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Abstract

The growing interest in data analysis applications for Cyber-Physical Systems stems from the large amounts of data
such large distributed systems sense in a continuous fashion. A key research question in this context is how to jointly
address the efficiency and effectiveness challenges of such data analysis applications.

DRIVEN proposes a way to jointly address these challenges for a data gathering and distance-based clustering tool
in the context of vehicular networks. To cope with the limited communication bandwidth (compared to the sensed data
volume) of vehicular networks and data transmission’s monetary costs, DRIVEN avoids gathering raw data from vehicles,
but rather relies on a streaming-based and error-bounded approximation, through Piecewise Linear Approximation
(PLA), to compress the volumes of gathered data. Moreover, a streaming-based approach is also used to cluster the
collected data (once the latter is reconstructed from its PLA-approximated form). DRIVEN'’s clustering algorithm
leverages the inherent ordering of the spatial and temporal data being collected to perform clustering in an online
fashion, while data is being retrieved. As we show, based on our prototype implementation using Apache Flink and
thorough evaluation with real-world data such as GPS, LiDAR and other vehicular signals, the accuracy loss for the
clustering performed on the gathered approximated data can be small (below 10 %), even when the raw data is compressed
to 5-35 % of its original size, and the transferring of historical data itself can be completed in up to one-tenth of the

duration observed when gathering raw data.

Keywords: compression, streaming data, clustering, edge computing, fog computing

1. Introduction

Large distributed Cyber-Physical Systems (CPSs) such
as vehicular networks [44] (among others) are behind many
of the current research threads in computer science. One
of the aspects many of such research threads share has its
roots in the large amounts of data sensed continuously in
large distributed CPSs. As discussed in the literature, the
benefits and possibilities CPSs’ data enables (e.g. online
congestion monitoring, platooning and autonomous driv-
ing in the case of vehicular networks) are bound to many
challenges, spanning efficient analysis [31], efficient com-
munication [49] [26], security [40] and privacy [19]. A key
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aspect in this context is the need for solutions that can
jointly address several such challenges [I7], since solutions
that focus on and/or excel in only one aspect but fall short
in others might be impractical in real-world setups.

1.1. Challenges

When focusing on aspects such as data communication
and analysis, a well known challenge is given by the im-
balance between the amounts of data sensed and produced
by the sensors deployed in such CPSs (a modern vehicle,
on the road today, senses more than 20 GB/h of data [g])
and the infrastructures’ capacity of gathering them within
small time periods to data centers [12]. Even when data is
not to be transmitted continuously, but only for a limited
time period and for some selection of sensors, the required
bandwidth may far exceed the available one (e.g. a sin-
gle LiDAR sensor of an autonomous car produces around
7MB/s, cf. . In this case, solutions focusing on
efficient data analysis need to account for communication
aspects too, in order for the latter not to result in a major
bottleneck. The inherent limitations of traditional batch
and store-then-process (DB) analysis techniques, which on
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their own cannot sustain the data rates of relevant applica-
tions, need thus to be overcome by taking into account the
end-to-end transformation process of raw data into valu-
able insights. Specifically, considering which data — as well
as how much data — is moved through a certain analysis
pipeline. Because of this, a complementary challenge grav-
itates around how to take advantage of the high cumulative
computational power of CPSs’ edge sensors and devices,
since the porting of a given sequential analysis tool (e.g.
clustering) to an efficient parallel and distributed imple-
mentation and its deployment are not trivial.

1.2. Contributions

We present the DRIVEN framework, which copes with
the aforementioned challenges for a common problem in
vehicular networks’ applications, namely that of gather-
ing and clustering of vehicular data. In a nutshell, the
DRIVEN framework jointly addresses the challenges of
data gathering, online analysis and leveraging of edge de-
vices’ computational power by:

1. leveraging a lossy compression technique, based on
Piecewise Linear Approximation (PLA), that signif-
icantly reduces the amounts of data to be gathered
from vehicles,

2. leveraging state-of-the-art online clustering techniques
such as Lisco [29], which overcome the limitations of
batch-based ones, and

3. relying on the data streaming paradigm to transpar-
ently achieve distributed and parallel deployments.

As we further elaborate in the remainder, a data an-
alyst interested in gathering and clustering data sensed
by a set of vehicles over a given period of time can do
so by specifying parameters about (i) the type of data to
be gathered, (ii) the maximum error that can be intro-
duced while compressing the data to be retrieved (because
of the PLA-based compression) and (iii) the specifications
for the clustering of data. The DRIVEN framework then
compiles this information into a streaming application that
is deployed both at the vehicles providing the data as well
as at the analyst’s data center. To support modularity,
the framework also allows the analyst to define additional
components for the resulting application that can be used
to process the data before the latter is clustered.

An extensive literature exists about clustering, its port-
ing to the streaming protocol and the leveraging of approx-
imation techniques to improve (along with certain criteria)
the clustering process, as we discuss in In this
context, our contribution does not aim at surveying all ex-
isting solutions nor at comparing them. Rather, the con-
tribution focuses on providing evidence of how a streaming
application that can (i) jointly leverage the computational
power of both edge and central components of a CPS and
(ii) allow for partial data loss when gathering informa-
tion can provide a healthy tradeoff between data reduction
and pipeline speed on the one hand and accuracy loss on

the other, despite requiring more data processing compo-
nents (e.g. to compress and decompress the data gathered
from the vehicles) than a centralized counterpart (which
needs all the raw data to be gathered). As we show in our
empirical evaluation, based on a prototype implementa-
tion using Apache Flink and recently proposed streaming-
based PLA and clustering methods, and four real-world
use cases, DRIVEN is able to reduce the duration of data
transmission by up to 90 % while incurring a bounded loss
on the clustering quality.

The rest of the paper is organized as follows. We intro-
duce preliminary concepts in and the considered
system model and problem statement in We
then present the DRIVEN framework in and our
evaluation in Finally, we discuss related work

in and conclude the paper in

2. Preliminaries

We begin this section by discussing preliminary con-
cepts about data streaming, PLA, distance-based cluster-
ing and logical latency.

2.1. Data streaming

The data stream processing paradigm (aka data stream-
ing) [37] emerged as an alternative to the traditional store-
then-process one. Thanks to its fast evolution over the last
decades, modern Stream Processing Engines (SPEs) allow
for distributed, parallel and elastic online analysis [7]. At
the same time, efficient designs and methods are in focus
in the literature for computationally-expensive streaming
analysis [I8]. As discussed in [37], the data streaming
paradigm has been defined to take into account the chal-
lenges proper of large systems gathering data through mil-
lions of sensors (as discussed in . Thus, many
applications rely on it in many CPSs, including vehicular
networks [I1, [ [30].

In data streaming, each sensor produces a stream of
data, a sequence of tuples that share the same schema
composed by attributes (y°,y*, ..., y*), where y* is a phys-
ical or logical timestamp and the other k attributes depend
on the sensor producing the stream. We assume that each
stream delivers tuples in order based on y° as in [4] 24]
(or leverages sorting techniques such as [23] [45]). Stream-
ing applications, also referred to as continuous queries (or
simply queries, in the remainder) are defined as Directed
Acyclic Graphs (DAGs) of streams and operators. Each
operator defines a function that manipulates its input tu-
ples and potentially produces new output tuples, while
streams specify how tuples flow among operators. Modern
SPEs such as Apache Flink [7], which we use to implement
the DRIVEN framework, provide many operators that can
be composed into queries (and also allow for users to define
ad-hoc operators). It should be noted that streaming op-
erators are expected to enforce one-pass analysis [37] and
can temporarily maintain a window of the most recent tu-
ples when an aggregation function (such as clustering) is
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Figure 1: Example of a Piecewise Linear Approximation using maximum error A = 0.5.

to be performed on them [I8]. As mentioned in

space and time complexity reduction through approxima-
tion and/or partial data loss have been discussed in many
flavors in the context of streaming applications. Proposed
solutions include load shedding, sketches, histograms and
wavelets [2], B} 10, B38]. In DRIVEN, we rely on PLA, fur-
ther discussed in the following section.

