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Novelty-based Spatiotemporal Saliency Detection for
Prediction of Gaze in Egocentric Video

Patrik Polatsek, Wanda Benesova, Member, IEEE, Lucas Paletta, Member, IEEE, and Roland Perko

Abstract—The automated analysis of video captured from a
first-person perspective has gained increased interest since the
advent of marketed miniaturized wearable cameras. With this
a person is taking visual measurements about the world in a
sequence of fixations which contain relevant information about
the most salient parts of the environment and the goals of the
actor. We present a novel model for gaze prediction in egocen-
tric video based on the spatiotemporal visual information captured
from the wearer’s camera, specifically extended using a subjec-
tive function of surprise by means of motion memory, referring
to the human aspect of visual attention. Spatiotemporal saliency
detection is computed in a bioinspired framework using a super-
position of superpixel- and contrast based conspicuity maps as
well as an optical flow based motion saliency map. Motion is
further processed into a motion novelty map that is constructed
by a comparison between most recent motion information with
an exponentially decreasing memory of motion information. The
innovative motion novelty map is experienced to be able to pro-
vide a significant increase in the performance of gaze prediction.
Experimental results are gained from egocentric videos using eye-
tracking glasses in a natural shopping task and prove a 6.48%
increase in the mean saliency at a fixation in terms of a measure of
mimicking human attention.

Index Terms—Computer vision, feature extraction, image
motion analysis, image processing, machine vision.

I. INTRODUCTION

T HE image-based analysis of egocentric video has gained
increased interest with the increasing use of mass-

marketed miniaturized wearable cameras, such as GoPro and
Google Glass. A person is taking visual measurements about
the world in a sequence of fixations which contain relevant
information about the most salient parts of the environment and
the goals of the actor. Prediction of gaze from the first-person
perspective becomes increasingly relevant in order to inter-
pret the continuous video stream in daily activities and deduce
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appropriate analytics and recommendations in the domains of
health, social interaction analysis, traffic security, or in market
research.

Location of human gaze and egocentric video analysis are
intrinsically linked in the context of wearable vision. Recent
research on first-person vision and egocentric video analysis
[1] has recognized in an early phase the benefit of using atten-
tional features for the purpose of activity recognition [2]. In
the context of hand-eye coordination it has been exploited for
video annotation that the distribution of both visual features and
object occurrences in the vicinity of the gaze point is corre-
lated with the verb-object pair describing the action [3]. Implicit
cues from visual features, such as, hand location and pose, head
and hand motion are useful features in this context [4]. Even
in general settings on gaze prediction without significant focus
on hand-eye coordination, camera motion estimation has been
approved to represent a strong cue for gaze prediction [5]. In
the frame of video summarisation, gaze provides the means
to personalise the summary and provide a relevant feature for
combinatorial optimisation [6].

Most work on gaze prediction has primarily focused on
spatiotemporal attention detection based on classical, biolog-
ically inspired spatial approach from [7] which hierarchically
decomposes visual features and processes according to the
center-surround organization of ganglion cells. In the temporal
information domain, optical flow methods are used to determine
the motion information.

II. RELATED WORK

The presented work is in the line of gaze prediction and
intends to improve video-based human attention analysis by
means of progressed saliency functionality, in particular in the
frame of spatiotemporal saliency, by focusing on motion-based
saliency.

Previous research on spatiotemporal saliency has focused
on various aspects of temporal saliency computation. A spa-
tiotemporal extension of the hierarchical model is defined in
[8] where dynamic changes between consecutive video frames
are expressed in two additional types of Gaussian pyramids and
static and dynamic feature maps are fused into a spatiotemporal
saliency map.

A spectral model proposed in [9] analyzes motion saliency
in the frequency domain. Using an optical flow algorithm,
an image is represented by flow magnitude and phase fields.
Magnitude and orientation are separately processed to obtain
the difference between the original and smoothed version of the
log spectrum called the spectral residual.
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A generic multimodal approach on spatiotemporal attention
is presented by [10] which combines visual, aural and linguistic
attention models for video summarization, estimating dynamic
saliency from motion vectors between macro blocks.

