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Abstract—Inspired by the primate visual system, computa-
tional saliency models decompose the visual input into a set of
feature maps across spatial scales. In the standard approach,
the feature maps of the pre-specified channels are summed to
yield the final saliency map. We study the feature integration
problem and propose two improved strategies: first, we learn a
weighted linear combination of features using the constraint lin-
ear regression algorithm. We further propose an AdaBoost based
algorithm to approach the feature selection, thresholding, weight
assignment, and nonlinear integration in a single principled
framework. Extensive quantitative evaluations of the new models
are conducted using four public datasets, and improvements on
model predictability power are shown.

I. INTRODUCTION

Humans and other primates move their eyes to select
visual information from any one visual scene. This allows
them to bring the high-resolution part of their retina, the
fovea, onto relevant parts of the image, thereby focusing
processing resources on the most relevant visual information
and interpreting complex scenes in real time. Besides being
able to understand the mechanism that drives this selection of
interesting parts in the image, predicting interesting locations
as well as locations where people are likely to look has
tremendous real-world applications.

Commonalities between fixation patterns in synthetic or
natural scenes from different individuals allow computational
models to predict where people look. Starting from the Feature
Integration Theory of Treisman and Gelade [1] and the pro-
posal by Koch and Ullman [2] for a map in the primate visual
system that encodes the extent to which any location in the
field of view is conspicuous or salient, based on bottom-up,
task-independent factors, a series of ever refined algorithms
have been designed to predict where subjects will fixate in
synthetic or natural scenes [3], [4], [5], [6], [7], [8], [9].

On top of all the recent advances in image features and
normalization methods for computational saliency models,
the linear summation of different feature channels into the
final saliency map remains the norm [3], [10], [11], [12].
Linear summation has some psychophysical support [13] and
is simple to apply. However, some psychophysical arguments
[14], [15] have been raised against linear summation strategies.
In addition, prior work [16], [17] has been aware of the dif-
ferent strengths contributed by different features to perceptual
saliency.

We study feature integration strategies of computational
saliency models using eye movement data from four recent
datasets [12], [18], [19], [20]. Based on the conventional linear

summation approach, we first investigate the importance of
different bottom-up features in driving gaze allocation and
improve the linear method by learning a set of optimal feature
weights using the constraint linear least square algorithm. In
this method, we retain the basic structure of the standard
saliency model [3], [12] by using a linear integration scheme
and considering a small number of bottom-up feature channels
- color, intensity, orientation, and face. A considerable advan-
tage of learning weights for a basic set of feature channels is
its compatibility with a large psychophysical and physiological
literature.

We further propose an AdaBoost [21], [22], [23], [24] based
algorithm that provides a principled computational framework
for feature selection and integration. The AdaBoost based
model has the following key advantages. First, the new model
selects from a feature pool the most informative features that
nevertheless have significant variety. The framework could
easily incorporate any interesting features proposed by re-
searchers in the community and selects the best ones in a
greedy manner. Second, it finds the optimal threshold for each
feature, which is consistent with the neuron firing properties
[14]. Third, it makes no assumption of linear superposition or
equal weights of features. Indeed, we explicitly demonstrate
that certain types of nonlinear combination consistently outper-
form linear combination. This raises the question of the extent
to which the primate brain takes advantages of such nonlinear
integration strategies. Biological neurons are highly nonlinear
devices [25]. Thus implementing the type of nonlinearities
inherent in AdaBoost is not particular problematic for the
brain. Future psychophysical and neurophysiological research
will be needed to untangle this question.

The rest of the paper is organized as follows: Section II
presents a linear integration algorithm where optimal weights
of feature channels are obtained using linear regression with
constraints. Section III discusses a nonlinear feature inte-
gration method based on AdaBoost learning. Section IV
demonstrates promising comparative and quantitative results
and Section V concludes the paper.

II. LEARNING OPTIMAL WEIGHTS

To quantify the relevance of different features in deciding
where to look, we use linear, least square regression with
constraints to learn the weights from eye movement data.

Formally, let C, I, O, F be the stacked vectors of the color,
intensity, orientation, and face values at all image locations
(see Section IV-Al for details of features), denote V =



Fig. 1.

