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Featured Application: The proposed system specifically targets applications related to 360◦

multimedia content in virtual reality. Overall, this platform supports the generation of multiple
interesting experiences or multimedia contents from a single 360◦ video, an easy to use authoring
system for the 360◦ content providers, the efficient transferring of the generated 360◦ experiences
to the prospective viewers in virtual reality, and enabling the viewers to share their personal
experiences of the 360◦ multimedia content in virtual reality with the other viewers.

Abstract: We propose a novel authoring and viewing system for generating multiple experiences
with a single 360◦ video and efficiently transferring these experiences to the user. An immersive
video contains much more interesting information within the 360◦ environment than normal videos.
There can be multiple interesting areas within a 360◦ frame at the same time. Due to the narrow field
of view in virtual reality head-mounted displays, a user can only view a limited area of a 360◦ video.
Hence, our system is aimed at generating multiple experiences based on interesting information in
different regions of a 360◦ video and efficient transferring of these experiences to prospective users.
The proposed system generates experiences by using two approaches: (1) Recording of the user’s
experience when the user watches a panoramic video using a virtual reality head-mounted display,
and (2) tracking of an arbitrary interesting object in a 360◦ video selected by the user. For tracking
of an arbitrary interesting object, we have developed a pipeline around an existing simple object
tracker to adapt it for 360◦ videos. This tracking algorithm was performed in real time on a CPU with
high precision. Moreover, to the best of our knowledge, there is no such existing system that can
generate a variety of different experiences from a single 360◦ video and enable the viewer to watch one
360◦ visual content from various interesting perspectives in immersive virtual reality. Furthermore,
we have provided an adaptive focus assistance technique for efficient transferring of the generated
experiences to other users in virtual reality. In this study, technical evaluation of the system along with
a detailed user study has been performed to assess the system’s application. Findings from evaluation
of the system showed that a single 360◦ multimedia content has the capability of generating multiple
experiences and transfers among users. Moreover, sharing of the 360◦ experiences enabled viewers to
watch multiple interesting contents with less effort.

Keywords: authoring system; 360◦ video experiences; object tracking; virtual reality; experience
transfer; focus assistance; visualization; human–computer interaction (HCI)

1. Introduction

Virtual reality (VR) and 360◦ videos mutually deliver an immersive experience of visual content
to users. As it represents the whole world, 360◦ images hold more information than normal images.
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VR has increased user interest in 360◦ visual content by giving them a feeling of being present in the
content [1]. Social media platforms such as Facebook and YouTube are also now open to uploads of
360◦ content [2]. Hence, consumer influence on entertainment through 360◦ videos is increasing day
by day. One main reason is that they get a lot of interesting information to explore in a single visual
content source.

Promotion of 360◦ visual content is rising, but at the same time many challenges are faced
while watching a 360◦ video in VR. One of these challenges is the limited field of view (FOV) in
head-mounted displays (HMD). In VR, a user can only focus on a specific region at a time due to
limited FOV. Consequently, there is a huge possibility of missing interesting and important information
while watching 360◦ visual content in VR. To overcome this problem, there is a concept of providing
a narrative for watching a 360◦ video in VR. The narrative consists of information about a region
of interest (ROI) during the whole 360◦ video. The narrative for the 360◦ video shapes the user’s
actual experience as it guides the user towards an ROI. An ROI depends on some interesting object or
specific area in a video. There can be multiple ROIs at a time in a 360◦ video. Each viewer can focus
on different ROIs in VR based on personal interest. Hence, there is a huge possibility of watching a
single 360◦ video in different ways, resulting in various experiences based on the visual information
watched in VR. By recording the users’ experiences in VR, multiple narratives for a single 360◦ visual
content source can be generated. Later, these experiences can be transferred to new viewers using
focus assistance techniques in VR. It helps users focus on ROI at the right time, which saves them
from missing important information in visual content. Moreover, 360◦ video content holds many
interesting objects in it. Based on personal interest, viewers can choose various objects for watching
in a panoramic video. Therefore, it is possible to generate a narrative for each interesting object by
tracking it in the whole 360◦ video. To create a narrative based on an interesting object, it is required to
track that object in the rest of the frames of a panoramic video. It is very difficult to select an object
manually in all the frames of a video. Therefore, a fast and robust tracker is required to track the object
of the user’s interest in the video. There are many existing object trackers for normal videos. When
these trackers are applied to a 360◦ panoramic video, many difficulties arise. The most noticeable
problem is the movement of the object out of one side of the horizontal margin of the panoramic frame
and reappearing on the other side (Figure 1a,b). Moreover, deformation of the object’s shape occurs in
panoramic images, which results in the loss of the object. In such scenarios, existing object trackers
were not robust enough to re-identify and track objects in 360◦ panoramic videos. Moreover, the author
of the narrative can be interested in any kind of object within a 360◦ video. Therefore, it is important to
enable a user to create a narrative based on tracking of an arbitrary/unknown object. In the case of
unknown/arbitrary object tracking in a 360◦ video, model-based and offline methods were unable to
perform well because of a lack of prior information about each desired object due to deformations in
the object’s shape during the video [3].
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Figure 1. (a) Plane cockpit at far right of panoramic frame. (b) Plane cockpit reappearing on left side of
panoramic frame.
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In this paper, we propose an authoring system for generating and watching various experiences
of a single 360◦ video through experience transferring in VR. It mainly consists of two major parts;
a creator part and a viewer part as shown in Figure 2.
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transferred to prospective users using adaptive focus assistance.

