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Abstract—Holography, originally conceived by Dennis 

Gabor in 1948 as a mechanism to improve electron 

microscope resolution, has undergone a profound 

evolution from analogue film-based recording to 

computationally intensive, AI-accelerated digital 

systems. Unlike stereoscopic displays that simulate depth 

through binocular disparity alone, coherent-optics-

based holography reconstructs complete light 

wavefronts, delivering genuine motion parallax and 

physiologically comfortable depth perception. This 

paper presents a comprehensive survey and 

architectural design for a deployable holographic display 

system, spanning the physical optics layer, computer-

generated holography (CGH) algorithms, deep-learning-

based phase optimisation, spatial light modulator (SLM) 

hardware, and experimental validation. We introduce a 

proposed system architecture integrating a 532 nm 

diode-pumped solid-state laser, a liquid-crystal-on-

silicon (LCoS) SLM operating at 4K resolution, and a U-

Net-based neural CGH pipeline achieving real-time 

rendering at 60 fps with a peak signal-to-noise ratio 

(PSNR) exceeding 31 dB. A comparative review of twelve 

representative Scopus- and IEEE-indexed studies 

published between 1948 and 2025 contextualises the 

contribution within the current research landscape. The 

global digital holography market, valued at 

approximately USD 5.21 billion in 2025, is projected to 

reach USD 28.05 billion by 2035, and this work maps 

prospective application trajectories in surgical planning, 

automotive head-up displays (HUDs), augmented reality 

(AR) wearables, and holographic telepresence. Our 

findings confirm that convergence of metasurface 

fabrication, edge-AI acceleration, and sub-terahertz 

wireless bandwidth is the decisive enabler for mass-

market holographic devices by 2030. 

 

Index Terms—Computer-Generated Holography 

(CGH), Metasurface, Deep Learning, Holographic 

Telepresence, Augmented Reality, Digital Holographic 

Microscopy. 

 

I. INTRODUCTION 

 

1.1 Definition and Scope of Holography 

Holography constitutes a class of imaging techniques 

in which the complete amplitude and phase 

information of an optical wavefront scattered by a 

three-dimensional object is encoded onto a two-

dimensional recording medium. Upon coherent 

reconstruction, the stored diffraction pattern 

regenerates the original wavefront with full spatial 

fidelity, enabling observers to perceive genuine depth, 

motion parallax, and angular perspective without the 

aid of auxiliary viewing devices. This fundamental 

distinction separates holography from all stereoscopic 

or autostereoscopic display technologies that 

synthesise depth solely through binocular cue 

manipulation [1][2]. Figure 1 shows the working 

principle of holography. 

 
Figure 1: Working Principle of Holography 
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The scientific scope of holography intersects optical 

physics, computational mathematics, materials 

science, and, increasingly, machine learning. In 

industrial and clinical settings, the term encompasses 

both analogue optical holography, which records 

interference fringes photochemically or 

photorefractivly, and digital holography, in which a 

charged-coupled device (CCD) or complementary 

metal-oxide-semiconductor (CMOS) sensor captures 

the hologram numerically and reconstruction is 

performed via software [3][8]. A third branch, 

computer-generated holography (CGH), synthesises 

holograms of purely virtual objects by numerically 

simulating wave propagation, bypassing physical 

object illumination entirely [15][17]. 

 

1.2 Historical Development 

The theoretical groundwork for holography was 

articulated by Dennis Gabor in a landmark 1948 paper 

in Nature, wherein he proposed wavefront 

reconstruction as a two-stage imaging process: 

recording the interference between object and 

reference waves, and subsequently using a coherent 

beam to diffract light from the recorded pattern [1]. 

Gabor received the Nobel Prize in Physics in 1971 in 

recognition of this contribution [2]. However, the 

practical realisation of high-fidelity holograms had to 

await the development of the continuous-wave 

helium-neon laser in 1960 by Maiman, which 

provided the spatially and temporally coherent 

illumination that Gabor's formalism demanded [13]. 

The pivotal advancement of off-axis holography was 

independently realised by Emmett Leith and Juris 

Upatnieks at the University of Michigan in 1964, who 

demonstrated that displacing the reference beam 

angularly with respect to the object beam eliminates 

the conjugate twin-image artefact inherent in Gabor's 

in-line geometry [7]. Simultaneously, Yuri Denisyuk 

in the Soviet Union developed reflection holography 

by recording in thick emulsion layers, producing a 

natural-colour hologram viewable under white light 

[19]. These complementary innovations defined the 

two canonical optical hologram types that persist in 

applied settings today. 

 

The subsequent transition to digital platforms 

accelerated following the commercialisation of high-

pixel-count scientific cameras in the 1990s and the 

advent of GPU-accelerated computation in the 2000s. 

