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Abstract: Peer-to-peer networking offers a scalable solution for sharing multimedia data across the network. With a

large amount of visual data spread among different nodes, it is an important but challenging issue to perform content-

based retrieval in peer-to-peer networks. Compared with central environments, the key challenge is to efficiently
obtain a global codebook, as images are distributed across the whole peer-to-peer network. In addition, a peer-to-
peer network often evolves dynamically, which makes a static codebook less effective for retrieval tasks. Therefore, |

propose a dynamic codebook updating method by optimizing the mutual information between the resultant codebook

and relevance information, and the workload balance among nodes that manage different code words. The broad

experimental results point to that the future approach is scalable in budding and distributed peer-to-peer networks,

while achieving improved revival accuracy.

l. INTRODUCTION

Peer-To-Peer (P2P) networks, which are
formed by equally privileged nodes connecting to each
other in a self-organizing way, have been one of the
most important architectures for data sharing. Popular
P2P file-sharing networks such as eDonkeyl count
millions of users [1] and tens of millions of files. Unlike
WebPages which mainly consist of textual documents
such as news, blog articles or forum posts, multimedia
files play a dominant role in most P2P networks [2].
The ever-growing amount of multimedia data and
computational power on P2P networks exposes both
the need and potential for large scale multimedia
recovery application such as content-based image
contribution, and copyright contravention detection.

While P2P networks are well known for their
efficiency, scalability and robustness on file sharing,
providing extended search functionality such as

content-based image retrieval (CBIR) faces the
following challenges: 1) in dissimilarity to centralized
environments, data in P2P networks is distributed
among different nodes, thus a CBIR algorithm needs to
index and search for images in a distributed manner; 2)
unlike distributed servers/clouds, nodes in P2P
networks have limited network bandwidth and
computational power, thus the algorithm should keep
the network cost low and the workload among nodes
balanced; and 3) as P2P networks are under constant
churn, where nodes join/leave and files publish
to/remove from the network, the index needs to be
updated dynamically to adapt to such changes.

To support content indexing and avoid
message flooding, prearranged overlay networks such
as Distributed Hash Tables (DHTs) [3], [4] are often
implemented on top of a physical network. By
organizing the nodes in a structured way, messages
can be cost-effectively routed between any pair of
nodes, and the index integrity can be maintained
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during network churn. For the CBIR functionality, most
of the existing systems adopt a global feature
approach: an image is represented as a high-
dimensional feature vector (e.g., color histogram), and
the similarity between files is measured using the
distance between two feature vectors [5], [6], [7].
Usually, the feature vectors are indexed by a
distributed high-dimensional index or Locality Sensitive
Hashing (LSH) over the DHT overlay.

On the other hand, the bag-of-visual-words
(BoVW) model has been successfully utilized for large
scale image retrieval [8]. In the BoVW model, each
image is represented with a bag of local features,
which mimics the bag-of words(BoW) model where
each document is a collection of unordered words.2
Generally, to employ the BoVW model, the following
three steps are required [9], [10]: Firstly, a number of
local regions (through image segmentation or uniform
image partitioning) or key points (through key point
detection algorithms such as Hessian-Affine detector
[11]) will be identified from an image and each region
or key point will be represented with a high
dimensional descriptor. In our experiments, the widely
used Scale-Invariant Feature Transform  (SIFT)
descriptor [12] is employed.

Secondly, since the features extracted are in a
continuous space, a codebook is generated to quantize
the feature vectors into discrete codeword’s, thus an
image can be interpreted as a set of feature
codeword’s. One of the most commonly used
guantization schemes is nearest-neighbor quantization
(e.g., k-means [9], [10]), where each feature vector is
represented by its nearest codeword centroid, and the
codebook forms a Voronoi partitioning of the feature
space.

Lastly, similar to the BoW model, statistical
distributions of the code words in a given image is
utilized to represent the image. In this paper we utilize
the well-studied tfidf weighting scheme and cosine
distance as the similarity measurement.

