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Abstract— With the increase of image datasets size and of
descriptors complexity in Content-Based Image Retrieval (CBIR)
and Computer Vision, it is essential to find a way to limit the
amount of manipulated data, while keeping its quality. Instead
of treating the entire image, the selection of regions which
hold the essence of information is a relevant option to reach
this goal. As the visual saliency aims at highlighting the areas
of the image which are the most important for a given task,
in this paper we propose to exploit visual saliency maps to
prune the most salient image features. A novel visual saliency
approach based on the local distribution analysis of the edges
orientation, particularly dedicated to structured contents, such
as street view images of urban environments, is proposed. It
is evaluated for CBIR according to three criteria: quality of
retrieval, volume of manipulated features and computation time.
The proposal can be exploited into various applications involving
large sets of local visual features; here it is experimented within
two applications: cross-domain image retrieval and image-based
vehicle localisation.
Keywords— CBIR, visual saliency, local descriptors, edge orientation.

I. I NTRODUCTION
Visual saliency and Content-based image retrieval (CBIR)
have been very active research topics with the growing need of
solutions to interpret and manage image data by content and
at large scale. Visual saliency aims at selecting the regions of
the image that are the most salient or that hold the essence of
the visual information.
Several computational models were proposed to extract such
salient regions. Borji and Itti [1] have proposed to categorize the visual saliency models into several categories, based
on their mechanism to obtain the salient regions: cognitive
models [2], models based on spectral analysis [3], graphical
Models, Bayesian models [4], decision theoretic models [5],
information theoretic models [6]. Traditionally, the related
approaches are bio-inspired, with the objective of modelling
the human visual attention [2]. Nowadays, it is important to
observe that the term takes on larger meanings, which are
mainly driven by the approach. However, each model has its
own hypothesis and methodology, and works well for some
images, but none of them can handle all contents types of
images [7], [8]. For instance symmetry-based saliency to detect
particular architectures in urban images [9].
The main goal of CBIR is to describe and index images in
a database of images by the analysis of their content, with the
aim of facilitating the management and consultation of such
database at large scale. With the increase of database sizes and
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of the complexity of modern content-based image descriptors,
accurately and quickly finding the images of a dataset similar
to a query image in a large collection is still a research area
with many bottlenecks.
Many approaches were proposed to describe the image
content [10], [11], as well as many solutions to index these
descriptions to deal with large volumes [12]. To address the
scalability problem, several options exist, either by exploiting
dedicated (centralized or distributed) index structures or Big
Data frameworks [13], or by focussing on descriptors that
produce compact signatures. In this work, we follow the
second option by proposing a novel visual saliency approach
designed for the pruning of image features, based on the
local distribution analysis of the edges orientation. The salient
maps produced are integrated into a retrieval system. Then
only informative regions selected by the saliency maps are
described by content and exploited in the CBIR system, with
the objective of reducing the quantity of information processed
and then of maintaining scalability of the system. Because
of the variety of image contents, it is hard to develop an
efficient and effective saliency approach enabled to highlight
salient regions in all types of contents [14]. Here we focus on
contents with structures, e.g. city landscapes or indoor scenes.
secondly, We compare the proposed approach with 8 methods
of state of-the-art of visual saliency using the CBIR system.
Thirdly, We experiment the novel visual saliency approach on
two applications : on cross domain image retrieval using old
documents and on image-based vehicle localisation.
The paper is organized as follows: related work on the topic
is presented in section II. In section III, the proposed approach
of visual saliency is described. The experiments conducted and
results are detailed in section IV, before concluding in section
V.
II. R ELATED WORK
This section revisits the state of the art on visual saliency,
and its application to the selection of features for CBIR. We
start with some visual saliency models, that will be used as a
comparison basis of our proposal. We think that these models
are representative of literature because of their mechanism of
saliency which are different.
Itti et al. [2] proposed the first computational model of
visual saliency. This model has become the basis of subsequent
models and a comparison reference. It is bio-inspired, based
on feature integration theory (FIT) proposed by Treisman
and Gelade [15]. Three primitive low-level are used to select