(c)

Illustration of how feature weights affect the final saliency maps. (a) Original image with eye movements of one subject (fixations denoted as red

circles). Image and eye movement data are from the FIFA dataset [12]. (b) Saliency map from linear combination with equal weights. (c) Saliency map from
linear combination with optimal weights (Table I), where the face channel is emphasized.

[C IO F], My, vectorized fixation map that is represented
as the recorded fixations convolved with an isotropic Gaussian
kernel (see Figure 3(b) for an example of a fixation map), and
w = [we wr wo wr]T the weights of the feature channels.
The objective function is

argmin |V x w — M. |2, (D

subject to
w > 0.

The problem is solved using an active set method similar
to that described in [26].

Figure 1 provides an illustration of how feature weights
affect the final saliency maps. The weight of a feature indicates
the importance of that particular feature in deciding where to
look at. We see that the map with optimal weights (Figure 1(c))
is more consistent with the eye movement data (Figure 1(a)).

To investigate the level of inter-subject variability, we learn
optimal weights for each individual as well as for the entire
population of subjects. The only difference are the fixation
maps we feed the algorithm (eq. 1).

III. LEARNING NONLINEAR FEATURE INTEGRATION
USING ADABOOST

To quantify the relevance of different features across multi-
ple scales in deciding where to look, we learn using AdaBoost
a nonlinear integration of features G(f) : RY — R, where d
is the dimension of features. The AdaBoost algorithm [21],
[22], [23], [24] has been shown to be one of the most effective
method for object detection [27], [28]. As a special case of
boosting, the strong classifier is a weighted combination of
weak classifiers that are iteratively built, and subsequent weak
classifiers are tweaked in favor of the misclassified instances.

Formally, .
G(f) =) ug(f), )

where g;(-) denotes the weak learner (g;(f) € {0,1}) and G(-)
the final saliency model (G(f) € [0,400)). « is the weight
of g¢(-), as would be described in Algorithm 1 below. T is
the number of weak learners. Instead of taking the sign of the
AdaBoost output, as conventionally used to solve classification
problems, we use the real values of this G(f) to construct
a saliency map. Algorithm details are given in Algorithm 1,

and Figure 2 illustrates the training and testing stages of the
AdaBoost based saliency model.

Algorithm 1 Learning A Nonlinear Feature Integration
Using AdaBoost

Input: Training dataset with /N images and eye movement
data from M subjects. A testing image Im.
Output: Saliency map of I'm.

Training stage (from eye movement data of M subjects
viewing N images):

1. For all locations in N images, sample {x;}5_; with
labels {y,}5_,. See Section IV-Al for details of sampling.
Compute {f,}5_, = {f(x,)}5_, as a stack of features for the
sample at location x.

2. Initialize weights to be {w, = §}5_;.

3.Fort=1,..,T

a. Train a weak classifier g;: RY — {0,1}, which
minimizes the weighted error function g, = arg mi% €4, Where

€u =Y omy wi(8)[ys # gulfy)].
b. Set the weight of g; as oy = %ln t—ft
c. Update sample weights  wy1(s)
wi(s) exP(fzozt'ys'gt(fS)) , where Z is a normalization factor.
4. The final model is defined as G(f) = Y1, a;g:(f).

Testing stage (for a new image I'm): for each location x in
Im, compute the feature vector f(x), then apply the strong
classifier G(f) : R? — R (eq. 2) to obtain the saliency value
of f(x).

IV. EXPERIMENTALS
A. Experiment Paradigm

1) Features and Fixation Map: To focus on the compar-
isons of different combination algorithms, we use a sim-
ple set of biologically plausible features [3], [12]. Specif-
ically we consider two color channels (blue/yellow and
red/green), one intensity channel, four orientation chan-
nels (0°,45°,90°,135°) at (1) six levels of pyramid [ =
{2,3,4,5,6,7}, (2) six center-surround (c-s) levels (center
level ¢ = {2, 3,4}, surround level s = c+4, where 0 = {2,3}),
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(b)

Tlustration of the AdaBoost based saliency model. (a) Training stage: using samples from training images, weak classifiers are trained through

iterations and combined to form a strong classifier (we use a n-dimensional (n > 4) space but plot a 2-dimensional one here for illustration). (b) Testing stage:
for a new image, the feature vectors of image locations are calculated and input to the strong classifier to obtain saliency scores. The rightmost map is the
resulting saliency map, where brighter regions denote more salient areas (output from the final model (eq. 2) is fed into a sigmoid function for visualization

purposes).
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Sample Illustration. (a) Original image with eye movements of one subject. (b) Fixation map of the same subject. (c) An illustration of generating

a conspicuity map from the input image. For the color and orientation features, each has multiple channels, and the conspicuity map in this case is the
summation of all the channels of that particular feature. (d-g) Color, intensity, orientation conspicuity maps and face map. A sample data is a feature vector

comprising the feature values of all relevant maps at a particular location.

