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A Multidimensional Media Adaptation Framework
for Live Holographic Communication

Carl Udora, Peng Qian, Jingxuan Men and Ning Wang, Senior Member, IEEE

Abstract—The rapidly increasing popularity of immersive
multimedia services such as live holographic communication
represents the future trend of extended reality (XR) applications.
However, the realization of such immersive and interactive expe-
riences is limited by the lack of fundamental understanding of
how different user behaviours and environmental factors jointly
affect the overall quality of experience (QoE). In particular,
compared with the media adaptation mechanisms applied in
conventional video applications, considerably more independent
factors may influence user QoE in these applications, including
both human- and network-related factors. In this paper, we
investigate the fundamental design principles of dynamic media
adaptation methods for live holographic communication by holis-
tically considering these factors. Specifically, a machine learning-
based scheme is introduced to facilitate intelligent adaptation
of both the frame quality (resolution level) and frame rate
according to specific contexts, such as the user intent/behaviour
(including object motion patterns and user movements) and
real-time network conditions. Extensive real-world experiments
are conducted to assess the feasibility and performance of the
proposed method, and comparisons with state-of-the-art methods
are performed. The results indicate that the proposed approach
can effectively satisfy user intent, with increased user QoE.

Index Terms—User Intent, Holographic Communication, Im-
mersive Media, Intelligent Adaptation, Quality of Experience.

I. INTRODUCTION

HE increased demand for immersive and interactive

user-driven multimedia experiences has been addressed
through the use of consumer-friendly multimedia devices
such as head-mounted displays (HMDs) and immersive media
applications. One such application, projected to be critical for
multimedia services [1], [2], is holographic communication
[3]. This application provides immersive user-driven experi-
ences through photorealistic object representations. These rep-
resentations are accessed through unrestricted user movements
and object views across six degrees of freedom (6DoF) in
extended reality (XR) space.

The functionalities of holographic communication systems
can be realized through existing 5G networks and edge com-
puting facilities; however, existing systems are considered low
level, with limited functions [4]. In particular, widespread
utilization is limited owing to strict computational, interactive
and network requirements [5].
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Immersive multimedia applications provide a sense of
presence, copresence, and interaction, thus facilitating more
immersive user experiences [6]-[8]. On the other hand, it
can be inferred that a variety of independent factors may
influence user quality of experience (QoE) in a complex
fashion. These factors can be broadly categorized into three
influence factor (IF) classes: human IFs, system IFs and
context IFs [8], [9]. Here, environmental IFs collectively refer
to system and context IFs due to contextual overlaps [8].
Human-oriented factors include influential human properties
[8], which, in holographic communication, include source
object behaviour and user behaviour and intent. In this con-
text, human locomotion and navigation are highly important
factors, as they enable more immersive experiences [10] and
significantly impact the QoE [11], [12]. Furthermore, source
object behaviours are important factors, including both static
and dynamic behaviours, as they are contextually influential
environment-oriented factors [8]. Moreover, in holographic
communication, the network environment is critical, as strict
latency requirements are implemented in such applications
[1], [5]. Thus, network parameters are highly important, as
such parameters could be associated with adverse network
conditions and substantially impact the user QoE [13]. It is
therefore essential to incorporate the aforementioned human-
oriented factors and network-oriented factors in adaptation
approaches for live holographic communication to further
improve the immersive experience, satisfy user intent and
enhance user QoE.

For the very first time, this paper presents a multidimen-
sional media adaptation framework for live holographic com-
munication to address the fundamental limitations of existing
schemes, which are tailored for traditional media adaptation.
Specifically, in the proposed framework, the uncertainties
associated with unpredictable user and object behaviours in
heterogeneous network environments are considered, as these
uncertainties present significant problems for immersive mul-
timedia applications such as live holographic communica-
tion. In this context, artificial intelligence (AI) technologies
are leveraged to consider multiple human- and environment-
oriented uncertainties. Furthermore, we introduce an Al-driven
user and source object behavioural and network awareness
strategy for immersive multimedia applications. Extensive
experiments involving representations of various quality, net-
work delays and packet losses are performed to generate
machine learning models, which are applied in the proposed
framework. Moreover, to our knowledge, we are the first to
explore multidimensional adaptation strategies, particularly in
relation to QoE performance metrics such as the quality of the
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representations, or the resolution, and the number of frames
per second (FPS) for immersive multimedia applications. The
results of thorough experiments demonstrate the feasibility and
good performance of the proposed framework compared with
those of state-of-the-art frameworks, indicating its suitability
to satisfy user intent while maintaining user QoE.

Although more immersive multimedia systems are being
used, extremely immersive and interactive holographic com-
munication is still considered to be in the early stages of
development, with more advancements expected in the future.
The technical contributions of this paper can be summarized
as follows:

o To our best knowledge, this is the first piece of work
in the literature to systematically elucidate how different
human-oriented and environment-oriented factors affect
specific QoE performance metrics such as resolution and
frame rates. Furthermore, we explore physical user loco-
motion and static and dynamic source object behaviours
and evaluate their impact on various performance metrics.
Moreover, we explore the impact of adverse network con-
ditions on adaptive holographic communication strategies
and show that network awareness should be considered in
adaptation frameworks to maintain satisfactory QoE for
the user.

e We propose an Al-driven adaptation strategy to in-
telligently optimize the user QoE in immersive holo-
graphic communication applications. We introduce novel
behavioural and network awareness facets to account
for uncertainties in user and source object behaviour
and adverse network conditions. Furthermore, owing to
the agnostic design approach, the proposed method has
widespread applicability and can be employed in holo-
graphic communication applications that incorporate sim-
ilar QoE performance metrics. Moreover, to our knowl-
edge, we are the first group to propose a multidimensional
adaptation strategy based on QoE performance metrics,
particularly for emerging holographic communication.

+ We conducted real-world experiments to demonstrate the
effectiveness of the proposed approach, accounting for
user and source object behaviours and, in particular,
adverse network conditions caused by network delays
and packet losses. The results of thorough evaluations
revealed the feasibility and good performance of the
proposed method. The detailed analysis results indicate
that the proposed method can effectively satisfy user
intent while accounting for various uncertainties and
maintaining the user QoE. Additionally, comparisons
with relevant state-of-the-art methods indicate that the
proposed approach achieves the best performance.

II. LITERATURE REVIEW

In immersive and volumetric multimedia applications such
as holographic communication, crucial factors related to user
behaviour, environmental factors and the multimedia presenta-
tion strategy are critical for ensuring an immersive user expe-
rience. The influence of such factors has drawn considerable
interest, with research dedicated to elucidating the impact of

factors such as user navigation strategies, object/environment
complexity, network limitations, compression performance,
and interactivity on the immersive experience of the user and,
more broadly, the QoE performance metrics of immersive and
holographic multimedia systems [1], [2], [14]-[17].

For example, Park et al. [18] introduced an optimized rate-
utility scheme for volumetric media streaming. Moreover,
Van Der Hooft et al. [19] proposed an adaptive rate scheme
for streaming compressed point cloud objects. The proposed
scheme is a dynamic adaptive streaming over HTTP (DASH)-
compliant framework [20]. The study of Gudumasu et al. [21]
is similar to that of [19], who proposed a DASH-compliant
scheme. The proposed scheme has some unique differences,
with the primary content type being visual volumetric video-
based coding (V3C). Other DASH-compliant schemes have
been proposed in the literature, with Subramanyam et al. [22]
proposing a DASH-compliant user-centred adaptive stream-
ing framework for dynamic point clouds. Similarly, Farrugia
et al. [23] proposed a DASH-compliant adaptive streaming
framework for web-based 3D content. This framework was
tailored for textured mesh-based 3D objects, incorporating
compression and camera path navigation strategies and an
index for perceivable quality [24].

