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Abstract

The rapid growth of visual data in imaging and sensing motivates compression before
full electronic processing. This work investigates a hybrid D*NN-ENN autoencoder for
grayscale image compression, in which a passive diffractive optical encoder forms a com-
pact latent intensity representation and an electronic neural-network decoder reconstructs
the image. We evaluate optical precompression under different illumination modes, latent-
region sizes, diffractive depths, mask parameterizations, and quantization levels. Increasing
the latent region improves reconstruction quality only up to an intermediate range, after
which the gain saturates. Coherent illumination provides a modest reconstruction-quality
advantage over incoherent illumination. The best tested configurations use two or three
diffractive layers. Full amplitude—phase modulation performs best, whereas phase-only
modulation remains a practical lower-complexity alternative. Quantization at 8 and 4 bits
preserves most reconstruction quality, while 2-bit precision causes visible degradation.
Although JPEG and learned neural codecs achieve better rate-distortion performance, the
proposed architecture is promising as an ultrafast optical precompression front end for
specialized visible, near-infrared, and infrared sensing systems in which low encoding
latency is more important than general-purpose storage efficiency.

Keywords: diffractive deep neural networks; optical image compression; hybrid optoelectronic
neural networks; autoencoders; optical precompression; computational imaging

1. Introduction

The rapid growth in the volume of visual data in scientific imaging, autonomous
sensing, communication systems, and multimedia applications makes image compression
one of the key problems of information processing. Classical codecs such as JPEG remain
important reference points because they use mature transform, quantization, and entropy-
coding schemes with well-studied rate—distortion characteristics [1]. Newer image and
video coding standards develop the same general idea through more complex prediction,
transform selection, in-loop filtering, context modeling, and arithmetic coding; a repre-
sentative example of this development in block-based hybrid coding is VVC/H.266 [2].
In parallel, learned image compression treats a codec as an end-to-end optimizable system
that combines a nonlinear analysis transform, quantization or its differentiable surrogates,
a probabilistic entropy model, and a nonlinear synthesis transform optimized with respect
to a rate—distortion objective. This direction has already led to formal standardization
initiatives, including JPEG Al [3].
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A separate research direction is associated with optical and hybrid optoelectronic
neural architectures, in which part of the computation is transferred from digital electronics
to the physical propagation of an optical field. The modern concept of a diffractive deep
neural network (D?NN) was proposed by Lin et al.; the authors showed that a cascade
of trainable passive diffractive layers can perform optical inference after fabrication [4].
The first experiments included handwritten-digit classification and lens-like wavefront
transformations in the terahertz range. However, the principle is not limited to terahertz
radiation: diffractive propagation, spatial modulation, and sensor readout can also be
implemented in the visible and near-infrared (NIR) ranges. Such approaches are therefore
relevant to NIR imaging, sensing, and machine-vision systems. The significance of the early
results was not that passive optics outperformed conventional electronic neural networks,
but that they demonstrated that a trained optical structure can perform inference through
free-space propagation with a latency determined mainly by the optical path length. This
potential for high-speed and energy-efficient processing has stimulated broad interest in
photonic computing. However, its practical advantages over GPUs and TPUs depend on
the physical constraints and configuration of the optical system; unified device models
can identify favorable operating regimes and guide hardware design before fabrication [5].
At the same time, the accuracy of the early five-layer D?’NN on MNIST remained below that
of standard electronic convolutional models, motivating further studies of optical readout
schemes, network depth and capacity, spatial coherence, and hybrid architectures [4,6-8].

The limitations of fully passive D?°NNs are fundamental for understanding their
role in compression tasks. In the absence of optical nonlinearities, a diffractive system is
constrained by linear wave propagation, aperture size, diffraction, coherence, fabrication
accuracy, and alignment errors. Therefore, increasing the number of diffractive layers is
not directly analogous to increasing the depth of an electronic neural network. Studies of
the capacity and depth of diffractive networks show that additional layers can improve
trainability or reduce the required number of diffractive features only up to a certain limit;
after that, the gain may saturate and does not necessarily surpass a carefully optimized
shallow architecture [7,9]. In this regard, reviews and methodological studies increasingly
emphasize the importance of hybrid optoelectronic schemes, in which optics performs
a fast, passive, and approximately linear front-end transform, while the electronic part
provides nonlinear adaptation, decoding, and robustness to hardware imperfections [8,10].

This engineering logic naturally leads to hybrid D*NN-ENN architectures. Chang et al.
demonstrated one of the early hybrid optical-electronic convolutional neural networks,
in which an optimized diffractive optical element served as a physical input block before an
electronic neural network [11]. This formulation differs from a fully optical D2NN: the opti-
cal component is not required to solve the entire task by itself, but is trained jointly with the
electronic part, which compensates for some of the representational limitations of passive
optics. Subsequently, related hybrid schemes extended the use of optical processing from
classification to data transmission, reconstruction, image formation, and representation
learning [12-16].