2.2. Piecewise Linear Approximation

Computing a PLA of a time series is a classical prob-
lem that aims at representing a series of timestamped
points by a sequence of line segments while keeping the
error of the approximation within some acceptable error
bound. We consider here the online version of the prob-
lem, with a prescribed maximum error A, i.e., (i) the time
series is processed one point at a time, the output line
segments are produced along the way, and (ii) the pro-
jected points along the compression line segments always
fall within A from the original points. gives an
example of a PLA: original data points (crosses on the fig-
ure) from the input stream are compressed and forwarded
on the output stream as line segments (solid lines) or sin-
gletons (squares), so that a reconstructed stream (bullets
and squares) can be generated from the PLA of the original
stream (we refer the reader to for more details
about why both segments and singletons are defined and
the conditions upon which they are forwarded).

In the extensive literature dealing with such an approx-
imation (among others [25] 13} [5]), it is clearly stated that
the approximation’s main intent is to reduce the size of the
input time series for both efficiency of storage and (later)
processing. This entails a practical trade-off between a
bounded precision loss and space saving for the time se-
ries representation. Recent works on PLA [43] 28] [16] [11]
increasingly place the focus on the streaming aspect of the
compression process, and advocate low time/memory con-
sumption as well as small latency while achieving a high
compression, in order for PLA to be feasibly implemented
on top of, or close to, a sensor’s stream.

In this work, we use a best-fit line approximation to-
gether with a streaming output mechanism, both intro-

duced in [I1] and briefly described in balanc-

ing trade-offs associated with PLA in a streaming context.

2.8. Distance-based clustering

Clustering is a core problem in data mining; it requires
to group data into sets, known as clusters, so that intra-
cluster similarity is maximized. There are various cluster-
ing methods that use different similarity metrics. Among
them, distance-based clustering methods are able to dis-
cover clusters with arbitrary shapes and form the clusters
without a-priori knowledge about their number [20]. For
ease of reference we paraphrase the definition of distance-
based clustering from [35]:

Definition 1. [Distance-based clustering] Given n data
points, we seek to identify an unknown number of disjoint
clusters using a distance metric, so that any two points p;
and p; are clustered together if they are neighbors, i.e., if
their distance is within a certain threshold. To announce
the set of points as a cluster (rather than noise), its car-
dinality should be at least a predefined number of points
minPts.

In a recent work [29], distance-based clustering (for the
Euclidean distance case) is studied in the data streaming
paradigm to introduce a new approach, named Lisco. This
approach enables the exploitation of the inner ordering of
the data to maximize the analysis pipeline in order to facil-
itate the extraction of clusters and contribute to real-time
processing. In this paper, we use and adapt Lisco as the
clustering approach to shape clusters based on distance
similarities without knowing the number of clusters in ad-
vance. We discuss more details of Lisco and its adaptations

in [Section 4.31

2.4. Logical latency

In data streaming literature [I§], the term latency usu-
ally refers to the (physical) time difference between the
production of an output tuple and the processing of the
last input tuple contributing to (or triggering the creation
of) the former.

This latency definition is usually employed to evalu-
ate the processing performance of a given streaming-based



solution. When sequences of multiple input tuples are ag-
gregated together following the processing of a later tu-
ple without an a-priori known size for the length of such
sequences (as in a PLA segment, given that the length
of each segment depends on the points it approximates),
users can also be interested in the logical latency intro-
duced by the aggregation mechanism. We refer to the
notion of logical latency as the number of tuples processed
between a given tuple and the first tuple that triggers the
aggregation of the sequence to which the former belongs.
More concretely, with a sequence of n tuples being aggre-
ga’ted together <y?? yé? A 7y5>3 i <y?+n7 yé+n7 e y§+n>
and <y?7y]1, .. ,yf> the tuple that triggers their aggrega-
tion (with j > ¢4 n), the logical latency for any tuple
Wyt .. yF)isj—ifori € [(,0+n)].

3. System model and problem statement

We consider systems consisting of a set of many vehicles
and one analysis center, in which data analysts are inter-
ested in gathering data from such a set of vehicles and, sub-
sequently, clustering that data at the analysis center. Each
vehicle V; is equipped with an embedded device which pro-
vides limited computational capacity; V; also mounts a set
of sensors, each producing a stream of tuples composed
by attributes <y0, . ,yk>, i.e., the physical or logical time
of each reading and the measurements at that time, re-
spectively. Based on what is found in modern vehicular
networks, we assume that each type of sensor produces
readings with a given periodicity and that each vehicle is
equipped with a storage unit that is used to maintain the
sensors’ readings (for the sensors deployed in the vehicle)
during a given fixed period of time (e.g. during the last
month). Notice that lossy data compression techniques
such as PLA are not applied to the data before storing
it since the allowed error bound is not known before the
analyst triggers a data gathering request.

For ease of exposition, we assume in the remainder
that (historical) data is stored locally at each vehicle and
retrieved only when requested. We nonetheless investigate
in the logical latency incurred in a scenario
in which live readings are streamed to an analysis center
immediately after their compression.

We also assume that 2-way communication exists be-
tween the analysis center and each vehicle to deploy queries
and to forward the sensed data, respectively. To isolate the
effects of DRIVEN on data gathering and analysis from
non-deterministic factors such as varying speeds and reli-
ability of the underlying communication layer, we assume
this 2-way communication to provide constant upload and
download speeds and no packet loss (cf. Section .

Based on the given system model illustrated in
the goal of the DRIVEN framework is to leverage
the data streaming paradigm (i.e., to define queries that
gather and cluster data as DAGs of operators that can run
in a distributed and parallel fashion both at the vehicles
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Figure 2: System model overview for DRIVEN.

and the analysis center) while (i) only requiring analysts
to provide information about the analysis’ semantics (i.e.,
which data to gather and the distance criteria to cluster
it) without composing and deploying the overall streaming
query themselves and (ii) allowing for approximations in
order to improve the performance (i.e., reduce the time)
of retrieving the data sensed by the vehicles.
A query in the DRIVEN framework is expressed as

Q(V,T,S, A, [gpre, |{clustering parameters}),
where:
e Vis a set of vehicles’ ids,

e T is the period of time covered by the data to be
gathered (included in the period covered by the ve-
hicles’ storage unit or referring to data being sensed
live by the vehicle),

e S specifies the set of sensors producing the data (thus
allowing the DRIVEN framework to identify the op-
erators needed to gather the stream(s) of data they
produce),

e A gspecifies the maximum error that can be intro-
duced during the compression step while retrieving
the data by the DRIVEN framework, and is further
composed of k + 1 fields, namely Ay, Ao, ..., Ag for
a sensor with k attributes, plus Aq for the (logical)
time attribute,

® ¢pre is an optional streaming query that defines pre-
clustering analysis, and
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o {clustering parameters} is the set of parameters used
by DRIVEN’s clustering component (further described

in [Section 4.3.2)).

We refer the reader to [Section 5| and [Table 1| for concrete
examples of queries Q and possible values of the above
parameters. Notice that, being a streaming query, each
DRIVEN application can be extended with additional op-
erators to further process the found clusters (we do not
discuss this since it is complementary to our work).

In order to quantify the improvement (in terms of effi-
ciency) and the cost (in terms of precision) of the DRIVEN
framework, we compare with a baseline that gathers and
processes all the raw rather than the approximated data.

4. Overview of the DRIVEN framework

In this section, we present an overview of DRIVEN.
To facilitate the presentation, we first introduce a use case
that serves as a running example in our discussion (we
later evaluate it, together with others, in [Section F)).

As discussed in each query run by DRIVEN
is a streaming continuous query deployed at both the vehi-
cles and the analysis center, with dedicated operators for
efficient data retrieval and clustering.

4.1. Sample use case: study vehicles’ surroundings

In our running use case example, the analyst is in-
terested in performing the clustering of LiDAR data of a
bounded time interval as a preprocessing step for offboard
object detection. This may help, e.g. in better under-
standing and improving the performance of a resource-
constrained onboard object detection algorithm in a cer-
tain driving situation, and may be automatically triggered
by an event such as a pedestrian crossing the road in front
of the vehicle. We assume vehicles equipped with a set of
LiDAR (light detection and ranging) sensors such as the
ones of a Velodyne HDL-64E [32], which mounts 64 non-
crossing lasers on a rotating vertical column and which,
at each rotation step, shoots these lasers and produces a
stream of distance readings based on the time the reflected

light rays take to reach back to the sensors. Each sensor
can shoot the laser 4000 times per rotation for up to 5
rotations per second, resulting thus in millions of read-
ings per second for the whole set of sensors [29] (around
7 MB/s). For each stream (o, p) produced by one of the
LiDAR sensors, the logical timestamp « allows identifying
at which rotation step the distance p has been measured
(i.e., with which angle in the horizontal plane). Notice
that each reading from a sensor can be converted into a
3D point in space based on «, p and the elevation angle of
the sensor itself.

