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ABSTRACT 
Location nowadays is an important aspect of the Web. One 
scenario in this respect are archives or collections of geo-
tagged media items. More concretely, we can think of col-
lections in the arts and humanities available via OAI-PMH 
(a protocol for metadata harvesting) on the web or web ac-
cessible personal media archives maintained in a peer-to-
peer manner. In such scenarios for search problems, source 
selection becomes an important aspect. For example, we 
would like to access only those collections containing media 
items in a certain geospatial region (maybe we are inter-
ested in images from Shanghai only). Here, the geospatial 
search criterion allows for a high selectivity. What is needed 
in such a scenario are expressive and nevertheless compact 
representations or descriptions of the “geospatial footprint” 
of each collection. A minimum bounding rectangle would 
be a trivial but not very accurate option. Generally, sum-
marization techniques for this purpose can be distinguished 
into three categories, geometric approaches, space partition-
ing approaches and hybrid approaches. In this work, we 
present novel hybrid techniques, which mostly apply a set 
of approximating minimum area rectangles for subspace de-
scription together with quantization techniques in order to 
increase the selectivity of the summaries and, at the same 
time, keep the storage requirements small. 

Categories and Subject Descriptors 
H.2.8 [Database applications]: Spatial databases and GIS 
– Summarization; Top-k retrieval in databases; Distributed 
retrieval; Peer-to-peer retrieval; H.3.3 [Information Search 
and Retrieval]: Selection process 

General Terms 
Algorithms, Performance 

Keywords 
Geographic Information Retrieval, Distributed Information 
Retrieval, Source Selection, Summarization, Quantization 

1. INTRODUCTION 
In various Web-based scenarios, source selection—and es-

pecially geospatial source selection—is an important aspect. 
As an example, assume a peer-to-peer based image shar-
ing community. The single users provide personal media 
archives consisting of geo-tagged images. To allow for com-
munity-wide search facilities without a central instance, a 
PlanetP [1] like mechanism is assumed where each peer is 
maintaining summaries of all other peers in the community. 
In accordance with the desired search criteria, the sum-
maries have to form a footprint of the data or documents 
maintained by each peer. 

With respect to the geospatial queries considered in this 
paper, the scenario requires compact and expressive descrip-
tions of the geospatial footprint of the images maintained 
by a peer 1 . Typical query types are region queries or a 
k-nearest-neighbor (kNN) queries. With a region query, all 
peers which could potentially maintain media items—images 
in our scenario—falling into the query region (a query poly-
gon for example) have to be contacted. To perform kNN 
queries, as usual an algorithm which is implemented as range 
query with decreasing query radius is used. This algorithm 
will be described together with the peer ranking schemes in 
section 2.3. 

In the present paper, we propose new hybrid quantized 
resource descriptions for the sketched scenario. These sum-
maries have to describe the geospatial positions of the im-
ages of a peer (i.e. a set of points) as accurate as possible 
with small storage space requirements, because the sum-
maries have to be stored on all peers and they have to be dis-
tributed in the network via a rumor spreading mechanism. 
The presented techniques extend work presented by Kufer 
et al. in [2] and [3]. In [2], techniques distinguishable into 
geometric approaches and space partitioning approaches are 
examined, whereas in [3] first hybrid approaches combining 
features of the aforementioned classes are introduced. 
1Of course, each image can also be described by additional 
criteria, such as text, timestamps or low-level content fea-
tures. These descriptions could be aggregated criteria-wise 
for all images a peer maintains, building a summary for each 
criterion. Hence, more sophisticated queries, such as search-
ing for images picturing the Shanghai Tower in the sunset, 
could be supported. Nevertheless, for this paper, we solely 
focus on the low-dimensional geographic aspect. 
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Figure 1: The simple MBR approach. Red dots 
denote the sample peer’s data points. 

In section 2, the different geospatial summarization tech-
niques are presented. The existing approaches are briefly 
recapitulated in section 2.1. On that basis, the new hybrid 
techniques are described in section 2.2. The approaches are 
evaluated in section 3. Related work and potential appli-
cation domains for geospatial resource descriptions will be 
discussed in section 4. Finally, section 5 concludes the paper. 

2. RESOURCE DESCRIPTION FOR GEO-
GRAPHIC QUERIES 

In our scenario, every peer maintains a set of images as 
media items. Each image has been enhanced with a geo-
graphic footprint, that is a single pair of latitude/longitude-
coordinates. These geo-coordinates get mapped into a plane 
using the plate carrée projection, hence treating the lat/long-
coordinates as x/y-coordinates (data points) in a two-dimen-
sional Cartesian coordinate system. Consequently, the Eu-
clidean distance is used for distance calculations. In Blank 
et al., [4], distance measures which are better suited for 
distance calculations between two points on the surface of 
the earth have been investigated, but showed no noticeable 
changes compared to the utilization of the Euclidean dis-
tance, which is computationally much more efficient. Thus, 
the resource description problem is reduced to encoding a 
set of two-dimensional data points effectively (accurate de-
scription) and efficiently (compact storage). 

