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ABSTRACT

The use of visual attention (VA) spatial and temporal characteris-
tics, monitored by a gaze-tracking device, to generate a region of
interest (ROI) ‘importance’ map is proposed. A K-means cluster-
ing approach is adopted to group gaze location points into a num-
ber of clusters to represent the loci of regions of VA (or ROIs).
Several metrics are then derived from the gaze positions and se-
quences to quantify the relative importance of the K-means clus-
ters. An entropy-weighting strategy is adopted for the combination
of these metrics to generate the ROI map. Results show that the
ROI map is robust to the number of clusters and different gaze
patterns, and can be used in progressive image coding/decoding to
enhance the image quality in regions of interest.

1. INTRODUCTION

Visual attention (VA) has become an expanding area of interest
in human computer interaction. Studies in VA and eye move-
ments [1, 2, 3] have shown that humans generally only attend
to a few regions (or loci) of interests, called ROIs, in an image,
which are determined in part by their information content. The
use of eye movements to determine ROIs can be promising in en-
hancing the quality of these regions during progressive image cod-
ing/decoding. Here we propose to exploit the personal aspects of
the VA processes, by means of monitoring eye movements, to de-
termine the loci and relative importance of ROIs. This loci and
importance assigned to the ROIs generate the ROI map.

2. VISUAL ATTENTION AND EYE MOVEMENT

The human visual system relies on the positioning of the eyes (fix-
ations) to parts of an image, which are processed with high res-
olution. A number of these fixations at specific locations are in-
terspersed by rapid eye movements (saccades) to reposition the
eye at the next point of attention. A succession of these fixation-
saccade events provide the brain with detailed visual information
from which a conceptual image of the visual scene can be con-
structed by combining the high resolution regions with the large
area of low resolution information from the periphery [2, 4].

In order to understand VA processes better, methods have been
devised to track gaze location through eye movements. By ob-
serving where and when a person’s gaze is directed, it is possible
to establish the fixation-saccade path followed by the viewer. If
the viewer is undertaking a defined task under a given context,
such as locating ROIs in an image, then the captured spatial and
temporal gaze pattern given by the fixation-saccade events can be
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Fig. 1. Original ‘Rockclimb’ image used in experiments.

post-processed to compute the loci and relative importance of a
representative subset of ROIs to generate the ROI map.

The general problem of characterising ROIs is that ROIs are
determined partly by the application and hence the class of im-
agery. The brain and visual system is also subject-dependent. Re-
gardless of these factors, there are areas of VA and sequences of
transitions between them, durations of attention, spatial extent of
these areas, etc, that constitute a response to any particular stimu-
lus. This may differ from subject to subject and image to image,
but the structure of the gaze pattern is usable with parameters to
determine the loci and importance of ROIs for each case.

3. PROPOSED VISUAL ATTENTION BASED ROI MAP

The experimental methodology adopted consisted of recording
gaze data of three different viewers for the image shown in Fig. 1.
For each image, the viewer was free to examine the image con-
sciously (i.e. overtly), which was directed by their natural VA pro-
cesses. For each case, the gaze-tracking experiment was repeated
three times for a duration of 10 seconds each.

3.1. Gaze-Tracking Device

The device used to record eye movements was an EyeTech video-
based corneal reflection eye tracker. Infrared lights were mounted
on both sides of a computer monitor to illuminate the eye and pro-
vide reference points for the eye tracker. The method of operation
relies on tracking a bright “Purkinje” reflection on the eye from
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the infrared light sources. The reflection used is relative to the lo-
cation of the pupil centre. The gaze-tracker operated at 15 frames
per second (fps) (uniformly sampled in time) and was conducted
on an image and screen resolution of 1024 × 768 pixels.

3.2. Gaze Data Clustering

A clustering procedure is required to reduce the spatial characteris-
tics of gaze patterns into a limited subset of clusters that represent
ROIs. The choice of clustering technique is influence by a number
of factors such as whether the probability densities of the data are
known or can be modelled, and the size of the data set. Since the
number of gaze location points are limited and its spatial distribu-
tion is unknown, an unsupervised clustering technique, such as a
K-means algorithm, may be used.