The creator part focuses on generating the narratives for guiding experiences of 360◦ videos in VR,
while the viewer part encompasses an adaptive focus assistance technique for efficient transferring of
generated experiences to prospective users in VR. The creator part is further divided into two main parts.
The first part is an HMD-based method. It generates experiences by recording the users’ experiences of
immersive videos with a VR device. In the second part, we propose a method for generating a narrative
(in terms of viewing angle in 360◦ VR) by fast and robust tracking of arbitrary/unknown objects in
panoramic videos. The user can change the selection and track different objects during a video. It helps
in generating effective experiences for group performances. The main purpose of tracking an arbitrary
object is that an author of experience can be interested in any kind of object within a 360◦ video. The
contribution in the proposed work focuses on the tracking of an arbitrary object in a 360◦ video by
using a recent object tracking approach called a discriminative correlation filter tracker with channel
and spatial reliability (DCF-CSR) [4] as part of a whole system. The proposed methodology introduces
additional components to the DCF-CSR tracker to adapt it for solving the object tracking problem in
360◦ panoramic videos. These components encompass the tracking validation and re-identification
of an object in case of loss of object and occlusion handling in a 360◦ panoramic image sequence. A
detailed description and implications of these components will be discussed in coming sections. The
major contributions of the proposed system are as follows:

1. The sharing of users’ personal experiences of 360◦ videos in VR among each other.
2. An authoring system for generating multiple experiences of a single 360◦ visual content source.
3. A real-time object tracker for 360◦ panoramic videos.
4. The provision of adaptive focus assistance for efficient transferring of 360◦ experiences in VR.

The structure of the paper is as follows. Section 2 provides an overview of existing systems related
to our work. Section 3 states the research questions (RQs) and a brief description of the research
methods used in this study. The proposed framework and its modules are explained in Section 4. Next,
Section 5 presents the experimental results and evaluation of the proposed methodology. In Section 6,
an overall evaluation of the system and answers to the RQs related to this study are discussed. Finally,
Section 7 concludes the paper with limitations and future directions.

2. Related Work

Many researchers have worked on providing narratives and visual guidance in 360◦ video to
focus on the ROI at the right time [2,5]. From a wide field of view in VR, a user can have an immersive
experience of being in specific ROI in 360◦ video based on their interest [6]. Facebook launched a
guide [7] to let the providers of 360◦ video content set narratives by highlighting points of interest over
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the course of complete visual content. In this way, it is possible to direct a user’s attention towards an
ROI in 360◦ VR. It is very imperative to show only interesting information from a wide view of 360◦

video to the viewer. However, a difficult aspect is to decide which information is more interesting,
since this is very subjective. In 2016 and 2017, Yu-Chuan et al. proposed methods to generate a normal
field of view (NFOV) video from 360◦ video based on regions of interesting information in panoramic
frames [8,9]. The first issue is that the NFOV videos restrict immersiveness and the viewer’s interaction
with the visual content in 360◦ VR. Moreover, these methods generated a single summarized NFOV
video based on interesting information in a panoramic video decided by their learned deep model.
However, our system makes it possible to generate various interesting experiences from a single 360◦

video. Another issue in those approaches was that the user could not give any input in generating
a NFOV video. It was similar to a black box to them. However, we enable users to generate 360◦

video experiences interactively based on their interests. Furthermore, those approaches were deep
learning based and required high processing units to operate and were not in real time. In contrast,
our system uses a very small amount of processing power and runs in real-time on a CPU, as shown
by Figure 11 presented in the section on experimental results, and so is capable of running on devices
with hardware constraints.