The breadth of this idea is illustrated by several examples. In super-resolution dis-
plays, an electronic encoder can transform a high-resolution image into a low-resolution
modulation pattern, while a trained diffractive decoder optically reconstructs an image
with an increased space-bandwidth product [13]. In diffractive optical communication
around opaque obstacles, a digital convolutional encoder and a passive diffractive decoder
are trained jointly to recover information from waves scattered around objects that block
the direct line of sight [14]. Spectrally encoded single-pixel machine vision shows that a
diffractive network can encode spatial information into the spectrum of diffracted light
measured by a single-pixel spectroscopic detector, with spectral channels serving as outputs
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associated with individual classes [15]. In turn, information-hiding cameras demonstrate
that a passive diffractive processor can mask information about an object in an intensity
distribution that appears ordinary, after which a jointly trained CNN reconstructs the
hidden image [16]. These works show that an optical input block can encode data spatially,
spectrally, geometrically, or through task-dependent hidden representations.

For the present work, studies in which the optical module is explicitly regarded as
an encoder, that is, as a physical mechanism for compression or compact representation
formation, are especially important. Wang et al. proposed an integrated photonic encoder
motivated by the growth of data streams in modern cameras. Their system performs analog
photonic matrix—vector transformations based on random projections before full digital
registration, thereby reducing the amount of data requiring electronic processing [17].
At the same time, accelerating an optical projection does not necessarily guarantee an end-
to-end computational advantage. Fomin et al. analyzed several random-projection-based
algorithms and showed that the projection often accounts for only a small fraction of their
total computational time, making system-level bottleneck analysis essential when assessing
optical processors [18]. The concept of a fully optical autoencoder proposed by Feng et al.
also shows that linear diffractive processors can be trained to encode an input optical field
into a latent diffractive representation and then reconstruct it [19]. The Latent Space Imaging
approach develops this idea toward task-oriented compression: optical measurements are
mapped into the latent space of a pretrained generative model, which makes it possible to
operate at compression ratios on the order of 1:100-1:1000 and, in certain regimes, up to
1:4096 [20]. In these works, the evaluation criterion shifts from pixel-level reconstruction
alone to the informativeness and application utility of the physical latent representation.

Recent hardware-oriented studies also confirm the transition from optical classification
to optical encoding. Architectures of optical matrix-vector multipliers have been proposed
for both encoding and decoding, including schemes adapted for image reconstruction
from low-dimensional latent vectors [21]. Terahertz compressive optical-digital neural
network imaging uses a diffractive optical neural network to compress amplitude—phase
information into a substantially more compact intensity measurement before electronic re-
construction [22]. Integrated optical diffractive nonlinear neural networks with degenerate
input and hidden layers show that integrated diffractive systems can combine classification
with strong feature compression in compact photonic hardware [23]. Taken together, these
results indicate the emergence of several variants of optical encoding: spectral encod-
ing, latent-space imaging, optical matrix—vector multiplication, communication through
complex physical channels, and integrated photonic diffractive processing.

Despite this progress, optical and hybrid D?°NN systems are rarely evaluated as
image-compression systems in the same sense as JPEG, VVC, or learned neural codecs.
In traditional and learned codecs, compression is defined by the number of bits after
quantization and entropy coding, while quality is usually described by rate—distortion
curves, PSNR, MS-SSIM, perceptual metrics, encoding and decoding latencies, and memory
requirements [1,2]. In D?2NN-ENN systems, by contrast, an explicit bitstream is often absent:
the optical component physically projects an image into a domain of fields, intensities,
modes, spectra, or measurements, and the electronic part uses this representation for
reconstruction or inference. Such systems are therefore closer to analog compressive
sensing or physical feature extraction than to a full digital codec with entropy coding,
unless the latent representation, sensor quantization, noise model, bit depth, and hardware
constraints are explicitly specified. In this context, the size of the latent region of the
proposed autoencoder can be interpreted by analogy with the quality setting in a classical
codec: changing the latent representation size and the quantization level defines different
operating points with different sizes of the compressed representation. For this reason,
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the central comparison in this work is performed primarily in terms of the resulting file
size rather than only in terms of the nominal model configuration.

This methodological gap motivates the present study. We consider a hybrid D?NN-
ENN autoencoder as an image-compression and reconstruction system located at the
boundary between optical neural networks and learned compression. The D?’NN encoder
forms a compact optical latent representation, and the electronic decoder reconstructs the
image from it. The aim of the work is not only to demonstrate reconstruction, but also to
evaluate how the latent-region size, encoder depth, quantization, and illumination mode
(coherent or incoherent) affect reconstruction quality and computational time. The result-
ing trade-offs are compared with the characteristics of established codecs under explicitly
specified experimental conditions. This formulation is especially relevant for application
scenarios in which encoding speed is critical: if the optical input block is physically inte-
grated with the image-acquisition system, the D2NN-ENN encoder can be useful as a fast
passive precompressor, even if it is not intended to replace general-purpose codecs with
entropy coding.

2. Materials and Methods
2.1. Dataset and Preprocessing

The experiments were performed on the Animal Faces-HQ (AFHQ) dataset [24].
AFHQ was selected because animal faces provide readily recognizable shapes and spatially
organized features, such as the head outline, eyes, ears, muzzle, and fur texture. Con-
sequently, degradation caused by optical compression can be assessed directly through
distortions of facial geometry, loss of contour sharpness, and suppression of fine textu-
ral details. The dataset therefore enables a controlled evaluation of how well the optical
latent representation preserves both coarse image structure and high-frequency content.
The experimental corpus contained 16,130 images; 1500 of them were used for validation.
In addition, a separate test subset of 300 images was formed from the training set and
used only for final metric evaluation after training. The original 512 x 512 RGB images
were converted to single-channel grayscale images and resized to 400 x 400 pixels. This
preprocessing ensured consistency with the optical simulation grid used by the D?’NN
encoder and with the spatial resolution reconstructed by the electronic decoder.

