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Abstract. This work explores how temporal regularization in egocentric
videos may have a positive or negative impact in saliency prediction
depending on the viewer behavior.Our study is based on the new EgoMon
dataset, which consists of seven videos recorded by three subjects in both
free-viewing and task-driven set ups. We predict a frame-based saliency
prediction over the frames of each video clip, as well as a temporally
regularized version based on deep neural networks. Our results indicate
that the NSS saliency metric improves during task-driven activities, but
that it clearly drops during free-viewing. Encouraged by the good results
in task-driven activities, we also computed and publish the saliency maps
for the EPIC Kitchens dataset.
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1 Motivation

Saliency prediction refers to the task of estimating which regions of an image
have a higher probability of being observed by a viewer. The result of such
predictions is expressed under the form of a saliency map (heat maps), in which
lighter values are aligned with the pixel locations with higher chances to attract
the viewer’s attention. This information can be used for multiple applications,
such as a higher quality coding of the salient regions [22], spatial-aware feature
weighting [15], or image retargeting [19]. This task has been extensively explored
in set ups where the viewer is asked to observe an image [10, 7, 12, 2] or video
[20] depicting a scene.

Our work focuses in the case of egocentric vision, which presents the par-
ticularity of having the viewer immersed in the scene. In this case the user is
not only free to fixate the gaze over any region, but also to change the framing
of the scene with the head motion. When collecting datasets, this set up also
differs from others in which the same image or video is shown to many view-
ers, as in this case each recording and scene is unique for each user. Egocentric
saliency prediction has received the attention of other researchers in the past
[5, 18], which we extend by assessing a state of the art model in video saliency
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prediction in an egocentric set up. In particular, we observe that including a
temporal regularization over frame-based prediction results into a gain or loss
of performance depending on whether the viewer is engaged in an activity or is
just free-vieweing the scene.

We developed our study on a new egocentric video dataset, named EgoMon,
and added a temporal regularization on the SalGAN model [14] for image saliency
prediction. Both the dataset and trained models are publicly available 3.

2 Related Work

2.1 Egocentric Video Datasets with Eye Tracking

The recording of an egocentric video dataset requires a wearable camera, but
also a wearable eye tracker. This specificity in the hardware, together with the
privacy constraints, limits the amount of public datasets for this task

The GTEA Gaze dataset was collected using Tobii eye-tracker glasses [5].
The more updated version of the dataset (EGTEA+) contains 28 hours of cook-
ing activities from 86 unique sessions of 32 subjects. These videos come with
audios and gaze tracking (30Hz) and provided with human annotations of ac-
tions (human-object interactions) and hand masks. In this work [5], saliency
prediction models based on SVMs are trained separately for each activity, while
in our case we train a single model and apply it to any activity.

The UT Ego Dataset [18] was collected using the Looxcie wearable (head-
mounted) camera and contains four videos. Each video is 3-5 hours long, cap-
tured in a natural, uncontrolled setting. The videos capture a variety of activities
such as eating, shopping, attending a lecture, driving, and cooking.

2.2 Deep Neural Models for Video Saliency Prediction

The recent success of deep neural networks for solving computer vision tasks has
been recently explored in the context of video saliency prediction. These works
have basically applied to this domain the architectures developed in the field of
action recognition.

Two-stream networks [17] combining video frames and optical flow were ap-
plied in [1] for saliency prediction, while temporal sequences modeled with RNN
[4] were explored for saliency in [11]. Our model is pre-trained on the DHF1K
dataset[20], which contained 700 annotated videos for video saliency prediction.
Its authors also trained a deep neural model based on ConvLSTM layers to
predict the saliency maps. Similarly, the authors of [6] propose a complex con-
volutional architecture with four branches fused with a temporal-aware ConvL-
STM layer. Regarding egocentric salienyc prediction with deep models, Huang
et al. [9] propose to model the bottom-up and top-down attention mechanisms
on the GTEA Gaze dataset. Their approach combines a saliency prediction with
a task-dependent attention that explicitly models the temporal shift of gaze
fixations during different manipulation tasks.

3 https://imatge-upc.github.io/saliency-2018-videosalgan/
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3 The EgoMon Gaze and Video Dataset

We propose EgoMon, a new egocentric gaze and video dataset. Data was recorded
in Dublin by three different individuals wearing a pair of Tobii glasses equipped
with a monocular eye tracker. The dataset is delivered as a collection of seven
videos of an average length of 30 minutes.

EgoMon includes both free-viewing activities (a walk in a park, walking to
the office, a walk in the botanic gardens, a bus ride), as well as task-oriented
activities (cooking an omelette, listening to an oral presentation and playing
cards). In the case of the botanic gardens, an additional a sequence of images
captured every 30 seconds with a Narrative clip camera is also provided.

4 Model Architecture

The proposed architecture processes each video frame separately with SalGAN
[14], an image-based saliency prediction pre-trained trained on the SALICON
dataset [8]. SalGAN outputs a sequence of static saliency maps which were fed
into a ConvLSTM [16] layer that we trained with the DHF1K dataset [20].

Fig. 1. Overall architecture of the proposed video saliency map estimation pipeline.

5 Experimentation

The proposed model was assessed firstly on the DHF1K dataset to evaluate its
quality with respect to the state of the art in non-egocentric datasets, and later
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Table 1. Performance on DHF1K.

AUC-J ↑ sAUC ↑ NSS ↑ CC ↑ SIM ↑
static 0.930 0.834 2.468 0.372 0.264

dynamic 0.744 0.722 2.246 0.302 0.260
SoA [20] 0.885 0.553 2.259 0.415 0.311

Table 2. Performance on all datasets (NSS metric).

DHF1K EgoMon

static 2.468 2.079
dynamic 2.246 1.2472

on the proposed EgoMon dataset to draw our conclusions in the egocentric do-
main. We adopt standard saliency metrics when assessing our results on DHF1K
dataset, and focus in NSS in the case of EgoMon.

To our surprise, the static (frame-based) SalGAN model outperformed the
state of the art for on DHF1K [20] (Table 1). On the other hand, when consid-
ering our dynamic-aware model, where a ConvLSTM is trained on top of the
frame-based saliency maps, the performance decreases.

This drop of performance of the dynamic model is also observed in some
of the videos of the EgoMon dataset (Table 2). In particular, the static model
performs better during free-viewing recordings, where saliency arises according
to the intrinsic visual characteristics of a scene (bottom-up). Notice that DHF1K
fixations were mostly recorded during free-viewing as well. On the other hand,
our dynamic-aware model obtains better results than the static ones in those
scenes where the used is engaged in an activity, in which task-driven saliency
(top-down) [13] dominates.

Encouraged by these results, we have inferred the saliency maps pertaining
to the Epic Kitchens object detection challenge [3]. We believe that these data
can be valuable for third-party research focusing on other task such as object
detection [15] or video summarization [21].

Table 3. Performance on different EgoMon tasks (NSS metric). Static refers to vanilla
SalGAN, while Temporal refers to the augmented version.

free-viewing recordings (bottom-up saliency)
bus ride botanical gardens dcu park walking office average

Static 1.618 1.182 4.374 3.435 2.652

Temporal 0.827 0.576 1.172 1.040 0.904

task-driven recordings (top-down saliency)
playing cards presentation tortilla average

Static 0.967 1.360 1.618 1.315

Temporal 1.141 1.897 2.077 1.705
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