and (3) three conspicuity maps capturing the “conspicuity”
of color, intensity, and orientation channels, which are built
through across-scale addition of the center-surround difference
maps (represented at scale 4). Specifically as shown in Fig-
ure 3(c), for an input image, raw feature maps at different
spatial scales are created using dyadic Gaussian pyramids
[29], then center-surround is implemented as the point-wise
difference between fine and coarse scales to construct center-
surround maps, finally for each low-level feature (i.e., color,
intensity, and orientation), a conspicuity map is generated
after within-feature normalization and summation. For the face
channel, the conspicuity map is generated by running the Viola
& Jones face detector [27]. Although different from early

visual features such as color, intensity, and orientation, face
attracts attention strongly and rapidly, independent of task,
therefore is also considered part of the bottom-up saliency
pathway [12]. An illustration of the conspicuity maps and the
face map is given in Figure 3(d)-(g).

In learning optimal weights, a sample vector at an image
location x is a feature vector that comprises the values of
the color, intensity, orientation, and face conspicuity maps at
this particular location. This way using values directly from
the conspicuity maps, the most compact information is used
for regression. Differently for nonlinear integration, since the
AdaBoost framework automatically selects good features, we
consider all the intermediate maps (i.e., raw feature maps



and center-surround maps) as well as the conspiciuty maps
for learning, where the feature vector for a particular image
location x comprises values from all these maps at x.

Fixation maps are constructed by convolving recorded fixa-
tions with an isotropic Gaussian kernel (an example shown
in Figure 3(b)). Note that the first fixation of each image
is not used as it is always the center of the image. In
learning optimal weights for linear combination, such fixation
maps are directly fed into the constraint linear least square
algorithm. For learning a nonlinear combination, we use a
sampling technique to convert the continuous map into binary
labels: locations of positive examples are sampled from the
fixation maps (i.e., an image location with a larger value in
fixation maps has a higher probability of being sampled as
a positive sample), and locations of negative examples are
sampled uniformly from non-activated areas (i.e., with zero
values) of the fixation maps.

2) Datasets: This study analyzes eye movements from four
recent datasets [12], [18], [19], [20]. Briefly In the FIFA
dataset [12], fixation data were collected from 8 subjects
performing a 2 second long “free-viewing” task on 180 color
natural images (28° x 21°). Images included faces in various
skin colors, age groups, gender, positions, and sizes. The
second dataset from Bruce & Tsotsos [18] (referred to as
Toronto dataset) contains data from 11 subjects viewing 120
color images of outdoor and indoor scenes, where participants
were given no particular instructions except to observe the
images (32° x 24°), 4 second each. The third dataset published
by Judd et al. [19] (referred to as MIT database) includes
1003 images collected from Flickr creative commons and
LabelMe. Eye movement data were recorded from 15 users
who free viewed these images (36° x 27°) for 3 second. The
fourth dataset we use is published by Subramanian et al.,
which includes 758 images containing semantically affective
objects/scenes such as expressive faces, nudes, unpleasant
concepts, and interactive actions. Images are from Flickr,
Photo.net, Google, and emotion-evoking IAPS [30]. In total
75 subjects free-viewed (26° x 19°) part of the image set for
5 second each (each image was viewed by an average of 25
subjects).

3) Similarity Measure: Unlike most saliency papers that
use solely the Area Under the ROC Curve (AUC) to quantify
model performance, we found in our previous work [31] that in
practice, as long as the hit rates are high, the AUC is always
high regardless of the false alarm rate. Therefore, an ROC
analysis, while very useful, is by itself insufficient to describe
the deviation of predicted fixation patterns from the actual fixa-
tion map. In this work we continue to use three complementary
similarity measures to provide a comprehensive assessment
metric - AUC is about order while the Normalized Scanpath
Saliency (NSS) [4], [17] and the Earth Mover’s Distance
(EMD) [32] measure differences in value. In addition, both
AUC and NSS compare maps primarily at the exact locations
of fixation while EMD accommodates shifts in location and
reflects the overall discrepancy between two maps on a more
global scale.

