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a b s t r a c t

Recently, various learning to rank approaches have been proposed in the information

retrieval realm, with their promising performance in general document and web page

retrieval applications. Based on these achievements, in this paper, we investigate and

discuss whether learning to rank approaches can be adapted to content-based image

retrieval (CBIR). Given the complex structure of image representation, it is also

challenging how to design visual features for learning to rank algorithms that not only

scale up well, but also model various visual modalities and the spatial distributions of

local features. We answer this question by introducing some scalable visual-based

ranking features for learning to rank. Specifically, we firstly adopt several well

performed ad hoc ranking models to generate the bag-of-visual-words-based ranking

features. Besides, images are divided into different salient regions and spatial blocks,

respectively, and ranking features are extracted from each region and block. Finally,

image global features-based similarities are also concatenated with the existing ranking

features. Extensive experiments with three state-of-the-art learning to rank algorithms

are performed over four popular image retrieval databases, together with some

insightful conclusions to facilitate the adaptation of learning to rank approaches

to CBIR.

& 2012 Elsevier B.V. All rights reserved.
1. Introduction

In recent years, various learning to rank algorithms
have been proposed in information retrieval field and
achieved promising performance in document and web
page retrieval applications. The objective of this work is to
present an extensive study of learning to rank approaches
to the content-based image retrieval (CBIR) problem
[1–3], i.e., searching the images that are perceptually
similar to the query one based on the visual information.
Inspired by the success in text-based document retrieval
techniques, where an inverted indexing structure is built
ll rights reserved.

il.com (B. Geng),

(H. Liu).
to obtain a high-efficiency searching, bag-of-visual-words
(BOV) representation is designed to represent an image
that is analogous to the text-based document structure
and widely used in CBIR applications [3–8]. Therefore,
various text-based document information retrieval tech-
niques [9], such as vector space model, language model
and Okapi-BM25 can be readily available to CBIR.

There are two key issues which affect the performance
of BOV-based CBIR applications. The first is how to select
a robust ranking model from so many mature text
information retrieval techniques for CBIR [10,11]. Certain
ranking models may be more effective for some image
databases, and less effective for others. There is no single
ranking model that is consistently superior to the others.
Besides, since many kinds of visual features are designed
and could be utilized to boost the performance, visual
features selection is another key issue in CBIR. It is
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desirable to conduct image retrieval with different fea-
tures under different ranking configurations and combine
their results together to obtain an optimal ranking list.
However, since these retrieval approaches provide het-
erogeneous types of outputs, it is not easy to conduct such
combination directly.

Learning to rank approaches are suitable to address this
problem and can effectively combine the results from differ-
ent features and ranking models [12]. Firstly, a set of queries
and their associated images, including the relevance degrees
are provided to the learning algorithm. These data are used to
train a ranking function that could be used in the prediction.
When a new query image is given, one database image’s
relevance degree to the query image is computed with its
ranking feature, as well as the learned ranking function.

In this paper, by reviewing the progress of learning to
rank approaches in text information retrieval, we investigate
the ranking abilities of existing learning to rank algorithms in
CBIR applications. Based on the existing ranking features in
text information retrieval, we carefully design scalable rank-
ing features for images from four different perspectives. The
first set features are BOV-based ranking features which are
ranking scores derived from several ad hoc ranking models.
Since ranking features in text information retrieval are
always derived from different fields of documents, such as
title, abstract, and body, we divide images into several
regions according to their salient degrees to generate image
‘‘fields’’, and BOV-based ranking features are extracted from
each image ‘‘field’’. Besides, inspired by works in spatial
pyramid matching [13], we design ranking features with a
spatial pyramid manner to best preserves the image’s spatial
information, meanwhile brings little computational cost to
the system. Specifically, we split the image into blocks with
different sizes from coarse to fine. For each block, BOV-based
ranking features are computed and all the blocks’ features are
concatenated. Finally, image similarities of global features are
adapted as a supplement to the BOV-based features. To keep
the system’s scalability, the global features are converted into
binary codes with LSH [14] for efficient similarity computa-
tion. Global features are also embedded into low dimensional
features with linear multiview embedding (LME) [15] to
compute the visual PageRank [16] of database images. With
these ranking features, extensive experiments are performed
with three state-of-the-art learning to rank approaches on
four different image retrieval datasets, where the results
provide some useful conclusions for further applications. In
addition, the effectiveness of feature selection and feature
dimension reduction of visual ranking features are also
evaluated.

