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Abstract

Visible light communication (VLC) can reduce radio-frequency (RF) congestion in indoor
industrial monitoring, but a short transmitted payload does not by itself prove that visual
or task-relevant information has been preserved. This study therefore frames the proposed
method as an autoencoder-based compact latent-payload transmission scheme and explic-
itly distinguishes it from channel-aware joint source-channel coding (JSCC). Raw red-green—
blue (RGB), lossless Huffman, and autoencoder latent payloads are first compared under the
same VLC model using bit error rate (BER), calculated /model-derived VLC transmission
energy, reconstruction quality, and task utility. The 128-component latent representation
contains 4096 bits, corresponding to a 294-fold payload-size reduction relative to an un-
compressed 224 x 224, 24-bit RGB image; this ratio is used only as a raw-payload reference
and not as a general codec-compression claim. An independent industrial-domain audit is
conducted on 30 Northeastern University (NEU) steel-surface images using four-fold out-
of-fold evaluation, peak signal-to-noise ratio (PSNR), structural similarity index measure
(SSIM), and a fixed defect-class proxy. An NEU architecture-and-resolution comparison
shows that changing from Compact-NEU to the full 224 x 224 model increases PSNR from
14.12 dB to 15.61 dB at the same 4096-bit bottleneck, while a regularized full model gives
the highest SSIM of 0.471. Because input resolution and network capacity both change
in this comparison, the result is interpreted as evidence that the architecture/resolution
setting contributes to the industrial-domain gap, not as a strict isolation of capacity alone.
Finally, an end-to-end JSCC-VLC baseline with 4096 nonnegative optical channel uses is
trained through a differentiable intensity channel. It obtains 23.82 dB/0.568 SSIM in the
clean case and 22.18 dB/0.519 SSIM at 5 dB SNR, showing more channel-aware behavior
and more graceful degradation than the separated serialized-latent pipeline. Overall, the
results support the modeled energy and active-time benefits of compact latent payloads
while showing that robust industrial visual transmission requires architecture/resolution
controls, practical codec baselines, and channel-aware JSCC comparisons.

Keywords: visible light communication; compact latent payload; convolutional autoencoder;
joint source-channel coding; industrial image transmission; energy efficiency
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1. Introduction

Industry 4.0 has increased the demand for wireless links that can support sensing, mon-
itoring, and machine coordination under tight reliability and energy constraints. Factories,
warehouses, and automated indoor facilities concentrate robots, sensors, cameras, and con-
trol devices in electromagnetically dense spaces, where conventional radio-frequency (RF)
systems compete for spectrum and may suffer from interference, congestion, or electromag-
netic compatibility restrictions. These conditions motivate the search for complementary
short-range technologies that can deliver predictable connectivity without increasing the
RF burden [1].

Visible light communication (VLC) is one of the most promising options for such
scenarios [2,3]. By modulating LED luminaires already installed for illumination, VLC can
provide data transmission over an unlicensed optical spectrum while preserving spatial
confinement and intrinsic immunity to electromagnetic interference [4]. Foundational and
applied studies have shown that VLC can support indoor links with attractive security,
reuse, and coexistence properties, especially in environments where RF emissions are
undesirable or heavily constrained [1,5,6]. However, the same environments that motivate
VLC also create important design challenges. Indoor industrial links remain sensitive to
line-of-sight geometry, distance-dependent attenuation, ambient light, optical reflections,
intersymbol interference, and partial blockage caused by machinery or moving elements.

These limitations become more critical when the payload is visual. Industrial inspec-
tion, remote supervision, and scene-aware monitoring often require the transmission of
images rather than scalar sensor values. A conventional 224 x 224 RGB image contains
more than one million bits before channel coding, which translates into substantial trans-
mission energy and channel occupancy. Classical syntactic schemes can reduce this burden
while preserving bit-level fidelity, but they still depend on exact recovery of the encoded
stream. In noisy optical links, small bit errors may propagate through compressed pay-
loads and degrade the reconstructed image disproportionately, which makes the trade-off
between compression and robustness especially difficult for industrial VLC [7].

Semantic communication changes this design objective [8]. Instead of maximizing
bitwise fidelity, it seeks to preserve the information that is relevant for interpretation, per-
ception, or a downstream task. Recent surveys have framed semantic communication as a
natural extension of conventional communication theory toward utility-aware transmis-
sion [9,10]. For image signals, deep neural networks, especially convolutional autoencoders
and related end-to-end models, can learn latent representations that retain salient visual
structure with a much smaller payload than direct pixel transmission. Recent work also
shows that learned image representations can remain useful under severe bitrate reductions
and noisy-channel conditions [11-14].

The application of learned, utility-aware visual representations to VLC is promising
and still developing. Existing studies indicate that semantic models can maintain perceptual
coherence and tolerate optical impairments better than strictly syntactic approaches [15].
Nevertheless, the literature remains fragmented across three partially disconnected lines
of work: industrial VLC studies that focus on physical-layer feasibility, semantic image
compression studies that do not model the optical channel explicitly, and end-to-end
semantic communication studies developed mainly for RF links. As a result, there is still
limited evidence about how learned compact image-payload transmission behaves in a
realistic industrial VLC setting when it is compared directly against raw transmission and
classical lossless compression under the same channel assumptions.

This paper addresses that gap through a comparative study of three image-payload
representations over a common indoor industrial VLC channel: raw RGB transmission,
lossless Huffman coding, and a convolutional autoencoder with a 128-component latent
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vector. The channel model includes distance variation, background illumination, one optical
interferer, intersymbol interference, stochastic blockage, and receiver noise. The impairment
set is optical-link oriented and focuses on the channel effects most relevant to the evaluated
VLC scenario rather than on a complete electromagnetic-compatibility model of a factory.
The objective is deliberately focused: we ask how payload length changes transmission
energy and how reconstruction fidelity and a downstream industrial proxy change under
payload errors. The learned latent representation is therefore assessed with reconstruction
and task metrics in addition to BER and SNR, rather than being treated as automatically
equivalent to end-to-end semantic or J[SCC transmission.

The contributions are sixfold. First, the three separated payload representations are
evaluated under the same framing and VLC assumptions, while actual transmission and
processing energy are reported without baseline-normalized “equivalent information”
scaling. Second, visual fidelity is quantified using PSNR and SSIM, including image-level
bootstrap confidence intervals and paired Wilcoxon tests. Third, a separate industrial-
domain audit uses steel-surface defect images and a fixed histogram-of-oriented-gradients
support-vector machine (HOG-SVM) as a defect-class proxy to test whether reconstructed
images retain information useful for a downstream task. Fourth, payload-error robustness
is defined through the slope of reconstruction quality versus logarithmic BER and is
interpreted jointly with the absolute quality level, so stable curves are evaluated in the
context of their reconstruction fidelity and task utility. Fifth, an architecture-capacity
ablation quantifies how much the compact NEU audit network affects the industrial-
domain conclusions. Sixth, an end-to-end JSCC-VLC baseline is added to distinguish
the proposed separated serialized-latent pipeline from a truly channel-aware learned
transmission system.

The comparison is framed as a controlled system study and as a rate-context evalua-
tion rather than as a complete codec benchmark. A rate-matched JPEG reference is included
in the industrial audit to contextualize the 4096-bit latent payload. The analysis also distin-
guishes channel BER from decoder failure: variable-length Huffman desynchronization
affects reconstructed-image quality and frame recovery, not the physical definition of BER
itself. The resulting interpretation is measured: the current separated autoencoder pipeline
provides large reductions in payload size and optical active time, while the industrial
evidence and JSCC comparison highlight the need for stronger preservation of fine defects,
channel-aware training, and downstream task cues. Task-aware losses, larger industrial
training sets, forward-error correction, and hardware validation are natural next steps
toward deployment-oriented evaluation.

2. State of the Art

The recent convergence of optical wireless communication and learned signal repre-
sentation has created a new research space in which VLC, image compression, and semantic
communication intersect. The literature already provides strong evidence that each of these
areas is individually mature enough to justify integration. What remains less developed is
a unified understanding of how they interact under realistic industrial constraints.

