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Abstract—By recording the whole scene around the capturer,
virtual reality (VR) techniques can provide viewers the sense of
presence. To provide a satisfactory quality of experience, there
should be at least 60 pixels per degree, so the resolution of
panoramas should reach 21600 × 10800. The huge amount of
data will put great demands on data processing and transmission.
However, when exploring in the virtual environment, viewers only
perceive the content in the current field of view (FOV). Therefore
if we can predict the head and eye movements which are important
behaviors of viewer, more processing resources can be allocated
to the active FOV. But conventional saliency prediction methods
are not fully adequate for panoramic images. In this paper, a new
panorama-oriented model, to predict head and eye movements, is
proposed. Due to the superiority of computation in the spherical
domain, the spherical harmonics are employed to extract features
at different frequency bands and orientations. Related low- and
high-level features including the rare components in the frequency
domain and color domain, the difference between center vision
and peripheral vision, visual equilibrium, person and car detection,
and equator bias are extracted to estimate the saliency. To predict
head movements, visual mechanisms including visual uncertainty
and equilibrium are incorporated, and the graphical model
and functional representation for the switch of head orientation
are established. Extensive experimental results on the publicly
available database demonstrate the effectiveness of our methods.
Index Terms—VR, 360 degree, saliency, head-eye motion,
scanpath, spherical harmonics, center and peripheral vision.

I. INTRODUCTION

W

ITH the development of technology, virtual reality (VR)
has become a part of people’s life entertainment. VR
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hardware consists of some core components, such as headsets,
sensors, controllers and computers. When viewers are using a
VR device, some of their senses will be overridden by the output stimuli of devices. The first VR headset which was called
“Ivan Sutherland’s Sword of Damocles” appeared in 1968. After
several years, commercial VR headsets started appearing in the
1980 s, and VR-based video games appeared in the 1990 s in
home units. Due to the limitation of hardware, the VR device
could not provide satisfactory immersive experiences and did
not arouse people’s interest. However, with the widespread availability of sensors and screens of high resolution, more low-cost,
light-weight headsets appear and encourage people to develop
more VR applications and technologies. In general, the VR headset shows the trend of portability, high resolution and high refresh rate. VR aims to provide viewers the sense of presence.
But for now, the touch and proprioception are neglected senses,
and most VR systems only involve auditory and visual senses because of their relative ease to co-opt. However current techniques
are still not enough to guarantee satisfactory visual experience,
because the human visual system (HVS) is very sensitive to any
anomalies in perceived imagery. The “normal” visual acuity for
adults is 60 pixels per degree (ppd), and the visual acuity for the
young even reaches 80 ppd [1]. Therefore the required resolution should be enormous to ensure the quality, and the refresh
rate should be super-high to reduce the latency between the head
moving and the display content changing in the VR to compensate for the motion. Actually, at any moment, only the part in
the viewport will be rendered. So the utilization of eye-tracking
technology and foveated rendering will greatly enhance the visual experience and will appear on the next-generation VR device [2]. The prediction of head and eye movements has become
an important issue in VR development.
Human visual attention is a cognitive process of visual
system by selectively focusing on some areas in the scene.
Human eyes will fixate on the most relevant features in a scene
and thus spend most processing resources there. The prediction of salient regions for traditional images and videos have
been extensively studied. Bottom-up algorithms usually employ
a feed-forward model structure to process sensory information.
In bottom-up algorithms, visual cues will be extracted, and the
areas with most relevant features will be highlighted. Top-down
models or features make more explorations of how the attention
is influenced by contextual cues. In the past several years, many
saliency prediction models have been proposed. Itti and Borji [3]
have reviewed most saliency prediction models before the year
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of 2015. In recent years, with the development of deep learning, many deep network based saliency models appeared [4],
[5]. These models can be trained in an end-to-end manner and
work efficiently when testing. In [6] the universal framework has
been proposed to improve the existing saliency prediction models. Some new cues like depth information have been developed
and employed in the saliency prediction [7]. The framework of
utilizing saliency in visual tracking has also been developed [8].
Compared with visual attention in regular images, more factors are involved in immersive images. When viewers are viewing contents on traditional displays, eye movements can almost
reach every points on the plane of limited FOV. Some researchers
investigated the head movements during the viewing of traditional images [9], but most researchers focus on the study of eye
movements. For immersive images, due to its immersive nature,
the exploration of users consists of the head and eye movements.
When the exploration within the current viewport is finished,
viewers can move heads and the image inside the viewport will
change to compensate. By continuously changing the positions
of fixations and head, viewers can explore in 360 degree. Comparatively speaking, both the eye and head movements are the
reactions to visual stimuli, but the head movement is an inert
one when compared with movements of eye. To investigate the
regularity of head and eye movements, some models have been
developed which involve both low-level and high-level visual
cues [10]–[20]. And some immersive databases have been established which collect head and eye movements data in immersive
environment [21]–[28]. To ensure the validity of eye tracking,
collections of eye movements need professional supervision to
guarantee that the device is calibrated properly and eye tracking
camera is locked to the head’s coordinate system. Besides, each
saliency annotation should cover about thirty observations from
different subjects [29]. These rules restrict the scale of databases.
When the scale of database is small, models based on end-to-end
training can overfit easily. So we can consider using fewer feature combinations by extracting handcrafted features based on
the mechanisms of HVS and human behaviors [17], [20].
Projecting the sphere into the plane is straightforward.
Some related works have investigated the projection of panoramas [30]. Most panoramas are represented in the equirectangular format which belongs to the cylindrical projection [31].
However the equirectangular format has the stretching distortions near poles. To reduce the problem of area stretching, some
methods employ the pseudo-cylindrical projection for the accuracy of proportions in area (equal-area) like Mollweide projection and craster parabolic projection [32], [33]. However,
pseudo-cylindrical projections are non-rectangular and bear geometric distortions. Some researchers suggest using the blockwise projection to offset the geometric distortions which partitions the sphere and maps the regions to blocks in 2D plane
respectively [12], [20], [34], [35]. However, block-wise projection cannot preserve the global information. Actually, all the
above-mentioned projection methods cannot preserve global information while offset distortions. The panorama is distributed
on the 3D spherical surface and can be decomposed by basis
functions on the sphere. To overcome the distortion caused by
projections, we can employ the spherical harmonics which are