2.1 Categories of Summary Types 
Previous work ([2, 3]) has investigated several techniques 

distinguishable into three categories. 

2.1.1 Geometric Approaches 
For the first class of summary types, the geometric app-

roaches, one or multiple geometric shapes enclosing all of 
a peer’s data points get calculated to represent the “point 
cloud” of the peer. Since the computation of approximated, 
concise representations of complex forms is a standard prob-
lem in a lot of computer science domains [5], many appro-
priate algorithms exist and are applicable for this type of 
summaries. One of the most basic techniques in this domain 
is the Minimum Bounding Rectangle (MBR) which encloses 
all data points in a rectangle of minimal size (see Fig. 1). 
Other examples would be a simple sphere or a small set of 
rectangles [5]. 

Figure 2: Gridr approach with 32 subspaces (r = 4). 
The highlighted cells contain data points. 

2.1.2 Space Partitioning Approaches 
For space partitioning approaches, the data space gets 

globally segmented into a certain number of subspaces, iden-
tifiable per ID. Since the segmentation is global, it is the 
same for all peers. Thus, information about data occupation 
for the different subspaces (also called cells) can be stored 
in a peer’s summary. For each cell, this information can be 
the number of data points the peer administers in this cell. 
An alternative are binary values whether a cell is “occupied” 
by data points or not, allowing for a finer space partitioning 
when using the same storage. A simple space partitioning 
technique is to lay a regular grid onto the data space and 
store binary information about cell occupancy. We will ad-
dress this approach as Gridr , r setting the number of grid 
rows, the number of columns being 2 · r (see Fig. 2 for a 
visualization). 

2.1.3 Hybrid Approaches 
Hybrid approaches use geometric shapes and space parti-

tioning in a two-stage approach. Depending on what is used 
first, two subclasses can further be distinguished. For the 
first subclass, in the primary step the data points will be 
approximated by one or multiple geometric shapes, before 
applying some space partitioning method to the base shapes. 
A simple example is an MBR which gets enhanced with an 
MBR-interior grid (MBRGridr ). For the second subclass, 
first some sort of space partitioning is conducted, before 
possibly applying geometric shape computations for single 
subspaces (depending on the cell occupancy). A straight-
forward approach is to impose a regular grid onto the data 
space and calculate the (quantized) MBR for each cell oc-
cupied with data points (GridMBRb

r approach, b being the 
number of bits used for one MBR value, see Fig. 3; the more 
bits used, the higher the MBR accuracy). 

In general, to achieve space efficiency, approaches of the 
first subclass encode binary information for subspace oc-
cupancy allowing for a finer partitioning, while approaches 
of the second subclass make use of quantization techniques 
to represent geometric shapes calculated for occupied single 
subspaces with fewer bits and a reasonable granularity. 

2.2 Novel Hybrid Approaches 
In the following, we introduce multiple novel hybrid app-

roaches that are evaluated in section 3. We utilize quantiza-
tion in order to reduce summary sizes not only for the novel 
techniques using space partitioning first (for these, we make 
use of quantization in greater extent), but also for the novel 
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Figure 3: GridMBRb
r approach with r = 4 and b = 3, 

featuring quantized MBRs for each occupied cell. 

technique employing geometric shapes first, hence for both 
subclasses of hybrid approaches. 

2.2.1 DFSb
n 

The Ultra fine-grained summaries (UFSn) evaluated in 
[2] and [3] apply a Voronoi-like space partitioning (based 
on n predetermined reference points distributed via rumor 
spreading) onto the data space. They store binary infor-
mation for each cell indicating if the peer maintains data 
falling into that cell. In order to obtain good results, this 
space partitioning has to be adjusted to the data distribu-
tion of the data collection. Thus, reference points have to be 
chosen accordingly (see section 3.1 for details about origin 
and number of reference points). 
The novel Distance fine-grained summaries (DFSb

n) add 
the encoding of quantized distance information to the Voron-
oi-like space partitioning. In the first step, the data space 
globally gets segmented based on the n predetermined ref-
erence points. Each of a peer’s data points is assigned to 
the cell of the reference point being closest to it. In a sec-
ond step, for each cell, the maximum distance between the 
cell’s reference point and any of its associated data points is 
calculated. 
In order to address space efficiency, the calculated dis-