2.2. Optical D2NN Encoder Model

The optical part of the autoencoder was modeled as a stack of diffractive propagation
and modulation operators. The preprocessed 400 x 400 grayscale image was placed into
a 600 x 600 computational aperture. The resulting input field was denoted by uo(x,y).
For an encoder with N diffractive layers, the field evolution was written as

Uy = my @ Py {un_1}, n=1,...,N,

where P, is the free-space propagation operator over distance d;, m,(x,y) is the trainable
complex modulation mask of the nth diffractive layer, and © denotes elementwise multipli-
cation. Free-space light propagation was described by the scalar Fresnel-Huygens formula.
In the paraxial approximation, for wavelength A and wavenumber k = 271/ A, the operator
‘P; can be written as

Pofu} () = SEA) (1
Q
X exp {;k ( 17)2)] a¢dy.
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Here, () denotes the aperture of the previous plane, that is, the region covered by
the discrete computational grid. Thus, the field in the next plane is the coherent sum of
contributions from all points of the previous plane with a quadratic phase delay. In the
numerical implementation, this linear operator was computed on a discrete grid and
remained differentiable, so the gradient of the loss function could propagate through
diffractive propagation to the mask parameters. Each modulation mask corresponds to an
amplitude—phase diffractive element,

mn (%, y) = an(x,y) exp(ign(x, y)),

where a, and ¢, are the trainable amplitude and phase, respectively. After the last diffrac-
tive layer, the field propagated to the latent plane,

Uiat = Pay,, 1un}-

In the detector plane, the intensity was recorded as

Ilat(x'y) = |ulat(x/ 1/) |2'

The latent representation was formed by cropping the central square region with a
side length of latent_size from this intensity map. The latent_size parameter specified
the side length of this window in discrete detector-grid pixels; for a value s, the latent
map had size s x s and, after flattening, contained s? scalar intensity samples. This central
region was then flattened into a vector and fed to the electronic decoder. The single-layer
architecture used in the initial experiments corresponds to N = 1, while in the layer-analysis
experiments the value of N was varied.

From the training perspective, the diffractive encoder was treated as the differentiable
physical part of a unified computational-graph model, which corresponds to the general
idea of D®*NN: the transmittance coefficients of individual points of the diffractive layers
are trainable parameters and are selected by backpropagation [4]. Let the parameters of the
optical block be denoted by

Oopt = {an(x,y), on(x,y)}020

and the parameters of the electronic decoder by 6je.. For an input image x;, the complete
forward pass can be written as

5= Collati} %= foue(2),

where Cs{-} denotes a central crop with side length s followed by vectorization, s corre-
sponds to the latent_size parameter, and fq, is the electronic decoder. Training was
performed by minimizing the empirical risk over the training set:

. 1 R
min 7 (@opt, bec) = 7 Y Lysssiv (27, %7),
®Opfredec ‘ | jGB

where B is a mini-batch and Lys.sgnv is the loss function associated with multiscale
structural similarity. Because the propagation operators P;, are linear in the complex
field and the modulation m, © u is an elementwise differentiable operation with respect
to the mask parameters, the gradient of the loss function can be propagated from the
electronic decoder back through the latent-region extraction, free-space propagation, and all
diffractive layers. In the numerical implementation, complex fields were processed as pairs

https://doi.org/10.3390 /bdcc10100349


https://doi.org/10.3390/bdcc10100349

Big Data Cogn. Comput. 2026, 10, 349

6of 21

of real and imaginary components, so the optical and electronic parameters were updated
by a gradient optimizer according to the chain rule:

(®optr Gdec) ) - <®0Pt’ GdEC) ® _ n V(G)Optrgdec) J

where 7 denotes the optimization step size. In variants with a full amplitude—phase
mask, both components a,, and ¢,, were optimized; in the amplitude-only and phase-only
ablations, one of the components was fixed to evaluate the contribution of the corresponding
modulation mechanism. After training was completed, the obtained masks were considered
fixed, and the optical encoder in inference mode performed only passive propagation and
modulation without additional iterative adjustment.

2.3. Coherent and Incoherent Illumination

Two illumination modes were modeled; they differed in how the recorded intensity in
the latent plane was formed. In both cases, the input image was treated as a normalized
intensity distribution Iy(x,y) rather than as an arbitrary complex field. Before optical
propagation, the intensity was converted into amplitude:

uo(x,y) =/ Io(x,y).

The same optical-grid parameters were used for both modes: wavelength A = 512 nm,
sampling step Ax = 1.024 um, and propagation distance between consecutive planes
z =1mm.

In the coherent mode, the field ug(x, y) propagated once through the diffractive stack
with a fixed input phase. The latent representation was formed from the detected intensity
rather than from the complex field:

Icoh(xry) = |u1at(x']/) |2'

The central crop of this map was used as the latent representation for the electronic decoder.
In the incoherent mode, before padding and subsequent propagation, an ensemble of
R = 50 realizations of a random phase screen was applied to the amplitude uy(x,y):

u) (x,y) = uo(x,y) exp (27161 (x,) ),
r=1,...,R.

