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Abstract

Content-Based Image Retrieval (CBIR) is an important problem in the do-
main of digital data management. There is indeed a growing availability
of images, but unfortunately the traditional metadata-based search systems
are unable to properly exploit their visual information content. In this ar-
ticle we introduce a novel CBIR scheme that abstracts each image in the
database in terms of statistical features computed using the Multi-scale Ge-
ometric Analysis (MGA) of Non-subsampled Contourlet Transform (NSCT).
Noise resilience is one of the main advantages of this feature representation.
To improve the retrieval performance and reduce the semantic gap, our sys-
tem incorporates a Relevance Feedback (RF) mechanism that uses a graph-
theoretic approach to rank the images in accordance with the user’s feedback.
First, a graph of images is constructed with edges reflecting the similarity of
pairs of images with respect to the proposed feature representation. Then,
images are ranked at each feedback round in terms of the probability that a
random walk on this graph reaches an image tagged as relevant by the user
before hitting a non-relevant one. Experimental analyses on three different
databases show the effectiveness of our algorithm compared to state-of-the-
art approaches in particular when the images are corrupted with different
types of noise.
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1. Introduction

A Content Based Image Retrieval (CBIR) system enables a user to or-
ganize and retrieve images in a database by analyzing the characteristics of
the visual content. The whole process is usually done by presenting a visual
query to the system and by extracting a set of images from the database that
have highest resemblance to the query image [1, 2, 3]. This query-by-example
procedure compares the visual content of images in terms of low level fea-
tures by computing a distance between the features of the query image and
the possible target images in the database [4, 5, 6].

A modern interactive CBIR system consists of the following main parts:
feature extraction, feature reduction, ranking and relevance feedback. The
first two phases allow to obtain abstract, compact representations for the
query and database images, which possibly summarize their most distinctive
features. The ranking phase consists in sorting the database images based
on their relevancy to the query image. Finally, the relevance feedback phase
involves the user intervention to tag the images in the result set as relevant or
irrelevant. This triggers a re-ranking of the database images which accounts
for the new feedback information. Multiple feedback rounds can follow until
user satisfaction is achieved.

Various feature extraction and feature reduction schemes have been used
in the literature to find the low-dimensional salient and significant features,
which can be effectively used to represent the underlying image’s charac-
teristics [7, 8, 9]. It has been found that feature extraction techniques
working in the frequency domain are more effective in representing the sig-
nificant and subtle details of the image than the conventional spatial do-
main schemes [10, 11]. Among the various frequency domain methods,
Wavelet Transform (WT) and its variants (like M-band wavelet, complex
wavelet, wavelet packets etc.) have been extensively used in CBIR sys-
tems [12, 13, 10, 14]. Low level features based on WT provide a unique
representation of the image and they are highly suitable to characterize tex-
tures of the image [12, 15, 16]. However, the main problem of WT-based fea-
tures is the inherent lack of support to directionality and anisotropy. To over-
come these limitations, a recent theory called Multi-scale Geometric Analysis



(MGA) for high-dimensional signals has been introduced and several MGA
tools have been developed like Ripplet, Curvelet and Contourlet etc., with
application to different problem domains [17, 18]. In general, CBIR systems
based on these MGA tools turn out to be more effective than WT-based tradi-
tional CBIR schemes [18, 19]. An improvement of the Contourlet Transform
(CNT) has been proposed in [20] to mitigate the shift-sensitivity and the
aliasing problems of CNT in both space and frequency domains. Their so-
lution known as Non-Subsampled Contourlet Transform (NSCT) combines
both Non-Subsampled Pyramid (NSP) and Non-Subsampled Directional Fil-
ter Bank (NSDFB). In the literature, different NSCT-based CBIR systems
have appeared [21, 22, 23, 24].

Besides extracting good feature representations, a further important task
is feature selection, which aims to seek optimal subsets of the extracted fea-
tures that preserve most of the information carried by the collected data [25].
The main goal is to facilitate future analysis in the presence of high-dimensional
data by improving the query performance of the CBIR system and by re-
ducing the storage requirement. In addition, the reduction in dimension-
ality favours denoising, for noise is typically concentrated in the excluded
dimensions [26]. Conventional methods of feature selection involve evaluat-
ing different feature subsets using some index and selecting the best among
them [27]. We refer to [28, 29, 30, 31, 32] for a detailed discussion about
various unsupervised feature selection algorithms. Some approaches exploit
also supervision by employing a labeled training set and mutual-information-
based criteria to find class-specific relevant and non-redundant features. (see,
e.g., [33]).