Another approach on spatiotemporal attention is proposed
by [11] where center-surround feature processing and the the-
ory known as discriminant saliency are combined. The set of
features are spatiotemporal patches represented by a dynamic
texture model. The discriminant feature selection is modelled
by maximizing the mutual information between a set of features
and class labels.

Another center-surround discriminant method [12] uses his-
togram differences between a center and surrounding regions
to measure spatiotemporal saliency. The model computes color
and edge orientation histograms and temporal gradients pro-
duced as intensity differences between frames.

The following work is related to our method by using a super-
pixel approach for video processing. Spatiotemporal saliency
detection model proposed in [13] processes input videos at the
superpixel level that fits to the boundaries of salient objects.
The method computes optical flow-based motion and color his-
tograms locally at superpixel level and globally at frame level.
It exploits the assumption that moving salient objects generate
a higher difference between superpixel-level and frame-level
motion histograms. The second assumption lies in the tempo-
ral coherence of movements. Hence, it measures the similarity
between a superpixel in the current frame and its correlated
superpixels in the previous frame based on their color his-
tograms and their mutual distance. Spatial and temporal pixel-
level saliency maps are finally derived from superpixel-level
measures and adaptively fused by considering their mutual
consistency.

A further multimodal information-based spatiotemporal
model presented in [14] measures saliency as rarity of color
in CIE Lab space, orientation using Gabor filters and motion
detected by optical flow. Ideas for the model are improved in
[15]. The measurements are based on hyperhistograms built
using a sliding cube as temporal concatenations of multiple
histograms. A saliency map is finally enhancement by a SLIC
algorithm.

Authors in [16] extract high-frequency signals representing
the parvocellular-like retinal output for static saliency and low-
frequency signals representing the magnocellular-like output
for temporal saliency. Dynamic estimation of saliency includes
a camera motion compensation and optical flow computations.
A dynamic saliency map is derived from modules of motion
flow vectors defined for each pixel.

The proposed work extends the concept of surprise to
egocentric vision processing. A motion event is a process
evolving in time due to which motion perception is also
guided by our memory. The goal of this paper is to propose
a novel motion detection method and provide this additional
information within a novel spatiotemporal saliency model for
the prediction of gaze in egocentric video. In particular, we
are interested in the interpretation of video from eye-tracking
glasses from which we take the opportunity to directly compute
the performance of the novel method in estimating locations
of human point-of-regards. Using the assumption of motion
coherency within a superpixel we implement the theory using

the hierarchical approach presented in [17]. The resulting
superpixel-based spatiotemporal saliency model performs
information fusion using the information from static saliency
maps with a motion saliency map and a motion novelty map
characterizing unexpected events in dynamically changing
scenes.

III. MOTION NOVELTY FOR SPATIOTEMPORAL SALIENCY

The proposed model is based on the Hierarchical Superpixel-
based Saliency Model for the detection of bottom-up saliency
[17]. The model segments input images into superpixels using
a SLIC [18] algorithm.

The novel method is a combination of a standard hierarchi-
cal and a superpixel approach. Superpixel segmentation allows
us to partially involve object-based attention in our model,
something which is absent in standard hierarchical methods.

The algorithm is inspired by Feature Integration Theory [19]
and consequently hierarchically processes all features using
Gaussian pyramids with 6 layers. Center-surround organization
of human ganglion cells is modelled as a difference between
finer and coarser levels of the pyramid. The center is rep-
resented by scales c ∈ {0, 1, 2} and the surround scales are
s = c+ δ, where δ ∈ {1, 2, 3}. Each pyramid layer consists of
a superpixel map representing the locations of all superpixels
and a set of superpixel histograms.

B. Spatial Saliency Map

A spatial form of the saliency model SMS integrates inten-
sity, color and orientation. More details about the used algo-
rithm can be found in the publication [17].

B. Temporal Saliency Map

Motion processing requires 2-channel dense optical flow
maps characterizing the angle and the magnitude of flow
vectors.