Here, $") is the normalized random phase field; the factor 27 matches how the phase
factor is implemented in the code. The phase screens were not specified as independent
white noise at each pixel: they were generated in the spectral domain from a random
spectrum with a Gaussian mask, followed by distribution normalization. The experiments
used spatial and temporal coherence parameters /; = 100 um and 7. = 10 ns. Each
realization propagated through the same trained D*NN encoder; the propagation geometry
and diffractive masks did not change. The incoherent output intensity was then computed
by averaging the intensities of individual realizations,

R 2
tne() = g LJud (o)
r=

Averaging was performed specifically at the level of intensities 1|2, not complex
fields, because mutual phase relationships between realizations are not observable in this
model. For the chosen short coherence time, independent realizations are used as a Monte
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Carlo approximation of partially incoherent illumination. The latent region provided to the
decoder was extracted from the distribution Ijnc(x, y). This ensemble formulation makes it
possible to separate the effect of coherence from the effects of latent-region size, propagation
geometry, and diffractive-mask parameterization.

2.4. Training Protocol

The hybrid D°NN-ENN model was trained as an autoencoder for image recon-
struction. The optical encoder transformed each input image into a square latent rep-
resentation, and the electronic decoder was optimized to reconstruct the corresponding
target grayscale image. The side length of the latent region was selected from the set
{15, 30, 50, 80,100, 150, 200, 300} pixels, which made it possible to evaluate the trade-off
between representation compactness and reconstruction quality. Each configuration was
trained for 15 epochs.

Training was carried out in the coherent and incoherent modes described above.
The optimization objective was based on the MS-SSIM loss, which directly encourages
perceptual structural similarity between the reconstructed and target images. Validation
data were used to monitor training and select the model, and all final metrics for the
proposed D*NN-ENN models and reference codecs were computed on the test subset after
training was completed.

2.5. Bicubic Downsample—Quantize—Upsample Baseline

In addition to JPEG and learned codecs, we intentionally used a simple non-learned
bicubic algorithm rather than another codec. The aim was to provide the most elementary
control for spatial subsampling: each test image was deterministically downsampled,
stored as an 8-bit low-resolution array, and bicubically upsampled using the same output
resolution and quality metrics.

Let x € [0,1]#00%4% denote a preprocessed grayscale test image. For a target com-
pressed spatial size W x H, the baseline encoder first resized the image with bicubic
interpolation and then quantized the resulting low-resolution image to 8-bit integer values:

c=0Qs (D%fH{x}), Qs(v) = round (255 clip(v,0,1)),

where Dbi¢,, is the bicubic downsampling operator and ¢ € {0,...,255}"V*H is the stored
representation. The corresponding file size is therefore

Bpic = WH

bytes, or By,;./1024 kilobytes in the rate—distortion plots. The decoder dequantized the
stored image and restored it to the original spatial resolution using bicubic interpolation:

& __ 74bic ¢
Xbic = ¢400,400 255 J

where UE’SBAOO is the bicubic upsampling operator. The quality of each baseline point was
evaluated with the same metrics as for the other methods,

1& . 1
MSEbic = ﬁ Z(xi - xbic,i)Z/ PSNRbic =10 10810 (I\/ISEb>'
i=1 ic

and MS-SSIM(x, &p;.) was computed using the multiscale procedure described below.
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2.6. Evaluation Metrics and Time Measurement

Reconstruction accuracy was evaluated using PSNR and MS-SSIM. For a target image
x and reconstruction £ containing P pixels, the mean squared error was defined as

P
MSE(x, £) = 1 Y (xi — %)%

i=

g

Because all images were represented as normalized intensities, the maximum signal
value was taken as Imax = 1, and PSNR was computed as

2
PSNR(x, £) = 10log;, (Imax>

MSE(x, %)

MS-SSIM was evaluated between the grayscale target image and the corresponding
reconstruction. For the reported test metrics, both images were mapped to the 8-bit
intensity scale, so the dynamic range was L = 255. At each scale, local means, variances,
and covariance were estimated with an 11 x 11 Gaussian window with ¢ = 1.5, and the
luminance and contrast-structure terms were computed as

2 o
I, 8) = 2L
Hx + M + Cl
cs(x,a?) . 2044 + Co

2+ a+ G’

where C; = (0.01L)? and C; = (0.03L)2. The multiscale score was computed over five
scales. Between consecutive scales, both images were downsampled by average pooling
with a factor of 2. With the standard weights

w = (0.0448,0.2856,0.3001, 0.2363,0.1333),

which were derived from subjective image-quality calibration across scales in the original
MS-SSIM work [25] and are used by the pytorch-msssim implementation, the final value
was computed as follows. These weights were fixed and were neither learned nor tuned on
our dataset:

4 .
MS-SSIM (x, £) = <H cs?) I5css?,
j=1

where the luminance term is used only at the coarsest scale. The reported MS-SSIM was
averaged over the test subset of 300 images. During training, the same metric was used in
the loss 1 — MS-SSIM on normalized floating-point images with L = 1.

File size was defined as the number of bytes B required to represent the compressed
signal; all plots report B /1024 kilobytes. For JPEG and neural codecs, B is the size of the cor-
responding compressed bitstream. For the bicubic baseline, the compressed representation
is a downsampled grayscale image of size W x H represented with 8-bit pixels,

By = WH.

For a D?’NN-ENN latent map with side length s = latent_size, the unquantized
representation uses 32-bit floating-point samples, hence

Bsp = 4s°.