2.1. Industrial VLC for Indoor Environments

VLC has been widely proposed as a complement to radio-frequency systems in indoor
industrial spaces because it exploits existing illumination infrastructure and offers immunity
to electromagnetic interference. Reviews, standards-oriented papers, and channel studies
show that industrial deployments can benefit from directional coverage, high spatial reuse,
and physical security, but performance is tightly conditioned by optical geometry, receiver
field of view, multipath reflections, background light, and dimming constraints [1,5,6,16,17].
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In warehouses and production floors, metallic surfaces, moving machinery, and heterogeneous
lighting create fluctuations in received power and BER, which means that realistic evaluation
must include more than a simple line-of-sight channel model.

2.2. Classical Syntactic Compression for Visual Payloads

When visual data must be transmitted efficiently, conventional systems usually rely
on syntactic compression. Lossless approaches such as Huffman coding remain attractive
when exact reconstruction is mandatory because they reduce redundancy without intro-
ducing distortion [7]. However, these methods still encode the signal at the bit level and
therefore remain vulnerable to channel errors. Their efficiency also depends on statistical
redundancy rather than semantic relevance, so they cannot prioritize visually meaning-
ful content when the channel becomes unreliable. For industrial VLC, this limitation is
important because even modest optical degradation may invalidate an otherwise com-
pact bitstream.

2.3. Semantic Communication for Images

Semantic communication has shifted attention from exact symbol recovery to task-
relevant content preservation. Surveys by Xin et al. and Wheeler and Natarajan identify
semantic communication as a key research direction for next-generation networks and
highlight the role of shared knowledge, context, and neural representations in improving
communication efficiency [9,10]. For visual data, deep models such as convolutional
autoencoders and learned source-channel coding architectures can compress images into
low-dimensional latent spaces that are jointly optimized for reconstruction quality and
robustness. Foundational neural transmission studies have also shown that deep joint
source—channel coding (JSCC) yields graceful degradation under channel mismatch and
low signal-to-noise ratio (SNR) operation, which is closely aligned with the objectives
of semantic image delivery [18,19]. Recent image-oriented studies report that semantic-
aware compression and end-to-end neural transmission preserve perceptual coherence
even at ultra-low bitrates [11-13]. In parallel, reviews of deep learning at the physical layer
show that end-to-end models can learn channel-aware modulation, coding, and recovery
strategies that outperform rigid analytical pipelines in complex environments [14].

2.4. Semantic Communication over VLC and Remaining Gap

The application of semantic models to VLC is more recent. Chen et al. showed that
semantic image transmission over VLC can maintain visual coherence under severe optical
degradation, and their results provide early evidence that learned latent representations
are compatible with practical optical links [15]. Even so, prior work has not yet established
a comprehensive benchmark for industrial indoor VLC. The current literature rarely
compares semantic transmission against both raw and lossless syntactic baselines under
the same physically realistic channel model, and it seldom combines optical metrics with
an explicit evaluation of processing energy. Consequently, an important gap remains:
there is still no integrated assessment of the trade-off among payload duration, energy
consumption, reconstruction fidelity, and downstream task utility for noisy industrial VLC
image links. The present work is designed precisely to fill that gap.

To make this gap more explicit, Table 1 summarizes how representative previous works
differ from the present study. Foundational VLC and optical-wireless studies established
the channel, modulation, and deployment constraints of indoor optical links, but they did
not address semantic image reconstruction or task-oriented visual payloads [5,6,16,17].
Deep JSCC and semantic-communication studies demonstrated graceful degradation and
compact learned representations for images, but most of them were developed for generic
wireless or abstract channels rather than industrial VLC links [11-13,18,19]. The semantic
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VLC work of Chen et al. is the closest optical reference; however, it does not benchmark
raw, lossless, and semantic transmission under a unified industrial channel that includes
attenuation, background light, optical interference, intersymbol interference (ISI), blockage,

receiver noise, and processing energy [15].

Table 1. Positioning of the present work with respect to representative previous studies.

Reference Group

Main Scope and Metrics

Difference from the Present Work

Foundational and
industrial
VLC [1,5,6,16,17]

Deep JSCC and
semantic image
transmission [11-13,18,19]

Semantic VLC [15]

Present study

Optical channel modeling, indoor VLC feasibility,
modulation, dimming, link budget, geometry,
and deployment constraints

Learned image representation, graceful
degradation, reconstruction quality, robustness,
bitrate reduction, and semantic relevance

Semantic image transmission over VLC using deep
generative models and visual robustness under
optical degradation

Common VLC link evaluation plus an
industrial-domain audit using payload size, BER,
actual energy, PSNR, SSIM, quality-degradation
slopes, and a downstream defect-class proxy

These works establish the VLC physical-layer
basis but do not evaluate semantic image
payloads or processing-energy trade-offs.
These studies motivate learned visual
transmission but generally do not include a
realistic VLC channel with optical interference,
blockage, and receiver noise.

This is the closest prior optical study, but it
does not provide a unified comparison against
raw and lossless baselines with explicit
communication and energy metrics.

The study separates communication efficiency
from visual/task utility and reports conditions
under which a compact latent payload fails to
preserve industrial details.

The semantic-aware image compression architecture of Wang et al. [12] is the closest
source-representation reference. This comparison does not claim superiority from payload
size alone. Instead, the 4096-bit semantic payload is evaluated together with PSNR, SSIM,
a rate-matched JPEG reference, and a downstream industrial proxy. This distinction is
essential because a low transmitted bit count can reduce optical active time while still
discarding fine task-relevant information.

3. Materials and Methods
3.1. Dataset Preparation

The original VLC link and energy campaign used preprocessed ImageNet Large Scale
Visual Recognition Challenge 2012 (ILSVRC2012) natural images [20]. Each image was
resized while preserving aspect ratio until the shorter side reached 256 pixels, followed by
a centered 224 x 224 RGB crop. This natural-image campaign is used only for link-level
and prototype-energy characterization. The 224 x 224 semantic weights for that campaign
were trained on the available preprocessed ILSVRC2012 natural-image pool and then fixed
before VLC transmission runs. Because the random image selection was not documented as
an independent held-out reconstruction test split, those natural-image simulations are used
for link-level and energy characterization rather than for PSNR, SSIM, qualitative, or task-
effectiveness claims. No claim of industrial task generalization or statistical reconstruction
quality is derived from that campaign.

To answer the industrial-domain concern directly, a separate audit was performed
with 30 publicly available steel-surface images drawn from the six NEU defect categories:
crazing, inclusion, patches, pitted surface, rolled-in scale, and scratches [21]. The images
were standardized to 128 x 128 RGB. A four-fold stratified protocol was used, so every
image was evaluated out-of-fold exactly once, and no held-out image was used to update
the corresponding autoencoder or task classifier. Depending on the fold, 22 or 23 images
were used for training and 7 or 8 for testing.

Across the industrial folds, the audit used the same five-stage hidden-layer back-
bone, Squeeze-and-Excitation (SE) attention, 128-component latent interface, and fold-level
training budget. Compact channel widths (8, 16, 32, 64, and 64) were used to limit over-
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parameterization on the small industrial subset, and each fold was trained for eight epochs
with two deterministic augmentation repetitions per training image. This audit is intention-
ally framed as a focused diagnostic evaluation rather than a production defect-inspection
benchmark. Its role is to determine whether the compact latent representation preserves
visual fidelity and downstream utility when measured on industrial textures.

For downstream evaluation, a support vector machine (SVM) classifier using his-
togram of oriented gradients (HOG) features was trained only on the training images of
each fold, with deterministic flips and small rotations, and then frozen before testing [22].
Defect-class accuracy is used as a transparent proxy for task preservation; it is not presented
as a state-of-the-art detector. In addition, a JPEG image was generated for each held-out
image by choosing the quality factor whose complete file size was closest to 4096 bits [23].
This rate-matched reference contextualizes the semantic payload without implying identical
codec structure or resilience.

3.2. System Overview

The complete system follows the same end-to-end workflow for the three evaluated
schemes. A preprocessed RGB image is first converted into a mode-dependent payload: un-
compressed bytes in the baseline mode, a lossless entropy-coded bitstream in the Huffman
mode, or a compact convolutional autoencoder (CAE) latent vector in the semantic mode.
The payload is then encapsulated into a common frame structure, modulated with on-off
keying non-return-to-zero (OOK-NRZ), propagated through the indoor VLC channel, de-
tected by a photodiode receiver, and finally decoded back into an image representation for
evaluation. The common frame includes a preamble, header, and cyclic redundancy check
(CRC). Only the source-coding and reconstruction blocks vary across modes; the optical
link and receiver chain remain identical. Figure 1 summarizes this shared workflow.