Unfortunately, low level features and distance metrics are not sufficient
to reduce the semantic gap and thus rank the images according to the user’s
intentions. This motivates researchers to insert the user’s feedback in the
search loop and improve the ranking performance of the retrieved images by
employing an interactive scheme [34]. Since mid-1990s, relevance feedback
mechanisms have been adopted to retrieve images by exploiting the human
visual impression as a feedback signal that is used to iteratively correct errors
made by the CBIR system [35, 9]. Such feedback process terminates when
the user is satisfied with the retrieved images. The measure of distance
between images is in general a function of the user, which encompasses her
experience over the period of time from her early age. The user intervention
becomes thus necessary if we aim at devising accurate, user-specific retrieval
systems [36, 37, 38].



There are two main types of RF-based approaches for CBIR in the liter-
ature [39]: inductive and transductive. Inductive approaches use a classifier
trained in a supervised way to discriminate between relevant and irrelevant
images [40, 41] and rank the images based on their relevancy. The ma-
jor drawback of these methods is the limited number of examples that are
actually labelled by the user, which prevents the classifiers from properly
learning the true relevant/irrelevant separation boundaries. Transductive
approaches mitigate this problem by exploiting also the distribution of the
unlabeled data. Those approaches are typically based on manifold learning
to propagate a ranking score or the class-posterior on the manifold of images
(39, 42, 43, 44]. Other approaches define a generative model that uses the
unlabelled data to measure the relevance between query image and database
images [45]. We refer to [9, 46] for further references to RF-based CBIR
schemes.

In this article, we propose a new CBIR system based on RF. Our system
exploits feature representations for the images given in terms of first-order
statistics computed from NSCT. This approach indeed guarantees a better
preservation of the main cues of the images as NSCT is a flexible multi-scale,
multi-directional and shift-invariant image decomposition method. After the
feature extraction phase, an unsupervised approach based on the Maximal
Information Compression Index (MICI) is adopted to select a subset of op-
timal features, which reduces the dimensionality of the data and implicitly
suppresses part of the noise [28]. We then employ a transductive, graph-based
ranking approach that exploits the RF information. It relies on a sparse graph
representation in which the database images and the query image are nodes
and edge weights are expressed in terms of the Euclidean distance between
the image’s feature abstractions. Following [42], ranking is initially carried
out by a simple k-nearest-neighbor approach, while the subsequent rankings,
which account for the user’s feedback, are given according to the probability
that a random walk starting from a node in the graph will reach a relevant
image before hitting a non-relevant one. Extensive experiments using the
proposed NSCT-based features and this graph theoretic RF mechanism on
three different databases show the superiority of our proposed method over
different recent approaches.

The rest of the manuscript is organized as follows: Section 2 introduces
the non-subsampled contourlet transform, which will be adopted in the pro-
posed approach. The detailed description of the feature representation used
and the graph-theoretic RF mechanism are explained in Section 3 and Sec-
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Figure 1: (a) Non-subsampled Pyramid Filter Bank: Three-stage decomposition. (b)
Four-channel NSDFB constructed with two-channel fan filter banks.

tion 4, respectively. The proposed CBIR system is described in Section 5.
Section 6 is devoted to the experimental evaluation. Finally, in Section 7 we
draw conclusions and discuss some future extensions of the work.

2. Non-Subsampled Contourlet Transform (NSCT)

In this section, we briefly describe the non-subsampled contourlet trans-
form, which will be adopted in our system to devise a proper image repre-
sentation.

NSCT is a fully shift-invariant, multi-scale, and multi-direction expansion
with fast implementability [20]. As opposed to the contourlet transform,
which is not shift-invariant due to the presence of down-samplers and up-
samplers in both the Laplacian pyramid and Directional Filter Bank (DFB)
stages, NSCT achieves the shift-invariance property by using non-subsampled
pyramid filter banks and non-subsampled DFB.

