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Abstract

Recent years have witnessed an increasing
interest in filtering of distributed data streams,
such as those produced by networked sensors.
The focus is to conserve bandwidth and sensor
battery power by limiting the number of updates
sent from the source while maintaining an
acceptable approximation of the value at the
sink. We propose a novel technique called
Predictive Filtering. We use matching predictors
at the source and the sink simultaneously to
predict the next update. The update is streamed
only when the difference between the actual and
the predicted value at the source increases
beyond a threshold. Different predictors can be
plugged into our framework, and we present a
comparison of the effectiveness of various
predictors. Through experiments performed on a
bee-motion tracking log we demonstrate the
effectiveness of our algorithm in limiting the
number of updates while maintaining a good
approximation of the streamed data at the sink.

1. Introduction

Advances in networking and sensor technology have
made it possible to access sensor data as it is gathered,
and this in turn has fueled the development of applications
that use a continuous stream of data. To manage this data,
several data stream management systems have been
developed, including STREAM [4], NiagaraCQ [6],
TelegraphCQ [7] and Aurora [5]. We consider distributed
environments in which remote data sources continuously
stream updates to a stream processing installation. These
environments incur a significant communication overhead
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in the presence of rapid update streams. Limiting the
number of updates can significantly reduce this overhead.

We present a novel approach to limiting stream
updates, called Predictive Filtering. In many scenarios
like motion tracking and network monitoring,
approximate data values can be tolerated by the stream
applications [2]. When the data values do not change
randomly, prediction algorithms can be wused to
approximate the next update when it occurs without
actually streaming the data. In our approach the sink
requesting data from a stream source specifies to the
source a certain precision constraint that needs to be
satisfied. Predictors are then deployed both at the source
and the sink that adapt to evolving data patterns in the
stream. An update is streamed only when the difference
between the actual and the predicted value at the source
increases beyond the threshold or the precision constraint;
otherwise the sink uses the predicted update. In the case
of streams with a known update rate, the sink knows when
the next update should be predicted; otherwise an update-
beacon (described later) is used to signal the occurrence
of a new update at the source.

As with all previous prediction techniques our
approach is also limited to data streams that show some
pattern in the updates because predictions are based on the
previous updates and patterns. Our approach is well suited
for streaming sensor data, since many sensors track
phenomena with an inherent pattern, such as temperature,
motion, and so on. We next give an example of one
particular application of our approach.

1.1 Example Application: Location Tracking and
Collision Prevention

Consider a scenario where a number of fast moving
objects are being tracked to maintain location
information. Tracking the location of fast moving objects
incurs a large amount of communication overhead
because of the large number of updates required per unit
time to track an object. Our predictive filtering approach
takes advantage of the fact that motion does not tend to be
random. For example, airplanes follow air routes and bees



move in a way that communicates information to other
bees. As long as the objects being tracked stay on the
predicted course, few updates will have to be streamed.
Moreover, our filters can allow us to look beyond the
current update and predict with some probability the
future positions of the tracked objects. This can aid in
applications that may need to react early to certain
conditions, such as two airplanes passing too close to each
other.

1.2 Related Work

An approach to data stream filtering was suggested by
Olston, Jiang and Widom [1], which makes use of
adaptive filters for processing continuous queries with
precision guarantees. However, the approach makes no
attempt to predict the next update and is thus similar to
our approach with the predictor always predicting the next
update to be equal to the last update. We present results
comparing our techniques to their approach in Section 4.
Quantitative guarantees regarding the precision of
approximate answers is dealt with in [3]. One possible
application for monitoring of environmental conditions
using wireless sensors is discussed in [8, 9, 10].

1.3 Roadmap of the paper

The rest of this paper is divided into 4 sections; Section 2
gives a brief description of various prediction techniques
explored in this paper. Section 3 contains the details to
incorporate the prediction techniques into our stream
framework. Section 4 contains an evaluation of our
approach and its performance when compared to existing
data stream filtering algorithms. In Section 5 we conclude
by discussing some possible future directions and
challenges in the domain.