the salient regions: intensity, colour and orientation. Hou and
Zhang [3] have proposed a simple model, easy to implement,
based on Fourier spectrum filtering of an image. Another
model is proposed by Rosin [16] based on the distance
transformations [17] of image edges. Harel et al. [18] proposed
a model based on the normalization of RGB characteristics
from convergence of graphs. Zhang et al. [4] have proposed
a model based on Bayesian statistics. Yang et al. in [19] have
proposed a saliency detection approach based on contrast and
centre prior, and they used smoothness prior to refine the
master saliency map.
In the field of CBIR, the visual saliency is generally used
to prune the volume of features or to design a new descriptor:
Lei et al. [20] proposed to segment salient regions identified
by [2] and then they extracted descriptors using entropy.
Then image retrieval is performed by computing the similarity
between such descriptors. Wan et al. [21] proposed a saliency
map based on three characteristics: colour, intensity and texture, and then the histogram of the saliency map is used as a
new descriptor for CBIR application.
Awad et al. [22] proposed a new texture-perceptual descriptor that analyse the frequency content of the perceptual
features (colour, intensity, orientation) in a multi-resolution
pyramid computed from the visual saliency proposal of Da
Silva et al. [23].
Marques et al. [24] used [2] to compute saliency maps
aims to define a new similarity metric using attention values
computed from regions of interest. Ozyer and Vural [25] also
used [2] to propose a new similarity metric based on salient
regions.
The model of Itti et al. [2] was exploited in different works
within the scope of image retrieval, with the aim of filtering
the descriptors after identifying salient visual regions such as
[26], [27]. In [28], [29] the visual saliency is used to reduce
the number of descriptors in order to reduce the computational
time of image retrieval.
The visual saliency model proposed by Da Silva et al. [23]
was used by Awad et al. [30] to filter SIFT descriptors. With
60% of filtered keypoints, the performance was reduced in
some classes of the VOC2005 database. In [31] Awad et al.
proposed an evaluation of five methods of state-of-the-art of
visual saliency using VOC2007 database and a CBIR system.
Their evaluation is based on the ability of a visual saliency
model to maintain the performance of the reference CBIR
system when it acts like a filter for keypoints.
III. T HE PROPOSED APPROACH
Our approach of visual saliency, based on the local distribution analysis of the edges orientation, is presented in this
section. The line segments detection and local distributions
analysis of their orientations steps, are respectively presented
in sections III-A and III-B. Section III-C finally describes how
several categories of saliency maps are extracted based on
these features.

A. Segments detection
The gradients orientations contain important information,
especially of the principal image structures and of the objects
shape. Such an orientation has been exploited in several
approaches and applications, with the aim of describing the
image content (e.g. the histogram of oriented gradients (HOG)
[32], SIFT [33] and SURF [34] descriptors which are based
on the gradient orientation).
As gradient orientation may be sensitive to noise and with
the objective of limiting the description to the main image
structures, we choose to characterize the orientation of gradient
pixels belonging to line segments. In Computer Vision, a
segment may be defined by a set of connected pixels that share
the same gradient orientation with a given tolerance. Segments
represent discriminative local structures that are robust to
occlusions and to small changes, and are less sensitive to noise.
The LSD algorithm (Line Segment Detector) proposed by
Von Gioi et al. [35], is chosen to detect line segments in the
image, it is fast and efficient.
B. Calculation of dominant local orientations
The histograms of the pixel gradient orientation, with a
coarse quantization (e.g 8 or 9 bins) as in usual histogram [32],
[33], [34], has drawbacks related to the uniform quantization
generally employed and the periodicity of angles at 0+ and
π−. The uniform quantization of orientations divides the
relative orientations between two different bins, although they
together constitute a dominant direction. The orientations of
the two ends of the histogram can be related but are divided
into two different bins using uniform quantization. In order
to correct these problems, we employ an adaptive method
based on circular convolution to study the local distribution
of orientations, described in the following sections.
1) Calculation of orientation histograms: We consider that
the orientation of the segment is the same orientation of all
pixels included.
In a circular window of radius r pixels, the segment pixels
are detected, then their orientations are quantized with a step
of quantization q rad and the histogram of orientations is
calculated with N = π × 1q intervals, each interval covering an
angle of q rad. We chose the value of quantization q = 0.01
in order to minimize the error of quantization that will be
included in interval of ] + 0, 005, −0, 005] rad.
We also consider that the distribution is null if the number
of pixels belonging to segments in the window is lower than
Np . After several assessments on the tested datasets, we set
Np = 60 pixels.
2) Calculation of convolutions of the histograms: In this
stage, we compute the convolution of the orientation histogram
with a rectangular window centred on the target pixel with a
width of T = N8 intervals using equation 1. We are chosen this
width not only to respect the tolerance angle ( π8 ) used in the
LSD algorithm to build segments but also to respect the 8 bins

used in the classical histogram to describe the distribution of
gradient orientations.
c(n) = h(n) × H(n) =

N
−1
X

h(k) H(kn − kk)