Multiple studies have aimed to evaluate user behaviours
and QoE in adaptive streaming applications. For example,
Rossi et al. [12] investigated user behaviour in virtual reality
(VR) environments and its subsequent influence on VR-based
adaptive streaming systems. Wang et al. [25] proposed a QoE-
driven framework for point cloud-based adaptive streaming.
A tile-based adaptive approach, accounting for the user view
and distance via a proposed QoE model, is employed in this
framework. Furthermore, Minh et al. [11] conducted subjective
experiments to evaluate the impact of several factors on mixed
reality-based adaptive streaming. In addition, Subramanyam
et al. [26] performed subjective assessments of a user-centric
tiling-based adaptive framework for dynamic point cloud
streaming, and Van Der Hooft et al. [14] focused on objective
and subjective quality evaluations for adaptive point cloud
streaming applications.

Although various studies have presented adaptive streaming
approaches for immersive and volumetric media systems, four
important matters must still be addressed. First, few works
have considered adverse network conditions. Second, although
several works have considered user behaviour/motion via
predetermined camera paths, few studies have considered the
uncertainties associated with both user and object behaviours.
Third, few works have focused primarily on live streaming
scenarios. Finally, few works have explored the impact of mul-
tidimensional adaptation strategies, with most works focusing
only on the quality of the representations.

We aim to address these knowledge gaps through a holis-
tic intelligent adaptation approach for immersive multime-
dia applications such as live holographic communication,
accounting for the influence of user and object behavioural
uncertainties and adverse network conditions. Furthermore, the
proposed framework facilitates multidimensional adaptation.
Importantly, the focus of this work is not compression; rather,
we primarily consider user and object behaviours and adverse

Authorized licensed use limited to: UNIVERSITY OF BRISTOL. Downloaded on December 09,2025 at 13:56:45 UTC from IEEE Xplore. Restrictions apply.
© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

178

174

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

204

205



206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

This article has been accepted for publication in IEEE Transactions on Multimedia. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TMM.2025.3623505

network conditions.

III. PROPOSED FRAMEWORK
A. Motivation and Problem Formulation

To address the knowledge gaps in the literature, we explore
the impact of various behaviours and their associated uncer-
tainties on user QoE. Here, we considered the user, source
object, and dynamic network behaviours.

Previous studies have shown that user behaviour and the
resulting changes, which could be considered the user intent
[27], influence user experience. This conclusion was reached
considering the characterization of the influence of user be-
haviour in previous works. For example, in [11], subjective
studies were performed to evaluate the impact of user motion
and the associated changes on the object viewing distance.
The authors revealed that the perceived user experience is
better at larger distances with reduced object quality. However,
when closer objects are viewed, the object quality must be
increased to achieve a similar perceived quality [11]. Thus,
it is necessary to account for such behaviours to effectively
satisfy user intent while maintaining optimal QoE.

To account for changes in user behaviour, which in this
scenario is based on user motion, the relative user motion
or distance must be quantified. To achieve this, a viewer
threshold relative to the source object position can be utilized,
as represented by Equation (1):

‘/t:Vp_Op (D

where V; is the viewer threshold, V), is the viewer position
and O, is the object position. Here, the viewer threshold is
utilized to confirm whether the user intent has been satisfied
according to I.; and Iy, which are the close and far proximity
intent thresholds, respectively, as shown in Algorithm III-FI1.
On the basis of the viewer and intent thresholds, adaptations
could be made so that the source object has higher quality
when the viewer is closer and lower quality when the viewer
is farther away. Thus, the user intent can be satisfied, and the
optimal QoE can be maintained.

Furthermore, previous studies have revealed the influence
of the characterization of the visual content on the QOE.
Specifically, in the case of visual media, the behaviour of
the media object, particularly its motion, influences the QoE
[28]. Furthermore, when considering factors beyond object
motion, the associated frame rate also impacts perceptive
quality. For example, [29], [30] revealed that an increased
frame rate increases the perceptual quality for visual media
objects/content with fast camera and background motions.
Similarly, the techniques with reduced frame rates are suitable
for use in the case of visual media objects or content with slow
motion [31]. Thus, the motion of the visual media content
must be considered to ensure an optimal user experience.
Building on this, we explore such behaviours in the context
of holographic communication. The association between the
frame rate and media object motion can be reflected through
a simplified FPS threshold, as shown in Equation (2)

F, = a.empk'ob(t) )

where F}, is the FPS threshold for an object, a and k are
constants and Oy(t) is the object behaviour at time 7. Here,
the object behaviour or object motion information is utilized
to determine the FPS threshold. In particular, faster motion
and a larger FPS threshold would result in a higher FPS for
the object, whereas a slow or static object motion would result
in a lower FPS for the object.

In addition, the network parameters and dynamic network
conditions notably impact user QoE [1], [2], [13]. Specifically,
the dynamic nature of network environments could lead to
adverse and erroneous network conditions, and these adverse
network conditions can significantly degrade user QoE [32].
Moreover, the impact of such deteriorative behaviour on key
performance metrics such as quality and frame rate must be
considered. In this context, it is necessary to consider dynamic
network behaviours to facilitate an optimal user experience.
For example, a previous study [32] indicated that in the case
of adverse network conditions, a stable FPS is more important
than the object quality level.

To account for dynamic network conditions, we represent
the dynamic behaviour using a qualifier, as displayed in
Equation (3)

Ci(t) = f(Ni(t)) 3)

where Ci(t) is the network impairment categorization at
time ¢ and N;(¢) is the current network state for a given set of
parameters ¢ at time 7. Using the impairment categorization,
which is based on the network parameter information at a
given time, the changes in both QR,(t) and Fy4(t), which are
the adaptive changes in the quality of the representations and
FPS at time ¢, can be represented using Equations (4) and (5),
respectively.

QRa(t) = f(Vi, Ci(t)) 4)

Fy(t) = f(Fo, Ci(t)) 3)

The aim is to optimally satisfy user intent considering the
various behaviours and changes expressed in Equations (2) to
(5). We mathematically represent this problem as shown in
Equation (6) [33]:

P = optimal(VI = f(QR4(t), Fu(t))) (6)

where VI is the user intent, which depends on the
changes in the resolution and FPS QRy(t) and Fy(t).
Owing to limitations in effectively obtaining a suitable
solution using standard numerical optimization methods
[33], the formulation P presents an issue. Similar issues
are encountered for Equations (2) to (5). To adequately
address these issues, machine learning is employed within
the proposed framework, enabling various behaviours and
their associated uncertainties to be effectively considered.
In addition, analyses and quantitative assessments of the
proposed framework are conducted using key performance
indicators, the FPS and resolution, as both are quantitative
performance metrics relevant to the user experience that also
reflect the capability of the proposed system to satisfy the
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user intent.