After g-bit quantization and bit packing, where g € {8,4,2}, the size is
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2
[]S
By = [81

which gives s?, [s2/2], and [s?/4] bytes for 8-, 4-, and 2-bit quantization, respectively.

The reference methods included JPEG, standard neural codecs from the CompressAl
benchmark suite, and the bicubic-interpolation baseline. All neural-network training exper-
iments and final evaluations, including the proposed D*NN-ENN models and benchmark
measurements, were performed on an NVIDIA H100 GPU. For the electronic reference
methods, encoding and decoding times were measured directly on the same test subset.
For the proposed hybrid model, the ideal optical-encoding time was evaluated separately:
in the main single-layer configuration, light passes through two 1 mm intervals, i.e., approx-
imately 2 mm in total. For such an optical path, the propagation delay is approximately
6.7 x 10712 s, or 6.7 x 107 ms. This is only the physical transit time of light through
the encoder; it does not include sensor readout, data transfer, or the operation of the
electronic decoder.

2.7. Latent-Representation Quantization

Quantization was applied after training to the latent optical representation. In other
words, it was not taken into account during optimization of the diffractive masks and
decoder parameters, but was introduced only at the testing and export stages between
the optical encoder and the electronic decoder. After propagation through the opti-
cal encoder, each input image formed a latent vector or intensity map whose spatial
size was determined by the selected latent_size value: the latent map had the shape
latent_size X latent_size. The latent map was then flattened into a vector and fed to
the electronic decoder. To assess the effect of limited latent-representation precision, it was
quantized before decoding.

Uniform scalar quantization with 8-, 4-, and 2-bit precision was considered. For bit
depth b, the number of quantization levels was defined as

L=2"—1.

In all experiments, normalization of the latent representation before quantization was
disabled. Therefore, the same scheme was applied to each latent tensor: values were first
clipped to the interval [0, 1] and then rounded to the nearest quantization level:

. round (zgipped L)
Zdipped = clip(z,0,1), z5 = LC ppec .

The decoder received the dequantized floating-point value z,, not the integer code itself.

The corresponding bit budget is determined by the number of latent samples and the
quantization depth. Compared with the unquantized 32-bit representation, g-bit quanti-
zation changes the latent-representation size from 32s? bits to gs? bits, or from 4s? bytes
to [gs*/8] bytes. Thus, reconstruction degradation can be analyzed as a function of latent
precision while keeping the trained optical encoder and electronic decoder fixed.

3. Results
3.1. DPNN-ENN Autoencoder Architecture

The proposed architecture is a hybrid D2NN-ENN autoencoder that comprises an
optical diffractive encoder and an electronic neural-network decoder (Figure 1). The en-
coder performs the initial compression: it transforms the input optical field into a compact
latent representation. The decoder, in turn, maps this representation back to the image
domain and reconstructs the normalized intensity distribution. The key novelty is an image-
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compression approach that transfers the encoding stage to a passive diffractive optical
processor, enabling ultrafast physical precompression before electronic reconstruction.

Input image
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Figure 1. Architecture of the proposed hybrid D’NN-ENN autoencoder: the diffractive optical
encoder forms a compact latent intensity representation, which is reconstructed by the electronic
neural-network decoder.

D?NN encoder. The encoder input is a 400 x 400-pixel grayscale image embedded
into a 600 x 600 computational field. The zero boundary region is used to model free-
space propagation and simultaneously reduces the effect of diffractive artifacts at the
boundaries. The optical field propagates from the input plane to a diffractive amplitude—
phase modulation layer located at a distance of 1 mm. The wavelength is 512 nm, and the
physical pixel size is 1024 nm. After modulation, the field propagates another 1 mm
to the detector plane, which records the latent map. At this plane, a square region of a
specified size is cropped from the propagated field and used as the compressed latent
representation. In this work, this block is generalized to an N-layer diffractive stack: the
number of diffractive layers N, placed at equal distances, is treated as a tunable architectural
parameter, and the single-layer encoder corresponds to the special case N = 1.

ENN decoder. The decoder receives the latent representation formed by the D2NN
encoder and reconstructs the image using electronic neural-network operations. First,
the latent vector is processed by a multilayer perceptron; a ReLU nonlinearity is applied
after each of its hidden layers. The resulting vector is then converted by an unflattening
operation into a tensor of size B x 256 x 10 x 10, where B denotes the batch size. The spatial
resolution is increased by two transposed convolutional layers with kernel size k = 4, stride
s = 2, and padding p = 1: these layers increase the feature-map size first to 20 x 20 and
then to 40 x 40, while reducing the number of channels from 256 to 128 and then to 64;
ReLU is also applied after each transposed convolutional layer. In the final stage, bilinear
interpolation expands the representation to 400 x 400, a 1 x 1 convolution maps the feature
tensor to one output channel, and a sigmoid activation constrains the reconstructed image
to the normalized range of pixel intensities. Decoder variants with a larger number of
convolutional layers were also tested; however, they did not yield a noticeable increase in
PSNR or MS-SSIM, so a more compact architecture was used in the main scheme.