a complete set of orthogonal basis functions on the sphere to
decompose the panorama.
Head movements are important viewer behaviors. Some
works proposed that viewers tended to lower the visual uncertainty by actively seeking informative sensations [36]. And
intrinsic motivated actions are most likely to be those that canvass explicit data which is not liable to be predicted before the
action [37]. Therefore the distribution of visual uncertainty can
guide the head movement and in turn can be changed by continuous explorations. Besides, many works reveal that people tend
to achieve the visual equilibrium. The visual equilibrium is preferred by people and is a guideline for composition. Mcmanus
et al. [38] showed that subjects tended to crop photographs into
the style that the resulting center of the visual mass was nearby
the original symmetry axes. And in the seam carving [39], composition optimization [40], image attention retargeting [41], automated layout design [42], and image quality assessment [43],
the composition balance is an important factor to be considered.
During the watching, viewers determine the image content in the
viewport. Therefore, the visual equilibrium as the composition
rule complied by most people can guide the switch of viewport.
In this paper, to predict head and eye movements, we try to
simulate the visual perception and extract features that are adaptive to panoramas. In our framework, we simulate how our eyes
receive the center vision and peripheral vision. During visual
fixation, the gaze is maintained toward a foveal target and then
shift to the peripheral target [44]. We propose that the visual contrast is the cause of gaze shifts and calculate the visual contrast
between center vision and peripheral vision in both frequency
domain and spatial domain. To offset the distortions and meanwhile preserve the global information, in frequency domain the
spherical harmonics are employed to decompose the signals, and
in spatial domain we simulate the viewport image and estimate
the scaling factor as the weight. Besides, in frequency domain,
considering the contrast sensitivity and the multichannel characteristics of human vision, we extract features at different frequency bands and orientations. In spatial domain, we extract the
rare color components as the attribute to guide the deployment
of visual attention. Considering the visual equilibrium, we estimate the symmetrical balance on the horizontal and vertical
axes by extracting the local symmetry axes. In the extraction of
high-level features, the objectness is evaluated by detecting person and car. Considering the viewing behavior, we employ the
equator bias. And we combine these handcrafted features into a
convolutional neural network model to predict the saliency.
To predict the head movements, we assume that viewers tend
to switch viewport to achieve the visual equilibrium when watching panoramic images. For image composition, the unit of measure is visual interest, that is, to achieve visual equilibrium, the
image should be balanced by visual interest. During the watching, the head movements are most likely to be those that canvass
explicit data which is not liable to be predicted before actions,
and therefore the most uncertainty will be reduced. So we assume that the distribution of uncertainty guides the head movement and in turn will be changed by continuous explorations.
We take the visual equilibrium as the principle of composition
for the image in the viewport. We build the graphical model and
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incorporate the visual equilibrium and uncertainty to predict the
head movements. We compare our model with some state of
the art models on the dataset of head and eye movements for
panoramas [21], and our model is highly competitive compared
with others.
The rest of this paper is organized as follows. In Section II,
we shortly review some related works about saliency prediction
models for panoramas. Section III describes the implementation details of our model to predict head and eye motions. In
Section IV, the effectiveness of the model is proved by comparisons of the experimental results. Finally, concluding remarks
are given in Section V.
II. RELATED WORK
Some methods for the saliency prediction of panoramic contents are well developed in recent years. In these methods,
low-level and high-level visual cues are extracted to predict the
saliency. The saliency databases and objective prediction models
are briefly reviewed here.
Datasets can be used for understanding the visual attention
in omnidirectional images and benchmarking saliency models.
The annotation is conducted by recording the saccade using eye
trackers. Calibration and the lock to the head’s coordinate system
are essential to ensure the validity of data. Besides, each saliency
annotation should cover about thirty observations from different subjects. Some datasets provide both head and eye tracking data. Rai et al. [21] established a dataset of both head- and
eye-tracking data from at least 40 subjects across 85 panoramas.
In [22], Sitzmann et al. conducted the subjective experiments to
record both head and eye movements across 22 panoramas and
concluded that starting points and watching conditions had an
influence on the viewing behavior. Xu et al. [26] established a
new dataset that contained 208 immersive videos captured in
dynamic scenes, both head and eye movements were recorded
and each video was viewed by at least 31 subjects. Xu et al.
[27] established a new panoramic video database that consisted
of both head and eye movement positions of 58 subjects across
76 panoramic video sequences. David et al. [28] constructed a
database of immersive videos. A total number of 19 videos and
the corresponding head and eye movements were included in
the database. Some datasets only provide head-tracking data.
Corbillon et al. [23] established a database that contained
7 omnidirectional videos and recorded head-tracking data. Li
et al. [24] constructed a database that contained 73 immersive
videos and the head-tracking data. Fremerey et al. [25] constructed a dataset that recorded the head-tracking data of 48
subjects across 20 omnidirectional videos. Besides, the competition called Salient360!1 [45] has been held to understand how
users watch and explore immersive content and model visual
attention. Many researchers have participated in the activity and
contributed many related works.
There is an increasing interest in generalizing convolutional
neural network (CNN) to tackle feature extractions for 360◦ images. Some methods were designed to project omnidirectional
images to a plane, then the resulting 2D images were fed into
1 [Online].