The K-means clustering method assigns data to one of K clus-
ters using the distance from the means of these clusters. A data
vector is assigned to the nearest cluster mean. After all data vec-
tors are classified, the means are updated using the sample means
of the data vectors assigned to that cluster. The process is iterated
until convergence (i.e. the means do not change significantly when
compared against a precision threshold). The K initial values for
the cluster means are chosen randomly from the data set. The value
of K can be arbitrarily chosen or can be based on examination of
the typical gaze tracking data for the application.

The cluster means and covariances of the locations of the data
vectors that were assigned to the clusters were used to generate
ellipses to represent the boundaries of regions of VA. The major
and minor radial components of the ellipse were chosen to be 1.96
standard deviations in each direction. In such a case, if the cluster’s
spatial distribution was Gaussian, then this will represent approxi-
mately 95% of data points belonging to the cluster.

Fig. 2 presents some gaze data and associated ellipses repre-
senting the cluster means and covariances for a number of K val-
ues. Plots (a)–(c) show the K-means clusters for Scan 1 of Person
1 for K = 2, 3, and 4. Plots (d)–(f) represents fixations and clus-
ters for Scan 1 for Person 1, Person 2, and Person 3 respectively,
for K = 5. The plots in Fig. 2 do not contain any information
about the sequence these points were viewed in. The resulting
clusters are dependent on the number of clusters, initial cluster
means and the gaze data. Despite these dependencies, it can be
observed that the main object (i.e. the rock-climber) is more or
less covered by the cluster labelled ‘1’.

3.3. Cluster Importance Metrics

Some measures need to be derived from the spatial locations and
temporal order of the gaze data in order to determine the relative
importance of ROIs. These measures may be derived from impor-
tant attentional features of human vision. The result of these im-
portance metrics together with the clustering procedure define the
ROI map. The measures employed in the ROI map are as follows:

• Cluster Count, C(k), measures the number of gaze points
that belong to cluster k. C is analogous to the duration
of gaze within the cluster, since uniform gaze sampling
was recorded. It represents the total time spent view-
ing/gazing at that region. The cluster importance is con-
jectured to be proportional to Cluster Count and is given by
C(k)/

∑k=K

k=1
C(k).

• Cluster Distance, D(k), measures the average distance of
gaze points from their cluster mean. Cluster Distance is

conjectured to be inversely proportional to the cluster im-
portance, which is given by (1 − ND(k))/

∑k=K

k=1
(1 −

ND(k)) where ND(k) is the normalised average distance
given by D(k)/

∑k=K

k=1
D(k).

• Cluster Variance, V (k), measures the variance of gaze
points from their cluster mean. The cluster importance for
this factor is similar to that for Cluster Distance, which
increases with decreasing variance. The Cluster Variance
importance metric is given by (1 − NV (k))/

∑k=K

k=1
(1 −

NV (k)) where NV (k) is the normalised variance given by
V (k)/

∑k=K

k=1
V (k).

• Cluster Area, A(k), measures the area (in pixels) of the
ellipse (see Section 3.2) generated from the cluster mean
and covariance. A is related to the size of the object or
segment that may be of interest to the viewer. The clus-
ter importance for Cluster Area increases with decreas-
ing area. The Cluster Area importance metric is given by
(1 − NA(k))/

∑k=K

k=1
(1 − NA(k)) where NA(k) is the

normalised cluster area given by A(k)/
∑k=K

k=1
A(k).

• Cluster Time Weighted Visit Count, W (k), is used to weight
the count (or duration) of the nth cluster visited by the in-
verse of the time of the cluster visit. The importance metric
is given by the number of gaze points in cluster k of the
nth cluster visited, Cn,k, divided by the nth cluster visited
(i.e. Wn,k = Cn,k/n). For example, if 10 successive gaze
points belonged to the first cluster, say ‘Cluster 1’, then the
calculated measure would be W1,1 = 10 (i.e. 10/1). Then
if the gaze position shifted to another cluster, say ‘Cluster
2’, which then recorded 30 gaze points in succession, then
the measure would give W2,2 = 15 (i.e. 30/2), and so on.
The importance measure for cluster k, is finally, given by
the sum of Wn,k that belongs to cluster k divided by the
sum of Wn,k (i.e. W (k) =

∑
n,i=k

Wn,i/
∑

n,i
Wn,i).

