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ABSTRACT

Visual saliency models(VSM) mimic the human visual sys-
tem to distinguish the salient regions from the non-salient
ones in an image or video. Most of the visual saliency model
in the literature are static hence they can only be used for
images. Motion is important information in case of videos
that is not present in still images and thus not used in most
of VSMs. There are very few saliency models which take into
account both static and motion information. And there is
no saliency model in the literature which uses static features,
motion, prediction and face feature. In this paper we propose
a predictive visual saliency model for video that uses static
features, motion feature and face detection to predict the
evolution in time of the human attention or the saliency. We
introduce a new approach to compute saliency map for videos
using salient motion information and prediction. The pro-
posed model is tested and validated for surveillance videos.

1. INTRODUCTION

Human visual system is attracted by salient objects or
events. This is done unconciously and effortlessly in the vi-
sual system. Its a challenging task to model such a complex
phenomenon of human visual system. Such computational
model can be used in many image and video processing ap-
plications such as compression, event detection, perceptual
quality evaluation, etc.

There are many factors involved in computing these
salient regions in a visual scene. These factors or visual cues
are categorized mainly into two groups, bottom up, and top
down visual cues [1, 2]. In bottom up approaches our visual
system computes the salient regions from low level features
such as colour, intensity, orientation etc. A famous compu-
tational model of bottum-up attention proposed by Itti and
Koch [3], that uses low level features such as colour, intensity
and orientation. Top down approaches involve more com-
plex visual activity such as object detection, face detection
etc. It is done very fastly and efficiently in human visual
system. Combining bottom up and top down approaches
guide the visual system towards the salient regions or region
of interest [5, 6, 7]. It is observed that the human visual
system divert the attention to faces 16.6 times more than
other similar regions [4]. Therefore, face detection can signif-
icantly improve the short commings of static saliency mod-
els such as Itti’s saliency model [3], GBVS [8] and GAFE
[9]. In [10], top-down visual cue of face detection is com-
bined with itti and Koch bottom up saliency computational
model [3] which gives promissing results. The bottom up and
top down approaches can help us make a model which can
detect salient regions in an image, but what about detecting
saliency in videos? Videos have an extra dimension, which
creates, a perceptual feeling of motion in human brain. Mo-
tion has great influence in identifying the salient regions in
a complex dynamic visual scene. Many models have been
introduced in the literature to detect salient motion such
as [11, 12, 13, 14, 25, 26].

Salient motion models combined with prediction,
bottom-up and top-down cues can lead to an efficient visual
saliency model. A predictive saliency map can be computed
on the videos only. It can be generated with the help of
static saliency maps of previous(history) frames, and motion
vectors between all the previous frames. It helps to maintain
the history information of saliency maps that increases the
chances of detection of salient features in the current frame.
A predictive saliency map is computed is presented in [26].

The saliency model which can be used for visual surveil-
lance has to be modelled considering the information avail-
able in surveillance videos. Surveillance videos are most of
the time captured at very low resolution. There is always
the possibility of people in the field of view of the camera.
Human visual system is significantly coupled with eye move-
ments [22] and it easily detect the human faces, a high level
visual cue in top down saliency model. To acquire high ef-
ficiency of visual attention models for surveillance videos, it
is required to combine motion, face and low level features
in a single model. To evaluate such saliency model, one ap-
proach is the use of eyetracking devices to capture the sub-
jective foveated vision, that gives the positions of a subject
eye on a 2-D plane for a given image or video frame [15, 16].
Eye tracking results may give different observation points
depending on the observer. These observation points are
used to create Gaze Maps, that are finally compared to the
saliency maps computed by the saliency model.

This paper is organized as follows. In the next section
we will describe the spatio-temporal visual saliency compu-
tational model for videos using motion and prediction. The
second section will describe the experimental results from
eyetracking experiment. Third section will discuss the re-
sults and the last section will conclude the paper and point
to some future directions.

