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Motivations

Packet loss affects QoE of video services over IP.

Spatial position of the loss in the picture influences perceptual
quality.

Spatio-temporal error propagation heavily distorts video
quality.
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Error Propagation

Lost slice

Inter-prediction 
from lost MB

Intra-prediction from 
inter-predicted MB

Prediction order > 1
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Objectives

1 Study the impact of packet loss in the RoI.
2 Build an attention-based error resilience model against packet

loss.

Determine the RoI which robustness should be enhanced.
Counter the effect of packet loss, namely spatio-temporal
error propagation.
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Test Setup
From Eye Tracking to Regions of Interest

Eye Tracking

Track and record eye movement of observers while watching
video sequences.

Fig. 1. Eye tracking apparatus

2.2. Subjects

Twenty unpaid subjects participated to the experiments. All had nor-
mal or corrected to normal vision. All were inexperienced observers
(in video processing) and naive to the experiment. Before each trial,
the subject’s head was positioned so that their chin rested on the
chin-rest and their forehead rested against the head-strap. The height
of the chin-rest and head-strap was adjusted so that the subject was
comfortable and their eye level with the centre of the presentation
display.

2.3. Quality assessment campaign

In this eye tracking experiment, participants have to assess picture
quality as in every quality assessment campaigns. Experiments are
conducted in normalized conditions (ITU-R BT 500-10). Images are
displayed at a viewing distance of four times the height of the picture
(80 cm), and their resolution is 512 × 512 pixels. The standardized
method DSIS (Double Stimulus Impairment Scale) is used. Each
observer views an unimpaired reference picture followed by an im-
paired version of the same picture. Each picture is presented during
8s. Observer then rates the impaired video using an impairment scale
containing five scores (imperceptible; perceptible but not annoying;
slightly annoying; annoying; very annoying).

Ten unimpaired pictures are used in these experiments. The pic-
tures were impaired by JPEG, JPEG2000 compression or through a
blurring filter scheme. One hundred and twenty impaired pictures
are then obtained.

2.4. Human saliency map

A saliency map topographically encodes for local conspicuity over
the picture, and it is often compare to a landscape map [5] compris-
ing peaks and valleys. A peak represents the observer’s regions of
interest. To compute a saliency map, the eyetracker data are first
parsed in order to separate the raw eye tracking data into fixation
and saccade periods. The saliency map is computed in two different
ways for each observer and for each picture.

The first way is based on the fixation number (FN) for each spa-
tial location, so the saliency map SM (k)

FN for an observer (k) is given
by:

SM (k)
FN (x, y) =

NF P∑

j=1

∆(x − xj , y − yj), (1)

where NFP is the number of fixation period detecting from the data

collected by the eyetracker, and ∆ is the Kronecker delta. Each fix-
ation has the same weight.

The second way is based on the fixation duration (FD) for each
spatial location. The saliency map SM (k)

FD for an observer k is then
given by:

SM (k)
FD(x, y) =

NF P∑

j=1

∆(x − xj , y − yj) · d(xj , yj), (2)

where NFP and ∆ have the same meanings, and d is the fixation
duration.

To determine the most visually important regions, all the saliency
maps are merged yielding to an average saliency map SM . The av-
erage saliency map is given by:

SM(x, y) =
1
K

K∑

k=1

SM (k)(x, y), (3)

where K is the number of observer.
Finally, the average saliency map is smoothed with a 2D Gaus-

sian filter given a density saliency map DM :

DM(x, y) = SM(x, y) ∗ gσ(x, y) (4)

The standard deviation σ is determined in accordance with the accu-
racy of the eye-tracking device. The average saliency map (example
in Fig. 2) encodes the most attractive part of a picture when a large
panel of observers is considered, so it reflects the average observer
behavior.

3. SALIENCY-BASED SIMPLE QUALITY METRICS

In the experiments, several simple saliency-based quality metrics are
tested. These metrics adopted a two stage implementation. So for
each metric, a distortion map is first evaluated from both the ref-
erence and the impaired pictures. Then a single quality score is
computed from the distortion map by using a saliency-based spatial
pooling function.