Available: https://salient360.ls2n.fr/
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the CNN [10], [11]. Recently, Su and Grauman [13] proposed to
learn spherical convolutions for 360◦ images. Cohen et al. [46]
presented the theory of Spherical CNNs and proposed a definition for the spherical rotation-equivariant cross-correlation.
To predict the saliency in panoramas, Monroy et al. [47] extended the CNNs to fine-tune traditional 2D saliency prediction
to panoramas in an end-to-end manner. Cheng et al. [12] proposed a weakly-supervised spatial-temporal network to predict
saliency of 360◦ videos in which the cube padding was designed
to replace zero padding. Xu et al. [26] proposed a model which
employed the temporal and spatial saliency, and history gaze
path to predict the gaze in immersive videos. Xu et al. [27] proposed a model to predict head movement in panoramic videos
which was based on a deep reinforcement learning approach.
Besides, traditional methods are also proposed to predict
the saliency in panoramas. Abreu et al. [14] proposed a postprocessing method which could be combined with current
saliency models to fast design omnidirectional image oriented
methods. In [15], Rai et al. compared the performance of different saliency weighting strategies which was then employed
to generate saliency maps from head movement data. Startsev
and Dorr [16] interpreted equirectangular images through various methods and compared their performances of the resulting
saliency maps. Battisti et al. [17] proposed a saliency model for
omnidirectional images which combined some low-level and semantic features. Ling et al. [18] proposed a model using color
dictionary based sparse representation for 360◦ image saliency
prediction. Lebreton and Raake [19] extended existing visual
saliency models designed for 2D images to omnidirectional images in the equirectangular format. Yucheng et al. [20] proposed
the model to predict the head movement, head-eye movement
and scanpath, and a framework was also proposed to extend the
existing saliency models designed for 2D images to panoramas.
Compared with the existing models [20], [48], new methods
are proposed by us to simulate the visual perception and make
features adaptive to immersive images, and a model incorporating visual mechanism characteristics to predict head movements
is proposed. In the frequency domain, we employ the spherical
harmonics which are a complete set of orthogonal basis functions on the sphere to extract features at different frequency
bands and orientations. We simulate the dissimilar visual expression between center vision and peripheral vision. Visual differences of the two areas in the frequency space and color space
are calculated as contributing features. In the spatial domain, inspired by the practice in [20], [48], we also extract color features.
Here to preserve the global information, we estimate the scaling
factor for positions at different latitudes to offset the distortions.
Inspired by [20], the symmetry detection is also employed in our
framework. Here we choose horizontal and vertical directions
which are resistant to the geometrical stretching and extract the
global symmetrical information in the scale of low-frequency
in equirectangular format. And inspired by [20], the high-level
features including car and person detection and equator bias are
also incorporated. To avoid the destruction of target objects by
the division of viewports, we make a certain proportion of overlap between adjacent viewports. We also propose a method to
predict head movements. There are two main steps including the
feature extractions and the dealing of dependencies in the input
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Fig. 1. Framework for the designed saliency predictor and head-motion predictor. In frequency domain, the image is decomposed using spherical harmonics. In
spatial domain, the images in the viewports are extracted. Both spatial and frequency components are employed to extract features in the spatial and frequency
domain. The number of feature channels for F1−6 are 1, 12, 3, 1, 1, 1 respectively. The feature fusion network takes the extracted features as the input and outputs
the predicted saliency map. The head movement predictor takes saliency map as input and outputs the head movements.

time series data. Some learning-based methods [27] employ the
CNN to extract features and long short-term memory (LSTM)
network to make predictions based on time series data. In our
framework, we exploit and simulate the visual mechanism. We
assume that the head movements are influenced by the distribution of uncertainty which can guide the head movements and in
turn will be changed by continuous explorations. We also take
the visual equilibrium as the principle of composition for the
image in the viewport. We build the graphical model and incorporate the visual equilibrium and uncertainty to predict the head
movements.
III. OUR MODEL TO PREDICT HEAD AND EYE MOTIONS
The eye-movement predictor (EMP) and head-movement predictor (HMP) are proposed to predict head and eye movements
for immersive images. When predicting eye movements, we
employ the spherical harmonics to extract features at different
frequency bands. Then, both low- and high-level features are
extracted to estimate the saliency. When predicting head movements, the visual equilibrium and visual uncertainty are two
principles that guide the head movement. The implementation
details of decomposition on the sphere and EMP and HMP are
introduced in this section. Fig. 1 shows the whole framework.
A. Decomposition on Sphere
After projection, the 360◦ images are flattened into two dimensions. There exists some geometrical distortions like stretching
of the areas near the poles of the sphere after the equirectangular mapping. As a compromise method, the block-wise mapping
can reduce geometrical distortions but will in turn introduce the
additional boundary blockiness. To avoid the distortions introduced by projections, here we employ the spherical harmonic
transform on the two-sphere S 2 .
The point set in three-dimensional space with norm 1 form
the two-sphere S 2 which can be parameterized by longitude

ϕ ∈ [0, 2π) and latitude θ ∈ [0, π]. For the square integrable
functions f and g on the two-sphere S 2 , the inner product is
defined by

f (θ, ϕ)g ∗ (θ, ϕ) sin θ dθdϕ, f, g ∈ L2 (S 2 ),
f, g =
S2

(1)

where the sin θ dθdϕ is the invariant measure on the sphere, and
the superscript ∗ denotes the complex conjugation. In the space
of L2 (S 2 ), we can find a set of canonical orthogonal basis Ylm
defined by Eq. (2) which is called the scalar spherical harmonic
functions

2l + 1 (l − m)! m
m
p (cos θ) expimϕ , (2)
Yl (θ, ϕ) =
4π (l + m)! l
where the symbol P represents the associated Legendre polynomials, l and m are the two parameters of P , of which l ∈ N is
the index for band, and m ∈ Z, |m| ≤ l is the index within the
band. For each choice of l, there are 2l + 1 choices for m.
The scalar spherical harmonics are a complete set of orthogonal basis functions on the sphere which can be employed to
approximate any square integrable scalar function on the sphere
f ∈ L2 (S 2 ). The function can be divided into components of
different bands by the expansion in spherical harmonics:
f (θ, ϕ) =

∞ 
l


flm Ylm (θ, ϕ),

(3)

l=0 m=−l

where the coefficient for each basis function is defined by the
inner product flm = f (θ, ϕ), Ylm (θ, ϕ). Fig. 2 shows the first
few real spherical harmonics where we can find that the basis
functions at different band emphasize different orientations and
frequencies on the sphere. On the basis of the harmonic analysis on the sphere, the directional spin scale-discretised wavelet
framework [49], [50] were developed. By employing the wavelet
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B. Eye Movement Predictor

Fig. 2.

