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Using Summaries to Search and Visualize Distributed Resources 
Addressing Spatial and Multimedia Features 

Daniel Blank •Andreas Henrich • Stefan Kufer 

Abstract Summarization is an important means to cope 
with the challenges of big data. Summaries can help to 
achieve a first overview, they can be used to characterize sub-
sets, they allow for the targeted access to data, and they build 
the basis for visualization techniques. In the present article, 
we point out the role of summaries as well as potential ap-
plication scenarios. As examples, summarization techniques 
for spatial data (as an example for specific low dimensional 
techniques) and for general metric spaces (as a generic ex-
ample with a broad spectrum of applications) are described. 
Furthermore, their use for resource selection and resource 
visualization in large distributed scenarios is outlined. 

Keywords Resource description and selection • 
Distributed metric and spatial access methods • 
Big data summarization 

1 Introduction 

From an information retrieval perspective, dealing with "big 
data" often involves summarization techniques. One reason 
is that distributed retrieval solutions are inevitable at a cer-
tain scale. Thus, this article outlines resource description and 
selection techniques and their use for big data applications. 
These techniques can for example be applied in infrastruc-
tures with physically distributed nodes such as peer-to-peer 
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(P2P) networks, cloud infrastructures, grid infrastructures, 
or sensor networks, to name only a few. 

In particular, in this article, similarity search is considered 
where similar objects with respect to a given query object are 
to be retrieved. Many similarity search problems are mod-
eled in metric spaces where the distance measure is a met-
ric. Thus, metric space indexing techniques which do not 
rely on any further assumptions about the object represen-
tations allow for a variety of application fields. Examples 
are similarity search on business process models [23], mal-
ware detection [17], 3D object retrieval [7], text and multi-
media retrieval, data compression, pattern recognition, ma-
chine learning, biomedical databases, statistical data analy-
sis, and data mining [9, eh. 2], [29, p. 3f.]. In addition to 
general metric access methods (MAMs), specialized access 
methods for specific data types exist. As an example we will 
address spatial access methods (SAMs) and corresponding 
summarization techniques (see [26]) here. 

In general, different criteria can be employed for the re-
trieval of media items such as text, timestamps, geographic 
footprints, and (low-level) audio or visual content informa-
tion. Resource description and selection techniques for text 
data are for example proposed in [11]. They are not addressed 
here, nor do we focus on techniques for time and date infor-
mation. The focus of this article is the outline of resource 
description and selection techniques for geospatial data as 
well as general metric data1. 

1Resource selection based on a single criterion, for example image 
content, is only a first step on the way to an effective retrieval sys-
tem. When querying for multiple criteria, for example for an image 
with a particular content which was taken in a certain geographic re-
gion, criterion-specific resource rankings can be combined by apply-
ing a merging algorithm for ranked lists (cf e.g. [2], [19]). Moreover, 
resource description and selection schemes can be designed which sup-
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(a) Brokered. (b) Structured. 

(c) Completely decentralized. (d) Hierarchical. 

Fig. 1 Different P2P network architectures according to [24]; visu-
alization inspired by [24, Fig. 2.1 on p. 7]. Squares denote peers; 
those with large black are super-peers. Circles O visualize 
resource descriptions. Equal fill colors indicate a similar "thematic" 
focus of peers and/or resource descriptions 

The remainder of the article is organized as follows. Dif-
ferent types of network architectures in which summaries 
can be applied are sketched in section 2. Techniques for the 
design of spatial as well as general metric resource descrip-
tions are outlined in sections 3 and 4. Section 5 presents an 
evaluation of the introduced resource descriptions for the re-
source selection task using the example of geospatial data 
derived from Twitter. The applicability of resource descrip-
tions for resource visualization as another important aspect in 
the context of big data applications is addressed in section 6, 
where a distributed image browser with images from Flickr 
is presented as an example. Finally, section 7 concludes this 
article. 