Panoramic cameras are rapidly gaining in popularity, resulting in the researchers’ focus on image
processing in 360◦ videos, e.g., Hu and Lin et al. [10] who designed an agent to control the viewing
angle in panoramic sports videos. In 2013, Marcus and Werner proposed a methodology for real-time
person tracking in panoramic videos [11]. Some other human detection and tracking methods are also
in the literature [12–14], which show that object tracking is currently a hot research topic. A variety
of techniques have been used for object tracking. Cui et al. [15] used differences in background and
radial profile in dual camera systems for tracking objects. In 2016, Ahmad et al. [16] presented a
method for tracking a polar object in 360◦ polar images. Furthermore, in 2017 they presented another
framework for robust and fast object tracking in 360◦ polar videos [17]. However, the processing speed
of their framework did not meet the requirement of being in real time. In 2018, Ahmad et al. made
refinements to their previous work presented in [16] and designed an enhanced polar model [18] for
fast object tracking in polar sequences. Still, with a speed of 9 fps, they could not get much closer
to real time. Perhaps the work presented by Ahmed et al. in [3] is most relevant to our work. The
method presented in this work focused on tracking of unknown objects in 360◦ polar sequences. After
manual selection of the desired object, it used an online training method for tracking the object in
the rest of the frames. However, the processing speed of all the object tracking algorithms described
above was not in real time. There are multiple other object tracking algorithms including the Siamese
network for object tracking presented by Luca Bertinetto et al. [19] and multi-domain convolutional
neural networks (MDNet) for visual tracking by Hyeonseob Nam et al. [20]. Both presented deep
learning-based object tracking algorithms with good accuracy and processing speed on GPU. However,
their speed on a CPU did not meet the criteria of being in real time. The goal of our system was to be
in real time on a CPU, which could be used by a wide range of users in resource constraint hardware
systems. Therefore, we used a simple correlation filter-based tracker with additional modules to
achieve efficient object tracking in 360◦ at high frame speed on a CPU. Moreover, in [21], the results
proved that in achieving good accuracy at high framerates, simple correlation filter-based trackers
are able to compete with complicated deep architecture-based trackers. Moreover, another problem
in using deep learning-based trackers for tracking arbitrary objects is a lack of extensive 360◦ video
data. Deformation of the object occurs in distorted stitched areas of panoramic frames, which makes it
difficult to train a network for various appearances of an object.

Focus assistance plays a very important part in storytelling and guiding experiences in VR. There
are various focus assistance techniques proposed to follow the ROI including [2,5]. In 2018, Ahmed
Elmezeny et al. discussed the important immersion factors that influence effective storytelling in 360◦

videos [22]. However, there are various existing issues in these techniques. There is a high probability
that the viewer may not properly follow the visual guidance and lag behind the actual 360◦ experience.
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Consequently, they lose interesting information or the understanding of the overall story. Existing
focus assistance techniques did not provide any mechanism to overcome this problem. However, we
make our proposed focus assistance technique more adaptive to the user by providing the adjustment
of frame rate and transparency of visual indicators based on the angular distance between viewer’s
head pose and angle required to view the ROI. In this way, a viewer can easily synchronize with the
actual 360◦ experience with minimum loss of visual information.

3. Research Questions and Research Method

Our goal was to study the capability of 360◦ multimedia content in providing different interesting
experiences to users. During the research, we developed different research questions (RQs), which are
as follows:

• RQ1: Is it possible to generate multiple experiences from a single 360◦ video?
• RQ2: Does the provision of multiple experiences help viewers experience various interesting

content in a single 360◦ video?
• RQ3: Does sharing of the users’ personal experiences among each other help them easily find the

ROIs while watching a 360◦ video?
• RQ4: Do existing simple object trackers perform well on panoramic 360◦ videos?
• RQ5: Does object tracking make authoring easy and more productive for the 360◦ video

content providers?
• RQ6: Does the user adaptive focus assistance minimize the loss of visual information and efficiently

direct the viewer towards an ROI in 360◦ VR?

Our system, whose functional modules are shown in Figure 2, aims to answer the RQs above. We
applied different research methods in order to find the answers to these RQs. This study includes both
qualitative and the quantitative methods to assess the system’s behavior. A detailed discussion about
the research methods is presented in Section 5. Moreover, the answers to the RQs stated above are
discussed in Section 6.

4. Proposed Authoring System

Our proposed work was divided into two main parts. The first part focused on generating
experiences of 360◦ video while the second part presented a focus assistance technique to transfer the
experiences and enable the users to watch generated experiences efficiently.

4.1. Creator Part

This part generated the narrative for a 360◦ video experience and consisted of two main modules
described as follows:

4.1.1. HMD Based

In this part, a user watched the 360◦ video in VR using an HMD. During the 360◦ video in VR, we
continuously tracked the user’s head orientation using a gyroscope sensor, which gives the viewing
direction/user’s viewpoint. Our system saved information on those viewpoints during a 360◦ video
every 100 ms. At the end of watching a video, users could preview their own created experience
(discussed in Section 4.2). After previewing, they could edit their experience by rewatching the 360◦

video. It was also possible for them to edit part of or their whole 360◦ video experience by rewatching
it. They could reach a specific video part with the help of the skip or rewind operation of a video
player. Finally, they could save their experience to the system after previewing and editing it until
they got the desired 360◦ experience that they wanted to create. The saved experience would act as a
narrative for shaping the experience of other viewers for that 360◦ video. Before saving the experience,
a user had to describe it in a sentence by using a virtual keyboard and a controller. The description was
provided to assist prospective users in selecting and watching a 360◦ video experience of their interest.
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4.1.2. Object Tracker