Using the flow maps, each superpixel is represented by a
histogram of flow orientations Ho and a histogram of flow mag-
nitudes Hm, both with 90 bins. In order to compare superpixels
on different pyramid layers, each superpixel is characterized
by a flow vector with 2 parameters–orientation ϕ and magni-
tude r: v = [ϕHo

, rHm
], where xH denotes the mean value of

a histogram H .
Let vc(x, y) and vs(x, y) be flow vectors of superpixels on a

center and surround pyramid layer at location (x, y), a value of
a motion feature map can be expressed as the magnitude of the
vector difference:

FMM (x, y) = ‖vs(x, y)− vc(x, y)‖. (1)

Using the law of cosines:

FMM (x, y) =
√
r2s + r2c − 2rsrc cos γ, (2)

where ri is the magnitude of the flow vector vi at (x, y) scaled
into the range 〈0, 0.5〉 and γ indicates the angle between the
corresponding vectors, as shown in Fig. 1. The highest value of
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Fig. 1. Motion difference between center c and surround s scales of a pyramid.

Fig. 2. Motion novelty is defined as the difference between the actual optical
flow map and the accumulated flow map called the motion memory.

a feature map occurs when vectors at the same location have the
opposite directions and the maximum velocity magnitudes.

Extracted feature maps are subsequently normalized and
linearly combined into a temporal saliency map:

SMT =
∑

i

N (FMMi
). (3)

A normalisation factor N multiplies a map by (M −m)2,
where M represents the global maximum and m denotes the
average of all local maxima in rectangular blocks.

c. Motion Novelty Map

Motion feature maps represent the motion saliency of a cur-
rent video frame. To determine dynamic changes in a scene, we
build a motion novelty map considering not only a single optical
flow map but also a subsequence of several previous flow maps.

Temporal changes in motion are detected using a motion
memory, which is updated with each incoming optical flow
map. The update can be defined as:

MEMt+1 = (1− η)MEMt + ηot+1, (4)

where MEMt represents a motion memory at time t, ot is an
optical flow map and a learning rate η = 0.05.

Before the memory update, an actual flow map is compared
with the motion memory (Fig. 2).

Each pixel of both compared images represents a vector v =
[ϕ, r], where ϕ and r define magnitude and orientation at the
pixel position.

A pixel-by-pixel comparison between the memory and the
flow map is analogous to the motion difference in a motion fea-
ture map (Section III-B). Motion novelty is then defined by the
following formula:

NMMt
(x, y) = ‖vMEMt

(x, y)− vot(x, y)‖, (5)

Fig. 3. General scheme of spatiotemporal saliency model.

Fig. 4. Fusion of saliency maps into a spatiotemporal saliency map with motion
novelty using a motion rate λ = 0.25. The most salient location is marked by a
green circle and a fixation by a red circle. (a) Video frame. (b) Spatial saliency
map. (c) Optical flow map. (d) Temporal saliency map. (e) Motion novelty map.
(f) Spatiotemporal saliency map.

where vMEMt
(x, y) and vot(x, y) are vectors at (x, y) in the

motion memory and the actual flow map, respectively.

D. Spatiotemporal Fusion

Fusion of a spatial saliency map SMS and a temporal
saliency map SMT results in a single spatiotemporal map:

SM = (1− λ)SMS + λSMT , (6)

where λ denotes a motion saliency rate. Considering temporal
changes in a video sequence obtained from a motion novelty
map NMM , the equation for a final saliency map has the
following formula (Fig. 3):

SM = (1− λ)SMS +
λ

2
SMT +

λ

2
NMM . (7)

An example of a spatiotemporal saliency map with motion
novelty is included in Fig. 4.

IV. EXPERIMENTAL RESULTS

The evaluation of most attention models is based on eye-
tracking data from simple videos displayed on a screen.
However, such conditions cannot simulate real human visual
attention, and motion perception is completely different when
surrounding objects as well as an observer may move. Hence,
we have decided to use an evaluation video dataset captured
under real conditions for the evaluation of our saliency model.