2 Summary-based Network Architectures 

Four types of general P2P architectures are identified in [24]. 
We adopt the classification from [24, eh. 2.1.1] to show the 
wide applicability of resource description and selection tech-
niques in different network architectures. 

Brokered architectures. Not only P2P IR systems, but also 
traditional distributed IR systems for federated text search 
rely on broker-based architectures. The descriptions of par-
ticipating resources are administered by an information bro-
ker (see Fig. l a). When a resource issues a query, this query 

port content-based search and in addition preserve the geographic dis-
tribution of the images by integrating both content-based as well as 
geographic search criteria (cf e.g. [14] which combines text and geo-
graphic information). However, such aspects are out of the scope here. 

is first sent to the broker. Based on the resource descriptions, 
the broker then decides which of the resources to contact. 
Usually, the broker sends addresses of promising resources 
to the enquiring resource which then issues the query to the 
selected resources and waits for their results. 

Structured architectures. Network dynamics with re-
sources frequently entering the system and/or updating their 
content can lead to network load a distributed IR system re-
lying on global document indexing can hardly cope with. 
Instead of distributing a global document index, several au-
thors thus propose the indexing of resource descriptions in 
a distributed index structure such as a distributed hashtable 
(DHT). Fig. 1b shows an example scenario where similar 
summaries are administered by the same peer applying some 
type of similarity preserving hash function. 

Completely decentralized architectures. Completely de-
centralized P2P IR systems are pure P2P IR systems. They 
lack the presence of a central authority or super-peers. Se-
mantic Overlay Networks (SONs) [10] fall into this group 
of systems. Every peer maintains two types of links to other 
peers. Peers with similar content are connected by short links 
and form communities (see Fig. le). Descriptions of peer 
content can be used in combination with a similarity mea-
sure to derive a peer's place within the network topology. 
To do so, clustering, classification, and gossiping techniques 
are applied [12]. Long links are established between different 
communities to ensure the connectedness of the resources. 
During query execution, the query is forwarded to the most 
promising communities by multi-hop query routing. 

A subtype of completely decentralized P2P IR systems 
assumes that every peer knows the resource descriptions of 
all other peers in the same (sub)net (see for example the 
four white peers in Fig. le which form such a subnet). Ap-
proaches belonging to this group are for example PlanetP 
[11] and its extension Rumorama [25]. PlanetP assumes that 
a peer knows the resource descriptions of all other peers in 
the system. Rumorama tries to assure scalability by building 
hierarchies of PlanetP networks. In Rumorama, every peer 
sees a portion of the network as a single, small PlanetP net-
work and furthermore maintains connections to other peers 
that see other small PlanetP networks. 

Hierarchical architectures. Hierarchical P2P IR architec-
tures (see [28] and the visualization in Fig. l d) are designed 
to overcome some limitations of other types of P2P IR sys-
tems. Super-peers, as opposed to (normal) peers, make use 
of increased capabilities such as storage capacity, processing 
power, network bandwidth, or availability. Often, concepts 
known from other types of P2P IR systems are extended and 
adapted by hierarchical P2P IR architectures such as for ex-
ample resource description and selection techniques. 

Techniques from the first three types of network architec-
tures outlined in this section can be applied and combined in 
hierarchical architectures. There are for example hierarchies 



of brokers, super-peer networks based on structured P2P IR 
architectures, and semantic overlay networks where peers 
with similar content are assigned to the same super-peer (for 
references see [3]). 

In the above-mentioned scenarios, resource descriptions 
can be identified at different levels [24, p. 39--42]: resource 
descriptions of peers, resource descriptions of super-peers, 
and resource descriptions of (super-)peer neighborhoods. 
Furthermore, these scenarios can be seen as prototypical for 
the broad spectrum of distributed data management settings. 
They clarify the role of summaries describing the content 
maintained on different resources in these settings. 

The following sections will now outline exemplary re-
source description and selection techniques applicable in the 
stated network architectures. Sect. 3 starts with spatial sum-
maries as an example for specific low-dimensional features 
before metric summaries are addressed in Sect. 4 as an ex-
ample for generic summaries applicable in a broad spectrum 
of situations. 