We aimed to explore the influence of different human-
oriented and environment-oriented factors on the QoE perfor-
mance metrics of the proposed framework. Fig. 1 shows the
dependence of various performance metrics on these factors.
The factors considered are the object motion, user behaviour
and the dynamic nature of the network. Each factor clearly
influences the adaptable parameters. The object behaviour
directly influences the change in the FPS, with a lower
FPS utilized for static objects and a higher FPS utilized for
dynamic objects. The user behaviour is correlated with the user
intent and directly impacts the quality of the representations,
represented by the resolution. In this context, when the user
has a specific intent, for example, when the user is close
to or far from the hologram, the quality is increased or
decreased appropriately. The change made corresponds to the
literature, which provides information on the influence of the
user distance and physical locomotion on the QoE. Finally,
the dynamic network properties significantly influence the
QoE because these properties impact both the quality of the
representations and the number of FPS. Thus, the dynamic
network properties are prioritized, which ensures that the net-
work conditions that might impact other adaptation decisions
are sufficiently considered. Specifically, this approach ensures
that the user intent can be accurately satisfied. Furthermore,
the proposed approach is flexible, as it considers performance
trade-offs between the number of FPS and the quality of
the representations, namely, the resolution. This enables more
diverse and nuanced changes to be made, making the proposed

approach more robust.
L 4 —
ﬁ Object movement
-

Viewer behaviour ~_| Performance
Trade-off
Environment- N xd L. ™ 3
oriented factors etwork dynamicity Resolution
—

Adaptation decision
engine

Human-oriented
factors

Fig. 1. Dependency of the performance metrics on external factors

B. System Overview

We aimed to design an effective framework, and the system
configuration depicted in Fig. 2 was utilized. This setup
displays the configuration for live holographic communication
over a network, which occurs via the internet. The source
object is placed within the range of a single (RGB-D) camera
sensor, which is utilized to capture both the colour and depth
information of the object. The colour and depth information of
the source object is processed in conjunction with additional
tracking data collated at the client to prepare the frames of the
captured object in a 3D format. Additionally, the translation
and orientation information of the camera are available from
its calibration process, which is used to determine the relative
position of the object in the environment. The client generates

frames with a point cloud format. The point cloud frames
consisting of both the spatial and colour information of each
point are then prepared for transmission and sent to the
server, at which point the necessary rendering and adaptation
processes are performed. The server also maintains frame
requests throughout the session to enable live holographic
communication. The complete 3D photorealistic hologram of
the object is then transmitted to the viewer equipment, such
as an HMD, allowing the viewer to have unrestricted 6DoF
views in the XR space.

Local processing
of raw data Frame request

‘ Server oS

RGB-D
cameras

A*K g

Public Internet

Source Client V|ewer with
object HMD
+ Frame rendering
Frame transmission + Live adaptation
Fig. 2. Holographic communication application platform

C. Handling Viewer Behaviours

In live holographic communication, the user can view the
environment with 6DoF. This creates a problem with respect
to uncertainties in user behaviour, as this behaviour cannot be
adequately predicted because of the spontaneous nature of the
user. With the proposed framework, we attempt to address this
issue by incorporating the user intention in the design of our
adaptive framework. We apply an agnostic coding approach to
account for user behaviour. Various behaviours or intentions
might have different realization thresholds, which could then
be used to determine whether a specific behaviour or intention
has been carried out. This agnostic approach is implemented
in the proposed framework via the introduction of intention
thresholds that can be met on the basis of user behaviour.

For simplicity, we explain the proposed approach in the case
of one user and one source object. The user intention and
the physical motion of the user are considered for two main
reasons. First, freedom of movement is a key requirement for
immersive 6DoF environments, thus increasing the likelihood
of such behaviour being performed by users. Second, user
movement is important because of its impact on immersive
media adaptive streaming and, in particular, the QoE [11],
[22], [34]. Thus, user movement must be one of the fundamen-
tal behaviours considered when accounting for user intention.
Fig. 3 depicts the user intention based on the user movement.

To realize this type of user intention, we exploit the avail-
ability of real-time user location information facilitated by
6DoF tracking and spatial mapping, as well as the intention
tracking systems deployed in HMDs such as HoloLens 2 [27].
This information is utilized to calculate the user threshold rel-
ative to the intention threshold. When the intention threshold
is met, the server and the intelligent adaptation framework are
informed that the user intention has been triggered, and user
behaviour-based adaptation is performed to satisfy the user
intent.
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UNRESTRICTED VIEWER MOVEMENT

VIEWER HOLOGRAPHIC
OBJECT
Fig. 3. User intention based on the user movement

D. Handling Source Object Movement Patterns

To account for the object behaviour in immersive multi-
media applications such as live holographic communication,
which is the focus of this paper, a machine learning approach
is adopted. Furthermore, we strictly consider animated ob-
jects or participants, as such objects are primarily used in
live holographic communication applications. We attempt to
consider object awareness and focus on two primary object
motion modes'. These two object motion modes are static and
dynamic object behaviours, both of which are considered in
the design of the neural network.

1) Design of the Object Behaviour Recognition Model:
To adequately consider animated object behaviours, object
behaviour recognition is assumed to be a human activity recog-
nition (HAR) problem in our live holographic communication
application. We utilize recurrent neural networks (RNNs) in
our object motion mode recognition approach. Specifically, we
use long short-term memory (LSTM) [35] neural networks to
address this issue. We selected this type of network due to the
suitability of LSTM networks for HAR [36]-[40].

We design a stacked LSTM neural network for object
activity recognition. The topology of the network is illustrated
in Fig. 4. Here, the network is made up of two connected
LSTM layers and an additional hidden layer. To stream-
line the proposed framework, we use object tracking data
rather than video data. This is facilitated via the utilization
of Microsoft’s Azure Kinect DK camera sensor and Azure
Kinect Body Tracking SDK, allowing for the extraction of
skeletal tracking data. The extracted skeletal data are used to
form “skeletal frames” that consist of key points and their
corresponding X, Y, and Z coordinate data, similar to data
obtainable with other body tracking sensors. Offline model
training utilizing frame data is conducted. The class label
vector is fed into a label encoder (LE), with reshaping and
normalization processes then performed. The skeletal frames
that serve as inputs are fed into the neural network, which
contains 3 layers and 318 neurons. The ReLU activation
function [41] is utilized, and the fanh activation function [42]
is also employed within certain layers. The softmax activation
function [43] is utilized in the output layer, with the Adam
[44] optimizer and sparse_categorical_cross —entropy loss
function applied. The outputs are limited to two classes at

In this paper, we consider only two simple modes, namely, static and
dynamic modes, for simplicity and clarity. However, the proposed framework
can be easily extended to support more fine-grained motion modes.

Object
Behaviour
Recognition

LSTM Neural Network

N
aw | AN ,
O

Recognized
Behaviour

Fig. 4. Topology of the Object activity recognition neural network

this stage; static and dynamzic object behaviours. The object
behaviours identified with the network depicted in Fig. 4
provide additional information for the framework, thereby
enhancing the performance of the multidimensional adaptation
strategy.

E. Handling Dynamic Network Conditions

To account for the dynamic network conditions in the pro-
posed framework, a machine learning-based approach is em-
ployed. Error-induced transmission facilitated via the Netem
network emulator [45] is conducted. Furthermore, various
quality representation metrics, FPS values, which are the
target values for the camera sensor, and delay and packet loss
values are considered in the erroneous streaming conditions
to adequately account for adverse network conditions and
their impact on user-related metrics. Moreover, this approach
enables effective handling of the dynamic network properties,
with the information obtained via dedicated network monitor-
ing [46] utilized for adaptation-related decision-making.