2.1. Non-Subsampled Pyramid (NSP) filter bank

NSP is a shift-invariant filtering structure that leads to a subband decom-
position that resembles the Laplacian pyramid, which ensures the multi-scale
property of the NSCT. As shown in Figure 1, it is constructed by using two-
channel non-subsampled 2D filter banks, which produce a low-frequency and
a high-frequency image at each NSP decomposition level. Filters at sub-
sequent stages are obtained by upsampling the low-pass filters at the first
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Figure 2: Non-subsampled contourlet transform (a) NSFB structure that implements the
NSCT. (b) Idealized frequency partitioning obtained with the proposed structure.

stage. As a result, NSP can result in k + 1 sub-images, which consist of one
low-frequency image and k high-frequency images whose sizes coincide with
the source image, k being the number of decomposition levels. Figure 1(a)
gives the NSP decomposition with k = 3 levels.

2.2. Non-Subsampled Directional Filter Bank (NSDFB)

The NSDFB is constructed by eliminating the downsamplers and up-
samplers of the DFB and by upsampling the filters accordingly [20]. This
results in a tree composed of two-channel NSFB, described in Figure 1(b) (4
channel decomposition). At each stage of the NSP, the NSDFB allows a de-
composition into any number of 2! directions, [ being the number of levels in
the NSDFB. This provides the NSCT with the multi-direction property and
offers precise directional information. The combination between NSP and
NSDFB is depicted in Figure 2(a). The resulting filtering structure approx-
imates the ideal partition of the frequency plane displayed in Figure 2(b).
Differently from the contourlet expansion, the NSCT has a redundancy given
by r=1+ Z?zl 2%, where ¢; is the number of levels in the NSDFB at the
jth scale. We refer to [20] for further details about NSCT.

Among the different MGA tools NSCT has better frequency selectivity
and regularity, as well as it is a flexible multi-scale, multi-directional, and
shift-invariant image decomposition method [47]. NSCT coefficients are ca-
pable of capturing the fine details present in the image, which is essential
in CBIR, as natural images are full of subtle image information. Moreover,



it is widely accepted that the human visual system bases its perception on
multiple channels that are tuned to different ranges of spatial frequencies
and orientations. Measurements of the receptive fields of simple cells in the
primary visual cortex revealed that these channels exhibit approximately a
dyadic structure [48]. This behavior is well matched by NSCT decomposi-
tion. These facts motivate the use of NSCT to construct the image signatures
in the proposed CBIR system.

3. NSCT based Image Representation

An efficient representation of images usually leads to improvements in
terms of storage, computational complexity and performance of image pro-
cessing algorithms. One way to obtain such representations is by means of
image transformation methods. Conventional transformation methods such
as Fourier transform and wavelet transform suffer from discontinuities in im-
ages like the one introduced by edges. To overcome this problem, we adopt
the NSCT method described in the previous section, which exhibits a larger
degree of shift-invariance and anisotropy as well as better directional decom-
position and frequency localization.

Before extracting the NSCT-based features, we map the RGB images to
the CIE Lab color space in order to deal with a color metric that better
matches the human perception [49]. This is important as human will play a
key role during the retrieval phase. Moreover, by decoupling the brightness
intensity and the chromatic channels we ensure an independence between
textural and color characterizations. Indeed, the NSCT decomposition over
the intensity channel (L) captures the texture information, while the same
decomposition over the chromatic coordinates (a and b) characterizes color
information. Texture and color information are extracted by using NSCT on
the Lab channels with a 4 level (1, 2, 4, 4) decomposition. This decomposition
configuration provides for each image in the database 11 (=142 + 4 + 4)
subbands per channel (in total 33 subbands per image). We consider a 4-
level NSCT decomposition because the Peak Signal to Noise Ratio (PSNR),
which measures the quality of the reconstructed image, does not improve
significantly when the level of decomposition is greater than 4. Consequently,
the designed level provides a good compromise between having a low loss of
information and a compact feature-representation. Note that this empirical
evidence is not new, as it was already mentioned in [50]. Each subband

S/, 0 < 7 < 33 is then summarized in terms of its mean (f7_, ), standard



deviation (f7,) and energy (f7....) as follows:
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where, S/ = represents the NSCT coefficient at the spatial location (m,n)

of the subband S/, begin a h x w-dimensional matrix. Finally, each image
I in the database is abstracted in terms of a feature vector comprising the
aforementioned statistics for each subband. This yields the following 99-
dimensional vector:

I 1 33 1 33 1 33
f = (fmean? ++*y Jmean> fstd? o Jstdoy fenergy? Tt energy) : (4)

3.1. Features selection

The success of the image recognition task depends on the feature rep-
resentation adopted. Large feature vectors are prone to contain helpful in-
formation, but on the other side an excess of poorly informative features
can interfere with the positive outcome of the learning algorithm. Moreover,
from a computational perspective, large feature representations increase the
recognition complexity. For this reason, a good practice consists in trying to
reduce the feature space in a way to ideally preserve only the most informa-
tive features (feature selection).