3 Spatial Summaries 

Hereafter, geo-coordinates are treated as plate-carree-
projected data points, meaning the lat/long-coordinates cor-
respond to x/y-coordinates in a 2D Cartesian coordinate sys-
tem. The Euclidean distance is used for distance calculations, 
since the usage ofdistance measures better suited for distance 
calculations on the earth's surface does not show noticeable 
changes as evaluated in [4]. Thus, the resource description 
problem is reduced to encoding a set of two-dimensional 
spatial data points effectively (accurate description) and effi-
ciently (compact storage), which is a more general, extensive 
scenario. Previous work ([20--22]) has investigated several 
techniques, which shall be briefly recapitulated: 

Geometric Approaches. One or more geometric shapes 
enclosing all of the resource's data points are calculated as a 
representation. One simple, well-known example would be 
the Minimum Bounding Rectangle (MBR), enclosing all data 
points in a minimum sized rectangle. 

Space Partitioning Approaches. Space partitioning ap-
proaches globally segment the data space into a certain num-
ber of identifiable subspaces or cells. Global segmentation 
means it is the same for all resources. The summaries' ex-
pressiveness is gained from storing information about how 
the single cells are populated with data points. It is most ben-
eficial to encode binary information (whether the resource 
contains at least one data point in a specific cell), but fre-
quency information is also an option (see [20]). A simple 
example would be Grid,, a regular grid segmenting the data 
space with r grid rows and 2 • r grid columns. 

Hybrid Approaches. Hybrid approaches combine two dif-
ferent approaches: one technique is used for building the 
foundation of the description; the second one is used for re-
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fining this foundation. Often, it is beneficial to combine a 
geometric approach and a space partitioning approach. Both 
categories are employable as the foundation as well as the 
refinement. An example for a hybrid approach would be K-
D-MBR~ described later. 

In the following, we briefly present the different spatial 
summaries which are evaluated in section 5. 

The MBR is a well-known standard technique, which will 
serve as a baseline approach in our evaluation. For each re-
source, the minimal rectangle containing all data points is 
calculated. In order to encode a rectangle, four values speci-
fying the lower left comer and the upper right comer have to 
be stored. Each value is encoded in float precision (32 bit). 

The RecMARk,s approach is based on an algorithm from 
[l ] which has been adjusted to point data. Initially, a sin-
gle MBR is disassembled into two so-called Minimum Area 
Rectangles (MARs), which are the two rectangles covering 
minimal area whilst containing all data points. This process 
is repeated recursively by choosing the biggest MAR in the 
current set of MARs and disassembling it into two, again, 
until an amount of k MARs has been computed or a cer-
tain stopping criterion sis reached (see [20] for details). For 
the summaries, the MARs are consecutively encoded in float 
precision. 