(1)

k=0

where n ∈ [0, N − 1] and c(n) is the histogram convoluted,
h(n) is the convolution window, H(n) is the histogram of
orientations. Notation kn − kk means (n − k) modulo N .

of maps generation is only performed locally around the
points, in order to accelerate it. It produces salient regions
centred on the detected points.
IV. E XPERIMENTS AND EVALUATION
We have implemented the proposed approach using C++ on
a platform of Intel(R) Core(TM) i5-2500 3.30GHz CPU and
8Go of memory.
In order to demonstrate the relevance of the proposed
saliency maps, we conduct several experiments. Firstly in
section IV-A, for its evaluation, our proposal is applied to
the problem of query-by-example image retrieval. We use a
classical CBIR system with bag of visual words as descriptors,
such as the one proposed by Bhowmik et al. [36] which allows
to combine several categories of local descriptors to perform
retrieval. Secondly, we compare the retrieval performance of
our algorithm with other 8 approaches of state-of-the-art in
section IV-B. In addition, in section IV-C we experiment our
method on two particular applications: on cross domain image
retrieval using painting and old pictures of monuments and
building, and on vehicle localisation based on images.
A. Experiment 1: Evaluation for query by example retrieval

(a) Test image
Fig. 1.

Illustration of the different steps of saliency maps computation.

C. Saliency maps generation
The last phase of our proposal consists in the production
of saliency maps based on the type of the local distribution
of the segment pixel orientations. We focus on three types of
distributions: unimodal, bimodal and multimodal distributions.
We could consider more modes, but experiments demonstrated
that these three ones encapsulate the most relevant information
about structures in the image. Each type respectively corresponds to one saliency map, named ”One Dominant Direction”
(ODD), ”Two Dominant Directions” (TDD) and ”Multi Directions” (MD). For each pixel of the image, if the distribution of
the pixel orientations in its neighbourhood (inside the circular
window) is unimodal, bimodal or multimodal, a white pixel
is set on the corresponding saliency map ODD or TDD or
MD. With this proposal, each category of binary saliency map
carries a different information about image structures saliency.
The main steps of our approach are illustrated in Figure 1.
In this example, it is interesting to observe that these three
saliency maps, based on low level features, are correlated to
main semantic objects in urban imagery, e.g building structures
with ODD, windows with TDD and vegetation with MD.
The saliency maps have to be computed for all the images,
the ones of the dataset as well as the ones tested in the
application. In practice, when the maps are exploited to filter
image primitives such as interest points, the whole processing

Our objective is to exploit the saliency maps proposed to
reduce the volume of the descriptions (visual words) to the
most relevant ones in each image of the dataset and queries, by
selecting the keypoints located on non null areas of the binary
maps. In practice, the points are kept if the region around them
is considered as salient (the saliency maps are only computed
locally around the detected points and not in the whole image).
Pruning the keypoints may have consequences on the visual
vocabulary. For this we have built a new dictionary from the
subset of selected points for each type of saliency map. The
vocabulary size is determined as an optimal proportion of the
volume of remaining points.
In this experiment, we use Hessian affine detector [37] and
SIFT and SURF descriptors because this combination reaches
the best performance among several others tested in [36].
The evaluations are done on three public image datasets.
Two of them, Paris dataset (DSP aris ) [38] and Zurich building
dataset (DSZuBuD ) [39], are city landscapes, which are supposed to be associated with more regular structured contents;
differently, INRIA Holidays dataset (DSInrHol ) [40] is associated with very diverse contents not particularly structured.
Figure 2 shows some examples of the three datasets and the
Table 1 summarizes their main characteristics.
Table 1. Main characteristics of the datasets.
Nb. of images
Nb. of classes
Nb. of query images

DSP aris
6412
12
55

DSZuBuD
1005
201
201

DSInrHol
1491
500
500

As the saliency maps are only computed locally around the
detected points, their time of computation is mainly dependent

DSP aris

DSZuBuD
Fig. 2.

DSInrHol

Samples of the datasets.

on the number of keypoints detected in the image and it is
almost the same for the three saliency maps or their unions.
Table 2 shows averages run times of our saliency method on
two datasets.
Table 2. Computation time of our saliency method.