The rest of the paper is organized as follows. In Section
2, we discuss the learning to rank problems and introduce
three representative algorithms evaluated in our experi-
ments. In Section 3, we elaborate the designed visual
ranking features in detail. A comprehensive evaluation of
learning to rank algorithms for CBIR is conducted in
Section 4. Section 5 finishes the paper with a conclusion.

2. Learning to rank problems

In recent years, more and more machine learning
technologies have been used to train the ranking model,
and a new research area named ‘‘learning to rank’’ has
gradually emerged [17]. In general, most of the state-of-
the-art learning to rank algorithms learn the optimal way
of combining features extracted from document and
query through discriminative training. According to the
hypotheses and data used in model learning, [17] classi-
fies the learning to rank algorithms into three categories:
the pointwise approach, the pairwise approach, and the
listwise approach.

2.1. The pointwise approach

The pointwise approach utilizes existing machine
learning technologies, such as regression, into ranking
problem and predict each document’s relevance degree
directly, although this may not be correct when the target
is to generate a ranking list of a set of documents.

Perceptron-based Ranking (PRank) is one famous algo-
rithm in pointwise approach [18]. The goal of PRank is to
find a direction defined by a parameter vector w, after
projecting the documents onto which one can easily use
thresholds to distinguish the documents into different
relevant degrees. This goal is achieved by an iterative
learning process. On iteration t, the learning algorithm
gets an instance xj associated with query q and predicts
ŷj ¼ arg minkfw

T xj�bko0g. Given the ground truth label
yj, if the algorithm makes a mistake by predicting the
category of xj as ŷj instead of yj, then there is at least one
threshold, indexed by k, for which the value of wT xj is on
the wrong side of bk. To correct the mistake, PRank moves
the value of wT xj and bk toward each other.

Since the input data in the pointwise algorithm is a
single document, the relative order between documents
cannot be naturally considered in the learning process.
Given this problem, the pointwise approach can always be
a sub-optimal solution to ranking.

2.2. The pairwise approach

The pairwise approach does not focus on accurately
predicting the relevance degree of each document, it cares
about the relative order between two documents. In these
algorithms, the ranking problem is reduced to a classifica-
tion problem on document pairs. That is to say, the goal of
learning is to minimize the number of miss-classified
pairs. One of the most famous pairwise approach is
RankSVM [19].

For a set of training documents as fxig
m
i ¼ 1 2 Rn, assume

that the preference relation that xi is preferable to xj is
denoted by xi � xj, the goal of ranking learning is to
induce a ranking function f : Rn-R under a set of
constraints

8xi � xj : f ðxiÞ4 f ðxjÞ: ð1Þ

The value of f ðxiÞ is known as the ranking score of xi.
We assume f to be a linear function. In that case, we have
f ðxiÞ ¼wT xi. Just like in classification SVM, an approxi-
mate solution can be obtained by introducing a nonnega-
tive slack variables xij and minimizing the upper bound of
the ranking loss

P
xij. Formally, the optimization problem
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of RankSVM is defined as follows

min
w,x

1

2
wT wþg

X
i,j

xij,

s:t: 8xi � xj : wT xiZwT xjþ1�xij,

8i,j : xijZ0, ð2Þ

where g is a parameter that allows trading-off margin size
against training error. We could rearrange the constraints
in Eq. (2) as

8xi � xj : wT ðxi�xjÞZ1�xij, ð3Þ

the optimization problem becomes equivalent to a classi-
fication SVM on the feature differences of pairwise exam-
ples. Therefore, it can be solved using algorithms similar
to those used for SVM classification. Assume that wn is the
solution that optimizes Eq. (2). For a set of new docu-
ments, we can obtain the ranking score for each by

f ðxÞ ¼wnT x, ð4Þ

and then rank them according to their scores.