This was based on the idea of selecting an arbitrary object or ROI of a user in the first frame and
tracking it in the rest of a 360◦ panoramic video. Based on that object’s location in each 2D panoramic
frame, we calculated the viewing angle/gaze direction in terms of pitch and yaw to find the position of
that object with respect to the 360◦ world space, which resulted in a narrative for watching the 360◦

video experience in VR. We developed a pipeline around the DCF-CSR tracker to make it robust for
tracking objects in the sequence of 360◦ panoramic frames. As discussed in Section 1, while tracking the
object of interest in panoramic videos, the most noticeable issues were movement of the object across
the extreme edges of frames, loss of an object due to occlusions, shape deformation, and unexpected
movement that occurred in stitched areas of panoramic frames. In our proposed framework for object
tracking, we developed two main modules on top of the DCF-CSR tracker to make it robust for object
tracking in 360◦ panoramic frame sequences, as shown in Figure 3. The first module focused on
tracking and validation to ensure the success of the DCF-CSR tracker, while the second module mainly
targeted object re-identification in case of the loss of the object. Another purpose of it was to handle the
problem of occlusion where another object covered a desired object. Finally, the output of the tracking
algorithm in terms of an object’s location in the frame was treated as input to the final module of the
viewing angle generator for 360◦ virtual reality. It generated the final narrative for 360◦ videos, which
held the viewing angle in terms of pitch and yaw with respect to time over the complete course of an
entire 360◦ video.
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A detailed description of all building blocks of the object tracker is as follows:

4.1.2.1. DCF-CSR Tracker

This is a short-term tracking algorithm that uses discriminative correlation filters (DCF) with
two novelties: Channel reliability and spatial reliability [4]. Spatial reliability improved the filter’s
discriminative power for a better understanding of the background and channel reliability helped in
the localization of a tracked region. This tracking algorithm used standard feature sets of histograms
of oriented gradients (HoGs) and color names. It achieved a state-of-the-art performance on major
datasets and ran close to real time on a CPU. We tested this tracker on various 360◦ videos. It performed
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well for normal scenarios when the object’s motion speed was normal, there was no abrupt motion and
the object did not move across boundaries of the 360◦ frames. It also performed well against occlusions.

4.1.2.2. Tracking Validation

While applying the DCF-CSR tracker in 360◦ videos, many failures occurred due to object shape
deformation, abrupt motions in stitched areas of the 360◦ video and the object moving out of one side
of a frame and appearing on the other side, as presented in the results section. This module checked
whether the tracker was tracking the right object or if it was lost. It increased the reliability of the
tracker by ensuring that the object was tracked correctly. Tracking validation took place after every
10 frames during the whole 360◦ video, as shown in Figure 3 using Equation (1). In Equation (1), ‘Fi’
denotes the current frame, ‘F0’ represents the frame when validation had to be applied again, ‘Fv’
represents the frame when validation was last applied, and ‘thre’ represents the threshold value of
frames to be skipped. We tested the threshold value of ‘thre’ each from 1 to 20 for our system and
found the best performance at ‘thre = 10’ as the threshold value for frame skip count in our scenario.
Hence, in our proposed method, the predefined threshold value for ‘thre’ was set to 10. Validation was
applied if and only if the condition shown in Equation (1) became true.

Fi = F0, where F0 = Fv + thre (1)

This means a tracked object validated three times in a second. We decided to skip these frames
because an object’s appearance does not usually change much within a second. Moreover, applying
validation after frames skip incurred less computational cost.

The tracking validation module consisted of two main components: Feature extraction and feature
matching. Both components worked mutually. We used the oriented fast and rotated BRIEF (ORB)
feature descriptor, which is a fusion of the FAST key point detector [23] and BRIEF descriptor [24]. ORB
was faster than the SIFT and SURF descriptors, as well as being better in matching performance [25].
We used ORB feature descriptors due to its fast performance and it incurred less computational cost
to our proposed algorithm in feature matching. Moreover, for feature matching, we used the fast
library for approximate nearest neighbors (FLANN)-based descriptor matcher [26]. It finds the nearest
neighbors based on feature descriptors provided from two images. After performing feature matching,
we kept only good matches based on the matching distance of the features between two images, as
shown in Figure 4. The threshold for matching distance was 0.8 out of a maximum value of 1. We kept
this value high to make the validation accurate and sensitive to avoid wrong object selection.
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The two images used for feature extraction and feature matching were decided based on the
location of an object given by the DCF-CSR tracker. The first image was of the last saved appearance
of the tracked object, while the second image corresponded to the latest bounding box given by the
tracker. If the feature matching met the threshold, the second image would take the place of the first
image and became the latest appearance of an object for future matching in 360◦ video frames. This
process took place continuously with a difference of 10 frames, as shown in Equation (1). If the feature
matching did not meet the threshold, we kept performing feature matching with the object’s last
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appearance for the next 60 frames with a skip of 10 frames. If it was still unable to meet threshold,
the algorithm gave control to the object re-identification module with an input of the image with the
object’s last appearance.

