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ABSTRACT
The dependence of eye movements on the assigned task when
a subject views an image/video is a topic of considerable interest. In the recent past, researchers have focused on how
distortions in an image affect eye movements and fixations.
Surprisingly little work has been done on how distortions in
video affect the direction of gaze. Here we seek to evaluate how distortions in compressed video affects eye movements. We study the effect that two particular tasks (quality
assessment and summarization) have on eye movements when
subjects view videos. Further, we also evaluate the effect of
the amount of distortion on eye movements conditioned on a
particular task. The results from this study are relevant for
researchers developing video quality assessment algorithms
based on human eye moments. The results may also be useful
for improving pooling strategies for quality indices.
Index Terms— Eye movements, Quality Assessment,
Videos, Task-dependence, Compression
1. INTRODUCTION
When shown an image or a video, a human rapidly scans the
scene using ballistic eye movements called saccades linked
by fixations [1]. Most information is gathered during a fixation and little to no information is gathered during a saccade.
The study of eye movements has been an active area of research for a long time. Understanding how humans fixate is
an important step toward understanding human vision.
Image/video quality assessment has been another area of
interest in the recent past [2]. Development of quality assessment metrics is closely related to eye movements, in that,
information gathered from fixations is used to perform the
complex task of assessing the quality of images. Recently,
pooling strategies for collapsing local quality scores based on
fixations and eye movements have been proposed to improve
the performance of algorithms which seek to emulate human
perception of quality [3].
In this paper we focus on the area of research which falls
between these highly complex tasks. In particular, we evaluate the effect of a given task on eye movements. It is known

that the task heavily influences eye movements [1]. Specifically we evaluate the effect of a quality-assessment task on
eye movements. Further, we also evaluate the effect of the
presence of artifacts on eye movements. Although we are
unaware of any such work for distorted videos, there exists
literature on similar studies for images.
2. PREVIOUS WORK
Miyata et al. conducted a study where they tracked the eyes
of subjects who were asked to rate the quality of images degraded by blurring, addition of noise or color-shifting [4].
They concluded that for the types of distortions considered,
visual attention patterns do not change in the presence of distortion.
Vuori and Olkkonen [5] studied the effect of image sharpness on visual attention when viewing natural images to evaluate quality. They evaluated the possibility of applying eye
movement information to predict subjective quality preferences. A total of 24 images were shown to eight observers
and each participant was asked to evaluate the general quality
of the image or of its colors on a 7-point scale. Further, the
study involved the use of another specific task for each image - this task was memory oriented; for example, how many
buildings are there in the image? Using the saccade duration
as the test parameter, the authors concluded that image quality had a significant effect on eye movements - for example,
saccade duration increased with increasing blur. They also
reached the conclusion that on the image-specific task there
was a significant difference in the saccade duration.
In [6] the authors evaluate the following: 1. influence
of task on occulomotor behavior and 2. visual attention patterns when viewing a pristine image vs. when viewing a degraded image. In order to investigate the task impact, the
authors classify the tasks as ‘free-viewing’ and ‘quality assessment’. In the ‘free-viewing’ task, the subjects were instructed to “look around the image”. The authors claim that
free-viewing reduces the top-down effects in attention. They
conclude that fixation duration increases when a pristine image is used for a quality assessment task. Further, the type
of degradation modifies visual attention - specifically, the authors notice that JPEG and JPEG2000 distortions affect fixa-

tions. Finally, they note that multiple viewing of the same image does not alter the viewing strategy. Details of this study
were also presented in [7].
In [8], the authors build upon the research in [6], where
they vary the degree of distortion and investigate the influence
of distortion type and degree when judging image quality.
Their conclusions mirror those in [6] - JPEG and JPEG2000
distortions do change visual attention strategies. Further, they
also note that the degree of distortion appears to change fixations as well. However, these conclusions do not hold when
the distortion pattern is a global one (eg., blur or noise).
Related work for videos was performed by Abdollahian
et. al. in [9], where the authors studied eye movement patters for different camera motions including pan, tilt and zoom.
Our aim in this paper is to perform an analysis similar
to that in [8], but for videos. Specifically, we consider two
tasks - summarization and quality assessment - and evaluate
the effect that the task has on eye movements. Further, given
a particular task, we evaluate the effect of distortion on eye
movements. These analyses are carried out for H.264/AVC
compressed videos which exhibit blocking and blurring artifacts.
3. EVALUATING THE TASK DEPENDENCE OF EYE
MOVEMENTS
In this paper we propose to address the following questions:
1. Does the task impact eye movements in video?
2. Given a distorted video, for a particular task, will the
eye movements be any different than for pristine (undistorted) reference video?
3. Does the level of distortion have any effect on eye
movements?
3.1. The Tasks
Most of the work cited above operated under a “free viewing”
condition where the subject was asked to simply view the images. Those authors contend that this task reduces top-down
effects and hence enhances bottom-up parameters responsible
for fixations and gaze. We believe that completely detaching
top-down influences from a visual task is almost impossible.
When asked to view an image or a video freely, we assert that
the human develops his own top-down instruction and hence
the free-viewing task is not completely free of top-down influences. As it has been noted before [5], the specific task
has a definite impact on the number of fixations and viewing time [1]. Given that this is true, under our hypothesis
that a ‘free viewing’ condition does not isolate top-down influences, eye movements then correspond to an implicit task
that the human undertakes. Comparing these fixation patterns