The analyst is thus interested in the data produced
over a certain period of time (e.g. covering a full ro-
tation) by the 64 sensors mounted in each LiDAR de-
ployed in the vehicles moving in the given urban area
and relies for the clustering on a function that checks
whether the Euclidean distance between any two points
is within a certain threshold. Based on the query de-
scription in the analyst could then run a query
Q(V,T,S, A, gpre, { Clustering parameters}) for each vehi-
cle of interest, where:

e V and T specify from which vehicle the data should
be gathered and which portion of such data should
be gathered, respectively,

e S refers to the sets of LIDAR sensors,

o A = (A4, A,) defines the maximum approximation
error that is allowed when compressing the LiDAR
data, bounding the rotation angle error and the dis-
tance measurement error, respectively,

® (pre defines an operator merging the data from the

different sensors (as further discussed in ,

and

e {clustering parameters} is the set of parameters later

described in [Section 4.3.21

presents an overview of the modules deployed
in the resulting streaming continuous query (each of which
will be composed by one or more streaming operators, as
also described in the following section).

4.2. Data retrieval and PLA approzimation

As discussed in[Section 1] DRIVEN relies on streaming
PLA to forward a compressed and lossy representation of

Figure 4: Best-fit lines of a set of points: solid for the first 10 points,
dashed for including the 11th point (marked in green).
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data. To build the PLA, we use a construction method
named Linear, introduced in [11], which combines several
approaches of previous works on PLA such as using a best-
fit line approximation [25] [5l [16] for minimizing errors and
maintaining convex hulls [I3] @3] for efficiently checking
the violation of the error bound by the approximation.
‘We also use here continuous processing through the output
protocol proposed in [II] in conjunction with Linear, in
order to balance the different trade-offs associated with
PLA in streaming environments (i.e., compression ratio,
reconstruction latency, and individual errors).

The Linear method successively updates a best-fit line
through the latest not yet approximated points, until the
maximum error produced by the segment approximation
exceeds the tolerated error bound A. Updating such an
estimate takes O(1) operations per point, but checking if
the line does not violate the error condition can take up to
O(n) if n points are currently being approximated (worst-
case). However, rather than a naive sequential check that
always results in the worst-case cost, by keeping track of
two particular convex hulls U and L along the way (at an
extra amortized O(1) operations per tuple), we can check
the error condition in O(|U|+ |L|) by only traversing both
hulls, whose sizes are rarely higher than a few units in
practice (as also observed in our extensive experimental
evaluation). illustrates the process where input
points are plotted as crosses and tolerated errors around
the points are drawn as vertical line segments; the best-fit
line for the first 10 points is a plain line that stays within
the bounded error. By adding the 11th point (marked
green), the best-fit line violates the error bound on the
sixth input point (or equivalently, at the sixth input point,
the approximation line is below the lower convex hull L
depicted on the figure).

For the input sensor stream, composed of tuples of the
form (y°, 4%, ...,y*), the different components of the PLA

compression, as illustratecEI in [Figure 5| are:

1. Split: The sensor stream is split in k + 1 streams,
one for each application-related attribute plus one

1For simplicity, we do not draw in the figure the operators in
charge of components 1 and 5.

Algorithm 1 PLA output logic

Receive (i,y;), while maintaining convex hulls
U;_1, L;—1 & best-fit line [;_; covering n > 2 points
li «— newBestFitLine(li_l, <i, y1>)
Ui, Ll < updateConveXHulls(Ui_l, Li—la <Z, yz>)
n<+<n+1
if lineBreaksHulls(l;, U;, L;) then

if n = 3 then > output singleton
output (1,y;_o)
else > output segment
output (n — 1,slopeOf(l;_1), interceptOf(l;_1))
end if
else

if n = n,q: then > max length reached
output (n,,q.,slopeOf(l;), interceptOf(l;))
else > wait for (i 4+ 1,y;11)
continue
end if
end if

additional for the timestamps. More precisely, the
i-th input tuple (y0, 4}, -+, y¥) will generate (i, y!)
on channel ¢’s stream for each 0 < ¢ < k.

2. PLA Compression: Each stream is compressed in
parallel by computing its PLA (as depicted in
fure 1} |Section 2.2)) using its associated error, i.e.,
channel £ uses Ay. Each compressor generates a PLA
representation as a stream of triplets (n, a,b) or sin-
gletons (1,y); (n,a,b) is generated for compressing n
input values into a line segment whose linear coeffi-
cients are (a,b), whereas (1, y) is generated to repro-
duce a single inputﬂ of value y. In more detail, this
is presented in Algorithm [} the PLA compressor al-
ways attempts to first build the longest possible ap-
proximation segment < N4, (of length 256, in our
evaluation, cf. , but when one such seg-
ment has only length n = 2, thus covering only two
tuples (k — 2,yx—2) and (k — 1,yx—1), (k — 2, yr—2)

2Note that we add 1 in singleton tuples because both singletons
and triplets are forwarded using the same channel, and thus require
a prefix that distinguishes them when deserializing incoming data.



is then output as a singleton (1,yx—2). The PLA
compressor continues the construction of a new ap-
proximation line segment beginning with the tuple
(k — 1,yg—1) and the current tuple (k,yx) (this ex-
plains the output delay associated with the single-
tons of . This scheme helps to mitigate an
inflation phenomenon observed when compression is
low (it improves the compression when a single out-
lier tuple lies between two segment-compressible se-
quences of tuples).

3. Diffusion: The k + 1 streams are wirelessly trans-
mitted to the analysis center.

4. PLA Decompression: All streams are
decompressed in parallel. The decompression algo-
rithm is straightforward: after having already recon-
structed i values on channel 3¢, we either generate n
outputs
Yii1s---»Yiyn such that yi =a-j+ b for
i+1 < j < i+n if the next received record is (n, a, b)
on y'’s transmitted PLA stream, or alternatively, we
produce y; , =y if (1,y) was received.

5. Final Reconstruction: The final step is to merge
the & + 1 decompressed streams to rebuild records
with identical structure as the initial input stream.
In particular, to reconstruct the i-th tuple
(y?/7yi1/, . 7yf/> on the output stream, we need to
wait for the k + 1 decompressors to have produced
at least ¢ reconstructed values on their respective
channel.

The compression scheme suggested here compresses all
k attributes of a stream as well as the timestamp in the
same manner (i.e., by using the tuple counter i for each
tuple (i,y¢) on a sensor attribute y*). This differs from
the scheme suggested in [21I], where a counter was used
only for the timestamp stream (i, 4?) while the remaining
attributes of the stream were compressed using the origi-
nal timestamps, and decompressed using the reconstructed
timestamps. As explained in [2I], this scheme could not
guarantee a bounded reconstruction error at all times as
errors from timestamp reconstruction could propagate to
the reconstruction of other channels. The new scheme pro-
posed here results in similar compression and performance
figures on our evaluated data, as discussed later in
tion 5| and guarantees a bounded reconstruction error.

4.8. Data clustering with Lisco
As described in distance-based clustering

approaches form clusters using a given distance metric.
Since computing the distances of one tuple from all the
other tuples in a certain dataset in order to find the ones
within a threshold distance would incur an O(n?) com-
plexity when running all-to-all comparisons, it is neces-
sary to prune the search space. For this purpose, several
clustering approaches have an intermediate step after data
acquisition and before the main clustering algorithm. This
additional step builds an extra supporting data structure

a) Adjacent points hit by same
laser with different angles

Point hit by a laser Object in the surroundings

Adjacent points hit j_J _________
by different lasers—{/ )t * [*| | |

\
with equal angle L - p - ]
- |- - <—Range of angles (for same
laser) where hit points
could be p neighbors
Range of lasers (for same angle) where
hit points could be p neighbors
Laser shot (for a given elevation angle)

Mask containing all angles
and lasers for which hit
points could be p neighbors

LiDAR [1]

At the vehicle

b) At the analysis center | | o i
aandl2 o 0> Data structure [m] '
— maintained by Lisco i ...
o
Yy =—— = Function areNeighbors

checks if p and p’ belong to
the same cluster

Function getMaskSize limitsthe
search space to possible neighbors of p

Figure 6: Example of how the search space for a point p (for the
LiDAR use case) can be limited to points potentially reported by
lasers (and with certain angles) within a mask centered in p (a) and
the corresponding 2D matrix maintained by Lisco (b).