. RELATED WORK

A). Skyline Query Processing

Skyline calculate was first introduced to the
record field in [13] with Block-Nested-Loops (BNL),
Divide-and - Conquer (D&C) and B-tree algorithms.
Later work [14] better BNL by pre-sorting. [15]
Proposed progressive Bitmap and Index algorithms.
Afterwards, there are studies employing R-tree index
to compute skyline [16, 17] faster and using external
algorithm to calculate the maximal vectors [20]. Some
recent works investigate the semantics of skyline by
subspace analysis [18, 19], processing of skyline over
data streams [21] and in high dimensional paces [22].
Distributed skyline query was recently addressed in
[23] for web information systems and in [24] against
mobile devices. By visiting all nodes to retrieve skyline
answers, the above approaches dedicated for small-
scale distributed systems are not efficient to be applied
on P2P networks. Recent work of skyline query
processing on P2P [25] parallelizes search by enforcing
a partial order on query propagation based on CAN.
B). Multi-dimensional Indexing on P2P

Multi-dimensional indexing for supporting
efficient search on structured P2P networks has been a
hot research topic. MAAN [26] uses locality preserving
hashing to map data values onto Chord identifier pace.
Mercury [27] attempts to support multi-attribute
range queries by placing values of each attribute
contiguously on a separate routing hub, while
performing explicit load balancing for non-uniform
data distribution. However, the divide attributes
arrangement in MAAN and Mercury are not effective
for dealing out skyline queries that absolutely denote
the constraints in the middle of the attributes. The
works closer to ours are Murk [30], Skip Index [28] and
ZNet [29]. Murk indexes multi-dimensional data
partition using the kd-tree. Like Murk, Skip Index stores
partition in sequence in a binary tree, while ZNet splits
data partition in a quad-tree manner. Though Skip
Index and ZNet sense of balance data loads during
partition, they do not deal with the query load
balancing problem present in skyline query processing.
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C). Global Feature Model

The global characteristic model represents
each image with one high-dimensional feature vector,
and measures the similarity between images with the
distance between their feature vectors. This model is
adopted by many existing P2P CBIR systems [5], [6],
[31], [32], [33], [34], [35]. To store and retrieve the
trait vectors powerfully, generally two categories of
methods can be useful: distributed high-dimensional
indexing and Locality-Sensitive Hashing (LSH). The high-
dimensional indexing based approaches store the
feature vectors in a data structure, usually a tree or
retrieval. In structured P2P networks, the high-
dimensional index is defined in a distributed way over
the P2P overlay, where each node manage a part of
the index. For example, in M-Chord [30], data
structures based on distance to reference points are
built to facilitate metric-based similarity search in
Chord [3] networks. In [6], a novel naming mechanism
and a tree summarization strategy are employed to
build a tree structure over a DHT overlay. However,
even in a centralized environment, the performance of
high dimensional indexing suffers from the well-known
“curse of dimensionality”. That is, as the
dimensionality of a feature space increases, the
performance of the index decreases rapidly, and a
search needs to traverse a larger part of the index [35],
[36], [37]. In P2P networks, the situation becomes
worse by the fact that the index structure is
distributed, as we need to take into consideration the
cost of data transfer between nodes.

On the other hand, the Locality-Sensitive
Hashing (LSH) based approaches use special hash
functions that output the same value for similar
objects. In P2P networks, these hash functions are
usually combined with the hash table interface of DHTs
[31], [32], [33], [34], thus similar feature vectors are
stored on the same/neighboring nodes to enable
efficient similarity searches. To improve the locality of
the hash functions, most works compromise the even
distribution of hash buckets [38], [39], which translates
to an imbalanced workload among nodes in a P2P

network. Some works [33], [38], [39] do tackle this
issue by learning more independent hash functions,
but all of them perform one-time learning without
considering the changes of data distribution that is
common in P2P networks due to network churn. As the
data is stored among nodes of corresponding hash ID,
a one-bit change of the hash function output will result
in large portion of (if not all) data being assigned to a
different node, causing heavy network traffic.

D). BoVW Model

The bag-of-visual-words  (BoVW) model
represents each image with a bag of quantized
codeword’s derived from local features, and measures
the similarity between images with the BoVW
histogram analogous to a bag-of-words (BoW) model
of text retrieval [10]. The retrieval process is typically
supported by an inverted index. Though we are not
aware of any BoVW based P2P CBIR systems, many
existing P2P text retrieval systems build a distributed
inverted index in a highly efficient manner over DHT,
using term ID as key and document ID as value [40],
[41], [42], [43].

