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Abstract

Virtual and augmented reality (VR/AR) systems
dramatically gained in popularity with various applica-
tion areas such as gaming, social media, and communi-
cation. It is therefore a crucial task to have the know-
how to efficiently utilize, store or deliver 360◦ videos for
end-users. Towards this aim, researchers have been de-
veloping deep neural network models for 360◦ multime-
dia processing and computer vision fields. In this line of
work, an important research direction is to build mod-
els that can learn and predict the observers’ attention
on 360◦ videos to obtain so-called saliency maps com-
putationally. Although there are a few saliency mod-
els proposed for this purpose, these models generally
consider only visual cues in video frames by neglecting
audio cues from sound sources. In this study, an unsu-
pervised frequency-based saliency model is presented for
predicting the strength and location of saliency in spa-
tial audio. The prediction of salient audio cues is then
used as audio bias on the video saliency predictions of
state-of-the-art models. Our experiments yield promis-
ing results and show that integrating the proposed spa-
tial audio bias into the existing video saliency models
consistently improves their performance.

1 Introduction

Several studies [1–3], show that auditory inputs in-
fluence human attention mechanism, yet many visual
saliency estimation models neglect the effects of audi-
tory cues when estimating saliency maps. In addition,
from a computational perspective, some of the earlier
works [4–8] also demonstrated that visually salient cues
are partly correlated with the audio source location
and semantics. In particular, Tavakoli et al. [4] pro-
posed an audio-visual deep learning model (DAVE),
which has an encoder-decoder architecture for video
saliency prediction. Min et al. [5] suggested a novel
multimodal saliency (MMS) model for audio-visual at-
tention, which is proposed to be combined with the

existing deep learning-based saliency models with a
late-fusion, and to promote their performance by an
average of 5%. Tsiami et al. [6] proposed a single mul-
timodal network (STAViS) for audio-visual saliency,
which learns to localize sound sources and to fuse
the audio and visual saliency maps. Chen et al. [7]
proposed a deep neural network architecture for fea-
ture extraction, semantic interaction, and their fu-
sion for auditory and visual inputs.On the other hand,
to the best of our knowledge, spatial audio informa-
tion has just begun to be used for saliency predic-
tion in 360◦ videos [9]. Moreover, with the advent of
360◦ videos, the saliency prediction task has faced new
challenges. Humans do not discover their 360° envi-
ronments at a glance, but starting within a narrower
viewport, and then they continuously work out the pe-
ripheries with their head/eye movements. In contrast,
360◦ video sequences are represented as fully observ-
able to computers. This results in a contradictory be-
havior for perception between computers and humans.
At this point, spatial audio cues, which provide direc-
tional information in 360◦ space can be incorporated
alongside the visual cues to supply additional insight
for localizing the saliency predictions in 360◦ videos.

In this paper, the 360◦ video saliency prediction task
is addressed by leveraging the spatial audio information
to localize the audio saliency and enhance the output
of the existing (audio-)visual saliency prediction mod-
els. For this purpose, we adapt the mel-cepstrum based
spectral residual saliency detection model (MCSR) pro-
posed by Imamoglu et al. [10], to spatial audio. De-
spite it was presented as an image saliency model, it is
highly adaptable to audio processing since it consists
of mel-frequency cepstral coefficients (MFCCs). The
proposed audio saliency localization model is built for
first-order ambisonics (FOA) in 4-channel B-format,
which is widely used in VR applications for spatial
audio experience. Each channel (W,X, Y, Z) in FOA-
encoded audio represents a different directionality in
the 360◦ space: center, forward-backward, left-right
and up-down, respectively [11]. The MCSR model is
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Figure 1. System overview of the proposed approach.

adapted to FOA by applying on each channel to lo-
calize the salient sound in 360◦ space, and also de-
tect the strength of audio saliency in the time domain.
The produced audio saliency maps are further com-
bined with the existing five video saliency models with
a late-fusion. The contributions of our work can
be summarized as follows:

• We show that MFCC-based signal analysis can
provide information about audio saliency in the
time domain. This can be used in any audio
saliency model to improve its precision by weight-
ing (suppressing/boosting) the audio predictions
according to their saliency values for any instant.

• By extending the MFCC analysis for FOA, we
show that it is possible to localize salient sounds
in 360◦ audio.

• Combining the first two findings, we show that in-
tegrating this unsupervised salient spatial sound
localization (SSSL) method as a bias to the exist-
ing traditional/deep learning-based (audio-)visual
saliency models can improve their performance by
an average of 14%, on 360◦ videos.

The rest of the paper is organized as follows: Sec-
tion 2 describes our method. The dataset, experimen-
tal details, performance analysis, and comparison with
the state-of-the-art models are given in Section 3. Sec-
tion 4 covers the conclusion and future work. The
code is available on Github: https://github.com/
MertCokelek/360-degree-SSSL.