Mode-dependent source representation Mode-dependent reconstruction

Identical framing, channel, and reception pipeline
Baseline mode
Raw RGB bytes by

1,204,224 bits

Baseline output
Direct pixel recovery

i

c — Hutt A Commen]ffaming Shared VLC link Common receiver Evaluation
N ommon inpul uffman mode ]28—b|§ preamble TUEID) (rpmrttiiar PIN photodiode Tioffiem Guld BER and energy
F reprocessegl2 F(z;nB émage - Los_sless entropy coding 1 64-b|l. header Hios(d, , ) RC filter = i Gl g | N |
x € RERE Variable-length payload PR iHCRE Pyg, Pint, ISI, blockage Sampling + threshold Task proxy

OOK-NRZ waveform

Semantic mode Semantic output
CAE encoder )M CAE decoder
128 latent scalars/4096 bits reconstruction

The comparison is fair by construction: all three schemes share
the same optical link, receiver, and evaluation metrics, so the
only changing element is how image information is repre-
sented before transmission and reconstructed after reception.

Figure 1. Enhanced end-to-end comparison framework used throughout the study. The three
transmission modes start from the same preprocessed image and traverse the same framing, optical
VLC link, receiver chain, and evaluation stage.

3.3. Transmitter (TX), Receiver (RX), and VLC Theoretical Model

Figure 2 provides a visual summary of the line-of-sight (LOS) VLC scenario considered
in this work, including the light-emitting diode (LED) luminaire, the photodiode receiver,
and the main propagation geometry used in the analytical model. In this model, P;;;
denotes one neighboring LED luminaire acting as a non-cooperative optical interferer,
whereas P, denotes non-data-bearing ambient/background illumination that contributes
to receiver noise. For readability, the main notation and numerical values introduced in
this subsection are summarized in Table 2.
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Table 2. Core physical-layer, framing, and semantic-model parameters used in the simulation campaign.

Parameter Value

Average optical power P 0.7W

Electrical bandwidth B 5 MHz

Bit rate R, 1Mb/s

Sampling frequency Fs 20 MHz

Receiver active area A 10~* m?
Responsivity Rresp 0.5A/W

Refractive index 7o, 1.5

Semi-power angle ¢ /» 60°

Incidence and irradiance angles P =10°, ¢ = 10°
Field of view ¥rov 20°,30°,40°,60°, 80°
Background optical power Py, 0.2,05,1,2mW
Interfering source power Pj; 0.3P; nominal
Interfering geometric factor Hyactor 0.5 lumped coupling
Shot-noise variance Uszh ot 2qRresp Prot B
Thermal-noise variance ‘thh 4kgTyxB/ Ry,

ISI time constant Tg; 2x1077s

Blockage probability ppx 0.1

Blockage attenuation 15dB

Distance sweep d 1to 8 min 0.5 m steps
Frames per channel setting 20

Image resolution 224 x 224 x 3

Frame overhead 128-bit preamble + 64-bit header + 32-bit CRC
Baseline payload Np,ee 1,204,224 bits
Semantic latent dimension 7, 128

Semantic payload Nsem 4096 bits

Latent scalar format

Semantic training data
Optimizer and loss
Training schedule

Institute of Electrical and Electronics Engineers 754 (IEEE-754)
single precision (32 bits/component)

Preprocessed ILSVRC2012 images

Adam with mean squared error

20 epochs, batch size 32, learning rate 103

The optical transmitter was modeled as a Lambertian LED source using intensity
modulation/direct detection (IM/DD) with OOK-NRZ signaling. The transmitted average
optical power was set to P; = 0.7 W, the electrical bandwidth to B = 5 MHz, the bit rate
to R, = 1 Mb/s, and the sampling frequency to F; = 20 MHz, which corresponds to an
oversampling factor of 20 samples per symbol. At the receiver, a positive-intrinsic-negative
(PIN) photodiode with optical concentrator was assumed, with active area A = 10~* m?,
responsivity Rresp = 0.5 A/W, refractive index n.., = 1.5, and optical filter gain Ts = 1
within the tested field of view.

The line-of-sight channel gain followed a standard Lambertian VLC formulation.

The Lambertian order m is obtained from the LED semi-power angle ¢, /, as [24]

In2

In(cos ¢1/7)" M

m=—

In this work, ¢, = 60°, which yields m = 1. The LOS optical gain Hjog is then
written using the TX-RX distance d, irradiance angle ¢, incidence angle i, optical-filter
gain Ts(¢), and optical-concentrator gain g(¢) as [24]

Hios = " E )2 cos ()T (9)g(9) cos(p). @
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LED TX Interferer :
transmitter plane

ambient light
Pbg

Transient blockage
Frame attenuation event

Poik s Xplk
Lambertian optical cone i i
K
PIN PD RX
receiver plane
TX: Lambertian LED, OOK-NRZ, P; RX: PIN photodiode, T, g(y) Impairments: Py, Piyt, ISI, blockage

Figure 2. VLC geometry used as the basis of the analytical link model. The intended transmitter is
one LED luminaire used for image communication, while P;,; represents one additional neighboring
LED acting as an optical interferer. The background term P, denotes ambient illumination and is
treated as a noise-producing optical power rather than as a second interferer. The schematic also
isolates intersymbol interference and a transient blockage event on the LOS path.

The optical-concentrator gain g(¢) is defined for the receiver field of view Ygoy as [24]

2
nrefr
—s——, 0< ¢ < Yrov,
g(p) = { sin® ¥rov &)
0, otherwise.

The received LOS power P, 1 os is therefore

P ros = HiosPr. (4)

The theoretical model separates ambient illumination from optical interference.
The simulated layout contains two LED luminaires: one desired LED transmitter that
carries the image payload and one neighboring non-cooperative LED that acts as the optical
interferer. Thus, not all LEDs are simultaneous transmitters for the evaluated image stream;
the second LED only stresses the receiver as an external optical source. Background optical
power was evaluated at Pye € {0.2,0.5,1,2} mW and was treated as an ambient-noise
contribution rather than as a modulated interferer.

The interfering LED was modeled as a received-equivalent optical stress term with
nominal power P;;; = 0.3P; and a lumped geometric coupling coefficient He,eyor = 0.5.
This coefficient is not a universal VLC constant; it represents the relative attenuation of a
neighboring off-axis luminaire at the photodiode after angular displacement, partial field-
of-view overlap, fixture placement, and non-aligned incidence are summarized in a single
factor. Thus, Hg,cior Pint should be interpreted as the effective received interference power
used to stress the common receiver chain. The half-coupling value provides a mid-severity
condition in which the interfering LED is weaker than an aligned LOS transmitter but still
non-negligible, and it is applied identically to the three transmission modes. The total
incident optical power Pyt (t) as a function of time ¢, with time-dependent desired LOS and
interfering optical powers Py 1 0s(t) and P, (t), becomes

Ptot(t) ~ Prx,LOS(t) + Hfactorpint(t) + Pbg- ®)
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After photoelectric conversion, the received signal current isjs (t) is
isig(t) = Rresthot(t) . (6)

For discrete sample index k, the current samples at the receiver were corrupted by
independent shot and thermal current-noise components. Let A (i, 0?) denote a Gaussian
distribution with mean y and variance 2. Following standard IM/DD VLC receiver

models [5,6], the shot-noise sample ngpo¢[k] and its variance o2

“hot Were represented using

electron charge g as
Nshot [k] ~ N(Or Us,zhot)/ Ughot = 2‘]RrespptotB- (7)

This term is linked to the average optical power incident on the photodiode: the de-
sired LED, the interfering LED, and the ambient/background optical power all contribute to
photon shot noise through Pot. Consequently, Py is not modeled as a coherent interference
waveform; it is a DC optical background that increases the receiver noise variance.

The thermal-noise sample ny, [k] and its variance Ué\ were modeled explicitly as ad-
ditive zero-mean Gaussian current noise using Boltzmann’s constant kg, receiver noise
temperature Ty, and equivalent receiver load resistance Ry :

4kpTixB
nwlkl ~ N(0,03), o = = ®)
L
The noisy receiver current iy [k] before filtering and detection is therefore
irx [k] = Z‘sig [k] + Mshot [k] + Nih [k] )

Intersymbol interference was introduced through a first-order discrete resistance—
capacitance (RC) filter with time constant yg; = 2 X 107 s. Let x[k] denote the noisy current
sample before filtering, y[k| the filtered sample, and « the discrete RC smoothing coefficient:

ylk] = aylk = 1] + (1 — a)x[k]. (10)

Here « = exp[—1/(Fs7g;)| for sampling frequency Fs.

