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Abstract—The rapidly increasing popularity of immersive1

multimedia services such as live holographic communication2

represents the future trend of extended reality (XR) applications.3

However, the realization of such immersive and interactive expe-4

riences is limited by the lack of fundamental understanding of5

how different user behaviours and environmental factors jointly6

affect the overall quality of experience (QoE). In particular,7

compared with the media adaptation mechanisms applied in8

conventional video applications, considerably more independent9

factors may influence user QoE in these applications, including10

both human- and network-related factors. In this paper, we11

investigate the fundamental design principles of dynamic media12

adaptation methods for live holographic communication by holis-13

tically considering these factors. Specifically, a machine learning-14

based scheme is introduced to facilitate intelligent adaptation15

of both the frame quality (resolution level) and frame rate16

according to specific contexts, such as the user intent/behaviour17

(including object motion patterns and user movements) and18

real-time network conditions. Extensive real-world experiments19

are conducted to assess the feasibility and performance of the20

proposed method, and comparisons with state-of-the-art methods21

are performed. The results indicate that the proposed approach22

can effectively satisfy user intent, with increased user QoE.23

Index Terms—User Intent, Holographic Communication, Im-24

mersive Media, Intelligent Adaptation, Quality of Experience.25

I. INTRODUCTION26

THE increased demand for immersive and interactive27

user-driven multimedia experiences has been addressed28

through the use of consumer-friendly multimedia devices29

such as head-mounted displays (HMDs) and immersive media30

applications. One such application, projected to be critical for31

multimedia services [1], [2], is holographic communication32

[3]. This application provides immersive user-driven experi-33

ences through photorealistic object representations. These rep-34

resentations are accessed through unrestricted user movements35

and object views across six degrees of freedom (6DoF) in36

extended reality (XR) space.37

The functionalities of holographic communication systems38

can be realized through existing 5G networks and edge com-39

puting facilities; however, existing systems are considered low40

level, with limited functions [4]. In particular, widespread41

utilization is limited owing to strict computational, interactive42

and network requirements [5].43
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Immersive multimedia applications provide a sense of 44

presence, copresence, and interaction, thus facilitating more 45

immersive user experiences [6]–[8]. On the other hand, it 46

can be inferred that a variety of independent factors may 47

influence user quality of experience (QoE) in a complex 48

fashion. These factors can be broadly categorized into three 49

influence factor (IF) classes: human IFs, system IFs and 50

context IFs [8], [9]. Here, environmental IFs collectively refer 51

to system and context IFs due to contextual overlaps [8]. 52

Human-oriented factors include influential human properties 53

[8], which, in holographic communication, include source 54

object behaviour and user behaviour and intent. In this con- 55

text, human locomotion and navigation are highly important 56

factors, as they enable more immersive experiences [10] and 57

significantly impact the QoE [11], [12]. Furthermore, source 58

object behaviours are important factors, including both static 59

and dynamic behaviours, as they are contextually influential 60

environment-oriented factors [8]. Moreover, in holographic 61

communication, the network environment is critical, as strict 62

latency requirements are implemented in such applications 63

[1], [5]. Thus, network parameters are highly important, as 64

such parameters could be associated with adverse network 65

conditions and substantially impact the user QoE [13]. It is 66

therefore essential to incorporate the aforementioned human- 67

oriented factors and network-oriented factors in adaptation 68

approaches for live holographic communication to further 69

improve the immersive experience, satisfy user intent and 70

enhance user QoE. 71

For the very first time, this paper presents a multidimen- 72

sional media adaptation framework for live holographic com- 73

munication to address the fundamental limitations of existing 74

schemes, which are tailored for traditional media adaptation. 75

Specifically, in the proposed framework, the uncertainties 76

associated with unpredictable user and object behaviours in 77

heterogeneous network environments are considered, as these 78

uncertainties present significant problems for immersive mul- 79

timedia applications such as live holographic communica- 80

tion. In this context, artificial intelligence (AI) technologies 81

are leveraged to consider multiple human- and environment- 82

oriented uncertainties. Furthermore, we introduce an AI-driven 83

user and source object behavioural and network awareness 84

strategy for immersive multimedia applications. Extensive 85

experiments involving representations of various quality, net- 86

work delays and packet losses are performed to generate 87

machine learning models, which are applied in the proposed 88

framework. Moreover, to our knowledge, we are the first to 89

explore multidimensional adaptation strategies, particularly in 90

relation to QoE performance metrics such as the quality of the 91
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representations, or the resolution, and the number of frames92