1) Design of the Network-Aware Adaptation Model: To
effectively perform network aware adaptation, we aimed to
develop an intelligent network aware adaptation model that
uses the aforementioned key parameters to provide multiple
quality representation recommendations. As such, we consider
this problem to be a multiclass recommendation problem.

To solve this problem, offline model training is performed.
The output vector, which contains each class value, is reshaped
by feeding the vector into an LE, after which the subsequent
output is then processed via a one-hot encoding approach. This
step is performed to convert the text-based label data, which
cannot be directly used in the neural network, to numeric
data. Furthermore, one-hot encoding is applied for effective
training [47]. The input parameters are fed into a multilayer
perceptron (MLP) neural network with multiple hidden layers
for training. The fully connected network contains six hidden
layers, with 280 neurons, with the four input parameters
projected to 128 neurons. In each hidden layer, the ReLU
activation function [41] is used. The activation function was
chosen because of its computational simplicity and suitability
for training feedforward networks [41], [48]. The output layer
has three output values, each corresponding to an output
parameter. The softmax activation function [43] is utilized in
the output layer, facilitating prediction probabilities, and the
output parameter with the largest probability is recommended.
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Basic topology of the network-aware model

The loss function used in the network is the logarithmic loss
function categorical_cross — entropy, with the Adam [44]
optimizer utilized for gradient-based optimization owing to its
efficiency and simplicity. The basic topology of the neural
network is depicted in Fig. 5.

Fig. 5 and Table I clearly show that the trained model fo-
cuses primarily on providing network-aware recommendations
for adaptations based on the quality of the representations. The
output parameters Q1, Q2 and Q3 represent varying quality
levels or point densities. In relation to the framework and the
overall system, these quality levels directly correspond to vary-
ing resolution levels, with Q1, Q2 and Q3 corresponding to
the high definition (HD), full high definition (FHD) and wide
quad high definition (WQHD) levels, respectively. Additional
details related to the resolution/quality levels are presented in
Table IIT [4]. To facilitate this multidimensional adaptation
process, the network aware adaptation model is implemented
in conjunction with the impairment categorization network
described in subsection III-E2.

TABLE I
NETWORK AWARE MODEL PARAMETERS

Input Features Throughput FPS  Delay  Packet Loss

Output Parameters Q1 Q2 Q3

2) Design of the Impairment Categorization Model :
To facilitate the effective performance of the network aware
adaptation model, an impairment categorization model is de-
signed. This model is used to enable adaptation of different
output parameters. The model proposed in Subsection III-E1
strictly focuses on quality representation-based adaptation,
limiting the ability of the framework to perform multidimen-
sional adaptation, which we refer to as simultaneous quality
representation and FPS adaptation. To address this issue,
the impairment categorization model informs the framework
of the top-level impairment categorization, allowing for bet-
ter adaptation with the introduction of a second parameter,
namely, the number of FPS. This model is very similar to
the base network, with slight differences in the topology
and output parameters. The model described in Subsection
III-E1 outputs a recommended quality representation on the
basis of the network awareness, but the model described in
this subsection outputs an impairment category, as listed in
Table II. The impairment level indicates the degree to which
the normal or optimal performance of the application layer

[=)}

Network Awareness
(Application
Layer Impairment
Categorization)

Multi-Layer Perceptron Network

Throughput

MEDIUM
HIGH

BAD

FPS

pelay

Packet Loss

(Application Layer
Impairment Level

Fig. 6. Basic topology of the impairment categorization neural network

is impacted when considering the severity of the erroneous
network conditions. For example, a low categorization implies
that the system performance is stable and normal, whereas
a bad categorization indicates that the erroneous network
conditions have severe impacts on performance. Fig. 6 de-
picts the basic topology of the impairment categorization
neural network. With the impairment categorization model
and quality recommendation model, the proposed framework
can handle user behaviours and dynamic network properties
effectively in the network awareness-based adaptation process.
The network-aware recommended quality ensures that the
proposed framework can effectively make optimal adaptation
decisions, particularly when the influence of user behaviour
is considered. Specifically, this approach ensures that the
proposed framework provides the most effective adaptation
decisions while attempting to satisfy user intent. Furthermore,
the impairment level provides additional context for the pro-
posed framework, increasing its robustness and flexibility in
making more fine-grained adaptation decisions to account for
and address unexpected and atypical scenarios.

TABLE I
IMPAIRMENT CATEGORIZATION MODEL PARAMETERS

FPS
Medium

Packet Loss
Bad

Input Features
Output Categorization

Throughput
Low

Delay
High

F. Proposed Intelligent Adaptation Framework

Building on the approaches described in Subsections III-C,
III-E and III-D, a novel user intention-driven network-aware
intelligent framework is proposed. In the proposed framework,
machine learning strategies are leveraged, a novel multidimen-
sional adaptation approach for holographic communication is
introduced, and trade-offs are optimized to effectively satisfy
user intentions. The shrewd handling of the various behaviours
ensures that the proposed framework appropriately accounts
for the uncertainties associated with the user and object
behaviours and the network environment. Furthermore, the
optimization of the trade-offs considering the adaptable pa-
rameters ensures that the optimal user experience is prioritized.
The design of the proposed framework is depicted in Fig. 7.

The figure displays the multifaceted awareness approach
used within the proposed framework. The framework accounts
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Fig. 7. Proposed framework

for human-oriented and environment-oriented uncertainties,
leveraging Al for intelligent adaptation-related decision-
making. Furthermore, the proposed framework is quite robust,
as the various awareness-related strategies are independent,
as observed with the source object movement detection and
user behaviour monitoring processes. Additionally, because of
its flexibility, the proposed framework enables simultaneous
changes in the frame rate and resolution, which facilitates
complex decision-making. To prevent logical conflicts in de-
cision making that may arise due to the independence of
the awareness-related strategies, an additional paradigm, the
awareness dependency strategy, is incorporated in the proposed
framework.

1) Awareness Dependency: One potential issue with the
multidimensional awareness approach for the proposed adapta-
tion framework is the possibility of logical conflicts in decision
making due to inconsistent adaptation decisions. To prevent
this issue, an awareness dependency strategy is utilized in
the proposed framework. Here, the output of one awareness-
related network influences the output of the other networks,
such as the network aware and user intention aware strategies
shown in Fig. 7. When the physical movement of the user
is considered, adaptation decisions might be made on the
basis of the proximity of the user to the object. However,
the network might not be able to support significant increases
in the quality of the object representation. To overcome
this issue, the network-aware strategy provides the highest
quality representations that the network can support, ensuring
that the user intent can always be satisfied. Moreover, the
impairment categorization model allows for greater flexibility
in responding to adverse network conditions, thereby ensuring
a stable user experience.

