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Abstract. Cyber-physical systems (CPS) require a new level of dynam-
ics in information processing. Databases and query approaches need to be
extended towards dynamic stream aggregation and analysis systems. In
this paper, we designed ECQELS, a semantic stream processing engine, to
support CPS applications by adding essential features like dynamic sen-
sor selection. We present a feature complete first implementation and show
competitive performance results.
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1 Motivation

When control systems, appliances, enterprise software and large scale information
processing architectures were still considered different computing domains the sys-
tem design was a comparably straightforward tasks. A deeper integration of infor-
mation processing with the real world brought an unknown level of dynamics to
all those domains. Examples range from intelligent user-adaptive building automa-
tion systems to intelligent products that drive their own production process. Such
cyber-physical systems have different common properties:

Dynamic data: systems operate on a continuum of streaming, dynamically up-
dated data from different sources

Linked data: various data from different systems is loosely linked in different and
often evolving structures. Common models and semantics are needed to work
on data along and across value chains.

Advanced querying, filtering and interlinking of relevant data sources is supported
by so-called semantic stream processing engines. As we show in this paper, however,
more language features are needed to implement cyber-physical systems, like the
ones mentioned before. Namely, this includes

Dynamic sensor selection: In both future building automation and industrial
production scenarios, the number and location of sensors and information
sources changes over time. It is difficult to support dynamic discovery and
interlinking not only of data but also of distributed data sources.
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Real-time-based and -triggered windows: The time semantics of processing
events often highly differs in embedded and semantic processing. Near real-time
processing with clear time semantics is a minimum requirement for CPS.

Modularity: Nested query constructs are needed for modularity, re-usability and
auto-generation of queries. The expressiveness of a query language is a precon-
dition for more advanced use cases.

To tackle those aspects, we have designed a system called Extended Continuous
Query Evaluation over Linked Streams (ECQELS). While the system conceptu-
ally builds upon existing work it has been designed from scratch to support our
application scenarios.
Section 2 gives an introduction to semantic stream processing and an overview of
related work with focus on semantic stream processing engines. Section 3 covers
the design of ECQELS and introduces the concept of Dynamic Stream Selection. In
Section 4 details on ECQELS, the proof-of-concept implementation of a semantic
stream processing engine supporting the dynamic stream selection pattern, is pre-
sented. Section 5 shows the evaluation results of the ECQELS engine and Section 6
concludes the paper with an outlook on future work.

2 Background and Related Work

Semantic stream processing is highly related to the concepts of continuous querying
and complex event processing (CEP) and they altogether can be summarized with
the concept of information flow processing introduced in [5]. In contrast to static
systems, queries are not only executed once against an already populated database
but rather are evaluated over time as new data enters. A stream of results is then
passed to the querying user or another system, allowing complex systems of systems.
To be able to express continuous queries special concepts and language constructs
of a query language are needed [5]. Many different query languages and engines
for stream processing are available [6,4,7,8,9,10,11,12]. Probably the most acknowl-
edged query language is CQL (Continuous Query Language) [6] as it introduces
multiple basic concepts that can be found in most other query languages such as
Stream-to-Relation operators (windows), Relation-to-Relation operators (derived
from traditional query languages such as SQL) and Relation-to-Stream operators
(I(nsert)stream, D(elete)stream, R(elational)stream).
Semantic stream processing extends this constructs to interlinked data working
on dynamic temporary graphs constructed by streams. In the domain of semantic
streaming the most popular query languages/engines are CQELS [4], C-SPARQL [7]
and SPARQLStream [8]. Instead of extending SQL like CQL they are based on
SPARQL and extend it by some of the concepts introduced in CQL.
While most languages only have a quite limited support for CEP constructs,
CQELS announced a new version, called CQELS-CEP, with special support for
Complex Event Processing[13]. The W3C RDF Stream Processing Community
Group1 is also working on a unified query language for RDF stream processing[14].
As outlined above, however, no current streaming processing engine fulfills all the
properties we see as minimally needed to support common CPS use cases. Our work
explores the implication of introducing those essential features while retaining the
current expressiveness.
1 https://www.w3.org/community/rsp/
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3 Design of ECQELS