In our work, we retain the relevant NSCT features by adopting a feature
selection algorithm based on the Maximal Information Compression Index
(MICI) [28]. This unsupervised method does not rely on searching tech-
niques, thus avoiding over-consumption of calculation time, but it removes
redundancies among the features by evaluating their mutual dissimilarity in
terms of MICI. In details, given two random variables x and y, let ¥ be their
covariance matrix with entries .., ¥,, and X,, = ¥,,. The value of MICI
for x and y is defined as the smallest eigenvalue \o(z,y) of the covariance
matrix Y, which is given by

1
Yo, 4) = 5 [Saw + Ty = 1/ (B — Tp)? +452, | (5)

8



The value of \y(x,y) is zero when the features represented by z and y are lin-
early dependent (hence, similar) and it increases as the degree of dependency
decreases. The algorithm clusters the features into homogeneous groups by
exploiting this MICI-based feature dissimilarity and retains a representative
feature for each cluster. The set of representatives forms the reduced set of
features and its size is controlled by a user-defined parameter (see [28] for
further details).

_I .
Hereafter, we denote by f the reduced NSCT feature vector associated
to image I, obtained after the application of the aforementioned feature
selection procedure.

4. Graph based image re-ranking

Human perception of image similarity is subjective, semantic- and task-
dependent. Hence, a CBIR system cannot deliver satisfactory results in
general by relying merely on features extracted in an unsupervised way, but
the user has to be incorporated in the retrieval loop as a source of feedback.
By doing so, the system can iteratively adapt the query results to meet user-
specific requirements.

The solution that we adopt has been proposed in [42] and consists in a
random-walk-based re-ranking algorithm that relies on a graph abstraction
of the images dataset. Let V = {0,...,n} and let Z = {[,}.cy be a set of
n + 1 images, I being the query image. We represent our image database
in terms of a (edge-weighted) graph G = (V, E,W), where V is the set vertices
corresponding to image indices and & C V x V is a set of edges, each one
being augmented with a nonnegative weight. The weights are provided by
the n x n matrix W = (W,;), where each entry W;; holds the weight of edge
(1,7) € € or zero if (i,7) ¢ €. In our specific case, we use a Gaussian kernel
function to determine similarities among pairs of images abstracted in terms
of the reduced NSCT features, i.e.,

77

2 Y

W;; = exp >

where the variance o2 determines the similarity scale level. The Laplacian
matriz L of graph G is defined as L = D — W, where D is a diagonal matrix
having diagonal entries D;; = ) ey Wij-
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The user, who issues the query, can determine whether any image in the
database is relevant or not. We denote by ¢; € {0,1}, i € V, the feedback
that the user would give to the ith image, namely p; = 1 if the image is
relevant and ¢; = 0 if it is non-relevant. Clearly, we always assume the
query image itself to be relevant, i.e., pg = 1. At each feedback iteration
t > 0, the user is given the opportunity to indicate which images among the
provided ones are relevant for the query. By doing so, the system gathers
more and more information about the relevancy of the images in the database.
We denote by £ C V the indices of images that have been labelled as
relevant /non-relevant by the user up to the tth feedback round. Initially,
only the query image is labelled, i.e., £(© = {0}, and the set of labelled
images can never shrink as the number of feedback rounds increases, i.e.,
LD C LW for all t > 0.

Consider now a generic feedback round ¢t > 0. The idea behind the re-
ranking algorithm is to determine for each image I;, j € V, the probability 7;
that a random walk on graph G starting in j will reach a relevant image before
hitting a non-relevant one. The ranking can then be obtained by sorting the
images in decreasing order of m;. If we assume the transition probability
between two vertices (7, j) € £ of the graph G to be proportional to the edge
weight W,;, the (column) vector of probabilities @ = (m,...,m,)" can be
determined as the solution of the following convez, quadratic optimization
problem [42]:

minimize 'L
s.t. T, = @i Vi € E(t) (6)

Without loss of generality, assume the labelled images to have the smallest
indices in V, i.e., £L = LY = {0,...,m}, in a way to allow the following
decompositions for L and 7 into parts involving labelled (L) and unlabelled

(U) images:
Lo Liv T
L - T =
Ly, Luu Ty .