3.1. Simple distortions maps

Two methods are used to compute the distortion maps. The first
method is a simple absolute difference computed between the refer-
ence and the impaired images. And the second method is the struc-
tural similarity (SSIM) index [6] computed between the reference
and the impaired images.

3.2. Saliency-based spatial pooling

The idea is to use the local saliency information to weight a local dis-
tortion value. The general form of such spatial weighting approach
is given by:

Q =

∑W
x=1

∑H
y=1 wi(x, y) · q(x, y)

∑W
x=1

∑H
y=1 wi(x, y)

, (5)

where Q is objective quality score, W and H are the width and the
height of the picture respectively, wi(x, y) is the weight assigned to
the (x, y) spatial location (i defining the way to design the weight),
and q(x, y) is the distortion value at the (x, y) spatial location.

!!"#"$%&

Provide reliable information about viewer’s visual attention.
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Test Setup

Test performed in a standardized environment according to
ITU Recommendation BT.500-112.
Video set: SD and HD sequences, 8s or 10s duration.
JM 14.0 codec, High Profile, IDRBBP... GOP structure of
length 24.
Encoding bitrates chosen such as to obtain good video quality.
37 subjects participated in the test.

2ITU-R. Methodology for the subjective assessment of the quality of television pictures, June
2002.
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Some Definitions

Fixation: the status of a region centered around a pixel
position which was stared at for a predefined duration.

Saccade: eye movement from one fixation to another.

Pursuit: eye movement allowing gaze to follow a moving
target.

Saliency map: spatial locations of the eye gaze over time.
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From Eye Tracking to Saliency Maps
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From Saliency Maps to Regions of Interest

The encoder needs macroblock level information.

A pixel belongs to an RoI if its saliency value is higher than a
threshold (set empirically).
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Does RoI Matter?
Error Resilience

RoI-based FMO

Group RoI macroblocks into one or more slices independently
of other slices in the picture using FMO.
FMO type 6 provides full control over the assignment of
macroblocks to slices.
Different RoI per picture => 1 PPS NALU per picture in the
bitstream.

3
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4

Slices 1-6: non-RoI.

Slices 7 & 8: RoI.
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Loss Simulation

Loss simulator3 operating on a NALU (slice) basis.
One slice fits in one packet.
Slice losses in I-pictures to test the robustness of the model
against error propagation.
JM spatial error concealment: weighted sample averaging.

3Joint Video Team of ISO/IEC MPEG and ITU-T VCEG. SVC/AVC Loss Simulator. JVT-Q069, October 2005.
Available at http://wftp3.itu.int/av-arch/jvt-site/2005_10_Nice/
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Loss Patterns

RoI lost. 8 slices around the RoI lost.
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Subjective Quality Test

The most reliable way to assess video quality.
25 non-expert subjects rate the quality of video sequences.
Absolute Category Rating (ACR) with a 5-level scale.
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Perceptual Importance of RoI
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RoI Intra-Prediction

Slice lost in a reference picture allows error drift to
inter-coded pictures.
Attenuate the temporal error drift in the RoI by coding all RoI
macroblocks of P and B-pictures in intra-prediction mode.
At constant bitrate, the model might incur a quality decrease.

I

I

I

I

I

I

I II

II I

I I

II

I I

I

B or P-picture
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RoI Slices Lost
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Overhead of RoI Intra-Prediction

ICIP 2009 Fadi Boulos RoI Intra Prediction for H.264/AVC Error Resilience



Introduction
Acquiring Saliency Data

RoI-based Error Resilience
Conclusion

Does RoI Matter?
Error Resilience

Example

w/o error resilience. w/ error resilience.
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Media File (video/avi)
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Conclusion and Future Work

We proposed an error resilient coding based on ground truth
visual attention data.
We created a database of video sequences with visual
attention data (publically available soon).

Use an objective saliency model.
Investigate the tradeoff between RoI size and quality
degradation/robustness.
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