To emulate intermittent obstruction by moving workers or objects, stochastic blockage
was modeled as a frame-level attenuation of the optical gain. The effective gain Heg is
defined using blockage probability ppp and blockage attenuation factor ay,yy as

Hyos, with probability 1 — py,
Hefr = F o (11)
“blkHLOS ’ with probability Ppik,

15/10

with ppi = 0.1 and app = 10~ , corresponding to a 15 dB attenuation event.

3.4. Simulation Design and Parameter Configuration

The numerical campaign combined a full-factorial sweep of the main VLC stressors
with a shared end-to-end transmission pipeline for the three coding modes. The link
distance was varied from 1 to 8 m in 0.5 m steps, the receiver field of view covered
narrow to wide settings, and the background illumination ranged from dim to strongly
contaminated conditions. For each channel configuration, 20 independent frames were
simulated in order to average the effects of shot noise, thermal noise, ISI, optical interference,
and stochastic blockage.
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Table 2 summarizes the physical-layer, framing, and semantic-model parameters used
throughout the study. Presenting these values together makes the simulation design explicit
and facilitates the interpretation of the subsequent comparative results.

3.5. Frame Structure and Execution Protocol

Building on the full-factorial configuration sweep described above, each simulation
run treated one image as one transmitted frame. For every channel realization defined by
(d, ¥rov, Pyg), 20 independent frame transmissions were executed so that noise, optical
interference, intersymbol interference, and stochastic blockage were re-sampled across
trials. This frame-based protocol is important because it moves the comparison from a
purely analytical description of the VLC channel to a repeated end-to-end transmission
experiment under controlled but random conditions.

All transmission modes shared the same frame envelope in order to preserve fairness
at the communication level. Each frame contained a 128-bit preamble, a 64-bit header, and a
32-bit CRC, which gives a fixed overhead N}, of

Nop = 128 + 64 + 32 = 224 bits. (12)

For mode-dependent payload size Npayi0ad, the total transmitted frame size Nirame
was therefore
Nframe = Noh + Npayload/ (13)

where Npayload can represent direct RGB bits in baseline mode, a variable-length Huffman
bitstream in Huffman mode, or a 4096-bit latent representation in semantic mode. Keeping
the preamble, control information, and integrity field identical across schemes ensures that
any observed difference is attributable to the payload representation and the decoding
strategy rather than to unequal synchronization or signaling assumptions.

Figure 3 summarizes this shared frame structure and the execution chain applied
after payload generation. The upper part of the diagram highlights the fixed framing
overhead and the single mode-dependent field, whereas the lower part shows the common
physical-layer and receiver-side processing pipeline.

As summarized in Figure 3, once the frame was assembled, the same physical-layer
execution chain was applied to all modes:

1.  Generation of an oversampled OOK-NRZ waveform at sampling frequency F; from
the complete binary frame;
Scaling of the waveform to satisfy the transmitted optical power constraint P;;

SN

Application of the effective VLC gain Hcg, including possible blockage-induced
attenuation;

Addition of background illumination and optical interference;

Conversion of received optical power into current through the photodiode responsivity;
RC filtering and additive noise injection to emulate receiver impairments and ISI;
Symbol-rate sampling and threshold-based detection to recover the received bitstream;

®© N9

Removal of the framing fields and delivery of the recovered payload to the mode-
specific decoder.

This ordered protocol clarifies the role of framing in the study. The baseline mode
reshapes the recovered payload directly into pixels, the Huffman mode attempts exact
lossless reconstruction from a synchronization-sensitive bitstream, and the semantic mode
deserializes the latent vector before neural decoding. Consequently, the comparative results
reflect not only differences in payload size but also the distinct ways in which channel
errors propagate through each representation under identical VLC conditions.
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Shared frame format used in every transmission trial

Preamble Header Mode-dependent payload CRC
128 bits 64 bits RGB bits/Huffman bits/semantic latent bits 32 bits

Non = 224bits |  Nirame = Noh T Npayload
1. Frar;lle 2. OOK— - 5. Deframing
[ Ssembly NRZ TX 3. VLC channel l‘i'hReze_“zf‘ and output
nse(;t payloa Oversampling Hett, Pog, Pty W o C f‘_’l“’ Hoce, CRC check
and appen at E, and ISI, blockage ilter, noise, and mode-

detection

common
control fields

scaling to P

specific decoding

Only the payload field changes across baseline, Huffman, and semantic transmission; framing, optical propagation, detection, and payload delivery remain common.

Figure 3. Shared frame composition and execution protocol. The preamble, header, and CRC define
a constant overhead for all schemes, while the payload field changes according to the evaluated
transmission mode.

3.6. Transmission Modes
3.6.1. Baseline Mode

In the baseline mode, the preprocessed RGB image was vectorized and transmitted
directly without compression or semantic extraction. Since each color component was
represented with 8 bits, the baseline payload size Ny .5, Was

Npase = 224 x 224 x 3 x 8 = 1,204,224 bits. (14)

This mode represents a purely syntactic transmission strategy that preserves the
complete pixel stream, maximizes channel occupancy, and establishes the reference case for
energy consumption, goodput, and robustness.

3.6.2. Huffman Mode

In the Huffman mode, the RGB values were vectorized into 8-bit symbols, the empirical
byte histogram was computed, and an optimal Huffman dictionary was constructed for
each image. The resulting variable-length code minimized the average code length while
preserving exact recoverability. To focus on the effect of payload compression, the dictionary
was assumed to be available at the receiver through prior signaling or shared storage.
Consequently, only the compressed payload was transmitted. Under a fixed bit rate, this
shorter payload reduced frame duration and transmission energy relative to the baseline
mode. However, because Huffman decoding depends on correct synchronization, the mode
remained highly sensitive to channel-induced bit errors.

3.6.3. Semantic Mode

The semantic mode replaced direct pixel transmission with a convolutional autoen-
coder with Squeeze-and-Excitation channel-attention blocks [25]. During operation, each
preprocessed image was normalized to the interval [0, 1], encoded into a latent vector,
serialized into a bitstream, transmitted over the VLC link, deserialized at the receiver,
and decoded back into a reconstructed image.

For the original 224 x 224 VLC link-level campaign, the encoder comprised five
convolutional stages with progressive spatial downsampling and increasing channel depth.
The spatial resolution evolved from 224 x 224 to 112 x 112,56 x 56,28 x 28,14 x 14, and
finally 7 x 7. At each stage, SE attention recalibrated the feature channels by emphasizing
informative responses and suppressing less relevant ones. The final 512 x 7 x 7 tensor was
flattened and linearly projected into a latent space of dimension 1, = 128. The decoder
mirrored this structure by expanding the latent vector back to 512 x 7 x 7 and then applying
successive upsampling and deconvolutional stages until the original image resolution was
restored. The separate 128 x 128 industrial audit used the compact fold-trained variant
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described in the dataset subsection, preserving the 128-component latent interface rather
than reusing the exact 224 x 224 channel configuration.

In the original VLC link-level campaign, each latent component was serialized using
the Institute of Electrical and Electronics Engineers 754 (IEEE-754) single-precision floating-
point format, which corresponds to 32 bits per component. The semantic payload size Ngem
was therefore

Nsem = 128 x 32 = 4096 bits, (15)

which yields the payload-size reduction factor ppay10aq relative to uncompressed 24-bit RGB:

1,204,224

Ppayload = 4096 ~ 294 (16)

This value is a payload-size ratio against uncompressed RGB, not a compression
ratio against JPEG, JPEG2000, or another practical image codec. The reduction in payload
size lowers transmission duration and spectral occupancy, but its usefulness must be
assessed jointly with reconstruction and task metrics. The 224 x 224 semantic model used
in the original link-level campaign was trained on the available preprocessed ILSVRC2012
natural-image pool using the Adam optimizer [26] and mean squared error loss, with
20 epochs, a batch size of 32, and an initial learning rate of 10~3. The best-performing
weights were then fixed before the natural-image VLC simulations. Because the randomly
selected natural-image VLC frames were not documented as an independent held-out
reconstruction test split, that campaign is used for link-level and energy analysis rather
than for independent PSNR, SSIM, qualitative, or task-preservation claims.