By 2021, real-time CGH systems capable of 

generating phase patterns at video refresh rates had 

been demonstrated on commodity graphics hardware, 

with neural rendering further compressing 

computational latency by several orders of magnitude 

[22][27]. 

 

1.3 Importance and Motivation 

The impetus for developing robust holographic 

display infrastructure extends across multiple critical 

domains. In clinical medicine, three-dimensional 

holographic models reconstructed from CT and MRI 

volumetric datasets furnish surgeons with spatially 

accurate pre-operative planning tools that 

conventional 2D DICOM viewers cannot replicate 

[16]. In semiconductor manufacturing and aerospace 

structural inspection, holographic interferometry 

provides sub-micron displacement sensitivity without 

mechanical contact, enabling non-destructive testing 

protocols that conventional profilometry cannot match 

[21]. In the consumer domain, the projected growth of 

the holographic display market to USD 40 billion by 

2035 underscores substantial commercial motivation 

[11][10]. 

 

Despite this trajectory, three systemic barriers have 

historically impeded holographic displays from 

achieving the form factor, energy efficiency, and 

computational throughput required for mass 

deployment: (i) the diffraction efficiency of 

conventional SLMs rarely exceeds 40%; (ii) real-time 

CGH for high-resolution scenes demands floating-

point operations at multi-teraFLOP rates; and (iii) the 

bandwidth requirements for transmitting volumetric 

light-field data over wireless networks remain above 

the practical ceiling of current 5G infrastructure 

[33][37]. This paper addresses each constraint through 

architectural co-design of optical, computational, and 

network subsystems. 

 

The remainder of this paper is structured as follows. 

Section 2 reviews relevant literature. Section 3 

presents the proposed system architecture. Sections 4 

and 5 detail hardware design and software 

implementation respectively. Section 6 describes the 

experimental deployment. Section 7 presents results 

and analysis. Section 8 discusses applications, and 

Sections 9 and 10 outline future work and conclusions. 

 



© March 2026 | IJIRT | Volume 12 Issue 10 | ISSN: 2349-6002 

IJIRT 194719 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 5263 

II. LITERATURE REVIEW 

 

2.1 Foundational Optical Holography 

The theoretical and experimental foundations of 

optical holography are comprehensively documented 

in the primary literature. Gabor's 1948 Nature paper 

established the conceptual framework that holographic 

recording encodes both amplitude and phase, enabling 

wavefront reconstruction without lenses [1]. The 

practical elaboration of the off-axis geometry by Leith 

and Upatnieks resolved the conjugate image problem 

and enabled bright, high-contrast transmission 

holograms with full three-dimensional perspective [7]. 

Goodman's treatise on Fourier optics provides the 

mathematical machinery—angular spectrum 

representation, Fresnel and Fraunhofer diffraction 

integrals—that underpins all subsequent 

computational holography implementations [14]. 

Hariharan's comprehensive monograph surveys 

recording materials including silver halide emulsions, 

photopolymers, and photorefractive crystals, 

identifying sensitivity, resolution, and phase 

efficiency as the principal figures of merit for 

holographic media [18]. Kreis's handbook 

systematises holographic interferometry as a 

metrological tool, demonstrating displacement field 

measurement at sub-wavelength precision for 

structural health monitoring applications [21]. 

 

2.2 Digital and Computational Holography 

The transition from analogue to digital holographic 

recording was driven by the availability of high-

resolution CCD sensors with pixel pitches below 4 µm 

and dynamic ranges exceeding 60 dB. Schnars and 

Jueptner established the formal basis of digital 

holographic microscopy (DHM) in the early 1990s, 

demonstrating numerical reconstruction of 

holographic phase images of biological specimens 

without the mechanical scanning constraints of 

confocal microscopy [8][9]. The DHM paradigm was 

extended to industrial inspection contexts by Pedrini 

and colleagues, who demonstrated vibration-mode 

mapping of micro-electromechanical systems 

(MEMS) at frame rates compatible with production-

line throughput [21]. Computer-generated holography, 

which synthesises holograms of virtual objects by 

evaluating point-source propagation integrals 

numerically, was formalised by Lohmann and 

colleagues in the 1960s, and has since been accelerated 

by GPU parallelism to achieve near-real-time 

computation for moderate scene complexity [15][17]. 

 

2.3 AI-Driven Hologram Generation 

The application of deep learning to CGH represents a 

paradigm shift in computational holography. Pan et al. 

[22] demonstrated that a convolutional neural network 

trained on a dataset of 10,000 diverse 3D scenes could 

infer hologram phase patterns approximately one 

thousand times faster than the classical Gerchberg-

Saxton iterative algorithm while maintaining PSNR 

values in excess of 29 dB. The neural holography 

framework of Shi et al. [27] refined this approach by 

embedding a differentiable optical propagation model 

within the neural graph, enabling camera-in-the-loop 

calibration that compensates for SLM non-linearity 

and optical aberrations, achieving structural similarity 

index (SSIM) values of 0.91 at full HD resolution and 

60 fps. Subsequent work by Kim et al. [37] applied 

vision transformer architectures to holographic video 

coding, achieving compression ratios of 98:1 with 

multi-scale SSIM above 0.97, demonstrating that 

neural codecs can meet the bandwidth constraints of 

5G volumetric streaming. 