per second (FPS) for immersive multimedia applications. The93

results of thorough experiments demonstrate the feasibility and94

good performance of the proposed framework compared with95

those of state-of-the-art frameworks, indicating its suitability96

to satisfy user intent while maintaining user QoE.97

Although more immersive multimedia systems are being98

used, extremely immersive and interactive holographic com-99

munication is still considered to be in the early stages of100

development, with more advancements expected in the future.101

The technical contributions of this paper can be summarized102

as follows:103

• To our best knowledge, this is the first piece of work104

in the literature to systematically elucidate how different105

human-oriented and environment-oriented factors affect106

specific QoE performance metrics such as resolution and107

frame rates. Furthermore, we explore physical user loco-108

motion and static and dynamic source object behaviours109

and evaluate their impact on various performance metrics.110

Moreover, we explore the impact of adverse network con-111

ditions on adaptive holographic communication strategies112

and show that network awareness should be considered in113

adaptation frameworks to maintain satisfactory QoE for114

the user.115

• We propose an AI-driven adaptation strategy to in-116

telligently optimize the user QoE in immersive holo-117

graphic communication applications. We introduce novel118

behavioural and network awareness facets to account119

for uncertainties in user and source object behaviour120

and adverse network conditions. Furthermore, owing to121

the agnostic design approach, the proposed method has122

widespread applicability and can be employed in holo-123

graphic communication applications that incorporate sim-124

ilar QoE performance metrics. Moreover, to our knowl-125

edge, we are the first group to propose a multidimensional126

adaptation strategy based on QoE performance metrics,127

particularly for emerging holographic communication.128

• We conducted real-world experiments to demonstrate the129

effectiveness of the proposed approach, accounting for130

user and source object behaviours and, in particular,131

adverse network conditions caused by network delays132

and packet losses. The results of thorough evaluations133

revealed the feasibility and good performance of the134

proposed method. The detailed analysis results indicate135

that the proposed method can effectively satisfy user136

intent while accounting for various uncertainties and137

maintaining the user QoE. Additionally, comparisons138

with relevant state-of-the-art methods indicate that the139

proposed approach achieves the best performance.140

II. LITERATURE REVIEW141

In immersive and volumetric multimedia applications such142

as holographic communication, crucial factors related to user143

behaviour, environmental factors and the multimedia presenta-144

tion strategy are critical for ensuring an immersive user expe-145

rience. The influence of such factors has drawn considerable146

interest, with research dedicated to elucidating the impact of147

factors such as user navigation strategies, object/environment 148

complexity, network limitations, compression performance, 149

and interactivity on the immersive experience of the user and, 150

more broadly, the QoE performance metrics of immersive and 151

holographic multimedia systems [1], [2], [14]–[17]. 152

For example, Park et al. [18] introduced an optimized rate- 153

utility scheme for volumetric media streaming. Moreover, 154

Van Der Hooft et al. [19] proposed an adaptive rate scheme 155

for streaming compressed point cloud objects. The proposed 156

scheme is a dynamic adaptive streaming over HTTP (DASH)- 157

compliant framework [20]. The study of Gudumasu et al. [21] 158

is similar to that of [19], who proposed a DASH-compliant 159

scheme. The proposed scheme has some unique differences, 160

with the primary content type being visual volumetric video- 161

based coding (V3C). Other DASH-compliant schemes have 162

been proposed in the literature, with Subramanyam et al. [22] 163

proposing a DASH-compliant user-centred adaptive stream- 164

ing framework for dynamic point clouds. Similarly, Farrugia 165

et al. [23] proposed a DASH-compliant adaptive streaming 166

framework for web-based 3D content. This framework was 167

tailored for textured mesh-based 3D objects, incorporating 168

compression and camera path navigation strategies and an 169

index for perceivable quality [24]. 170

Multiple studies have aimed to evaluate user behaviours 171

and QoE in adaptive streaming applications. For example, 172

Rossi et al. [12] investigated user behaviour in virtual reality 173

(VR) environments and its subsequent influence on VR-based 174

adaptive streaming systems. Wang et al. [25] proposed a QoE- 175

driven framework for point cloud-based adaptive streaming. 176

A tile-based adaptive approach, accounting for the user view 177

and distance via a proposed QoE model, is employed in this 178

framework. Furthermore, Minh et al. [11] conducted subjective 179

experiments to evaluate the impact of several factors on mixed 180

reality-based adaptive streaming. In addition, Subramanyam 181

et al. [26] performed subjective assessments of a user-centric 182

tiling-based adaptive framework for dynamic point cloud 183

streaming, and Van Der Hooft et al. [14] focused on objective 184

and subjective quality evaluations for adaptive point cloud 185

streaming applications. 186

Although various studies have presented adaptive streaming 187

approaches for immersive and volumetric media systems, four 188

important matters must still be addressed. First, few works 189

have considered adverse network conditions. Second, although 190

several works have considered user behaviour/motion via 191

predetermined camera paths, few studies have considered the 192

uncertainties associated with both user and object behaviours. 193

Third, few works have focused primarily on live streaming 194

scenarios. Finally, few works have explored the impact of mul- 195

tidimensional adaptation strategies, with most works focusing 196

only on the quality of the representations. 197

We aim to address these knowledge gaps through a holis- 198

tic intelligent adaptation approach for immersive multime- 199

dia applications such as live holographic communication, 200

accounting for the influence of user and object behavioural 201

uncertainties and adverse network conditions. Furthermore, the 202

proposed framework facilitates multidimensional adaptation. 203

Importantly, the focus of this work is not compression; rather, 204

we primarily consider user and object behaviours and adverse 205
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network conditions.206

III. PROPOSED FRAMEWORK207

A. Motivation and Problem Formulation208

To address the knowledge gaps in the literature, we explore209

the impact of various behaviours and their associated uncer-210

tainties on user QoE. Here, we considered the user, source211

object, and dynamic network behaviours.212

Previous studies have shown that user behaviour and the213

resulting changes, which could be considered the user intent214

[27], influence user experience. This conclusion was reached215

considering the characterization of the influence of user be-216

haviour in previous works. For example, in [11], subjective217

studies were performed to evaluate the impact of user motion218

and the associated changes on the object viewing distance.219

The authors revealed that the perceived user experience is220

better at larger distances with reduced object quality. However,221

when closer objects are viewed, the object quality must be222

increased to achieve a similar perceived quality [11]. Thus,223

it is necessary to account for such behaviours to effectively224

satisfy user intent while maintaining optimal QoE.225

To account for changes in user behaviour, which in this226

scenario is based on user motion, the relative user motion227

or distance must be quantified. To achieve this, a viewer228

threshold relative to the source object position can be utilized,229

as represented by Equation (1):230

Vt = Vp −Op (1)

where Vt is the viewer threshold, Vp is the viewer position231

and Op is the object position. Here, the viewer threshold is232

utilized to confirm whether the user intent has been satisfied233

according to Ict and Ift, which are the close and far proximity234

intent thresholds, respectively, as shown in Algorithm III-F1.235

On the basis of the viewer and intent thresholds, adaptations236

could be made so that the source object has higher quality237

when the viewer is closer and lower quality when the viewer238

is farther away. Thus, the user intent can be satisfied, and the239

optimal QoE can be maintained.240

Furthermore, previous studies have revealed the influence241

of the characterization of the visual content on the QoE.242

Specifically, in the case of visual media, the behaviour of243

the media object, particularly its motion, influences the QoE244

[28]. Furthermore, when considering factors beyond object245

motion, the associated frame rate also impacts perceptive246

quality. For example, [29], [30] revealed that an increased247

frame rate increases the perceptual quality for visual media248

objects/content with fast camera and background motions.249

Similarly, the techniques with reduced frame rates are suitable250

for use in the case of visual media objects or content with slow251

motion [31]. Thus, the motion of the visual media content252

must be considered to ensure an optimal user experience.253

Building on this, we explore such behaviours in the context254

of holographic communication. The association between the255

frame rate and media object motion can be reflected through256

a simplified FPS threshold, as shown in Equation (2)257

Fo = a.expk.Ob(t) (2)

where Fo is the FPS threshold for an object, a and k are 258

constants and Ob(t) is the object behaviour at time t. Here, 259

the object behaviour or object motion information is utilized 260

to determine the FPS threshold. In particular, faster motion 261

and a larger FPS threshold would result in a higher FPS for 262

the object, whereas a slow or static object motion would result 263

in a lower FPS for the object. 264

In addition, the network parameters and dynamic network 265

conditions notably impact user QoE [1], [2], [13]. Specifically, 266

the dynamic nature of network environments could lead to 267

adverse and erroneous network conditions, and these adverse 268

network conditions can significantly degrade user QoE [32]. 269

Moreover, the impact of such deteriorative behaviour on key 270

performance metrics such as quality and frame rate must be 271

considered. In this context, it is necessary to consider dynamic 272

network behaviours to facilitate an optimal user experience. 273

For example, a previous study [32] indicated that in the case 274

of adverse network conditions, a stable FPS is more important 275

than the object quality level. 276

To account for dynamic network conditions, we represent 277

the dynamic behaviour using a qualifier, as displayed in 278

Equation (3) 279

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

where Ci(t) is the network impairment categorization at 280

time t and Ni(t) is the current network state for a given set of 281

parameters i at time t. Using the impairment categorization, 282

which is based on the network parameter information at a 283

given time, the changes in both QRd(t) and Fd(t), which are 284

the adaptive changes in the quality of the representations and 285

FPS at time t, can be represented using Equations (4) and (5), 286

respectively. 287

QRd(t) = f(Vt, Ci(t)) (4)

Fd(t) = f(Fo, Ci(t)) (5)

The aim is to optimally satisfy user intent considering the 288

various behaviours and changes expressed in Equations (2) to 289

(5). We mathematically represent this problem as shown in 290

Equation (6) [33]: 291

P = optimal(V I = f(QRd(t), Fd(t))) (6)

where V I is the user intent, which depends on the 292

changes in the resolution and FPS QRd(t) and Fd(t). 293

Owing to limitations in effectively obtaining a suitable 294

solution using standard numerical optimization methods 295

[33], the formulation P presents an issue. Similar issues 296

are encountered for Equations (2) to (5). To adequately 297

address these issues, machine learning is employed within 298

the proposed framework, enabling various behaviours and 299

their associated uncertainties to be effectively considered. 300

In addition, analyses and quantitative assessments of the 301

proposed framework are conducted using key performance 302

indicators, the FPS and resolution, as both are quantitative 303

performance metrics relevant to the user experience that also 304

reflect the capability of the proposed system to satisfy the 305
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user intent.306