2. SPATIO-TEMPORAL VISUAL SALIENCY
COMPUTATION MODEL

The spatio-temporal saliency model proposed in this paper
is based on stationary saliency model that include top-down,
bottom-up visual cues and motion information. The bottom-
up visual features such as color, intensity and orientation
are used. A famous method of computing bottom-up vi-
sual cues is presented in [3]. A part from bottom-up visual
cues, top-down visual cue such as face is incorporated in
our proposed saliency model. As face has significant impor-
tance in surveillance videos and grab/attract human visual
attention [23]. A model that incorporate bottom-up and top-
down visual cues for images has been presented in [10]. In
addition to bottom-up and top-down visual cues, our pro-
posed model has also added a new method of computing the
salient motion. A method to compute the salient motion in
the videos has been proposed in [14]. Apart from top-down,
bottom-up visual cues, and motion we have also added the
prediction algorithm, that can predict the saliency map of
the current frame based on the previous saliency maps from
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previous frames, the resultant saliency map is called predic-
tive saliency map (PSM). If we combine all these saliency
model with an averaging function, the output will be called
predictive visual saliency model(PVSM) as shown in figure
1.

Figure 1: Predictive visual saliency model

2.1 Stationary saliency map

Many saliency models have been proposed in the literature,
the famous ones include Itti and koch [3], GAFE [9], GBVS
[8]. The most commonly used saliency model with stationary
features is the one proposed by [3]. This model generates the
saliency map based on the combination of color, orientation
and intensity conspicuity maps(color Cc, intensity Ci, and
orientation Co). Itti’s saliency model compute the saliency
map by taking the average of these three conspicuity maps
as shown in equation 1.

SMitti =
1

3
(Ci + Cc + Co) (1)

Experiments show that high level features such as faces
attract more attention than other features [17]. As Itti’s
saliency model is based on low level features and does not
consider high level conspicuity maps, it does not perform
well for complex scenes such as images with faces, cars, and
other familiar objects. To overcome this problem, we need
a model which incorporates high level cues such as human
faces. There is not so much research done on high level
features use in saliency models. A saliency model proposed
in [10] use color, intensity, orientation and face detection.
This model gives 33% improvement in the saliency detection
for images with faces. The authors in [10] have used the face
detection model by Walther et al [18]. The face conspicuity
map CFace is given four times higher weight than the other
conspicuity maps. Equation 2 describes the final saliency
model.

SMSharma =
1

7
(Ci + Cc + Co + 4CFace) (2)

This model provides overall 33% performance improvement
over other stationary models [10]. In this paper we propose
to used face features, low level features and motion together
to create a spatial temporal saliency model as shown in fig-
ure 1.

2.2 Motion saliency map

Salient motion is that motion which can grab/attract
the attention of the viewer. Motion saliency is a com-
plex phenomenun that depends highly on the specific

scene/environment/scenerio. It is also heavily dependent on
the viewers interests. In this case we cannot use motion
detection methods such as Lukas and Kanade method of de-
tecting motion vectors, to detect salient motion. Because if
we use temporal difference of adjacent frames or compute
the motion vectors from one frame to another, we might be
able to find the moving regions of the image but it cannot
distinguish between regions with salient motion and regions
with non-salient motion. Let’s suppose motion vectors are
computed from a video of a tree with moving leaves and some
person passing by, it will give us many motion vectors of the
tree’s region and the passing person’s region, here the motion
of tree leaves will not be considered salient motion, however
the motion of a passing by man will be considered salient. In
salient motion detection the non-salient motion has to be fil-
tered out or ignored. In literature we can find much research
work done on salient motion detection [14, 19, 24, 25]. A
Motion saliency map using spatio-temporal energy accumu-
lation of coherent moving objects by Gabor filtering is pro-
posed in [25]. A salient motion detection algorithm proposed
by [19] is using the motion vectors magnitude and phase his-
tograms. These histograms are combined with the help of a
proposed formula in such a way that the motion entropy is
used to detect the regions with salient motion.