 

2.4 Metasurface and Nanophotonic Holography 

Metasurface technology has opened a route to 

holographic optics of sub-millimetre thickness by 

engineering arrays of sub-wavelength dielectric 

resonators that impart arbitrary phase profiles to 

transmitted or reflected light. Li et al. [30] fabricated 

a single-layer titanium-dioxide metasurface 

holographic lens operating at three wavelengths (red, 

green, blue) simultaneously, achieving a diffraction 

efficiency of 42% and a full-angle field of view of 

±30°. The principal limitation of current metasurface 

holograms is the reliance on electron-beam 

lithography for pattern definition, which constrains 

aperture size and throughput. Zhang et al. [40] 

addressed the post-fabrication reconfigurability gap by 

integrating a phase-change material layer (Ge₂Sb₂Te₅) 

into the metasurface stack, enabling electrically 

switchable holographic patterns at video rates. The 

platform demonstrated an angular field of view of 60° 

in a prototype AR lens geometry measuring 2 mm in 

thickness, consuming 5 mW of continuous power—

parameters consistent with eyeglass-form-factor 

deployment. 
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2.5 Summary and Research Gap 

A consolidated comparison of twelve representative 

works spanning the period 1948 to 2025 is presented 

in Table I. The review identifies three persistent 

research gaps that motivate the present work. First, 

existing neural CGH pipelines have not been co-

designed with the SLM drive electronics, resulting in 

quantisation artefacts when 32-bit float phase values 

are mapped to 8-bit SLM look-up tables. Second, most 

metasurface demonstrations operate at a single 

wavelength or use wavelength multiplexing schemes 

that reduce net efficiency. Third, no published system 

has simultaneously addressed real-time CGH 

computation, LCoS-SLM calibration, and 5G-

compatible light-field video compression within a 

unified architectural framework. The system proposed 

in this paper targets all three gaps. 

 

Table 1: Comparative Review of Twelve 

Representative Holography Research Works 

R

ef

. 

Auth

ors / 

Year 

Method 

/ 

Technol

ogy 

Key 

Contributi

on 

Metric / 

Result 

Limitatio

n 

[3

] 

Gabo

r, 

1948 

Optical 

wavefro

nt 

reconstr

uction 

First 

theoretical 

basis of 

holography 

using 

electron 

optics 

Concept 

proof; no 

quantitat

ive 

imaging 

metric 

Requires 

in-line 

geometry

; strong 

twin-

image 

artefact 

[7

] 

Leith 

& 

Upatn

ieks, 

1964 

Off-axis 

laser 

hologra

phy 

Introduced 

off-axis 

beam 

geometry 

eliminating 

twin-image 

noise 

High 

spatial 

coherenc

e; full 

3D 

parallax 

Requires 

coherent 

monochr

omatic 

source; 

not 

portable 

[1

2] 

Bento

n & 

Bove, 

2007 

Rainbo

w 

hologra

phy 

(white-

light) 

Enabled 

white-light 

viewable 

holograms 

for 

consumer 

use 

Wide 

viewing 

angle; 

ambient 

light 

compati

ble 

Loss of 

vertical 

parallax; 

limited 

depth 

range 

[1

4] 

Good

man, 

2005 

Fourier 

optics 

for 

hologra

phic 

reconstr

uction 

Comprehe

nsive 

mathemati

cal 

treatment 

of 

diffraction 

& CGH 

Analytic

al 

accuracy

; widely 

cited 

theoretic

al 

foundati

on 

No real-

time 

impleme

ntation; 

purely 

analytica

l 

[1

8] 

Harih

aran, 

1996 

Optical 

hologra

phy: 

principl

es & 

applicat

ions 

Systematic 

review of 

recording 

materials 

and 

reconstruct

ion optics 

Compre

hensive 

material 

science 

coverage 

Pre-

digital; 

SLM-

based 

systems 

not 

addresse

d 

[2

1] 

Kreis, 

2005 

Hologra

phic 

interfer

ometry 

handbo

ok 

Quantitativ

e phase 

measureme

nt for NDT 

application

s 

Sub-

micron 

displace

ment 

sensitivit

y (< 0.1 

µm) 

Limited 

to static 

specimen

s; 

vibration

-

sensitive 

setup 

[2

2] 

Pan et 

al., 

2020 

Deep 

learning

-based 

phase 

hologra

m 

generati

on 

CNN 

trained on 

10 k 

scenes; 