K-D-MB~ is a hybrid technique which takes a k-d tree 
like space partitioning as a foundation and refines occupied 
cells with quantized MBRs to further confine the locations 
of a resource's data points. With the k-d approach, the data 
space is segmented into rectangular cells of adaptable sizes 
(in contrast to the equally sized cells of Grid,). The specific 
space partitioning is learned from training data, whose dis-
tribution has to resemble the collection's distribution for op-
timal results. At the beginning of the training phase, the data 
space consists of a single cell or bucket. Next, training data 
points are continuously inserted into the bucket until a bucket 
overflow occurs, after which the bucket is split. Afterwards, 
the training data point insertion is pursued. The whole pro-
cess continues until an amount ofn buckets has been reached. 
Different strategies for determining split dimensions and split 
positions are applicable; we resort to cyclically altering the 
split dimension and the cell's middle for the split position. 
As refinement, one quantized MBR is calculated for each 
cell containing data points. The accuracy of the quantization 
is controlled by the parameter b, determining the number of 
bits used to encode one of the four necessary MBR values. 
By applying quantization, we lose some accuracy (the quan-
tized rectangles are slightly bigger than the 'real' MBRs, 
depending on the parameterization) but safe a lot of storage 
space compared to using 32 bit float values. Bit vectors are 
used as a summary, primarily encoding binary information 
about cell occupancy for the foundation; after a '1' for an oc-
cupied cell, 4 •b bits follow to encode the cell's associated 
quantized MBR. 
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Ranking The MBR, RecMARk,s and K-D-MBR~ sum-
maries all describe one or several rectangular areas which 
contain data points. Hence, their ranking algorithm is the 
same. First, the rectangles representing a resource are recon-
structed. Then, the minimum distance between each rect-
angle and the query location is calculated. Afterwards, for 
each rectangle, the distance information and the area cov-
ered by the rectangle are stored in a so-called R-Entry. For 
the ranking process, the R-Entries are sorted by (1) distance 
in ascending order and (2) -in case of equal distances-
by area covered in ascending order (assuming a smaller area 
indicates a higher point density and therefore is more likely 
to include relevant2 data points than a larger area at the same 
distance). To determine the ranking of two resources, the 
sorted R-Entries are compared one after another using dis-
tance as 1st criterion and area covered as 2nd criterion (same 
way as for the resource-individual R-Entry sorting). 

4 Summaries for General Metric Spaces 

In contrast to summaries designed explicitly for spatial data, 
in general metric spaces a direct representation of subsets of 
the data space based on a coordinate system-for example 
using MBRs-is not applicable. In fact, we can only rely on 
the given metric and calculate distances between objects and 
between objects and reference objects. 

MAMs can be reviewed when looking for summaries 
for general metric spaces. These methods apply summaries 
to prune subspaces during query processing. Hetland [16, 
Sect. 9.4] distinguishes two kinds of MAMs: MAMs based 
only on pivoting store distances from data objects to ref-
erence objects (so called pivots) and prune data objects 
during search through pivot filtering based on the precom-
puted object-to-pivot distances. MAMs using aggregation 
[16, p. 203f.], occasionally in addition to pivoting, struc-
ture the feature space into multiple regions in order to prune 
non-relevant regions during search. The same concepts-
pivoting and aggregation-can be used to distinguish re-
source descriptions. 

Pivoting might be a good idea in a centralized scenario 
where distance calculations (on high dimensional data) are 
the most expensive steps and the maintenance of object-to-
pivot distance matrices is affordable. In a distributed set-
ting, however, aggregation techniques appear more promis-
ing. Hence, in the following, we describe two types of re-

2Note that we may use the term (non-)relevant differently from tradi-
tional IR, where it is strongly related with the information need con-
cept. We speak of (non-)relevant database objects to indicate that they 
are (not) part of the final query result. Similarly, (non-)relevant feature 
space regions or resources do (not) contain database objects from the 
final result. This interpretation corresponds with for example [27]. 

source descriptions which are based on aggregation: UFS 
and DFS.3 

For UFSn,cc (Ultra Fine-grained Summaries), the data 
space is segmented globally by n preselected reference ob-
jects, which invoke a Voronoi-like space partitioning onto 
the data space. Each of a resource's data objects is located in 
the cell of the closest reference object according to the given 
metric. The selectivity for this approach comes from utilizing 
a large number of reference objects. Likewise K-D-MBR~, 
the distribution of the reference objects has to resemble the 
distribution ofthe data collection's data objects. The parame-
ter cc determines how many reference objects are considered 
during ranking. As a summary, binary information about cell 
occupancy is stored in a bit vector of length n. UFSn,cc has 
been designed for the application in general metric spaces 
and is well suited for approximate search. However, it is in-
appropriate for precise search in high-dimensional spaces 
[3]. 