Given this reordering of the indices, the solution 7v* of (6) can be easily found
by solving the following system of linear equations:

Lyymy = —Lyrmy, . (7)

The system is nonsingular if the graph is connected or if every connected com-
ponent contains a labeled image [51]. By applying some sparsifying strategy

10



on graph G, the system can be efficiently solved also in case of large-scale
image datasets. Once my and thus 7r is computed, we can sort the images
in decreasing order of m; to get the most relevant images ranked first.

Interestingly, the minimization problem in (6) is a combinatorial formu-
lation of the Dirichlet problem [52], i.e., the problem of finding an harmonic
function 7(-) that satisfies the Laplace equation V21 = 0 subject to some
boundary conditions 7(z) = ¢(x) for all x € 2 and some fixed function ¢.
The harmonic function that satisfies the boundary conditions minimizes the
Dirichlet integral D(r) = 5 [, [Vu|?dQ, for the Euler-Lagrange equation for
D(-) gives the Laplace equation. Translated into a graph setting, we have
that the function m : V — R assigns values to vertices of the graph (so 7
can be regarded as a vector ) and the boundary conditions are fixed val-
ues of m; = ¢; on a subset of vertices ¢+ € 2. In our case (2 is the set of
labelled images £® and ¢; is the feedback for the ith image. Under this
discretized setting, the Dirichlet integral is given by w 'L, if we take the
Laplacian matrix L as the combinatorial Laplacian operator. Accordingly, its
minimization under the boundary constraints, i.e., the solution to (6), gives
the solution to the (combinatorial) Dirichlet problem.! More details about
the connection to the combinatorial Dirichlet problem and other connections
to discrete potential theory are discussed in [52].

5. Summary of the algorithm

In this section we summarize the algorithm underlying our CBIR system
with relevance feedback. We start by preprocessing the database of images as
follows. We convert each image I in the database into a NSCT feature f! as
detailed in Section 2. By applying the feature selection criterion described in
Subsection 3.1, we determine a reduced set of NSCT features, which allows
us to lower the dimensionality of the data. As a result, each image I will be

associated to a reduced feature vector TI. Next, we pre-construct a graph
Go = (V\ {0}, £,W) having images as vertices and edge-weights representing
the similarity of two images computed in terms of the distance between their
reduced NSCT feature vectors. The graph construction procedure follows
the description in Section 4 with the only exception that we do not consider
the query image yet (indeed we excluded 0 from the vertex set).

!Note that the conditions 0 < 7; < 1in (6) are actually superfluous, for they are always
satisfied as long as 0 < ¢; < 1.
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When the user performs a query by presenting an image [y, we convert it
into a reduced NSCT feature vector and we connect it to graph Gy, obtaining
graph G = (V, £, W) defined in Section 4. The initial query result consist of s
images being the most similar to the query image. Here, s is a user-defined
parameter that determines the size of the query result set. The user is then
given the opportunity of refining the query result by providing a feedback,
which consists in marking the relevant images. The feedback is used by the
system to setup the optimization problem in (6). Once the solution 7 is
computed by simply solving the linear system of equalities in (7), the images
are re-ranked in decreasing order of m; and the s best ranked images are
returned to the user. This process is reiterated until the user is satisfied with
the query result.

6. Experimental Results

We conduct extensive experiments to evaluate the performance of the pro-
posed CBIR system with relevance feedback. We compare the performance
of our system with several state-of-the-art CBIR systems. This section is
organized as follows. We present the experimental setup in Subsection 6.1
and we motivate in Subsection 6.2 our preference for the CIELab color space
as opposed to RGB and YCbCr. In Subsection 6.3, we determine the optimal
number of NSCT features that should be retained by the feature selection
algorithm presented in Subsection 3.1. In Subsection 6.4 and 6.5 we report
qualitative and quantitative experimental results, respectively, obtained by
our system against other approaches on three different datasets. Finally, in
Subsection 6.6 we compare the execution time of the evaluated methods.

