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1. Introduction

The development of CBIR systems has been mainly supported
by the creation of various visual features and different distance
measures. However, more recently, research initiatives have
focused on other stages of the retrieval process, which are not
directly related to low-level feature extraction procedures.

Diverse methods have been proposed in order to improve the
effectiveness of distance measures in image retrieval tasks,
specially based on diffusion approaches. In general, these post-
processing methods aims at replacing pairwise distances by
more global affinity measures capable of considering the dataset
manifold.

Although indispensable for improving the effectiveness of
retrieval, the wide use of post-processing methods on large-scale
real-world applications also depends on efficiency and scalability
aspects. More recently, due to the high computational costs
associated with diffusion-based approaches, other methods have
emerged. Mainly based on rank analysis, such contextual rank
measures can be efficiently computed.

In this work, we propose a novel hybrid approach, named
Rank Diffusion, which is based on a diffusion process defined in
terms of ranking information. This method establishes a
relationship between diffusion approaches and contextual
rank measures in the sense it spreads ranking information,
taking into account the dataset structure.

2. Related Work

Diffusion-based approaches rely on the definition of a global
measure, which describes the relationship between pairs of
points in terms of their connectivity. In general, diffusion
processes consider as input a pairwise affinity matrix W, which
can be interpreted as a graph that encodes the relationships
among objects. In general, a walk in the graph occurs more
likely through the edges with larger weights. The diffusion-
based algorithms have been achieving significant improvements
on retrieval performance although they are very expensive to
compute, specially when the size of datasets becomes larger.

Recently, various contextual rank-based approaches have
yielded very significant gains on retrieval effectiveness.
Additionally, since the most relevant information of rankings is
found at top positions, the rank-based approaches can
significantly reduce the computational efforts required by
exploiting indexing structures. Therefore, other important
requirements, such as efficiency and scalability, are met.

3. Rank Diffusion Process

The proposed Rank Diffusion is based on a diffusion process
defined in terms of ranking information.
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4. Experimental Evaluation

Experiments were conducted considering two public image
datasets, commonly used as benchmark for post-processing and
image retrieval methods:

* MPEG-7 (1,400 images, 6 shape features)

* UKBench (10,200 images, 7 diverse features)

Table 1: Rank Diffusion for shape retrieval tasks (M AP as score).

Orig. L = 400 Full L
Descriptor | MAP | Rank (Gain Stat. | Rank Gain Stat.
Diff. Sig. Diff. Sig.
SS (8] 37.67% | 52.17% | +38.49% ° 53.01% | +40.72% °
BAS [1] 71.52% | 82.36% | +15.16% o 83.03% | +16.09% o
IDSC [18] 81.70% | 90.89% | +11.25% o 91.09% | +11.49% o
CFD [25] 80.71% | 93.75% | +16.16% ° 94.17% | +16.68% °
ASC [19] 85.28% | 92.98% | +9.03% o 93.07% | +9.13% o
AIR [10] 89.39% | 97.98% | +9.61% ° 97.97% | +9.60% o
CFD+ASC - 99.29% | +23.02% ° 99.25% | +22.97% o
ASC+AIR - 99.57% | +16.76% ° 99.58% | +16.77% °
CFD+AIR - 99.78% | +23.63% o 99.79% | +23.64% o

Table 2: Rank Diffusion on the UKBench [22] dataset.

Original Rank

Descriptor N-S Diffusion
CEED-SPy [4, 20] 2.81 3.10
FCTH-SPy |5, 20| 2.91 3.19
SCD [21] 3.15 3.35
ACC-SPy [11, 20| 3.25 3.51
CNN-Caffe [13] 3.31 3.61
ACC [20] 3.36 3.60
VOC [36] 3.54 3.72
VOC+ACC - 3.90
VOC+CNN - 3.90
ACC+CNN - 3.87
VOC+ACC+CNN - 3.94

5. Conclusions

Post-processing procedures based on unsupervised learning
approaches have been established as indispensable tools for
improving the effectiveness of CBIR systems.

Since diffusion process methods require high computational
efforts, rank-based approaches attracted a lot of research
attention recently to circumvent their limitations.

In this work, a novel rank diffusion method is proposed
exploiting characteristics of both diffusion and rank-based
approaches.
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