tances get quantized. Using b bits for encoding quantized 
distance information, we can distinguish 2b different quan-
tization steps, ranging from 0 to a certain threshold dmax

p . 
Since the intra-cell distances may vary greatly between 

different peers, it is not suggestive to employ a global thresh-
old for all peers, but to use an individual threshold dmax

p for 
each peer p, which gets encoded into the peer’s summary. 
This also eliminates potential update problems of a global 
solution. Thus, the following is applied for every peer: For 
each occupied Voronoi cell, the maximum distance between 
its reference point and any of its associated data points in 
cell p is calculated. The biggest value over all these distances 
is taken as the peer’s individual threshold dmax

p . See Fig. 4 
for a visualization of DFSb

n summaries. 
A peer’s summary is represented by a bit vector. Voronoi 

cells not containing any data point are represented with 0, 
cells containing at least one data point are encoded with 1 
followed by the quantized distance information for this cell. 

2.2.2 GridMARb,k
r 

For GridMARb,k
r , the data space globally gets segmented 

by imposing a regular grid onto the data space in the first 
place. Afterwards, for each grid cell containing one or more 
data points, a set of at most k quantized approximating 

Figure 4: DFSb
n approach with 32 subspaces and 3 

bits used for quantization (n = 32, b = 3). 

Minimum Area Rectangles (MARs) enclosing all the cell’s 
data points is computed. The MAR computation is done by 
a recursive MAR computation algorithm heuristically deter-
mining up to k rectangles such that all points are enclosed 
and the sum of the surface areas is minimal. This algorithm 
has been described in [3] and is based on work from Becker 
et al. [5]. The idea of using quantized rectangles within a 
grid cell was already used in [3], utilizing it to encode single 
MBRs, so the work presented here is taking the quantization 
approach to its next step. Specifically, a distinction between 
a potential data region (being the cell of a partitioning in 
general) and an actual data region is made. The latter is a 
set of cell-interior MARs enclosing all data points located in 
the potential data region. 

In order to reduce storage for encoding the interior MARs, 
the presence of the potential data region is exploited (this 
approach has been used in [7] and was originally described 
in [8]). For encoding a single rectangle in a two-dimensional 
space, four values need to be stored, specifying the lower left 
and the upper right corner. If we use b bits to encode one 
of these values, 2b positions can be distinguished on an axis 
of a data cell. Using these positions, we can encode approx-
imated MARs (also called coded actual data regions), which 
are a bit larger than the real MARs, but require fundamen-
tally less storage compared to using float values. 

In addition, storage space can further be reduced by mini-
mizing the number of MARs for each cell. As can be seen in 
Fig. 5, especially quantized MARs can be neighbored and 
aligned in a way that it is possible to describe the area 
they cover with fewer rectangles. Here, we can apply al-
gorithms designed to decompose rectilinear polygons into a 
set of axis-aligned rectangles (see [9] for an overview regard-
ing this domain). The problem of dissecting a polygon with 
holes into a minimum set of (possibly) overlapping rectan-
gles is asserted to be NP-hard [10], but there are algorithms 
existent to dissect polygons with holes into a minimum set 
of non-overlapping rectangles [11], which are applied in this 
work. To use these algorithms, we dissolve the borders of 
the MARs found by the aforementioned recursive MAR al-
gorithm. Neighbored areas get condensed and are treated as 
rectilinear polygons, which then are decomposed into a set 
of non-overlapping, axis-aligned rectangles. If the number of 
resulting MARs is smaller than the original number, we use 
the decomposition result to describe the cell’s data points. 
See Fig. 6 for a visualization of GridMARb,k

r summaries. 
A peer’s summary is again represented by a bit vector. 

Grid cells not containing any data point are represented with 
0, occupied cells are encoded with 1 followed by the MAR 
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Figure 5: MAR minimization process: The area on the left can be described by using less than seven 
rectangles. To find the minimum number of non-overlapping rectangles, spatially neighbored rectangles get 
condensed into a rectilinear polygon (middle), which then gets decomposed into the desired result (right). 

Figure 6: GridMARb,k
r approach with 32 subspaces, 

3 bits used for quantization and a maximum of 3 
quantized MARs per cell (r = 4, b = 3, k = 3). 

information for this cell. Since the number of MARs used 
for each cell can vary due to the MAR number minimiza-
tion, at first the number of following MARs is encoded with 
dlog2ke bits. Afterwards, each of the approximated MARs 
gets encoded with 4 · b bits. 