DFS~,cc (Distance enhanced UFS) also takes a Voronoi-
like space partitioning as a foundation. It is enhanced with 
quantized distance information for a hypersphere containing 
all of the cell's data objects for each occupied Voronoi cell. 
Parameter b controls the number of bits utilized for encod-
ing one distance value. The hypersphere radius for a cell is 
determined by the maximum distance between the reference 
object of a cell and any of its associated data objects. Since 
this information is quantized, it is an approximated hyper-
sphere which is bigger than the 'real' hypersphere. Details 
of the quantization are outlined in [22]. 

Ranking Like the rectangle-based techniques, the Voronoi-
like techniques apply the same ranking algorithm. Then ref-
erence objects c; are sorted in ascending order to the query 
object. The first element of the sorted list L corresponds to 
the reference object being closest to the query. It is the center 
of the so-called query cluster. If resource ra administers doc-
uments in this query cluster while rb does not, ra is ranked 
higher than rb. If both resources feature the same value for 
the query cluster, the next element out of L is chosen and 
both resources are ranked according to their summary values 
for this very cluster. This procedure continues until a deci-
sion favoring one of the resources can be made or the first 
cc elements of L are considered, resulting in a random de-
cision. For DFS~,cc' the distance information encoded in the 
summaries is used for pruning purposes only. 

3An overview of different surnmarization techniques both using pivot-
ing and/or aggregation is given in [3]. 
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Fig. 2 On the left, the allocation of data points to resources for the collection (note that the axes are logarithmic scaled). On the right, the distribution 
of the data points in the data space for the collection. The values on the respective legend are logw(x + 1) scaled, so the number of data points per 
bin is calcluated by x = 10n - l. For example, n = 4.0 results in x = 9999 

5 Resource Selection 

In this section, we present a comparison of the resource selec-
tion effectiveness and the efficiency of the resource descrip-
tion approaches outlined in the two previous sections. As a 
common test scenario, we apply all summaries to geospatial 
data, although UFS and DFS are not limited on this scenario. 
For an extensive evaluation of summaries for general metric 
spaces, see [3, 5]. 

5.1 Data Collection and Experimental Setting 

From August, 25th 2014, to September, 1st 2014, we crawled 
geo-referenced tweets from Twitter, picked of in time win-
dows of 3 min each. The tweets have been restricted to the 
English language (determined by the Twitter API). In total, 
we gathered 26,767,783 tweets from 2,620,571 users. The 
first ten percent of time slices are used as a source for training 
data and query points, the rest is utilized as test data. After this 
separation, 23,539,714 tweets from 2,491,785 users remain 
for testing. Since we focus on the geospatial aspects, only 
the geo-references of the tweets are considered in our exper-
iments, the textual content is left out. Hence, the summaries 
delimit areas which contain geo-references/data points (i.e. 
the lat/long-coordinates assigned to the tweets). In order to 
assign data points to resources, we assume each user oper-
ates a resource of his own, hence there are 2,491,785 re-
sources in our experiments. Figure 2 depicts the distribution 
of data points to resources, which is very skewed: Only few 
resources maintain many data points whilst the majority of 
resources holds only few data points4. In Fig. 2, the geo-

41n order to fit into a spreadsheet, the allocation has been sampled. 
The first 300,000 resources show the orginal values. Afterwards, three 
resources are sampled into one value, which is a very accurate depiction 
of the real distribution, since the 300,00lst biggest resource only has 
16 data points, degrading one-by-one to one for resource 2,491,785. 

Fig. 3 Parameter variation for the different techniques 

graphic distribution of the data points is also shown. Due to 
the focus on the English language, the countries' develop-
ment, and the population numbers, it is no surprise that most 
data points are located in the USA and on the British Isles. 
Nevertheless, some other regions-such as South East Asia, 
India, and South America-also have a fair share of the total 
volume. 

For the query points, we randomly chose 50 data points 
out of the training data (for example, we know of a tweet 
posted at the Reichstag in Berlin and want to retrieve the 50 
tweets out of the network which have been posted closest 
to the Reichstag). Both the reference points for the Voronoi-
based approaches as well as the training data for K-D-MBR! 
are randomly chosen from the training data, too. 