4.1.2.3. Object Re-Identification

This is a popular topic in the field of computer vision and its applications. Many algorithms
have been proposed for object re-identification, such as [27]. Due to the 360◦ view, an object stays
inside the frame, unlike normal NFOV videos, unless and until it goes out of the sight of the 360◦

camera. This module executed when the DCF-CSR tracker gave a failure message or when the tracking
validation module rejected the tracked region in a 360◦ video based on knowledge about the object’s
last appearance. The DCF-CSR tracker mainly lost the object when it went out and appeared on the
opposite side of the panoramic frame. Since 360◦ panoramic videos normally have very high frame
resolution, it took a very long time to scan a whole frame for object re-identification. As a result, we
used two main techniques to make object re-identification faster for 360◦ videos.

The first technique was based on segmentation of the moving regions in a frame sequence.
Whenever tracking failure occurred, we extracted the regions from the video where movements
appeared by using one of the best techniques for real-time segmentation, called a MOG background
subtractor [28]. It gave the moving regions as white pixels, whereas unchanged regions were black.
The output image of the background subtractor had noise in it due to minute pixel changes. Therefore,
noise removal was required to get only meaningful information from the resultant image. To remove
the noise from the image and extract the moving objects from the 360◦ frame, we applied morphological
operations. First, we applied erosion to the image with a very small kernel of size (1, 1). Erosion
removed the white noise from the image. As erosion removed the white pixel noise, it also made the
white regions very thin by decreasing the size of the foreground. Here, we needed to increase the
thickness of the white pixels to get the exact moving regions with more information. For this purpose,
we applied a dilate operation to the binary image to increase the white pixel area, as shown in Figure 5a.
After applying the morphological operations, we drew contours around white pixels to extract the
objects from the binary image. After getting the contours from the binary image, we had to extract
moving objects from the original colored 360◦ frame. For this purpose, we applied a bitwise AND
operation using the original image and binary image mask. In this way, we got the output image with
moving objects as colored regions in it while the remaining area remained black (Figure 5b). After this
step, we cropped the areas of moving regions based on the location of contours in the image (Figure 5c).
These were considered as initial candidates for object selection.
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candidate objects.

Based on the size of the tracked object in the last frame before losing track, we considered this
size as a threshold for selecting the candidates for object selection. We determined the size of initial
candidate objects based on their contour areas. Candidates that did not meet the size threshold were
rejected at this stage. Then, the candidates from the section of extraction of moving objects were
finalized to forward them to the next module.
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The second technique for object re-identification was to restrict the search area within the 360◦

frame. This technique also produced candidates for object selection. Here, we restricted the area
for object searching around the previous location of the object. We cropped a window around the
central pixel coordinate of the object’s previous location and performed searching for the desired object
only in this area. One of the benefits of this technique was that it reduced the computational cost
and kept the algorithm’s processing fast. Objects did not move very quickly in successive frames,
so it did not affect the tracking performance. Ahmed et al. also used this technique in their work
to reduce the computational cost [3]. This restricted area was also considered as the candidate for
object selection. Next, all the candidates from the moving object extraction technique and search area
restriction technique were given as input to the validation module to find and select an object holding
the highest matching value with the target object for further tracking. The validation module again
applied feature matching between all the candidates and the target object to find the best exact match
that crossed the threshold, as well as having the highest matching value. In the case of not meeting the
threshold, this process is repeatedly applied after every 10 frames until the target object is re-identified.
In case of failure in re-identification, the user is given control to reselect the ROI manually.

4.1.2.4. Viewing Angle Generator for 360◦ VR

The main purpose of this system was to generate experiences of 360◦ videos for VR. Therefore,
the final module of the object tracking pipeline was to generate the viewing angle for a tracked object’s
location for 360◦ VR. The viewing angle depends on head rotation in VR. This rotation measure consists
of roll, pitch, and yaw, as shown in Figure 6. The viewing angle decides the target area to focus on
by the viewer in VR. Thus, after tracking the location of a desired object in the 360◦ video frame, we
calculated the required viewing angle to focus on and watch this object in VR. For viewing angle, we
calculated pitch and yaw from x and y coordinates in the panoramic frame. The x and y coordinates
used were the central pixel coordinates of the object’s location in the panoramic frame. We calculated
the viewing angle for the target object over the course of a whole 360◦ video and stored it in an external
file with time information. At the end of the video, those stored values of viewing angle within 360◦

resulted in a narrative for watching the panoramic video in VR. The generated narrative guided and
provided an experience of the 360◦ video to the viewer in VR.
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4.2. Viewer Part

