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Efficient content-based P2P image retrieval using peer 
content descriptions 

\i\Tolfgang Muller, Martin Eisenhardt , Andreas Henrich 
Department for Applied Computer Science University of Bayreuth 

ABSTRACT 
Peer-to-peer (P2P) networks a.re overlay networks tha.t connect independent computers (also called nodes or 
peers). In contrast to client/server solut ions, a.ll nodes offer and request services from other peers in a. P2P 
network. P2P networks are very attractive in that they harness the computing power of ma.ny common desktop 
machines and necessitate little administrative overhead. While the result ing computing power is impressive, 
efficiently looking up <la.ta still is t he major challenge in P2P networks. Current work comprises fast lookup of 
one-dimensional values (Distributed Hash Tables, DHT) and retrieval of texts using few keywords. However, 
the lookup of multimedia data in P2P networks is still attacked by very few groups. In this pa.per , we present 
experiments with efficient Content Based Image Retrieval in a P2P environment, thus a P2P-CBIR system. 
The challenge in such systems is to limit the number of messages sent, a.nd to maximize the usefulness of each 
peer contacted in the query process. vVe achieve this by distribut ing peer data summaries over the network. 
Obviously, t he data summaries have to be compact in order to limit the communication overhead. We propose 
an CBIR scheme based on a compact peer data summary. 

This peer data. summary relies on cluster frequencies. To obtain the compact representation of a peer 's 
collection, a. global clustering of the data is efficiently calculated in a distributed manner. After that, ea.eh peer 
publishes how many of its images fall into each cluster. These cluster frequencies are then used by t he querying 
peer to contact only those peers that have the largest number of images present in one cluster given by the query. 
In our pa.per we further detail the various challenges that have to be met by the designers of such a P2P-CBIR, 
and we present experiments with varying degree of data. replication ( duplicates of images) , as well as quality of 
clustering within the network. 

1. INTRODUCTION 
Peer- to-peer (P 2P ) networks are overlay networks that connect independent computers (also called nodes or 
peers) in order to provide a. common service. Although Peer- to-Peer systems (P2P systems) have gained pop-
ularity as file sharing systems , suitable retrieval techniques for text and multimedia data in P2P systems a.re 
still an open area of research. P 2P Content Based Image Retrieval poses broad challenges, as in addition to the 
obvious distributed indexing problem the problem of fail safety and security awaits being solved. Within this 
paper , we will focus on retrieval performance, in failure free environments, as well as in environments with node 
fai lure·, leaving the problem of organized attacks aside. 

Our goal is a. system which enables a user to share image data. with other users via a P2P network. The P2P 
network should enable its users to search for visually similar images within the network by visual example (i .e. 
an example image) . The system should then seek the P2P network for similar images and present a number k 
of resul t images to the user, just like a centralized CBIR system. The principles of such a. system would be close 
to that of a centralized CBIR system: on indexing, images are transformed into feature vectors. The query by 
example is a k-next-neighbour (k-NN) query in the feature vector space. 

The above scenario is difficul t to put into reality, as there are the following constraints: 

Self-adminstration: \Ve want peers to be independent computers administered by independent persons. In 
part icular, we want to place the bar very low concerning the ea.pa.cities of the administrators of a peer. 

Low reliability of each peer: We demand from participating peers low network reliability. That is, if a peer 
fails without notice, the rest of the P2P network should remain functional. 
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Low bandwidth: While participating peers are allowed to have a high bandwidth, peers with a low-bandwidth 
internet connection should also be able to participate in the network. 

High reactivity: We want the indexing data to reflect closely the current state of the network. Nodes joining 
or leaving the network should be able to use the system quickly, and the data they provide should be known 
to the system quickly. 

In addition to these constraints, Indexing of vectors becomes very hard if the dimensionality of the feature space 
becomes very high . This makes it hard to create indexing structures that do better than linear t ime in the 
number of vectors indexed on collections of high-dimensional data. This fact is known as the so-called Curse of 
Dimensionality. 