Building on the proposed framework design shown in Fig.
7, we leveraged the awareness dependencies to implement the
algorithm outlined in Algorithm III-F1. Here, two conditions
must be met. The first condition, V,, — O, > 0, is necessary,
as it is used to confirm that user movement-based behaviours
are present. This step also enables the user threshold V; to be
calculated. The second condition, SessionActive == true,
is required to ensure that the necessary inputs can be acquired.
An animated object must be captured by the camera sensor to
generate object tracking data O.4, and the server must have an
active connection with both the client and the HMD. Provided

that adverse network conditions are absent when C'i(t)
Low, the algorithm satisfies the user intention by providing
the appropriate quality representation that can be supported by
the network. In the case of adverse network conditions, with
Ci(t) # Low, the framework remains flexible owing to the
impairment awareness model, allowing for changes in both the
quality of the representation QR4 (t) = QR¢ and the number
of FPS F,;(t) = F¢ on the basis of the impairment level C'i(t).
The priority of the network-aware adaptation decisions under
such conditions is determined on the basis of the awareness
dependency strategy and network-aware qualifier N4 (), which
is a generic parameter utilized primarily within network-driven
adaptation applications. With this approach, the framework at-
tempts to provide a satisfactory experience for the user. In this
context, a QoE-based model for holographic communication
[32] is employed. Furthermore, the object behaviour awareness
component based on the recognized activity Oy(t) facilitates
effective interactions and resource utilization through changes
in the number of FPS.

IV. EXPERIMENTAL ENVIRONMENT

To assess the feasibility and performance of the proposed
approach accurately, the configuration in Fig. 8 is employed.
The proposed framework is implemented at the server, and
extensive experiments are conducted. The figure shows the
complete experimental configuration, and an extensively mod-
ified version of the LiveScan3D platform [49] was utilized
for the experiments. A camera sensor placed in front of the
animated source object, which in this scenario is a human, is
used to capture relevant data required for the generation of
a 3D hologram. The data are captured in point cloud format,
with each point having unique spatial information (X, Y, and
Z coordinates) and colour information (RGB value ranging
from 0-255). The camera sensor used in the experiments was
Microsoft’s Azure Kinect DK. This camera was chosen as
it can capture the relevant depth and colour information of
the source object. Additionally, the camera sensor supports
multiple quality representations and frame rates, as detailed
in Table III [4]. The camera sensor, which is connected to a
computer, referred to as the client, facilitates tracking of the
source object. Additional processing is carried out at the client
level to generate the relevant skeletal data and point cloud
frames, which are continuously transmitted to the server to
resolve the frame request by the server. The server leverages
its powerful computing resources to perform the relevant man-
agement processes, and the point cloud data are processed via
transformation and rendering operations, with the output sent
to the HMD. The server plays an additional important role,
as it houses the proposed framework, incorporating the user,
source object and various network-aware intelligent adaptation
models. In this setup, network links with a 1 Gbps bandwidth
capacity are utilized to facilitate connectivity. Frame requests
are continuously sent to maintain the live streaming session.
Furthermore, a middle box is introduced in the experimental
configuration to enable controlled experiments to be performed
under adverse network conditions. The 6DoF views of the
3D holographic object allow unrestricted user movement;
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Algorithm 1 Algorithm of the Proposed Framework
Vi = Viewer Threshold
I.; = Close Proximity Intent Threshold
Iy, = Far Proximity Intent Threshold
V, = Viewer Position
O, = Object Position
N;(t) = Network aware input parameters at time ¢
Otq = Object Tracking Data
Oy(t) = Object behaviour at time ¢
C'i(t) = Application layer impairment categorization at time ¢
@R = Quality Representation
F =FPS
QRN = Network aware recommended quality representation
QRc = Impairment categorization recommended quality rep-
resentation
Fo = Impairment categorization recommended FPS
QR,4(t) = Quality representation adaptation decision at time ¢
F4(t) = FPS adaptation decision at time ¢
NAQ = Network aware qualifier
N Q¢ = Network aware qualifier threshold
Input: Vi, N;(t), O
Olltpllt: QRd(t), Fd(t)
Require: V, — O, >0
Ensure: Session Active
1: while SessionActive == true do

2. if Ci(t) == Low then

3: if V; < I, then

4: for N;(t),i=1,2,..N do
5: QRi(t) = maz(QRy)
6: end for

7: else if Iy, < V; then

8: QR4(t) = min(QR)

9: end if

10:  else if C'i(t) # Low then

11: if V, <1, then

12: for N;(t),i=1,2,..N do
13: QR4(t) = QRc

14: Fy(t) = Fe

15: end for

16: else if Iy, <V, then

17: QR4(t) = min(QR)

18: Fd(t) = F¢

19: end if

20:  end if
21:  while NoQ > NAQyy, do

22: for O.q at time t do

23: if Oy(t) == static then
24: Fy(t) = min(F)
25: else if O,(t) == dynamic then
26: Fy(t) = max(F)

27: end if

28: end for

29:  end while
30: end while

thus, the uncertainties associated with the user and object
behaviours and the impact of adverse network conditions are
both considered in the experiments.

TABLE III
RESOLUTION LEVEL DETAILS

Resolution Level — Display Pixels FPS Point Density

HD 1280 x 720 5,15,30 418000

FHD 1920 x 1080 5,15,30 940000

WQHD 2560 x 1440 5,15,30 1671000
V. RESULTS

A. Framework Performance Analysis

To assess the effectiveness of the framework for supporting
increases in the user QoE, experiments are conducted in which
the user and object behaviours are considered. The network
condition is controlled according to specific parameter settings
so that the performance evaluations can be conducted under
different network conditions.

The proposed framework enables effective and rapid adapta-
tions, as it sufficiently accounts for the uncertainties associated
with the user and object behaviours. Fig. 9 depicts the number
of FPS, throughput and quality representation metrics of the
proposed framework for diverse viewer and object behaviours.
For clarity, we use resolution to represent the quality of the
representation, with QR1, QR2 and QR3 corresponding to HD,
FHD and WQHD, respectively. The resolution levels correlate
with the number of display pixels, with HD corresponding to
the worst quality, FHD corresponding to a higher quality level,
and WQHD corresponding to the best quality. Furthermore,
these resolutions indicate the object point density. Table III
[4] lists the various resolutions or quality representations and
their associated number of display pixels and relevant point
densities. The FPS plot in the figure displays the flexibility of
the framework in responding to different object behaviours.
The results demonstrate that the framework can adequately
identify multiple object behaviours and appropriately adjust
in response to such behaviours. This is inferred from the
algorithm-controlled reduction in the number of FPS, which
occurs when a static object behaviour is detected, and the
subsequent increase in the number of FPS, with the maximum
FPS chosen when the object displays dynamic movements.
The resolution results demonstrate the ability of the framework
to satisfy user intentions. Here, when the user approaches the
holographic object, the conditions associated with the user
intention are satisfied, and the quality or resolution of the
object is increased to the highest possible level in accordance
with the user behaviour. This adaptation is facilitated by the
stability of the network, with the resolution decreasing to the
lowest level when the user is far from the holographic object.
Furthermore, the FPS and resolution results highlight the
feasibility of the multioutput parameter adaptation approach,
as both the number of FPS and the resolution are adapted in
response to the user and object behaviours. This is evident
from the FPS results, which indicate that when the object
is static and the user is close, the lowest number of FPS
and highest resolution levels are chosen. In contrast, when
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the user is close and the object has dynamic movements,
the highest number of FPS and resolution are chosen. The
same response is observed when the user is far from the
object, with the lowest resolution chosen and the number
of FPS dependent on the object behaviour. Furthermore, the
throughput plot confirms the effectiveness of the proposed
framework. In particular, the throughput metric increases when
the user is close to the object, with the throughput levels
also dependent on the object behaviour. Moreover, the results
demonstrate the effectiveness of the resources utilized by the
framework, with less bandwidth utilization for static object
behaviours and more bandwidth utilization for dynamic object
behaviours. Additionally, the results support the feasibility
of the framework for multioutput adaptation with no logical
conflicts in satisfying the user intention while considering the
object behaviour.