2.2.3 K-D-MARb,k
n 

K-D-MARb,k
n summaries take a k-d-tree like [12] space 

partitioning as a base, where the data space globally gets 
segmented into n rectangular cells of different size. The er-
ratic space partitioning is learned from training data being 
inserted into the spatial access structure. At start, the data 
space is comprised of only one cell or bucket. The training 
data points sequentially are inserted into the bucket until 
a bucket overflow occurs, resulting in the original bucket 
being split into two. The process is reiterated until a de-
sired amount of n buckets has been reached. As a split 
strategy, split dimension and split position need to be spec-
ified [7]. We use a simple approach, cyclically using longi-
tude and latitude for the split dimension and splitting each 
cell in its middle for the split position. Similar to DFSb

n, 
the space partitioning has to be adjusted to the data distri-
bution of the data collection, thus the training data needs 
to be distributed proportionately (see section 3.1 for train-
ing data acquisition). Likewise DFSb

n’s reference points, the 
global partitioning learned from training data needs to be 
distributed via rumor spreading. An exemplary visualiza-
tion of the approach can be seen in Fig. 7. 

Similar to GridMARb,k
r , for each occupied cell, the set of 

≤ k MARs enclosing all the cell’s data points is calculated, 
followed by the MAR minimization process. As a summary, 
bit vectors are utilized the same way as for GridMARb,k

r . 

Figure 7: K-D-MARb,k
n approach with 32 subspaces, 

3 bits used for quantization and a maximum of 3 
quantized MARs per cell (n = 32, b = 3, k = 3). 

2.2.4 MBR-MARb,k 

MBR-MARb,k differs from the aforementioned techniques 
as it does not take some sort of space partitioning as a base, 
but the MBR of the peer’s data points. Based on this MBR, 
similarly to GridMARb,k

r and K-D-MARb,k
n , a distinction be-

tween the potential data region (MBR) and the actual data 
region (set of MBR-interior, quantized MARs) is made. 

In Kufer et al., [3], we examined the technique labelled 
MBRGridr (also mentioned in subsubsection 2.1.3), which 
utilized an MBR as description base as well, but imposed 
an MBR-interior regular grid and simply binary encoded 
whether the grid cells were occupied. With the utilization 
of very fine-grained MBR-interior grids, long runs of zeros 
came up, since plenty of the cells are empty for fine-grained 
grids. Although we used gzip-compression for these repre-
sentations (and tested alternatives as well), the storage re-
quirements additional to the base MBR remained relatively 
high (see section 3.2). Hence, the idea behind MBR-MARb,k 

is to get rid of these zeros by just encoding areas that are 
occupied by data points. In some sense, this can be seen as 
a more informed approach to compression. See Fig. 8 for a 
visualization of MBR-MARb,k summaries. 
Again, bit vectors are used as summaries. The first 4 · 

32 bits encode the extents of the base MBR (lower left and 
upper right corner, float precision). Afterwards, the up to 
k MARs are sequentially encoded with 4 · b bits each. Un-
like for example GridMARb,k

r (with possibly multiple cells 
containing data points), we do not need to encode the num-
ber of MARs, since there is no other superordinate structure 
containing quantized MARs besides the exterior MBR. 
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Figure 8: MBR-MARb,k approach with 3 bits used 
for quantization and a maximum of 3 quantized 
MARs inside the exterior MBR (b = 3, k = 3). 

2.3 Peer Ranking and kNN Algorithm 
A first search scenario based on the summaries described 

above would consider range queries. In this scenario, only 
peers for which the footprint described by the summary in-
tersects the query region have to be contacted. A second 
scenario—and the one we consider in section 3—is the pro-
cessing of kNN queries (each taking a single pair of lat/long 
coordinates as input). In this case a ranking of the peers is 
needed, which determines the sequence in which the peers 
have to be considered. In the following, we will describe 
how this ranking can be computed for the different summary 
types. The kNN algorithm using this ranking is described 
thereafter. 
The peer ranking is conducted based on the information 

supplied by the summaries and with respect to the query 
location for the kNN query. For GridMARb,k

r , K-D-MARb,k
n 

and MBR-MARb,k summaries, the ranking process is identi-
cal, since all these approaches at the very end encode several 
axis-aligned rectangular areas in a peer’s summary. 
To rank the peers for these approaches, for each peer, the 

ranking algorithm extracts the information from the peer’s 
summary and constructs the rectangles containing the peer’s 
data points, which can be done in an offline phase. At query 
time, the minimum distance between each rectangle and the 
query location is calculated (a query point located inside a 
rectangle has a distance of 0 for the corresponding rectan-
gle). For each rectangle contained in the peer’s summary, 
the distance information and the area covered by the rectan-
gle are stored in an auxiliary data structure called R-Entry. 
The R-Entries of a peer get arranged in a queue to represent 
a peer during the ranking process. The R-Entries get sorted 
by 1) distance in ascending order and 2) in case of equal 
distances by covered area in ascending order (assuming a 
smaller area indicates a higher point density and therefore 
is more likely to include relevant data points than a larger 
area at the same distance). 

