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Abstract. In this article, we propose a simple and efficient method for
computing an image saliency map, which performs well on both salient
region detection and as well as eye gaze prediction tasks. A large number
of distinct sub-windows with random co-ordinates and scales are gener-
ated over an image. The saliency descriptor of a pixel within a random
sub-window is given by the absolute difference of its intensity value to
the mean intensity of the sub-window. The final saliency value of a given
pixel is obtained as the sum of all saliency descriptors corresponding to
this pixel. Any given pixel can be included by one or more random sub-
windows. The recall-precision performance of the proposed saliency map
is comparable to other existing saliency maps for the task of salient re-
gion detection. It also achieves state-of-the-art performance for the task
of eye gaze prediction in terms of receiver operating characteristics.
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1 Introduction

Visual saliency maps are utilized for determining salient regions in images or
predicting human eye gaze patterns. Thus they have been exploited extensively
for various intelligent interactive systems. There are a wide range of applications
from image compression [2], object recognition [3–5], image segmentation [6]
and various other computer vision tasks where saliency maps are employed. The
intensity of a given pixel in the saliency map corresponds to the attention value
attributed to the pixel in the original image.

The first computational model of visual attention was proposed by Koch and
Ulmann [21]. They also introduced the concept of a saliency map. Subsequently, a
great variety of different bottom-up visual attention models have been proposed
in the literature. Methods which are employed to detect salient regions do not
emphasize the semantic relevance and the opposite is true in the case of methods
which are utilized to predict eye gaze patterns. Despite vast research there has
not been a method which could be successfully utilized for both salient region
detection as well as eye gaze pattern prediction. Therefore, in this paper we



2 Tadmeri Narayan Vikram, Marko Tscherepanow and Britta Wrede

propose a novel saliency map which performs well in salient region detection
and eye gaze prediction tasks.

2 Literature Review

Existing saliency maps can be categorized into two fundamental groups: those
which rely on local image statistics and those relying on global properties. The
popular bottom-up visual attentional model proposed by Itti et al. [1] is based
on local gradients, color and orientation features at different scales. It further
inspired the application of contrast functions for the realization of bottom-up
visual attention. The work of Gao et al. [22] was the first to employ contrast
sensitivity kernels to measure center-surround saliencies. It was further improved
by local-steering kernels [8] and self information [9]. The method of Bruce and
Tsotsos [18] achieved the same level of performance by employing local entropy
and mutual information-based features. Local methods are found to be com-
putationally more expensive, and several global and quasi-global methods have
been devised to address the issue of computational efficiency. The idea of uti-
lizing the residual Fourier spectrum for saliency maps was proposed in [10, 11].
The authors employ the Fourier phase spectrum and select the high frequency
components as saliency descriptors. These methods are shown to have high cor-
relation with human eye-gaze pattern on an image. Frequency domain analysis
for image saliency computation warrants the tuning of several experimental pa-
rameters. In order to alleviate this issue, several methods which rely on spatial
statistics and features [6, 12–15] have been proposed.

Salient region detection and eye gaze prediction are the two significant ap-
plications of saliency maps. Salient region detection is relevant in the context
of computer vision tasks like object detection, object localization and object
tracking in videos [14]. Automatic prediction of eye gaze is important in the
context of image asthetics, image quality assessment, human-robot interaction
and other tasks which involve detecting image regions which are semantically
interesting [17]. The contemporary saliency maps are either employed to detect
salient regions as in the case of [6, 12–14], or are used to predict gaze pattern
which can be seen in the works of [1, 8–10, 15]. Though these two tasks appear
similar, there are subtle differences between them. Salient regions of an image
are those which are visually interesting. Human eye gaze which focuses mainly
on salient regions is also distracted by semantically relevant regions [3].

Contrast has been the single most important feature for the computation of
saliency maps and modelling bottom-up visual attention as it can be inferred
from [6, 8, 9, 13, 14]. The method based on global contrast [6] employs absolute
differences of pixels to the image mean as saliency representatives. The methods
which model the distribution of contrast based on local image kernels [8, 9] need
training priors and tuning of a large set of experimental parameters. The local
weighting models proposed in [14, 15] are effective, but are computationally ex-
pensive. The local symmetric contrast-based method [13] overcomes the many
aforementioned shortcomings. Recent research has suggested that contrast de-
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tection and normalization in the V1 cortex is carried out in non-linear random
local grids, rather than in linear fashion with regular grids [19, 20]. This prop-
erty has been exploited in [14, 15] to compute saliency at pixel level and in [6]
at global level.