3.2. Comparison of DPNN-ENN Compression Quality and Time with Standard Codecs

Figure 2 shows the main trade-off considered in this work: reconstruction quality
and execution time are compared with the actual size of the compressed representation.
The plots compare the proposed D’NN-ENN model, JPEG, standard neural codecs, and the
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bicubic-interpolation baseline. For D?2NN-ENN, each point corresponds to a specific
latent_size value, and the numerical labels next to the points denote the latent_size
value in pixels. As the side length of the latent region increases from very compact
representations to intermediate values, more optical information is preserved, improving
both PSNR and MS-SSIM. In the coherent mode, quality increases from 18.22 to a maximum
of 20.91 dB PSNR, while MS-SSIM increases from 0.57 to 0.68. In the incoherent mode,
the same qualitative trend is observed, but the maximum values are slightly lower: for
latent side lengths of 15-200 pixels, PSNR increases from 18.29 to 20.49 dB, and MS-SSIM
increases from 0.56 to 0.66. Beyond intermediate sizes, the incoherent curve reaches a
plateau or slightly decreases, so further enlargement of the latent region does not provide a
proportional gain in quality.
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Figure 2. Comparison of reconstruction quality and computational time for D2NN-ENN, JPEG, stan-
dard neural codecs, and bicubic interpolation: (a) PSNR; (b) MS-SSIM; (c) encoding time; (d) decoding
time. The numbers next to the D2NN-ENN points denote the latent_size value in pixels.

The image-level comparison in Figure 3 complements the aggregate results by showing
the characteristic artifacts of the evaluated methods. The optical reconstructions preserve
the global position and shape of the face but strongly smooth fine fur texture and local
contrast. The conventional and learned codecs retain progressively more high-frequency
detail as their compressed representation grows, whereas interpolation mainly reflects the
loss caused by spatial subsampling. This example also illustrates that similar compressed
sizes can correspond to visibly different error structures because the methods encode
different types of image information.
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Figure 3. Visual comparison of a representative test image reconstructed at different compression
operating points using coherent and incoherent D?NN-ENN, JPEG, JPEG 2000, the BMSH]J2018,
MBT2018, and Cheng2020 learned codecs, and bicubic interpolation. The labels report the compressed
size, PSNR, and MS-SSIM for each reconstruction.

More detailed numerical values for the D>NN-ENN operating points are given in
Tables 1 and 2. They correspond to the same latent sizes annotated in Figure 2 and show
how increasing file size affects reconstruction quality and electronic decoding time in the
coherent and incoherent modes. The encoding time in these tables refers to software-based
numerical testing of the optical encoder; the ideal hardware latency of passive optical
propagation is discussed separately below.
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Table 1. Test results for the hybrid D?’NN-ENN architecture under coherent illumination.

Latent Size (Pixels)  File Size (KB) PSNR (dB) MS-SSIM  Encoding Time (ms)  Decoding Time (ms)

15 0.88 18.22 0.57 29.37 22.39
30 3.52 19.78 0.64 33.02 23.81
50 9.77 20.58 0.67 33.48 24.67
80 25.00 20.85 0.68 39.33 34.66
100 39.06 2091 0.68 35.96 40.17
150 87.89 20.79 0.68 32.54 48.78
200 156.25 20.63 0.68 31.20 58.01

Table 2. Test results for the hybrid D2NN-ENN architecture under incoherent illumination.

Latent Size (Pixels)  File Size (KB) PSNR (dB) MS-SSIM  Encoding Time (ms)  Decoding Time (ms)

15 0.88 18.29 0.56 1110.03 29.98
30 3.52 19.58 0.63 1109.77 29.63
50 9.77 20.07 0.65 1136.47 34.77
80 25.00 20.30 0.66 1135.83 44.38
100 39.06 20.49 0.66 1149.26 46.11
150 87.89 20.09 0.64 1109.41 65.02
200 156.25 20.04 0.65 1111.83 81.97

The reconstruction examples in Figure 4 are consistent with the quantitative results.
For the smallest latent sizes, the decoder mainly preserves the coarse spatial structure
of animal faces, whereas fine texture, sharp contours, and high-frequency details are
smoothed. Increasing the latent region improves the transfer of overall shape and contrast,
but this effect is limited: after the intermediate range, additional latent samples do not
yield a proportional visual gain. Coherent illumination provides slightly sharper and more
structurally accurate reconstructions, whereas incoherent ensemble averaging makes the
images smoother and reduces local contrast. This visual behavior is consistent with the
PSNR and MS-SSIM trends and shows that quality is limited not only by the number of
latent samples, but also by the information selected by the optical transform and by the
ability of the electronic decoder to invert this transform.
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Figure 4. Examples of reconstructed images obtained in (a) coherent and (b) incoherent optical modes.

Figure 5 demonstrates that the model generalizes across different animal classes, poses,
brightness distributions, and background structures. Both illumination modes preserve the
dominant facial geometry, including the head outline, eyes, muzzle, and major contrast
regions. The error maps show that most residual errors are concentrated around fine
fur, object boundaries, and high-contrast local features. The relatively weak difference
between the coherent and incoherent outputs confirms that the two modes usually produce
similar coarse reconstructions, although the coherent model tends to retain slightly stronger
local contrast.
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Figure 5. Representative test-set reconstructions for a 100 x 100-pixel latent region. From top to
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bottom, the rows show the original images, coherent D2NN-ENN reconstructions, coherent absolute
errors, incoherent D2NN-ENN reconstructions, incoherent absolute errors, and the absolute difference
between the coherent and incoherent reconstructions.
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Most of the poorest reconstructions in Figure 6 are tigers. Their high-contrast stripes
and spots create a strongly structured texture that is difficult to preserve in the compact
latent representation. The error maps show that these markings contribute substantially
to the reconstruction error, although the overall silhouette remains recognizable. Similar
coherent and incoherent error patterns indicate that the main limitation is the information
bottleneck and decoder capacity rather than illumination mode.
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Figure 6. Representative failure cases for a 100 x 100-pixel latent region. The row order is the same as
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in Figure 5: original images, coherent reconstructions and absolute errors, incoherent reconstructions
and absolute errors, and the difference between the two reconstruction modes.