2. Overview of Algorithm & Prediction
Techniques
The choice of a prediction technique is highly dependent

on the nature of the data stream under consideration.
Using linear extrapolation one can easily approximate a
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linear data stream that monotonically increases, decreases
or remains constant for sufficiently large intervals of time;
such a scenario happens when tracking fast moving
objects that tend to stay on course. In situations where
linear extrapolation is not appropriate because of the
rapidly fluctuating or more complex patterns of behavior,
enhanced prediction techniques like double-exponential
smoothing can be used. In some cases like streaming
stock market data, statistically modeling a system for
predicting such updates might not be possible. In such
scenarios neural network-based time series prediction
methods can serve the purpose. However, besides the
nature of data stream, the update rate may also affect the
choice of the prediction technique. We can tolerate
computational delays for streams with slow update rates;
but for streams with faster update rates, techniques with
less computational overhead have to be used to ensure
delivery of all updates. We now briefly describe each of
these approaches.

The basic components of our approach are shown in
Figure 1. We maintain two predictors; one at the source,
and other at the sink, that are exact copies of each other.
The predictors contain three components; the ‘Predict’
component that is responsible for predicting the update
based on past updates; ‘Learn’, which performs the
learning in case of an incorrectly predicted update, and
finally the ‘Update Trigger’ that causes periodic
generation of an update in case of regular streams or
causes the generation of an update on arrival of an update-
beacon. The update-beacon is a small message that occurs
in lieu of the actual update to signal the sink that an
update has occurred. Update-beacons are important for
streams with irregular update rates in which the
occurrence of next update cannot be determined until it
actually occurs. An update-beacon is not required for
regular streams, but for irregular streams we must tolerate
some communication overhead imposed by update-
beacons (which is less than actually propagating the
updates) in order to know when updates should be
predicted. It may be possible to extend our predictors to
predict the update rate as well, although we have not yet
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Figure 1. Showing the components in Predictive Filtering



[* source side component is invoked for each update */

I user defined
Il true if stream is periodic

THRESHOLD threshold;
BOOLEAN regular_stream;

source_update(UPDATE actual_update)
{
UPDATE predicted_update;
predicted_update = predict();
if(difference(actual_update, predicted_update)>threshold){
stream(actual_update);
learn(actual_update);
}
else{
if('regular_stream){
signal_update_beacon();
}

}
}

Figure 2. Source side update component

[* sink side component is invoked by trigger update with NULL *
* (either a timer or update-beacon) or by an arriving update  */

sink_update(UPDATE actual_update)

{
If(actual_update == NULL){  // no update arrived
actual_update = predict(); // need to predict the update
}
else{

learn(actual_update);

}
}

Figure 3. Sink side update component

examined this possibility. The filter-bound at the source is
a user specified parameter that encapsulates the degree of
approximation that is tolerable.

The procedures at the source and the sink for handling
updates / update-beacons are shown in Figure 2 and
Figure 3 respectively. The learn () and predict ()
procedures are specific to the type of prediction technique
being used. The following sub-sections contain details
about these procedures.

2.1 Linear Extrapolation

Linear Extrapolation provides a technique that imposes a
very low overhead but performs sufficiently well for
predicting a wide range of data streams. Given two
updates at time #, and #,,, the update at time #,,, is given
by the following expression:

M(tn+l)—M(tn) " M(tn+1)—u(tn) £ }
h+1—1h Ih+1—1h

Thus, the next update is predicted to be on a straight line

connecting the previous two updates. When the stream is

M(tn+2) = n+2+{M(tn)_

not changing rapidly we can predict more than the next
update i.e. the " update into the future is calculated using
the following expression:

U(tn+d)=mXtn+d+c

M(tn + l) - M(tn)

where m = and ¢ ={u(tn) — m X tn}

th+1—1n

For linear extrapolation, learning consists only of tracking
the previous two updates.

2.2 Double Exponential Smoothing

Double exponential smoothing-based prediction (DESP)
[11] models a given time series using a simple linear
regression equation where the y-intercept ¢ and slope m
are varying slowly over time. An unequal weighting is
placed on these parameters that decays exponentially
through time so newer observations get a higher
weighting than older ones. The degree of exponential
decay is determined by the parameter o € [0:1). The
method makes use of two smoothing statistics:

Su(ta) = & uta) + (1— @) S (utn - 1))

S'(u(t) =aSu)+ (1 -a)S' (u(tn-1))
Using these smoothing statistics ¢ and m can be estimated
as ¢’ and m” by applying the following equations

m' (1) =1L<S<u<tn»—S'<u<tn>>>
-

c'(tn) =285 (u(tn)) — S'(u(tn)) — tam' (tn)
Given these estimates and with some algebraic

manipulation the next update is predicted time d into the
future with

w0y = 2+ 2L 5w - A+ 258 (it
- -

In this case, the predictor learns by refining ¢ and m over
time based on updates.