For the industrial audit, each latent component was serialized with a per-component
affine mapping to an unsigned 32-bit representation calibrated only on the training fold.
This preserves the 4096-bit payload while bounding decoded values and avoiding not-a-
number (NaN) or infinity events that can arise when arbitrary channel errors alter IEEE-754
exponent fields.

3.7. Architecture-and-Resolution Comparison for the NEU Audit

An architecture-and-resolution comparison was added in Table 3 to clarify the effect
of using a compact industrial-audit network rather than the full natural-image architecture.
The compact NEU audit model used a 128 x 128 input with channel widths (8, 16, 32, 64, 64),
whereas the original natural-image link-level campaign used a wider 224 x 224 five-stage
encoder—decoder whose final feature tensor was 512 x 7 x 7. Since both the input reso-
lution and the network width/depth change between Compact-NEU and Full-NEU, this
experiment is not described as strictly isolating model capacity. It is instead interpreted as
a combined architecture-and-resolution comparison under a fixed latent-payload interface.

The comparison evaluates three encoder—decoder variants on the same 30-image
NEU manifest and four out-of-fold splits while keeping the transmitted interface fixed at
ny = 128 latent components, or 4096 serialized bits. Compact-NEU is the compact audit
network. Full-NEU uses the 224 x 224 five-stage channel progression (32, 64,128,256,512)
used in the natural-image model. Full-NEU-Reg keeps the same full architecture but adds
stronger regularization through larger weight decay, a 5% intermediate-stage dropout,
and fold-local data augmentation. Thus, the payload size, manifest, and fold protocol are
held constant, while input resolution and architecture/capacity change together.
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Table 3. Architecture-and-resolution comparison for the NEU audit. All variants keep the same
128-component/4096-bit latent payload, while Compact-NEU and Full-NEU differ in both input
resolution and network capacity.

Model Input Latent Channel Widths Trainable Parameters
Compact-NEU 128 x 128 128 8-16-32-64-64 487,307
Full-NEU 224 x 224 128  32-64-128-256-512 12,083,699
Full-NEU-Reg 224 x 224 128  32-64-128-256-512 12,083,699

For each fold, the autoencoder is trained only on the training portion of the NEU split
and evaluated on the held-out images from that fold. This architecture-and-resolution
comparison reports clean-reconstruction PSNR and SSIM on the identical manifest images
after fold-wise training. The image remains the independent statistical unit, and aggregate
means and standard deviations are computed across the 30 held-out reconstructions from
the four folds.

This comparison is interpreted conservatively. If Full-NEU or Full-NEU-Reg improves
fidelity over Compact-NEU, then part of the industrial fidelity limitation may be associated
with the combined change in architecture and input resolution. If the full-resolution
variants remain close to the compact model, the result would suggest that other factors,
such as the fixed 4096-bit bottleneck, reconstruction-only training, and limited industrial-
domain data, remain plausible contributing limitations. In either case, low industrial
fidelity is not attributed solely to domain shift or loss design without acknowledging the
architecture/resolution change.

3.8. End-to-End [SCC-VLC Baseline

To distinguish compact latent-payload transmission from true channel-aware semantic
communication, the study includes an end-to-end JSCC-VLC baseline. This baseline is
not the proposed separated pipeline. Instead, it is a methodological control in which the
encoder, optical channel layer, and decoder are trained jointly.

For an input image x resized to 128 x 128, the JSCC encoder fy(-) uses four stride-two
convolutional stages and produces a tensor of size 64 x 8 x 8, corresponding to K = 4096
real-valued channel uses. To respect the nonnegative intensity constraint of IM/DD VLC,
the transmitted optical-symbol tensor is

s=0(fo(x), 0<s <1, (17)

where o (+) is the logistic function. A differentiable scalar optical-intensity channel is then
applied as

. P.
y = clip(s +n,0,1), Ny ~ N(O, 1051\1;2/10)' (18)

where P; = E[si] is the average symbol power within the mini-batch. During training,
the SNR is sampled uniformly from 8 to 20 dB, so the decoder g4 (-) learns to reconstruct from
noisy optical intensities rather than from a separately serialized bitstream. During evaluation,
the same model is tested in the clean case and at SNR values of 20, 10, and 5 dB.

The JSCC-VLC baseline uses the same four NEU out-of-fold splits and the same
30 manifest images as the industrial audit. The comparison is controlled by channel uses
rather than file bits: the separated latent mode transmits 4096 OOK bits, whereas JSCC-VLC
uses 4096 real-valued nonnegative optical channel uses. Therefore, the JSCC result is not
interpreted as a direct codec-compression comparison, but as a channel-aware baseline
showing what changes when the representation is optimized jointly with the channel.
The training loss is the same reconstruction loss family used in the ablation, combining an
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{1 image term and a gradient-consistency term. PSNR, SSIM, and the fixed HOG-SVM
defect-class proxy are computed on the held-out fold images.

3.9. MATLAB-Python Integration

The optical-link simulation was executed in MATLAB 2025B, whereas the semantic
encoder and decoder were implemented in Python 3.14.3. During the natural-image link-
level campaign, MATLAB invoked the external Python module to encode an image into a
128-dimensional latent vector and stored the result in a .npy file. The latent vector was
then converted to bits using IEEE-754 single-precision packing. At the receiver, the detected
bitstream was converted back into a latent vector and sent again to Python for decoding.
This workflow maintained strict consistency between the trained semantic model and the
physical-layer VLC simulator. The industrial audit used the bounded affine-mapped unsigned
representation stated above to keep corrupted latent values finite and fold-calibrated.

The experiments were run on a workstation equipped with an Intel Core i5-9600K
central processing unit (CPU), 32 GB random-access memory (RAM), and an NVIDIA RTX
3070 graphics processing unit (GPU). GPU acceleration was used for semantic training
and inference, whereas the VLC channel simulation and receiver processing remained
CPU-based. Encoding and decoding times were measured with MATLAB timing functions
and later used to estimate computational energy.

The reported semantic processing energy of 0.85 ] per image should therefore be
interpreted as an implementation-specific prototype value. It corresponds to batch-one
inference on 224 x 224 images in the workstation-based MATLAB-Python workflow and
includes invocation, serialization, and encoder/decoder runtime. For deployment platform
‘H, input height H, input width W, inference batch size b, active processing power Py,
fixed overhead time to(# ), and per-pixel processing-time coefficient «(# ), a first-order
per-image processing-energy model Elgiﬁé,‘?) is
to(H)

b

ES%8) (H,W,b,H) ~ Py +x(H)HW|. (19)

For the fixed convolutional encoder—-decoder used here, the dominant workload scales
approximately with the number of pixels; thus, increasing both image dimensions by a
factor of two would increase the dominant convolutional cost by roughly four times before
any architectural redesign. Larger batches can reduce the amortized ty/b term and improve
accelerator utilization, but they also increase buffering, memory demand, and end-to-end
latency, which may be undesirable for real-time monitoring. As a deployment-oriented
estimate, the fixed MATLAB-Python overhead can be removed, and the processing energy
can be approximated by Elglr‘;‘(%) ~ Py ting, where t is the optimized per-image encoder-
decoder inference time on the embedded platform. For a representative edge-Al power
envelope, NVIDIA Jetson Orin Nano power modes include 7 W and 15 W operation,
with higher-power configurations also available in the Orin Nano family [27]. Adding
the semantic optical-transmission energy of 0.01 J, an inference time of 20-100 ms gives
approximately 0.15-0.71 J at 7 W, 0.31-1.51 J at 15 W, and 0.51-2.51 ] at 25 W. These values
are estimates, not measurements on the target hardware.