There are three main design parameters of a peer-to-peer network: Firstly, the topology of the network, sec-
ondly the placement of data within the network , thirdly, the routing protocol according to which messages t raverse 
a network with given topology. Each of these parameters imposes a tradeoff between ease of administration, 
robustness, efficiency, and quality of service (i.e. quality of retrieval results) of the network. 

We describe tests with a system that focuses mainly on providing efficient routing when processing k-NN 
queries for high-dimensional feature vectors. Our system is based on distributed clustering of the complete 
collection of the P2P network. Cluster histograms ( one histogram for each peer) describing the local collection 
of each peer are distributed throughout the network. After this distribution process each peer knows the cluster 
histograms of all peers wit hin the network. On query execution, the peer whose user issues the query will first 
locally seek the cluster histograms stored. It will then issue queries only to the peers likely to contain interesting 
data. The efficiency gain comes from the fact that the clustering only has to be performed very rarely, but that 
for each query only a fraction of the total number of peers has to be queried. 

In this work, we extend our previous work described [8]. The new contribution is t hat we investigate in more 
detail the propert ies of the cluster histogram representation, namely with respect to t he quality of the clustering, 
the number of clusters employed, and the degree of replication of the collection. In addition to that the current 
measurements where done in a distributed fashion , which enabled us to use a 2. 7 times larger collection , as well 
as 3.6 times more peers for our experiments. 

The paper is organized as follows: in the following section , section 2, we will describe CBIR and P2P systems, 
as well as our approach to P2P-CBIR. In section 3 we describe the distributed clustering algorithm used in our 
system. Section 4 covers the experimental setup. Section 5 shows the results, followed by the conclusion in 
section 6. 

2. FROM P2P AND CBIR TO P2P-CBIR 
The best known P2P systems, like for example Gnutella [2], offer search only for filenames in simple, but 
robust P2P-architectures. However , there quickly emerged a community looking for P2P network topologies and 
algori thms that provide guaranteed quality of service (i.e. quality of results) and efficiency. The perhaps most 
prominent examples are distributed hashtables (DHTs) that provide storage and lookup of key-value pairs with 
logarithmic O(log N) or 0( 'ifH) complexity, given a network with N nodes of degree m [10, 12]. 

What does complexity mean here? Complexity is determined by four factors: 

1. The number of messages to be sent and received by each peer. 

2. The number of times a message is forwarded within the network (called t he number of hops of a message). 
Each forward ing causes delays by network latencies. 

3. The number of bytes sent by each peer. 

4. The processor load placed on each peer. 
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In most cases current ly treated in t he literature, t he processor load is negligible. 

It must be noted that it does not suffice to analyze the complexity of query processing alone. We have to 
take into account the life cycle of each peer. We have to consider the following phases of the life cycle: 

l . Initial introduction: The peer enters a network for the first t ime. 

2. Join: The peer enters a network after having been offline. 

3. Operation: The peer issues and answers queries . 

4. Leave: The peer leaves the network. 

There is a community trying to bring database and retrieval functionality to P2P networks by proposing 
methods that make useful tradeoffs between robustness, quality of service, and efficiency in all phases of the 
peer 's life cycle. In the P2P-IR (Information Retrieval) communi ty, we can distinguish two main approaches. 
The first t ries to minimize the number of peers queried in a query process [3, 6, 9]. Along with this, the number 
of hops is also minimized. The second approach uses DHTs as a basis for t he construction of dist ributed index 
structures such as inverted files [13]. 

The latter approach is very attractive in that it produces search results that are provably equal to those that 
would be obtained in a centralized setting with the same data collection. However, there are concerns about the 
viability of the approach: In very large networks with very large collections, systems will use too much bandwidth 
for handling queries with current internet technology [7]. 