2 Method

The framework of our proposed audio saliency model
is illustrated in Figure 1. The aim is to find the ex-
act location and strength of salient spatial audio in
the time domain, as a bias for the video saliency pre-
diction models. Firstly, the FOA waveforms are pre-
processed for the MFCC-based saliency analysis. Then,
the saliency analysis is performed on each direction
independently and the results are combined in a 3D

space. Lastly, spatial audio saliency maps are produced
and fused with the outputs of the existing state-of-the-
art (audio-)visual saliency prediction models.

Preprocessing. The audio waveforms are divided into
shorter clips. By considering shorter clips, the model
is expected to highlight the locally and perceptually
important sounds better. Otherwise, the entire audio
is given to the model and hence, the local sounds may
be overlooked. In our experiments, the effects of dif-
ferent clip durations from half second to original video
length are investigated. Additionally, the performance
of multi-scale saliency analysis in the time domain was
observed to see the effect of local and global perception
of sound together. In this approach, clips of different
durations are analyzed independently and combined in
the time domain (such that for a video, four saliency-
time curves are obtained from clip duration of (1) one
second, (2) quarter of the total duration, (3) half of the
total duration, (4) total duration.). The best results
are obtained with one second-clips, without a multi-
scale approach. Clip durations shorter than one second
resulted in dense peaks and longer ones resulted in in-
variability to saliency in the time domain. In the rest of
the paper, the experimental analysis and performance
comparison are based on the pre-processing of audio
into one second-clips. Finally, to localize the saliency
in the 360◦ space, the FOA waveforms are decomposed
to six directions (forward, backward, left, right, up,
down) by adapting the decoding formulas in [11] as:

P = (
√

2W + C) ∗ 2

N = (
√

2W − C) ∗ 2
(1)

where W is the center channel and P , N correspond to
to positive and negative directions for a given channel
C, respectively.

Extending the MCSR model for 360◦ audio
saliency prediction. The MCSR saliency model is
applied to each channel independently. As shown in
Figure 2, the waveforms corresponding to the positive
and negative directions are given to the MCSR model
separately for saliency localization in one channel. The
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Figure 2. Overview of the MCSR Saliency Model and salient spatial sound localization for one audio channel.

resulting saliency-time curves are then subtracted from
each other and normalized into [−1, 1] range. For a
given time t, a saliency value above 0 implies that the
salient sound for that channel is in the positive direc-
tion, and vice versa. By applying this procedure on all
channels, we obtain a 3D vector for each audio sample,
representing the direction of arrival of the salient sound
on the 360◦ space.

Saliency map generation and post-processing.
The sampling rate of the audios and the frame rates
of the videos are not equal, thus the audio predic-
tions are framed to have a one-to-one correspondence
with the video frames. The obtained 3D vectors for
a given audio frame are first converted to unit vec-
tors, then transformed to (u,v) image coordinates and
the corresponding pixels in the output audio saliency
map are highlighted. Then, a Gaussian filter with a
kernel size of h/2, where h denotes the height of the
map, is applied to the resulting attentive sound loca-
tion or fixation points. This procedure results in an
auditory saliency map, which is finally scaled to [0, 1]
range. The produced saliency maps refer to the most
salient sounds per frame in the 360◦ videos. However,
they do not provide information about the strength of
saliency. In MMS [5], the audio saliency predictions
are weighted by their reliability before the fusion. Mo-
tivated by this idea, we weight the localized saliency
predictions based on the saliency-time curves obtained
by applying the MCSR saliency model on channel W .
This weighting operation is done in a linear fashion,
by normalizing the saliency values in the curve into
[0, 1] range and multiplying every audio saliency map
with the saliency value of that instant. If the audio
is worth attracting human attention, the correspond-
ing audio saliency map will have a higher energy, and
vice versa. Finally, we utilize the temporal information
in audio saliency maps to obtain smoother and more
natural transitions between the predictions. In our ex-
periments, the best results are obtained by averaging
the last n audio frames where n denotes the fps value
of the video.

Audio-visual saliency fusion. As illustrated in Fig-
ure 1, the final step is to integrate the output of the au-
dio saliency predictions with the existing (audio-)visual
saliency models to generate the final prediction as:

S = f(Sa, Sv), (2)

where S is the final audio-visual saliency map, Sa is the
output of our audio saliency model, Sv is the output
of an existing (audio-)visual saliency model, and f is
the fusion operation. We use an integration scheme in-
spired by Itti-Koch’s quantization and averaging based
fusion strategy [12,13], as given below:

f(Sa, Sv) = 0.5 ∗N(Sa,M) + 0.5 ∗N(Sv,M), (3)

where N represents the quantizer which transforms the
saliency map into M discrete levels. In our experi-
ments, M is empirically selected as 8.

3 Experiments

Dataset. For testing, we used the dataset provided
by Chao et al. [8] which contains 12 omnidirectional
videos (ODVs) with FOA in 4-channel B-format with
a duration of 25 seconds. Each ODV was split into
three categories: Conversation, Music, and Environ-
ment. The fixation points were collected from a total
number of 45 subjects, where each video was viewed
by randomly selected 15 subjects and each subject has
viewed each ODV once. The frame rate of videos varies
from 25 fps to 60 fps and the audio sampling rate of all
videos is 48000 Hz.