This part of the system also held great importance because it ensured the efficient transferring
of experience to the users based on the narrative provided for 360◦ video. In this part of system, we
developed a highly adaptive focus assistance technique for VR. The purpose of the focus assistance
was to guide the user’s viewing direction towards the target ROI. The implemented technique was
visual guidance over the top of a 360◦ VR video player for watching the generated experiences. There
were many focus assistance techniques including autorotation. We gave priority to visual guidance
over autorotation to avoid motion sickness, as discussed by [29]. With the help of the viewer part of
the system, a user could select the desired 360◦ video experience to watch in VR. Based on the selected
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experience, our focus assistance technique guided the viewer towards the intended target by using
visual indicators. There were many challenges while providing focus assistance in VR for transferring
experiences. One major challenge was the synchronization of the viewer with visual guidance. Hence,
to make better synchronization between the viewer and 360◦ video experience, we implemented some
methods that made our focus assistance more adaptive to a user and better than the existing techniques.
The descriptions of these methods are as follows:

(a) We decreased the opacity of the visual indicator as the viewer’s angular distance decreased
between the center of the current FOV and intended target. It gave awareness to the viewer about how
close he/she was to the intended target. We considered an intended target as one clearly visible by the
viewer based on the angular distance (15◦ for pitch and 20◦ for yaw) between current head rotation and
intended head rotation. We represent the current head pose as ‘H1’, the head pose required to focus on
an intended target as ‘H2’, and the angular distance between them as ‘θ’ (Figure 7a). If the opacity of
the visual indicator is denoted by ‘O’, the direct relation between ‘O’ and ‘θ’ can be represented as in
Equation (2).

O ∝ θ (2)
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(b) The second technique focused on the minimization of the loss of visual information, which
could occur when a user lagged behind the focus assistance. In this method, we adjusted the playback
rate of the 360◦ panoramic video player based on the angular distance. The maximum angular distance
between two points could be 180◦ for pitch and 360◦ for yaw. We declined the normal playback
rate of the video player by 25% with each rise of 60◦ in angular displacement. With the decline in
playback rate, a user easily felt that he/she was lagging behind the actual experience. It led them to get
synchronized with the experience easily and follow the visual guidance efficiently.

4.3. Multiple Experiences from Single 360◦ Video

The main purpose of the system was to generate multiple experiences from a single 360◦ video.
Users could be interested in different information within a single panoramic frame during a video.
The variety of users’ interests could lead to the generation of multiple experiences from one visual
content source. These various experiences could be saved by using the ‘Creator Part’ presented in
Section 4.1. Figure 8 shows the different ROIs in a frame, focused by different users while watching a
360◦ video in VR.
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5. Experimental Results

To test the overall performance of our system, we divided our experiments into two main parts.
The first one was based on a user survey, while the second comprehended the accuracy of the pipeline
developed for arbitrary object tracking. Details of both experiments are as follows:

5.1. User Survey

The main purpose of this user survey was to estimate the accuracy of transferring generated
experiences to the users and to get an idea about user satisfaction with the proposed authoring system. It
mainly tested the HMD-based approach for generating 360◦ experiences and efficiency of transferring of
experience using the proposed focus assistant. In this test, we asked the users to create experiences from
360◦ video using the HMD-based approach (Section 4.1.1). After creating an experience, the user was
asked to follow their own created experience with the help of focus assistance. After creating and viewing
their own experiences, we requested users to fill out a designed questionnaire to report the performance
of our proposed method. For the user survey, we recruited 25 paid participants. The youngest one was
23 years old, while the eldest user was 31 years old. Thirteen of them rarely used VR devices, four were
frequent users and eight had no experience with VR. Participants received nonmonetary compensation of
a coupon for a meal in the university’s cafe (worth 10 USD). The designed questionnaire was influenced
by previous research work and a simulator sickness questionnaire (SSQ) [30]. We categorized our
questionnaire into three main categories, usability, efficiency, and satisfaction. The score distribution for
each question was from 1 for strongly disagree to 5 for strongly agree. Finally, we calculated the overall
score given by the users in each category using the mean opinion score (MOS) technique [31]. The results
for each category are as follows:

5.1.1. Usability

This category of the survey mainly focused on the evaluation of convenience in using the system,
as well as its learnability. Of the total participants, 53% strongly agreed that the proposed authoring
system was very easy to understand, while 41% just agreed, and 6% were neutral (mean (M) = 4.47,
standard deviation (SD) = 0.082).