The driving idea begin the design of ECQELS was to develop a semantic streaming
engine that is suited for the use in dynamically changing environments like real-
world scenarios massively using mobile sensors. To address this issue, ECQELS
introduces the REFRESH keyword, which enables dynamic adaption of queries at
run-time. It can be applied either to parts of the query fetching background knowl-
edge, i.e. GRAPH or SERVICE patterns, or to STREAM patterns using implicit
addressing. If applied to patterns fetching background knowledge the background
knowledge will be updated periodically and (potentially) new query results will be
computed and return. If applied to a stream pattern using implicit addressing it
causes the streams taken into account to answer this query to dynamically change
during run-time and therefore it is called Dynamic Stream Selection.
Listing 1 shows three different ways of stream addressing side-by-side. Listing 1a
shows an example query defined in the CQELS language which uses explicit ad-
dressing of a stream with the URI http://example.com/sensors/1 whereas List-
ing 1b shows an example of implicit stream addressing using CQELS. The downside
of implicit stream addressing in CQELS is, that the binding of the variable ?stream
is only evaluated once when the query is registered and can’t chance during query
run-time. Therefore, if over the lifetime of a query a new stream becomes available
it will not be considered in the query as the binding of the variable ?stream will
not be updated. ECQELS solves this issue with the introduction of the Dynamic
Stream Selection concept. In Listing 1c an example is given where the binding of
the variable ?stream is updated every ten seconds. This means that every ten sec-
onds the streams this query consumes are chosen depending on the current value
of the binding of the variable ?stream.
To a limited extend, this behavior can be emulated using CQELS by periodically
executing a first query containing only the pattern to find the streams of interest
and then generate a query explicitly addressing all streams, stop and unregister
the old version and register and start the new version of the query. The drawback
of this approach is that every time the streams addressed change, the query has to
be stopped and therefore all intermediate results are completely lost. In a scenario
where we want to aggregate information over a longer time window e.g. 1 hour,
but have a high frequency of changes in available streams, e.g. every 1 minute,
the query won’t be able to produce any result as it will never run longer than
one minute before being stopped, modified and started again. ECQELS can exe-
cute these kind of queries as it does not stop the whole query but only dismisses
streams that are no longer present when the binding is updated and thus is able
to maintain intermediate results.

4 Implementation of ECQELS

The development of ECQELS was motivated by trying to enable domain-specific
rule-based automation with semantic stream technology [3] and started out as an
extension to CQELS. Unfortunately, we realized that CQELS has a number of
drawbacks that we were not able to overcome such as missing support for nested
queries, which was essential, as we wanted to auto-generate queries from models
defined in a visual domain-specific programming language. Furthermore, CQELS
uses a purely event-based evaluation strategy for time-based windows. This means
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SELECT ? sensor ?val
WHERE {

STREAM <http :// example .com/ sensors /1> [ TRIPLES 1]
{ ? sensor : hasValue ?val . }

}

(a) CQELS query using explicit stream addressing.

SELECT ? sensor ?val
WHERE {

STREAM ? stream [ TRIPLES 1]
{ ? sensor : hasValue ?val . }
? stream a : SensorStream .

}

(b) CQELS query using implicit stream addressing.

SELECT ? sensor ?val
WHERE {

STREAM ? stream [ TRIPLES 1] [ REFRESH 10s]
{ ? sensor : hasValue ?val . }
? stream a : SensorStream .

}

(c) ECQELS query using the Dynamic Stream Selection pattern.