We hereby propose a quasi-global method which operates by computing lo-
cal saliencies over random regions of an image. This helps in obtaining better
computational run-time and also captures local contrast unlike the global meth-
ods for computing saliency maps. Furthermore, it does not require any training
priors and has only a single experimental parameter which needs tuning. Unlike
the existing methods, the proposed saliency map is found to have consistent
performance in both salient region detection and eye gaze prediction tasks. The
proposed saliency map is determined as follows.

3 Our method

We consider a scenario where the input I is a color image of dimension r× c×3,
where r and c are the number of rows and columns respectively. The input image
is subjected to a Gaussian filter in order to remove noise and abrupt onsets.
This is further converted to CIELab space and decomposed into the three (L, a,
b) component images of dimension r × c. CIELab space is preferred because of
its similarity to the human psycho-visual space [13, 14].

Let n be the number of random sub-windows over the individual L, a and b
component images given

Ri = {(x1i, y1i), (x2i, y2i)} such that

 1 ≤ i ≤ n
1 ≤ x1i < x2i ≤ r
1 ≤ y1i < y2i ≤ c

(1)

where Ri is the ith random sub-window with (x1i, y1i) and (x2i, y2i) being the
upper left and the lower right co-ordinates respectively.

The final saliency map S of dimension r × c is thus defined as

S =

n∑
i=1

∥∥RL
i − µ(RL

i )
∥∥+ ‖Ra

i − µ(Ra
i )‖+

∥∥Rb
i − µ(Rb

i )
∥∥ (2)

‖·‖ denotes the Euclidean norm and µ(.) the mean of a given input vector, which
is a two dimensional matrix in our case. To further enhance the quality of the
saliency map S, we subject it to median filtering and histogram equalization. An
illustration of the above paradigm is given in Fig. 1. For the sake of illustration
we have considered only three random sub-windows and the resulting interim
saliency map.

4 Results

First, we illustrate the efficacy of our method on three selected images from the
MSR [16] dataset in Fig. 2. The example image in Fig. 1 is also presented in
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Fig. 1. An illustration of the proposed method where three random windows are gen-
erated to produce an interim saliency map for the given input image.

Fig. 2. It should be noted that the final saliency map shown in Fig. 2 is obtained
by considering a large number of random sub-windows. It can be observed from
Fig. 2 that multiscale saliency [1] and local steering kernel-based saliency [8] lay
more emphasis on edges and other statistically significant points, rather than
salient regions. The local steering kernel-based saliency [8], which is tuned to
detect semantically relevant regions like corners, edges and local maxima ends
up projecting mild image noise as salient. This can be observed on the upper
right image of the moon in Fig. 2, where irrelevant regions are shown as salient.
The results due to symmetry-based saliency [13], shows that the images have a
sharp contrast. Images which do not consist of smooth signals have found to be
bad representatives of eye gaze fixation, as eye gaze fixation function in reality
is found to be smooth. The saliency provided by entropy-based methods [18]
exhibit low contrast and are found to be inefficient for the task salient region
detection in [14]. It can be observed that the proposed saliency does not output
spurious regions as salient, has no edge bias, works well on both natual images
and images with man made objects, and most importantly is also able to grasp
the subjective semantics and context of a given region. The final property makes
our method suitable for the task of eye gaze fixation. The experimentation carried
out during the course of this research is presented in the section to follow.

In addition to the analysis of examplar images, more comprehensive experi-
ments were carried out on the MSR dataset [16] to validate the performance of
the proposed saliency map for the task of salient region detection. In order to
evaluate the performance on eye gaze prediction, experiments were conducted
on the York University [18] and MIT [17] eye fixation datasets. We compared
our method with reference to eight of the existing state-of-the-art methods. The
selection of these methods was influenced by the impact factor of the conference
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Fig. 2. Illustration of the proposed saliency map on three sample images of the MSR
dataset [16]. From left to right: original Image from the MSR dataset [16], followed
by the resultant saliency maps of the proposed method, symmetry-based saliency
[13], entropy-based saliency [18], multiscale saliency [1] and local steering kernel-based
saliency [8].

and journals in which they were published, popularity of the method in terms
of citation, and the differences in their approaches. The eight methods are the
global saliency-based method [6], symmetric saliency [13], entropy and mutual
information-based saliency [18], graph-based saliency [15], multiscale saliency [1],
local weighted saliency [14], self information-based saliency [9] and local steering
kernel-based saliency [8]. The source codes for the methods were obtained from
the homepages of the respective authors, whose links have been mentioned in
their articles.