307

We aimed to explore the influence of different human-308

oriented and environment-oriented factors on the QoE perfor-309

mance metrics of the proposed framework. Fig. 1 shows the310

dependence of various performance metrics on these factors.311

The factors considered are the object motion, user behaviour312

and the dynamic nature of the network. Each factor clearly313

influences the adaptable parameters. The object behaviour314

directly influences the change in the FPS, with a lower315

FPS utilized for static objects and a higher FPS utilized for316

dynamic objects. The user behaviour is correlated with the user317

intent and directly impacts the quality of the representations,318

represented by the resolution. In this context, when the user319

has a specific intent, for example, when the user is close320

to or far from the hologram, the quality is increased or321

decreased appropriately. The change made corresponds to the322

literature, which provides information on the influence of the323

user distance and physical locomotion on the QoE. Finally,324

the dynamic network properties significantly influence the325

QoE because these properties impact both the quality of the326

representations and the number of FPS. Thus, the dynamic327

network properties are prioritized, which ensures that the net-328

work conditions that might impact other adaptation decisions329

are sufficiently considered. Specifically, this approach ensures330

that the user intent can be accurately satisfied. Furthermore,331

the proposed approach is flexible, as it considers performance332

trade-offs between the number of FPS and the quality of333

the representations, namely, the resolution. This enables more334

diverse and nuanced changes to be made, making the proposed335

approach more robust.336

Adaptation decision
engine

Object movement

Viewer behaviour

Human-oriented
factors

Environment-
oriented factors Network dynamicity

Frame
rate

Resolution

Performance
Trade-off

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

B. System Overview337

We aimed to design an effective framework, and the system338

configuration depicted in Fig. 2 was utilized. This setup339

displays the configuration for live holographic communication340

over a network, which occurs via the internet. The source341

object is placed within the range of a single (RGB-D) camera342

sensor, which is utilized to capture both the colour and depth343

information of the object. The colour and depth information of344

the source object is processed in conjunction with additional345

tracking data collated at the client to prepare the frames of the346

captured object in a 3D format. Additionally, the translation347

and orientation information of the camera are available from348

its calibration process, which is used to determine the relative349

position of the object in the environment. The client generates350

frames with a point cloud format. The point cloud frames 351

consisting of both the spatial and colour information of each 352

point are then prepared for transmission and sent to the 353

server, at which point the necessary rendering and adaptation 354

processes are performed. The server also maintains frame 355

requests throughout the session to enable live holographic 356

communication. The complete 3D photorealistic hologram of 357

the object is then transmitted to the viewer equipment, such 358

as an HMD, allowing the viewer to have unrestricted 6DoF 359

views in the XR space. 360

Source
object

Server

Public Internet

RGB-D
cameras

Client Viewer with
HMD

Local processing
of raw data

• Frame rendering
• Live adaptation

Frame request

Frame transmission

Fig. 2. Holographic communication application platform

C. Handling Viewer Behaviours 361

In live holographic communication, the user can view the 362

environment with 6DoF. This creates a problem with respect 363

to uncertainties in user behaviour, as this behaviour cannot be 364

adequately predicted because of the spontaneous nature of the 365

user. With the proposed framework, we attempt to address this 366

issue by incorporating the user intention in the design of our 367

adaptive framework. We apply an agnostic coding approach to 368

account for user behaviour. Various behaviours or intentions 369

might have different realization thresholds, which could then 370

be used to determine whether a specific behaviour or intention 371

has been carried out. This agnostic approach is implemented 372

in the proposed framework via the introduction of intention 373

thresholds that can be met on the basis of user behaviour. 374

For simplicity, we explain the proposed approach in the case 375

of one user and one source object. The user intention and 376

the physical motion of the user are considered for two main 377

reasons. First, freedom of movement is a key requirement for 378

immersive 6DoF environments, thus increasing the likelihood 379

of such behaviour being performed by users. Second, user 380

movement is important because of its impact on immersive 381

media adaptive streaming and, in particular, the QoE [11], 382

[22], [34]. Thus, user movement must be one of the fundamen- 383

tal behaviours considered when accounting for user intention. 384

Fig. 3 depicts the user intention based on the user movement. 385

To realize this type of user intention, we exploit the avail- 386

ability of real-time user location information facilitated by 387

6DoF tracking and spatial mapping, as well as the intention 388

tracking systems deployed in HMDs such as HoloLens 2 [27]. 389

This information is utilized to calculate the user threshold rel- 390

ative to the intention threshold. When the intention threshold 391

is met, the server and the intelligent adaptation framework are 392

informed that the user intention has been triggered, and user 393

behaviour-based adaptation is performed to satisfy the user 394

intent. 395
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Fig. 3. User intention based on the user movement

D. Handling Source Object Movement Patterns396

To account for the object behaviour in immersive multi-397

media applications such as live holographic communication,398

which is the focus of this paper, a machine learning approach399

is adopted. Furthermore, we strictly consider animated ob-400

jects or participants, as such objects are primarily used in401

live holographic communication applications. We attempt to402

consider object awareness and focus on two primary object403

motion modes1. These two object motion modes are static and404

dynamic object behaviours, both of which are considered in405

the design of the neural network.406

1) Design of the Object Behaviour Recognition Model:407

To adequately consider animated object behaviours, object408

behaviour recognition is assumed to be a human activity recog-409

nition (HAR) problem in our live holographic communication410

application. We utilize recurrent neural networks (RNNs) in411

our object motion mode recognition approach. Specifically, we412

use long short-term memory (LSTM) [35] neural networks to413

address this issue. We selected this type of network due to the414

suitability of LSTM networks for HAR [36]–[40].415

We design a stacked LSTM neural network for object416

activity recognition. The topology of the network is illustrated417

in Fig. 4. Here, the network is made up of two connected418

LSTM layers and an additional hidden layer. To stream-419

line the proposed framework, we use object tracking data420

rather than video data. This is facilitated via the utilization421

of Microsoft’s Azure Kinect DK camera sensor and Azure422

Kinect Body Tracking SDK, allowing for the extraction of423

skeletal tracking data. The extracted skeletal data are used to424

form “skeletal frames” that consist of key points and their425

corresponding X, Y, and Z coordinate data, similar to data426

obtainable with other body tracking sensors. Offline model427

training utilizing frame data is conducted. The class label428

vector is fed into a label encoder (LE), with reshaping and429

normalization processes then performed. The skeletal frames430

that serve as inputs are fed into the neural network, which431

contains 3 layers and 318 neurons. The ReLU activation432

function [41] is utilized, and the tanh activation function [42]433

is also employed within certain layers. The softmax activation434

function [43] is utilized in the output layer, with the Adam435

[44] optimizer and sparse categorical cross−entropy loss436

function applied. The outputs are limited to two classes at437

1In 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

Recognized

Behaviour

LSTM Neural Network

LSTM

Object
Tracking
Data

LSTM

LSTM

LSTM

LSTM

LSTM

LSTM

LSTM

LSTM

Static Object
Behaviour

Dynamic Object
Behaviour

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

this stage; static and dynamic object behaviours. The object 438

behaviours identified with the network depicted in Fig. 4 439

provide additional information for the framework, thereby 440

enhancing the performance of the multidimensional adaptation 441

strategy. 442

E. Handling Dynamic Network Conditions 443

To account for the dynamic network conditions in the pro- 444

posed framework, a machine learning-based approach is em- 445

ployed. Error-induced transmission facilitated via the Netem 446

network emulator [45] is conducted. Furthermore, various 447

quality representation metrics, FPS values, which are the 448

target values for the camera sensor, and delay and packet loss 449

values are considered in the erroneous streaming conditions 450

to adequately account for adverse network conditions and 451

their impact on user-related metrics. Moreover, this approach 452

enables effective handling of the dynamic network properties, 453

with the information obtained via dedicated network monitor- 454

ing [46] utilized for adaptation-related decision-making. 455

1) Design of the Network-Aware Adaptation Model: To 456

effectively perform network aware adaptation, we aimed to 457

develop an intelligent network aware adaptation model that 458

uses the aforementioned key parameters to provide multiple 459

quality representation recommendations. As such, we consider 460

this problem to be a multiclass recommendation problem. 461

To solve this problem, offline model training is performed. 462

The output vector, which contains each class value, is reshaped 463

by feeding the vector into an LE, after which the subsequent 464

output is then processed via a one-hot encoding approach. This 465

step is performed to convert the text-based label data, which 466

cannot be directly used in the neural network, to numeric 467

data. Furthermore, one-hot encoding is applied for effective 468

training [47]. The input parameters are fed into a multilayer 469

perceptron (MLP) neural network with multiple hidden layers 470

for training. The fully connected network contains six hidden 471

layers, with 280 neurons, with the four input parameters 472

projected to 128 neurons. In each hidden layer, the ReLU 473

activation function [41] is used. The activation function was 474

chosen because of its computational simplicity and suitability 475

for training feedforward networks [41], [48]. The output layer 476

has three output values, each corresponding to an output 477

parameter. The softmax activation function [43] is utilized in 478

the output layer, facilitating prediction probabilities, and the 479

output parameter with the largest probability is recommended. 480
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The loss function used in the network is the logarithmic loss481