Figure 2: (a) Frame # 155 (top-left), (b) Temporal differ-
ence after thresholding (top-right), (c) x-axis motion vec-
tor(MV) (middle-left), (d) y-axis MV (middle-right), (e) x-
axis MV after filtering (bottom-left), (f) y-axis MV after
filtering (bottom-right).

The authors in [14] proposed a method based on tempo-
ral differencing, filtering and segmentation. In this paper we
propose to use gaussian filter instead of segmentation as the
last step of salient motion detection model. The proposed
motion model has these main steps: Temporal difference be-
tween adjacent frames, motion extraction, temporal filtering,
region growing, and multi sources fusion. The region grow-
ing and multi sources fusion are not done in our proposed
model, for two reasons. First segmentation is a task with
high computational complexity, second threshold of region
growing is not same for different videos. Rather in the forth

555



step we included Gaussian filtering of the salient motion pix-
els to get our motion saliency map. The reasons for using
Gaussian filtering instead of segmentation is that segmen-
tation is very slow process and its highly sensitive to region
growing threshold values. For example after computing third
step of temporal filtering, we get the pixels with salient mo-
tion, now if we will do segmentation, there are more chances
to get regions which are not salient into this segmentation
region. For example if a person wearing black shirt is mov-
ing close to its shadow, the segmentation will include the
shadow region with the moving person. To avoid these kind
of errors we have performed gaussian filtering that gives us
a region which is most probable to be salient.

According to [3, 27], a study is conducted to quantify the
center bias of the observers in free viewing condition. Hence
result show the human vision is center-surround. Thus if
there are more than one moving objects in a scene, high pri-
oirity should be given to the center of each moving object
by computing the gaussian filtering on the salient motion
points. The further away we go from center, the less salient
region we get. The motion saliency maps are filtered by a
spatial Gaussian filter of σ = 37 which was chosen to ap-
proximate the size of the viewing field corresponding to the
fovea in the gaze map [22].

The first step of computing the motion saliency is com-
puting the temporal difference. It is computed between two
subsequent frames F(x,y,t) and F(x,y,t+1). First we take
the difference of these two frames and then it is thresholded
using a threshold value Td. Td can be computed based on
the image statistics, and its value is equal to 15 [14]. To de-
tect slow moving objects [14] proposed to use the a weighted
accumulation with a fixed weight is used for the new obser-
vation as described in equations 4 and 5. The weight wd is
0.5. The Idiff for frame 155 is shown in figure 2(b).

Ifr−diff = I(x, y, t+ 1)− I(x, y, t) (3)

Idiff (x, y, t+ 1) = (1− wd).I(x, y, t) + wd.(Ifr−diff ) (4)

Itemp−diff (x, y, t+ 1) =

{
1 if Idiff (x, y, t+ 1) > Td
0 otherwise.

}
(5)

The next step consists of finding the motion vectors.
In this step we used Lucas-Kannade [21] algorithm for
computing the optical flow. We computed motion vec-
tors of those pixels that are detected in the first step in
Itemporal−diff . Lucas-Kanade method works for a given set
of points in a video frame to find those same points in the
next frame, or for given point F(x,y,t) in frame Ft find the
point F (x + xδ, y + yδ, t + 1) in frame Ft+1 that minimizes
error ε as shown in equation 6. The magnitude of motion
vectors in x and y directions is shown in figure 2(c) and fig-
ure 2(d).

ε =
∑
x

∑
y

‖F (x+ xδ, y + yδ, t+ 1)− F (x, y, t)‖ (6)

After extracting motion vectors, we first multiply the
Itemporal−diff with Motion vectors x and y component to fil-
ter out the unnecessary motion vectors. The result is shown
in the figure 2(e) and figure 2(f). After that we do temporal
filtering using the filtered motion vector’s x and y compo-
nents Fx and Fy. The x and y components of a motion vec-
tor gives us the displacement of a pixel from previous frame
t to new frame t+1, in form of x and y displacements.