1) Analysis of the Effectiveness of the Facets Integrated
in the Proposed Framework: To further evaluate the effec-
tiveness of the proposed framework, additional experiments
are conducted to investigate the importance of the integrated
behaviour handling strategies. Fig. 10 shows the performance
of the proposed framework without the source object be-
haviour handling and user behaviour handling strategies. The
figure highlights the necessity of considering the source object
behaviour. This is reflected in the inability of the proposed
framework without the source object behaviour handling strat-
egy to make suitable adaptations in response to the object
behaviour, thus reducing its performance. In particular, the
absence of adaptive FPS changes required for the proposed
framework without the source object behaviour handling strat-
egy indicates that this framework cannot adequately address
changes in object behaviour, which in this case is static.
This conclusion is further supported by the throughput results,
which show significant increases in the throughput in the
static object case when the source object behaviour handling
algorithm is not applied in the adaptation process. Thus, the
exclusion of the source object behaviour handling algorithm
limits the flexibility and adaptability of the proposed frame-
work, resulting in higher throughput for the same static object
compared with that achieved with the complete framework.
Although user intention can be somewhat accounted for by
including the user behaviour and network handling algorithms,

Animated | Animated

UNRESTRICTED VIEWER MOVEMENT

Data Handling
Storage

Database

Experimental configuration for the assessment of the proposed framework

as shown by the resolution results, the omission of the source
object behaviour handling component considerably degrades
framework performance.

The second set of plots in Fig. 10 illustrates the performance
of the framework without the user behaviour handling algo-
rithm. The results demonstrate that the inclusion of this com-
ponent is critical for ensuring the performance of the proposed
framework. This conclusion is reached on the basis of the
resolution results, which show that without this component, the
proposed framework cannot adapt to effectively satisfy the user
intent. This conclusion is further supported by the throughput
results, which show no increases in throughput in response to
the changes in the resolution. Moreover, although the inclusion
of the source object behaviour handling algorithm in this
scenario allows the proposed framework to account for the
source object behaviour, the performance of the proposed
framework remains significantly degraded.

Fig. 11 shows the effective performance of the proposed
network when the dynamic network conditions are not consid-
ered. The figure shows that the framework can still account for
the source object behaviour, which is dynamic in this case, and
provides relevant adaptations to satisfy the user intent. This is
inferred from the change in the number of FPS to 30 FPS,
as well as the increases in resolution. However, under such
conditions, the impact of the erroneous network conditions
and the requirement for the inclusion of the dynamic network
condition adaptation strategy is more apparent, with significant
decreases in the number of FPS observed. In this particular
scenario, the absence of the dynamic network condition adap-
tation strategy hinders the ability of the framework to make
suitable and effective trade-offs in the adaptation process, lim-
iting its ability to provide stable performance while satisfying
user intent. This is further confirmed by the resolution and
throughput results, which indicate that although the resolution
increases to the WQHD level, the throughput remains fairly
unstable. Thus, the source object behaviour, user behaviour
and dynamic network condition adaptation strategies must all
be included to achieve optimal framework performance and
effectively satisfy user intent.

2) Visualization of the Framework Functionality: Fig. 12
depicts the rendered source object before and after the res-
olution adaptation strategy based on user intent is applied.
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Fig. 11. Experimental results: Effective performance of the proposed framework without considering dynamic network conditions
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The figure clearly shows that the proposed framework can
effectively satisfy user intent while accounting for different
human and environmental factors. The point density signif-
icantly increases after the resolution increases, as shown in
Figs. 12(b) and 12(c). This is reflected in the visibility of
finer details in the image, such as the clarity of the face.
Additionally, Fig. 12(a) shows that if the user is far from the
object, a lower object resolution is acceptable, as details are
harder to perceive in such circumstances. Thus, the framework
can effectively satisfy user intent while accounting for the un-
certainties associated with different human and environmental
behaviours.

3) Framework Performance with Static Object Behaviour
Under Adverse Network Conditions: Fig. 13 displays the
performance metrics of the proposed framework with static
object behaviour under adverse network conditions with a 50
ms delay and 0.1% packet loss. The figure clearly shows that
under adverse network conditions, the proposed framework is
effective. The resolution results demonstrate that the proposed
framework can sufficiently satisfy user intentions under such
adverse conditions. In this context, the proposed framework,
via the incorporation of network awareness algorithms, can
provide recommendations of appropriate FPS and resolution
levels to satisfy user intentions. This is inferred from the
trade-off provided by the proposed approach, with the FPS
reduced to ~ 5, allowing for corresponding increases in quality
levels to increase stability and satisfy user intentions. The FPS
results for the proposed framework indicate that fairly stable
performance is achieved even under such circumstances. This
finding also implies that the proposed framework is suitable for
maintaining the user QoE owing to its ability to remain stable
in live streaming scenarios while satisfying user intentions.
The resolution results provide further insight, indicating that
the network cannot effectively satisfy user intentions at the
highest resolution levels. However, the need to satisfy user
intentions remains. As such, the proposed framework makes
intelligent adaptations that account for the network state. The
results demonstrate this, as shown in the resolution changes
between the HD and FHD levels. The throughput results
confirm these conclusions, with the changes in throughput
corresponding to the adaptation decisions.

When the performance of the proposed framework is com-
pared with that of the anchor implementation method (which
considers only user behaviour) under adverse network condi-
tions, it is evident that although the anchor implementation
strategy aims to satisfy user intentions under such conditions,
it cannot do so effectively. This is inferred from the FPS
results of the anchor implementation method, as the FPS
results are very unstable, with irregular non-adaptive changes
in the number of FPS ranging from 0-30 FPS. Furthermore, the
areas of the plot highlighted in light grey represent significant
regions of concern. These sections outline the areas where
adaptations are made to satisfy user intentions. The highlighted
areas demonstrate the incompatibility of the user intention
with the implementation results. This incompatibility is due to
the inability of the network to adequately support adaptations
made to satisfy user intent and is characterized by frequent
zero or near zero FPS values. The zero or near zero FPS

values of the anchor implementation strategy, particularly com-
pared with those of the proposed framework under the same
conditions, indicate that the proposed framework significantly
outperforms the anchor implementation method. Moreover, the
decrease in the number of FPS with the anchor implementation
strategy indicates that this method could degrade or negatively
impact the user QoE under such adverse network conditions.
The throughput results confirm this assessment, as although
the resolution results indicate that the highest resolution levels
have been chosen to satisfy user intent, the reduced throughput
values imply that the outputs are very unstable when the
maximum resolution level is chosen.

4) Framework Performance with Dynamic Object Be-
haviour Under Adverse Network Conditions: Fig. 14 illus-
trates the performance of the proposed framework in the
case of dynamic object behaviours under adverse network
conditions with a 50 ms delay and 0.1% packet loss. The
figure shows that the proposed framework can satisfy user
intentions under adverse network conditions. The FPS results
of the proposed framework indicate that although there are
occasional decreases in the FPS value due to the impact
of adverse network conditions, the proposed framework can
achieve a somewhat stable FPS. This outcome is facilitated
by the network awareness components and the inclusion of
the awareness dependency strategy in the framework. Al-
though the framework can accurately recognize the dynamic
object behaviour, the utilization of the awareness dependency
strategy allows the proposed framework to prioritize the
network awareness component, thereby providing the most
stable performance while satisfying user intent. This allows
the framework to adapt as needed, resulting in reductions
and increases in the FPS value to provide a more stable
performance. Furthermore, the resolution results indicate the
sufficient suitability of the proposed framework, demonstrating
the flexibility of the framework in both decision-making and
adaptations. This is characterized by increases in the resolution
level with simultaneous reductions in the number of FPS, with
the number of FPS reduced to 5 and the resolution increased
to the FHD level. Furthermore, the framework can decrease
the resolution to the lowest level, HD, as well as reduce the
number of FPS to improve stability. Moreover, the throughput
results confirm that the framework can provide somewhat
stable performance while satisfying user intentions.