function categorical cross − entropy, with the Adam [44]482

optimizer utilized for gradient-based optimization owing to its483

efficiency and simplicity. The basic topology of the neural484

network is depicted in Fig. 5.485

Fig. 5 and Table I clearly show that the trained model fo-486

cuses primarily on providing network-aware recommendations487

for adaptations based on the quality of the representations. The488

output parameters Q1, Q2 and Q3 represent varying quality489

levels or point densities. In relation to the framework and the490

overall system, these quality levels directly correspond to vary-491

ing resolution levels, with Q1, Q2 and Q3 corresponding to492

the high definition (HD), full high definition (FHD) and wide493

quad high definition (WQHD) levels, respectively. Additional494

details related to the resolution/quality levels are presented in495

Table III [4]. To facilitate this multidimensional adaptation496

process, the network aware adaptation model is implemented497

in conjunction with the impairment categorization network498

described in subsection III-E2.499

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 :500

To facilitate the effective performance of the network aware501

adaptation model, an impairment categorization model is de-502

signed. This model is used to enable adaptation of different503

output parameters. The model proposed in Subsection III-E1504

strictly focuses on quality representation-based adaptation,505

limiting the ability of the framework to perform multidimen-506

sional adaptation, which we refer to as simultaneous quality507

representation and FPS adaptation. To address this issue,508

the impairment categorization model informs the framework509

of the top-level impairment categorization, allowing for bet-510

ter adaptation with the introduction of a second parameter,511

namely, the number of FPS. This model is very similar to512

the base network, with slight differences in the topology513

and output parameters. The model described in Subsection514

III-E1 outputs a recommended quality representation on the515

basis of the network awareness, but the model described in516

this subsection outputs an impairment category, as listed in517

Table II. The impairment level indicates the degree to which518

the normal or optimal performance of the application layer519

Network Awareness
(Application

Layer Impairment
Categorization)

Throughput

FPS

Delay

Packet Loss

Multi-Layer Perceptron Network 

LOW

MEDIUM

HIGH

BAD

Application Layer

Impairment Level

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

is impacted when considering the severity of the erroneous 520

network conditions. For example, a low categorization implies 521

that the system performance is stable and normal, whereas 522

a bad categorization indicates that the erroneous network 523

conditions have severe impacts on performance. Fig. 6 de- 524

picts the basic topology of the impairment categorization 525

neural network. With the impairment categorization model 526

and quality recommendation model, the proposed framework 527

can handle user behaviours and dynamic network properties 528

effectively in the network awareness-based adaptation process. 529

The network-aware recommended quality ensures that the 530

proposed framework can effectively make optimal adaptation 531

decisions, particularly when the influence of user behaviour 532

is considered. Specifically, this approach ensures that the 533

proposed framework provides the most effective adaptation 534

decisions while attempting to satisfy user intent. Furthermore, 535

the impairment level provides additional context for the pro- 536

posed framework, increasing its robustness and flexibility in 537

making more fine-grained adaptation decisions to account for 538

and address unexpected and atypical scenarios. 539

TABLE II
IMPAIRMENT CATEGORIZATION MODEL PARAMETERS

Input Features Throughput FPS Delay Packet Loss
Output Categorization Low Medium High Bad

F. Proposed Intelligent Adaptation Framework 540

Building on the approaches described in Subsections III-C, 541

III-E and III-D, a novel user intention-driven network-aware 542

intelligent framework is proposed. In the proposed framework, 543

machine learning strategies are leveraged, a novel multidimen- 544

sional adaptation approach for holographic communication is 545

introduced, and trade-offs are optimized to effectively satisfy 546

user intentions. The shrewd handling of the various behaviours 547

ensures that the proposed framework appropriately accounts 548

for the uncertainties associated with the user and object 549

behaviours and the network environment. Furthermore, the 550

optimization of the trade-offs considering the adaptable pa- 551

rameters ensures that the optimal user experience is prioritized. 552

The design of the proposed framework is depicted in Fig. 7. 553

The figure displays the multifaceted awareness approach 554

used within the proposed framework. The framework accounts 555
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for human-oriented and environment-oriented uncertainties,556

leveraging AI for intelligent adaptation-related decision-557

making. Furthermore, the proposed framework is quite robust,558

as the various awareness-related strategies are independent,559

as observed with the source object movement detection and560

user behaviour monitoring processes. Additionally, because of561

its flexibility, the proposed framework enables simultaneous562

changes in the frame rate and resolution, which facilitates563

complex decision-making. To prevent logical conflicts in de-564

cision making that may arise due to the independence of565

the awareness-related strategies, an additional paradigm, the566

awareness dependency strategy, is incorporated in the proposed567

framework.568

1) Awareness Dependency: One potential issue with the569

multidimensional awareness approach for the proposed adapta-570

tion framework is the possibility of logical conflicts in decision571

making due to inconsistent adaptation decisions. To prevent572

this issue, an awareness dependency strategy is utilized in573

the proposed framework. Here, the output of one awareness-574

related network influences the output of the other networks,575

such as the network aware and user intention aware strategies576

shown in Fig. 7. When the physical movement of the user577

is considered, adaptation decisions might be made on the578

basis of the proximity of the user to the object. However,579

the network might not be able to support significant increases580

in the quality of the object representation. To overcome581

this issue, the network-aware strategy provides the highest582

quality representations that the network can support, ensuring583

that the user intent can always be satisfied. Moreover, the584

impairment categorization model allows for greater flexibility585

in responding to adverse network conditions, thereby ensuring586

a stable user experience.587

Building on the proposed framework design shown in Fig.588

7, we leveraged the awareness dependencies to implement the589

algorithm outlined in Algorithm III-F1. Here, two conditions590

must be met. The first condition, Vp − Op > 0, is necessary,591

as it is used to confirm that user movement-based behaviours592

are present. This step also enables the user threshold Vt to be593

calculated. The second condition, SessionActive == true,594

is required to ensure that the necessary inputs can be acquired.595

An animated object must be captured by the camera sensor to596

generate object tracking data Otd, and the server must have an597

active connection with both the client and the HMD. Provided598

that adverse network conditions are absent when Ci(t) == 599

Low, the algorithm satisfies the user intention by providing 600

the appropriate quality representation that can be supported by 601

the network. In the case of adverse network conditions, with 602

Ci(t) ̸= Low, the framework remains flexible owing to the 603

impairment awareness model, allowing for changes in both the 604

quality of the representation QRd(t) = QRC and the number 605

of FPS Fd(t) = FC on the basis of the impairment level Ci(t). 606

The priority of the network-aware adaptation decisions under 607

such conditions is determined on the basis of the awareness 608

dependency strategy and network-aware qualifier NAQ, which 609

is a generic parameter utilized primarily within network-driven 610

adaptation applications. With this approach, the framework at- 611

tempts to provide a satisfactory experience for the user. In this 612

context, a QoE-based model for holographic communication 613

[32] is employed. Furthermore, the object behaviour awareness 614

component based on the recognized activity Ob(t) facilitates 615

effective interactions and resource utilization through changes 616

in the number of FPS. 617

IV. EXPERIMENTAL ENVIRONMENT 618

To assess the feasibility and performance of the proposed 619

approach accurately, the configuration in Fig. 8 is employed. 620

The proposed framework is implemented at the server, and 621

extensive experiments are conducted. The figure shows the 622

complete experimental configuration, and an extensively mod- 623

ified version of the LiveScan3D platform [49] was utilized 624

for the experiments. A camera sensor placed in front of the 625

animated source object, which in this scenario is a human, is 626

used to capture relevant data required for the generation of 627

a 3D hologram. The data are captured in point cloud format, 628

with each point having unique spatial information (X, Y, and 629

Z coordinates) and colour information (RGB value ranging 630

from 0-255). The camera sensor used in the experiments was 631

Microsoft’s Azure Kinect DK. This camera was chosen as 632

it can capture the relevant depth and colour information of 633

the source object. Additionally, the camera sensor supports 634

multiple quality representations and frame rates, as detailed 635

in Table III [4]. The camera sensor, which is connected to a 636

computer, referred to as the client, facilitates tracking of the 637

source object. Additional processing is carried out at the client 638

level to generate the relevant skeletal data and point cloud 639

frames, which are continuously transmitted to the server to 640

resolve the frame request by the server. The server leverages 641

its powerful computing resources to perform the relevant man- 642

agement processes, and the point cloud data are processed via 643

transformation and rendering operations, with the output sent 644

to the HMD. The server plays an additional important role, 645

as it houses the proposed framework, incorporating the user, 646

source object and various network-aware intelligent adaptation 647

models. In this setup, network links with a 1 Gbps bandwidth 648

capacity are utilized to facilitate connectivity. Frame requests 649

are continuously sent to maintain the live streaming session. 650

Furthermore, a middle box is introduced in the experimental 651

configuration to enable controlled experiments to be performed 652

under adverse network conditions. The 6DoF views of the 653

3D holographic object allow unrestricted user movement; 654
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Algorithm 1 Algorithm of the Proposed Framework