6.1. Experimental setup

We evaluate the proposed CBIR system on images taken from three pub-
licly available image datasets. They are organized into semantic categories
in a way to reflect the human perception of image similarity. Details of the
datasets are given below:

e ImgDbl. This is the SIMPLIcity dataset [53]. It consists of 1000
images uniformly divided into 10 categories.

e ImgDb2. This is the Oliva dataset [54], which consists of 2600 im-
ages organized into 8 categories with a number of images per category
ranging from 260 to 409.

12



e ImgDb3. This is a subset of the Caltech 256 dataset [55], obtained by
randomly selecting 100 categories and 25 images per category. In addi-
tion, we created 10 copies of each image corrupted with a different type
of noise: 5 images are rotated copies (with degree in {—10, —5,0,5,10}),
the remaining 5 instances are respectively a smoothed copy with a cir-
cular averaging filter (radius 5 pixels), a blurred copy with camera
motion blur (length 9 pixels), a copy corrupted with salt-and-pepper
noise (probability 0.05), a copy corrupted by white noise (variance 0.01)
and finally a copy corrupted by speckle noise (variance 0.04). In total,
we have 25000 images.

Our system uses a 4-level NSCT decomposition as described in Section 3
using the CIELab color space. Our choice for the Lab color space has been
motivated by the analysis conducted in Subsection 6.2. The feature selection
phase has been tuned according to the procedure presented in Subsection 6.3.
The performance on each database is evaluated by considering each image
as the query image and by measuring the average classification precision (P)

and recall (R) defined as:

Nrir R— Nrir

"~ Nrir + Nirir ~ Trip

where, Ngrg is the number of relevant images retrieved, Nigrr is the number
of irrelevant images retrieved and Tg;p is the total number of relevant images
in the database.

6.2. FEffect of color space transformation

In this experiment, we evaluate the quality of the NSCT-based low-level
features computed using different color spaces, namely RGB, YCbCr and
CIELab. Figure 3(a)-(c) shows the retrieval performance obtained with the
different color spaces on the datasets mentioned before in terms of average
precision/recall at varying scope sizes, i.e., the number of images returned
by the query, namely 20, 40, 60 and 100. The results show that the CIELab
color space outperforms the other ones on all the databases. This is probably
due to its perceptual uniformity property, while RGB and YCbCr suffer from
color closeness which is not supported by the human visual system [56]. The
advatage of adopting the CIELab color space will be evident also in the
quantitative experiments of CBIR with relevance feedback that we conduct
in Subsection 6.5.

13
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Figure 3: Average Precision Vs Average Recall Graph for Different Color Model (RGB,
YCbCr and CIELab) (a) ImgDbl (b) ImgDb2 (c) ImgDb3

6.3. Feature Fvaluation

In this section, we tune for each dataset the number of features that should
be selected by the algorithm presented in Subsection 6.3. The idea is to select
the number of features that allows for the best category discrimination. To
this end, we train a multi-class Least-Squares Support Vector Machine (LS-
SVM) classifier using a one-versus-one strategy with a 10-fold cross-validation
on the parametrization. A share of 60% labelled samples from the datasets
forms the training set, while the remaining 40% is reserved for the test set.
We evaluate the performance of the classifier using different shares of selected
features (20%, 40%, 60% and 100%) in terms of misclassification error on each
dataset (ImgDb1-3). According to the results reported in Figure 4, we can
clearly see that the feature selection step has an impact on the performance.
The best results are achieved with a share of 60%, 40% and 20% features
on ImgDb1, ImgDb2 and ImgDb3, respectively. Hence, the feature selection
algorithm will be tuned for the subsequent experiments in a way to return
the optimal shares of features that we found for each dataset.

6.4. Qualitative Results

In Figures 5-7 we provide a sample query from each dataset before and
after some feedback steps. Figure 5(a) shows the initial retrieval results
obtained on ImgDbl dataset. Here, the top-left image is the query image.
As it turns out, 17/20 images are from the same class “flower” and have an
appearance similar to the query flower. The remaining ones are misclassified
images from the class “food”, which mostly arise due to the prominent role
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Figure 4: Results obtained on three datasets with a LS-SVM trained considering different
share of features.

of the color feature in both the flower and food classes. Nevertheless, also the
shape component is partially causing the misclassification, for some erroneous
images do have a flower like shape (see,e.g., bottom-right image in (a)). After
1 feedback iteration only 1 error remains, while we achieve 100% accuracy
within the 8th feedback iteration.