against those from a quality assessment task hence does not
seem ideal. Therefore, we strictly define the alternate task so
as to ensure uniformity across human subjects.
In order to answer the task-dependence question, we
record fixations as the subjects were shown videos with two
alternate tasks : (1) a Summarization task and (2) a Quality
assessment task.
The instructions to the subject for the summarization task
were as follows: You will be shown a set of videos. At the end
of a set of presentations, we shall show you a frame from a
video and will be asked to explain/summarize the scene that
corresponds to the video. You will have to explain the series
of events/say what happened in that video. Our hypothesis is
that such a strict definition emphasizing the same top-down
influences would serve to remove possible randomness associated with inter-subject eye movements.
The quality assessment task is as follows: You will be
shown a set of videos. At the end of each video, you will
be asked to rate the quality of the video on a five-point scale
(Bad -1/5, Poor - 2/5, Fair - 3/5, Good - 4/5, Excellent - 5/5).
Our hypothesis here is that that a quality assessment task will
influence eye movements, since the human will be more critically viewing the video than in the summarization task.
3.2. The Videos
We selected 20 clips from various foreign (French, German)
films, each 30 seconds long. The clips were chosen such that
each clip had sufficient content to summarize the video. Further, the reason for choosing foreign films was to minimize
the effect of memory or recall in the task when seeing a clip
that the subject has already seen before. A frame from a sample of the videos used in the study is shown in Figures 1.
In order to introduce distortion in videos we compressed
each video with the H.264/AVC encoder [10]. H.264/AVC
is the latest standard for video compression. Videos were
compressed using the JM reference software encoder [11]
and the baseline profile [10] was used. Each video was compressed at two different bit-rates, 1.25 Mbps and 2.25 Mbps.
The encoder parameters were: 50 macroblocks/slice, 27
slices/frame, 3 slice groups, dispersed Flexible Macroblock
Ordering (FMO) mode. The two such compressed videos
were labeled ‘High’ and ‘Low’ compression/distortion respectively. Thus we created a total of 60 compressed videos,
each of resolution 720 × 480 with a frame-rate of 30 frames
per second (fps).
3.3. Experiment design and display
A total of 12 subjects participated in the study. Six subjects
were assigned to each of the two tasks - quality assessment
and summarization. The subjects were naive concerning the
field of quality assessment. Eyesight was not tested, but a verbal confirmation of visual acuity was accepted. Each subject
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Fig. 1. (a)-(f) Frames of video sequences used for the study. All of the chosen films were foreign films (non-english) in order
to minimize memory effects.
saw 20 videos. The videos seen by the subject were such that
no subject saw the same content twice. The video playlists
were arranged such that amongst three subjects all 60 videos
were seen; where each one of the three subjects saw all the
possible 20 different contents but with varying levels of quality (pristine, low distortion, high distortion) which was randomly assigned. Since we assigned had six subjects per task,
we obtained two sets of fixations for each of the 60 videos for
each task.
We used the eyetracker manufactured by Cambridge Research Systems with a 50 Hz rate. The viewing distance was
fixed at 1000 mm. The eyetracker was controlled using the
provided MATLAB Video Eye Tracker (VET) toolbox. The
stimuli were displayed on a 21” LCD monitor with a resolution of 1600 × 1200 and a refresh rate of 60 Hz. The videos
were displayed at the center of the screen at their native resolution using the XGL toolbox developed at the University
of Texas at Austin [12]. The XGL toolbox allows for precise
display of videos without any jitter or delay so that no additional artifacts are introduced in the video. Each frame in the
video was displayed twice (this is because the refresh rate is
set at 60 Hz) so that the frame rate is 30 Hz. Calibration was
performed using the provided routine. Calibration was performed at the beginning of the study as well as after every two
presentations. The subject was explained the task beforehand,
where the same task as mentioned before was read out each
time. Care was taken to ensure that the subject understood
that ‘quality’ did not mean quality of acting/directing or of
content, but quality of the video. For the summarization task,
after 6 or 8 videos the subject was shown randomly chosen
frames from a subset of the videos that that subject had seen

and was asked to describe the video. All subjects seemed to
have no problems recalling the videos and provided a concise
explanation. For the quality assessment task, after each presentation the subject was asked to rate the video verbally - the
scores of which were noted down.
The eye movements obtained from one of the two subjects for video 12 (summarization task, pristine case) were
discovered to be completely un-reliable (as indicated by the
eye-tracker software). Hence, instead of including partial results from that video, we choose to completely neglect it (and
its low and high distorted versions) in our analysis. Thus, we
acquired eye movement data for 57 videos for each task.
4. RESULTS
Previous work similar in concept to ours for images utilized
saccade duration [5] and fixation locations [8]. In this study
we utilize actual eye movements. The eye movements for
each video and for each task were averaged across the two
subjects to produce a mean set of eye movements for each
of the videos. The eye movement locations are 2-d vectors –
coordinates on the 2-d screen – and are functions of time. In
order to collapse the spatial vector, we compute the distance
of each of these eye movement locations from the center of
the screen. This produces a scalar value for each sampled
instant. In order to pool this time-series, and to compare eye
movements across tasks we use the coefficient of variation
(CV) [13], which is the ratio of the standard deviation of a
vector to its mean. The CV captures the variations in eye
movements better than the simple mean. Having said this, we
also note that the CV may not be an ideal metric for time-