(e.g. akd-tree [I5]) in order to organize the collected data
before performing the clustering. In this way, a batch-
based processing is introduced which results in an average
O(nlogn) cost [42] but requires multiple passes over the
data (possibly affecting the performance).

Lisco is a recently proposed method that overcomes the
batch processing disadvantages through a single-pass con-
tinuous distance-based clustering (Euclidean in the orig-
inal paper [29]) that exploits inherent orderings of data
(when such orderings are present). The intuition behind
Lisco is to store the data in a simpler data structure that
preserves such inherent ordering and therefore eliminates
the need for an extra supporting sorting data structure.
In the original paper, it is discussed (and empirically ob-
served) that storing and organizing data tuples using Lisco
have O(1) complexity and can be performed during the
data acquisition step which results in an average O(n) cost.

While we rely on the LIDAR-based use case to overview
DRIVEN and its clustering component, our implementa-
tion of Lisco within DRIVEN opens up for the clustering
of other data too, as we discuss in the following.

4.8.1. Clustering LiDAR data (intuition)

a) shows Lisco’s intuition for clustering Li-
DAR data. As shown, for a certain point p hit by a laser,
the search for neighbors within a certain (Euclidean) dis-
tance can be limited to a certain set of lasers and angles
(based on p’s distance and angles). The neighbor mask,
containing possible points hit by such lasers (and for the



given angles), specifies the portion of data outside of which
neighbors can not be found for p. This limits the search
space for p’s neighbors to the points measured for the given
range of angles and lasers. Notice that such points must
be checked since not all angles and lasers falling within the
given ranges necessarily hit a point that is a neighbor of p,
as shown in the figure. Internally, Lisco can then maintain
incoming points in a 2D array.

4.8.2. Lisco generalization in DRIVEN

The Lisco implementation in DRIVEN maintains data
in an n-dimensional array and clusters incoming tuples
while they are stored in it. One of the n dimensions is
given by the y° attribute while the other optional n — 1
dimensions can be specified as attributes of the tuple’s
schema. In this way, the analyst can leverage any implicit
sorting carried by one or more attributes of the tuples pro-
duced by gpre (aside from the timestamp itself) to speed-up
Lisco’s clustering. To do this, the first clustering parame-
ter defined by the analyst is an optional list of attributes
to define the additional n — 1 dimensions of Lisco’s inter-
nal multi-dimensional array. It should be noticed that, for
each attribute y”* specified as a dimension by the analyst,
the latter must also specify the range of values observable
for it, for DRIVEN to setup Lisco’s internal data structure.

The second and third clustering parameters are the
functions int [n] getMaskSize(Tuple 7) and
boolean areNeighb(Tuple 71,Tuple 75). The former
function specifies how far (in the sense of indexes) Lisco
should explore any of the n dimensions of the array around
tuple 7, to search for potential candidates for clustering.
Lisco employs the return values of this function to create
the neighbor mask and bound the search space around 7.
Internally, Lisco runs the aggregation over any of the n
dimensions as soon as the latter is filled for a given value
(e.g. when all the tuples sharing the same y° values are
received). The latter function is used to check if two tuples
falling into the same neighbor mask should be clustered
together or not.

Finally, the analyst must also specify the minimum
number of points minPts to differentiate clusters from

Continuing the example in b), the schema, of
the tuples produced by gpr. could in this case carry at-
tributes («, 6, p), where « is the logical timestamp that
refers to a certain angle of the LIDAR sensor, 6 is the eleva-
tion angle (based on the laser producing the reading) and p
is the measured distance. To store the tuples, Lisco could
be instructed to keep data in a 2D matrix where consecu-
tive readings from the same laser are assigned to columns
and the different lasers are assigned to different rows (as
done in the original paper [29]). In this way, the ordering
of two dimensions of the tuples would be kept. Using the
2D matrix to store the data, int [n] getMaskSize(Tuple
7) can be implemented to return the neighbor mask of a
tuple 7 in terms of a limited number of rows and columns
around 7. Finally, the areNeighb(Tuple 7;,Tuple 73)

can be implemented to check whether the Euclidean dis-
tance between the readings of tuples 7; and 7o is within
the threshold defined by the analyst.

5. Evaluation

We evaluate in here the tradeoffs in compression, ap-
proximation error, retrieval time and clustering quality for
DRIVEN. We first present the datasets used, the software
and hardware setup and then discuss four different use
cases in which historic data is gathered and clustered. Fi-
nally, we gauge PLA’s compression performance by com-
paring it to a lossless, general-purpose compression tech-
nique (ZIP) and discuss the concept of inherent logical
latency of PLA compression to investigate the impact of
DRIVEN on queries gathering live rather than historic
data.

5.1. Data

We use three datasets in our evaluation.

1. The Ford Campus dataset [32], providing data gen-
erated by a VelodyneHDL64E roof-mounted LiDAR,
(see for an overview of LIDAR) from one
vehicle. Each file in the dataset corresponds to one
full rotation of the LiDAR, which consists of 64 indi-
vidual lasers mounted in a column. According to our
system model , each of the 64 lasers is an
individual sensor, with the sensor ID being the sen-
sor’s fixed elevation angle. In our implementation,
each laser stores its data in a dedicated file.

2. The GeoLife dataset, containing GPS data collected
in the GeoLife project by 182 users over ca. three
years [46], 47, 48]. We use a subset of the dataset
with vehicular GPS traces in the Beijing area.

3. The Volvo dataset, provided by Volvo Cars. This
dataset consists of CAN dataP] and GPS traces from
20 hybrid cars and was collected in Sweden in the
years 2014 and 2015.

5.2. Software and hardware setup

We implemented Lisco in Python 3.6 and the PLA com-
ponents (see in Apache Flink 1.5.0. The seg-
ment length n of the PLA compressor is bounded by 256
to limit its bandwidth consumption to 1 byte, while the
parameter minPts is set to 10 in all experiments (this pa-
rameter is adopted from [29]).

We use as a stand-in for the vehicle node an ODROID-
XU3 single-board computer to approximate the low-power
processor of a vehicle, equipped with a Samsung Exynos
5422 Cortex-A15 2.0 GHz quad-core and Cortex-A7 quad-
core CPU and 2 GB of LPDDR3 RAM at 933 MHz. For

3CAN (Controller Area Network) is a vehicular communication
bus standard over which sensor data, fault messages, etc. can be
transmitted.



the analysis center, we use a server with an Intel(R)
Core(TM) i7-4790 3.60 GHz quad-core CPU and 8 GB
of RAM. The ODROID and the server are connected via
Ethernet. We reduce the connection bandwidth using the
tool trickle [I4] to simulate four different upload speeds for
the ODROID: slow (8 KB/s, in the range of 2G), medium
(500 KB/s, in the range of 3G), fast (1000 KB/s, in the
range of 4G) and wery fast (10000 KB/s, in the range of
5G).

5.3. Fvaluation metrics

DRIVEN is evaluated for four use cases among four
dimensions:

e Average error: The average error
VA | N / . .
Y = % > L1 lyi — yj| between original values y; and
reconstructed ones y;.

o Compression ratio: The size of the compressed data
divided by the raw data size.

o Adjusted rand index: The clustering obtained from
the approximated data compared to the clustering
obtained from the original data via the adjusted rand
index[]

e Gathering time ratio: The time needed to gather the
approximated data (including compression / decom-
pression overheads) divided by that taken to gather
the raw data.