It is assumed that the periodic motion is non-salient in
surveillance videos. Lets take an example of people jogging
on a beach along a lake, the lake has slowly moving water

and the beach has trees with moving leaves. In this kind of
scenerio and under surveillance context, the periodic motion
of the water and tree leaves is not salient, however the motion
of people jogging is salient. It is assumed in most surveillance
scenerios that the object with salient motion will move in a
consistent way in the same direction for a considerable period
of time [t,t+n], where n is number of frames. This may not
be true for videos other than surveillance videos. A positive
count P and negative count N is computed by computing
the number of times a pixel moved in positive x or positive y
direction, similarly negative x or negative y direction over the
period [t,t+n]. This gives us the pixels with salient motion
information. In the last step the salient motion pixels are
filtered with the gaussian filter to simulate the human visual
system [27]. The proposed motion saliency map is shown
in 3(d).

2.3 Predictive saliency map

In the predictive saliency model, we propose to use predic-
tion which helps to compute saliency map using the previ-
ous saliency maps computed for the previous frames. The
detailed description of the predictive saliency model is pre-
sented in [26]. This helps to increase the probability to de-
tect salient features in the new frame. Prediction model
is implemented on the basis of motion vectors. Using the
motion vectors between frame t and t+1, we predict which
regions could be salient in frame t+1 based on the history
of saliency between frames 1 and frame t. We compute a
predictive saliency map (PSM), by moving the salient pixels
of frame t to the new location in frame t+1, this location
is given by motion vectors between frame t and t+1. The
proposed saliency map computational diagram is presented
in figure 1.

Figure 3: (a) Frame # 175 (top-left), (b) Gaze Map (GM)
(top-right), (c) Itti Saliency Map with face detection (SSM)
(middle-left), (d) Motion Saliency Map (MSM) (middle-
right), (e) Predictive saliency map (PSM) (bottom-left), (f)
Mean of PSM and MSM (bottom-right).

In this paper we have used history based on one frame
only, however more frames can be used which will make the
process more robust at the cost of being complex and slow.
Lastly we combine the stationary saliency map with faces,
motion saliency map and predictive saliency map into a pre-
dictive video saliency map(PVSM) using the average func-
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tion. The PVSM is normalized in range of 0 to 1, where 0
represents no saliency and 1 represents most salient pixel.

The saliency model needs to be verified with psychophys-
ical tests. The best way is to get data from subjective eye-
tracking experiments after presenting the videos to many
subjects. In our experiment we presented three surveillance
videos to 30 subjects, and recorded their eye movements us-
ing SMI high speed eye tracker with a frequency of 500 sam-
ples per second. The video is displayed on a CRT monitor.
The eye tracks are acquired and used to generate gaze maps.
The gaze maps are obtained by averaging the eyemovements
of 30 subjects. In the last step of gaze map production gaze
maps are filtered with gaussian filter to depict the human
visual system [22]. The gaze maps of frame 389 and frame
175 of video 1 are shown in figure 3. The gaze maps data is
later used for the comparison with the saliency maps using
Area under the curve and cross correlation metrices.

3. RESULTS

The results have been computed on 3 surveillance videos
from surveillance cameras. Video 1 and 2 are from the iLIDS
database of AVSS 2007 conference and video 3 is from store
survellance camera. Video 1 and 2 contain the videos of
surveillance camera on a train station. Video 1 has less ac-
tivity of passengers on the train station and video 2 has more
activity on the train station. Video 3 has a view of a store
with a man coming into the scene, picking something and
lefting the scene. The frame size we used is 600x800, for the
fast computation of ROC curve, we have downsampled the
gaze maps and saliency maps by 4. For illustration, results
of one video frame is shown in figure 3 for frame no 175 of
the video 1.

Area under the curve(AUC) is computed between the
saliency maps (SM, MSM, PSM and PVSM) and gaze maps
for all videos as shown in the figures 4 and 5. Table 1 shows
the mean AUC value computed between saliency maps and
gaze maps for the same surveillance video.