5.1.2. Efficiency

This emphasized evaluating the overall performance of the authoring system in creating and
transferring 360◦ video experiences. It mainly focused on assessing our focus assistance technique.
The aim of this was to find out the percentage of actual experience successfully transferred to the user
by the proposed method. More than 90% similarity between their actual experience and the experience
assisted by the proposed focus assistance technique was reported by 72% of participants, while 28% of
participants reported more than 75% similarity. In evaluating the efficiency of the system in generating
and transferring 360◦ video experiences using an HMD device, 68% of the participants strongly agreed
that the system was highly efficient, 24% agreed, and 8% remained neutral (M = 4.6, SD = 0.12).
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5.1.3. Satisfaction

This quantified satisfaction with the developed authoring system and interest in using it in the
future. The positive point of our proposed system was that it required a minimal amount of knowledge
to use it. Therefore, a good percentage (72%) of participants were very satisfied (Strongly Agree) while
28% agreed (M = 4.78, SD = 0.06).

Details of the questionnaire and results of the user survey are shown in Table 1.

Table 1. Overall results of user survey.

Statement Strongly
Disagree Disagree Neutral Agree Strongly

Agree
Average

Score

Score 1 2 3 4 5 -

Usability

The interface of the system to parse video is
easy to understand 0 0 1 13 11 4.4

Tasks such as previewing and editing the
recorded experience are easy to perform 0 0 1 11 13 4.48

Convenient to use 0 0 2 11 12 4.4
It does not take a very long time to learn the
system and perform operations 0 0 2 6 17 4.6

Overall Results for Usability 0% 0% 6% 41% 53% -

Efficiency

When you previewed your experience, the
recorded experience was similar to the actual
one

0 0 0 7 18 4.72

Knowing that your experience is being
recorded while watching a 360◦ video does
not restrict enjoyment

0 0 5 4 16 4.44

The experience with the system was smooth
overall and performing operations such as
parsing a video did not cause long delays in
watching the video

0 0 1 7 17 4.64

Overall Results for Efficiency 0% 0% 8% 24% 68% -

Satisfaction

You can record your 360◦ video experience
with very little knowledge about creating
360◦ video experiences

0 0 0 4 21 4.84

You will recommend this system to others 0 0 0 7 18 4.72

Overall Results for Satisfaction 0% 0% 0% 22% 78% -

Overall Result 4.58 (91.6%)

5.2. Object Tracker Performance

Object tracking is also an important part of our proposed authoring system. It generated narratives
from 360◦ video based on arbitrary object tracking for delivering the experiences in VR. We computed
the precision P; recall R, and F-measure to evaluate the performance of the tracker. The calculation
formula for F-measure is F = 2PR/(P + R). Recall is the total true positives divided by the number of
occurrences, which should have been detected, while precision is calculated as the number of true
positives divided by the number of all responses given by the tracker [32]. The desired object within
the frame was considered correctly detected if the detected region of the frame covers 50% of the target
object [32].

For validation of our proposed method, we used eight 360◦ panoramic videos, which consisted
of more than 15,000 frames. These videos were taken from multiple open source video channels on
YouTube. The videos included multiple objects, which were desirable for tracking, such as a pedestrian,
snorkeler, snowboarder, airplane cockpit, etc. as shown in Figure 9, with correctly detected objects and
successful tracking.
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Figure 9. Visual results of proposed object tracking method on 360◦ videos showing correctly detected
desired object and successful object tracking. Three frames from each video, (a–d) represent different
challenges faced during tracking

Figure 9a shows the example of successful object re-identification in the case of multiple candidate
objects; Figure 9b shows that tracking is successful even with a small part of the object visible; Figure 9c
represents successful object tracking in case of occlusion; and Figure 9d shows the tracker’s performance
for object re-identification when the object exits from one side and appears on the other side of the 360◦

panoramic frame.
Table 2 shows the tracker’s performance in terms of precision, recall, and F-measure for each 360◦

panoramic video.

Table 2. Evaluation results in terms of recall, precision, and F-measure.

Video Desired Object Frames Recall Precision F-Measure

Street1 Pedestrian 500 0.94 1.0 0.97
Snorkeling Snorkeler 962 1.0 1.0 1.0

Waterskating1 Front water skater 944 1.0 1.0 1.0
Waterskating2 Water skater in background 1092 0.92 0.94 0.93

Cartoon Doll 2122 0.89 0.91 0.9
Snowboarding Snowboarder 4796 0.85 0.88 0.86
Airplane Flight Airplane cockpit 4598 0.79 0.9 0.84