We suggest the former approach, i. e. improving the routing of messages . Here, the general approach is to 
create rout ing tables in each peer , in which the routing table contains information about the data present in 
some peers . 

One extreme approach in this sense is the search employed in PlanetP [3]. Here, each peer keeps information 
about all other peers. \Ve will call this information the peer data summaries. Queries are processed by a three-step 
approach: 

l. Compare all locally stored peer data summaries to the query. Obtain a ranking of peers. 

2. Direct ly query all peers likely to contain useful results starting with the highest-ranked peers. :'l ote: The 
peers contacted in this step will not forward any queries to other peers. 

3. l\'ferge results from other peers into one common query result . 

The P lanetP peer representations are geared very much towards use in Information Retrieval. They are 
unusable for CBIR. In the fo llowing, we will present a peer data representation suitable for CBIR that can be 
used in a PlanetP-like scenario. 

2.1. Probabilistic peer selection for CBIR 
Vasconcelos [14] views building an image retrieval system as building a mapping from images to image classes . 
Let x E ,,Y denote an image feature vector and let y E Y , wit h Y = {l , . .. , l\l} , be the label of an image class. 
X , 1r are the corresponding random variables. An image retrieval S?Stem is thus a mapping g from images to 
image classes: 

g : ,:\'.' -+ {1 , . . . , 1\l} 
X f-7 y 

(1) 

:'-Jow, fo r a query x the . ystem t ries to minimize the retrieval error, that is the probability of ret rieving images 
from et class different from that to which the query x belongs . 
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The retrieval error is minimized using the Bayes classifier 

g*(x ) arg maxP(Y = i lX=x) 
I 

arg max P (X=xlY = i) P (Y = i) 
1 

Similarly, we also can view the peer selection problem as a classification problem: 

g*(x) arg max P(A = a IX= x) 
a 

arg maxP(X = xlA.= a)P(A.=a) 
a 

(2) 

(3) 

(4) 

(5) 

(6) 

Here, P (X = xlA = a) is the probability of finding x in a given peer a, and P (A = a) is the prior probability, 
which is proportional to the number of documents contained in peer a in our case. 

2.2. Clusters of interest vs. independent identically distributed samples 
Please note that from Eq. 6 follows that P (A.=alX = x) has to differ from peer to peer for a given x ; otherwise 
selecting a peer a is not possible as all alternatives have the same error probabilities. So the following has to 
hold for most pairs of peers a, b: 

a =Jb P (A. = al X=x)=JP(A =blX=x) (7) 

In particular, this means that if the data collections of the peers are independent identically distributed 
(i.i.d. ) samples of the collection of the whole network, peer selection cannot work. This fact has to be taken into 
consideration when designing experiments for the system evaluation. 

In our scenario, we assume that each peer is run by a user that has a small number of interests. The documents 
shared using the peer reflect t hese interests . Thus we assume that the documents shared in each peer belong to 
N Pee,·Ct-usters clusters of interest specific for each peer. Our evaluation presented in sections 4 and 5 reflects this 
view. 

2.3. Cluster histograms for peer selection 
In [8] we compared two representations of peer data for routing. The best method in our experiments was a 
method based on clusters as described in this section: 

V-.,Te propose to divide the feature space into N GlobalCl·usters clusters, using the clustering algorithm described 
in the next section, section 3. We call the set of clusters C. In general we can express the probability to find a 
document x in peer a as the product of the probabilities to find a cluster c in peer a, and the probability to find 
a document x in cluster c as is shown in Eq. 8: 

P (X=xl.-l= a) L P (X=xl C = c, A= a) P (C = clA. = a) 
cEC 

L P (X=xlC = c)P (C = clA= a) 
cEC 

Eq. 9 holds, if the cluster membership of x in cluster c is not influenced by its peer membership in peer a,. 
In our case, each x belongs to exactly one cluster ex. This greatly simplifies Eq. 9: 

P (X=x lA. = a) P (X =xlC = cx)P (C = cxlA=a) 
1 • P (C = cxl A. = a) 