The following settings were used for all the experiments carried out. A Gaus-
sian filter of size 3×3 was used as a pre-processor on the images for noise removal.
The number of distinct random sub-windows (n) was set to 0.02× r× c. We ar-
rived at this value, by varying (n) from (0.005 to 0.03)×r×c and found that the
receiver operating characteristics (ROC) area under the curve (AUC) attained a
level of saturation at 0.02× r× c on York University [18] and MIT [17] datasets.
And finally a median filter of size 11× 11 was employed to smooth the resultant
saliency map before being enhanced by histogram equalization. All experiments
were conducted using Matlab v7.10.0 (R2010a), on an Intel Core 2 Duo processor
with Ubuntu 10.04.1 LTS (Lucid Lynx) as operating system.

4.1 Experiments with the MSR dataset

The original MSR dataset [16] consists of 5000 images with ground truths for
salient regions as rectangular regions of interest (ROI). The problems and issues
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due to such ROIs are explained in [6] and hence the same authors select a subset
of 1000 images from the original set images and create exact segmentation masks.
We followed the same experimental settings as described in [6]. In Fig. 3, we
show the Recall-Precision performance of the models.

Fig. 3. The Recall-Precision performance of the methods under consideration on MSR
dataset [16], with the experimental settings of [6]. Note that our method clearly out-
performs the methods based on global contrast [6], symmetric contrast [13], multiscale
[1], entropy [18], self information [9] and local steering kernel [8]

It can be observed that the proposed method clearly has a higher performance
than the methods of [1, 6, 8, 9, 13, 18] and comparable performance with that
of [14, 15], without having any of their drawbacks. The entropy-based saliency
map [18] though promising does not have a high performance because the MSR
dataset has a mix of natural images where the entropy is uniformly distributed.
Local kernel-based methods [8, 9] also perform moderately because they are bi-
ased towards corners and edges than regions. Only the graph based method
[15] and weighted distance method [14] perform well, because they have no bias
towards edges.

4.2 Experiments using eye fixation datasets

We benchmarked the performance of the proposed method on York University
[18] and the MIT [17] eye fixation dataset. The dataset of York University [18]
consists of 120 images and the MIT dataset [17] consists of 1003 images. We
followed the experimental method as suggested in [18] and obtained the ROC-
AUC on the datasets. It can be observed from Table. 1, that our method has
state-of-the-art performance. We omitted the methods of [9, 14] on the MIT
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Table 1. The performance of the methods under consideration in terms of ROC-AUC
on the York University [18] and MIT[17] datasets. It can be observed that the proposed
method has state-of-the-art performance on both of the eye fixation datasets.

Saliency Map York University [18] MIT [17]

Global Contrast[6] 0.54 0.53
Symmetric Contrast[13] 0.64 0.63
Graph Based[15] 0.84 0.81
Multiscale[1] 0.81 0.76
Entropy[18] 0.83 0.77
Self Information[9] 0.67 -NA-
Local Steering Kernel[8] 0.75 0.72
Weighted Contrast[14] 0.75 -NA-
Proposed 0.85 0.81

dataset [17], as the corresponding Matlab codes required images to be down-
sampled to a smaller size.

5 Discussion and Conclusion

We propose a method which has good performance on both salient region detec-
tion and eye gaze prediction tasks. The proposed method does not require train-
ing priors, has a minimal set of tunable parameters and relies only on contrast
features to compute saliency maps. Our method requires minimal programming
effort and achieves state-of-the-art performance despite its simplicity. Like the
remaining contrast-based saliency maps, our method also fails to perform well
when the color contrast is extremely low. Furthermore, the proposed saliency
map fails when the task is to detect regions based on corners, orientation differ-
ences, minute differences in shapes etc. The proposed method is well suited in
the scenario of human-robot interaction where eye gaze prediction and salient
region detection need to be performed concurrently. Generating image specific
random sub-windows to boost the proposed saliency map is another topic we
wish to address in our future works.
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