Generally, there are two strategies to
distribute index tuples: document partition (or local
indexing), and term partition (or global indexing), both
are well exploited in the literature [44], [45], [46]. With
document partition, each node manages an index for a
subset of documents. A query will be sent to all index
nodes, and be answered by combining the lists of
candidate documents returned from them. With term
partition, each node manages an index for a subset of
terms. This is not a very big issue in shared-memory or
distributed servers, but does pose a challenge in P2P
networks, as the nodes in P2P networks are loosely
coupled and have much lower bandwidth. As a result,
term partition is a more popular choice in P2P
networks [40], [41], [42], [43]. To further reduce the
network cost and tackle the issue of workload balance
with term partition, different techniques have been
proposed. For BoVW based CBIR in P2P networks, our
previous work [47] proposes a codebook resembling
mechanism to split the overloaded codeword’s and
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merge the under loaded codeword’s to maintain a
balanced workload among different codeword’s.
However, it does not take the relevance information
into account. In addition, the split/merge is based on
random re-sampling, which is heuristic.

M. PROPOSED METHODOLOGY

A scalable approach for content-based image
retrieval in peer-to-peer networks by employing the
bag-of-visual-words model. A dynamic codebook
updating method by optimizing the mutual information
between the resultant codebook and relevance
information, and the workload balance among nodes
that manage different codeword’s. Improve retrieval
performance and reduce network cost, indexing
pruning techniques are developed. The experimental
results indicate that the proposed approach is scalable
in evolving and distributed peer-to-peer networks,
while achieving improved retrieval accuracy.

V. MODULES

1). FILE INDEX

An exact file is performed with a DHT lookup
operation. Publishing a new file is performed by a DHT
store operation. Performance and fault tolerance
considerations, such information needs to be reposted
periodically, otherwise it would be removed from the
owner list.
2). CODEWORD INDEX

The CBIR search is essentially an inverted index
lookup in the codeword index. Codeword’s will be
extracted on node C locally. The codeword’s will be
looked up in the codeword index. Similarity
measurement to produce the ranked results for the
user. The owner information of relevant images can be
obtained by the file lookup process described.
3). COMPLEXITY ANALYSIS

The P2P network consists of nodes sharing a
total of images utilized for retrieval, and each image
has an average of code words. Our system completes
a query in the following steps: feature extraction,

guantization, and Sending posting lookup message,
receiving postings, aggregating postings and producing
the rank list.
4). WORK LOAD BALANCING

To partition the feature space evenly and
accommodate the computational capacity of each
nodes, so that no nodes would be overloaded or under
loaded. While achieving good discriminability is

important, a codebook
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Fig 1. Architecture Diagram

used in P2P networks must also produce fair workload
for each node. The frequency of update iterations is
determined by the degree of churn. As shown by the
experiments in a very low update frequency (once a
few hour) is enough to maintain the performance.

V. PERFORMANCE AND EVALUATION

The codebook is ready, for a given query, the
retrieval process essentially consists of three steps:
extracting visual features and obtaining BoVW based
representation for the query, retrieving the postings
via DHT lookup, and measuring the similarity between
the query and candidate images. In large scale BowW
based retrieval systems, index pruning has been used
to reduce the retrieval cost. Its basic idea is to identify
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and discard the postings which are not likely to
contribute to top results. In the experiments, two
threshold based pruning techniques similar to [47] are
implemented:

Reducing the query terms: Here, apply a threshold
©q on the posting Wq of query image Q, so that only
the terms satisfying Wq > Bq will be sent.

Reducing the answer terms: Here, apply a
threshold ©4 on the similarity scores of the candidate
postings, so that only the postings satisfying WQ, kWA,
k > ©a will be sent, where Wxy is the posting of a
candidate image A.

The experiments are conducted on two
publicly available datasets:

UKBench [49]: A benchmark dataset for object
recognition. It contains 10,200 images with 4 images
per object in different conditions. In our experiments,
an image is considered relevant to the query image if
both of them come from the same object. The SIFT
descriptors as used as local descriptors.

Holidays [49]: A benchmark dataset for image
retrieval. It contains 1,491 images with 500 queries and
991 corresponding relevant images. The number of
relevant images for each query varies from 1 to 11. The
SIFT descriptors coming with the dataset are used as
local descriptors.

Additional datasets are used to facilitate the
experiments:

Flickrl00K [49]: For the distracters for large
scale experiments, we use the first 100,000 images
from the FlickrlM, where images are downloaded from
Flickr.