Visual representations of the first few real spherical harmonics.

In the proposed eye-movement predictor (EMP), the highlevel contexts and low-level cues are well-integrated to predict
the eye movement. We employ the low-level features which can
be regarded as the sensory information perceived by eyes and the
high-level features which are from the semantic scene analysis.
In our framework, we extract features both in the frequency
domain and spatial domain. In frequency domain, we employ
the spherical harmonics to extract features at different frequency
bands and orientations. Besides we exploit the visual cue of dissimilar visual expression between center vision and peripheral
vision. The visual differences of the two areas in the frequency
space and color space are calculated as contributing features. In
spatial domain, inspired by the practice in [20], [48], we also
extract color and symmetry features which are modified to better suit the immersive image. In addition to low-level features,
integrating high-level features into saliency prediction model
is also a common practice. Many researches reveal that some
objects like faces, people and car can draw viewer’s visual interest [48]. In our model, the high-level features including car and
person detection and equator bias are also incorporated. Brief
introductions for the employed low-level and high-level features
are listed in Table I.
1) Rare Frequency Components: Considering the contrast sensitivity and the multichannel characteristics of human vision, we
calculate the histogram of different spatial frequencies and orientations to estimate the probability density function (PDF) and
then highlight the rare frequency components. Eq. (4) below
computes the feature value of pixel s by the linear combination
of different scales and orientations:

αk log Pk−1 (Is ),
(4)
F1 (s) =
∀k∈W

Fig. 3. Spherical signals probed by directional spin wavelets in scale, position
and orientation in Mollweide projection.

decomposition, we can divide the panoramic images into different scales and orientations. Fig. 3 shows the example of wavelet
decomposition of the panoramic image on the sphere. The f ct
is the low-frequency content of the signal that is not probed by
the wavelets. The n is the index for the azimuthal band and j is
the index for the scale. By employing the wavelet based on the
spherical harmonics we can extract global features at different
frequency bands and orientations.

where Pk sets the probability of intensity in subband k of the
composition W, Is is the pixel intensity at pixel s, and the parameter αk includes the weighted addition across orientations
and scales that are determined by the profile of contrast sensitivity function (CSF) [52]. After the linear combination of different
scales and orientations, we get the value at pixel s.
2) Contrast Between Center and Peripheral Vision: Actually
our brain digests the central vision and peripheral vision using
two sets of circuits. More fixations locate on the areas of high
contrast between the center and peripheral visual fields [44]. In
our processing, the areas within the viewport are divided into two
regions according to their visual angles to simulate the center
vision and peripheral vision, between which the visual contrast
is calculated. The region Wsi refers to the area centered at pixel
s and bounded by a circle of 15◦ in radius, corresponding to
the center vision, while Wsj refers to the area outside the center
vision but bounded by a circle of 30◦ in radius, corresponding
to the peripheral vision [53]. The Kullback-Leibler (KL) divergence of Pk from Wsi to Wsj is employed as feature F2 . In the
spherical domain, there are no edges that need to be padded
because the image is distributed on a closed curved surface,
 i


j
W
s
αk · DKL pk s pW
F2 (s) =
.
(5)
k
∀k∈W
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TABLE I
THE EMPLOYED FEATURES ARE CALCULATED IN THE FREQUENCY AND
SPATIAL DOMAIN. CALCULATIONS OF FREQUENCY FEATURES ARE IN THE
SPHERICAL COORDINATE DOMAIN. THE SIGNAL IS DECOMPOSED BY
DIRECTIONAL SPIN SCALE-DISCRETISED WAVELET [50] AND THE LOCALIZED
SPECTRAL ANALYSIS [51] BASED ON SPHERICAL HARMONICS. CALCULATIONS
OF SPATIAL FEATURES ARE IN THE CARTESIAN COORDINATE. THE STRETCHING
DISTORTION IS OFFSET BY INTRODUCING THE SIN(LATITUDE) AS WEIGHTS IN
THE CALCULATION OF HISTOGRAM IN F3 OR BY EXTRACTING LOCAL
VIEWPORTS [20] IN F4 AND F6 . IN THE SYMMETRY DETECTION, SINCE THE
GEOMETRIC DISTORTION HAS NO INFLUENCE ON THE VERTICAL AND
HORIZONTAL SYMMETRY DISTRIBUTION, THE CALCULATION IS DIRECTLY
CONDUCTED ON THE IMAGE OF EQUIRECTANGULAR FORMAT

the probability Pc is calculated as
N
1 
Pc (Is ) =
sin(lat(i))δ(Ii − Is ),
N i=1

where N is the total number of pixels, and sin(lat(i)) is employed
to offset the stretching distortion. To enhance the robustness, the
calculation is conducted in the scale of low-frequency.
4) Contrast Between Center and Peripheral Vision: The visual
contrast between center vision and peripheral vision is calculated
in the CIE L*a*b* space which is a perceptually uniform color
space to measure the distance of a given color to another color.
To construct the histogram representation in L*a*b* color space,
we bucket the categorical value by quantifying the magnitude of
each channel into 5 levels. By employing the Cartesian product
L × a × b, we can get a total number of 125 bins. Then the histogram representation in L*a*b* color space can be calculated
as PLab . And KL is employed to measure the contrast between
the two areas:
 i

j
Ws
s
pW
F4 (s) = DKL pLab
(8)
Lab ,
Wi

When watching in the motion, the peripheral vision dominates
and is good at sensing smooth components (low-frequency components). Conversely, the center vision can well perceive the
details in the stationary case. Therefore, we assume that the parameters are influenced by the head and eye movements. So the
initial parameters are determined by CSF and are further modified by the feature fusion network.
3) Rare Color Components: Besides, we also take the color
as one of the attributes that guide the deployment of visual attention which can be supported by a large amount of convincing
data [54]. The rare color information is highlighted as