To determine the ranking of two peers, the sorted R-
Entries get compared one after another. If the first R-Entry 
of peer pa is closer to the query location than the first R-
Entry of peer pb, pa is ranked higher than pb and vice versa. 
If both R-Entries yield the same distance, pa is ranked higher 
than pb, if pa’s R-Entry features a smaller covered area than 
pb’s R-Entry (and vice versa). If the area covered is the same 
for both R-Entries, the next R-Entries from the respective 
queues are compared, until a decision can be made. If the 

comparison does not result in a decision, a random ranking 
choice is made (a very rare case). 

The DFSb
n ranking could be conducted basically the same 

way, just replacing the rectangular areas with the circular 
areas around the reference points of occupied cells. However, 
we refrain from this, for the following reason: On average, 
an occupied cell cannot be expected to feature a lot of data 
points, since space partitioning is adjusted to the underlying 
data collection (see section 3.1) and therefore data points 
(on average) should be distributed (relatively) evenly across 
the Voronoi cells, leaving only few data points in each cell. 
Knowing this, it is probable that a cell’s data points are 
only located in few sectors of the maximum distance circle or 
“max ball”around a cell’s reference point (Fig. 4 coincidently 
shows this). Furthermore, the “max balls” often tend to 
extend wide beyond the Voronoi cell borders, especially if 
the cells are elongated. Consequently, for DFSb

n, the ranker 
originally used for UFSn summaries is utilized, which only 
uses binary information about cell occupancy: 

The reference points cj (j ∈ {0; n − 1}) are sorted in as-
cending distance to the query location. The first element 
of the sorted list L corresponds to the reference point be-
ing closest to the query (implicitly forming the query clus-
ter). If peer pa administers documents in this query cluster 
while peer pb does not, pa is ranked higher than pb and vice 
versa. If both peers feature the same value for the query 
cluster, the next element out of L is chosen and both peers 
are ranked according to their summary values for this very 
cluster. This procedure continues until a decision favoring 
one of the peers can be made or the end of L is reached, 
resulting in a random decision. 

For DFSb
n, the distance information encoded in the sum-

maries is used for pruning purposes only (see kNN-algorithm 
below). Experiments evaluating both ranking schemes for 
DFSb

n show that the centroid based ranker leads to better 
results than a ranker employing distance information. 
Using the described ranking techniques, the k nearest 

neighbors for a query point (we used k = 50 in our experi-
ments) can be determined by a range query with decreasing 
query radius. First, the peers get ranked according to the 
ranking algorithm for the applied summaries. For each of 
the ten best ranked peers, the 50 data points closest to the 
query location get requested. From this set of up to 500 
data points (some peers might maintain less than 50 data 
points), the 50 closest data points are determined to form 
the current intermediate top-50 result2 . Subsequently, the 
ten peers which already have been considered get removed 
from the set of peers yet to be looked at. The distance of 
the currently fiftieth closest data point is taken for the query 
radius of the next round, in which ten further peers will be 
contacted if necessary. By taking the resource descriptions, 
the query point, and the query radius into account, some 
peers assuredly cannot have relevant data points and hence 
can be pruned (that is get removed from the set of peers to 
consider). After pruning, the ten top ranked peers of the 
remaining set are enquired for their 50 closest data points, 
possibly substituting some of the current top-50 data points. 
Afterwards, these ten peers get removed from the set of peers 
to consider and the next round commences. The procedure 
gets repeated until the set of peers to consider is empty, 
2The consideration of ten peers at once is done to exploit 
the parallelism of our scenario. Obviously, this is a design 
parameter of the approach. 
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meaning the 50 nearest neighbors with respect to the query 
location have been determined. 

3. EVALUATION 
For our test data collection, in 2007, we crawled a large 

amount of publicly available, geo-referenced images which 
have been uploaded to Flickr (http://www.flickr.com). To 
assign images to peers, it is assumed that every Flickr user 
operates a peer of his own, resulting in an amount of 406,450 
geo-referenced images being spread across 5,951 peers. There 
are few peers administering large proportions of the collec-
tion, which we will call big peers, and a lot of peers which 
maintain only one or slightly more images (“small peers”). 
Thus, the distribution of images to peers is heavily skewed 
which is a typical phenomenon for a lot of P2P settings [1]. 
The geographic distribution of the data points is uneven 
too, favoring North America, Europe, and Japan. Hence, it 
shows a usual distribution for geodata acquired from social 
networks, as for example depicted in [13]. 