3.10. Evaluation Metrics

Performance was first characterized at the link level. For the number of erroneous
detected bits Ny and transmitted detected bits Ny, the bit error rate was

(20)
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Using total per-image latency Lyo,;, optical frame-transmission duration Lty, receiver and
link-processing latency Lproc, encoder and decoder runtimes tenc and tge, electrical-to-
optical conversion efficiency 7o, CPU power Pcpy, transmission energy Ety, processing
energy Ecpy, and total energy E;y,1, end-to-end latency and energy were computed as

Liotar = L1x + Lproc + tenc + tdec (21)

P,
Erx = mf()LTx, Ecpu = (Lproc + tenc + tdec) Pcru, Eiotal = Erx + Ecpu-  (22)

A baseline-normalized equivalent-energy metric is avoided because multiplying by the
raw-payload ratio would implicitly assume that all modes deliver the same quantity of
useful information. Energy and visual/task quality are therefore reported separately.
Image fidelity was quantified for every held-out industrial reconstruction using PSNR
and SSIM [28]. For an M x N image with maximum normalized value one, reference pixel xjj,
reconstructed pixel 5cl-jc at row 7, column j, and RGB channel ¢, and mean squared error (MSE),

1 1 3 M N 5
PSNR = 1010g10<MSE>, MSE = IMN Zl 21 Zl(xijc — Rije)”. (23)
c=1li1=1j=

SSIM was computed over local luminance, contrast, and structure terms and aver-
aged over the image. For Ning evaluated images with true label y;, predicted label §;,
and indicator function I(-), defect-class accuracy Ai,qx was

1 Nimg
Atask = N Z I = i) (24)
mg =1

To quantify degradation rather than relying on a qualitative figure, a robustness slope

Bo was defined from mean metric values Q for metric Q € {PSNR, SSIM, A, } over the
nonzero BER points:

4Q

Po= dlog,,(BER)’ ®)

Thus, B denotes the change in mean metric per decade of BER. A small |8 is there-
fore reported together with the absolute mean quality, since a decoder output dominated
by low-frequency structure can also exhibit a nearly zero slope.

The nonzero-BER audit used three independent corruption realizations at 1074, 1073,
and 1072; trials were first averaged within each held-out image. Means and standard
deviations were then computed across the 30 independent out-of-fold images. Ninety-five
percent confidence intervals were obtained with 5000 image-level bootstrap resamples,
and paired semantic-versus-baseline and semantic-versus-Huffman comparisons used
two-sided Wilcoxon signed-rank tests. Payload errors were injected after successful pream-
ble/header acquisition. The CRC was used as an error flag, but no retransmission was
applied because the objective was to measure distortion after corruption. Huffman de-
coding was performed on a best-effort basis using the shared per-image dictionary; any
incomplete decoded pixel vector was zero-filled to its expected length. These policies are
now stated explicitly to make the visual comparison reproducible.

4. Results
4.1. Link-Level Payload and Energy Results

Table 4 reports the link-level averages without using cross-mode SNR differences or a
baseline-normalized equivalent-energy metric. Payload duration changes frame energy,

https://doi.org/10.3390 / photonics13070660


https://doi.org/10.3390/photonics13070660

Photonics 2026, 13, 660

16 of 26

but it should not by itself be interpreted as changing the instantaneous received SNR under
the same optical power and channel. Similarly, Huffman desynchronization is treated as a
reconstruction failure mechanism rather than as the cause of physical BER.

Table 4. Link-level and prototype-energy summary. Total energy is reported directly, without
equivalent-information normalization.

Mode Average BER Payload [bit] Ecpy [J] Erx [J1 Etotar [J1
Baseline 0.093 1,204,224 0.00 2.81 2.81
Huffman 0.108 variable 0.38 2.73 3.11
Semantic 0.094 4096 0.85 0.01 0.86

The 4096-bit latent interface therefore reduces payload size by a factor of approximately
294 relative to direct 224 x 224 RGB transmission and reduces the model-derived optical
transmission energy from 2.81 J to 0.01 J. After the prototype processing cost is included,
total energy is 0.86 ] for semantic transmission, 2.81 ] for baseline, and 3.11 ] for Huffman.
This communication-resource result is not interpreted as a 294-fold efficiency advantage
over practical image codecs; it is interpreted together with the rate-matched JPEG reference
and the visual and task metrics reported below.

4.2. Industrial Clean-Payload Fidelity and Rate-Matched Context

Table 5 reports the out-of-fold industrial audit before channel errors. Raw RGB and
Huffman are lossless. Because comparison against uncompressed RGB alone is insufficient
for judging compression performance, the semantic and JPEG rows have nearly the same
payload size, enabling a direct rate-context comparison with a practical classical codec.
This table reports the optimized clean-payload industrial audit, including the 18.59 dB
separated-latent result. The separate architecture-and-resolution comparison in Section 4.3
then evaluates the compact and full-resolution models under a unified retraining protocol.

Table 5. Clean-payload industrial audit over 30 out-of-fold NEU images. Values are mean =+ standard
deviation across images.

Representation Payload [bit] PSNR [dB] SSIM Aask
Raw RGB 393,216 exact 1.000 0.733
Huffman 313,884 + 37,823 exact 1.000 0.733
JPEG near 4 kbit 4119 £ 76 30.77 £ 6.62 0.699 £ 0.169 0.167
Semantic, 4096 bits 4096 18.59 £+ 3.94 0.452 + 0.212 0.100

The rate-matched JPEG reference obtains higher PSNR and SSIM than the compact
semantic audit model. The separated latent output achieves 0.10 defect-class accuracy,
compared with 0.733 for the uncorrupted lossless representations. These results explicitly
limit the claim: the compact latent interface is promising for reducing transmitted payload
and optical active time, but the present reconstruction-only model is not superior to a
rate-matched JPEG reference in fidelity or task preservation. Defect-relevant representation
learning therefore remains an important target for improvement.

4.3. Architecture-and-Resolution Comparison for the Industrial Audit

Table 6 shows that the compact NEU audit network and the original full 224 x 224
architecture differ both in input resolution and in trainable-parameter count. The compari-
son therefore should not be interpreted as a strict single-factor isolation of model capacity.
Instead, it keeps the latent payload fixed and compares Compact-NEU, Full-NEU, and Full-
NEU-Reg on the same fold splits to assess whether the combined architecture/resolution
setting affects industrial-domain fidelity.
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The numerical results are reported in Table 6, and the mean SSIM trend is visualized in
Figure 4. This experiment is a separate fold-wise retraining analysis designed to compare
the compact and full-resolution architectures under a common manifest and split protocol;
it complements, rather than replaces, the optimized clean-payload industrial audit in
Table 5. Under this retraining protocol, Full-NEU improves mean PSNR from 14.12 dB
for Compact-NEU to 15.61 dB, a gain of 1.49 dB at the same 4096-bit payload. Full-NEU-
Reg yields 14.48 dB PSNR and the highest mean SSIM, 0.471, compared with 0.464 for
Compact-NEU and 0.443 for Full-NEU. These results indicate that the combined change in
input resolution and network architecture affects the reported industrial fidelity. However,
because resolution and capacity are not independently ablated, the gain cannot be assigned
exclusively to model capacity. The larger remaining gap to the approximately rate-matched
JPEG reference (30.77 dB and 0.699 SSIM) is consistent with the fixed 4096-bit bottleneck and
reconstruction-only training objective being important contributing limitations, but those
factors are not claimed to be independently proven as dominant causes.
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Figure 4. Mean SSIM for the three NEU variants evaluated on the same industrial manifest with
a fixed 4096-bit payload. Compact-NEU and the full models differ in both input resolution and
network capacity; therefore, the comparison is interpreted as an architecture-and-resolution control
rather than as a strict capacity-only ablation.

Table 6. Clean reconstruction results for the NEU architecture-and-resolution comparison with a fixed
128-component/4096-bit latent payload. Values are mean =+ standard deviation over the 30 held-out
images from the four folds.

Model Input Params Payload Bits PSNR [dB] SSIM
Compact-NEU 128 x 128 487,307 4096 14.12+4.25 0.464+0.224
Full-NEU 224 x 224 12,083,699 4096 15.61+3.59 0.443 +0.252
Full-NEU-Reg 224 x 224 12,083,699 4096 14.48+3.73 0.471+0.231

4.4. End-to-End JSCC-VLC Baseline Results

Table 7 reports the end-to-end JSCC-VLC baseline. In the clean case, JSCC-VLC reaches
23.82 dB PSNR and 0.568 SSIM with 4096 nonnegative optical channel uses. At 20 dB SNR,
the result is nearly unchanged, with 23.73 dB and 0.566 SSIM. At 10 dB and 5 dB, quality
decreases gradually to 23.13 dB/0.548 SSIM and 22.18 dB/0.519 SSIM, respectively. Figure 5
shows the corresponding SSIM trend.
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These results clarify an important methodological distinction. The proposed serial-
ized latent method is a compact separated source/channel pipeline: the autoencoder is
trained without the optical channel, and the latent values are converted into bits for OOK
transmission. JSCC-VLC, in contrast, is trained through the noisy intensity channel and
therefore learns a representation that is explicitly channel-aware. With channel-use budgets
of the same order, the JSCC-VLC baseline provides higher reconstruction quality than the
separated compact latent reconstruction reported in the industrial audit, and it degrades
gracefully as SNR decreases. However, its fixed proxy task accuracy remains 0.167, which
is chance level for the six-class NEU subset, so this baseline should not be interpreted as
solving defect-aware semantic recognition. This supports the conclusion that the separated
latent pipeline should not be interpreted as equivalent to JSCC. The analysis therefore
describes the main contribution as compact autoencoder-based payload transmission and
treats JSCC-VLC as a channel-aware reference baseline.