2.3. The listwise approach

In the listwise approach, the input space contains the
entire group of documents associated with query q, e.g.,
x¼ fxjg

m
j ¼ 1, and the output space contains the ranked list

of the documents. Thus, the loss function for this category
methods measures the inconsistency between the ranking
list derived from the ranking model and the ground truth
ranking list py.

ListNet [20] is one representative algorithm of this
category. In ListNet, it first defines the permutation (i.e.,
ranking list) probability distribution based on the scores
of ranking function f with Luce model [21]. Given the
ranking scores of the documents outputted by scoring
function f, i.e., s¼ fsjg

m
j ¼ 1, where sj ¼ f ðxjÞ, the Luce model

defines a probability for each possible permutation p of
the documents based on the chain rule as follows:

Pðp9sÞ ¼
Ym
j ¼ 1

jðsp�1ðjÞÞPm
u ¼ j jðsp�1ðuÞÞ

, ð5Þ

where p�1ðjÞ denotes the document ranked at the jth
position of permutation p, and j is a transformation
function. With the Luce model, ListNet also defines
another permutation probability distribution PyðpÞ based
on the ground truth label. Then the ListNet ranking loss is
defined as the K–L divergence between these two dis-
tributions

Lðf ;x,pyÞ ¼DðPðp9jðf ðw,xÞÞÞ99PyðpÞÞ: ð6Þ

A neural network model is employed in ListNet, and the
gradient descent approach is used to minimize the K–L
divergence loss.

2.4. Training complexity

For pointwise approach, the training complexity is
roughly proportional to the number of documents. For
example, for n documents with k labels, training complex-
ity of each iteration in PRank is O(nk). For pairwise
approach, the training complexity is proportional to the
number of pairs, i.e., Oðn2Þ. For listwise approach, such as
ListNet, the training complexity is in the exponential
order of n, because the complexity of evaluation of the
K–L divergence loss for each query is Oðn!Þ, which is
intractable for practical applications. To resolve this
problem, a top-k version of the K–L divergence loss is
introduced in ListNet [20], which reduces the training
complexity from n-factorial to the polynomial order of n.

Intuitively, pairwise approach and listwise approach
model the ranking problem in a more natural way than
the pointwise approach, and thus can address some
problems that pointwise approach has encountered.

3. Visual ranking feature construction

To rank images for CBIR with learning to rank
approaches, one crucial issue is the construction of
feature vector x. In this paper, we generate the image
ranking features from four perspectives: ranking scores
from ad hoc ranking models (BOV-based features); salient
region-based ranking features which are designed to
mimic the features extracted from different fields in
document (salient region-based features); spatial pyramid

features extracted from blocks of images to best capture
the spatial information; and image similarities from global

features which try to capture complementary properties
among images.

3.1. BOV-based features

Since images with BOV representation are analogous
to documents, we directly transfer a set of ranking
features from learning to document rank into image
ranking features. The first part of 12-dimensional BOV-
based features is five ranking scores from ad hoc ranking
models including vector space model with cosine dis-
tance, Okapi-BM25 probabilistic model, and language
models with three different smooth strategies. The second
part is six statistical measurements of query image pairs,
including the number of common words, sum of term
frequency (TF)/inverse document frequency (IDF)/
TF� IDF, and maximum of TF/IDF. Word number of the
image is also one dimension of BOV-based features. This
set features are designed to mimic the most frequently
used features in learning to document rank.

3.2. Salient region-based features

Document field information plays an important role in
text information retrieval. Features from different fields, i.e.,
body, anchor, and title, have different contributions to the
final ranking performance. In image of CBIR, there is not a
clear definition of title or body, and other fields. Thus, we
resort to saliency detection method to describe the impor-
tance degree of different image regions, and define image
‘‘fields’’ according to salient degrees. For example, the most
salient region of one image may correspond to the title and
abstract of a document, while those un-salient regions may
correspond to document body.