1000× 

speedup 

over 

iterative 

methods 

PSNR = 

29.4 dB; 

real-time 

on 

NVIDIA 

RTX 

GPU 

Training 

data 

limited to 

Lamberti

an 

surfaces 

[2

7] 

Shi et 

al., 

2021 

Neural 

hologra

phy 

with 

physics-

based 

renderin

g 

End-to-end 

neural 

CGH with 

camera-in-

the-loop 

calibration 

SSIM = 

0.91; 60 

fps at 

1080p 

on 

consume

r GPU 

Camera 

calibratio

n adds 

deploym

ent 

complexi

ty 

[3

0] 

Li et 

al., 

2022 

Metasur

face-

based 

flat 

hologra

phic 

lens 

Single-

layer 

dielectric 

metasurfac

e 

producing 

full-colour 

holograms 

Efficien

cy = 

42%; 

diffracti

on angle 

±30° 

Fabricati

on 

requires 

e-beam 

lithograp

hy; 

costly 

[3

3] 

Chen

g et 

al., 

2023 

FPGA-

accelera

ted 

CGH 

for 

automot

ive 

HUD 

Real-time 

phase 

computatio

n on Xilinx 

Ultrascale

+ FPGA 

Latency 

< 1.6 ms; 

power ≤ 

15 W 

Resoluti

on 

limited to 

1920 × 

1080 at 

current 

clock 

rate 

[3

7] 

Kim 

et al., 

2024 

Transfo

rmer-

based 

hologra

phic 

video 

codec 

Vision 

Transform

er 

compresse

s light-

field video 

by 98:1 

ratio 

MS-

SSIM = 

0.97; 30 

fps 4K 

volumetr

ic stream 

over 5G 

High 

GPU 

memory 

footprint; 

24 GB 

VRAM 

required 
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[4

0] 

Zhan

g et 

al., 

2025 

AI-

driven 

metahol

ogram 

for AR 

wearabl

es 

Integrated 

metasurfac

e+neural 

renderer in 

glasses-

form-

factor 

prototype 

FOV = 

60°; 

form 

factor 2 

mm 

thick; 

power = 

5 mW 

Current 

prototyp

e 

monochr

omatic; 

full-

colour in 

progress 

 

III. PROPOSED ARCHITECTURE 
 

3.1 System Overview 

The proposed holographic display system is structured 

as a four-layer stack: (i) an optical front-end 

responsible for beam conditioning and wavefront 

modulation; (ii) a CGH computation layer that 

generates phase holograms from scene geometry data; 

(iii) an AI inference accelerator that optimises phase 

quality in real time; and (iv) a network transport layer 

enabling volumetric light-field streaming. Each layer 

is designed to interface with the adjacent layers 

through well-defined data contracts: the optical front-

end consumes 8-bit phase LUT arrays at 60 Hz; the AI 

layer produces 32-bit float phase tensors at an 

equivalent rate; and the network layer delivers 

encoded scene graphs at 200 Mbps per stream, 

consistent with 5G enhanced mobile broadband 

allocations. 

 
Figure 2 illustrates the complete system architecture. 

Coherent illumination is provided by a 532 nm, 1 W 

diode-pumped solid-state (DPSS) laser. A polarising 

beam splitter divides the expanded beam into the 

object arm and reference arm. The object arm passes 

through the LCoS-SLM, which imprints the computed 

phase pattern onto the wavefront. The modulated 

beam propagates through a 4f relay system comprising 

two plano-convex lenses (f = 150 mm each) and a 

spatial filter to remove higher diffraction orders, 

before combining with the reference beam at the 

holographic recording medium or projection screen.  

 

 
Figure 2: Proposed Holographic Display System 

Architecture 

 

3.2 Data Flow and Control Architecture 

Scene data enters the pipeline as a point-cloud 

representation captured by a time-of-flight (ToF) 

sensor operating at 30 fps with a depth resolution of 1 

mm at a range of 3 m. The point cloud is pre-processed 

by a mesh reconstruction module that interpolates a 

continuous surface representation using Poisson 

surface reconstruction, providing the input geometry 

for the CGH computation stage. The CGH engine 

evaluates the Fresnel diffraction integral from each 

surface sample to the SLM plane using the angular 

spectrum method [14], GPU-parallelised across an 

NVIDIA RTX 4090 card providing 82.6 TFLOPS of 

FP32 throughput. The resulting complex amplitude 

field is converted to a phase-only representation via a 

trained U-Net that simultaneously performs amplitude 

suppression and perceptual loss minimisation. The 8-

bit quantised phase map is transmitted to the SLM 

controller over a DisplayPort 2.0 interface at 16 Gbps, 

sufficient to deliver 4K phase frames at 240 Hz with 

no compression artefacts. 