(8) 

(9) 

(10) 
(11) 

That is, we simply have to look at how many documents in a given peer fall into ex , and we obtain an 
approximation of P (X=x lA = a). 
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2.4. Fitting the peer data summaries into the system 
In the previous section 2.3 we have described a peer data summary that can be used in a PlanetP-like query 
scenario. That means for the life cycle of a peer within our network: 

l. Initial introduction, Join: 

(a) Maintain clustering: Joining the network will change the clustering of the network. In our current 
experiments described belo,v , we ignore this fact. However, we do show measurements that evaluate 
how much additional peers without adjusting the clustering alter the performance. 

(b) Learning peer data summar·ies: On initial introduction , a peer will seek to learn the peer data sum-
maries from all other peers in the network. Not the fas test , but the simplest way is to simply wait 
until the descriptions of all other peers are spread as rumours to the new peer. In the same fashion , 
the new peer will spread its own new data as rumour to its neighbours. 

2. Operation: When processing a similarity query with the query vector x , the peer will go through the 
following steps: 

(a) Determine the cluster Cx wo which the vector x belongs. 
(b) Rank the peers by decreasing P (X=x lA= a) P (A=a). 
( c) Query the peers. starting at t he lowest rank. 
(d) i'.Ierge the results obtained. 

3. Leave: On leaving the network, the peer does not need to give any notification. (Note that whenever a 
peer contacted in step 2.c. does not answer , we simply proceed further in the ranking. ) 

3. P2P CLUSTERING OF VECTORS 
In the previous ·ection we have described how peer data can be summarized compactly and usefully using cluster 
histograms. It still remains to be described how such a clustering can be obtained efficiently in a distributed 
manner. This descript ion follows in this section. 

In short , we do clustering by a combination of the k-means clustering algorithm and the probe/ echo algorithm 
for distributing messages within a network. In the following , we describe both algorithms in detail. The resulting 
algorithm is an extension for P2P networks of the algori thm described in [4]. 

3.1. k-means clustering 
In k-means clustering clusters are determined by their cluster centroids . Given a point in space, it is assigned 
to the cluster whose cluster centroid is closest to it . When performing the clustering, an initial guess of a set 
C C 1R11 of K cluster centroids is refined until the refined cluster centroids fulfill a finishing criterion. A typical 
finishing criterion is that the refined cluster centroids differ only very little from the cluster centroids of the 
previous refinement iteration. The name of the k-means clustering method stems from the refinement method: 
the new cluster centroids are determined by calculating the ari thmetic mean of the member vectors in each 
cluster . Details are shown in the box named Algori thm l. 

The fac t . that the refinement of cluster centroids is based on calculating the arithmetic mean of all vectors 
belonging to one cluster makes /;;-means clustering inherently data parallel (see [4]) , ·i.e. the problem can be 
easily divided into parts. each part needing onlv parts of the whole data for a complete solut ion. 

In principle the proposed method works as follows: We propose that each peer keep its local data local. Given 
a set of centroids for t he complete collection ( centroids for all vectors from all peers) C o1c1 ,101a.1 , a peer P is able 
to calculate a new, improved clustering C,i.ew,p· The new centroids for the complete collection Cn ew.tota.l can 
then be obtained in a very simple fashion from the Cnew.p of all peers p. This can be done by a simple weighted 
summation, as is shown in the following simple two-peer , one-centroid case: 
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Algorithm 1: The k-means clustering algorithm. 
Input : D c ~n - the set of data points di E D. 
Input : l'i, - the number of clusters the algorithm should calculate. 
Output : C c ]Rn - the set of cluster centroids CJ E C. 
Data : _Af C 2D - a set of l'i, sets mJ where each m.i contains the documents di closest to Cj -

begin 
MSE r oo, MSE01d r .l ; 

repeat 
foreach mJ E 11/ do mJ r 0; 
foreach di E D do 

l Find closest CJ C; 
m1 r mi U { di} , 

foreach CJ EC do CJ r 1,~il L d;; 
d;Emi 

MSEotd r MSE; 
MSE r L 1,~il L (dist(d; , CJ))