Fig. 1. Illustration of visual ranking feature’s extraction. (a) Salient region-based features. (b) Spatial pyramid-based features.
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Specifically, for each image, its saliency map is derived
with a mature and efficient saliency detection method
[22]. Empirically, we divide each image’s visual words
into two fields: visual words contained in the top 50%
salient regions, and visual words contained in other un-
salient regions. For each field, the 12-dimensional BOV-
based features is calculated (as shown in Fig. 1(a)), the
dimensionality of salient region-based features is
2 fields� 12¼ 24.

3.3. Spatial pyramid features

Despite its simplicity and efficiency, BOV representa-
tion discards too much spatial structure information of
images. Previous works in CBIR prove that spatial infor-
mation is crucial for image retrieval and brings much
performance improvement [3,5]. Inspired by Lazebnik’s
work spatial pyramid matching [13], we propose to
extract ranking features with a spatial pyramid manner
to best preserve image’s spatial information, meanwhile
brings little computational burden to the system.

In this paper, each image is divided in two layers. The
whole image is evenly split into three rows and three
columns in the first layer. In the second layer the image is
divided into 3�3 grids. Thus, each image is converted
into 15 blocks (three rows, three columns and nine grids,
as shown in Fig. 1(b)). For each block we, respectively,
calculate the 12-dimensional BOV-based features
described above, the dimensionality of spatial pyramid
features equals to 15 blocks� 12¼ 180.

3.4. Global features-based ranking features

Besides mining the saliency and spatial information of
images, we also construct ranking features with the help
of image’s global features which provide complementary
information of images global appearance [23–26].

To improve the image matching efficiency of the high-
dimensional global features, locality-sensitive hashing
(LSH) [14] is employed in this paper to approximate the
near neighbor search in the high dimensional space. The
LSH algorithm is summarized as follows:
1.
 Given a group of hashing functions, F ¼ ff 1,f 2, . . . ,f ng,
where the atomic hashing function fi(v) accepts a D

dimensional feature v. The hashing function of LSH is
designed to approximate the cosine distance between
vectors. The basic idea of this technique is to choose a
random hyperplane (defined by a normal unit vector r)
and use the hyperplane to hash input vector v. For
example, given an input vector v and a hyperplane
defined by r, the hashing function could be
f ðvÞ ¼ sgnðr � vÞ. That is f ðvÞ ¼ 71, depending on which
side of the hyperplane v lies. Each possible choice of r

defines a single hashing function.

2.
 Randomly choose B hashing functions from F to

construct a hashing function set H¼ fh1,h2, . . . ,hBg,
which projects the D dimensional input vector to a
binary code with length of B.
3.
 Repeat step 2 L times to obtain L different hashing
function sets G¼ fH1,H2, . . . ,HLg.
Given a query image Q, which is also represented as a
D dimensional feature vector, LSH maps Q to B dimen-
sional space L times by hashing function sets obtained in
step 3. Then K nearest neighbors of Q are found by
searching the L hashing tables and comparing the ham-
ming distance between Q and the feature vectors that
have the same hashing values of Q. In our case, we set
K¼200 and assign these 200 nearest neighbors a normal-
ized score from 1 to 0 according to their similarity.

Besides computing query image similarities, we also
compute visual PageRank [16] for database images with
global features. PageRank measures dataset images’ own
importance without considering queries. Suppose Sn is
the column normalized, symmetrical adjacency matrix
where Su,v measures the visual similarity between image
u and v, the visual PageRank v PR of database images is
iteratively defined as vPR¼ Sn

� vPR, which is similar to
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web PageRank [27]. A damping factor a is added for easy
of computation. Formally, one image’s visual PageRank is
defined as follows:

vPR¼ aSn
� vPRþð1�aÞ 1

n

� �
n�1

, ð7Þ

we set a¼ 0:85 following [16]. Two kinds of similarities are
calculated in visual PageRank. The first similarity is computed
with Euclidean distance of image’s low dimensional embed-
ding, which is derived with a multiple feature embedding
algorithm LME [15] from images’ multiple global features.
Another similarity is computed as the histogram intersection
of image’s BOV representation.