The variation of parameters for the different techniques 
is shown in Fig. 3. All possible combinations are tested. We 
evaluate both selectivity ( avg. fraction of resources contacted 

MBR (none) 

RecMARk,s 
k 

s 

3|6|9 

1|0.01|0.0001|0.00005 

b
KD-MBR 

n 512|2048|8192 
n 

b 3|4|6 

UFS n,cc 
n 

cc 

512|2048|8192 
16|64|256|all 

n 512|2048|8192 
b

DFS n,cc cc 16|64|256|all 

b 3|4|6 

k = # of MARs 
s = stopping criterion (max. dist of any data  

point to its rectangle center) 
n = number of subspaces 

b = # of bits for quantization 

cc = # of centroids considered  
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0 

MBR - RecMAR k,s ~ KD-MBR~ - UFSn,cc ~ DFS~,cc -baseline - RecMARk ~ KD-MBRb - UFS ~ DFSb -baseline ,s n n,cr n,cr 

Fig. 4 Result Skylines for the different approaches. On the right a more detailled view of the best results 

in order to retrieve the top 50 data points for each query) and 
avg. resource description sizes. Generally, there are two op-
tions for transferring data: Either represent the resource by 
the summary computed for it; or directly transfer the data 
points of the resource in case they require less storage space 
than the summary. Additionally, the data sizes might be re-
duced by compression. We use Java's gzip compression 
with default parameters to reduce the amount of data in case 
it is beneficial. Thus, there are four options for a resource to 
be represented: 

• 1st and 2nd: Represented by a summary (zipped: sumz; 
non-zipped: sumnz). 

• 3rd and 4th: Directly represented by its data points (zipped: 
dtz; non-zipped: dtnz). 

In any case, we require 27 byte serialization overhead and 1 
byte for encoding which data transfer option has been chosen 
in addition to the actual resource data. The ranking process 
is affected neither for the spatial nor for the metric resource 
descriptions by the possibility of a direct representation. For 
the spatial descriptions, each data point is treated as a rect-
angle with an area of 0. For the metric descriptions, the usual 
cell occupancies (plus the non-quantized maximum distance 
for each cell in case of DFS~ cJ are utilized. 

For choosing the best parameterizations to represent a 
technique, we apply the Skyline operator [6]. The measure-
ments for the different parameterizations of a certain tech-
nique are represented as two-dimensional data points with 
the dimensions selectivity (sel) and avg. resource descrip-
tions size (rds). Smaller values are preferable for both di-
mensions. Generally, the Skyline of a set of points is formed 
by the points which are not dominated by other points. A 
point dominates another point if it is as good or better in all 

dimensions and better in at least one dimension [6]. Thus, 
for a certain technique, a parameterizationx dominates a pa-
rameterization y if (x.sel :'.S y.sel and x.rds < y.rds) or (x.sel 
< y.sel and x.rds :'.S y.rds). For inter-technique comparisons, 
we collate the Skylines of the different techniques. 

We conduct precise k-nearest-neighbor (knn) queries 
(k = 50) in our experimental runs. As algorithm, a range query 
with decreasing query radius is applied. The query range is 
set to the distance of the current 50th neighbor, hence infi-
nite at start. After an initial ranking based on the resource 
descriptions and the respective ranking algorithms, the knn 
algorithm queries the resources round wise (in chunks of 
ten resources) for their most relevant data points, updating 
the top-k result and the query radius if necessary (which is 
gradually reduced as more and more resources are queried 
for their NNs). Due to their descriptions definitely irrelevant 
resources are pruned in the meanwhile. The algorithm ends 
when all resources have been queried or pruned. See [21] for 
more details concerning the knn-algorithm. 

5.2 Experimental Results 

On average, 12.919 resources maintain relevant data points, 
resulting in an optimum selectivity of 12.919/2,491, 78 = 
5.185£-6. This baseline is indicated as the top black line in 
the Skyline diagrams (see Fig. 4). 