3.1 Experimental Setting 
For the queries, we use 200 image locations which are cho-

sen in a two-step process. Firstly, a random peer is selected, 
and secondly, a randomly chosen geo-location of that peer is 
taken as query location. This simulates that all peers have 
the same probability for issuing a query. 

Regarding the parameterization of the different appro-
aches, it would be very difficult (and potentially unfair) to 
set parameters in a way that roughly the same summary 
sizes arise for all summary types, since the basic summary 
size is predetermined by intrinsic features of the different 
types. Thus, we varied the parameters such that summary 
computation and ranking can be performed in reasonable 
time (though we do not evaluate these aspects here) and 
parameterization seems suggestive in general. 
k is set to 3, 6 and 9 for GridMARb,k

r and K-D-MARb,k
n , 

and additionally to 12 and 15 for MBR-MARb,k (since there 
is only one superordinate space for which internal MARs 
get computed for this approach). For the hybrid techniques 
primarily using space partitioning, the number of subspaces 
is set to 512, 2,048 and 8,192 (meaning r is set to 16, 32 
and 64 for GridMARb,k

r ). For DFSb
n, GridMARr

b,k and K-D-
MARb,k 

n , parameter b (for the number of bits used to encode 
the quantized parts of the summaries) is varied from 2 to 4 to 
6. The same applies for MBR-MARb,k , with the addition of 
varying b to 8, too (since on average, there are fewer values to 
be encoded in comparison to the other approaches). These 
parameters are generally suitable for our data or similarly 
distributed collections. If the data distribution significantly 
differs, parameters might have to be reconsidered. 

For reasons of brevity, we will compare the different app-
roaches with their respective “best” parameterizations only. 
For finding the “best” compromise between selectivity (frac-
tion of peers which have to be contacted to determine the 
50 closest points) and average summary size, we compared 
relative selectivity gains and relative average summary size 
growth while raising the respective parameters. As long as 
the relative selectivity gains in % are bigger than the relative 
summary size growth in %, we say it is beneficial to raise a 
parameter. 
As mentioned in section 2.2, for DFSb

n nand K-D-MARb,k , 
space partitioning needs to be adjusted to the underlying 
data collection. Two different strategies are applied. The 
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Figure 9: Snippet of the parameter optimization 
process for K-D-MARb,k

n varying n and k. 

first one is to randomly choose reference points (for DFSb
n) 

respectively training data (for K-D-MARb,k
n ) right out of the 

data collection. Simulating cases for which this might not be 
possible, the second strategy comes into play: There, data 
randomly is selected from the Geonames gazetteer3 accord-
ing to Gross Domestic Product per country statistics from 
Worldmapper4 . That means, if a country would be respon-
sible for 10% of the GDP worldwide, 10% of the reference 
points respectively training data points will be chosen from 
this country, using the Geonames gazetteer as a source for 
data points5 . The GDP statistics are chosen since they bet-
ter correlate with the data distribution of our data collection 
compared to other Worldmapper statistics such as income 
or internet usage. Applying these strategies, there should 
be a lot of small subspaces in areas with high global point 
density, whereas in areas with low global point density, there 
should be few big subspaces. Since the reference points as 
well as the training data are dependent on randomly chosen 
data, we always run ten different experiments with different 
seeds to minimize the effect of outliers. 
The space efficiency of the different approaches is mea-

sured by analyzing average summary sizes. If it is benefi-
cial, we apply some compression in order to reduce summary 
sizes (non-compressed summary sizes will be marked with * 
in the corresponding figures/tables), using Java’s gzip im-
plementation with default parameters. There are other, of-
ten costlier compression algorithms, which might result in 
improvements in the magnitude of about 10%. See [6] for a 
more detailed discussion regarding this topic. 

3.2 Experimental Results 
Fig. 9 exemplarily shows a snippet for the parameter op-

timization process for K-D-MARb,k
n , varying the parameters 

n and k. For this snippet, relative selectivity gain (green) al-
ways is bigger than relative summary size growth (red) when 
raising n, but mostly not for increasing k. In this snippet, 
the bottom left parameterization is the best one, since either 
directly or transitively it is superior compared to the others. 
In the following we describe some general observations for 
parameter variation: 