2
; 

J d;Emi 

until IMSEotd - MSEI < f 
end 

// initia lize all clusters as empty sets 

/ / assign each object t o its nearest cluster 

// recalculate cluster centroids 

// calculate cluster quality 

If we assume n multidimensional data items d; allocated to some cluster; in the centralized case, t he cluster 
centroid Ctotal would then be 

l n 
Ctota l = - L d; 

n i=L 

If the first l data items are located on a peer a, and the remaining n - l data items are located on a peer b, 
then we get two cluster centroids 

l I 
Ca -Ld· l I 

i=l 

1 n 
Cb n - l L d; 

i=l+J. 

Then, the weighted mean Cmean of these two locally computed centroids c0 and Cb is 

1 
Cmean = -· (l· ca + (n -l )· c&) n 

1(1
1 

1 " ) = ;;: • l • l L d; + ( n - l ) • n - l L d; 
i = l i.=l+l 

1 ( I " ) ;;: . L cl; + L cl; 
i =l i=l+ L 

I n - L d; = Ctolc,l n 
i =l 

The above formula i easily extended to a mul ti-peer case, suggesting a three- tep approach 
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1. An arbitrary number of peers p calculate their local centroid cp 

2. The Cp are to be merged into Ctotal by simply calculating a weighted mean, the weights being the local 
collection sizes of the peers. 

3. Repeat, until the quality criterion of clustering is met . 

Note that from t he above consideration it can easily be deduced that the merging of peer cluster centers into 
cluster centers of the total collection can be done hierarchically: we do not need one central distance merging 
all results from all peers. We can do the merging along the edges of a spanning tree spanning the P2P network. 
At each level of the tree resul ts are merged into a preliminary result that is merged with further preliminariy 
results . The hierarchical merging described here fits very well with the properties of the P robe/ Echo algorithm 
described in the next section. 

3.2. Probe/Echo 
The Probe/Echo algori thm [l ] is the concurrent equivalent of depth first search (DFS) in general graphs. A P 2P 
overlay network is such a graph. 

In a P robe/Echo process , the initiator marks itself as engaged, and as initiator. At the same t ime it sends 
a PROBE to all its neighbours. On receiving a PROBE from one neighbour (the node 's predecessor), a node that 
is not yet engaged marks itself as engaged and sends PROBEs to all its neighbours, except its predecessor. An 
engaged node will count, but otherwise ignore any other PROBE it receives. If a node has received eit her a PROBE 
or an ECHO message from each of its neighbours, it will send an ECHO message to its predecessor. The Probe/Echo 
process is finished , if the initiator has received ECHOs from each of its neighbours. 

If we see our graph as a set of nodes or vertices V and edges E: G = (V, E ), then the message complexity of 
the PROBE/ ECHO process is 2IE I, as each edge is used for sending either two PROBEs, or one PROBE and an ECHO. 

3.3. Clustering using Probe/Echo 
Our clustering algorithm depicted in the box named Algorithm 2 is a combination of k-means clustering and the 
P robe/Echo mechanism. On clustering, the peer initiating the clustering, becomes an initiator. It sends its 
current guess of cluster centroids along with a PROBE to its neighbours. Then the initiaor performs a k-means 
refinement of the current cluster centroids using its local data. Each of the nodes receiving a PROBE will do the 
same as the ini tiator, i. e. pass on the PROBE and perform a local refinement run. The results from the local 
refinement runs are merged via the ECHO messages. The ECHO message from peer JJ comes with refined cluster 
centroids Gp and weights TVp, enabling t,he receiving peer to merge these refined cluster centroids with its loca l 
cluster centroids and weights C, and TV, , to obtain new C1, W1. ·when a given peer has received either PROBES or 
ECHOs from all its neighbours , it ,vill pass its then current C, and Hl , to its predecessor. 