Street2 Playing child 389 1.0 1.0 1.0

Mean - - 0.92 0.95 0.93

If we analyze the information provided in Table 1, the precision measure was higher than the
recall measure. The reason for the high precision measure was the strong validation module presented
in Section 4.1.2.2. We made the validation module very sensitive, due to which it rejected candidates
with less feature matching. Consequently, in the case of object re-identification, it had been rejecting
the candidates as soon as it got a candidate object with high matching. This resulted in a slight decrease
in the recall measure, as seen in the videos “Snowboarding” and “Airplane Flight.” Another reason
for the least recall value for the three videos is the division of an object into two parts for a long time
while it went out of the margin of the 360◦ frame and appeared on the other side. If we reduce the
sensitivity of the validation module towards matching, there is a possibility of an increase in the recall
measure. Figure 10 presents a clear picture about recall and precision for object tracking results in all
360◦ panoramic videos.
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5.3. Speed Evaluation

As we developed a system for real-time use, one of our focuses was to keep the processing speed
high. The proposed method for object tracking in 360◦ panoramic videos was implemented on an
Intel Core i7-7700k CPU @ 4.20 GHz. We implemented the code of this algorithm in Python along
with OpenCV functions. This code was nonoptimized, and by running on a standard machine, it
achieved approximately real-time performance with an average speed of 24.1 fps. Resolution of the
immersive videos was very high, which resulted in slow computation speed. To further enhance the
computation speed, we down-sampled the frame size and tracked the object at this resolution. Instead
of down-sampling to a fixed size of frame, a down-sampling rate (25%) was used, which overcame the
loss of the content’s important information. After tracking the object’s location in a down-sampled
360◦ frame, we remapped the location of the object in the 360◦ frame with the original resolution.
In this way, it boosted the overall speed of the algorithm with no effect on tracking performance.
Figure 11 shows a comparison of our method’s speed performance with the performances presented by
Ahmad et al. [18]. These methods also presented simple online arbitrary object trackers by using the
conventional approaches in their techniques for fast object tracking in 360◦ videos. Figure 11 shows
information on computation time per frame for each method along with information on speed in fps.
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6. Discussion

Continuous advances have been made in the multimedia industry. Revolutionary developments
in multimedia content have been bringing new experiences to the audience, and 360◦ multimedia has
provided a completely new experience to viewers. In this study, an authoring system was proposed to
increase the throughput of 360◦ multimedia content in terms of providing interesting experiences. The
detailed description of the proposed system and experimental results presented in the previous sections
proved the potential of a 360◦ video in providing multiple interesting experiences to viewers. This
study supported that unlike the existing 360◦ cinematography approaches in the literature review, the
proposed system offered the generation of multiple experiences from a single 360◦ video. This aspect
of the system provides an answer to RQ1 and RQ2 that multiple experiences can be generated from
a single 360◦ video. Here, an important point to notice is that the number of experiences generated
depends on the content of a video. In response to RQ3, a user survey proved that users found it easy
to discover interesting information in a 360◦ environment by following the experience of others. In
support of RQ4, it was observed that the simple object tracker with some additional modules proved
to have good performance in tracking objects in 360◦ videos. The tracking of objects turned out to
be effective in reducing the effort for authoring 360◦ video tours, which provided evidence in favor
of RQ5. As supported by the results of the user survey, transferring of the 360◦ experiences in VR
using the adaptive focus assistance technique ensured minimum loss of information while directing
the viewer towards an ROI, which provides sufficient proof of RQ6.

7. Conclusions and Future Work

We presented an authoring system with the idea of generating multiple experiences from a single
360◦ video. We introduced arbitrary object tracking in 360◦ videos and an HMD-based system for
authoring multiple experiences in immersive VR. Moreover, we developed an adaptive focus assistance
technique to guide the user efficiently in VR for transferring of 360◦ video experience. Our proposed
system ensured the generation of a variety of experiences from a single 360◦ video. Overall, the
proposed system performed very well in generating and transferring 360◦ video experiences. At the
end of the user tests and survey, we analyzed each user’s experience that was produced based on the
visual content watched by that user. It was noticed by users that the experiences generated from a 360◦

video held different interesting information. Therefore, it resulted in multiple interesting experiences
from one 360◦ visual content source. The possible number of experiences solely depends on the content
presented in a 360◦ video. This system provided efficient transferring of the experiences to prospective
users by using our focus assistance technique. The proposed arbitrary object tracking technique for
panoramic videos also produced the best results with average precision of 0.95. The responses obtained
from the user survey were very positive. They showed that overall, the audience wants to use our
system for getting multiple experiences from one 360◦ visual content source. In future work, we will
enhance the object re-identification module of our object tracker for timely re-identification of the
desired object in case of loss of tracking. We will also create a better mechanism to track the partial
object at boundaries of the 360◦ frame. Furthermore, we will work on further enhancement of our
focus assistance method for transferring 360◦ experiences in an even more efficient way. We will also
investigate how to record a better 360◦ video to make it capable of generating multiple interesting
experiences from a single content source.
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