For K-D-MARb,k
n (both for using “internal” and “external” 

training data, that is right out of the data collection and 

3http://www.geonames.org, checked on 14.07.2014. 
4http://www.worldmapper.org, checked on 14.07.2014. 
5For differentiation, we append “ e” to the respective tech-
nique acronym if data was chosen from the Geonames 
gazetteer as external source, for example DFSb

n e. 
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from the Geonames gazetteer, respectively), raising k (max. 
number of MARs) generally does not have great effects on se-
lectivity. The average summary sizes only grow slowly—but 
mostly clearly overproportionate to selectivity. In contrast, 
raising both b (bits used for encoding quantized rectangles) 
and n (number of subspaces) results in notable selectivity 
improvements, with n being the more beneficial parameter 
for internal data and b being more beneficial for external 
data. For both cases, raising n (from 2,048 to 8,192) and b 
(from 4 to 6) from middle to high parameterization results 
in summary sizes growing so heavily (up to 20%) that their 
increase surpasses the selectivity gains. The small selectiv-
ity gains when increasing k are likely to be caused by the 
space partitioning being adapted to the underlying data col-
lection. It appears that mostly one or two quantized MARs 
are sufficient to delimit the data points located in a certain 
cell adequately. 

Looking at GridMARb,k
r , in general, a raise of all 3 pa-

rameters is effective (selectivity improves) and efficient (se-
lectivity gain is higher than average summary size growth). 
Only increasing k from 4 to 6 is not efficient in most cases. 
Gains are biggest for boosting b, lowest for increasing k. 
Since the basic space partitioning is less accurate compared 
to K-D-MARb,k

n , more precise MARs are needed to over-
come the lacking accuracy of the regular grid. Obviously, 
increasing the number of subspaces is always very efficient 
since it greatly boosts the base accuracy of the grid without 
increasing summary sizes too much due to gzip-compression. 

Increasing both k and b is effective and efficient for MBR-
MARb,k , raising b more so than raising k. As an exception, 
MBR-MARb,k summaries are on average smaller when not 
being compressed compared to being compressed (for the 
other approaches, it is always beneficial to compress). 

For DFSb
n (both quantized and non-quantized), increas-

ing the number of subspaces is always effective and efficient. 
When using quantization, raising b is always beneficial, too. 
Incrementing b is less effective compared to boosting the 
number of subspaces. This is because the distance infor-
mation only gets used for pruning irrelevant peers. The 
quantized variant of DFSb

n offers almost the same selectivity 
as the non-quantized version and at the same time reduces 
summary sizes significantly. 
The respective “best” parameterizations determined for 

the different approaches can be seen in Table 1 (indices in 
the left column along with their respective values for selec-
tivity and space efficiency), complemented by some tech-
niques evaluated in former work (old). The baseline shows 
the result when no summarization is conducted (that is the 
peers are represented directly by their data points) yielding 
optimum selectivity but low space efficiency. 

If the same parameterization is used, generally summaries 
are more selective and bigger if training data (for K-D-
MARb,k

n ) or reference points (for DFSb
n) originate directly 

out of the data collection. That is because in this case, 
more subspaces are occupied on a single peer’s base, leading 
to bigger summaries featuring more information. 

Comparing the new approaches among themselves for the 
respective best parameterizations (see Fig. 10), K-D-MARb,k

n 
features best selectivity. Even though K-D-MARb,k

n sum-
mary sizes are bigger on average in comparison with most 
remaining approaches, summary sizes are still moderate. 
Taking training data right out of the data collection for the 
respective best parameterizations results in more selective 

Table 1: Respective best parameterizations for the 
different evaluated novel approaches (including non-
quantized DFSb

n for reasons of comparison; * stands 
for non compressed summaries) 

Approach Selectivity 
Space Efficiency 
(avg min max) 

in byte 
DFS6 (quantized) 8192 0.261% 75.4 50.9 691.8 
DFS6 e (quantized) 8192 0.576% 68.0 54.8 512.7 
DFS6 (non-quant.) 8192 0.256% 93.4 49.2 1,961.3 
DFS6 e (non-quant.) 8192 0.556% 77.3 53.8 1,388.9 

6,4GridMAR64 0.355% 72.9 55.0 796.0 
6,3K-D-MAR e8192 0.179% 84.4 52.0 1,680.8 
6,2K-D-MAR2048 0.161% 79.6 51.0 946.8 