For the simple MBR, it shows that the avg. resource de-
scription sizes are the smallest, but selectivity is far worse 
compared to other techniques. Especially RecMARk,s only 
requires few additional storage while offering very big gains 
in selectivity (see Fig. 4). 

In general, MBR is not too bad in terms of selectivity 
when compared to UFSn,cc or DFS~,cc utilizing a low amount 
ofreference points. This is due to the distribution of the data 
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Fig. 5 Percentage share of the optimum transfer method (tm share) for the different techniques and their respective parameterizations (grayscale 
columns on the primary axis); the secondary axis shows the respective average resource description sizes (black columns). For MBR, the tm share 
is 47.67% sumnz and 52.33% dtnz at an avg. rds of 41.06 byte 

points resulting from the way of creating the data collection. 
For one thing, twittering obviously takes place in the daily 
routine and therefore mostly from home/work. For another 
thing, since the data has been collected for only 1 week, it is 
apparent that most people do not get to travel very far around 
during 1 week (compared to the collection of geo-referenced 
Flickr images we used in previous work, for example [21], 
which includes data collected over several years and where 
the resource data hence is generally more spread, resulting 
in a worse MBR performance in relative terms). Hence, the 
point clouds of the resources usually only have a rather nar-
row geographic spread, facilitating the usage of rectangles 
for enclosing data point extents. For the Voronoi-based tech-
niques, an amount of for example 512 reference points is not 
enough to effectively distinguish between relevant and irrele-
vant resources out of the population of 2,491,785 resources. 
Even though the reference point distribution has been ad-
justed to fit the collection, each Voronoi cell features data of 
far too many different resources. 

The superiority of using rectangle-based techniques for 
the given data also becomes obvious in the Skylines, where 
RecMARk,s and especially K-D-MBR~ clearly dominate 
UFSn,cc and DFS~,cc• especially for low avg. resource de-
scription sizes (see Fig. 4). For bigger sizes, the gap dimin-
ishes a bit since compression comes favorably into play for 
UFSn,cc and DFS~,cc (see Fig. 5). RecMARk,s starts as the 
most dominant technique for low avg. resource description 
sizes, but soon is overtaken by K-D-MBR~ since the latter 
offers higher peak selectivity and higher entropy summaries 
benefiting from compression (see Fig. 5, percentage share 
for the different data transfer options) due to its computation 
design as well as its summary design. 

Comparing UFSn,cc and DFS~,cc• the inclusion of distance 
information per occupied cell for optimized pruning does not 
pay off since UFSn,cc is dominant, at least for smaller sizes. 
For bigger sizes, a convergence can be observed. DFS~192,16 
has about the same selectivity and avg. resource description 
size as UFS16384,16· Due to the added information, peak selec-
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Fig. 6 Overview of our visual analytics interface 

tivity of DFS!,cc is higher than for UFSn,cc, but on the other 
hand still is significantly outperformed by the two sophisti-
cated rectangle-based techniques, which are the preferable 
choices for the investigated data collection. 

6 Resource Visualization 

An important aspect of the resource descriptions and the cor-
responding resource selection step is that both can be vi-
sualized in a meaningful way. This opens doors for visual 
analytics. 

To give a tangible example, we exemplarily outline the 
concept of a visual analytics interface proposed in [3, 15] 
which gives additional insights in the resource selection pro-
cess and which can visually support the resource selection 
task. The visual interface is sketched in Fig. 6. It has a min-
imalistic design consisting of a board and a horizontal and a 
vertical axis. fu the following, we assume UFS resource de-
scriptions. However, the interface is by no means restricted 
to this particular summary type. In addition, the example 
is based on Flickr image data maintained on the resources 
and summarized based on low-level features5, in contrast to 
the Twitter messages summarized based on geospatial data 
addressed in the previous section. 