λc log Pc−1 (Is ),
(6)
F3 (s) =
∀c∈C RGB

where Pc sets the probability of intensity in different color channels, the parameters λc are the weights for color channels which
are initialized from the conversion of RGB to luminance value
in the YUV color format. Compared with the local color features in [20], in this paper the global features are calculated. To
extract the global features and offset the geometric distortion,

(7)

j

s
s
and pW
where pLab
Lab are the histogram representation in L*a*b*
color space calculated in the region of Wsi and Wsj . Local viewports with different sizes (15◦ and 30◦ in half width) centered at
each pixel position are extracted to simulate the areas of center
and peripheral vision. To enhance the robustness, the calculation
is conducted in the scale of low-frequency.
5) Visual Equilibrium: The visual equilibrium as the rule
for composition is conducted by viewers through head and eye
movements during the watching of panoramas. In the composition, the symmetrical balance can improve the visual equilibrium. The symmetry detection algorithm [55] is leveraged to
highlight symmetry axes in images. To enhance the robustness,
the calculation is conducted in the scale of low-frequency. The
calculation is directly conducted on the image of equirectangular format, because the geometric distortion has no influence on
the vertical and horizontal symmetry distributions which are the
most important symmetrical directions. The detected symmetry
maps are taken as feature F5 :

F5 (s) = M easuresymmetry (s).

(9)

6) Car and Person Detection& Equator Bias: We refer to the
extraction of high-level features in [20]. The local viewports are
first extracted and then the Felzenszwalb’s object detector [56] is
used to predict bounding boxes which are converted to the binary
mask as our high-level feature F6 . To avoid the destruction of the
target object by the division of viewports, we make a certain proportion of overlap between adjacent viewports. We adopt a fine
layout of viewport centers. The 6 × 12 samplings of viewport
centers uniformly distribute on equirectangular map. Adjacent
centers are 15◦ away in latitude or longitude, and the half width
of viewport is 30◦ , ensuring that the boundary of one viewport
locate near the center of some other viewports. Besides, experimental results [14], [22] demonstrated that a large proportion
of fixations would distribute in the proximities of equator. We
think the reasons are that photographers tend to place prominent
objects in the proximities of equator and placing the head at the
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Algorithm 1: The Model of Predicting Head Movement
1. Input the predicted saliency map as S.
2. Initialize the starting node as s1 and π(s2 ).
3. for i = 2 −→ k
4. for s traversing on the image plane
5.
Compute g( A(s, π(si ))) using Eq. (14).
6.
Compute the p(xs |xπ(si ) ) using Eq. (13).
7.
Compute the uncertainty map Ir using Eq. (15).
8.
Binarize Ir and employ Lloyd’s algorithm [57]
9.
Compute p(xs |r) using Eq. (16).
10.
Estimate Ps (xs |r, xπ(si ) ) by
Ps (xs |r, xπ(si ) ) ∝ p(xs |r) p(xs |xπ(si ) )
11.
Choose the node of the maximum probability as si
and π(si+1 ).
12. Output prediction {s1 , s2 . . .}

erect position is more comfortable than tilting the head forwards
or backwards.
7) The Feature Fusion: The extracted low- and high-level
features are fed into the feature-fusion network. The fusion of
features is realized by the designed network which has one convolutional layer, one max pooling layer and one fully connected
layer followed by a convolutional layer.
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acyclic graph (DAG), the graphical model can be factorized as

Ps (xs |xπ(s) ),
(10)
p(x1 , x2 , . . ., xm ) =
s∈V

where xs is the random variable associated with vertex s,
Ps (xs |xπ(s) ) denotes a nonnegative function over the random
variables (xs , xπ(s) ) and actually is the conditional probability
after being normalized such that Ps (xs |xπ(s) )dxs = 1.
On the other hands, the uncertainty of the scene is also an
important factor that influences the head movement [36]. The
generation of the next node is dependent on the current uncertainty of the scene which can be estimated by computing the
residual saliency map:
Ps (xs |r, xπ(s) ) =

p(r|xs , xπ(s) ) p(xs |xπ(s) ) p(xπ(s) )
, (11)
p(r|xπ(s) ) p(xπ(s) )

where r is the uncertainty computed based on the residual
map. Since the generation of the residual map is dependent
only on the current fixations, we assume p(r|xπ(s) ) = p(r) and
p(r|xs , xπ(s) ) = p(r|xs ). The above formula can be rewritten
as:
Ps (xs |r, xπ(s) ) =
=

C. Head Movement Predictor
In a VR system, when viewers move their heads, the image
inside the viewport will change to compensate. We design the
head-movement predictor (HMP) to predict head movements.
We assume that viewers tend to switch viewport to achieve the
visual equilibrium when watching panoramic images. For image composition, the unit of measure is visual interest, that is,
to achieve visual equilibrium, the image should be balanced by
visual interest. During the watching, the head movements are
most likely to be those that canvass explicit data which is not
liable to be predicted before the action, and therefore the most
uncertainty will be reduced. So we assume that the distribution
of uncertainty guides the head movement and in turn will be
changed by continuous explorations. We take the visual equilibrium as the principle of composition for the image in the
viewport.
On the whole, we incorporate the visual equilibrium and uncertainty to predict the head movements. We build the graphical
model to simulate the switch of viewports by taking the viewport centers as the vertices of the graph. Taking the composition
equilibrium as the principle to extract the vertices, we leverage
the Lloyd’s algorithm [57] to locate the center of viewport. The
main steps to predict head movements are shown in Algorithm 1.
The starting viewport center is usually fixed by the ground truth
dataset or initialized by the most salient area of the saliency map.
By symbolic representation, the formed graph G = (V, E)
consists of vertices V = {1, 2, . . ., m} and edges E ⊂ V × V ,
and each edge is formed by a pair of nodes. We focus on the
directed graph with edges (s → t). Let π(s) denote the parents of
the given node s ∈ V . When vertices and edges form a directed

p(r|xs ) p(xs |xπ(s) )
p(r)
p(xs |r) p(xs |xπ(s) )
.
p(xs )