Table 1 lists all the components of our proposed
ranking features for learning to rank image scheme.

3.5. Dimension reduction and feature selection

Feature dimension reduction tries to reduce the size of
features by transforming or combining the original fea-
tures. It has been shown very effective in many applica-
tions [28–30], such as face detection, but little work has
been done in ranking.

Differently, feature selection [31] is often used in learn-
ing to rank to reduce the feature size, which chooses a part
of features from raw features, and discards others. In feature
selection, two properties of each feature are defined firstly,
i.e., importance and similarity. In the computation of feature
importance, each dimension of feature is used to rank
database images and the ranking performance such mAP
or NDCG is taken as this feature’s importance. In the
computation of feature similarity between two features,
they are firstly used to rank database images individually,
the correlation of these two ranking list is then taken as the
feature similarity. With these two properties, the loss
function of feature selection is defined as to select the most
important (high importance) and representative (low
Table 1
The components of proposed ranking features.

ID Feature description

1 Vector space model score

2 Okapi-BM25 score

3 Language model with JM smooth

4 Language model with DIR smooth

5 Language model with ABS smooth

6 The number of common words

7 Sum of TF

8 Sum of IDF

9 Sum of TF � IDF

10 Max of TF

11 Max of IDF

12 9D9: visual words number

13–36 For both salient and un-salient regions, the BOV

Dimensionality: 2 � 12¼24

37–216 For each 15 blocks, the 12 BOV features are ext

Dimensionality: 15 � 12¼180

217–222 Global features similarity.

Dimensionality: 6

223–224 Visual PageRank features.

Dimensionality: 2
similarity) features. A greedy algorithm is utilized in [31]
to select features one by one from raw features.

Feature selection has been proved useful for ranking
problem. We study the effectiveness of both dimension
reduction algorithm (PCA [32] in this paper) and feature
selection for image ranking applications in experiments
section.

4. Experiments

We perform extensive experiments on four image retrie-
val datasets with three ranking algorithms to give a com-
prehensive analysis of learning to rank approaches for CBIR.

4.1. Datasets and experimental setup

Oxford5K. The Oxford5K dataset consists of overall 5062
high resolution images, which are taken at 11 different
Oxford landmarks together with some distracters. Five
queries are, respectively, selected for each landmark.

Oxford505K. We also build an Oxford505K dataset which
is composed of Oxford5K and 500 K randomly selected
unlabeled images from ImageNet dataset [33], to test the
scalability of ranking models. These 500 K images are
assumed not to contain images of the ground truth of
Oxford5K and only used as ‘‘distracters’’ for the experiments.

Paris. The Paris dataset [34] contains 6390 high resolu-
tion images of Paris landmarks. It also contains 55 queries.

NUS-WIDE. We use NUS-WIDE-OBJECT dataset [35]
which contains 31 object categories and 30,000 images
in total. We randomly select 50 images from all 31
categories as the queries for image retrieval task.

Experimental setup. All the datasets are evenly split into
five folds. We choose three folds for learning the ranking
model, one to validate the parameters, and the rest one to
evaluate the performance. We switch the fold configuration
Category

BOV-based

feature

features are extracted, respectively. Salient based

feature

racted, respectively. Spatial pyramid

feature

Global feature

Visual

PageRank
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in a round-robin fashion so that each fold is ensured to be
taken as test and validation set for once, respectively,
resulting into learning under five different configurations.
The average performance over five configurations is reported.
For the first three datasets, the image’s relevance level are
labeled as ‘‘Good’’ (perfect match), ‘‘Ok’’ (good match), ‘‘Junk’’
(partial match), and ‘‘Absent’’ (total irrelevance). For NUS-
WIDE dataset, images are labeled as ‘‘Relevant’’ and
‘‘Irrelevant’’.