For all use cases, we use the term baseline to refer to
a setup in which raw data (i.e, with no compression) is
gathered and clustered.
In addition to the four evaluation dimensions explained
above, we also evaluate the Logical Latency for the Ford
Campus and GeoLife datasets (we refer the reader to
for a definition of logical latency).
Since simulating the communication behavior of a large
vehicular network is beyond the scope of this work (and
based also on the observation that real behavior would de-
pend on factors we cannot predict, such as the position of a
certain vehicle), experiments studying the gathering time
are set up to favor the baseline over DRIVEN and thus
avoid bias. More concretely, gathering time is measured
for the collection of each sensor’s data without concurrent
or parallel transfers from multiple vehicles, thus avoiding
overheads (e.g. packet losses) proportional to the size of
the transmitted information (i.e., higher for the baseline,
given that raw data is larger in size than the compressed
one, as we show in the following).

In the following, results are presented through violin
plots. Violin plots show the distribution of the underlying

4The rand index of two partitions (or sets of clusters) A, B is
a symmetric measure that counts how many pairs of elements in
partition B are clustered exactly as in partition A. The adjusted rand
index extension takes into account accidental random clusterings (see
[41] for more details).

data along their vertical axis, with the mean marked by a
horizontal bar. All the presented plots contain data from
at least 55 experiment runs.

5.4. Use cases

5.4.1. Q1 LiDAR

This is the use case presented in detail in
In accordance with our system model, the data for each
of the 64 lasers is stored on-vehicle as a stream of (a, p)
with the azimuth angle « (logical timestamp) and the dis-
tance reading p. The query for this use case is detailed
in Based on the query, all the sensor reading
streams from the last ten rotations from each of the 64 Li-
DAR lasers from one vehicle are successively compressed
on-vehicle with some maximum errors A, A, on the logi-
cal timestamps « and the distance readings p. Each com-
pressed stream of laser readings is then successively sent to
the analysis center, where the streams are decompressed.
Query gpre assigns each tuple its laser id and the hori-
zontal angle 6, providing to Lisco the data structured as
the 2D matrix to Lisco. The tuples are added
column-wise (see colored column) by gpe with decreasing
laser id 6% (the id of the i-th laser) from top to bottom and
increasing rotation angle a§- (the j-th rotation step of the
i-th laser) from left to right. This merging of data from
different sensors is performed deterministically [I8] based
on the logical timestamp « carried by the tuples.

As clustering parameters, Lisco is instructed to check
the Euclidean distance between pairs of tuples; to accom-
plish that, it searches for candidates in a maximum c, 6
- area around tuple 7 defined by getMaskSizeInRot(7),
which calculates the angles «, 8 of the horizontal and ver-
tical laser beams who could hit points that are within dis-
tance € = 0.5 m from the sensor reading corresponding to
7, as they bound the e-neighborhood of the latter, while
also ensuring that only points within the same rotation are
part of the mask.

Through the way that data is maintained in the 2D
matrix, this defines a rectangular area (i.e., mask) in the
matrix around 7 (cp. [Section 4.3.1]).

The compression statistics for this use case can be seen
in (a) and (b) expressed via violin plots. The an-
gle « is in all cases compressed with a maximum error
A, of 1.5 x 1073 rad, yielding an average error on « of
3.4 x 107° £ 1.0 x 107° rad (average + standard devia-
tion). p is compressed for values [0.1,0.2,0.5,1,5,10] m.
In (a), it appears for larger values of A, that the average
error is about one order of magnitude smaller than the

[}
el (0,0, p1)

(6% )

(a0, pk)

(R, 9647#1%)

Figure 7: Q1: Sketch of data structure produced by gpre.



Table 1: Queries Q(V,T,S, A, gpre, {clustering parameters}) for evaluation. See for explanation of query arguments.

Q.: LiDAR
\% T S A Qpre clustering parameters
1 10 LiDAR A, = 0.0005 rad, merge 64 lasers getMaskSize(Tuple 7):
vehicle rot. A, €[0.1,0.2,0.5,1,5,10] m add laser id return getMaskSizeInRot(7)
64 areNeighb(Tuple 71, Tuple 72):
lasers return euclidDist(7;,72)<0.5m
Q2: 1-Vehicle 1-Day
\% T S A Qpre clustering parameters
1 1 day GPS Ay =1s, windowAggr (6s) getMaskSize (Tuple 7):
vehicle Az, Ay €11,2,5,10,20,50] m emit latest tuple return 12
areNeighb(Tuple 71, Tuple 72):
return euclidDist (7 ,72) <50m
Q3: 1-Vehicle 14-Day
\% T S A Qpre clustering parameters
1 14 GPS Ay =1s, windowAggr (10s) getMaskSize (Tuple 7):
vehicle days Az, Ay €[1,2,5,10,20,50] m add day id return 15, 14
emit latest tuple areNeighb(Tuple 71, Tuple 72):
return euclidDist(7y,72)<100m
Q4: Car usage grids
\% T S A Qpre clustering parameters
20 7 GPS A,g =1s,Ape = Aye =0.005 s add day id getMaskSize (Tuple 7):
vehicles days electric RPM Az, Ay €1,2,5,10,20,50] m find drive mode return 7, 2, 2
comb. RPM Age,Aye € [1,5,10,20,50,100] Hz add to grid areNeighb(Tuple 71, Tuple 72):
return counterDist(7;,72)<1)
2.0 4 (a) Average error on p i (b) Compression
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0.15 - | |
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Figure 8: Q1: (a) - (¢) Compression and clustering statistics for various A,; (d) gathering time ratio for various A, and different network

speeds.

maximum error (this is true for small A, too, although
harder to appreciate in the graph). The compression as
a ratio of compressed vs. raw file size in (b) shows that
LiDAR data can already for a maximum error A, = 0.1 m
be compressed below (median) 10 % of the raw size, which
we attribute to the regularity of the logical timestamps «
as well as to the existence of stretches of p = 0 in the raw
data (these occur when the laser is not reflected, cp.
tion 4.1)). For increasing maximum error, the compression
ratio decreases only slightly, which indicates that almost
maximum compression is reached early. The long tails to-
wards lower compression hint at single files with data that

10

is harder to compress than the average. For A, = 1 m,
the data transmitted in this use case (10 rotations of the
LiDAR, which are completed in 2 s) is around 750 KB.
Transmitting this live is possible with network speeds of
3G or larger. The comparison of the resulting clusters
from query @ with the baseline is shown in (c)
(as only points within the same rotation may be clustered,
we compare the resulting clusters between the same rota-
tions, not between the sets of ten rotations). One observes
that for increasing A, the similarity between the clusters
of approximated and baseline data decreases. However, for
A, = 0.1 m, the median compression ratio is already below



0.10, while the median adjusted rand index is larger than
0.95, indicating that a large compression can be achieved
without a large loss of precision in the clustering.

Figure §| (d) shows the end-to-end gathering time ratio
for the three network speeds. While there is no signifi-
cant decrease for increasing maximum error (according to
the compression ratio that also decreases only slightly for
larger A,), for all network speeds data gathering times
are reduced to between 60 % for fast networks down to
less than 15 % for slow networks.

5.4.2. Qo 1-Vehicle 1-Day

In this use case, the analyst requests the GPS data of
a single day from one vehicle in order to cluster all points
within a predefined distance and timespan. This could
e.g. serve to identify areas of slow traffic or areas where
the vehicle stopped. Based on our system model, the data
is stored on-vehicle as a stream of tuples (¢, x,y) with the
timestamp as the actual measurement time and the z,y
attributes being the coordinates in meters.

The query Qs for this use case is described in detail
in The GPS position data stream from one day
and one specific vehicle is compressed on-vehicle with some
error A; on the timestamps and errors A, = A, on the
vehicle’s GPS coordinates and sent to the analysis center.
There, the stream of decompressed tuples is aggregated
by gpre in tumbling windows of 5 seconds, and for each
window, only the latest tuple is returned as soon as the
window completes. The data provided to Lisco structured
as a 2D matrix is sketched in (the colored field
contains the last added tuple). If a window is empty be-
cause no data exists for the corresponding time period, the
field in the data structure will also remain empty.

As clustering parameters, Lisco is instructed via
getMaskSize (7) to check the last 6 indexes of the 1D ar-
ray, reducing the search space for neighbors and ensur-
ing the clustering only of points that are also close in
time. The clustering decision is taken by the function
areNeighb (7 ,72) on the basis of the Euclidean distance
between the x, y-coordinates of the two tuples.

