actual objects and intermediate nodes con-
tain a bounding approximation of their children. The
most widely used tree-based structures include R-Tree
[10], R*-Tree [2], SS-Tree [14] and SR-Tree [13].

For the purposes of our experiments we decided to
use the R*-Tree as one of our subscription indexing
structures because it is simple and its code is readily
available. Also, the R*-Tree has shown little perfor-
mance degradation with higher-dimensional data and
has successfully been used in sequence database appli-
cations [1, 19].

4.1 Subscription Indexing Techniques

The following two subsections describe the indexing
techniques we used for optimizing the discovery of the
candidate list Sc.

4.1.1 R*-Tree Index

The R*-tree [2] is a height balanced tree, similar to a
B-tree [6]. Based on the R-Tree [10], it indexes multi-
dimensional data objects by approximating them with
their iso-oriented minimal bounding boxes (MBBs).
Leaf nodes contain pointers to the actual data objects,
while internal nodes consist of the minimal bounding
boxes of their children.

In our system, the data objects were the subscrip-
tion feature representations Sy. Since R*-Tree indexes
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rectangles, we approximated all subscription spheres
with their MBBs prior to inserting them in the index.
Figure 3a shows the structure of an R *-tree, which con-
tains 15 planar spheres (for clarity, only one sphere is
drawn). On the diagram, Ly, Ly, L3 and L4 are the
leaf nodes with dotted lines depicting their minimal
bounding rectangles. Likewise, R; and R, are inter-
nal nodes with the dashed lines depicting their mini-
mal bounding rectangles.

In order to obtain the candidate list Sc of subscrip-
tions matching a given publication feature vector Py,
we impose a point query to the R*-tree passing Py as
the point. The result of the query is the set of sphere
objects, which contained the point P.

Following the R *-Tree search algorithm, the match
starts at the root node. At each level it chooses only
child nodes whose bounding rectangles contain the
query point Py. When a leaf node is reached, all sub-
scriptions it contains are examined by scanning them
linearly and only those that are similar to Py are in-
serted in the candidate list. For example, the dashed
lines in Figure 3b show the search path for subscrip-
tions that match point P;.

It follows from the above that higher overlap be-
tween rectangles in internal nodes would deteriorate
the search time. For example, the search for subscrip-
tions that match P, in Figure 3b will examine all leaf
nodes of both R; and Ry although only the leaf L3 of
R, contains the reference point.

Due to space considerations we will not give further
details of the algorithms that operate on the R-Tree
and the R*-Tree. They are available in the original
papers [10, 2].

4.1.2 Interval Tree Index

As an alternative to the technique described in the
previous section, we decided to use only two of the
point coordinates to trim the search for the candidate
list, and compare the performance of this approach to
the R*-Tree.

For any k-dimensional point P = (z1,...,2)) con-

tained within the minimal bounding box of a sphere
¥ = ({y1,---,Yr),€) of radius €, we have:
z; €Elyi—€yit+e,i=1...d (15)

Observing this, we can use two interval trees to in-
dex the set of subscription feature vectors based on
their first Fourier coefficient (recall that Fourier coef-
ficients are complex numbers).

The interval tree [6] is a red-black tree, which main-
tains a dynamic set of one-dimensional intervals. Each
interval is assigned a place in the red-black tree using
its start or end point as a key. The height of an n-
node red-black tree is O(lg(n)), so given a point p,
the search for a single interval that contains p takes
O(lg(n)) time. Figure 4 depicts an interval tree.

We implemented the interval tree search algorithm
so that it returns all intervals, which contain a given
query point. Thus, for a given publication feature vec-
tor Py the so built index will immediately reject any
subscriptions, which “span too far” in their first two
coordinates. The rest of the subscriptions still have to
be tested using linear scanning.

5 Evaluation

All the techniques described in the preceding sections
were implemented in C++4. We used our own imple-
mentation of the Interval Tree. For the experiments
with the R* Tree we used sources obtained from [12]
L. The R*-tree was implemented with secondary stor-
age in mind and used wrapper classes and quite long
function call chain, which caused noticeable delay in
the processing speed when used in-memory. For that
reason, we also give our results in terms of the number
of series actually tested, which is an indicator of the
pruning abilities of the proposed indexing algorithms.
The split threshold of the R*-Tree was 24 child nodes
and the reinsert factor was 30%.

1We are very thankful to Norio Katayama et al. for publish-
ing their code on the web.
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Table 1: Workload parameters for series generation.

Para-

meter Value Range | Description
N | 1k,2k,5k,10k,50k,100k | # of subscriptions
L 2040 | # of samples in series
k 3,4,5,6 | # of FFT coefficients
c (0.01,1.0) | Tolerance scaling

5.1 Experimental Setup

We ran all our experiments on a Pentium 4 2.8GHz
processor with 1.5GB of memory, running RedHat
Linux 8.0. All our tests fitted entirely in main memory
and the maximum memory usage we observed was 40%
when R *-Tree with 100000 subscriptions was used.

Table 1 lists the parameters we controlled and their
respective value ranges.

Random walks have successfully been used to model
stock movements and exchange rates [5] and have been
used as test data in [1]. For that reason, as a test
workload, we generated synthetic random walks data.