Table 7. End-to-end JSCC-VLC baseline on the NEU industrial manifest. The model uses 4096 nonneg-
ative optical channel uses and is trained through a differentiable intensity channel with SNR sampled
uniformly from 8 to 20 dB. Values are mean + standard deviation over the 30 held-out images.

Evaluation SNR  Channel Uses PSNR [dB] SSIM Agask
Clean 4096 23.82 +£4.50 0.568 + 0.199 0.167
20 dB 4096 23.73 £4.39 0.566 + 0.198 0.167
10dB 4096 23.13 £ 3.98 0.548 +0.189 0.167
5dB 4096 22.18 +3.47 0.519 +0.175 0.167
0.7 A =
0.6

SSIM
L 4

0.5 ~

0.4 -

clean 20.0 10.0 5.0
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Figure 5. SSIM of the end-to-end JSCC-VLC baseline versus evaluation SNR. The baseline is trained
through a differentiable nonnegative optical-intensity channel and therefore represents a channel-
aware reference, not a separated source/channel payload.

4.5. Reconstruction Quality and Task Utility Under Payload Errors

Table 8 provides PSNR, SSIM, and downstream accuracy for every tested BER. Figure 6
visualizes the SSIM trends, while Figure 7 reports the task proxy.
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Table 8. Industrial reconstruction and task metrics versus post-detection BER. Values are image-level
mean + standard deviation after averaging the three corruption trials at nonzero BER.

BER Mode PSNR [dB] SSIM Ak
0 Baseline exact 1.000 0.733
0 Huffman exact 1.000 0.733
0 Semantic 18.59 + 3.90 0.452 +0.213 0.100
10~% Baseline 45.06 +0.97 0.995 4 0.002 0.700
10~4 Huffman 30.09 4+ 6.04 0.768 +0.152 0.544
10~4 Semantic 18.59 + 3.90 0.452 +0.213 0.100
103 Baseline 34.82 +0.29 0.948 +0.019 0.678
103 Huffman 23.16 =5.27 0.455 4+-0.208 0.533
1073 Semantic 18.60 &= 3.90 0.452 +0.213 0.089
102 Baseline 24.73 +0.09 0.617 +£0.114 0.522
102 Huffman 19.19 +£5.26 0.218 £0.177 0.311
102 Semantic 18.58 + 3.88 0.452 +0.213 0.100
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Figure 6. Mean SSIM versus post-detection BER for 30 out-of-fold industrial images. The semantic
curve is nearly flat because its clean reconstruction emphasizes low-frequency structure; the flat slope
is therefore interpreted together with absolute quality and task metrics.

The paired tests support the same interpretation. At BER 102, semantic PSNR and
SSIM are both lower than baseline with p < 2 x 10~°. Semantic and Huffman SSIM are
statistically indistinguishable at that point (p = 0.968), and both values remain around
0.45, which indicates modest absolute fidelity in this audit. At BER 1072, semantic SSIM is
lower than baseline (p = 0.0197) but higher than the severely desynchronized Huffman
output (p < 4 x 107%). Semantic task accuracy is lower than baseline at all tested BER
values (p < 0.0014). Full bootstrap intervals and paired-test outputs are provided as
Supplementary Files.
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Figure 7. Defect-class proxy accuracy versus post-detection BER. Baseline retains the highest task
accuracy throughout the tested range; the semantic reconstruction indicates a task-utility gap relative
to the nominal six-class reference.

The three modes consequently exhibit different error-propagation regimes. Raw RGB
has the highest clean fidelity and remains the strongest option in absolute PSNR, SSIM,
and task accuracy throughout the tested range, although isolated bit errors become visible
as spatially dispersed color perturbations. Huffman is lossless when the payload is error-
free; once a codeword boundary is corrupted, a single detected-bit error can affect a long
sequence of decoded symbols, producing burst-like spatial artifacts and a rapid SSIM
decrease. The semantic path is lossy before transmission because of the 128-component
bottleneck, but its reconstructed image changes comparatively little as BER increases. This
behavior provides stability of the dominant low-frequency structure, while finer industrial
defect information remains harder to preserve with the current model. In particular, at BER
1072, the semantic mode exceeds Huffman in SSIM because Huffman has become strongly
desynchronized, yet the baseline still retains higher SSIM and substantially higher task
accuracy. The result therefore identifies a useful distinction between channel-error tolerance
and semantic utility: a representation can be less sensitive to additional bit errors while
still benefiting from richer task-relevant detail for the intended application.

4.6. Robustness Slopes and Correct Interpretation

Table 9 reports the fitted quality-degradation slopes and the corresponding nonzero-
BER mean SSIM values.

Table 9. Quality-degradation slopes per decade of BER, fitted over 10~4-10~2. Absolute mean SSIM
over the same nonzero-BER points is included to prevent slope-only interpretation.

Mode ,BPSNR ,BSSIM ﬁtusk Mean SSIM
Baseline —10.162 —0.1887 —0.0889 0.853
Huffman —5.448 —0.2753 —0.1167 0.480
Semantic —0.0069 —0.00008 0.0000 0.452

The near-zero semantic slopes are informative but should be interpreted together with
the absolute metric levels. They indicate that the semantic decoder changes comparatively
little as BER increases, but the slope must be interpreted together with the quality intercept
and the downstream task score. Baseline has the steepest PSNR decline because it starts
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from exact reconstruction and therefore has the largest available dynamic range; its negative
slope is therefore best understood together with its high absolute quality. Huffman has the
steepest SSIM and task-accuracy deterioration because variable-length desynchronization
amplifies a detected-bit error into a longer sequence of source-decoding errors. The seman-
tic path has a near-zero slope because the decoder preserves a similar coarse, low-frequency
representation across the tested BER values. At the same time, its mean SSIM of 0.452 and
task accuracy of 0.10 indicate that fine texture and defect-relevant detail would benefit
from task-aware model refinement. Robustness is therefore characterized here by both the
degradation slope and the absolute quality level, rather than by the slope alone.

4.7. Qualitative Error-Propagation Comparison

Figure 8 compares qualitative error propagation for the same representative held-
out image. Raw RGB and Huffman panels show visible BER-dependent artifacts. In the
semantic row, the decoded image remains visually stable across the tested BER values,
consistent with the near-zero semantic degradation slopes. All quantitative metrics are
computed from the original per-BER RGB reconstructions.

Reference BER =0 BER = 0.001 BER = 0.01

Baseline

Huffman

Semantic

Figure 8. Qualitative error-propagation example. Raw RGB and Huffman show BER-dependent
artifacts, whereas the semantic row remains visually stable across BER. Metrics use the original
per-BER RGB reconstructions.