In comparison, the performance of the anchor implemen-
tation strategy, which considers only user behaviours, shows
that although this method can adapt on the basis of user
behaviours, it cannot sufficiently satisfy the user intent. This
determination is made on the basis of the FPS results of
the anchor implementation strategy. The FPS results of the
anchor implementation strategy are unstable and erratic, with
the FPS value ranging from 0-30 FPS, which differs from
the FPS results of the proposed method under the same
network conditions. Moreover, similar to Fig. 13, the anchor
implementation strategy displays an intent incompatibility
problem, as observed by the highlighted section with zero
or near zero FPS levels. Furthermore, although the resolution
results of the anchor implementation method indicate that this
strategy can perform the relevant adaptations, the throughput
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Fig. 12. Experimental results: Framework functionality visualization
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results indicate that the anchor implementation method cannot
suitably satisfy the user intention. A quantitative summary of
the performance of the methods with both static and dynamic
object behaviours can be found in Table IV.

TABLE IV

QUANTITATIVE SUMMARY OF THE PERFORMANCE OF THE PROPOSED
FRAMEWORK IN SATISFYING USER INTENT (50 MS DELAY, 0.1% PLR)

Adaptation Adaptation Resolution FPS Expected
scheme FPS
Proposed Resolution, HD, FHD ~5 5 (Adapta-
framework FPS tion)
Without Resolution WQHD 0-<5 15 (WQHD
proposed Max)
framework

B. Computational Complexity

To determine the impact of the proposed framework on the
computational load and its subsequent complexity, a computa-
tional complexity analysis is performed. In this context, the
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increase in the execution time of the proposed framework
is compared with the execution time of a simple anchor
implementation strategy and is represented as a percentage.
This percentage is calculated using Equation (7).

AT,

N
Complexity = %Z (M) x 100%  (7)
i=1

where PT; and AT; are the execution times of the proposed
framework and anchor implementation strategies for a given
iteration ¢, respectively.

COMPUTATIONAL COMPLEXITY OF THE PROPOSED FRAMEWORK

TABLE V

Adaptation Adaptation Complexity (%)
scheme

Proposed Resolution, FPS 20.02%
framework
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Fig. 14. Experimental results: Framework performance under different network conditions with dynamic object behaviour (50 ms, 0.1%PLR)

Table V displays the computational complexity of the pro-
posed framework. The table clearly shows that the proposed
framework is somewhat complex, with a 20.02% increase in
computational complexity compared with that of the anchor
implementation strategy. However, the increase is not ex-
tremely significant. This is due to the utilization of some multi-
threading strategies in the implementation of the proposed
framework. Furthermore, the increase in complexity can be
countered with further optimizations and improved computing
capabilities.

C. Comparative Analysis

To analyse the performance of the proposed framework
effectively and thoroughly, a comparative analysis is con-
ducted. In this context, performance comparisons with state-
of-the-art methods are presented. The state-of-the-art methods
were selected for comparison owing to their recency and
relevance, focusing on user intent/behaviour-centric volumetric
media and adaptation strategies. The comparison approaches
are listed below.

o Ref [22]: To provide a more accurate comparison analysis
of our work with [22], we emulate this approach. To do
this, we replicate the client-based selection of different
content quality levels on the basis of the available net-
work throughput (using bitrate targets) in our system. Ad-
ditionally, as adaptation performed based on unrestricted
user interaction/movement was considered, we factored
this in our emulation. Furthermore, in this work, the
FPS was kept at 30 FPS, with no discussion of FPS-
based adaptation. Moreover, the tiling approach was not
considered, as it extends beyond the scope of this work.
Thus, to better compare the performance of the different
approaches, our emulation of [22] provides adaptation
results based on user movement, and the quality level is
chosen on the basis of the available network throughput.

e Ref [27]: In the comparison analysis of our work with
[27], we consider a user intention scenario, namely, a user
proximity-driven resolution change scenario for online
user intention processing. Furthermore, the variability of
different paths falls outside the scope of this approach;
thus, we assume that each path has an identical profile,
with the changes occurring in one path reflected in the
other paths. Thus, the emulation of the work presented
in [27] considers online user intention processing and
adaptation by adapting the resolution on the basis of the
user proximity to the object.

Fig. 15 depicts a comparison of the performance of the
proposed framework with that of the state-of-the-art method
described in [27] in the case of static object behaviour
under adverse network conditions with a 50 ms delay and
0.1% packet loss. The results demonstrate that the proposed
framework outperforms the previous approach [27] in terms
of its ability to satisfy user intent while maintaining stable
performance. The FPS results indicate that although the impact
of the erroneous network conditions can be observed, the
proposed framework can make optimal adaptations to satisfy
user intent. This differs from the results of the previous
method described in [27], for which erratic FPS results are
obtained, with O FPS and near O FPS values observed and
significant decreases when considering user intention based
on the proximity of the user to the object. Furthermore,
although the resolution results indicate that both approaches
made adaptations to satisfy user intent, the 0 and near 0
FPS values of the method described in [27] in the grey areas
compared with the expected FPS values of 15 for the WQHD
level highlight the resulting incompatibility of the intention
with the output and the inability of this method [27] to
effectively satisfy user intent under such adverse conditions.
The suitability of the proposed framework is demonstrated
by its multidimensional adaptation capability, leveraging the
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network awareness components in adapting to the FHD level
rather than the WQHD level, as shown by the resolution results
for the previous method [27], as well as the decrease in the
FPS value to 5. Moreover, after the initial adaptation with
a suboptimal performance, the proposed framework displays
additional flexibility, emphasizing the stability of the user
experience with further adaptation to the HD level, ensuring
a satisfactory FPS under adverse network conditions. Then,
the resolution is again changed to the FHD level while
retaining a stable FPS value of 5, illustrating the intelligent
capabilities of the proposed framework in making the most

Time duration (s)

Time duration (s)

Experimental results: Comparison of the performance of the proposed framework with that of state-of-the-art methods (Ref [22]) in the case of

suitable and stable adaptations. The throughput results further
confirm the good performance of the proposed framework,
showing its stable performance and increases in throughput.
Similarly, the unsuitable performance of the previous method
[27] is confirmed, with decreases in throughput when making
adaptation decisions.