3.3. The Effect of Encoder Depth

For the same D?’NN-ENN architecture, we analyzed how the number of diffractive
layers affects reconstruction quality and whether both components of the complex mod-
ulation mask are indeed necessary. In this experiment, the electronic decoder and the
overall training procedure remained unchanged, while the optical encoder was varied by
changing the number of diffractive layers and choosing one of three parameterizations: a
full amplitude-phase mask, an amplitude-only mask, or a phase-only mask.

The results in Figure 7 show that the full amplitude-phase parameterization provides
the best overall performance, which is consistent with its larger optical-modulation capac-
ity. At the same time, the phase-only configuration also remains competitive and yields
comparatively high reconstruction quality. This is an important observation: it shows that
a simpler diffractive element controlling only phase is still capable of forming an infor-
mative latent representation for the electronic decoder. By contrast, the amplitude-only
configuration performs worse in the tested setting, indicating lower efficiency of amplitude
modulation without trainable phase control for this compression and reconstruction task.

The dependence of quality on the number of layers is nonmonotonic. The best re-
construction metrics are achieved with two and three diffractive layers, whereas further
increasing the depth does not provide a stable improvement. For the same encoder depth
and mask parameterization, the incoherent mode follows the same qualitative trend but
gives slightly lower PSNR and MS-SSIM values than the coherent mode. This indicates
that, for the considered architecture and dataset, adding a small number of diffractive
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not automatically lead to better compression and may complicate optimization.

MS-SSi

() (b)

Figure 7. Effect of the number of diffractive encoder layers and modulation-mask parameterization
on reconstruction quality: (a) PSNR; (b) MS-SSIM.

3.4. Robustness to Quantization

Figure 8 shows that the trained latent representation is sufficiently robust to moderate
post-training quantization. The transition from the original floating-point representation
to 8-bit and 4-bit precision causes only a limited decrease in PSNR and MS-SSIM. This
indicates that, at these quantization levels, most of the information used by the decoder is
preserved. The examples in Figure 9 show the same trend visually for a 50 x 50-pixel latent
region in the coherent and incoherent modes: at 8- and 4-bit precision, the overall shape
and contrast of the reconstructions are largely preserved, whereas the 2-bit representation
smooths details more noticeably and enhances artifacts. Consequently, the practical gain
from quantizing the latent representation is limited by the transition to very low precision,
while 4-bit and 8-bit representations remain comparatively stable for the tested architecture.
Figure 10 also compares the 4-bit quantized D’NN-ENN with JPEG, standard neural
codecs, and bicubic interpolation in the same setting as the codec-comparison section, using
PSNR, MS-SSIM, encoding time, and decoding time. An important feature of this variant is
that the D’2NN-ENN latent representation uses 4-bit precision: one latent sample requires
eight times fewer bits than in a 32-bit floating-point representation, so the strength of the

image structure.
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Figure 8. Robustness of reconstruction quality to latent-representation quantization: (a) PSNR;
(b) MS-SSIM.
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Figure 9. Examples of reconstructed images at different quantization levels of the latent representation

for a 50 x 50-pixel latent region: (a) coherent optical mode; (b) incoherent optical mode.
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Figure 10. Comparison of the 4-bit quantized version of D*NN-ENN with JPEG, standard neural
codecs, and bicubic interpolation in terms of reconstruction quality and execution time: (a) PSNR;
(b) MS-SSIM; (c) encoding time; (d) decoding time. The numbers next to the D2NN-ENN points
denote the latent_size value in pixels.
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4. Discussion

A comparison with electronic codecs shows that these codecs provide substantially
higher PSNR and MS-SSIM at comparable file sizes. This is expected: such codecs combine
transform coding, quantization, and entropy coding, whereas the proposed optical encoder
forms a compact discretized latent representation that is quantized only afterward. Therefore,
in its current form, the D2NN-ENN architecture should not be considered a direct replacement
for optimized digital codecs for general-purpose image storage. Its advantage appears in
the execution-time plots: for the incoherent mode, the ideal encoding time remains on the
order of 6.7 x 10712 s for all latent sizes, whereas the fast neural codecs BMSHJ2018 and
MBT2018 encode images on timescales of about 102 s, and the heavier Cheng2020 attention
model operates on a timescale of about 10° s. Optical formation of the latent representation
is therefore approximately 9-10 orders of magnitude faster than the first two neural codecs
and more than 11 orders of magnitude faster than the heavier attention model. Decoding
time, by contrast, is determined by the electronic decoder: in the incoherent mode, it is 29.63—
81.97 ms for the considered latent sizes, i.e., of the same order as BMSH]2018 and MBT2018
decoding, although it increases as the latent representation grows.