Nb. keypoints (mean)
Saliency CPU time (mean) (sec)
Saliency Wall time (mean) (sec)

DSP aris
1571
1.705
1.923

DSZuBuD
1011
0.762
0.976

The proposal is evaluated in terms of quality of
retrieval with the mean Average Precision criterion
(mAP), of average rate of selected keypoints τkp =
number of keypoints selected
and of rate of Wall time retrieval
All keypoints
PK
W all time with saliency of image(k)
PKk=0
.
k=0 W all time without saliency of image(k)

K is the
τt =
number of query images.
Results from a reference method (retrieval without the
saliency maps [36]) are compared with the results obtained
by exploiting the saliency maps and different combinations of
their unions; see Table 3.
In both datasets DSP aris and DSZuBuD , the best performance, according to the mAP and τkp , is obtained using
ODD and TDD saliency maps jointly (ODD+TDD): mAPs are
preserved while reducing the amount of descriptions notably,
with respectively selecting 40% to 73% of keypoints. The
Wall time retrieval in DSP aris and DSZuBuD is reduced
respectively of 42.9% and 26.5%. In addition, the ODD+TDD
map slightly improves the performance of 1.9% in DSP aris ;
it could be justified by the removal of points located in poorly
structured areas, generally associated to MD maps (e.g. trees,
persons), which are not distinctive in this kind of contents
of buildings and monuments. However, performance is not
improved with the use of saliency maps in DSInrHol ; it can
be explained by the diversity of the contents which do not
present regular structures (it is mainly natural content, manmade, water and fire effects, etc.) as in the other datasets,
making the proposed saliency maps less adapted to such kind
of content.
B. Experiment 2: Comparison to state of the art
We consider 8 visual saliency methods of the state of-theart, namely GBVS [18], SUN [4], ITTI [2], ROSIN [16],

SR [3], COV [41], MC [42], GR [19]. They were chosen
because their mechanism to obtain the salient regions are
different. Additionally, as baseline, we also employ a 9th
approach which consists in considering in each image a
random selection of the visual words (Rand).
For each image of DSP aris , each approach is tuned to
obtain a given amount of visual words, which correspond
to the best visual saliency scores. In order to provide a fair
comparison, we use two particular rates (40% and 79%), which
correspond to the volumes of keypoints obtained by pruning
with ODD+TDD and TDD+MD respectively (i.e. are chosen
because they got the best performance, see Table 3). If the
rate of keypoints in saliency areas is less then the particular
rate, we select randomly the rest of keypoints. Table 4 shows
the mAP obtained on DSP aris .
By reducing the amount of descriptions with the selection
of 79% and 40% of keypoints, the mAPs are also reduced
for all the state-of-the-art methods, except for GBVS which
obtains the best mAP with rate 79%. Nevertheless, we observe
that with the rate of selection of 40%, our proposal provides
the best results with ODD+TDD maps, whatever the selection
rate considered.
C. Experiment 3: Applications
The visual saliency may be exploited in several domains,
such as object detection and recognition, image classification,
image quality assessment, localisation, etc. In this paper we
focus on two particular applications: cross-domain image
retrieval; it can be used for the localisation of old documents
as done in [43], and the second application is a visual-based
localisation of a vehicle in mobile mapping.
1) Cross-domain image retrieval: In this experiment, we
use DSP aris as dataset and 32 painting and old images of
different sizes found in Flickr and Google as query images,
where these images contain four targets of DSP aris dataset
(Arc de Triomphe, Tour Eiffel, Sacre Coeur, Pantheon and
Notre Dame). Figure 3 shows two samples of used images
and the Table 5 summarizes the results obtained.
Our ODD+TDD saliency map improves the quality of
retrieval of 4% while the computation time is improved of
52.1% with 62.1% of keypoints filtered; It can be justified by
the fact that our saliency approach based on line segments
where they do not miss a lot of information in case of photos
taken in different times and with different technologies (case
of painting).
2) Visual-based localisation of a vehicle: We have integrated our ODD+TDD saliency map in the system of vehicle
localisation proposed by Qu et al. [44]. This system performs
6D pose estimation based on traffic sign and interest points extracted in street view images acquired with a mobile mapping
system.
Three street view image sequences, were used for the
evaluation of our saliency method (Figure 4). These sequences
have a length of 520, 721, 976 meters and they respectively

Table 3. Evaluation of the impact of word filtering according to the different saliency maps, and comparison with the reference.