(12)

There are two terms that are positively related with
Ps (xs |r, xπ(s) ). The first term p(xs |xπ(s) ) measures the probability of transformation between two nodes which can be measured as:
p(xs |xπ(s) ) = g( A(s, π(s))) · S(s),

(13)

where g(·) fits the distribution of turning angle and we use a
Gaussian for g:
g( A(s, π(s))) =

( A(s, π(s)) − μ)2
1
√ exp −
2σ 2
σ 2π

,
(14)

where A(s, π(s)) measures the turning angle on the sphere, μ
is set so as the peak locates at the 5◦ away from the center, which
is the observation of the subjective experiments. S(s) measures
the visual interest of s, and we employ the predicted saliency
map as S.
According to the visited nodes, we can calculate the remaining uncertainty r of the panorama by excluding the certainty of
visited nodes. The visited map V can be formed by applying the
Gaussian kernel that peaks at the visited nodes, the full width
of which at the half maximum is designed to cover the center
vision. We normalize the V by their maximum which is emplyed
to weight the saliency map to form the uncertainty map:
Ir =

1−

V
max(V )

⊗ S,

where the ⊗ represents the Hadmard product.
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The term p(xs |r) measures the probability distribution of the
candidate node on the spatial domain given the current uncertainty. According to the visual equilibrium, we binarize the uncertainty map by segmenting the top percent areas and employ
the Lloyd’s algorithm [57] to get the centers of top-valued areas
as s(i) . The distribution can be represented as:
m

p(xs |r) =

1 
δ(xs − xs(i) ).
m i=1

(16)

So we can estimate the probability Ps (xs |r, xπ(s) ) and choose
the node of the maximum probability as the next viewport center. By convolving the head-movement positions with the 2D
Gaussian kernel, we can get the head-movement saliency map.
IV. EXPERIMENTAL EVALUATION
A. Experimental Setup
The employed database and evaluation metrics are described
in this section. And the implementation details are provided to
specify the procedure and setup of experiments.
Database. The competition called Salient360!2 [45] has been
held to investigate how users watch and explore immersive content and model visual attention. We employ the released training
set [21] in this competition which consists of 85 panoramas to
conduct our experiments. There are 85 panoramas in the dataset
which can be classified into 5 categories: natural landscapes,
grand halls, indoor rooms, cityscapes and people. The resolutions of the images vary within the range from 5376 × 2688 to
18332 × 9166. During the experiment, a total of 63 subjects were
asked to watch the immersive image for 25 seconds through a
VR display. And there were 40–42 subjects to participate in the
evaluation for each image. For each stimulus, positions for eye
fixations, head orientations and saliency maps were provided,
and all the maps were stored in equirectangular format.
Evaluation Metrics. Different metrics are available for comparing the saliency map. AUC-Judd [29] measures how well
the saliency map of the image predicts the ground truth human
fixation on the image by creating ROC curve through sweeping
threshold values determined by the range of saliency map values at fixation locations. For AUC-Judd, a value of 1 indicates
a perfect classification. Normalized Scanpath Saliency (NNS)
[58] metric measures the prediction accuracy by calculating the
average of the predicted saliency values after normalization at
the fixations. The higher NSS value indicates a better prediction
result. The Kullback-Leibler (KL) [59] divergence uses the distribution of predicted saliency map to estimate the distribution of
ground-truth map. It varies from zero to infinity, and a zero value
indicates the prediction exactly matches the ground truth. And
the correlation coefficient (CC) [60] measures the linear correlation between the predicted saliency map and the ground-truth
saliency map. For CC, a value of 1 indicates a perfect correlation. However, the equirectangular format bears the geometric
distortion because of the horizontal stretches near the north and
south poles. The geometric distortion has no influence on the
2 [Online].

Available: https://salient360.ls2n.fr/

metrics AUC-Judd and NSS because the two metrics measure
the saliency value on the fixations. But the KL and CC metrics
compare between two saliency maps and could be influenced by
the geometric distortion. So in the calculation of KL and CC,
the non-uniform sampling is conducted to eliminate the negative
effect of horizontal stretches near the poles in equirectangular
format as suggested by [61], i.e. by sampling points more often
near the equator relative to the poles. For KL and CC metrics,
the method in [62] is employed to perform the samplings. For
AUC-Judd and NSS metrics, all fixations in the dataset are added
as the samplings.
Implementation Details. To increase the amount of images
used for model training, we augment the immersive images. By
rotating the sphere about the axis that passes through the north
and south poles and then mapping to the 2D image, we can
get the rearrangement of the content on the 2D plane. These
rearranged images can be used as augmentations. The rotation
angles are set within the range of 0◦ and 360◦ as the multiple
of the minimum rotation angle. A smaller minimum rotation
angle can be employed to produce more augmentations, but the
reduced difference of spatial arrangement between images may
give rise to the over fitting in the model training. In our scheme,
the minimum rotation angle is set as 30◦ for each augmentation,
so there are a total of 11 augmentations that are generated from
one original image. The corresponding saliency annotations are
augmented using the same method. At the training stage, we
calculate the mean square error between the normalized ground

truth values S and predicted values S . The loss is designed to
give more importance to areas in the proximities of equator by
multiplying a weight:
L=


N
S(xi )
1  S (xi )
−
N i=1 max(S  ) max(S)