These observations show a clear separation between advantages and limitations.
Standard electronic codecs dominate the quality—file-size curves, but the proposed hybrid
model belongs to a different engineering regime: it is oriented toward applications in which
the encoder is located directly at the input of the sensor system, and ultrafast formation
of a compact representation is more important than achieving the best quality at a given
file size. In such scenarios, especially in task-oriented imaging systems and NIR sensing,
the optical encoder can be considered a passive physical precompressor whose output is
then refined by an electronic decoder.

In this sense, the hybrid D?’NN-ENN scheme is not a direct analogue of a classical
digital codec. Its latent representation arises from a physical optical transform and can
only then be quantized and stored in digital form. Therefore, comparison with electronic
codecs should be interpreted not as an attempt to replace mature general-purpose codecs,
but as an evaluation of an alternative operating regime in which part of the compression is
performed before full electronic processing.

The main advantage of this regime is associated with the speed of latent-representation
formation. If the optical encoder is integrated directly with the image-acquisition system,
encoding can occur through passive light propagation with a latency close to the time of
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flight through the optical system. The gain therefore arises specifically at the encoding stage,
where latency is reduced by several orders of magnitude relative to digital neural codecs;
the decoding stage remains electronic and is closer in time to conventional neural-network
inference. At the same time, the final reconstruction quality is determined not only by the
latent-region size, but also by how informative a transform the diffractive stack implements,
how well the electronic decoder can invert this transform, and how realistically hardware
constraints are taken into account.

The proposed approach has several limitations that define directions for future work. First,
the current study is based on idealized numerical propagation and does not explicitly model
sensor noise, finite detector dynamic range, wavelength variations, fabrication errors, or lateral
and axial misalignment of the diffractive elements. Future implementations should therefore
use hardware-aware training, in which such perturbations are introduced during optimization,
followed by experimental calibration and validation of the fabricated optical encoder.

Second, scalability to higher-resolution images remains an important issue. The present
experiments use 400 x 400-pixel inputs, and increasing the spatial resolution also increases
the computational cost of numerical propagation during training and the required res-
olution of the diffractive elements and detector. Tiled or hierarchical optical encoding,
multiscale latent representations, and more efficient propagation models may help address
this problem.

Third, the compression ratio is controlled by the size of the cropped central latent
region. A future model could form a nested latent representation, allowing different crop
sizes to provide different compression—quality operating points without redesigning the
optical encoder.

Finally, the framework can be extended beyond grayscale images to RGB, multispectral,
hyperspectral, amplitude, and phase data. In these systems, the diffractive front end could
perform physical precompression directly at the sensor plane.

5. Conclusions

This work examined a hybrid D?NN-ENN autoencoder as an image-compression
architecture in which the first stage of representation formation is performed optically.
The main goal was not to replace mature digital codecs directly, but to evaluate whether
a diffractive optical front end can form a compact latent representation that remains
informative enough for electronic reconstruction.

The experiments show that the proposed system exhibits a clear trade-off between la-
tent size and reconstruction quality. Increasing latent_size improves PSNR and MS-SSIM
up to an intermediate range, after which the gain becomes limited. Coherent illumination
gives slightly better reconstructions than incoherent illumination, with maximum values of
20.91 dB and 0.68 MS-SSIM versus 20.49 dB and 0.66 MS-SSIM. The best encoder depths
in the tested configuration are two and three diffractive layers. Full amplitude—phase
modulation provides the strongest performance, while phase-only modulation remains
a practical lower-complexity alternative. The latent representation is also moderately ro-
bust to quantization: 8-bit and 4-bit precision preserve most of the reconstruction quality,
whereas 2-bit precision introduces visible degradation.

The main significance of the approach lies in the encoding stage. In the idealized opti-
cal model, latent formation occurs through passive propagation with latency on the order
of 10712 s, which is many orders of magnitude shorter than digital neural-codec encoding.
This makes the method most relevant for specialized sensing systems in which data should
be preprocessed directly at the optical or sensor plane. Such a regime is especially natural
for visible, near-infrared, and infrared imaging, because the same diffractive-processing

https://doi.org/10.3390 /bdcc10100349


https://doi.org/10.3390/bdcc10100349

Big Data Cogn. Comput. 2026, 10, 349

20 of 21

References

principle can be adapted to different wavelength ranges by choosing suitable optical mate-
rials, pixel sizes, and propagation geometries.

The present implementation also has important limitations. Its rate-distortion perfor-
mance is still below that of classical and learned codecs; the model does not include an
entropy model; and the simulations do not yet fully account for sensor noise, finite detector
dynamic range, fabrication errors, or optical misalignment. Future work should therefore
include hardware-aware training, stronger electronic decoders, realistic sensor and noise
models, entropy coding of the quantized latent representation, and experimental validation
with physical diffractive elements.

A further direction is secure optical preprocessing. Since the measured latent represen-
tation depends on the trained diffractive masks and is not directly interpretable as an image,
the optical encoder could potentially combine compression with physical-layer obfuscation.
In such a system, the diffractive structure and the matched electronic decoder would act
as components of a task-specific key: without the correct optical transform and decoder,
the latent measurement may be difficult to reconstruct. This should not yet be treated as
proven cryptographic security, but it suggests a promising direction for optical compression,
privacy-preserving sensing, and infrared imaging systems where fast preprocessing and
restricted access to visual information are both important.
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ENN Electronic neural network

MS-SSIM  Multiscale structural similarity index measure
NIR Near-infrared
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