MBR-MAR8,15 0.415% 62.0* 31.0* 104.0* 
—baseline— 0.138% 265.8 35.0 43,064 
K-D-MBR6 (old) 2048 0.179% 72.7 51.0 608.8 
K-D-MBR6 e (old) 8192 0.233% 74.4 52.0 797.6 
UFS8192 (old) 0.282% 66.9 48.0 467.4 
UFS8192 e (old) 0.682% 60.4 49.8 295.3 
GridMBR6 (old) 64 0.494% 65.6 55.0 329.0 
MBRGrid64 (old) 0.532% 81.3 53.0 414.0 

and smaller summaries. Interestingly, K-D-MARb,k
n e (ex-

ternal data) offers significantly better performance selectiv-
ity compared to quantized DFSb

n (internal data), though 
at the price of (underproportionate) bigger summary sizes. 
Furthermore, GridMARb,k

r , though not conducting any ad-
justment to the global point distribution for space parti-
tioning, closes in near to DFSb

n in terms of selectivity (es-
pecially when looking at the “balance of powers” between 
Gridr and UFSn in [2]) and clearly surpasses DFSb

n e (sum-
mary sizes are about the same compared to the quantized 
DFSb

n variants for GridMAR6
64 
,4). Hence, K-D-MARb,k

n and 
GridMARb,k

r show that the computation of quantized MARs 
for rectangular data cells results in very selective summaries 
with low to moderate storage consumption. The good re-
sults of GridMARb,k

r raise the question if the additional ex-
penditure for adjusting the space partitioning to the global 
data distribution is justifiable, especially regarding DFSb

n. 
K-D-MARb,k

n should be the preferred choice when selectivity 
is very important and the adjustment is not costly, though. 
MBR-MARb,k (not using training data, as well) in some way 
substantiates this. Though selectivity is not quite as good 
as for GridMARb,k

r , it is achieved with very small average 
summary sizes. Furthermore, the DFSb

n e variant clearly 
gets surpassed concerning both selectivity and storage con-
sumption. 

Comparing the new approaches with techniques evaluated 
in [2] and [3], for K-D-MARb,k

n , it can be seen that en-
coding several quantized rectangles instead of just one is 
just about worthwhile (10% selectivity gain vs. 9.4% sum-
mary size growth when comparing K-D-MAR6,2 and K-D-2048 
MBR6 For the e-variant, the improvement is bigger 2048). 
(23.2% selectivity gain vs. 13.4% summary size growth). 
Thus, it can be noted that, overall, K-D-MARb,k

n is a slight 
improvement compared to the former state-of-the-art tech-
nique K-D-MBRb

n. Though, the number of encoded rectan-
gles per cell optimally remains small (2 or 3), since space 
partitioning by itself is already very decisive. For DFSb

n, 
selectivity gains are tiny and not acceptable with regard to 
summary size growth in comparison to UFSn. In contrast, 
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Figure 10: Novel hybrid techniques sorted by selec-
tivity (respective left bar). 

GridMARb,k
r shows great selectivity improvement compared 

to GridMBRb
r at acceptable summary size growth, and MBR-

MARb,k is an improvement in both target measures in re-
lation to the comparable “old” techniques GridMBRb

r and 
MBRGridr . 

4. RELATED WORK 
The techniques for summarizing geospatial data discussed 

in this paper mostly stem from approaches or are combined 
from approaches known from spatial index structures (cf. 
[14] for an extensive overview over spatial index structures). 
Related index structures are the R-tree and its variants (like 
the R*-tree or the R+-tree), the k-d-tree, Voronoi-diagram-
based techniques or the LSDh-tree. In general, the peer 
summaries are similar to the descriptions maintained in the 
inner nodes of tree-based index structures to represent sub-
ordinated trees. Hence, by utilization of appropriate strate-
gies for example to determine subtrees for inserting data, the 
presented techniques could be suitable for an application in 
tree-based index structures, as well. 
The DFSb

n and UFSn summaries utilize pruning techniques 
widely used in metric index structures to for example limit 
the number of distance computations. See [6] for the utiliza-
tion of different pruning-criteria for metric index structures 
in a high-dimensional space or [14] for an overview on metric 
index structures in general. 

Geographically focused crawling could also be a domain 
for utilizing compact resource descriptions [15]. If the ge-
ographic extent covered by a certain website or document 
archive can be indicated by a specific service, a crawler could 
estimate the potential usefulness of these resources with re-
gard to its focused crawling task before actually harvesting 
the source. 

5. CONCLUSION 
This paper focuses on hybrid techniques which employ in-

formation quantization in order to reduce summary sizes. 
Four novel techniques are introduced. For approaches based 
on adapted space partitioning, the additional information 
encoded in the summaries in certain cases pays off in com-

parison to similar techniques without coded actual data re-
gions. K-D-MARb,k

n seems most promising in this category. 
The techniques not specifically adapting to the data distri-
bution at hand (GridMARb,k

r , MBR-MARb,k) show remark-
able improvements compared with similar previous appro-
aches and even are opening the discussion, if the efforts for 
adapted space partitionings are justifiable. 
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