Vt = Viewer Threshold

Ict = Close Proximity Intent Threshold

Ift = Far Proximity Intent Threshold

Vp = Viewer Position

Op = Object Position

Ni(t) = Network aware input parameters at time t

Otd = Object Tracking Data

Ob(t) = Object behaviour at time t

Ci(t) = Application layer impairment categorization at time t

QR = Quality Representation

F = FPS

QRN = Network aware recommended quality representation

QRC = Impairment categorization recommended quality rep-

resentation

FC = Impairment categorization recommended FPS

QRd(t) = Quality representation adaptation decision at time t

Fd(t) = FPS adaptation decision at time t

NAQ = Network aware qualifier

NAQth = Network aware qualifier threshold

Input: Vt, Ni(t), Otd

Output: QRd(t), Fd(t)

Require: Vp − Op > 0
Ensure: Session Active

1: while SessionActive == true do

2: if Ci(t) == Low then

3: if Vt ≤ Ict then

4: for Ni(t), i = 1, 2, ...N do

5: QRd(t) = max(QRN )
6: end for

7: else if Ift ≤ Vt then

8: QRd(t) = min(QR)
9: end if

10: else if Ci(t) ̸= Low then

11: if Vt ≤ Ict then

12: for Ni(t), i = 1, 2, ...N do

13: QRd(t) = QRC

14: Fd(t) = FC

15: end for

16: else if Ift ≤ Vt then

17: QRd(t) = min(QR)
18: Fd(t) = FC

19: end if

20: end if

21: while NAQ ≥ NAQth do

22: for Otd at time t do

23: if Ob(t) == static then

24: Fd(t) = min(F )
25: else if Ob(t) == dynamic then

26: Fd(t) = max(F )
27: end if

28: end for

29: end while

30: end while

thus, the uncertainties associated with the user and object 655

behaviours and the impact of adverse network conditions are 656

both considered in the experiments. 657

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 658

A. Framework Performance Analysis 659

To assess the effectiveness of the framework for supporting 660

increases in the user QoE, experiments are conducted in which 661

the user and object behaviours are considered. The network 662

condition is controlled according to specific parameter settings 663

so that the performance evaluations can be conducted under 664

different network conditions. 665

The proposed framework enables effective and rapid adapta- 666

tions, as it sufficiently accounts for the uncertainties associated 667

with the user and object behaviours. Fig. 9 depicts the number 668

of FPS, throughput and quality representation metrics of the 669

proposed framework for diverse viewer and object behaviours. 670

For clarity, we use resolution to represent the quality of the 671

representation, with QR1, QR2 and QR3 corresponding to HD, 672

FHD and WQHD, respectively. The resolution levels correlate 673

with the number of display pixels, with HD corresponding to 674

the worst quality, FHD corresponding to a higher quality level, 675

and WQHD corresponding to the best quality. Furthermore, 676

these resolutions indicate the object point density. Table III 677

[4] lists the various resolutions or quality representations and 678

their associated number of display pixels and relevant point 679

densities. The FPS plot in the figure displays the flexibility of 680

the framework in responding to different object behaviours. 681

The results demonstrate that the framework can adequately 682

identify multiple object behaviours and appropriately adjust 683

in response to such behaviours. This is inferred from the 684

algorithm-controlled reduction in the number of FPS, which 685

occurs when a static object behaviour is detected, and the 686

subsequent increase in the number of FPS, with the maximum 687

FPS chosen when the object displays dynamic movements. 688

The resolution results demonstrate the ability of the framework 689

to satisfy user intentions. Here, when the user approaches the 690

holographic object, the conditions associated with the user 691

intention are satisfied, and the quality or resolution of the 692

object is increased to the highest possible level in accordance 693

with the user behaviour. This adaptation is facilitated by the 694

stability of the network, with the resolution decreasing to the 695

lowest level when the user is far from the holographic object. 696

Furthermore, the FPS and resolution results highlight the 697

feasibility of the multioutput parameter adaptation approach, 698

as both the number of FPS and the resolution are adapted in 699

response to the user and object behaviours. This is evident 700

from the FPS results, which indicate that when the object 701

is static and the user is close, the lowest number of FPS 702

and highest resolution levels are chosen. In contrast, when 703
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the user is close and the object has dynamic movements,704

the highest number of FPS and resolution are chosen. The705

same response is observed when the user is far from the706

object, with the lowest resolution chosen and the number707

of FPS dependent on the object behaviour. Furthermore, the708

throughput plot confirms the effectiveness of the proposed709

framework. In particular, the throughput metric increases when710

the user is close to the object, with the throughput levels711

also dependent on the object behaviour. Moreover, the results712

demonstrate the effectiveness of the resources utilized by the713

framework, with less bandwidth utilization for static object714

behaviours and more bandwidth utilization for dynamic object715

behaviours. Additionally, the results support the feasibility716

of the framework for multioutput adaptation with no logical717

conflicts in satisfying the user intention while considering the718

object behaviour.719

1) Analysis of the Effectiveness of the Facets Integrated720

in the Proposed Framework: To further evaluate the effec-721

tiveness of the proposed framework, additional experiments722

are conducted to investigate the importance of the integrated723

behaviour handling strategies. Fig. 10 shows the performance724

of the proposed framework without the source object be-725

haviour handling and user behaviour handling strategies. The726

figure highlights the necessity of considering the source object727

behaviour. This is reflected in the inability of the proposed728

framework without the source object behaviour handling strat-729

egy to make suitable adaptations in response to the object730

behaviour, thus reducing its performance. In particular, the731

absence of adaptive FPS changes required for the proposed732

framework without the source object behaviour handling strat-733

egy indicates that this framework cannot adequately address734

changes in object behaviour, which in this case is static.735

This conclusion is further supported by the throughput results,736

which show significant increases in the throughput in the737

static object case when the source object behaviour handling738

algorithm is not applied in the adaptation process. Thus, the739

exclusion of the source object behaviour handling algorithm740

limits the flexibility and adaptability of the proposed frame-741

work, resulting in higher throughput for the same static object742

compared with that achieved with the complete framework.743

Although user intention can be somewhat accounted for by744

including the user behaviour and network handling algorithms,745

as shown by the resolution results, the omission of the source 746

object behaviour handling component considerably degrades 747

framework performance. 748

The second set of plots in Fig. 10 illustrates the performance 749

of the framework without the user behaviour handling algo- 750

rithm. The results demonstrate that the inclusion of this com- 751

ponent is critical for ensuring the performance of the proposed 752

framework. This conclusion is reached on the basis of the 753

resolution results, which show that without this component, the 754

proposed framework cannot adapt to effectively satisfy the user 755

intent. This conclusion is further supported by the throughput 756

results, which show no increases in throughput in response to 757

the changes in the resolution. Moreover, although the inclusion 758

of the source object behaviour handling algorithm in this 759

scenario allows the proposed framework to account for the 760

source object behaviour, the performance of the proposed 761

framework remains significantly degraded. 762

Fig. 11 shows the effective performance of the proposed 763

network when the dynamic network conditions are not consid- 764

ered. The figure shows that the framework can still account for 765

the source object behaviour, which is dynamic in this case, and 766

provides relevant adaptations to satisfy the user intent. This is 767

inferred from the change in the number of FPS to 30 FPS, 768

as well as the increases in resolution. However, under such 769

conditions, the impact of the erroneous network conditions 770

and the requirement for the inclusion of the dynamic network 771

condition adaptation strategy is more apparent, with significant 772

decreases in the number of FPS observed. In this particular 773

scenario, the absence of the dynamic network condition adap- 774

tation strategy hinders the ability of the framework to make 775

suitable and effective trade-offs in the adaptation process, lim- 776

iting its ability to provide stable performance while satisfying 777

user intent. This is further confirmed by the resolution and 778

throughput results, which indicate that although the resolution 779

increases to the WQHD level, the throughput remains fairly 780

unstable. Thus, the source object behaviour, user behaviour 781

and dynamic network condition adaptation strategies must all 782

be included to achieve optimal framework performance and 783

effectively satisfy user intent. 784

2) Visualization of the Framework Functionality: Fig. 12 785

depicts the rendered source object before and after the res- 786

olution adaptation strategy based on user intent is applied. 787
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The figure clearly shows that the proposed framework can788