2.3 Artificial Neural Network based Predictors

Another popular technique used for prediction is Neural
networks [12, 13, 14]. Compared to the previous two
techniques, they tend to be more adaptable and flexible,
since they can effectively model complex non-linear
mappings and a broad class of problems due to their non-
parametric nature. Their topology and weights are
adaptable; therefore they are able to learn, which makes
neural networks well suited for applications like
prediction, system identification, and classification in
many problem domains. One of the drawbacks of neural
networks is that they need a sufficiently large data set to



[* source side component is invoked for each update */

THRESHOLD threshold;
BOOLEAN regular_stream;

Il user defined
Il true if stream is periodic

source_update(UPDATE actual_update)
{
UPDATE predicted_update;
predicted_update = predict();
if(difference(actual_update, predicted_update)>threshold){
stream(actual_update);
}

else{
if('regular_stream){
signal_update_beacon();
}

}
}

[* E-Code Equivalent of source side linear predictor */

{

int predicted_val;

predicted_val = filter_data.m * filter_data.x + filter_data.c;

if((predicted_val — input.val)>=filter_data.threshold ||

(input.val — predicted_val)>=filter_data.threshold)){

Ilupdate the filter_data
filter_data.m = (filter_data.last_val — input.val);
filter_data.c = input.val — filter_data.m * filter_data.x;
filter_data.x = filter_data.x + 1;
filter_data.last_val = input.val;
return 1;

filter_data.x = filter_data.x + 1;
filter_data.last_val = predicted_val;
return 0;

}

Figure 4. Modified source side update component

[* sink side component is invoked by trigger update with NULL *
* (e.g. a timer or update-beacon) or by an arriving update ¥

sink_update(UPDATE actual_update)

{
If(actual_update == NULL){  // no update arrived
actual_update = predict(); // need to predict the update
1
else{

learn(actual_update);
update_source_predictor();

}

Figure 5. Modified sink side update component

train the network, but this is what makes them even more
suitable for stream-based applications that present
enormous amounts of data. Another advantage of using
neural networks is that they can be used to predict
categorical data streams, which may have certain
elements that cannot be mathematically approximated.
However, the inherent mathematical complexity involved
in training neural networks and then in the prediction may
limit the usefulness of this approach.

Since we do not want to overload the stream data-source
with computations for predicting the next update, we use
a modified algorithm in this scenario. The learning
component in case of neural network based predictors is
present only at the sink and the predictor at the source is
periodically updated to ensure similar predictions as the
sink. The modified source and sink procedures are shown
in Figure 4 and Figure 5 respectively. Further
modifications to the algorithm include updating the sink
predictor with batched updates after a threshold number
of mispredictions. This allows us to limit the number of

Figure 6. E-Code representation of source side linear
predictor

source predictor updates and produces better on-line
training of the neural network. We have so far
experimented with simple three-layer feed-forward neural
networks and made use of the error back-propagation
method to train the network; units with sigmoid function
were used to construct the network. We are gathering
results for neural-network based predictors as part of our
ongoing work.

3. Implementation Details

In this section we deal with the issues concerning the
deployment of predictive filters. We have implemented a
distributed stream management framework using the
ECho publish-subscribe middleware [18, 19] developed at
Georgia Tech. The predictive-filtering algorithm
discussed in this paper was implemented as a part of our
stream management framework. The ECho middleware
supports channels that facilitate the flow of data between
the source and the sink. One of the important features of
the ECho-Channel framework is its ability to dynamically
compile and deploy filters written in E-Code, a highly
portable subset of C, at remote sites to process data at the
source. We have used this ability of the framework to
enable deployment of predictors at the source. More
details about ECho and the E-Code Language can be
found in [18].