Comparison with the state-of-the-art. For per-
formance criteria, we employed the five commonly used
saliency evaluation metrics [14]: AUC-Judd, NSS, CC,
SIM, and KL Divergence. Table 1 shows the perfor-
mance comparison of five state-of-the-art models with
and without the proposed spatial audio saliency fusion.
For additional analysis, the performance of fusion with
the SSSL maps is compared with that of the audio en-
ergy maps (AEMs). Audio energy maps for FOA rep-
resent the direction of arrival of the 360◦ audio, and



Figure 3. Qualitative evaluation of the (audio-)visual saliency models with the proposed audio saliency fusion,
recalling that the positive and negative values in the X, Y, Z channels correspond to the forward, backward,
left, right, up and down directions in the saliency predictions, respectively.

Table 1. Performance comparison with the state-
of-the-art saliency models.

Model AUC-J↑ NSS↑ CC↑ SIM↑ KL↓
SSSL-only (Ours) 0.351 1.080 0.197 0.176 15.83

STAViS 0.839 1.938 0.346 0.259 14.43
STAViS + AEM 0.721 1.925 0.347 0.258 14.52
STAViS + SSSL (Ours) 0.740 2.067 0.374 0.279 13.91

Perf. Gain ⇓ -11.7% ⇑ 6.6% ⇑ 8.1% ⇑ 7.7% ⇑ 1.8%

MMS 0.837 1.347 0.250 0.171 18.15
MMS + AEM 0.819 1.471 0.272 0.187 17.66
MMS + SSSL (Ours) 0.827 1.579 0.293 0.195 17.33

Perf. Gain ⇓ -1.2% ⇑ 17.2% ⇑ 17.2% ⇑ 14.0% ⇑ 4.7%

UNISAL 0.804 1.288 0.234 0.224 15.20
UNISAL + AEM 0.576 1.361 0.252 0.227 14.95
UNISAL + SSSL (Ours) 0.740 1.939 0.360 0.297 12.61

Perf. Gain ⇓ -7.9% ⇑ 50.5% ⇑ 53.8% ⇑ 22.2% ⇑ 20.5%

CP360 0.842 1.165 0.224 0.144 19.40
CP360 + AEM 0.831 1.369 0.257 0.169 18.13
CP360 + SSSL (Ours) 0.834 1.462 0.276 0.179 17.71

Perf. Gain ⇓ -0.9% ⇑ 25.5% ⇑ 23.2% ⇑ 24.3% ⇑ 9.5%

Avg Perf. Gain ⇓ -5.4% ⇑ 24.9% ⇑ 25.5% ⇑ 17.0% ⇑ 9.1%

AVS360 0.769 2.656 0.453 0.349 10.27

we obtained them by using the strategy in [15]. For
comparison, we chose CP360 [16] as a visual saliency
model for 360◦ videos, MMS and STAViS as audio-
visual saliency models and UNISAL [17] as a visual
saliency model for 2D videos. Lastly, we considered
the recently proposed AVS360 model [9], which per-
forms 360◦ audio-visual saliency prediction as an up-
per bound for the evaluated models as it is trained on
this dataset. To fuse audio information, this model
employs the extracted multi-channel AEMs. Inspired
by the evaluation in [9], we included an equator bias
to every predicted saliency map before performing the
quantitative analysis on the videos. As shown in Ta-
ble 1, the proposed spatial audio saliency fusion when
applied to the results of the existing models gives rise
to better predictions in terms of all metrics other than
AUC-J. For instance, we observe on average 24.9% and
25.5% performance gains for NSS and CC metrics, re-

spectively. It is important to note that, as mentioned
in [14], these metrics are considered as the most reliable
evaluation metrics for saliency prediction on capturing
the viewing behaviors. In Figure 3, we also present
some sample qualitative comparisons. As seen from
these sample frames, the proposed spatial audio-driven
post-processing better localizes the salient regions in
360◦ videos and eliminates the false positives for al-
most all of the samples. In the table, it can also be seen
that the SSSL results are better than the AEM fusion
results, which motivates us to build novel architectures
for SSSL fusion to outperform the state-of-the-art.

4 Conclusion

In this paper, we investigated the effect of spatial
audio cues alongside visual cues for 360◦ video saliency
prediction. We proposed a spatial audio saliency
prediction model for localizing the salient sounds in
360◦ space, finding the strength of saliencies in the
time domain, and producing audio saliency maps for
late-fusion to any (audio-)visual saliency model. The
results demonstrate that the proposed SSSL model has
more contribution than AEMs and the other audio
saliency models to 360◦ saliency prediction task, and
their fusion to the existing (audio-)visual saliency mod-
els improve their performance by an average of 14%.
Developing novel neural architectures for salient spa-
tial sound localization & fusion for 360◦ videos is left
as future research.
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