Fig. 16 shows a comparison of the performance of the
proposed framework with that of the state-of-the-art method
described in [22] in the case of static object behaviour under
adverse network conditions with a 50 ms delay and 0.1%
packet loss. In contrast to the method in [27], the approach
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in [22] can better satisfy user intent under such adverse
conditions. This is observed from the ability of this method
[22] to make relevant adaptations through its use of network-
based adaptation strategies, as shown by its ability to adapt
from the WQHD resolution level to the FHD resolution
level on the basis of the network conditions. Although the
method in [22] displays better performance than the method
in [27], it does not outperform the proposed framework. This
is inferred from the FPS results, which indicate that although
the resolution can be effectively adapted, the FPS values of
the method in [22] remain erratic, with 0 FPS and near 0
FPS values observed. Moreover, the decreases in the FPS
value to < 6 during periods in which the user intent is
satisfied compared with the expected FPS values of 15 for the
WQHD level and 25-30 for the FHD level indicate that this
method [22] cannot effectively satisfy user intent under such
adverse conditions. As such, the decrease in the FPS results
confirm the severe degradation of the overall performance this
method [22]. However, the proposed framework displays better
performance than this previous approach [22]. This outcome is
attributed to its multidimensional adaptation capability, as well
as its flexibility in making such adaptations. In the proposed
framework, an intelligent approach and other components are
used to make the most suitable trade-offs, allowing it to pro-
vide stable performance and experience while satisfying user
intent. This is characterized by the fairly stable FPS results
due to its simultaneous adaptation of the resolution and FPS.
This result is supported by the throughput results, confirming
that the framework can provide somewhat stable performance
while satisfying user intent. A quantitative summary of the
comparison performance results is presented in Table VI.

TABLE VI
QUANTITATIVE SUMMARY OF THE PERFORMANCE OF VARIOUS METHODS
IN SATISFYING USER INTENT (50 MS DELAY, 0.1% PLR)

Adaptation Adaptation ~ Resolution FPS Expected

scheme FPS

Proposed Resolution, HD, FHD ~5 5 (Adapta-

framework FPS tion)

Ref. [27] Resolution WQHD 0-<3 15 (WQHD
Max)

Ref. [22] Resolution  WQHD, 0-<6 15(WQHD

FHD Max) 25-

30(FHD)

VI. CONCLUSION

With the introduction of new features in the emerging
holographic communication, handling user QoE has become
significantly more challenging compared to traditional media.
This new direction requires simultaneous consideration of a
wide variety of factors including user intentions, source object
behaviours and network conditions that may jointly affect
user experiences. Considering this progress, in an effort to
meet such demands, we propose a multidimensional media
adaptation framework for live holographic communication.

The proposed framework was designed to accommodate the
uncertainties associated with both user and object behaviours
while also considering the influence of heterogeneous and ad-

verse network conditions. In the design of the proposed frame-
work, multiple machine learning approaches were employed
to provide intelligent decision-making capabilities and enable
the use of multidimensional adaptation approaches. Extensive
experiments to assess the performance of the proposed frame-
work under adverse network conditions with varying object
and user behaviours were conducted. The results indicate that
the proposed method can effectively satisfy user intentions un-
der both stable and adverse network conditions, outperforming
the current state-of-the-art methods, particularly under adverse
conditions. The capabilities of the proposed framework will be
extended and enhanced in future work. In particular, a larger
range of user and object behaviours and dynamic network
conditions could be considered, enhancing the flexibility and
adaptability of the proposed framework and increasing its
applicability in various scenarios. These improvements would
further improve user experiences. Furthermore, the proposed
method could be extended to support multisource streaming
scenarios to satisfy user intentions in such cases. Finally,
subjective experiments to assess the perceived user experience
could be performed to elucidate the suitability of the proposed
framework.
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APPENDIX
A. Results

1) Framework Performance with Static Object Behaviour
Under Stable Network Conditions: Fig. 17 shows the perfor-
mance metrics of the proposed framework with static object
behaviour under stable network conditions with a 0 ms delay
and 0% packet loss. The figure clearly shows that the proposed
framework, which considers user and object behaviours, can
effectively perform intelligent adaptations to satisfy user in-
tent. Moreover, the FPS results demonstrate the effectiveness
of the proposed framework. Upon the detection of static object
behaviour, the necessary adaptation, which in this scenario
is reducing the number of FPS to 5, is made. Furthermore,
the resolution results highlight the suitability of the proposed
framework in satisfying user intent. In this context, the frame-
work satisfies user intent while also accounting for object
behaviour. The throughput results provide additional insight,
with increases in throughput corresponding to forwards user
movement, indicating that more data were utilized to provide
higher-quality representations of the object.

We next compared the performance of the proposed frame-
work with that of the anchor implementation strategy, in which
only user movement is considered, under the same stable net-
work conditions. We can infer that the anchor implementation
strategy can also satisfy user intent under such conditions,
as shown by the resolution results. The FPS results for the
anchor implementation strategy indicate that this method does
not account for the object behaviour, since a higher FPS of
~ 30 is utilized for the same static object. This conclusion was
confirmed by the throughput results, showing the increased
bandwidth under these conditions. Thus, the proposed method
provides more effective resource utilization than the anchor
implementation method.

2) Framework Performance with Dynamic Object Be-
haviour Under Stable Network Conditions: Fig. 18 shows the
performance of the proposed framework in the case of dynamic
object behaviour under stable network conditions with a 0 ms
delay and 0% packet loss. The figure results indicate that
the proposed framework can effectively satisfy user intent
via the intelligent adaptation strategies while accounting for
user and object behaviours under such ideal conditions. The
FPS results provide further insight. After the object behaviour
is determined, the maximum FPS supported for the corre-
sponding resolution is provided. Furthermore, the resolution
results indicate the suitability and flexibility of the proposed
framework in attempting to satisfy user intent. The flexibility
of the proposed framework is displayed by its ability to freely
choose between the WQHD resolution, which allows for the
highest quality but not the highest FPS of > 15 FPS, and
the FHD resolution, which provides higher quality than the
HD level but lower quality than the WQHD level with a
higher FPS of ~ 25+ in an effort to satisfy user intent. The
throughput results validate these findings, showing increases
in throughput, indicating that the proposed framework can
effectively satisfy user intent under such stable conditions.

A comparison of the performance of the proposed frame-
work with that of the anchor implementation strategy, which

accounts for only user behaviour, indicates that the anchor
implementation strategy can also satisfy user intentions under
such stable conditions. However, the anchor implementation
strategy does not account for object behaviour. Furthermore,
the FPS and resolution results indicate that the anchor imple-
mentation strategy is not flexible, thus limiting its ability to
satisfy user intent.

3) Comparative Analysis: Figs. 19 and 20 display a com-
parison of the performance of the proposed framework with
that of the state-of-the-art methods described in [27] and [22]
in the case of static object behaviour under stable network
conditions with a 0 ms delay and 0% packet loss. The figure
shows that, similar to the proposed framework under such
stable network conditions, the approaches described in [27]
and [22] can provide the necessary adaptations to satisfy
user intent. This is evident from the resolution results, which
indicate that the quality level or resolution is increased on the
basis of the user motion and proximity to the object, providing
a satisfactory response. This conclusion is confirmed with
increases in the throughput, corresponding to the adaptation
decisions made. However, although the methods described in
[27] and [22] display suitable performance in satisfying user
intent, both adaptation schemes fail to effectively account
for the source object behaviour. This is observed from the
FPS results, which show that no adaptations based on the
source object behaviour are made. The changes in the FPS
for the methods described in [27] and [22] correspond with
the maximum FPS of 15 for the WQHD level supported by
the hardware. Thus, although the methods in [27] and [22]
can satisfy user intent, the proposed framework provides more
intelligent decisions and increased flexibility in addressing un-
certainties associated with source object behaviour, as reflected
in its multidimensional adaptability capacity.
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