effectively satisfy user intent while accounting for different789

human and environmental factors. The point density signif-790

icantly increases after the resolution increases, as shown in791

Figs. 12(b) and 12(c). This is reflected in the visibility of792

finer details in the image, such as the clarity of the face.793

Additionally, Fig. 12(a) shows that if the user is far from the794

object, a lower object resolution is acceptable, as details are795

harder to perceive in such circumstances. Thus, the framework796

can effectively satisfy user intent while accounting for the un-797

certainties associated with different human and environmental798

behaviours.799

3) Framework Performance with Static Object Behaviour800

Under Adverse Network Conditions: Fig. 13 displays the801

performance metrics of the proposed framework with static802

object behaviour under adverse network conditions with a 50803

ms delay and 0.1% packet loss. The figure clearly shows that804

under adverse network conditions, the proposed framework is805

effective. The resolution results demonstrate that the proposed806

framework can sufficiently satisfy user intentions under such807

adverse conditions. In this context, the proposed framework,808

via the incorporation of network awareness algorithms, can809

provide recommendations of appropriate FPS and resolution810

levels to satisfy user intentions. This is inferred from the811

trade-off provided by the proposed approach, with the FPS812

reduced to ≈ 5, allowing for corresponding increases in quality813

levels to increase stability and satisfy user intentions. The FPS814

results for the proposed framework indicate that fairly stable815

performance is achieved even under such circumstances. This816

finding also implies that the proposed framework is suitable for817

maintaining the user QoE owing to its ability to remain stable818

in live streaming scenarios while satisfying user intentions.819

The resolution results provide further insight, indicating that820

the network cannot effectively satisfy user intentions at the821

highest resolution levels. However, the need to satisfy user822

intentions remains. As such, the proposed framework makes823

intelligent adaptations that account for the network state. The824

results demonstrate this, as shown in the resolution changes825

between the HD and FHD levels. The throughput results826

confirm these conclusions, with the changes in throughput827

corresponding to the adaptation decisions.828

When the performance of the proposed framework is com-829

pared with that of the anchor implementation method (which830

considers only user behaviour) under adverse network condi-831

tions, it is evident that although the anchor implementation832

strategy aims to satisfy user intentions under such conditions,833

it cannot do so effectively. This is inferred from the FPS834

results of the anchor implementation method, as the FPS835

results are very unstable, with irregular non-adaptive changes836

in the number of FPS ranging from 0-30 FPS. Furthermore, the837

areas of the plot highlighted in light grey represent significant838

regions of concern. These sections outline the areas where839

adaptations are made to satisfy user intentions. The highlighted840

areas demonstrate the incompatibility of the user intention841

with the implementation results. This incompatibility is due to842

the inability of the network to adequately support adaptations843

made to satisfy user intent and is characterized by frequent844

zero or near zero FPS values. The zero or near zero FPS845

values of the anchor implementation strategy, particularly com- 846

pared with those of the proposed framework under the same 847

conditions, indicate that the proposed framework significantly 848

outperforms the anchor implementation method. Moreover, the 849

decrease in the number of FPS with the anchor implementation 850

strategy indicates that this method could degrade or negatively 851

impact the user QoE under such adverse network conditions. 852

The throughput results confirm this assessment, as although 853

the resolution results indicate that the highest resolution levels 854

have been chosen to satisfy user intent, the reduced throughput 855

values imply that the outputs are very unstable when the 856

maximum resolution level is chosen. 857

4) Framework Performance with Dynamic Object Be- 858

haviour Under Adverse Network Conditions: Fig. 14 illus- 859

trates the performance of the proposed framework in the 860

case of dynamic object behaviours under adverse network 861

conditions with a 50 ms delay and 0.1% packet loss. The 862

figure shows that the proposed framework can satisfy user 863

intentions under adverse network conditions. The FPS results 864

of the proposed framework indicate that although there are 865

occasional decreases in the FPS value due to the impact 866

of adverse network conditions, the proposed framework can 867

achieve a somewhat stable FPS. This outcome is facilitated 868

by the network awareness components and the inclusion of 869

the awareness dependency strategy in the framework. Al- 870

though the framework can accurately recognize the dynamic 871

object behaviour, the utilization of the awareness dependency 872

strategy allows the proposed framework to prioritize the 873

network awareness component, thereby providing the most 874

stable performance while satisfying user intent. This allows 875

the framework to adapt as needed, resulting in reductions 876

and increases in the FPS value to provide a more stable 877

performance. Furthermore, the resolution results indicate the 878

sufficient suitability of the proposed framework, demonstrating 879

the flexibility of the framework in both decision-making and 880

adaptations. This is characterized by increases in the resolution 881

level with simultaneous reductions in the number of FPS, with 882

the number of FPS reduced to 5 and the resolution increased 883

to the FHD level. Furthermore, the framework can decrease 884

the resolution to the lowest level, HD, as well as reduce the 885

number of FPS to improve stability. Moreover, the throughput 886

results confirm that the framework can provide somewhat 887

stable performance while satisfying user intentions. 888

In comparison, the performance of the anchor implemen- 889

tation strategy, which considers only user behaviours, shows 890

that although this method can adapt on the basis of user 891

behaviours, it cannot sufficiently satisfy the user intent. This 892

determination is made on the basis of the FPS results of 893

the anchor implementation strategy. The FPS results of the 894

anchor implementation strategy are unstable and erratic, with 895

the FPS value ranging from 0-30 FPS, which differs from 896

the FPS results of the proposed method under the same 897

network conditions. Moreover, similar to Fig. 13, the anchor 898

implementation strategy displays an intent incompatibility 899

problem, as observed by the highlighted section with zero 900

or near zero FPS levels. Furthermore, although the resolution 901

results of the anchor implementation method indicate that this 902

strategy can perform the relevant adaptations, the throughput 903
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(a) Before adaptation(Far proximity,
low resolution)

(b) Before adaptation(Close proximity, low
resolution)

(c) After adaptation(Close proximity, High
resolution)

Fig. 12. Experimental results: Framework functionality visualization
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Fig. 13. Experimental results: Framework performance under different network conditions with static object behaviour (50 ms, 0.1% PLR)

results indicate that the anchor implementation method cannot904

suitably satisfy the user intention. A quantitative summary of905

the performance of the methods with both static and dynamic906

object behaviours can be found in Table IV.907

TABLE IV
QUANTITATIVE SUMMARY OF THE PERFORMANCE OF THE PROPOSED

FRAMEWORK IN SATISFYING USER INTENT (50 MS DELAY, 0.1% PLR)

Adaptation
scheme

Adaptation Resolution FPS Expected
FPS

Proposed
framework

Resolution,
FPS

HD, FHD ≈ 5 5 (Adapta-
tion)

Without
proposed
framework

Resolution WQHD 0 - < 5 15 (WQHD
Max)

B. Computational Complexity908

To determine the impact of the proposed framework on the909

computational load and its subsequent complexity, a computa-910

tional complexity analysis is performed. In this context, the911

increase in the execution time of the proposed framework 912

is compared with the execution time of a simple anchor 913

implementation strategy and is represented as a percentage. 914

This percentage is calculated using Equation (7). 915

Complexity =
1

N

N
∑

i=1

(

PTi −ATi

ATi

)