The compression statistics are given in (a),
(b). We choose in this case a fixed error Ay = 1 s for the
compression of the timestamps, resulting in an average er-
ror of (0.09540.090) s. A, and A, are chosen to be equal
and € [1,2,5,10, 20, 50] m. (a) shows the average
error on both coordinates as a function of the maximum
errors, with the average errors being roughly one-third of
the allowed maximum error. (b) shows the total
compression achieved for each maximum error: assuming
a measurement uncertainty for GPS data on the order of
few meters, maximum compression errors of less than ten

NS

(tr, @1, 91) (tNs TN, YN)

Figure 9: Q2: Sketch of data structure produced by gpre.
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Figure 10: Q2: (a), (b) Compression statistics; (c): Adjusted rand
index.
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Figure 11: Q2: Gathering time ratios for various (a) maximal errors
for different network speeds and (b) raw data sizes (rolling average
over 13 values, different colors are used for distinct values of Az, Ay)
for a medium speed network.

meters may be assumed to be small. Still, these result
in compression ratios that can be lower than 0.2. This
may be explained with straight roads, resulting in long,
linear segments in the GPS data, as well as regularity of
the timestamps. The violin plots’ long upward tails hint
at individual files with lower compressibility. The results
for the comparison of the resulting clusters from approxi-
mated and raw data are shown in (c): for small



maximum errors Ay, A, the adjusted rand index is close
to 1, but it decreases for larger maximum errors.

The gathering time ratios are shown in (a).
The median is around 1.3 for faster networks and does
not decrease for increasing compression. This shows that
DRIVEN in this use case is only beneficial for a slow net-
work. More insight is gained from (b), showing
the gathering time ratios as a function of the baseline data
size for a medium speed network. For small data sizes, the
additional time overhead of the compression and decom-
pression procedure increases the gathering duration over
directly transmitting the raw sample. For larger sample
sizes, the gathering time ratio approaches 1 for all maxi-
mum errors Az, A,. This gives an approximation for the
minimum size of data to be collected given the network
bandwidth and the compression/decompression overheads,
as we further show in the remainder (we stress nonethe-
less that our evaluation setup favors raw data gathering,

as explained in [Section 5.3)).

5.4.3. Q3 1-Vehicle 14-Day

In this use case, the analyst requests the GPS data
from one specific vehicle from the last 14 days, to possi-
bly identify routes that one vehicle follows regularly. The
query Qs, described in the query overview in dif-
fers from Q)5 in the period covered by the data and in the
task of gpre: upon consecutively receiving the GPS streams
for each day and windowing (with 10 second windows) as
in the previous use case, each tuple is also assigned an
identifier for the day. As soon as the stream for one day is
processed, it is added column-wise to a data structure as
shown in (the first entry of each tuple is the day
identifier id, ¢ is the number of seconds from midnight on
day id).

Lisco can thus process the GPS stream of each day
as soon as it is received. In contrast to the previous use
case, Lisco is now instructed to search the last 15 cells in
the direction ¢, and all cells in the direction “days” (14
ensures that all days are encompassed), for tuples within
a Euclidean distance of 150 m.

The compression statistics may be found in
(a), (b) and are similar to those seen in [Figure 10| (a), (b),
as the same data type with only increased sample size is
used. Here the constant maximum error A; = 1 s results
in an average error of (0.093 + 0.081) s. The evaluation
of clustering qualities is shown in (c), also with
similar results to the previous use case. The addition of
the attribute “days” for Lisco seemingly has only a small

days
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Figure 12: Q3: Sketch of data structure produced by gpre.
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Figure 13: Q3: (a), (b) Compression statistics; (c¢) Adjusted rand
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Figure 14: Q3: Gathering time ratios for various (a) maximal errors
for different network speeds and (b) raw data sizes (rolling average
over 13 values, different colors are used for distinct values of Az, Ay)
for a medium speed network.

influence, suggesting that in the majority of samples there
is no significant number of inter-day clusters.

Figure 14| (a) shows the measured gathering time ra-
tios. The median gathering time ratios are below 0.35
for all values of the maximum errors for a slow network,
and for faster networks around 0.75, although also sam-
ples with ratios greater than 1 are present. As shown in
Figure 14| (b) (for medium network speeds), this is due
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Figure 15: Qa4: Sketch of data structure produced by gpre.
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Figure 16: Q4: Example of one grid (instead of showing the num-
ber of vehicles per drive mode and cell, only colors indicate the cell
occupation).

to samples with raw data size smaller than 200 KB (at
medium network speeds). For samples larger than 200 KB,
gathering time ratios for all values of A, A, are smaller
than 1.

5.4.4. Q4 Car usage grids

In this use case, the analyst wants to investigate if
a fleet of hybrid cars uses the same drive mode (elec-
tric/traditional) on the same routes at similar times of
the day. To perform this query, the analyst requests GPS
data as well as the combustion engine and electric rear
axle engine (ERAD) RPMs (rotation per minute) time se-
ries, requiring three different time series from three dif-
ferent sensors, for one week from 20 hybrid cars. The
three time series in tuple notation are (t¢,z,y) for GPS
(physical timestamp [s], x-coordinate [m] and y-coordinate
[m]), (t¢,w®) for the ERAD RPM (physical timestamp [s],
RPM [Hz]) and (t°, w®) for the combustion engine RPM
(physical timestamp [s], RPM [Hz|). Using this data, a
map is created for each day, and clusters of identical drive
mode (electric/combustion engine use) between different
days and different locations on the map are created to
identify routes for which a certain drive mode is preferred.

Over a rectangular geographic grid of 150 x 150 cells,
the GPS trace of a car V; during each day of the requested
week is discretized. For each cell, characterized by the
time period 7" during which V; was present within the cell’s
boundaries, the combustion and electric engine RPMs dur-
ing T are regarded and a decision is taken whether the car
was in combustion or electric mode during T. Each cell
contains a counter for each mode, and if V; is found to be
in a certain mode while in that cell then the corresponding
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Table 2: Q4: Maximum-error sets used. As three different time series
are requested, three different error parameters are given (for GPS,
Ar = Ay).
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Figure 17: Qa: Gathering time ratios for (a) a very fast network
speed and (b) for various raw data sizes (rolling average over 13
values, different colors are used for different maximum-error sets) for
a very fast network.

mode counter is increased. For each day, each V; can only
contribute to each cell’s counter once. This is repeated
for all V;,i € {1,...,20}, such that a map is created for
each day of the week containing the cells visited (including
drive mode) by all vehicles.

This pre-processing task is performed by gpre, and a
sketch of the data structured as a 3D matrix that is passed
to Lisco is visualized in[Figure 15} The coordinates (p1,p2)
and (p3,p4) are located at the corners of the geographical
grid (which in this sketch is a 9 x 9 grid). The first di-
mension of the 3D matrix is time (day of the week), the
other two are geographic x, y-coordinates. A concrete ex-
ample grid for one day is shown in (for visibility,
the counters for each cell are represented with only a color
marker).

The query Q4 is formally described in the query overview
in[Table 1] Two grid cells, represented by tuples 71, 72, be-
come clustered in accordance with counterDist (71, 7o) if
the difference in both cells’ electric or both cells’ combus-
tion mode counter is smaller than or equal to 1.

The time channels t<,¢°,t¢ (for GPS, electric engine
RPM and combustion engine RPM) are compressed with
A = 18; Age = Age = 0.005 Hz, resulting in average
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Figure 18: Q4: (a) Average error on the z- and y-coordinate for several values of the maximum compression errors Az, Ay for GPS data; (b)
average error on the ERAD and engine RPM for several values of the maximum compression errors Age, Ayc; (¢) compression statistics for

different maximume-error sets (see[Table 2); (d) adjusted rand index.

errors of (0.49 +0.06) s, (142 & 72) us and (921 £ 161) ps,
respectively. The remaining channels are compressed for
six sets of maximum errors shown in

We assume for the evaluation that there is no change
in network and analysis center performance for gathering
the data from 20 vehicles at once, and thus simulate the
query on one vehicle only (i.e., utilizing one ODROID as
in the other use cases).