P lease note that the number of centroids that is carried by either PROBE or ECHO messages is always equal to 
the number of clusters K we want to obtain , i. e. it does not depend on the size of the data collection nor the 
size of the P2P network. 

4. EXPERl1\1ENTAL SETUP 
We ran our experiments on 360 peers running on 20 standard P Cs in our university"s student software labs . So 
on each PC there was running an average of 18 peers. 

In our experiments we used a central brokering server for setting up a set of peers with known properties, 
a well as for collecting the results. However, the calculations themselves were all carried out in a distributed 
manner. 

4.1. Creating connectivity, simulating replication and clusters of interest 
Obviously for doing measurements. we need reproducible condi tions. In this section we show how we created 
reproducible conditions for the main parameters affecting performance. 
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Algorithm 2: Our distributed clustering algorithm. 
Input : Neighbours - the set of all neighbouring nodes. 
Input : D c )Rn - the data points di E D on the local peer. 
Data : (Gp, Wp ) - remote set of cluster centroids and associated weights. 
Data : ( G1, W1) - local set of cluster centroids and associated weights. 
begin 

receive (PROBE, Gp) or (ECHO , Gp , Wp ) from p E Neighbours; 
if PROBE then 

if -,engaged then 

l engaged r true; received r l ; pred r p; 
send (PROBE, Gp) to Neighbours\ {pred} ; 
(G1, 11Vi ) r kmeans(Gp, D ); 

else 
L received r received+ l ; 

if ECHO then 

l received r received+ l ; 
(G1, VVi) r mergeResults(G1, 1'Vi , Gp , Wp); 

if received= INeighboursl then 
engaged r false ; 
if initiator then 
L terminate; 

else 
L send (ECHO , G1 , l-'Vi ) to pred; 

end 

I I received first PROBE 

I I one local iteration of k-means 

/ I received additional PROBE 

I I received ECHO 
I I merge local and received results 

I I termination condition fulfilled 

Connectivity of the peer network: As shown in [5], the speed and the cost of clustering depends on the 
number of neighbours each peer communicates wi th. 

In our experiments each peer had between 3 and 6 neighbours. This is quite simple to assure: we build a 
P2P network starting with a set of unconnected nodes . Each peer that has not enough neighbours will request a 
list of potential new neighbours. The broker will giYe out addresses of peers as potential new neighbours whose 
number of neighbours does not exceed the limit imposed. 

Clusters of interest: Simulating clusters of interest is nontrivial. This is due to the fact that we need two 
ways of clustering. Firstly, we need some clustering of the data to determine the clusters of interest t hat are 
present within each peer (see section 2.2). Secondly, we need some way of simulating clusters of interest within 
the peers. 

Of course, it would be tempting to perform just one clustering and use it twice. However, in our view this 
would dramatically reduce the value of the experiments as the results would be unrealistically good. 

For this reason we used an algorithm for assigning documents to peers as described in the box ent itled 
Algorithm 3. It is a distributed modification of the algorithm presented in [8] . After an application of this 
algori thm on a P2P network , the number of documents per peer varies , which changes slightly some considerat ions 
with respect to [8]. 
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Algorithm 3: A signing images to peers 
Data : I 
Data : I * 
Data : A 
Result : J\;f : A--+ 2I 
I * +- I ; 
for a EA/* each peer */ do 

;vt [a] +- 0; 
for 1 S b S N PeerCtusters / * each peer cluster * / do 

/ / all images in the collection 
/ / all images not yet assigned to a peer 

/ / a set containing all peers 

/ / mapping peers to image sets 

i +- random element from I * // the peer retrieves a random image from the broker; 
M[a] +- ;vt [a] U {i} ; 
I * +-I* \ {i} ; 
for xE{;;:::.·;::t:,'.:;. - 1 b est matches to i} / * ranking obtained in peer*/ do 

l if x not yet assigned to any peer / * information from the central broker */ then 

l M [a] +- ,vt [a] U {x} ; 
I * +- I * \ { X}; 

Replication of data: Increasing the replication of data, i.e. increasing the number of t imes a particular piece 
of data is present in the network is supposed to improve retrieval performance, because the probability of finding 
useful documents by chance increases . 