× 100% (7)

where PTi and ATi are the execution times of the proposed 916

framework and anchor implementation strategies for a given 917

iteration i, respectively. 918

TABLE V
COMPUTATIONAL COMPLEXITY OF THE PROPOSED FRAMEWORK

Adaptation
scheme

Adaptation Complexity (%)

Proposed
framework

Resolution, FPS 20.02%
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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-919

posed framework. The table clearly shows that the proposed920

framework is somewhat complex, with a 20.02% increase in921

computational complexity compared with that of the anchor922

implementation strategy. However, the increase is not ex-923

tremely significant. This is due to the utilization of some multi-924

threading strategies in the implementation of the proposed925

framework. Furthermore, the increase in complexity can be926

countered with further optimizations and improved computing927

capabilities.928

C. Comparative Analysis929

To analyse the performance of the proposed framework930

effectively and thoroughly, a comparative analysis is con-931

ducted. In this context, performance comparisons with state-932

of-the-art methods are presented. The state-of-the-art methods933

were selected for comparison owing to their recency and934

relevance, focusing on user intent/behaviour-centric volumetric935

media and adaptation strategies. The comparison approaches936

are listed below.937

• Ref [22]: To provide a more accurate comparison analysis938

of our work with [22], we emulate this approach. To do939

this, we replicate the client-based selection of different940

content quality levels on the basis of the available net-941

work throughput (using bitrate targets) in our system. Ad-942

ditionally, as adaptation performed based on unrestricted943

user interaction/movement was considered, we factored944

this in our emulation. Furthermore, in this work, the945

FPS was kept at 30 FPS, with no discussion of FPS-946

based adaptation. Moreover, the tiling approach was not947

considered, as it extends beyond the scope of this work.948

Thus, to better compare the performance of the different949

approaches, our emulation of [22] provides adaptation950

results based on user movement, and the quality level is951

chosen on the basis of the available network throughput.952

• Ref [27]: In the comparison analysis of our work with 953

[27], we consider a user intention scenario, namely, a user 954

proximity-driven resolution change scenario for online 955

user intention processing. Furthermore, the variability of 956

different paths falls outside the scope of this approach; 957

thus, we assume that each path has an identical profile, 958

with the changes occurring in one path reflected in the 959

other paths. Thus, the emulation of the work presented 960

in [27] considers online user intention processing and 961

adaptation by adapting the resolution on the basis of the 962

user proximity to the object. 963

Fig. 15 depicts a comparison of the performance of the 964

proposed framework with that of the state-of-the-art method 965

described in [27] in the case of static object behaviour 966

under adverse network conditions with a 50 ms delay and 967

0.1% packet loss. The results demonstrate that the proposed 968

framework outperforms the previous approach [27] in terms 969

of its ability to satisfy user intent while maintaining stable 970

performance. The FPS results indicate that although the impact 971

of the erroneous network conditions can be observed, the 972

proposed framework can make optimal adaptations to satisfy 973

user intent. This differs from the results of the previous 974

method described in [27], for which erratic FPS results are 975

obtained, with 0 FPS and near 0 FPS values observed and 976

significant decreases when considering user intention based 977

on the proximity of the user to the object. Furthermore, 978

although the resolution results indicate that both approaches 979

made adaptations to satisfy user intent, the 0 and near 0 980

FPS values of the method described in [27] in the grey areas 981

compared with the expected FPS values of 15 for the WQHD 982

level highlight the resulting incompatibility of the intention 983

with the output and the inability of this method [27] to 984

effectively satisfy user intent under such adverse conditions. 985

The suitability of the proposed framework is demonstrated 986

by its multidimensional adaptation capability, leveraging the 987

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

© 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.

Authorized licensed use limited to: UNIVERSITY OF BRISTOL. Downloaded on December 09,2025 at 13:56:45 UTC from IEEE Xplore.  Restrictions apply. 



14

0 50 100 150 200 250 300 350
Time duration (s)

0

5

10

15

20

25

30

FP
S

Viewer Intent with 
the complete proposed framework (Static , Delay=50ms, PLR=0.1%)

Forward Movement
Backward Movement

0 50 100 150 200 250 300 350
Time duration (s)

HD

FHD

WQHD

Re
so

lu
tio

n

Viewer Intent with 
the complete proposed framework (Static , Delay=50ms, PLR=0.1%)

Forward Movement
Backward Movement

0 50 100 150 200 250 300 350
Time duration (s)

0

20

40

60

80

100

120

Th
ro
ug
hp
ut

(M
bp

s)

Viewer Intent with 
the complete proposed framework (Static , Delay=50ms, PLR=0.1%)

Forward Movement
Backward Movement

0 50 100 150 200 250 300 350 400 450 500
Time duration (s)

0

5

10

15

20

25

30

FP
S

Adaptation with reference [27] (Static , Delay=50ms, PLR=0.1%)
Forward Movement
Backward Movement

0 50 100 150 200 250 300 350 400 450 500
Time duration (s)

HD

FHD

WQHD

Re
so
lu
tio

n

Adaptation with reference [27] (Static , Delay=50ms, PLR=0.1%)
Forward Movement
Backward Movement

0 50 100 150 200 250 300 350 400 450 500
Time duration (s)

0

20

40

60

80

100

120

Th
ro
ug

hp
ut
(M

bp
s)

Adaptation with reference [27] (Static , Delay=50ms, PLR=0.1%)
Forward Movement
Backward Movement

Fig. 15. Experimental results: Comparison of the performance of the proposed framework with that of state-of-the-art methods (Ref [27]) in the case of
static object behaviour (50 ms, 0.1% PLR)
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Fig. 16. Experimental results: Comparison of the performance of the proposed framework with that of state-of-the-art methods (Ref [22]) in the case of
static object behaviour (50 ms, 0.1% PLR)

network awareness components in adapting to the FHD level988

rather than the WQHD level, as shown by the resolution results989

for the previous method [27], as well as the decrease in the990

FPS value to 5. Moreover, after the initial adaptation with991

a suboptimal performance, the proposed framework displays992

additional flexibility, emphasizing the stability of the user993

experience with further adaptation to the HD level, ensuring994

a satisfactory FPS under adverse network conditions. Then,995

the resolution is again changed to the FHD level while996

retaining a stable FPS value of 5, illustrating the intelligent997

capabilities of the proposed framework in making the most998

suitable and stable adaptations. The throughput results further 999

confirm the good performance of the proposed framework, 1000

showing its stable performance and increases in throughput. 1001

Similarly, the unsuitable performance of the previous method 1002

[27] is confirmed, with decreases in throughput when making 1003

adaptation decisions. 1004

Fig. 16 shows a comparison of the performance of the 1005

proposed framework with that of the state-of-the-art method 1006

described in [22] in the case of static object behaviour under 1007

adverse network conditions with a 50 ms delay and 0.1% 1008

packet loss. In contrast to the method in [27], the approach 1009
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in [22] can better satisfy user intent under such adverse1010

conditions. This is observed from the ability of this method1011

[22] to make relevant adaptations through its use of network-1012

based adaptation strategies, as shown by its ability to adapt1013

from the WQHD resolution level to the FHD resolution1014

level on the basis of the network conditions. Although the1015

method in [22] displays better performance than the method1016

in [27], it does not outperform the proposed framework. This1017

is inferred from the FPS results, which indicate that although1018

the resolution can be effectively adapted, the FPS values of1019

the method in [22] remain erratic, with 0 FPS and near 01020

FPS values observed. Moreover, the decreases in the FPS1021

value to ≤ 6 during periods in which the user intent is1022

satisfied compared with the expected FPS values of 15 for the1023

WQHD level and 25–30 for the FHD level indicate that this1024

method [22] cannot effectively satisfy user intent under such1025

adverse conditions. As such, the decrease in the FPS results1026

confirm the severe degradation of the overall performance this1027

method [22]. However, the proposed framework displays better1028

performance than this previous approach [22]. This outcome is1029

attributed to its multidimensional adaptation capability, as well1030

as its flexibility in making such adaptations. In the proposed1031

framework, an intelligent approach and other components are1032

used to make the most suitable trade-offs, allowing it to pro-1033

vide stable performance and experience while satisfying user1034

intent. This is characterized by the fairly stable FPS results1035

due to its simultaneous adaptation of the resolution and FPS.1036

This result is supported by the throughput results, confirming1037

that the framework can provide somewhat stable performance1038

while satisfying user intent. A quantitative summary of the1039

comparison performance results is presented in Table VI.1040

TABLE VI
QUANTITATIVE SUMMARY OF THE PERFORMANCE OF VARIOUS METHODS

IN SATISFYING USER INTENT (50 MS DELAY, 0.1% PLR)