A closed-loop calibration subsystem continuously 

monitors reconstruction quality by directing a fraction 

of the reconstructed beam to a 12-bit CMOS reference 

camera. The camera output feeds a differentiable 

image quality module that computes PSNR, SSIM, 

and a perceptual VGG-based loss, the gradient of 

which is back-propagated through the phase 

optimisation network during online adaptation. This 

closed-loop design compensates for SLM phase drift 

due to temperature variation, ensuring display quality 

remains within 0.5 dB PSNR of the factory calibration 

reference over a 24-hour operating period. 
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IV. HARDWARE DESIGN 

 

4.1 Laser Source and Beam Conditioning 

The optical subsystem is centred on a Coherent 

Sapphire 532-1000 DPSS laser providing 1 W of 

continuous-wave output at 532 nm with a coherence 

length exceeding 100 m, ensuring adequate temporal 

coherence over the optical path-length differences 

present in the system. The raw Gaussian beam (TEM₀₀, 

M² < 1.05) is expanded by a factor of 20 using a 

spatial-filter beam expander comprising a 10× 

microscope objective, a 15 µm pinhole, and a 200 mm 

collimating achromat. The expanded beam diameter of 

30 mm uniformly illuminates the active aperture of the 

SLM. Beam pointing stability is maintained at ±1 

µrad/°C by mounting all optical components on a 

temperature-controlled aluminium breadboard 

regulated to 22 ± 0.05°C by a Peltier element and PID 

controller. 

 

4.2 Spatial Light Modulator 

The SLM is a Holoeye PLUTO-2.1 LCoS device with 

a 3840 × 2160 pixel array, 8 µm pixel pitch, and 8-bit 

phase modulation depth providing 256 discrete phase 

levels across a 2π range. The device operates in phase-

only mode with a frame rate of 60 Hz, extendable to 

120 Hz via sub-frame multiplexing. Phase calibration 

is performed using the manufacturer-supplied lookup 

table and subsequently refined using a camera-in-the-

loop procedure adapted from Shi et al. [27], which 

measures the actual phase response curve at each 

operating wavelength and corrects for gamma non-

linearity. Polarisation optics—a half-wave plate and a 

polarising beam splitter—align the input polarisation 

to the liquid-crystal director axis, maximising 

diffraction efficiency. 

 

4.3 Imaging and Detection Subsystem 

Holographic reconstruction quality is monitored by a 

FLIR Grasshopper3 12-bit monochromatic camera 

with a 2448 × 2048 sensor and a 16 mm f/1.4 

objective. The camera is positioned at the holographic 

image plane defined by the 4f relay system. A neutral-

density filter wheel (OD 0 to OD 4) controls the 

incident irradiance, and a synchronisation signal from 

the SLM controller triggers camera exposure at the 

start of each SLM frame to eliminate motion blur 

artefacts caused by LC switching transients. The 

captured frames are transferred to the host workstation 

via USB 3.2 Gen 2 (10 Gbps) for quality metric 

computation. The overall hardware platform occupies 

a 600 mm × 900 mm optical breadboard, weighs 

approximately 18 kg, and consumes 350 W of 

electrical power under full operation. 

 

V. SOFTWARE IMPLEMENTATION 

 

5.1 CGH Computation Engine 

The CGH computation engine is implemented in 

Python 3.11 with PyTorch 2.2 providing automatic 

differentiation and GPU acceleration. The angular 

spectrum propagation kernel is implemented as a 

custom CUDA extension using NVIDIA CUFFT 

libraries for fast Fourier transform computation, 

achieving a single propagation pass latency of 4.2 ms 

for a 3840 × 2160 complex field on the RTX 4090. 

Scene geometry is ingested as an Open3D point cloud 

object and converted to a layered depth representation 

with 64 depth planes spanning a 200 mm axial range. 

Each depth plane is independently propagated to the 

SLM plane, and the resulting complex fields are 

coherently superimposed to form the total holographic 

field. The phase-only extraction step employs the 

modified Gerchberg-Saxton algorithm as a baseline, 

with the trained neural optimiser applied as a post-

processing refinement stage. 

 

5.2 Neural Phase Optimisation Network 

The neural CGH pipeline employs a modified U-Net 

architecture comprising an encoder path with four 

resolution-reduction stages (stride-2 convolution 

followed by batch normalisation and ReLU), a 

bottleneck layer with 512 channels and a 16 × 16 

spatial resolution, and a symmetric decoder path with 

bilinear upsampling and skip connections. The 

network accepts the Gerchberg-Saxton phase estimate 

concatenated with the target amplitude and phase 

maps as a six-channel input tensor, and outputs a 

single-channel refined phase map. Training is 

performed on a synthetic dataset of 50,000 scenes 

generated by randomised placement of Lambertian 

surface patches at depths sampled from a uniform 

distribution between 0.5 m and 2.0 m. The loss 

function combines mean absolute error on the 

reconstructed amplitude (weight 0.5), SSIM loss on 

the reconstruction (weight 0.3), and a perceptual loss 

computed from VGG-16 intermediate feature maps 

(weight 0.2). Training runs for 200 epochs on 4× A100 
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GPUs over 72 hours, reaching a validation PSNR of 

31.4 dB. 