Listing 1: Example queries showing different types of stream addressing.

if you write a query asking for the average value of a stream of the last five minutes
every minute you do not get a result every minute, as you would except but rather
a new result every time a new triple arrives on the stream. This property renders it
useless for executing most automation tasks. Therefore, we decided to implement
ECQELS from scratch but to keep the CQELS language as a query language and
add new features to it.
The key features of ECQELS are

– Proof-of-Concept implementation of the Dynamic Stream Selection pattern
– REFRESH keyword available on STREAM, GRAPH and SERVICE pattern
– Full support of SPARQL 1.1 features
– RStream [6] output strategy
– Combination of event & time-based evaluation strategy
– Full life-cycle management for queries
– REST-based server implementation with support for Server-Sent Event (SSE)-

based RDF streams

ECQELS is implemented using Java and based on the Apache Jena ARQ frame-
work. It is publish as open source on GitHub2.

5 Evaluation

5.1 Benchmark Design and Runtime Environment

Evaluating the performance of ECQELS w.r.t. Dynamic Stream Selection is hard as
to our knowledge there is no other tool that supports this functionality. Therefore,
2 https://github.com/ecqels
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we decided to evaluate the performance of ECQELS without using the Dynamic
Stream Selection feature. We introduce a new benchmark based on the one pub-
lished together with CQELS [4] taking into account not only performance but also
correctness. This is achieved by measuring the feature average response time, de-
fined as the time between insertion of a triple on a stream and the reception of the
corresponding expected result, instead of the average query execution time used
in [4], which is from our point of view a feature much more relevant for real-life
applications.
The benchmark comprises five queries which are executed against a varying size
of background knowledge of 10k, 100k and 1M triples with a new triple being in-
serted on the stream every 10ms. It was executed on a desktop machine with an
Intel i7-2600k, a quad core processor running at 3.40GHz, and 8GB RAM running
Windows 8.1. The JVM was started with the arguments -Xms1024m -Xmx4g. The
settings ensure a minimum heap size of 1GB and a maximum heap size of 4GB
respectively.

5.2 Results and Analysis

Figure 1 shows the benchmark results for three representative queries (based on
the RFID example introduced by CQELS) comparing the average response time
for CQELS and ECQELS with a varying size of background knowledge. For query
1 and 5 the performance of both systems can be considered the same but for query
3 CQELS has a constant run-time whereas the runtime of ECQELS grows linear
with the size of the background knowledge. This is due to multiple reasons. First,
query 3 contains two triple patterns over the graph http://deri.org/floorplan/ with
a shared variable, which can be seen as a self-join from database perspective and
causes a quadratic run-time w.r.t. the size of the background knowledge. CQELS
however has a constant run-time because it uses an elaborated evaluation strategy
that only computes incremental changes when a new triple arrives on a stream.
For query 5 we see that CQELS now also has a linear run-time which is due to the
aggregation function used in query 5 preventing CQELS forcing CQELS to not only
compute incremental changes. In summary, we can say that ECQELS can compete
with the performance of CQELS at least for small size of background knowledge
or simple queries.
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Fig. 1: Results of performance evaluation for a single query.
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6 Conclusion & Future Work

In this paper we introduced a new semantic stream processing engine that incor-
porates concepts like Dynamic Stream Selection and makes the use of semantic
stream processing technologies much more feasible in dynamic environments like
cyber-physical systems. The evaluation that for most of the scenarios the perfor-
mance of our ECQELS implementation is comparable to CQELS while providing
many new essential features.
More work on the prototype is needed on some features like time-based windows.
While providing a more intuitive behaviour than comparable implementations EC-
QELS has some drawbacks. For example, triple-based windows can still lead to
non-deterministic results that might be difficult for a developer to deal with. We,
however, have already used our prototype runtime successfully as backend for a
visual model-driven development environment with end-users. In future work we
hope to proof that together with good development support our language exten-
sions make the system a good candidate for practical CPS development.
In this paper, we focused on presenting the underlying language extensions and
their implementation. We were able to show promising performance results already
based on a naive implementation. With the public release of our software, we hope
to make it valuable system component for semantic data-driven cyber-physical
systems.
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