The compression and clustering statistics for this use
case are shown in (a) is the average error on the
x,y-coordinate of the GPS time series for different values
of Ay = A,. The average errors for the first two error sets
are not displayed, due to the low geospatial precision of
the GPS time series the average error on the GPS coordi-
nates is on the order of 107° m for A, = A, € {1 m,2 m}.
(b) is the average error on both the ERAD and the com-
bustion engine RPM, which are roughly one order of mag-
nitude smaller than the allowed maximum errors A e, A e.
(c) shows that already for the maximum-error set #1 a me-
dian compression of 12 % can be achieved, down to 2 %
for #6. This is explained by long stretches of inactivity
of either the ERAD or the combustion engine, resulting
in long stretches of constant zero readings in their respec-
tive time series. These stretches can be compressed well
with PLA. The adjusted rand indices in (d) remain in the
median above 0.9 until maximume-error set #6, indicating
that the analysis accuracy in this use case is quite robust
towards compression.

Gathering time ratios for a very fast network are shown
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in [Figure 17| (a) for the six different maximum-error sets.

For the smallest individual maximum errors at maximum-
error set #1, the gathering time ratio is below 0.65, and
for increasing individual maximum errors the gathering
time ratio decreases slightly more to 0.55, but is almost
constant. This may be due to the almost-constant com-
pression for higher maximum-error sets, see (c).
Figure 17| (b) shows the gathering time ratios for the same
very fast network speed for various raw data sizes. For
all maximum-error sets, the gathering time ratio tends to
decrease for increasing raw data size. The noisy behavior
of the curves, which is almost identical for each maximum-
error set, may hint at individual files that are harder or
easier to compress than other files of similar raw data size.

5.5. Compression evaluation

To gauge the performance of our PLA compression
technique, we compare it with the DEFLATE compression
algorithm used for ZIP compression. We choose ZIP be-
cause of its general-purpose nature, widespread use and
lossless compression. Here, we show a comparison for the
data used in @7 (LiDAR) and @2 (GPS). In our experi-
ments, we zip for each separate channel n.;, consecutive
points (thus n,;p - size( float) bytes) and take the average
over all channels per file. The results are plotted in
with ” x” marking the compression achieved with
PLA plotted in n;,’s column corresponding to the average
segment length obtained through DRIVEN (be reminded
that the segment length with our PLA method varies and
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Figure 19: Compression ratios using ZIP for varying segment lengths
Naip. 7 X” marks the compression achieved with PLA for equivalent
average n for smallest maximum errors (almost lossless).

depends on the underlying data; only the maximum seg-
ment length is specified and set to 256 points). We set here
the maximum tolerated errors to minimal-loss values, i.e.
A, = 0.01 m for LiDAR, and A, = A, = 1 m for GPS,
cf. Figures|8|(a),[10|(a). For comparable segment lengths,
the ZIP representation is 2-10 times larger, indicating the
advantages of lossy, piecewise linear compression for this
type of data and scenario. Even when zipping all the avail-
able data (n;, = 00), the gap remains stark, which further
hints at the validity of our PLA implementation. More-
over, allowing for larger segment lengths would limit the
usefulness in a live data gathering scenario, as shown in
the following subsection.

5.6. Logical latency

Lastly, we evaluate DRIVEN by studying the logical
latency observed when compressing data from the Ford
Campus and GeoLife datasets. By doing this, we can thus
estimate the live gathering time incurred when perform-
ing PLA compression on live data (which can be approxi-
mated by the average segment length multiplied with the
sampling period of data being clustered, since this is or-
ders of magnitude larger than emission time, as well as
transmission and reconstruction delays).

Notice that we do not present results for the Volvo
dataset in this case, since the different order of magnitude
of sampling period between GPS and ERAD/engine data
(seconds versus milliseconds) results in GPS data (already
discussed for the GeoLife dataset) being the one dominat-
ing the live gathering time delay for compression of live
sensed data. More concretely, given the GPS’ data sam-
pling period of 5 s and the ERAD /engine RPMs sampling
period of 40 ms, the shortest possible segment of GPS’ data
(approximating 3 points) results in an average live gather-
ing time of 10 seconds while the longest possible segment
of ERAD/engine RPMs data (approximating 256 points)
results in an average live gathering time of approximately
5 seconds.

Based on our description of logical latency ,
the logical latency incurred by DRIVEN can be modeled
as follows. For the stream of values y, the logical latency
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Figure 20: Distribution of logical latencies in number of tuples for
(a) the LiDAR (Ford Campus) and (b) the Beijing GPS (GeoLife)
dataset as a function of the respective maximum errors. The logical
latency for the angle/time coordinate is displayed over the y-axis
(red), as their corresponding maximum errors are constant over each
of the two datasets.

is obtained as the difference j — ¢ where (j,y;) is the last
tuple read before the compressor sends information that
triggers the i-th tuple’s reconstruction on the decompres-
sor side; two situations are then possible: either processing
(j,y;) triggers the emission of a line segment (n,a,b) and
in this case (i,y}), with j —n—1 <4 < j—1, is re-
constructed among n — 1 other tuples using the segment’s
information, or (j,y;) triggers the emission of a singleton
(1,y;) where then i = j — 2 (since 3 tuples are read be-
fore emitting a singleton, the logical latency is always 2
in this case). Logical latencies are bounded by the max-
imum segment length (this occurs for the first tuple on a
maximum-length segment), and the average logical latency
corresponds (when omitting singletons) to half the average
segment length. When no compression is performed, logi-
cal latencies are 0. For an input tuple (y?,...,y¥) (which
is split into (i,9?),...,(i,y¥)), the combined logical la-
tency is the maximum logical latency of the individual
tuples (i,?), ..., {i,y¥), as the original tuple can only be
reconstructed as soon as all its attributes have been in-
dividually reconstructed. The compression scheme used
in DRIVEN;, i.e., the PLA construction method Linear
coupled with a streaming-based protocol, has been shown
in [II] to produce logical latencies one to two orders of
magnitude smaller than other state-of-the-art PLA con-
struction algorithms.

In addition to calculating the average logical laten-
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Figure 21: Average logical latency (over all channels) and compres-
sion for different maximum segment lengths n (n = 256 is the maxi-
mum segment length chosen in this evaluation).

cies of the Ford Campus and GeoLife datasets, we fur-
ther study to which extent the logical latencies can be re-
duced by reducing one parameter of our PLA compression
scheme: the maximum segment length (set to 256 tuples
in our evaluation).

shows the individual and combined average
logical latencies as violin plots for different compressions
measured over the (a) LiDAR (Ford Campus) and (b) Bei-
jing GPS (GeoLife) datasets. The red violin plot on the
left of both (a) and (b) displays the distribution of aver-
age logical latencies for the (logical) timestamps. As the
(logical) timestamps are only compressed with a constant
maximum error (A, = 0.0015 rad for LIDAR, A; = 1s
for GPS), only one violin plot is shown per dataset for the
(logical) time channel.

The span of the violin plots for different compressions is
small for both (a) and (b), meaning that the logical latency
depends more on the type of data than on the specific
file of a certain datatype. Second, the combined logical
latencies for both datasets are dominated by the latency of
the timestamp channel. As this channel is quite linear, and
thus easily compressible, we expect the longest segments
for the timestamp channel and thus a large logical latency.
Concretely, this means that other channels have to wait for
the time channel to be decompressed before an original
tuple can be reconstructed.

For the GeoLife GPS dataset, used in Q2 — @3, the
average difference between two timestamps in the original
data is 5 s. Thus, neglecting transmission time, it takes on
the order of 100 x5 s = 500 s to reconstruct an original in-
put tuple for GPS data with the aforementioned sampling
rate.

For the Ford Campus LiIDAR dataset, used in @)1, there
are 20000 readings of the logical timestamp channel « per

second (see [Section 4.1)). Combined with a logical latency

on the order of 100 tuples, this results in an average re-

16

construction time of at least 0.005 s.