The resource descriptions of all participating resources 
are visualized on the board. To keep it clean without any ad-
ditional overhead, a single row of pixels on the board is re-
served for visualizing a particular resource description. The 
horizontal axis on top of the interface captures the distri-

5We use the images of the MIRFLICKR-25000 collection [18]. CEDD 
[8] features are extracted and compared using the Hellinger distance. 
Images are assigned to resources by the Flickr user ID. 

50 

Fig. 7 Selecting a center as a query object after ranking the resources 
by estimated resource size 

bution of the number of populated UFS bins. The histogram 
shows total cluster populations, that is per cluster, the number 
of summary bins containing at least one image representation 
aggregated over all resources. Clusters arise from the parti-
tioning of the resource description technique that is used. In 
case of UFS, the Voronoi-like space partitioning is applied. 
On the other hand, the vertical axis on the left captures the 
distribution of the number of images of the resources (i.e. the 
resource sizes). Here, they are estimated based on the binary 
UFS summary bin values. 

For UFS, a highlighted pixel on the board represents an 
occupied summary bin, that is, a summary bin value set to 
1. When a summary bin is set to 0, the pixel representing 
the summary bin is inactive. For other summary types, grad-
uated pixel colors could indicate cluster counts or similar-
ity/distance values. 

Figure 7 shows a ranking by resource size where the top 
part of the board contains by far more highlighted pixels than 
the bottom part. Also the estimated resource size distribution 
on the vertical axis indicates the ranking by the number of 
summary bins set to 1. 

If the cluster centers are derived from real data objects, 
which is common in metric space indexing, the centers can 
be visualized for example by hovering over the horizontal 
axis (see Fig. 7). Cluster centers can be selected as query 
images for issuing similarity queries. 

Figure 8 shows the visualization of the resource ranking 
step when using the ranking mechanism of UFS proposed in 
[13]. The pixel order on the board from left to right changes 
as clusters are rearranged. This can also be noticed when 
looking at the horizontal axis. 
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Fig. 9 An exemplary query result 

Fig. 8 The resource ranking in case of UFS 

The behaviour of the UFS ranking is shown on the board 
in Fig. 8 where it can be perceived that roughly spoken a 
bigger amount ofpopulated clusters with centers close to the 
query lead to higher ranking positions. The cluster order is 
determined by the list L and thus the distance from a cluster 
center to the query object. An example query result is shown 
in Fig. 9. 

Resource descriptions can be visualized in different ways. 
If images are for example tagged with geographic locations, 
it is possible to provide an overview of the geographic distri-
bution of a resource's image collection. This can be achieved 
by visualizing geographic resource descriptions (see Fig. 10 
where UFS summaries are also used for the geographic do-
main). 

In addition, we would like to emphasize that the interface 
allows to focus on certain characteristics of the data collec-
tion. It is possible to assess special parts of the data collection 
such as for example resources with the least similar images 
which are found at the bottom part of the resource ranking 
as shown in Fig. 11. 

Following the general design paradigm, clicking on a bar 
in the vertical axis, and thus selecting a certain resource, 
triggers a search for similar resources. To do so, resource 
descriptions themselves are perceived as feature objects and 
are compared with the query. This is in contrast to the se-
lection of a certain cluster center from the horizontal axis 
as a query image. Thus, two different application modes can 
be supported by the sketched resource selection interface-
searching for similar images to a query image and searching 
for similar resources/collections to a given image collection. 

•o 

Fig. 10 Visualizing a second type of resource descriptions 

" 

Fig. 11 Analyzing the bottom part of the resource ranking 



76 

7 Conclusion 

In this article, we gave an overview of resource description 
techniques and their application scenarios. Effective and ef-
ficient resource descriptions are essential in many applica-
tion areas. We can distinguish specialized techniques, for 
example optimized for spatial data and generic approaches. 
Besides applications in search and clustering scenarios, also 
visualization techniques allowing for the exploration of data 
sources can be based on such resource descriptions. Hence, 
powerful summarization techniques are an important tool to 
master the challenges of big data. 
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