Given the extant variability among different subjects looking
at the same image, no saliency algorithm can perform better
(on average) than the AUC dictated by inter-subject variability.
We compute an ideal AUC by measuring how well the
fixations of one subject can be predicted by those of the other
n — 1 subjects, iterating over all n subjects and averaging the
result. These AUC values are 78.6% for the FIFA dataset,
87.8% for the Toronto dataset, 90.8% for the MIT dataset,
and 85.7% for the NUS dataset. In general, we express the
performance of saliency algorithms in terms of normalized
AUC (nAUC) values, which is the AUC using the saliency
algorithm normalized by the ideal AUC.

A strong saliency model should have an nAUC value close
to 1, a large NSS and a small EMD value.

B. Performance

Table I shows, for each of the above four datasets (Sec-
tion IV-A2), optimal weights obtained for each of color,
intensity, orientation, and face feature channels, using linear
regression with constraints. Experiments show that the weights
learned from all four datasets are consistent - except the
Toronto dataset which includes few frontal faces, we see that
face is the most important, followed by orientation, color, and
intensity.

Color | Intensity | Orientation | Face
FIFA [12] 0.027 0.024 0.222 0.727
Toronto [18] | 0.403 0.067 0.530 0
MIT [19] 0.123 0.071 0.276 0.530
NUS [20] 0.054 0.049 0.256 0.641
TABLE I

OPTIMAL WEIGHTS LEARNED FROM FOUR DATASETS [12], [18], [19],
[20]). FACE IS THE MOST IMPORTANT (EXCEPT THE TORONTO DATASET
[18] WHICH INCLUDE FEW FRONTAL FACES), FOLLOWED BY
ORIENTATION, COLOR, AND INTENSITY.

We then perform quantitative evaluations of different
saliency models on the datasets. Due to space limitation we
in this paper present experimental results and discussions on
the FIFA and the Toronto datasets.

In the first experiment we compare linear and nonlinear
integration on the FIFA dataset [12]. The dataset of 180 images
is divided into 130 training images and 50 testing ones. The
subject-specific models are learned using eye movement data
from one specific observer, while the general model is trained
using data from all 8 subjects. In this experiment we limit
the nonlinear integration to the level of conspicuity maps and
include three conspicuity maps and a face map in the feature
pool. The measurements are averaged over the 8 subjects.

From Table II, we make the following observations: (1)
by setting proper weights to different feature channels, the
linear model improves significantly. Predictions are more
consistent with eye movement data using the optimal weights
obtained from constrained linear least squares (Section II).
This suggests that we do rely on certain features more
than others in deciding where to look at and such features



Linear Integration Nonlinear
Equal Optimal Weights Integration
Weights | Subject-Specific | General | Subject-Specific | General
nAUC 0.924 0.945 0.944 0.959 0.953
NSS 0.845 1.35 1.32 1.47 1.42
EMD 5.26 4.33 4.41 2.68 2.87
TABLE II

QUANTITATIVE COMPARISONS OF LINEAR AND NONLINEAR FEATURE INTEGRATIONS ON THE FIFA DATASET [12]. THE NSS OF THE LINEAR MODELS
WITH OPTIMAL WEIGHTS ARE NOTICEABLY LARGER THAN THOSE WITH EQUAL WEIGHTS, SUGGESTING A GREATER CORRESPONDENCE BETWEEN
FIXATION LOCATIONS AND THE SALIENT POINTS PREDICTED BY THE MODEL. THE EMD IS CONSIDERABLY SMALLER USING OPTIMAL WEIGHTS,

REFLECTING A BETTER GLOBAL CONSISTENCY BETWEEN THE SALIENCY MAPS AND THE FIXATION MAPS. THE NONLINEAR INTEGRATION FURTHER
IMPROVES PREDICTABILITY.