First, we generated N sequences consisting of L
samples. Each sequence X = [z;] was a random walk
Tit1 = T; + w;, where w;, ¢+ = 0,1,...L — 1 were in-
dependent random variables, uniformly distributed in
the range (—500, 500).

For each sequence X we generated a random tol-
erance ¢, uniformly distributed in the interval (0, ¢ X
v/1000 x L). Taking all pairs (X,e) we constructed
the set S of subscriptions and indexed it using the
methods described in the previous section.

For publication data, we generated additional %
random walks of length L and for each of them calcu-
lated the candidate list Se.

We ran each experiment several times, varying the
parameter c. This yielded different average subscrip-
tion radius at each run and thus affected the overlap
between subscription spheres and increased the frac-
tion of subscriptions that matched each publication.

For each of the runs we measured the size of S,
the average subscription time, the average matching
time and the number of subscriptions which had to be
tested linearly in the search for the candidate list Sc.
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Figure 6: Match Time vs. Size of S, N=100k, k=5.

We present our findings in the following sections.

5.2 Pruning Capabilities and Matching Time

Figure 5 shows the average number of subscriptions
that were actually tested at each run versus the size
of Sc. The size of the subscription population was
N = 100,000 and the feature vector had 5 FFT coef-
ficients (k = 5). The linear scan case, where all series
are tested is given just for reference. The size of S¢
is given in percent of the whole subscription popula-
tion. This can be interpreted as the “fraction of useful
tests”.
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We considered that the test whether a point lies
within a rectangle takes approximately the same num-
ber of operations as computing the Euclidean distance.
For that reason, in R *-Tree tests we counted each rect-
angle test as subscription test. This caused at some
point the number of tested entries to exceed the total
number of subscriptions.

From Figure 5 it can be seen that after the fraction
of matching subscriptions exceeds 8%, the total num-
ber of tested nodes in the R*-Tree starts to perform
worse than the Interval Tree based algorithm in terms
of search space pruning. This implies increased over-
lap between nodes at the same level of the R*-Tree,
which causes a large number of fruitless checks.

Figure 6 displays the average matching time against
the size of S¢ for the same parameters. The linear
scan trace is not precisely horizontal because we used
the best possible linear scan algorithm, whereby the
computation stops as soon as the accumulated sum of
squared differences exceeds the squared radius. In our
tests, the R*-Tree algorithm starts to perform much
worse than both the linear scan and the Interval Tree,
in terms of time, when the fraction of matching sub-
scriptions reaches somewhere between 10 and 25 per-
cent. We attribute this to the implementation factors
described above and expect an in-memory version of
this algorithm, which better accounts for locality of
accesses to dominate in performance for at least 40%
matching subscriptions.

Figure 7 displays the behaviour of the matching
time as we increased the number of subscriptions in
the system. For each data point displayed, approxi-
mately 8% of the subscriptions match.

5.3 Subscription Time

Finally, Figure 8 shows the variation of the subscribe
time for different number of subscriptions in the sys-
tem, averaged over the entire run. From this chart
it can be inferred that the average subscribe time for
both tree-based algorithms is not significantly affected
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Figure 8: Subscribe Time vs. # Subscriptions, k=5.

by the size of the subscription population. For the
R*-Tree this is due to its “greedy” nature which, dur-
ing object insertion, chooses a single subtree at each
level, such that subtree’s bounding rectangle expan-
sion will introduce the smallest overlap between neigh-
bour nodes found at the same level. For the interval
tree this is because of its O(lg(n)) insertion complex-

ity.

6 Conclusion and Future Work

In this preliminary work we proposed a pub-
lish/subscribe model that operates on time series data
and the semantics of matching is based on the notion of
similarity between whole series. We used the dimen-
sion reduction approach in combination with spatial
indezxing to optimize the matching process and evalu-
ated the performance of this technique using random
walks data.

In the process of our work, we built a generic frame-
work for developing time series publish/subscribe sys-
tems. It is easily extensible and allows expert in a
given area to modify the components it needs to adjust
it for a particular application. For example, changing
the type of data to images will require changes to the
feature extractor without need to modify the matching
engine. In case certain knowledge about the type of
data and respectively about the behaviour of feature
vectors permits optimizing the matching process (for
example, some coordinates are more important than
other), only the matching engine needs to be changed.

Our experimental results showed that the time se-
ries matching process works better when there is a
low number of matching entities. This is a result
of the complex structure of spatial data and the in-
ability of spatial indexing structures to take into ac-
count subscription overlaps. This is in contrast to
semi-structured data based publish/subscribe systems,
which model the overlap between subscriptions with
a common path within a finite state automaton or a
common predicate, and thus manage to match/discard
significant number of subscriptions at a single pass.



As an immediate future work we plan to extend this
scheme and evaluate its performance with real data,
such as sounds or images from everyday life. As a re-
sult of this, we will be able to assess the extent, to
which such system could operate on low-capacity de-
vices such as wireless sensors and surveillance cameras.

Further, we plan to investigate the operation of
the presented publish/subscribe paradigm for streams
of time series data. This implies using different in-
dex techniques appropriate for solving the subsequence
matching problem.

We plan to define a concept for Content-Based
Routing of time series data based on the given match-
ing semantics. This could be used in wireless sensor
networks to minimize the propagation of sensed data
and could lift the burden of signal processing and gen-
erating semantic events from sensed signals off these
low-capacity devices.
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