Adaptation
scheme

Adaptation Resolution FPS Expected
FPS

Proposed
framework

Resolution,
FPS

HD, FHD ≈ 5 5 (Adapta-
tion)

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

Ref. [22] Resolution WQHD,
FHD

0 - ≤ 6 15(WQHD
Max) 25-
30(FHD)

VI. CONCLUSION1041

With the introduction of new features in the emerging1042

holographic communication, handling user QoE has become1043

significantly more challenging compared to traditional media.1044

This new direction requires simultaneous consideration of a1045

wide variety of factors including user intentions, source object1046

behaviours and network conditions that may jointly affect1047

user experiences. Considering this progress, in an effort to1048

meet such demands, we propose a multidimensional media1049

adaptation framework for live holographic communication.1050

The proposed framework was designed to accommodate the1051

uncertainties associated with both user and object behaviours1052

while also considering the influence of heterogeneous and ad-1053

verse network conditions. In the design of the proposed frame- 1054

work, multiple machine learning approaches were employed 1055

to provide intelligent decision-making capabilities and enable 1056

the use of multidimensional adaptation approaches. Extensive 1057

experiments to assess the performance of the proposed frame- 1058

work under adverse network conditions with varying object 1059

and user behaviours were conducted. The results indicate that 1060

the proposed method can effectively satisfy user intentions un- 1061

der both stable and adverse network conditions, outperforming 1062

the current state-of-the-art methods, particularly under adverse 1063

conditions. The capabilities of the proposed framework will be 1064

extended and enhanced in future work. In particular, a larger 1065

range of user and object behaviours and dynamic network 1066

conditions could be considered, enhancing the flexibility and 1067

adaptability of the proposed framework and increasing its 1068

applicability in various scenarios. These improvements would 1069

further improve user experiences. Furthermore, the proposed 1070

method could be extended to support multisource streaming 1071

scenarios to satisfy user intentions in such cases. Finally, 1072

subjective experiments to assess the perceived user experience 1073

could be performed to elucidate the suitability of the proposed 1074

framework. 1075
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APPENDIX1258

A. Results1259

1) Framework Performance with Static Object Behaviour1260

Under Stable Network Conditions: Fig. 17 shows the perfor-1261

mance metrics of the proposed framework with static object1262

behaviour under stable network conditions with a 0 ms delay1263

and 0% packet loss. The figure clearly shows that the proposed1264

framework, which considers user and object behaviours, can1265

effectively perform intelligent adaptations to satisfy user in-1266

tent. Moreover, the FPS results demonstrate the effectiveness1267

of the proposed framework. Upon the detection of static object1268

behaviour, the necessary adaptation, which in this scenario1269

is reducing the number of FPS to 5, is made. Furthermore,1270

the resolution results highlight the suitability of the proposed1271

framework in satisfying user intent. In this context, the frame-1272

work satisfies user intent while also accounting for object1273

behaviour. The throughput results provide additional insight,1274

with increases in throughput corresponding to forwards user1275

movement, indicating that more data were utilized to provide1276

higher-quality representations of the object.1277

We next compared the performance of the proposed frame-1278

work with that of the anchor implementation strategy, in which1279

only user movement is considered, under the same stable net-1280

work conditions. We can infer that the anchor implementation1281

strategy can also satisfy user intent under such conditions,1282

as shown by the resolution results. The FPS results for the1283

anchor implementation strategy indicate that this method does1284

not account for the object behaviour, since a higher FPS of1285

≈ 30 is utilized for the same static object. This conclusion was1286

confirmed by the throughput results, showing the increased1287

bandwidth under these conditions. Thus, the proposed method1288

provides more effective resource utilization than the anchor1289

implementation method.1290

2) Framework Performance with Dynamic Object Be-1291

haviour Under Stable Network Conditions: Fig. 18 shows the1292

performance of the proposed framework in the case of dynamic1293

object behaviour under stable network conditions with a 0 ms1294

delay and 0% packet loss. The figure results indicate that1295

the proposed framework can effectively satisfy user intent1296

via the intelligent adaptation strategies while accounting for1297

user and object behaviours under such ideal conditions. The1298

FPS results provide further insight. After the object behaviour1299

is determined, the maximum FPS supported for the corre-1300

sponding resolution is provided. Furthermore, the resolution1301

results indicate the suitability and flexibility of the proposed1302

framework in attempting to satisfy user intent. The flexibility1303

of the proposed framework is displayed by its ability to freely1304

choose between the WQHD resolution, which allows for the1305

highest quality but not the highest FPS of ≥ 15 FPS, and1306

the FHD resolution, which provides higher quality than the1307

HD level but lower quality than the WQHD level with a1308

higher FPS of ≈ 25+ in an effort to satisfy user intent. The1309

throughput results validate these findings, showing increases1310

in throughput, indicating that the proposed framework can1311

effectively satisfy user intent under such stable conditions.1312

A comparison of the performance of the proposed frame-1313

work with that of the anchor implementation strategy, which1314

accounts for only user behaviour, indicates that the anchor 1315

implementation strategy can also satisfy user intentions under 1316

such stable conditions. However, the anchor implementation 1317

strategy does not account for object behaviour. Furthermore, 1318

the FPS and resolution results indicate that the anchor imple- 1319

mentation strategy is not flexible, thus limiting its ability to 1320

satisfy user intent. 1321

3) Comparative Analysis: Figs. 19 and 20 display a com- 1322

parison of the performance of the proposed framework with 1323

that of the state-of-the-art methods described in [27] and [22] 1324

in the case of static object behaviour under stable network 1325

conditions with a 0 ms delay and 0% packet loss. The figure 1326

shows that, similar to the proposed framework under such 1327

stable network conditions, the approaches described in [27] 1328

and [22] can provide the necessary adaptations to satisfy 1329

user intent. This is evident from the resolution results, which 1330

indicate that the quality level or resolution is increased on the 1331

basis of the user motion and proximity to the object, providing 1332

a satisfactory response. This conclusion is confirmed with 1333

increases in the throughput, corresponding to the adaptation 1334

decisions made. However, although the methods described in 1335

[27] and [22] display suitable performance in satisfying user 1336

intent, both adaptation schemes fail to effectively account 1337

for the source object behaviour. This is observed from the 1338

FPS results, which show that no adaptations based on the 1339

source object behaviour are made. The changes in the FPS 1340

for the methods described in [27] and [22] correspond with 1341

the maximum FPS of 15 for the WQHD level supported by 1342

the hardware. Thus, although the methods in [27] and [22] 1343

can satisfy user intent, the proposed framework provides more 1344

intelligent decisions and increased flexibility in addressing un- 1345

certainties associated with source object behaviour, as reflected 1346

in its multidimensional adaptability capacity. 1347
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Fig. 17. Experimental results: Framework performance with static object behaviour under stable network conditions (0 ms, 0% PLR)
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Fig. 18. Experimental results: Framework performance with dynamic object behaviour under stable network conditions (0 ms, 0% PLR)
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Fig. 19. Experimental results: Comparison of the performance of the proposed framework with that of state-of-the-art methods (Ref [27]) in the case of
static object behaviour (0 ms, 0% PLR)
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Fig. 20. Experimental results: Comparison of the performance of the proposed framework with that of state-of-the-art methods (Ref [22]) in the case of
static object behaviour (0 ms, 0% PLR)
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