2

· (1 + sin(lat(xi ))),
(17)

where the lat(xi ) is the latitude value of xi , and the sin(·) is
the sinusoidal weight that emphasizes the equator bias. During
the training process, to reduce the over fitting, dropout is set
for the fc layer, and the L2 regularization is employed.
In order to train and test our model, we randomly divide the
database into 80% training images and 20% testing images.
There are a total of 85 images in the database, of which 68 are
used for training and 17 are used for testing. During the training
and testing, the images are shuffled and randomly divided. We
repeat the training and testing process for 35 times and report the
mean results of the evaluations. We compare our method with
some state-of-the-art saliency prediction models for immersive
images including GBVS360 [19], SalNet360 [47], SJTU [20],
TUM [16], WHU [67] and SalGAN360 [66]. Some saliency
prediction models for traditional images are also compared including GBVS [63], Judd [48], SALICON [65], MLNet [64] and
SalGAN [5]. Among these models, some are developed based
on CNN including SalNet360, WHU, SalGAN360, TUM, SALICON, MLNet and SalGAN. For fair comparisons, we finetune
these CNN-based models under the same experimental conditions. In SalNet360 [47] we fix the weights of base CNN and
finetune the refinement part with the patches that are extracted
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TABLE II
THE EXPERIMENTAL RESULTS FOR HEAD-EYE MOTION PREDICTION ON
SALIENT360 DATASET [21]. BEST AND SECOND BEST RESULTS ARE IN BOLD

from training set in the experiment. And in WHU model [67], we
fix the pre-trained VGG-16 model and finetune the refinement
part with the training set. In SalGAN360 [66], we fix the generator and discriminator and finetune the refinement part with the
patches that are extracted from training set. In TUM [16], we
finetune the employed eDN saliency predictor and SAM saliency
predictor with the patches that are extracted from training set.
In MLNet [64], SalGAN [5] and SALICON [65], the model is
initialised using pre-trained weights and is finetuned with the
training set. For these CNN-based models, we also repeat the
training and testing process for 35 times and report the mean
results of evaluations. For these training-free models, we test
them on the same testing set for fair comparisons.
B. Performance Evaluations and Comparisons
We evaluate saliency maps that are generated by different
models on the Salient360 dataset [21] by using the CC, AUC,
NSS and KL metrics. Table II shows the experimental results for
the head-eye motion prediction. Performances of our model and
several traditional methods including Judd [48], GBVS [63],
GBVS360 [19], SJTU [20], and some training-based methods including MLNet [64], SalGAN [5], SALICON [65], SalNet360 [47], SalGAN360 [66], TUM [16] and WHU [67] are
compared. Among these models, GBVS360, SJTU, SalNet360,
SalGAN360, TUM and WHU are the state-of-the-art models
that are designed for immersive images. It can be observed
that the performances of dedicated models are generally superior to those for traditional images, and the performances
of training-based models are generally superior to training-free
models. It shows that our model shows superiority in terms of
CC, AUC and NSS, and also obtains good performance in terms
of KL.
Table III shows the experimental results for the head motion prediction. Performances of our model and several other
methods including GBVS360 [19], WHU [67] and SJTU [20]
are compared. It shows that our model shows superiority in
terms of CC and AUC, and also obtains good performance in
terms of NSS and KL. We also take the ground-truth saliency
as the input of head movement predictor, and compare the predicted head-motion map with the ground-truth. In Table III, the
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TABLE III
THE EXPERIMENTAL RESULTS FOR HEAD MOTION PREDICTION ON
SALIENT360 DATASET [21]

experimental results show an improvement of performance,
which means that accurate predictions of head motions can be
achieved by improving the saliency prediction.
From the results we can observe a good performance of our
model. As a handcrafted-feature-based model, following [20],
we also extract some features in the spatial and frequency domain. We observe that the head movement is continuous but
the existing saliency detection model [20] extracts local viewports discretely, making the feature extraction unprecise near
the boundaries of viewport. Besides, the difference between the
perception of center vision and peripheral vision is an important
factor in the fixation transformation, which is not considered
in [20]. On the contrary, our model simulates how our eyes receive the center vision and peripheral vision. We estimate the
contrast between center vision and peripheral vision that can
cause the fixation transformation. Besides, we extract features
at different scales. Multi-scale feature combination can well describe the visual performance of peripheral vision and center
vision in the stationary state or moving state. Spherical harmonics are employed to offset the geometrical distortion in the
frequency decomposition of the immersive image. As such we
can construct the inherent multi-scale, pyramidal hierarchy of
features for immersive images. Besides, in the spatial domain
all feature extractions are designed for the distortion offset and
global or local feature preserving. For the feature fusion, a network is employed to blend handcrafted features. As a result,
our model achieves a better performance than [20] and other
methods.
Immersive images can be characterized by content, spatial
complexity and visual attention complexity [68]. The classification of the content can be based on the scene classification,
e.g. natural landscapes, indoor rooms, people, etc. The spatial
information of the image is also an important indicator. Some
images contain rich texture information, while others contain
less texture information. The visual attention complexity can
also characterize the image. Some images have concentrated
saliency in certain parts of the content, these images usually
contain obvious salient objects. While other images have no
obvious contrast between the foreground and background, and
these images have diffused saliency. We choose three images,
one is the outdoor landscape with rich texture information but
no salient target, one is the indoor temple with rich texture information and complex targets, one is the indoor room with simple
texture information and obvious salient targets. The examples
in Fig. 4 show the saliency prediction results of the CNN-based
models on the three immersive images. It can be observed that
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TABLE IV
THE EXPERIMENTAL RESULTS FOR HEAD-EYE MOTION PREDICTION UNDER
CASES OF DIFFERENT FEATURE TYPES ON SALIENT360 DATASET [21]

TABLE V
THE EXPERIMENTAL RESULTS FOR HEAD MOTION PREDICTION UNDER CASES
OF DIFFERENT FEATURE TYPES ON SALIENT360 DATASET [21]

Fig. 4. Qualitative comparison of the saliency maps generated by the CNNbased methods. In each row, from top to down are the original image, the ground
truth saliency map, the ground truth heat map, and the heat map generated by our
model, TUM [16], SalNet360 [47], WHU [67], SalGAN360 [66], MLNet [64],
SalGAN [5] and SALICON [65].