Global features. For the first three datasets, six kinds of
global features are utilized, which are 225-D block-wise
color moments, 75-D edge direction histogram, 128-D
wavelet texture, 144-D Color Correlogram, 64-D Color
Histogram, and 554-D biologically inspired feature [36].
For NUS-WIDE dataset, only the first five kinds of global
features provided by their website are utilized.

Visual word generation. In the visual word generation, all
the images’ SIFT [37] features are abstracted firstly. These
features are then clustered into K classes with clustering
algorithm such as K-means or approximate K-means. After-
wards, a unique number is assigned to each clustering
centroid, and these numbers are taken as visual word. All
the clustering centroid-visual word pairs are recorded into
dictionary, which is also known as codebook. After deriving
dictionary, each SIFT features is replaced with the visual
word of the nearest clustering centroid in the dictionary, then
each image is represented as a set of visual words. In our
experiments, the dictionary size of two Oxford related
datasets are 1 M, the dictionary size of Paris dataset is
500 K, and 500 for NUS-WIDE dataset.

Evaluation metric. The performance evaluations of all
the experiments are based on two measurements, mean
average precision (mAP) and normalized discounted
cumulative gain at different rank truncation levels
(NDCG@n). mAP is one of the most frequently used
measurements to evaluate the average performance of a
ranking algorithm. mAP denotes the mean of the average
precision (AP), where the AP computes the area under
precision/recall curve with noninterpolated manner and
Fig. 2. Performance comparis
prefers relevant samples with higher rank. Since AP is
evaluated only for binary judgment, we define relevance
level 0 as irrelevant and all the other relevance degrees as
relevant for all the datasets. To measure the ranking
performance for multiple degree relevance, NDCG [38] is
proposed as a cumulative, multilevel measurement of
ranking quality, which is usually truncated at a particular
rank level. For a given query qi, the NDCG is calculated as

N i ¼Ni

XL

j ¼ 1

2rðjÞ
�1

logð1þ jÞ
, ð8Þ

where r(j) is the relevance degree of the jth document, Ni is
the normalization coefficient to make the perfect order list
with N i ¼ 1, and L is the ranking truncation level at which
NDCG is computed. In this paper, we evaluate NDCG@n by
setting the truncation level n at 10, 50 and 100.

4.2. Experimental results and analysis

Retrieval performance on four datasets is listed in Figs.
2–4 and Table 2. For the first three datasets, performance of
proposed features is compared with the best performed
single model (VSM), BOV features (BOV), BOV features with
saliency detection (BOVþSal), BOV features with saliency
detection as well as spatial pyramid (BOVþSalþSP). NDCG
with different truncation levels and mAP are reported. For the
NUS-WIDE dataset, the proposed features are compared with
the best performed model (VSM) and BOV features (BOV).

Ranking model comparison. On all the datasets, both
pairwise method RankSVM and listwise method ListNet
can steadily given a promising performance for CBIR and
significantly improve the ranking performance over VSM
(410% over all the metrics on average), while pointwise
method PRank outperforms VSM only on Oxford505K

dataset. This is because both pairwise and listwise meth-
ods are designed particularly for ranking problem. They
are based on reasonable and suitable hypotheses and loss
functions compared to pointwise method. Besides, the
on on Oxford5K dataset.



Fig. 3. Performance comparison on Paris dataset.

Fig. 4. Performance comparison on Oxford505K dataset.

Table 2
Performance comparison on NUS-WIDE dataset, mAP reported.

PRank RankSVM ListNet

VSM 0.161 0.161 0.161

BOV (12D) 0.147 0.173 0.173

Total (19D) 0.147 0.182 0.182
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performance of RankSVM and ListNet is comparable over
each dataset, although ListNet is proved superior to
RankSVM in text retrieval. Thus, we conclude that both
pairwise and listwise methods are suitable for CBIR
applications and could obtain steadily performance
improvement over single ranking model, such as VSM.

Visual ranking feature analysis. Experimental results on all
the datasets demonstrate that each proposed feature compo-
nent has some contribution to the final performance
improvement, and the concatenated features obtain best
performance under all the metrics. These results not only
demonstrate the correctness of proposed visual ranking
features, but also provide useful clues for further research
in feature design for learning to image rank.