In the use cases investigated in this evaluation, those la-
tencies carry little significance, as historic data is gathered.
In these cases, where the data is replayed at much higher
than live speeds, the transmission duration is dominant
for the data gathering time. When live data is requested,
however, the logical latency can lead to significant delays,
but this is inevitable for PLA compression. The logical la-
tency is strictly linked to the segment lengths of the PLA
and can be reduced either via a smaller maximum segment
length or via a smaller maximum error threshold, resulting
in a PLA with shorter segments. For the combined logical
latency, these changes will have greater effects if applied
on the time channel, which due to its compressibility is
dominant overall in our evaluation.

shows the logical latency and the compres-

sion for the LIDAR and GPS dataset (each averaged over
all contained channels) for different values of the maxi-
mum segment length using constant error bounds (LiDAR:
A, =1m, A, = 0.0015 rad; GPS: A, = Ay = 10 m,
A; = 1s). This figure motivates the choice of n = 256 for
the maximum segment length, as for this value the com-
pression is maximal. For higher n, the compression does
not increase further, as the maximal length of segments
is an inherent characteristic of the data used (for a given
maximum compressor error). The compression even be-
comes slightly worse as more data must be allocated for
transmitting the segment length (i.e., two bytes are needed
for n > 256). The logical latency increases with increasing
segment length, and becomes stationary as the maximum
inherent segment length is reached.
If lower logical latency is desired for a query, this figure
shows that in turn lower compression will be achieved.
However, depending on the region within the plots, large
gains in logical latency can be achieved with comparatively
smaller losses in compression, especially noticeable in the
n = 64...256 region.

5.7. Summary of evaluation results

The evaluation shows that, compared to the baseline,
DRIVEN can maintain an adjusted rand index greater
than or equal to 0.9 for the clustering of approximated
data while compressing the raw data to less than 5 %,
20 % and 2.5 % for LiDAR, GPS and a combination of
GPS and other vehicular signals, respectively - outper-
forming lossless ZIP compression by factors of 2 — 10 for
LiDAR and GPS. Also, DRIVEN affords speed ups exceed-
ing x10 in data gathering times for large-enough amounts
of data (at least 200 KB per sensor in our setup). Still,
the logical latency inherent to PLA must be considered
when working with live data. This logical latency can also
be significantly decreased using an appropriate maximum
segment length.



6. Related work

Clustering, as a core problem in data mining, has been
extensively studied in the last decades (see e.g. the survey
[22] and the references therein). The two main trends in
clustering algorithms differ on what should be considered
as a cluster, either privileging well-balanced ball-like clus-
ters (as in the widely-studied k-means approach) or rather
focusing on local density leading to arbitrarily shaped clus-
ters (e.g. DBSCAN [I5]-style). Other features that can
distinguish existing clustering algorithms include their sen-
sitivity to outliers (not interesting data that should be ig-
nored in some applications), their ability to work with any
distance function or the required level of parametrization.

Research on data streaming has also investigated how
traditional batch-based clustering can be ported to the
continuous domain. Clustering for large fast-coming stream-
ing data has been widely studied in the last decade [36], fo-
cusing on producing approximations of the batch-clustering
algorithm. Facing high-rate data streams, attention has
indeed been paid to maintaining statistical summaries of
the streamed data in order to generate on-demand clus-
tering. Focus on recent data is captured by clustering
only a recent window (using either landmarks, sliding win-
dows, or assigning decreasing weights to older data) of
points [36]. In [39], the authors design a fully stream-
ing clustering algorithm (as the streaming version of a re-
cently proposed clustering algorithm [34]), computing the
exact same clustering of its batch-based counterpart. Sim-
ilar to the clustering algorithm described here, the cluster-
ing is density-based (hence for arbitrarily shaped clusters),
works with any distance function but uses a different no-
tion of dissimilarity between objects. However, contrary
to our work, the ordering of data is not exploited resulting
in O(n) time for the processing of a single point (while
clustering n points).

Various solutions in the literature use approximation
techniques together with streaming-based clustering meth-
ods to improve the performance, in one or more dimen-
sions, of different clustering problems. Replacing time se-
ries by shorter representations [6] such as Discrete Wavelet
/ Fourier Transforms or Symbolic Aggregate Approxima-
tion to facilitate the processing and enhance the perfor-
mance of several data mining algorithms (including clus-
tering) has been a long trend in time series data min-
ing [33]. Differently from our work, PLA or similar tech-
niques (such as piecewise aggregate or piecewise constant
approximation) are used to replace a time series by a lighter
version to be later processed, as for clustering of time se-
ries in [27]. In our work, the objects being clustered are
not the time series but the input points themselves and
PLA is used to gather data efficiently (i.e., the data stream
eventually clustered has the same length as the original
one). To the best of our knowledge, this joint leveraging
of streaming and PLA was not discussed before.

Concerning the generation of the PLA of a time se-
ries, there is an extensive literature covering it (e.g. [25]
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13), [43], 28]) while focusing on different aspects of the ap-
proximation (errors, number of segments, processing time,
etc.). Among recent works targeting sensor streams, we
note the Embedded SWAB algorithm [5] (a modification of
the well-known SWAB [25] segmentation) dedicated to the
compression of wireless sensor raw data before transmis-
sion. The experimental study measuring power consump-
tion shows that using PLA pays off in embedded devices
by balancing out the computation overhead with reduced
communication, thus reducing energy consumption. The
authors note that the abstraction size is crucial in wireless
sensor networks, thus motivating the study of trade-offs
between small errors and high compression, which is one
of the focal points of this work, in the context of the consid-
ered applications relevant in industrial settings. We also
measure the time spent in the decompression process in
our work and advocate that information retrieval from the
measured data is also faster with PLA than with raw data
transmission. In another recent work [16], the authors de-
vise a PLA algorithm with a small memory footprint and
average instruction count for resource-constrained wireless
sensor nodes. They use a best-line approximation (simi-
larly to us) but with no intercept (so more segments are
produced), and the approximation error is bounded by seg-
ment instead of by point.

In an earlier work [21], a preliminary demonstration of
DRIVEN can be found. In contrast to that work, we here
propose a new algorithmic implementation of our multi-
channels PLA compression that enables exact error guar-
antees through completely independent processing of time
and other channels of a sensor and additionally resulting
in better compression ratios. Moreover, we provide a more
extensive evaluation that extends previous results to larger
data volumes and higher network speeds. Furthermore,
the present work investigates the effects and limitations of
applying DRIVEN in live data gathering scenarios and in-
troduces an additional experiment advocating for the ben-
efits of using PLA versus standard lossless ZIP compres-
sion.

7. Conclusion and future work

We have presented here the DRIVEN framework for
data retrieval and clustering in vehicular networks. The
framework, implemented in a state-of-the-art SPE, pro-
vides simultaneously an efficient way for gathering data
and performing clustering on said data based on an ana-
lyst’s queries. Information retrieval is achieved using PLA
for compressing the input stream in a streaming fashion.
Once uncompressed, the approximated stream is fed to a
distance-based streaming clustering algorithm. Both the
approximation and the clustering are parameterizable for
allowing different applications to be run by the framework.
Through thorough experimentation using real-world GPS
and LiDAR data as well as other vehicular signals, we show
the versatility of the framework in being able to answer dif-
ferent types of queries of historical data involving various



clustering requests for vehicular networks, and also show
that compression in data retrieval speeds up the transmis-
sion of gathered data while being able to preserve a very
similar clustering quality compared to raw data transmis-
sion. Data can be reduced to 5 — 35 % of its raw size,
reducing drastically the duration of the gathering phase
for large volumes of data, with only a small accuracy loss
on the clustering.

We furthermore have evaluated the application of DRIVEN
in a live-data scenario and studied the additional (and in-
herent) latency from the PLA compression, which can nev-
ertheless be reduced for a predictable loss in compression,
and gauged the compression capabilities of our PLA im-
plementation using ZIP compression.

The idea behind DRIVEN is to leverage the cumulative
power of edge devices to improve data analysis applica-
tions that are traditionally deployed entirely at data cen-
ters and that require all input raw data to be first gathered
centrally. The solution we propose in this paper can be en-
hanced along different dimensions in future work. First,
other techniques (e.g. Symbolic Aggregate Approxima-
tion - SAX) can be leveraged at the vehicles to reduce
the amount of data to be forwarded, and it is thus inter-
esting to study how such techniques would perform along
with the performance metrics we take into account in this
paper. Second, given that many other machine learning
techniques are commonly used in cyber-physical systems’
data analysis, their integration (and possible porting to
the streaming paradigm) within DRIVEN is also of inter-
est. Finally, it is also important to notice that the com-
putational power of each edge device (be it a vehicle or
something else) can be used in conjunction with the data
center’s one in several ways. While we study a solution
that leverages the edge device’s computational power to
approximate and compress raw data, we also believe that
distribution of machine learning tasks (e.g. learning over
different subsets) is a way to leverage such computational
power that is worth exploring and can enable efficient and
effective solutions.
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