• Cluster Revisit Count, R(k), measures the number of sac-
cade revisits to a given cluster during the course of view-
ing. The revisiting of the fixation-saccade path to regions
in an image has been found to be a fundamental property
of eye movements. The cluster importance for Cluster Re-
visit Count is conjectured to be proportional to the number
of cluster revisits. The Cluster Revisit Count metric is nor-
malised by the total number of revisits in each cluster (i.e.
R(k)/

∑k=K

k=1
R(k)).

Note that the sum of cluster measures for each metric equals 1.0;
indicating the cluster’s relative importance for the given metric.

3.4. Entropy-Weighted Importance Measures

The metrics used above to characterise the importance of a clus-
ter may be quite correlated and an entropy-weighting strategy is
proposed to appropriately de-correlate and weight each metric ac-
cordingly. The entropy of a metric, X , is defined as:

H(X) = −

∑

x

P (x)log2P (x) (1)

where P (x) is the probability that X is in the state x, and
P (x)log2P (x) is defined as 0 if P (x) = 0. Here, P (x), is the
probability that a given metric belongs to cluster x. That is, P (x),
is the same as the relative importance measure for cluster x. These
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Fig. 2. Gaze locations (circles) and K-means cluster boundaries (ellipses); (a)–(c) shows Scan 1 of Person 1 for K = 2, 3, and 4, respec-
tively, (d)–(f) shows Scan 1 of Person 1, 2, and 3, respectively, for K = 5. Clusters are labelled in order of importance (1:highest,K:lowest).

entropy measures are used to appropriately weight the importance
measures for each metric.

Each metric was categorised into one of three classes to sepa-
rate independent metrics from dependant ones, namely, (1) Count,
and Time Weighted Visit Count; (2) Distance, Variance, and Area;
and (3) Revisit Count. These classifications determine the differ-
ent inter and intra-class weighting procedure for each metric. The
entropy-weighted importance measures for a metric is obtained by
weighting its cluster relative importance measure by the its inter
and intra-class entropy weight, which are given by:

• Inter-class weight for a class is given by the average of its
intra-class (dependent) entropies divided by the sum of the
average entropies for each class.

• Intra-class weight for a metric is given by the metric en-
tropy divided by the sum of all intra-class (dependent) en-
tropies for the class that the metric belongs to.

The overall importance measures are obtained by the sum of
all entropy-weighted metrics for each cluster. These measures for
the clusters shown in Fig. 2 are tabulated in Table 1. The clus-
ters are labelled in order of importance with ‘Cluster 1’ having the
highest importance and ‘Cluster K’ having the least. For these im-
ages, one may conclude that the rock climber is the primary region
of importance, which indeed coincides with the results obtained in
all cases. Other regions in the background, however, may catch the
attention of viewers in a more arbitrary fashion. Although, the ac-
tual importance values and their order of importance may depend
on the application, viewer, and other subjective factors, the results
show promise and are robust to the number of clusters and gaze
patterns from the same and different viewers.

Another promising feature is how the entropy-weighted mea-
sures are higher than equally-weighted ones for regions that are in-
tuitively more important (e.g. rock climber), and lower for less im-
portant regions (with the exception of Fig. 2(a)). An excellent ex-
ample is Fig. 2(e), where the rock climber was not of most impor-
tance from the equally-weighted measures, but was significantly
increased to become the most important after entropy-weighting.

4. APPLICATION TO IMAGE COMPRESSION

The coding/decoding of images may be influenced to enhance the
image quality in regions of VA (or ROIs). The JPEG 2000 image
coding standard provides several ROI coding mechanisms which
can prioritise pre-defined ROIs. These methods, however, treat
all ROIs with the same degree of importance. To overcome this,
an importance prioritised JPEG 2000 (IMP-J2K) image coder [5]
was developed to allow multiple ROI coding using variable ROI
importance scores. In this method, the ROI was emphasised by
weighting the Mean Square Error (MSE) distortion measure of a
block of coefficients by the square of its importance score. The re-
construction of the ROIs are bounded by the extent of these blocks.
This is advantageous for the given ROI boundaries, since the ROIs
may not fully encompass the objects in the image.