Within the above framework, replicat ion can easily be simulated. For example, if we assume every item of 
the database to be present in the network degree times, we simply use algorithm 3, however not starting with an 
image collection I , but rather with a mult iset I degree containing each image of I degree times. 

4.2. Data collection 
All experiments were ped on ned using 166 bin color histograms (corresponds to 18 Hue x 3 Saturation x 3 Value 
bins fo r color and 4 bins for grey levels) calculated from COREL stock photos as described in [11]. 

4.3. Parameters measured 
A list of four factors determining the efficiency of P 2P solutions is giYen already in ection 2. In our experiments 
we fo cused on the following two factors 

l. The number of messages to be sent by each peer. 

2. The number of bytes sent by each peer. 

That is, we do not consider the number of hops (in a PlanetP rout ing scenario, there are no hops) and the 
processor load , and we focus on t he essent ial parameters of communication load. 

We performed efficiency measurements of two stages 

l. Distributed calculation of a global clustering using the algorithm described in section 3. 

2. Spreading t he fu ll peer descriptions over the network using one PROBE/ ECHO run. 

In addit ion to t hat , we measured the performance of the peer data summaries: \ "!\Te measured, how many 
peers we can discard on average using the peer data summaries . T his was clone as follows: 

1. '!Ve randomly chose a query image i from the image collect ion. 
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2. We did a centralized query for i on the collection, obtaining the 20 best matches M20 -

3. We queried the peers one peer after the other starting with the peers most likely to contain result images 
according to the peer content representations. This access order of the peers gave us a ranked lis t R = 
( T l , T2 , .. . , 1' Np,.,, ,..) of all JV Peers peers. 

4. vVe did some statistics on the number of the images out of J.1'120 found on the peers with rank r J, as described 
in the following. 

The performance measure we use is the median peer rank: R was scanned, and we noted the peer ranks of 
the peers that contained each of the J.U20 images, obtaining a list L. For example, when the query image x itself 
was found in the 4th-ranked peer the pair (x, 4) was added to L. Then the median of the peer ranks in L was 
calculated. Obviously, in the case of a random ranking of peers , the median peer rank for peers containing an 
image out of M 20 would be Nr:;_· ·· if the number of documents per peer is equal among all peers, less otherwise. 

That is, the median peer rank is a measure of ho,v effective our peer data summaries are. 

5. EXPERIMENTAL RESULTS 
In our experiments, we distributed a subset of 50000 images of the Corel collection in varying degrees of replication 
over the network. The number of documents varied between peers. Typically, more than 27000 images were 
assigned to the peers. The fact that the number of documents varies between peers changes our baseline. We 
want to compare the performance of our system to the case of random search. In the case of random search on 
equal-sized peer data collections, we would expect to find one given data item in the N 1'2••• -th peer. In the case 
of non-equal sized peers we can sort the peers by their collect ion sizes , and visit t he ones with large collections 
first, as by their size they are more likely to contain any given data item. For a typical data distribution within 
our experiments, finding a given data item would be possible within the first 0.4 · N Peers in this baseline case. 

For each series of measurements, we first distributed the data over the peers (as described in the previous 
section). We then performed a distributed clustering run , generated the corresponding cluster histograms and 
peer data summaries , spread these peer data summaries using a PROBE/ ECHO run and then ran 100 test queries 
for that configuration. 