Reference
ODD
TDD
MD
ODD+TDD
TDD+MD
ODD+MD
ODD+TDD+MD

mAP
0.544
0.359
0.428
0.448
0.563
0.546
0.488
0.549

DSP aris
τkp
1
0.181
0.218
0.571
0.400
0.789
0.752
0.970

τt
1
0.185
0.265
0.591
0.571
1.018
0.677
0.950

Table 4. mAP obtained on DSP aris by pruning (with saliency maps and
random), and without pruning (reference).
Selection rate (%)
GBVS [18]
SUN [4]
ITTI [2]
ROSIN [16]
SR [3]
COV [41]
MC [42]
GR [19]
Rand
Reference
Our method

79
0.554
0.537
0.515
0.488
0.489
0.556
0.555
0.536
0.533

40
0.501
0.477
0.416
0.378
0.360
0.532
0.530
0.477
0.476

0.544
TDD+MD ODD+TDD
0.546
0.563

Table 5. Retrieval results obtained using painting and old images as queries

without saliency
with saliency

mAP
0.319
0.359

Nb. kp
986
381

τt
1
0.479

contain 206, 465, 331 images. Table 6 shows the average
of the translation and rotation errors obtained during 6D
pose estimation of the three sequences, the average of the
computation time per sequence, the average of keypoints
detected and retained per image.

mAP
0.941
0.875
0.875
0.654
0.937
0.895
0.905
0.941

DSZuBuD
τkp
τt
1
1
30.41 0.289
0.425 0.432
0.253 0.303
0.730 0.735
0.679 0.69.9
0.557 0.590
0.983 1.003

DSInrHol
mAP
τkp
0.645
1
0.350 0.089
0.544 0.094
0.340 0.808
0.416 0.183
0.600 0.902
0.602 0.897
0.631 0.991

and the number of keypoints by 32.41%.
V. CONCLUSION
We have presented a novel visual saliency approach based
on the local distribution analysis of the edges orientation in
images. This approach has been experimented as an interesting
solution to efficiently prune the volumes of local features when
considering images with structures. Here, it was evaluated
within the scope of image retrieval. We showed that the
quality of retrieval is maintained, while filtering the keypoints
notably (up to 60%) by keeping only the ones corresponding
to particularly structured areas (ODD+TDD maps), which are
the most representative for the considered contents (DSP aris
and DSZuBuD ) and the targeted applications. In future work,
we plan to improve our proposal by adapting the selection
of the best configuration of saliency map to each query image
and not only globally for the dataset. Additionally, this work is
being integrated in a global system dedicated to image-based
localization in city landscapes; here the saliency maps will be
exploited to filter the amount of interest points as input of a
local bundle adjustment processing.
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Fig. 3. Samples of cross domain Fig. 4. Samples of localisation datasets.
queries.
Table 6. Results of localisation using 3 street-view image sequences.

Translation error (%)
Rotation error (deg/m)
Time (sec/seq)
Keypoint (kp/image)

with saliency
0.7160
0.000025
155.92
2063.73

without saliency
0.8973
0.000031
212.67
3056.97

We can conclude that our saliency method significantly
improves the results of localisation by reducing: the translation
and rotation error by 20.21%, the computation time by 26.69%
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[36] N. Bhowmik, R. González, V. Gouet-Brunet, H. Pedrini, and G. Bloch,
“Efficient fusion of multidimensional descriptors for image retrieval,”
International Conference on Image Processing (ICIP), 2014.
[37] K. Mikolajczyk and C. Schmid, “Scale & affine invariant interest point
detectors,” International journal of computer vision, vol. 60, no. 1, pp.
63–86, 2004.
[38] J. Philbin, O. Chum, M. Isard, J. Sivic, and A. Zisserman, “Lost in
quantization: Improving particular object retrieval in large scale image
databases,” in Conference on Computer Vision and Pattern Recognition,
2008.
[39] H. Shao, T. Svoboda, and L. Van Gool, “Zubud-zurich buildings database
for image based recognition,” Computer Vision Lab, Swiss Federal
Institute of Technology, vol. 260, 2003.
[40] H. Jegou, M. Douze, and C. Schmid, “Hamming embedding and
weak geometric consistency for large scale image search,” European
conference on computer vision, pp. 304–317, 2008.
[41] E. Erdem and A. Erdem, “Visual saliency estimation by nonlinearly
integrating features using region covariances,” Journal of vision, vol.
13, no. 4, pp. 11–11, 2013.
[42] B. Jiang, L. Zhang, H. Lu, C. Yang, and M. H. Yang, “Saliency detection
via absorbing markov chain,” in Computer Vision, 2013, pp. 1665–1672.
[43] N. Bhowmik, L. Weng, V. Gouet-Brunet, and B. Soheilian, “Crossdomain image localization by adaptive feature fusion,” Accepted in
Joint Urban Remote Sensing Event (JURSE), 2017.
[44] B. Qu, X.and Soheilian and N. Paparoditis, “Vehicle localization using
mono-camera and geo-referenced traffic signs,” in Intelligent Vehicles
Symposium (IV), June 2015, pp. 605–610.