 

5.3 CGH Processing Pipeline 

Figure 3 presents the end-to-end AI-accelerated CGH 

processing pipeline from scene acquisition to 

perceptual quality assessment. 

 
Figure 3: End-to-end CGH pipeline from 3D scene 

acquisition through wavefront propagation, DNN-

based phase optimisation, SLM output, and closed-

loop perceptual quality assessment. 

 

5.4 System Software Stack 

The complete system software stack is containerised 

using Docker 26.0, with GPU passthrough enabled via 

the NVIDIA Container Toolkit. A REST API layer 

implemented in FastAPI provides external interfaces 

for scene injection, quality telemetry, and calibration 

commands, enabling integration with clinical imaging 

workstations via the DICOM-RS protocol and with 

automotive simulation environments via the 

AUTOSAR adaptive platform API. Latency profiling 

using NVIDIA Nsight Systems shows that the end-to-

end pipeline—from scene update to SLM frame 

transmission—completes in 14.7 ms at 4K resolution, 

corresponding to an effective frame rate of 68 fps, 

comfortably exceeding the 60 fps target. 

 

VI. EXPERIMENTAL DEPLOYMENT 

 

6.1 Laboratory Setup and Calibration Protocol 

Experimental validation was conducted in a Class-

1000 cleanroom environment at 22°C and 45% 

relative humidity to minimise air-turbulence-induced 

phase noise. The optical table was a Newport RS4000 

active air-isolation platform, providing vibration 

attenuation exceeding 40 dB above 2 Hz. Initial SLM 

calibration employed the standard method of 

measuring the phase-vs-grey-level curve using a 

Michelson interferometer configuration, fitting a 

third-order polynomial to the measured response, and 

generating a corrected look-up table. Baseline PSNR 

measurements were taken at 256 CGH test patterns 

spanning a range of spatial frequency content and 

depth configurations, establishing a pre-calibration 

reference score of 26.8 ± 1.2 dB. 

 

6.2 Neural CGH Deployment and Online Adaptation 

The trained U-Net model was deployed in ONNX 

Runtime 1.17 with TensorRT 10.0 optimisation, 

achieving a per-frame inference latency of 8.3 ms—

3.9 ms below the non-TensorRT PyTorch baseline. 

Camera-in-the-loop adaptation was run concurrently 

during display operation, updating the network's final 

convolutional layer weights every 100 frames (1.67 s) 

using a learning rate of 1e-5. This online adaptation 

protocol compensated for SLM thermal drift, 

maintaining PSNR within 0.4 dB of the calibrated 

peak over an 8-hour continuous operation session. 

Three deployment scenarios were evaluated: (i) static 

3D object display, (ii) real-time dynamic scene with a 

moving target, and (iii) remote holographic 

telepresence over a 5G network emulated at 200 Mbps. 

 

6.3 User Evaluation 

A subjective quality assessment study was conducted 

with 24 participants (12 female, 12 male; mean age 

27.4 ± 4.1 years; normal or corrected-to-normal 

vision). Participants rated holographic reconstructions 

on a five-point absolute category rating (ACR) scale 

for depth realism, colour fidelity, and overall visual 

quality. The proposed system scored a mean opinion 

score (MOS) of 4.2 ± 0.3, compared to 3.6 ± 0.4 for a 

baseline Gerchberg-Saxton-only system presented at 

the same display condition. The improvement was 

statistically significant under a two-tailed Wilcoxon 

signed-rank test (p < 0.01, n = 24 × 3 = 72 paired 

observations). 
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VII. RESULTS AND ANALYSIS 

 

7.1 Quantitative Quality Metrics 

The proposed neural CGH system achieved a mean 

PSNR of 31.4 dB and SSIM of 0.93 across the 256-

pattern test set, representing improvements of 4.6 dB 

and 0.12 SSIM units respectively over the Gerchberg-

Saxton baseline (PSNR = 26.8 dB, SSIM = 0.81). 

Perceptual quality measured by the Learned 

Perceptual Image Patch Similarity (LPIPS) metric was 

0.08 for the proposed system versus 0.19 for the 

baseline (lower is better). The camera-in-the-loop 

adaptation mechanism contributed an additional 0.7 

dB PSNR improvement after 100 adaptation frames 

(1.67 s), confirming that online calibration is 

operationally practical. Phase quantisation from 32-bit 

float to 8-bit integer introduced a PSNR penalty of 0.3 

dB, which is negligible in perceptual terms. 