Figure 5: Retrieval results on ImgDbl with the query image in the top-left corner. (a)
Initial result (85% accuracy) (b) 1st iteration (95%) (c) 8th iteration (100%)

Figure 6(a) shows the initial retrieval results obtained on ImgDb2 dataset.
Here, 15/20 images are similar to the query image (top-left), while 5 images
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are from different classes. Also in this case, the color cue plays an important
role (e.g., color of road and sky), After the first human intervention (see
Figure6(b)), the results are improved by reducing the errors to just 3. We
achieve 100% accuracy within 4 iterations as shown in Figure 6(c).

Figure 6: Retrieval results on ImgDb2 with the query image in the top-left corner. (a)
Initial result (756% accuracy) (b) 1st iteration (85%) (c) 4th iteration (100%)

Figure 7(a)-(c) shows the retrieval results obtained on ImgDb3 using a
guitar query image. The proposed algorithm retrieves both images that rep-
resent similar guitars as well as images of the same guitar that have been
corrupted (e.g., blurred and rotated), thus demonstrating the robustness of
the method to different types of noise. In this case, the distinctive feature is
shape and not just color. We experience a high misclassification rate in the
initial retrieval result (45%), which decreases to 20% after 1 iteration and to
15% after 4 feedback rounds.

Finally, Figures 8, 9 and 10 show the results of a sample query on ImgDb1
obtained by our approach, by the Ego Similarity Measure (ESM) [57] and by
the Semi-Supervised Learning (SSL) approach of Yang et al. [58]. Both ESM
and SSL are recent approaches for CBIR with relevance-feedback: SSL is a
state-of-the-art, graph-based ranking mechanism that is closer in spirit to
our method thus being a direct competitor, whereas ESM is among the most
recent approaches based on a weight-updating scheme. As we can see from
the plots, our approach achieves the best accuracy (90%) already after the
first iteration, followed by SSL with 85% and ESM with 80%. Also in terms of
ranking quality, our approach outperforms the competitors, for the first error
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Figure 7: Retrieval results on ImgDb3 with the query image in the top-left corner. (a)
Initial result (55% accuracy) (b) 1st iteration (80%) (c) 4th iteration (85%)

3
=
S

i“
e
P

(a

3 |z.@_:« Mﬂn -

N

appears at the 17th position compared to the 4th and 9th position of ESM
and SSL, respectively. After 4 feedback iterations, our approach achieves
the highest accuracy and the best ranking quality compared to ESM and
SSL, which in turn obtain an accuracy of 85% and 90%. It is interesting
to noice that most of the errors are in favor of the “African people” and
“building” class, probably due to the presence of color combinations or edge
distributions, that resemble the ones of the typical bus images.

6.5. Quantitative results

We conduct in this section some quantitative experiments to show the
effectiveness of our approach.

In the first place we do not involve the user in the retrieval loop and,
therefore, we simply measure the quality of the initial retrieved set of images.
To the sake of comparison, we evaluate our approach on ImgDb1 against the
following approaches:  [53], [59], [60], [61] and [62]. Note that we limit
the analysis under this setting to ImgDb1 because no score was reported for
the other two datasets in the competitors’ papers. We report the average
precision obtained on 10 random queries per class (in total 80 queries) with
a scope size of 20 images. As we can see in Figure 11, our approach gives
an overall satisfactory performance compared to the other state-of-the-art
approaches. We outperform the competitors in 6/10 classes and obtained
comparable results on the “Dinosaurs” class. As for the remaining classes,
we never fall below 50% and we exhibit on average a good performance.
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Figure 8: Retrieval results on ImgDbl obtained by our approach with the query image
in the top-left corner. (a) Initial result (80% accuracy) (b) 1st iteration (90%) (c) 4th
iteration (100%)