The E-Code equivalent of a source-side predictor
using linear extrapolation is shown in Figure 6. The
variables input and filter_data are implicitly available to
the function. The input variable contains the update. The
filter_data variable contains configuration and state
information, including the slope, y-intercept, last update
and the update iterator. A return value of 1 causes the
update to be transmitted to the sink while a 0 results in
non-transmission of the update.



Bee-Path Tesce Original

y-axis (blocks)

o

=] L e

ano oo
x-axis (blocks)

Figure 7. The original path followed by the Bee.
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Figure 8. Bee-Path Trace using Source
Approximation
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Figure 9. Bee-Path Trace using Linear Extrapolation
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Figure 10. Bee-Path Trace using Double Exponential

Smoothing

Table 1. Comparison of various predictive filtering techniques for constant Filter-Bound = 5

Filtering Technique Number of Updates RMS Error
Propagated
No Filtering 7846 -
Source Approximation[1] 542 3.98
Linear Extrapolation 672 2.62
Double Exponential Smoothing 454 2.07

Another advantage of using ECho channels is that the
sink can remotely access the filter_data configuration
information available to the source-predictor. This facility
helps in remote maintenance of this structure and proves
helpful in implementation of neural network based
predictors in which the source predictor needs to be
updated by the sink.

4. Experimental Results

We evaluated the performance of our technique and its
applicability by designing a motion tracking system that

records a log of various fast-moving objects. The
temporal data feed was visual data collected by the
BioTracking group at Georgia Tech [20]. The group video
recorded activity of bees around a beehive for 10 days, 12
hours per day; and then processed the video using an
image-processing algorithm to track the individual bees.
We chose this data stream because the high rate of change
in a bee’s trajectory allows us to examine our techniques
for predicting very complex data streams.

The original motion log of a single bee is shown in
Figure 7, which depicts 7846 updates from the bee-path



Table 2. Comparison of various predictive filtering techniques for RMS-Error ~ 4

Filtering Technique Number of Updates Filter-Bound
Propagated
No Filtering 7846 -
Source Approximation [1] 542 5.00
Linear Extrapolation 464 6.30
Double Exponential Smoothing 359 7.80

trace. In our experiment, we limited the number of
updates for tracking the bee by using various prediction
techniques discussed above. Figure 8 shows the path
traced by the bee using the source approximation
technique discussed in [1]. Note that the path is very
sparse and misses some details. Figure 9 shows the results
obtained by using a linear extrapolation predictor. The
figure shows more of the zig-zag nature of the original
curve as the filter tries to predict and approximate the
correct position of the bee. The results of using a double
exponential smoothing based predictor are shown in
Figure 10 and smooth edges and even more detail are
shown in the figure.

Table 1 shows the actual number of updates
propagated from the source to approximate the position
log for the various prediction techniques when filter-
bound is kept constant. It also contains the root-mean-
squared (RMS) difference (error) between the updates
predicted by or received at the source and the actual
updates. The RMS measures the quality of the
approximated data; lower error is better. The number of
updates required for linear extrapolation is more than that
required for source approximation but the corresponding
RMS error is considerably lower. However, the double
exponential smoothing technique is the best both in terms
of the number of propagated updates and the RMS error.
Table 2 shows the actual number of updates required by
each technique to approximately deliver the same quality
in terms of RMS error at the sink. The table clearly shows
the advantage of using prediction-based methods for
filtering the updates. It maybe noted that better filtering
techniques allow for relaxed filter-bound to achieve the
same quality of sink updates.

Experiments with neural-network based predictors are
being conducted as part of our ongoing work.

5 Conclusion and Future Work

We have presented a novel approach to limiting the
number of updates in streaming data environments by
predicting values rather than streaming them. We have
described the basic algorithm, which can be used in
conjunction with a number of prediction techniques. Our
initial experiments suggest that our approach can produce
high quality data at the sink while effectively limiting the
number of updates that must be sent. Our approach is

applicable to a large number of streaming data
applications typically present with sensor networks that
deal with regular data: e.g. network monitoring data,
traffic data and stock market data, and so on. We are
currently exploring the possibility of predicting
categorical data streams using neural network based
predictors. We understand that the techniques are limited
to data with numeric values; if the data is from a domain
with discrete strings or categories as values, a
modification of the proposed techniques will be needed.
This is left as part of our future work.
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