The ROI cluster loci and importance measures were input to
IMP-J2K for coding, with an additional background (i.e. regions
outside the ROI) importance parameter of 0.01. Table 2 demon-
strates the improved quality, measured as Peak Signal-to-Noise
Ratio (PSNR), of the ROIs over the background (BG) for decoded
images at 0.25 bits per pixel (bpp). In some cases, the ROIs were
encoded in actual order of importance. The slight inconsistency

3497



Table 1. Entropy and equally†-weighted ROI cluster importance
measures for Fig. 2.

Cluster
Figure K

1 2 3 4 5

2 0.65 0.35 NA NA NA2(a)
(0.70) (0.30) (NA) (NA) (NA)

3 0.56 0.32 0.12 NA NA2(b)
(0.52) (0.34) (0.14) (NA) (NA)

4 0.41 0.28 0.23 0.08 NA2(c)
(0.34) (0.24) (0.34) (0.08) (NA)

5 0.37 0.25 0.20 0.11 0.072(d)
(0.33) (0.21) (0.27) (0.11) (0.08)

5 0.29 0.20 0.19 0.17 0.152(e)
(0.22) (0.16) (0.32) (0.15) (0.15)∗

5 0.38 0.29 0.12 0.11 0.10
2(f)

(0.34) (0.30) (0.15) (0.10) (0.11)
† Shown in parentheses

Table 2. PSNR (dB) of ROI clusters and background (BG) for de-
coded images at 0.25 bpp†. Bracketed values are for prioritisation
of ‘rock climber’ only clusters.

Cluster
Figure

1 2 3 4 5
BG

33.12 29.02 NA NA NA 26.132(a)
(34.62) (NA) (NA) (NA) (NA) (24.49)

32.84 33.75 26.63 NA NA 25.922(b)
(35.15) (NA) (NA) (NA) (NA) (25.24)

32.10 35.44 32.46 26.57 NA 25.932(c)
(35.33) (35.24) (NA) (NA) (NA) (24.36)

34.85 34.55 32.04 27.99 23.55 25.832(d)
(35.64) (35.16) (NA) (NA) (NA) (25.10)

32.28 32.75 28.74 32.53 28.85 26.842(e)
(33.67) (NA) (NA) (NA) (NA) (28.54)

31.58 31.55 29.60 26.22 28.14 29.552(f)
(33.69) (32.84) (NA) (NA) (NA) (26.43)

† Fine differences, say ±1 or 2 dB, between ROIs may be perceived as
similar quality.

between importance measures and the quality are a result of a
number of factors including variations in the ROI’s content and
the effect of a number of ROI coding attributes such as the number
of ROIs, and its size and location with respect to the code-block
boundaries. Furthermore, the seeping of importance of higher to
lower important ROIs that are close in proximity can correspond-
ingly place more emphasis on the lesser important ROI. In prac-
tice, a small number of ROIs occupying a relatively small portion
of the image are used as ROIs [6]. If this was the case, for example,
only using ROI clusters that belong to the rock climber for priori-
tisation, then the decoded quality of ROIs can be better controlled
and be reconstructed significantly better than the background and
also in order of importance (see bracketed values in Table 2).

Fig. 3. Example prioritised ROI coding at 0.25 bpp for Fig. 2(d).

Fig. 3 shows an example decoded image for the case where
ROIs, as shown in Fig. 2(d), were used for prioritisation. Note that
ROIs, especially the rock climber, are reconstructed with better
quality and at a higher resolution than the background. This ob-
servation is similar to the operation of human vision as discussed
in Section 2 where regions of VA are in high resolution while the
periphery is in low resolution.

5. CONCLUSION

A ROI ‘importance’ map was proposed to exploit the personal
aspects of the VA processes, by means of monitoring eye move-
ments, to determine the loci and relative importance of ROIs. The
ROI map shows promise and is robust to the number of clusters
and different gaze patterns. The metrics and entropy-weighting
strategy also provides an adequate impression of the cluster’s ‘im-
portance’. Future work will apply the ROI map to a greater number
of images and viewers, develop a more concrete set of metrics, and
consider issues such as the omission of outliers and the determi-
nation of an appropriate number of clusters and their validity. The
ROI map was also applied to image coding to prioritise ROIs.
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