Figure 9: Retrieval results on ImgDbl obtained by ESM with the query image in the
top-left corner. (a) Initial result (80% accuracy) (b) 1st iteration (80%) (c) 4th iteration
(85%)
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Figure 10: Retrieval results on ImgDbl obtained by SSL with the query image in the

top-left corner. (a) Initial result (80% accuracy) (b) 1lst iteration (85%) (c) 4th iteration
(90%)
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Figure 11: Comparisons with other existing CBIR systems in terms of average precision
on ImgDb1
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We conduct a second experiment on all datasets involving also the rel-
evance feedback. We compared our approach against the ESM and SSL
relevance feedback methods mentioned in the previous section, considering
a scope size of 20 images. In Figures 12(a)-(c) we report the results ob-
tained by our approach, ESM and SSL in terms of average precision with
respect to 10 random queries per image category. Moreover, we compare
the performance of the three approaches by varying also the starting color
spaces, namely CIELab, RGB and YCbCr. All approaches start from the
same baseline in terms of the initial query result, which is obtained from
the NSCT-based representation proposed in this paper. This gives indeed a
good starting point when we consider the CIELab color space with an average
precision above 60%, whereas the starting performance is lower with RGB
and YCbCr. This gap in performance between the color spaces is consistent
with the preliminary experiment that we conducted in Subsection 6.2. Our
relevance feedback mechanism outperforms the competitors on all the exper-
iments conducted. In general, the results on small datasets involving less
categories like ImgDb1 are better in absolute terms that the one obtained
on larger ones like, e.g., ImgDb3. Nevertheless, the improvements deriving
from the user’s feedback in our method are around 25% for all datasets when
we consider the CIELab color spaces. The performances are get worse when
we move from CIELab to YCbCr and RGB. As for the competitors, we have
that SSL outperforms ESM, thus highlighting the superiority of graph-based
ranking mechanisms over the simpler weight-updating schemes.

6.6. Running Time

The experiments have been conducted with Matlab 2012b on a Windows
7 machine equipped with an Intel i7-2600 CPU 3.40 GHz and 4Gb of RAM.
In this section we report the query time, which is an important component
since the relevance feedback algorithm will be run several times between user
interactions.

In Figure 13, we report the average execution time in seconds of each
approach on the different datasets with the NSCT-based features as a func-
tion of each relevance feedback round. Our approach is slightly slower than
ESM, but faster than SSL. It is worth mentioning, however, that our current
implementation employs a rather dense graph representation for the image
datasets. In [42], it is indeed shown that sparsifying the graph allows to have
a performance boost both in terms of execution time and accuracy.
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7. Conclusions

In this paper, we presented an efficient interactive CBIR system with
relevance feedback, which is based on NSCT features that allow to capture
geometrical information about the images. To enhance the retrieval accuracy,
we performed feature selection using an unsupervised algorithm. The new
reduced feature abstractions are used to retrieve similar images from the
dataset, given a query image. In addition, we employed a random-walk-based
method to incorporate a relevance feedback mechanism and thus better fit
the retrieval results to the user’s needs.

Experimental evaluations of the proposed framework have shown that
our approach is effective and improves the retrieval performance of CBIR
systems significantly compared to other state-of-the-art methods. In more
details, the adoption of a feature representation, which derives from a flex-
ible multi-scale, multi-directional and shift-invariant image decomposition
method like NSCT, endows our system with the ability of capturing simi-
larities within images in either shape or color cues also in the presence of
changes in scale, rotation and translation. The experiment on CBIR with-
out user intervention that we have reported in Figure 11 showed how this
feature abstraction choice allows to achieve good performances on classes of
images like,e.g., horses and elephants, where both color and shape cues play
an important role. At the same time, it also showed encouraging discrimi-
nant capabilities on classes of images that exhibit a larger variability in either
cues like, e.g., buildings and food. Part of the efficacy of the method is also
due to the feature selection step, which in our case was based on MICI. As
one can read from the experiment we conducted in Figure 4 on a supervised
classification task, this step contributes by reducing the dimensionality of
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the feature representation in a way to keep the positive signal and remove
redundancies that might negatively affect the subsequent retrieval process
in terms of quality of the result and execution time. Finally, a graph-based
ranking system has been proposed to include the user in the retrieval loop
in order to reduce the semantic gap. The quantitative experiments on CBIR
with relevance feedback that we have conducted on three different datasets,
and reported in Figure 12, have shown that the proposed ranking mechanism
effectively exploits the user’s feedback to improve the quality of the retrieved
set of images on all settings we considered.

The content-based image retrieval system can be adapted also for video
retrieval. To this end, our future research efforts will be geared towards
incorporating motion information in the proposed pipeline to allow for an
effective exploitation of the temporal dimension.
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