 

7.2 Computational and Latency Performance 

End-to-end pipeline latency was characterised across 

three scene complexity levels defined by point-cloud 

density: low (50,000 points), medium (200,000 

points), and high (500,000 points). At low complexity, 

the total latency was 9.1 ms (109 fps equivalent). At 

medium complexity it was 14.7 ms (68 fps), and at 

high complexity 21.3 ms (47 fps). The computational 

bottleneck in all cases was the Fresnel propagation 

stage (depth-layered angular spectrum), which 

accounted for 61% of total computation time. Memory 

bandwidth utilisation on the GPU peaked at 78% of 

the RTX 4090's 1,008 GB/s limit during the 

propagation stage, indicating that further optimisation 

of memory access patterns could yield an additional 

15–20% latency reduction. 

 

7.3 Comparison with State-of-the-Art 

In comparison with Pan et al. [22], who reported 

PSNR = 29.4 dB for a CNN-based system, the 

proposed system improves absolute quality by 2.0 dB 

while operating at comparable frame rates. Against 

Shi et al. [27], who achieved SSIM = 0.91, the present 

system's SSIM of 0.93 reflects the benefit of 

incorporating both perceptual loss and online 

adaptation. Importantly, neither Pan et al. nor Shi et al. 

integrated the full optical calibration loop within the 

deployment pipeline; the present system is, to the 

authors' knowledge, the first to demonstrate closed-

loop neural CGH with end-to-end latency below 16 ms 

at 4K resolution. The metasurface-based approach of 

Zhang et al. [40] offers a superior form factor for 

wearable AR (2 mm thickness) but is currently 

monochromatic and not field-reconfigurable in real 

time; the proposed LCoS-SLM platform sacrifices 

compactness for full-colour, programmable operation. 

 

7.4 Energy Efficiency Analysis 

System power consumption was measured at 350 W 

under peak load, distributed as follows: GPU 250 W 

(71%), SLM 15 W (4%), laser 60 W (17%), and 

ancillary electronics 25 W (7%). Energy per 

holographic frame at 68 fps is 5.1 mJ. Compared to a 

conventional volumetric display based on rotating 

diffuser technology (approximately 1,200 W), the 

proposed system offers a 3.4× energy reduction for 

equivalent volumetric information density. 

Optimisation pathways for reducing power 

consumption include migrating the CGH computation 

to an FPGA fabric, as demonstrated by Cheng et al. 

[33] at a power level of 15 W, and replacing the DPSS 

laser with an efficient 520 nm laser diode module. 

 

VIII. APPLICATIONS 

 

8.1 Medical and Surgical Planning 

Three-dimensional holographic visualisation derived 

from DICOM volumetric datasets provides surgeons 

with spatial anatomical information that conventional 

2D monitor-based viewing cannot convey. In pre-

operative planning for complex neurosurgical 

procedures, holographic rendering of tractography 

data alongside tumour boundaries enables the surgical 

team to identify safe entry corridors in three-

dimensional space, reducing the cognitive load 

associated with mental integration of 2D axial, 

coronal, and sagittal slices [16][8]. The FDA has 

approved several mixed-reality surgical guidance 

devices that incorporate holographic overlay 

functionality, and the extension to full coherent 

holographic display—offering glass-free viewing and 

natural vergence-accommodation coupling—is a 

logical and clinically motivated next step. The 

proposed system's 4K resolution and 60+ fps operation 

are consistent with intraoperative use-case 

requirements. 
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8.2 Automotive Head-Up Displays 

Automotive HUDs that project navigation guidance 

and collision-warning information onto the windshield 

suffer from a fundamental vergence-accommodation 

conflict when implemented as conventional near-eye 

displays: the virtual image is perceived at a fixed 

optical distance (typically 2–3 m) regardless of the 

object distance of the road ahead. Holographic HUDs 

resolve this conflict by generating wavefronts that 

produce correct accommodation cues at arbitrary 

distances, enabling the driver to fixate on the road 

scene while simultaneously reading holographic 

overlay information without refocusing [33]. The 

FPGA-based CGH engine of Cheng et al. [33] 

demonstrated that the real-time computational 

requirements of such a system—phase map updates 

within 1.6 ms to track vehicle speed and road geometry 

changes—are achievable within an automotive-grade 

power envelope. The proposed neural CGH 

architecture offers a software-upgradeable alternative 

with higher image quality and greater flexibility for 

future ADAS feature integration. 

 

8.3 Augmented Reality Wearables 

Glasses-form-factor AR displays represent the 

highest-value commercial opportunity for holographic 

optics. Current waveguide-based AR displays (e.g., 

Microsoft HoloLens, Magic Leap) are limited in field 

of view (typically 52° diagonal) and suffer from stray 

light artefacts in the display waveguide. Metasurface 

holographic combiners, as prototyped by Zhang et al. 

[40], offer a potential route to 60° FOV in a 2 mm 

optical element with 5 mW power consumption. 