5. Discussion

The results reveal a three-way trade-off among payload size, channel-error propaga-
tion, and retained visual utility. From the communication perspective, the 4096-bit latent
payload is approximately 294 times smaller than an uncompressed 224 x 224, 24-bit RGB
payload. The corresponding model-derived optical transmission energy decreases from
2.81] to 0.01 ], while the 0.85 ] processing term is measured from the workstation prototype.
Combining these two quantities gives a prototype-level energy estimate of 0.86 J per image.
This represents an approximate 69% reduction relative to raw RGB and a 72% reduction
relative to Huffman in the reported prototype. These gains are meaningful for VLC links
with constrained optical airtime, but they quantify resource consumption rather than the
equivalence of the conveyed information.
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The rate-matched comparison shows why payload reduction must be interpreted
together with fidelity and why the 294-fold raw-payload ratio cannot by itself establish
a transmission advantage over practical codecs. JPEG and the separated latent represen-
tation both use approximately 4 kbit, but JPEG achieves 30.77 dB PSNR and 0.699 SSIM,
compared with 14.12 dB and 0.464 for Compact-NEU under the architecture-and-resolution
comparison. Moving to the full 224 x 224 architecture improves the separated latent result
to 15.61 dB, and the regularized full model gives the highest SSIM of 0.471, but neither
closes the gap to JPEG. Since the bottleneck size and reconstruction objective were not
independently ablated, this remaining gap is interpreted cautiously: it is consistent with
bottleneck pressure, reconstruction-only training, and limited industrial-domain data being
important contributing limitations, but not as definitive proof that any one of them is
dominant. The JSCC-VLC baseline further clarifies the issue: when the representation is
trained through a differentiable optical channel, the clean result improves to 23.82 dB and
0.568 SSIM and remains at 22.18 dB and 0.519 SSIM at 5 dB SNR. Thus, the observed quality
gap is not explained by bit budget alone. It also depends on whether the representation
is trained as a separated source code or as a channel-aware JSCC mapping. The down-
stream proxy reinforces the need for task-aware objectives: clean lossless images obtain
0.733 accuracy, whereas the separated latent reconstruction reaches 0.10 and JSCC-VLC
reaches 0.167 in this small audit. Therefore, compact latent interfaces are promising for
reducing transmitted payload, but future industrial systems should combine domain-aware
representation learning, explicit channel-aware training, and task-relevant loss terms.

The BER sweep further distinguishes the modes. Baseline transmission retains the best
absolute image and task quality over the complete tested interval; its gradual deterioration
is dominated by spatially isolated pixel errors. Huffman is highly efficient when error-free,
while bit errors can strongly affect reconstruction quality because corrupted variable-length
boundaries propagate through many decoded symbols. At BER 1072, its mean SSIM
falls to 0.218, below the semantic value of 0.452. The semantic representation, in contrast,
remains visually similar across BER values. Figure 8 illustrates this visually stable semantic
reconstruction, and the numerical comparisons remain those reported in Tables 8 and 9.
This stability is consistent with the near-zero quality slopes and indicates that the compact
latent reconstruction is comparatively insensitive to the tested random bit flips. This
result is best interpreted as coarse-output stability rather than full task-level robustness,
because the clean reconstruction emphasizes low-frequency structure and the task score
indicates room for improvement. Thus, the current semantic path favors a stable coarse
reconstruction over high-frequency fidelity.

These observations also clarify two physical-layer issues. First, Huffman desynchro-
nization changes the impact of a given detected-bit pattern on the reconstructed image;
it leaves the physical BER definition unchanged. Second, reducing payload duration de-
creases frame energy and optical channel occupancy, while instantaneous received SNR
remains governed by transmit power and channel gain. Energy, BER, reconstruction quality,
and task utility are consequently reported as separate quantities rather than combined into a
single equivalent-efficiency measure. The embedded-energy estimate further shows that the
semantic mode is not automatically energy-competitive on every edge node. Relative to the
2.81 ] raw-RGB reference, and using the same 0.01 ] semantic transmission energy, the break-
even inference time satisfies f;,s < (2.81 — 0.01) / Py. This corresponds to approximately
400 ms at 7 W, 187 ms at 15 W, and 112 ms at 25 W. Thus, semantic transmission remains
energy-competitive only if the deployed encoder-decoder runs below the corresponding
latency threshold; otherwise, processing can dominate the communication saving.

For an industrial semantic VLC system, the results point to a specific redesign path.
A natural development path is to use a substantially larger industrial corpus and combine
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pixel reconstruction with edge-, texture-, anomaly-, and task-aware losses. The latent repre-
sentation should be serialized using importance-aware quantization, and high-significance
components should receive stronger forward-error correction or unequal error protection.
Joint source-channel training could further expose the encoder and decoder to the error
patterns expected from the VLC link. The encoder—decoder should also be exported to
an embedded inference runtime and measured directly on the intended edge processor,
because the workstation MATLAB-Python timing is only a prototype value. Evaluation
should then include full industrial benchmarks, detector-level precision, recall, F1 score,
mean average precision, and measurements on a physical LED/photodiode platform.

The industrial audit contains 30 out-of-fold images and a compact cross-validated
model. It is useful for identifying the principal trade-offs of the evaluated compact model
and can be viewed as a focused diagnostic evaluation rather than a deployment bench-
mark. The natural-image physical-layer sweep and the industrial audit therefore answer
complementary questions: the former characterizes the link and energy behavior and is not
treated as a leakage-free held-out reconstruction benchmark, whereas the latter evaluates
whether the reconstructed information remains visually and operationally useful under an
explicit out-of-fold protocol. Combining both levels provides a more defensible assessment
than using BER or payload size alone.

6. Conclusions

This work evaluates raw RGB, Huffman, autoencoder-based compact latent payloads,
and an end-to-end JSCC-VLC baseline over indoor industrial VLC-oriented image trans-
mission scenarios while explicitly separating communication efficiency from visual and
task utility. The 4096-bit latent vector provides a 294-fold payload-size reduction relative
to uncompressed 224 x 224 RGB and is used here as a payload-size reference rather than
as a general compression-ratio claim or as evidence of superiority over practical image
codecs. It reduces the model-derived VLC transmission-energy component to 0.01 J. When
combined with the measured workstation prototype processing term, the corresponding
prototype-level energy estimate is 0.86 ] per image, compared with 2.81 J for the baseline
and 3.11 J for Huffman.

The independent industrial-domain audit further clarifies the current operating point of
the reconstruction-only model. Under the architecture-and-resolution comparison, Compact-
NEU obtains 14.12 dB PSNR and 0.464 SSIM on 30 out-of-fold steel-surface images, while
Full-NEU improves PSNR to 15.61 dB and Full-NEU-Reg gives the highest SSIM at 0.471.
A JPEG file with approximately the same 4-kbit payload obtains 30.77 dB and 0.699 SSIM.
Because Compact-NEU and Full-NEU differ in both input resolution and network architec-
ture/capacity, this comparison indicates a combined architecture/resolution effect rather than
a capacity-only effect. The separated latent quality slope is nearly zero as BER increases,
and the qualitative comparison shows a visually stable reconstruction across BER columns,
while fine texture and local defect detail would benefit from further task-aware refinement.
The remaining gap to JPEG is therefore interpreted cautiously as being consistent with bot-
tleneck pressure and reconstruction-only training as important and plausible contributing
limitations, not as an independent proof that these factors are dominant.

Accordingly, the present evidence supports a potentially energy-efficient and compar-
atively error-stable latent payload interface under the measured prototype and estimated
embedded-latency conditions, while also identifying the main ingredients needed for
improved defect-aware industrial semantic transmission. Future work should employ
full industrial datasets, task-aware and channel-aware training, importance-based latent
protection, embedded edge measurements, and physical VLC experiments to progress
toward robust industrial visual-monitoring systems.
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Abbreviations

The following abbreviations are used in this manuscript:

BER Bit error rate

CAE Convolutional autoencoder

CNN Convolutional neural network

CPU Central processing unit

CRC Cyclic redundancy check

csv Comma-separated values

FOV Field of view

GPU Graphics processing unit

HOG Histogram of oriented gradients

HOG-SVM  Histogram-of-oriented-gradients support-vector machine
IEEE Institute of Electrical and Electronics Engineers
IEEE-754 IEEE Standard for Floating-Point Arithmetic
ILSVRC ImageNet Large Scale Visual Recognition Challenge
IM/DD Intensity modulation/direct detection

IST Intersymbol interference

JPEG Joint Photographic Experts Group

JPEG2000 JPEG 2000 image-coding standard

JsCC Joint source—channel coding

LED Light-emitting diode

LOS Line of sight

MSE Mean squared error
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NEU Northeastern University
OOK-NRZ  On-off keying non-return-to-zero
PIN Positive-intrinsic-negative
PSNR Peak signal-to-noise ratio

RAM Random-access memory

RC Resistance-capacitance

RF Radio frequency

RGB Red-green-blue

RX Receiver

SE Squeeze-and-Excitation

SNR Signal-to-noise ratio

SSIM Structural similarity index measure
SVM Support vector machine

X Transmitter

VLC Visible light communication
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