The dataset (2 videos, 860 frames in total of 1280× 960
size) was recorded using eye-tracking glasses at a shopping
mall (mostly one fixation per frame). Viewers were asked to
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Fig. 5. Mean saliency at a fixation using different motion rates. Dashed lines
represent the performance of spatial saliency models without motion process-
ing. A superpixel-based temporal saliency map and a motion novelty map have
been added into a novel superpixel-based (SPX) model as well as a standard
spatial saliency model inspired by [7].

Fig. 6. Examples in which a saliency map correctly predicts fixation locations.
The most salient location is marked by a green circle and a fixation by a red
circle (λ = 0.25). (a) Video frame. (b) Optical flow map. (c) Saliency map.

find two particular products in a store. Eye-tracking data are
supplemented by dense optical flow maps based on [21].

In order to test the video dataset, the superpixel-based [17]
and a standard hierarchical saliency map based on [7] are fused
with the novel dynamic superpixel-based saliency map. The
fusion into a spatiotemporal map is expressed in Equation (6),
and also in Equation (7) when a motion novelty map is consid-
ered.

As an evaluation metric, the average of saliency values at fix-
ation locations have been used. We have investigated the effect
of changing a motion rate λ in a saliency map. The results
compared with spatial saliency modes are visualized in Fig. 5.

For visualization purposes the most salient location in the
resulting saliency map is labeled with a green circle and a fix-
ation location with a red circle. Figures included in this section
represent saliency maps obtained from the proposed saliency
model with motion novelty. A sample saliency map in which
the most salient location of the novel spatiotemporal saliency
approximately equals to the human fixation is depicted in Fig. 6.

The best performance with the novel spatiotemporal saliency
method occurs when λ = 0.40. Moving objects are briefly per-
ceived by the observer but not continuously. The human gaze
is mostly directed at objects in motion at the beginning of the
encounter. Afterwards these objects are not tracked anymore.
Using motion novelty, the saliency of a continuously moving
trolley can be decreased appropriately, as shown in Fig. 7.
However, the proposed motion novelty map does not track
objects, it just learns about the motion direction and magnitude
at a given location. Hence, the motion novelty map considers as

Fig. 7. Motion novelty reduces a final saliency value at locations where motion
has not been changed. The most salient location is marked by a green circle
and a fixation by a red circle (λ = 0.5). (a) Video frame. (b) Spatial saliency
map. (c) Optical flow map. (d) Temporal saliency map. (e) Motion novelty map.
(f) Spatiotemporal saliency map.

TABLE I
EXPERIMENTAL RESULTS OF COMPARED SALIENCY MODELS

USING THE AUC AND NSS SCORE

novelty objects that are moving to another location or objects
that change motion.

The performance of the novel model has been compared with
a spatial hierarchical saliency detection algorithm [7] and a spa-
tiotemporal saliency detection algorithm based on a superpixel
segmentation [13] using the Normalized Scanpath Saliency
(NSS) and the Area Under the ROC Curve (AUC) [22]. Saliency
maps have been smoothed with a Gaussian kernel with stan-
dard deviations σ from 0.01 to 0.13 in image width (in steps of
0.01) and optimal σ values producing the maximum AUC have
been taken. The highest NSS score is achieved by the model
described in [13], but the novel model (λ = 0.4, with motion
novelty) outperforms both compared models using the AUC
(Table I).

Experimental results also shows 6.48% increase in the mean
saliency at a fixation in terms of a measure of mimicking human
attention.

V. CONCLUSION

In this paper, we have proposed a motion memory and nov-
elty approach in the context of superpixel-based spatiotemporal
saliency detection. The method is particularly beneficial for the
prediction of gaze in egocentric video. Spatial saliency com-
putation is extended by motion saliency extracted from optical
flow maps. Eventually, novelty in the motion perception refers
to subjective human saliency measures in the frame of surprise,
highly useful in a world of unexpected dynamic events. Fusion
of spatial, motion and novelty based attentional factors results
in a novel spatiotemporal saliency model to predict human
gaze better in egocentric video from daily tasks than compa-
rable models do under evaluation of a performance measure
that quantifies success with the capacity to match with human
saliency in real environments.
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