for most CNN-based models, the obvious foreground objects
can be well detected as salient areas. But for these images with
no obvious salient object, it is difficult for models to predict the
diffused saliency. Fig. 4 also lists the results of our model. It can
be seen that our model can well predict the obvious objects as
well as the diffused saliency, which demonstrates our model’s
strong ability of detecting saliency for immersive images with
different scenes, spatial and saliency complexities.
In our model, we extract low- and high-level features including the statistics in the frequency domain and color domain, the
difference between center vision and peripheral vision, visual
equilibrium, person and car detection. By gradually adding different types of features, we measure how these features correlate
with the ground truth.
C1) using the features extracted with spherical harmonics including rare frequency components and visual differences;

C2) using the features extracted in the color space including
rare color components and visual differences in color space;
C3) using the object detections only;
C4) using the symmetry prediction and C2;
C5) using the symmetry prediction, the object detections, frequency and color features, and visual difference features.
Table IV shows the experimental results for head-eye motion
prediction under cases of different feature types. Table V shows
the results for head motion prediction under cases of different
feature types. The results demonstrate that the features extracted
according to the visual contrast between center and peripheral
vision play an important role in the head-eye motion prediction
and head motion prediction. Besides, the correlation between the
ground truth and the frequency and color features is also validated. There is an improvement when we combine the symmetry
prediction with objection detection, which shows the effectiveness of symmetrical feature. And the overall top-performed results are achieved by adding all the features together.
Fig. 5 and 6 shows some examples of the predictions.
12 images listed from top to bottom are ‘Train,’ ‘Hall,’
‘Square,’ ‘Room,’ ‘Crossroads1,’ ‘Highway1,’ ‘Crossroads2,’
‘Highway2,’ ‘Gully,’ ‘Bar,’ ‘Yard’ and ‘Hotel’. Most of the images contain the vanishing point that attracts fixations and can be
well detected by our symmetrical feature. In the ‘Train,’ most
fixations locate on the vanishing points and the windows. Although one vanishing point locates on the edge of the image, it
can also be well detected in the spherical domain. In the ‘Room,’
people can be well detected by object detection. In the ‘Highway1,’ fixations are attracted by the pedestrians and cars which
can be well detected by object detection in our model. The predicted saliency map also involves the features from coarse to
fine that are extracted from image decomposition into 3 scales
which can preserve some fine details in the predicted saliency
map. Fig. 6 shows some examples of the predictions for head
motions. The strong equator bias of head movements can be observed by comparisons between head-eye motions and head motions. In the ‘Crossroads2,’ ‘Gully,’ ‘Bar’ and ‘Yard,’ the active
area of head movements spread over the proximities of equator.
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Fig. 5. Experimental results for head-eye motions under different scenes; (b) and (c) are original images overlayed with heat maps, (d) and (e) are head-eye
saliency maps, (f) and (g) are top percent areas.

Fig. 6. Experimental results for head motions under different scenes; (b), (c) and (d) are original images overlayed with heat maps, (e) and (f) are head-eye
saliency maps, (g) and (h) are top percent areas.

In the ‘Highway2’ and ‘Hotel,’ head movements occupy more
active areas than head-eye movements.
To investigate more about the head motion, we choose the
two horizontal directions for analysis since most head movements spread over the proximities of equator. We calculate
the turning angle of continuous head rotations which satisfy
the condition that each rotation should be within the range of
30◦ and the direction should remain unchanged. The direction
of the longest continuous switch is regarded as the positive direction, and the opposite direction is regarded as the negative direction. Table VI shows the mean and standard deviation of maximum turning angles that are normalized by 2π in the positive and

negative direction. The rotation in the positive direction is generally greater than 0.5, and some even reach 0.6. Considering
the viewing angle of the viewport, the maximum rotations in the
positive and negative directions approximately cover the horizontal axis. In our assumption, viewers will take a quick glance
at the surrounding environment when 360◦ image presents a
new scene which will be followed by a detailed exploration
conducted in the opposite direction. So an improved method
to predict head motion from coarse to fine shall be conducted in
our future work. In Table VI, the positive and negative rotation of
‘Train’ and ‘Gully’ are much smaller, but ‘Square’ and ‘Hotel’
are much larger. In combination with the saliency map, we can
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TABLE VI
THE MAXIMUM TURNING ANGLE FOR HEAD IN HORIZONTAL DIRECTIONS.
HERE ‘P’ REFERS TO POSITIVE, AND ‘N’ REFERS TO NEGATIVE

see that the saliency of ‘Train’ and ‘Gully’ that are more concentrated are liable to deplete the uncertainty and decelerate the head
motion. For ‘Square’ and ‘Hotel,’ the disperse distribution of
saliency adds the uncertainty that encourages the movements of
head.
V. CONCLUSION AND FUTURE WORK
In this paper, we focus on the prediction of head and eye movements which are important behaviors of viewers, and propose
an effective saliency predictor and a head-movement predictor
for panoramas that can be used to improve the perceptual experience by allocating processing resources for the active FOV
and reducing the latency in the communication and interactive
path. To predict the head and eye movements for panoramas, we
employ the spherical harmonics to extract features at different
frequency bands. By forming a complete set of orthogonal functions on the sphere, we can directly decompose the 360◦ image
in the spherical domain. Related low- and high-level features including the rare components in the frequency domain and color
domain, the differences between center vision and peripheral
vision, visual equilibrium, person and car detection and equator
bias are extracted to estimate the saliency. Extracted features are
fed into a designed network to derive the final saliency map. A
data augmentation method and a designed loss function for 360◦
images are proposed to enhance the performance. To predict the
head movements, we build the head movement predictor by establishing the graphical model and functional representation to
analyse the switch of head orientation and incorporating the visual equilibrium and uncertainty as the visual mechanisms that
determine the head movements. The experimental results on the
publicly available database demonstrate the effectiveness of our
methods. In the future, we are ready to work on improving the
framework of our model and adapting our model for applications
that enhance the visual experience of VR.
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