Flickr60K [49]: For the source of initial
codebook, we use an independent dataset Flickr60K,
which contains 67,714 images downloaded from Flickr.
We compare the proposed P2P codebook learning
method (PCL) with codebook re-sampling (RS) [34] and
k- means (KM) clustering under different settings. For
PCL, we use the ground truth relevance information
from the top 10 results for training. The codebook re-
sampling (RS) updates the codebook using split/merge
operations similar to the proposed method. However,

the decisions to split/merge are based on the size of

codeword:
SPLIT(k) if |[k| >Owm;
MERGE(k) if |k| < Om;

Where ©m and O are the workload thresholds for
split and merge operations, respectively.

The k-means clustering (KM) updates the
codebook by moving the codeword centroids to the
cluster means. In the experiments, we implement a
distributed version of k-means algorithm. During
iteration, each codeword computes the new centroid
from the mean of its descriptors. The new centroids
are synchronized across the network to form the
codebook for the next iteration. In order to achieve fair
comparisons, we try to set the parameters of different
methods to produce codebooks with size k =
20,000, which is a typical number in reported BoVW
based CBIR systems [48]. For large scale Holidays +
Flickr100K, the codebook sizes are set to k = 100,000.
In other words, we aim at a target workload of S =
[X]/k, where |X] is the total number of descriptors of
all candidate images. For PCL, we set the workload
lower and upper bounds as Snm = Sm = Sx when
relevance information is available, and Sy, = 0.5Sk, Sm =
2S¢ when relevance information is missing. For re-
sampling, we set the workload thresholds as ©u = 1.55
and By, = 0.55«. For k-means, the codebook size is fixed
on k. As discussed in Section 3, both the CBIR search
and codebook generation/updating take place on the
codeword index. For the large scale experiment
(Holidays + Flickr100K, with 100,000 codeword nodes),
it takes more than 1,000 hours of running time, and
380GB of memory. In correspondence to the
challenges in P2P environments discussed in Section 1,
we evaluate the following 4 properties of the
codebooks in the experiment:

Retrieval accuracy: We follow the
recommended evaluation protocols of the datasets to
measure the retrieval accuracy. For both datasets, we
report the Mean Average Precision (MAP), which is the

Uninterrupted Whole Result Involving Queries over WSN

28




ERES International Journal of Computer Networks

Volume 5, No 2, April —June 2017

average area under the precision recall curve for all the
queries; and R-Precision (RP), which is the average
precision of top R results, where R is the number of
relevant images. For the UKBench dataset, we also
report the Kentucky Score (KS) (the average number of
positive images in top 4 results, which is essentially RP
* 4) used by the dataset authors.

Workload balance: The workload balance is
measured by the Gini coefficient among sizes of
codeword’s, where a coefficient of 0 expresses perfect
workload balance (all codeword’s have the same
number of descriptors), and a coefficient of 1
expresses maximum workload imbalance (one
codeword has all the descriptors).

Updating cost: Based on the discussion in
Section 3.3, we measure the updating cost by the
codebook change ratio p = N¢/|K|, where NC is the
number of codeword’s changed (either split, merged,
or moved) in this iteration, and |K| is the codebook
size (total number of codeword’s).

Query cost: The query cost is measured by the
average number of retrieved postings for all the
queries. The number determines the data volume that
a query node will receive upon a query, which
contributes most to the retrieval time. We compare
the performance of different codebooks in 3 scenarios:
static environment, dynamic environment, and
retrieval with index pruning. The detailed settings for
different  scenarios are discussed in their
corresponding sections.

VI. CONCLUSION

Our present a bag-of-visual-words (BoVW)
model based approach for content based image
retrieval (CBIR) in peer-to-peer (P2P) networks. |
formulate the problem of updating an existing
codebook as optimizing the retrieval accuracy and
workload  balance. Investigate DHT  specific
optimizations for cost reduction, more advanced
matching refinement and multi-modal fusion

techniques in P2P networks, and extensions of this

approach to other distributed architectures. That is
making the CAN address space corresponding to our
feature space, and replace the CAN zones with
codeword partitions. Such an embedding will eliminate
the overhead of an additional DHT layer, as | can
implement the SPLIT/MERGE operations as a CAN zone
split/takeover, instead of adding and removing entries
on DHT.
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