4.3. Feature selection and dimension reduction results and

analysis

The performance of feature selection (FS) and dimen-
sion reduction (DR) at different dimensions over the first
three datasets is listed in Tables 3–5. Due to the limitation
of page length, only mAP is reported. To facilitate the
comparison, we also list the performance of raw features.
On all the three datasets, best FS results outperform raw
features more than 5% on average. Compared to the best
performed ranking model VSM, pairwise and listwise
methods with FS obtain over 17% performance gain,



Table 3
Performance comparison on Oxford5K dataset, mAP reported.

# dimension 12 20 36 50 100 150 224

FS

PRank 0.628 0.630 0.639 0.647 0.648 0.643 0.612

RankSVM 0.672 0.673 0.682 0.695 0.681 0.673 0.675

ListNet 0.643 0.643 0.652 0.664 0.686 0.660 0.643

DR

PRank 0.589 0.602 0.608 0.616 0.607 0.615 0.612

RankSVM 0.624 0.630 0.635 0.634 0.636 0.634 0.675

ListNet 0.642 0.633 0.633 0.635 0.638 0.638 0.643

Table 4
Performance comparison on Paris dataset, mAP reported.

# dimension 12 20 36 50 100 150 224

FS

PRank 0.709 0.705 0.702 0.702 0.678 0.670 0.667

RankSVM 0.703 0.708 0.722 0.722 0.723 0.735 0.723

ListNet 0.703 0.725 0.700 0.701 0.674 0.667 0.713

DR

PRank 0.623 0.625 0.637 0.649 0.645 0.621 0.667

RankSVM 0.678 0.677 0.688 0.692 0.704 0.715 0.723

ListNet 0.642 0.645 0.655 0.654 0.660 0.659 0.713

Table 5
Performance comparison on Oxford505K dataset, mAP reported.

# dimension 12 20 36 50 100 150 224

FS

PRank 0.522 0.530 0.549 0.557 0.558 0.553 0.554

RankSVM 0.620 0.623 0.634 0.635 0.641 0.633 0.623

ListNet 0.623 0.623 0.632 0.646 0.636 0.631 0.638

DR

PRank 0.519 0.522 0.528 0.531 0.537 0.533 0.554

RankSVM 0.611 0.610 0.615 0.614 0.617 0.614 0.623

ListNet 0.612 0.612 0.621 0.621 0.625 0.622 0.638

Y. Li et al. / Signal Processing 93 (2013) 1426–1434 1433
which is quite significant. In most experiments, FS fea-
tures with 100-D obtain comparable performance with
raw 224-D features, which indicates the effectiveness of
feature selection for feature redundancy remove. How-
ever, DR results underperform the raw features in most
cases. This is because in FS the computation of feature’s
importance and similarity are performance related, i.e.,
the computation needs ground truth information. Thus, FS
could be seen as a supervised dimension reduction
method, which guarantees that the bad performed fea-
tures are eliminated from raw features. Conversely, PCA
conducts DR only from the feature’s distribution in
feature space, which is separated from the further learn-
ing to rank jobs. To sum up, feature selection is a helpful
technology for learning to image rank.

5. Conclusions

In this paper, by reviewing the progress of learning to
rank approaches in text information retrieval, we
investigate whether existing learning to rank algorithms
can be adapted to CBIR applications. Based on the existing
ranking features in text IR, we carefully design scalable
ranking features for learning to rank images from four
different perspectives. With designed ranking features,
extensive experiments are performed with three state-of-
the-art learning to rank approaches on four different
image retrieval datasets. Based on the results, we con-
clude that: (1) pairwise and listwise learning to rank
methods are suitable for CBIR applications, both of which
obtains more than 10% performance gain over single
ranking model and 17% gain with the help of feature
selection; (2) the proposed visual ranking features are
both effective and efficient for learning to rank applica-
tions; and (3) feature selection is a helpful tool for further
performance improvement in CBIR applications.
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