The table 2 shows the correlation coefficient computed
between corresponding saliency maps and gaze maps. The
mean correlation coefficient value is computed by averag-
ing the correlation coefficient values for the whole video se-
quence.

Table 1: Mean Area Under the curve for Saliency maps with
Gaze maps.

Saliency Map Mean AUC
for Video 1

Itti SM with face detection(SSM) 0.5058
Motion SM (MSM) 0.6750

Predictive SM (PSM) 0.8089
Average of SM, MSM,and PSM (PVSM) 0.8087

Table 2: Mean Correlation of Saliency maps with Gaze maps.
Saliency Map Correlation

for Video 1

Itti SM with face detection(SSM) 0.1097
Motion SM (MSM) 0.2910

Predictive SM (PSM) 0.2898
Average of SM, MSM,and PSM (PVSM) 0.3031

3.1 Discussion

The average area under the curve (AUC) for MSM (Motion
saliency map) shows that the motion saliency model is per-
forming well. However there are some issues with the pre-

diction saliency model. PSM and PVSM are overlapping in
almost all the graphs of figures 4 and 5. Video 2 AUC graph
shows that PSM and PVSM are better than static and mo-
tion saliency as shown in figure 5. However it is not the case
in videos 1 and 3 AUC graphs as shown in figure 4.

Figure 4: ROC Curve Video sequence - 1(frame 290 - 680).

As PVSM is computed by averaging all the saliency
maps, it looks like average is not a good function to combine
different saliency maps. In some cases it works for example
in case of video 2 and some part of video 1 it works but not
in the case of video 3. The major issue is how to combine
the different saliency maps, most of the time in videos, mo-
tion and faces are more important than stationary low level
features as shown in the gaze maps in figure 3(b). As can be
seen in figure 3(c) the saliency map is highlighting the board
on the right side of the frame. But in the gaze map its not
salient. It might be because the board is not so salient or
the viewer looked at it in some different frame. But if we
combine by averaging the stationary saliency with motion
saliency maps, this board will remain salient through out the
video, however the gaze maps of the video show that motion
and faces always attract the attention of the viewer. This
saliency model can be used to detect some unusual events,
for example detecting some un-attneded bag on a platform as
encircled in the Gaze map figure 3(b), is detected as salient,
encircled in the figure 3(c,f). Motion saliency computation

Figure 5: ROC Curve Video sequence - 2(frame 200 - 400).

is also a challenge: which motion is salient and which is not?
For example if we see the frames in figures 3(a), there are
people coming towards the camera and one person is going
to the right side away from camera. In this case the motion
vectors show high motion on the feet of these people, which
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is quite natural. However if we look at the gaze maps of
these frames, subjects are more interested in the upper part
of the body or faces. The faces are also detected with the
help of face detection model used in our model. When the
people are getting closer to the camera then we will get high
motion but its not the case when people are far away from
the camera. That is why the more prominent object motion
dominates the less prominant ones.

Furthermore, as in most surveillance scenerios the back-
ground scene is static. So it could be possible to reduce
the saliency computation time by computing the background
saliency once after few hundreds frames. While motion, face
and prediction should be done for each frame. There are
fast face detection and motion vector computing algorithms.
Prediction is not very complex if we are working with a lim-
ited number of history frames.

4. CONCLUSION AND FUTURE DIRECTIONS

A predictive visual saliency model is proposed in this paper
for surveillance videos, that use low-level as well as high-
level features, and motion information. A modified model
for motion saliency map is combined with the proposed pre-
dictive saliency model. The results show good correlation of
the proposed saliency model with the gaze maps. However
there are still some issues to be addressed for example how to
combine the different modules of this model to achieve bet-
ter results as average function does not seems to be optimal.
In the next paper we are targetting to use neural networks
as a method to combine the static conspicuity maps, mo-
tion saliency map and the predictive saliency map. We need
to investigate further the predictive saliency map, by using
multiple frames from the history to get better prediction.
The gaze maps show motion saliency can be important but
needs more effort to compute all the salient parts of a video
frame while avoiding non-salient motion.
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