series pooling. Future work will involve understanding how
best to pool these time-series scores.
In our study the CV of eye movements across each video
was computed to produce a single value for each video. This
was computed across all videos to form a 57-dimensional
vector for each task. A Kolomogorov-Smirnov (KS) test for
Gaussianity [13] of the vectors corresponding to the videos
for each of two tasks confirmed that the null hypothesis (the
vectors are drawn from a Gaussian distribution) could not be
rejected at 95% confidence level. Hence we applied the t-test
[13] in order to determine if the two sample vectors are drawn
from the same distribution. We found that the null hypothesis
(the two vectors are drawn from the same distribution) was
rejected at the 95% confidence level. In accordance with previous literature, we find that the task clearly influences eye
movements in video. This answers the first question that we
posed: Does the task impact fixations in video?.
In order to answer the next two questions: Given a distorted video , for a particular task, will the eye movements
be any different than for pristine reference video? and Does
the level of distortion have any effect on eye movements? the
following analysis is performed. For each set of three videos
sharing the same content (pristine, low distortion, high distortion) and for each task, the mean fixation location as a
function of time between the two subjects is computed as described above1 . Hence for each video, a vector of length equal
to the number of (sampled) eye-movements is produced. This
vector is utilized to study the relationship between two videos
which share the same content. The KS test for Gaussianity
indicates that for a majority of these vectors, the null hypothesis (the vectors are drawn from a Gaussian distribution) is
rejected at the 95% confidence level.
At this point, there are two options - (1) to apply a nonparametric test (such as the Mann-Whitney U test for two independent samples) or (2) to apply the t-test but with a reduced confidence level. Sheskin provides arguments for both
of these cases, and it seems that most researchers prefer to
use a conservative t-test owing to its robustness as against a
non-parametric one [13]. We utilized the t-test to infer if the
two sets of eye movements were drawn from the same distribution, at the 90% confidence level. This is evalauted for each
task. We realize that the number of subjects has an influence
on the results of these statistical tests, and future work will
involve an increase in the number of subjects.
The reader will notice that we perform the t-test on each
content individually, instead of across contents. The reason
for this is as follows. Since content of the video may influence
the perceivability of distortions, our hypothesis is that the eye
movements in videos where distortions are not perceivable
will not differ significantly from those for the pristine video.
In cases where the distortion is perceivable, the distributions
of eye movements must differ significantly. Future work will

involve quantifying the distortions at eye movement locations
using objective quality indices [14].
The results of the t-test for each task are seen in Table
1. The null hypothesis is that the two sets of eye movements
(pristine and low distortion or pristine and high distortion)
are drawn from the same distribution. A value of ‘0’ in these
tables indicates that the null hypothesis cannot be rejected at
the 90% confidence level. A value of ‘1’ indicates that the
null hypothesis can be rejected at the 90% confidence level
and the two sets of eye movements are significantly different.
The results in Table 1 warrant further discussion. We find
that for the summarization task, there seems to exist definite
statistical differences between eye movements in the presence
of distortion. This is extremely interesting. Under the hypothesis that the human is guided by a particular task when
he views a video (in this case the summarization task), his
eye movements change in the presence of distortion. In the
case of the quality assessment task, however, there seems to
be greater agreement between eye movements when viewing
a video. This implies that the strategy that the subject adopts
for the quality assessment task remains essentially the same
in the presence of distortion. Of course, this depends heavily
on the content of the video and the quality of direction.
The results imply that for consumer applications, quality
assessment algorithms that employ pooling strategies based
on eye-movements will better predict the quality of experience that the end-user has. We propose to quantify the statistical differences as a function of the quality at points of gaze
in future work.

1 This leads to a time-series. Note that here the CV is not used to produce
scalar value for the video
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5. CONCLUSIONS
We evaluated the task dependence of eye movements for two
well-defined tasks - quality assessment and summarization.
Further, we evaluated the effect that distortion (compression)
had on eye movements for each of these tasks. The influence
of the degree of distortion was also examined. Each of these
analyses was carried out for a diverse set of videos. We concluded that across videos, the task influences eye movements.
Specifically, the eye movements for a quality assessment task
differs significantly from that for a summarization task. We
also demonstrated how the degree of compression affects eye
movements for each of these tasks for each video in the study.
Future work will involve increasing the number of subjects,
and evaluating the statistics at points of gaze. The study presented here has applications in developing pooling strategies
for video quality assessment algorithms.
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