Linear Integration Nonlinear Integration
Equal Optimal | Conspicuity Level Raw/C-S Feature Level
Weights | Weights 4 channels 88 Channels | Top 10 / 88 Channels
nAUC 0.828 0.834 0.836 0.916 0.912
NSS 0.872 0.920 0.913 1.37 1.35
EMD 4.85 4.50 3.66 3.20 3.28
TABLE III

QUANTITATIVE COMPARISONS OF LINEAR INTEGRATIONS WITH EQUAL AND OPTIMAL WEIGHTS, AND NONLINEAR INTEGRATION AT DIFFERENT LEVELS
ON THE TORONTO DATASET [18]. INCLUDING MORE FEATURE CHANNELS IN THE FEATURE POOL IMPROVES MODEL PERFORMANCE. HOWEVER AFTER
THE ADABOOST ALGORITHM SELECTS A NUMBER OF “BEST” FEATURES, MODEL PERFORMANCE DOES NOT IMPROVE MUCH BY SELECTING MORE
FEATURES.

Models | Itti et al. [3], [12] | Gao et al. [33] | Bruce & Tsotsos [18] | Hou & Zhang [34] | Our Model
nAUC 0.828 0.880 0.890 0.903 0.916
TABLE IV

NORMALIZED AUC FOR DIFFERENT SALIENCY MODELS ON THE TORONTO DATASET [18]. OUR MODEL IS BASED ON NONLINEAR INTEGRATION.

should be emphasized in the final saliency map. (2) The
nonlinear integration learned using AdaBoost further improves
predictability. Essentially, the AdaBoost algorithm automat-
ically finds the optimal weights for each feature through
iterations. This implies that the way humans combine features
is nonlinear and complex. Though a set of trained optimal
weights improve the conventional linear summation strategy,
the linear approximation is still insufficient. (3) Compared
with AUC, the performance difference is better reflected by
NSS and EMD, as discussed in Section IV-A3. (4) There
is no significant improvement using subject-specific models
over the general models, suggesting unremarkable inter-subject
variability in terms of feature preference.

Compared with the FIFA dataset [12], the Toronto dataset
[18] contains less frontal faces or other distinct large objects in
an image therefore are considered a more difficult dataset. We
divide the image set of 120 images into 80 training images and
40 testing ones. As there are less fixation data than the FIFA
dataset we build only general models in this experiment and
focus on the comparisons on linear integrations, and nonlinear
integration at different levels. When the conspicuity maps and
the face map are used as candidate features as in the previous
experiments on the FIFA dataset, nonlinearity is performed at
a coarser level as conspicuity maps are constructed by linear
combinations of the raw feature maps and center-surround

maps. In contrast, when all feature channels described in
Section IV-Al are included we are exploiting nonlinearity at
a deeper level. Comparing the 4 column of Table III to the
last column of Table II where both use 4 candidate features,
the results on the FIFA dataset is better, consistent with the
aforementioned fact that the FIFA dataset is relatively easier
due to the presence of large frontal faces and objects in most
of the images.

The AdaBoost algorithm can be easily interpreted as a
greedy feature selection process [27], which selects from a
feature set good ones that nevertheless have significant variety.
We run AdaBoost and select the top 10 features from the
feature pool. The last two columns in Table III indicate that
after selecting the most discriminative features, the rest do
not improve performance much. In fact this demonstrates the
advantage of feature selection capability of AdaBoost: it opens
a framework where different features could be included, no
matter independent or correlated, and the algorithm selects
the best ones without efforts from the domain experts.

The Toronto dataset has been used as a benchmark in several
recent works. Table IV summarizes a performance comparison
of different saliency models.

V. CONCLUSION

This paper studies feature integration strategies of compu-
tational saliency models using eye movement data. Based on



the conventional linear summation approach, we first improve
the linear method by learning a set of optimal feature weights
using linear regression with constraints. We further propose an
AdaBoost based algorithm to learn a general nonlinear feature
combination. It naturally approaches the feature selection,
thresholding, weight assignment, and integration problems in
a single computational framework.

Experiments demonstrate that the people depend more on
certain features than others in deciding where to look at, and
the predictivity of the saliency model improves significantly by
addressing such differences by learning optimal weights. The
advantage of the nonlinear integration over the linear ones
are also shown, indicating that linear approximation is still
insufficient to model the complex way that humans use to
integrate different features. Furthermore, through AdaBoost
feature selection, different features on various scales, with
all sorts of operations (e.g., Difference of Gaussian, max-ave
normalization [3]) could all be assessed in a principled manner.
Insights could be derived from the outputs of the computa-
tional models, and hopefully interact with psychophysical and
neurophysiological research to understand the visual system.
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