In table 1 we present the communication cost of global clustering. Here, we clustered the image collection 
into 12, 25 , 50, 100 clusters. As we said , the number of cluster centers that has to be passed on in a clustering 
iteration is proportional to the number of clusters , it is also proport ional to the number of edges. The same, 
it influences the cost of each peer representation. The total number of bytes of peer representations that have 
to be held in each peer is shown in the fourth column. That is, each peer spends more communication cost on 
creating the clustering than on obtaining all cluster representations. That is in small networks , the cost is more 
strongly influenced by the frequence of clustering runs, than by obtaining peer representations. 

/ #clusters I/ #iterations I #bytes per run and peer I total #bytes of all peer representations 
12 20 72000 41760 
25 20 150000 79200 
50 20 300000 151200 

100 20 600000 295200 

Table 1. Communication complexity of global clustering, and cost of peer representation, depending on number of global 
clusters. 

We then varied the number of centers of interest per peer, as well as the number of global clusters to obtain 
Fig. 1 (left): for 2 (and 5, respectively) clusters of interest per peer , as well as 12, 25 , 50, and 100 global clusters 
we show the median peer rank (as described in section 4.3). Here we see that with an increasing number of global 
clusters , our approximation gets more precise, yielding better performance. Performance varies from twice as 
good as the baseline (visit ing 0.2 · N Peers before finding 50% of the top 20 matches) to about 10 times as good 
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Figure 1. Left : i'.viedian peer rank depending on the number of global clusters for two numbers of (local) clusters of 
interest. Right: For 5 centers of interest and 12 to 100 global clusters, we show how many peers it takes on average to 
find 5, 10 (i.e . median) , 15 and 19 documents of the top 20. We also plot t he average mean rank of the peers in which 
documents of the top 20 were found. 
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Figure 2. Left: )Iedian peer rank depending on the degree of replication. Right: Median peer rank, if only a fr action 
of the peers has part icipated in the clustering. 

(0.04 · N Peers), Fig. 1 (right) shows modifications of the median peer rank measure: the 25% quantile (5 images 
out of the top 20). the mean, as well as the 75% quantile and the 95% quantile. We show the 95% quantile, as 
it shows that for the 19th match , our cluster histogram peer representation exhibits overfitting, if there a.re too 
many global clusters: the results get worse. 

Fig. 2 (left) shows that replication ( the degree of replication is varying from 1 to 8) is influencing only weakly 
the median peer rank. 

Finally Fig. 2 (right) shows how the quality of the clustering influences the quality of query results. To this 
end , we deliberately degraded the clustering quality by using only a fraction of the total network, thus only a 
fra ction (varying from + to ½) of the total data collection in the network for calculating the global clustering. 
We can see from the results in this figure , that it suffices to do a global clustering of only a part of the collection 
for obtaining good results. This means , that even in a P2P system used "in the wild" with joins and leaves , 
clustering would have to be performed fairly rarely for maintaining good retrieval performance. 

6. CONCLUSION 
In P2P uetworks for CBIR, peer data summaries can be used within the retrieval process for increasing efficiency. 
Within this article we described new experiments evaluating the usefulness of cluster histograms used as peer 
data summaries. 
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The results are very encouraging: retrieval itself is efficient, and our measurements suggest that costs for 
maintaining the peer data summaries are low, because the most costly step of maintaining peer data summaries , 
the clustering has to be performed only rarely. 

Future work comprises the following main areas: 

• Peer data representations and feature sets: it will be interesting to use other data representations, such as 
gaussian mixture models, and other feature sets, such as texture features . 

• Unreliable environments: In the current experiments, no peer participating in a clustering left the network 
during the clustering. While our current results suggest , that our method will be not very susceptible 
against such failures, we would like to propose measures for unreliable networks to generate useful cluster-
ings . 

• The scenario itself: Just as in CBIR, there is a need for suitable benchmarking scenarios with test data and 
ground truth. As we have made clear in this paper, in the case of P2P CBIR, the benchmarking scenario 
needs to comprise suitable assumptions about the data distribution over peers. 
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