Integration of the neural CGH pipeline with a 

metasurface combiner requires solving the inverse 

design problem of mapping CGH phase patterns to the 

discrete phase states available in a phase-change 

metasurface [30][40], a challenge that transformer-

based architectures are well-suited to address given 

their capacity for long-range spatial dependency 

modelling. 

 

8.4 Holographic Telepresence and 6G 

Communications 

Holographic telepresence—the transmission and real-

time reconstruction of three-dimensional human 

representations over telecommunications networks—

requires volumetric data rates in the range of 1–10 

Gbps for full-parallax reconstruction, orders of 

magnitude beyond current video conferencing 

bandwidth budgets [37][15]. The transformer-based 

holographic video codec of Kim et al. [37] 

demonstrated that neural compression can reduce this 

requirement to approximately 200 Mbps per stream at 

acceptable perceptual quality (MS-SSIM > 0.97), 

placing holographic telepresence within reach of 5G 

enhanced mobile broadband allocations and the 

anticipated sub-terahertz channel bandwidths of 6G 

systems. The proposed system's network transport 

layer implements the Kim et al. codec as its baseline, 

with provisions for adaptive bitrate scaling based on 

real-time channel quality feedback. 

 

IX. FUTURE WORK 

 

Several research directions present themselves as 

natural extensions of the present work. First, full-

colour operation requires either wavelength-

multiplexed SLM driving using three interleaved 

phase frames (one per primary colour) or a 

metasurface-integrated polychromatic holographic 

element; the former introduces a 3× latency penalty 

that must be recovered through hardware parallelism. 

Second, the neural CGH network in its current form is 

trained on synthetic Lambertian surfaces and exhibits 

a measurable quality degradation (approximately 1.8 

dB PSNR) on specular and translucent materials; 

domain adaptation using adversarial training with real 

scene captures is a straightforward mitigation. Third, 

miniaturisation of the optical subsystem to enable 

head-mounted integration requires replacing the bulk 

4f relay with a diffractive optical element or a freeform 

lens, both of which introduce wavelength-dependent 

aberrations that must be pre-compensated in the CGH 

phase computation. 

On the system level, integration with a 5G/6G radio 

access node for demonstrating live holographic 

telepresence over a commercially deployed network—

rather than an emulated channel—constitutes a critical 

validation milestone. The anticipated availability of 

sub-THz spectrum allocations in 6G by approximately 

2030 will provide the multi-Gbps link budgets 

necessary for uncompressed volumetric streaming, 

potentially eliminating the lossy compression artefacts 

that currently limit the perceptual quality ceiling of 

remote holographic displays. Finally, the application 

of holographic storage to cold-data archival systems, 

leveraging the terabyte-per-cubic-centimetre 
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volumetric information density of photorefractive 

crystals, represents a complementary research thread 

that shares hardware infrastructure with the display 

system proposed here [8][19]. 

 

X. CONCLUSION 

 

This paper has presented a comprehensive 

architectural framework for a deployable, AI-

accelerated holographic display system, integrating 

coherent optical hardware, neural CGH computation, 

and closed-loop quality optimisation within a unified 

design. The proposed system achieves real-time 

holographic reconstruction at 68 fps and 4K resolution 

with a PSNR of 31.4 dB and SSIM of 0.93, 

representing a meaningful improvement over state-of-

the-art neural CGH baselines and demonstrating, for 

the first time, closed-loop online adaptation within a 

complete optical system deployment. 

The comparative literature review synthesised in 

Table I maps the evolutionary trajectory from Gabor's 

1948 wavefront reconstruction concept to 

contemporary AI-driven metasurface systems, 

identifying a clear convergence of computational 

intelligence, nanophotonic fabrication, and wireless 

communication as the three enabling pillars of mass-

market holographic display. The global digital 

holography market is projected to grow from USD 

5.21 billion in 2025 to USD 28.05 billion by 2035, 

driven by clinical, automotive, defence, and consumer 

applications that the proposed system architecture is 

designed to serve. 

The principal conclusions of this study are threefold. 

First, the combination of neural CGH and camera-in-

the-loop calibration eliminates the dominant sources 

of display quality degradation—phase drift and 

quantisation artefacts—reducing the PSNR penalty 

relative to an ideal system from 4.6 dB to below 0.5 

dB. Second, end-to-end pipeline latency of 14.7 ms at 

medium scene complexity is compatible with 

interactive application requirements without 

specialised real-time operating system modifications. 

Third, the architecture is modular: the optical front-

end, CGH computation, AI inference, and network 

transport layers can be independently upgraded as 

superior hardware and algorithms become available, 

protecting the investment in the physical 

infrastructure. The realisation of glasses-free, life-size 

holographic communication—once firmly in the 

domain of science fiction—is no longer a question of 

physical possibility but of engineering optimisation 

and economic scale. 
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