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Abstract

We demonstrate a loop-based deep optical convolutional neural network that reuses a
single free-space optical hardware to realize network depth through repeated passes. Con-
volution is implemented with programmable SLM with Fourier plane kernels, nonlinearity
is provided by the photorefractive phase-only response of a BSO crystal and converted
to an effective intensity activation via spatial filtering, and pooling is performed optically
using demagnified imaging with an iris. On MNIST, the BSO-based nonlinearity improves
test accuracy from 90.8% (linear) to 95.7%, with optimal operation. We model realistic
optical noises (laser fluctuation, aberration, detector misalignment, and dust) and compare
them using an SSIM-normalized severity metric. Under noise at (s = 0.35) on Fashion-
MNIST, accuracy drops from 88.53% (clean) to 79.5% (noisy inference); a feature-level
noise-aware training strategy recovers performance to 86.87%. Together, these advances
demonstrate that a compact, loop-based hybrid DOCNN, completed with simple optical
nonlinearities, simplified pooling, and noise-aware learning, can improve accuracy under
realistic conditions.

Keywords: loop-based DOCNN; 4f system; optical convolution; fourier optics

1. Introduction

In recent years, convolutional neural networks (CNNs) have demonstrated remark-
able success in various computer vision applications, including image classification and
object detection, among many others [1,2]. Despite significant efforts to reduce their com-
putational costs [3], practical implementations still require billions of multiplication and
accumulation operations [4]. This remains a critical challenge, particularly for embedded
intelligence applications that demand ultra-low power consumption and fast processing.
Such constraints are increasingly relevant in domains like the Internet of Things (IoT), au-
tonomous driving, smart sensors, and quality control systems, creating a strong incentive
to develop novel methods that achieve high accuracy while operating under affordable
computational resource usage [5]. However, the demand for more efficient and faster
data processing continues to grow due to the exponential increase in data generation
and the rising complexity of computational tasks. CNNs are deep neural networks that
utilize convolutional, pooling, and fully connected layers. Convolutional layers are par-
ticularly effective at automatically learning features from input data through convolution,
where a kernel slides across the input image, performing element-wise multiplications
and summing the results to create a feature map. Multiple kernels are used to generate
multiple feature maps, each highlighting a different characteristic of the input image [6].
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As dataset complexity and network depth increase, deep convolutional neural networks
(DCNNSs) have emerged as an extension of CNNs, achieving state-of-the-art performance
in complex tasks [7], such as semantic segmentation, object recognition, natural language
processing, complex image classification, and medical image analysis tasks. However, this
advancement comes at the cost of higher computational complexity and resource-intensive
processing. In fact, the computational complexity of convolutions scales with image size
and network depth, following O(n?k?) for an nn image and kk kernel [8]. Driving research
into alternative computing paradigms, optical computing has emerged as a promising
alternative. Optical systems inherently offer high-speed parallel processing capabilities
while consuming virtually no power [9]. This efficiency is primarily due to free-space
optical computation, where light propagates through air or vacuum without significant
energy loss or heating effects associated with electronic circuits. Free-space optics en-
ables simultaneous parallel processing of vast amounts of data because multiple beams
of light can operate independently without mutual interference. Optical operations like
convolution and correlation can be executed passively with lenses, which eliminates the
need for energy-intensive electronic switching and substantially lowers computational
costs [10]. These characteristics result in minimal power usage and negligible heat gener-
ation. However, leveraging these benefits in practical applications requires overcoming
several technical challenges, including the development of efficient optical components
and achieving the seamless integration of optical with electronic systems [11]. Optical deep
convolutional neural networks (ODCNNSs) apply convolution operations in the optical
frequency domain, utilizing free-space optical convolution principles and by employing
Fourier optics via the 4f system. Recently, a multilayer all-optical Fourier neural network
has been demonstrated to achieve 92.51% accuracy on MNIST data and 80.67% on Fashion-
MNIST data by encoding convolution weights into spatial light modulators (SLMs) [12].
However, challenges such as misalignment, diffraction effects, and lens imperfections
hinder scalability and performance, necessitating further advancements. In CNN architec-
ture, feature map dimensions are typically down-sampled via pooling layers to reduce the
computation complexity and overfitting. An optronic CNN was introduced [13], where
computations occur optically while data transmission and control remain electronic. To
enable optical pooling, the authors proposed to combine the 4f optical correlator with
pinhole and Gaussian filter masks. However, this approach faces limitations, including
system complexity, significant light loss, and inflexible pooling functions, because changing
the pooling size or type requires physically replacing or reconfiguring the optical masks,
limiting adaptability and increasing operational complexity. Furthermore, high-precision
mask fabrication presents challenges, as imperfections introduce distortions that degrade
performance. Furthermore, we also integrate an all-optical nonlinear activation solution
based on enabling complex feature extraction and greatly enhancing network expressivity.
Without such nonlinearities, multilayer architectures would effectively collapse into single-
layer models, severely restricting their computational power and complexity. Conventional
deep learning frameworks commonly use nonlinear functions such as Rectified Linear
Units (ReLUs) and sigmoid functions to introduce nonlinearity [14]. However, developing
all-optical equivalents has remained a significant challenge in Optical Neural Networks
(ONN s) due to the scarcity of efficient nonlinear optical mechanisms [15]. Researchers have
explored implementing all-optical nonlinear activation functions using saturable absorp-
tion in materials such as graphene and zinc selenide within diffractive neural networks,
enabling tunable responses like sigmoid. However, these methods require high-intensity
laser setups, involve complex optical configurations, and suffer from high power con-
sumption and scalability limitations for integrated photonic platforms [16]. A nonlinear
optical correlator in a 4f configuration exploiting the Kerr effect through four-wave mixing
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has been demonstrated for optical processing and matrix multiplication, but its depen-
dence on high-intensity fields and obstruction masks poses challenges for integration and
scalability [17]. In free space optical computation, the presence of noise sources, such as
misalignment, laser fluctuation, lens aberration, etc., further affects inference accuracy
when training is conducted in the digital domain. Recent work has addressed noise in
optical neural networks (ONNSs) to improve robustness. The physics-constrained ONN
framework embeds optical system parameters into the loss function during digital training,
reducing sensitivity to hardware imperfections. Its performance depends on accurate
system modeling and degrades under unmodeled noise conditions [18]. Similarly, Train-
ing and Inference of ONNs with Noise and Low-Bit Control targets chip-based ONNs
by applying quantization-aware training and noise modeling for low-bit precision. This
improves resilience to phase-shifter noise and control limitations but is validated mainly
on small datasets and does not address free-space distortions [19]. This paper introduces a
loop-based Deep Optical Convolutional Neural Network (DOCNN) designed to enhance
CNN operations optically and to mitigate the effects of noise. By repeatedly utilizing
the same free-space 4f optical correlator within the network, our approach significantly
reduces effect of noises and achieves more precise optical computations. Additionally,
we propose a novel optical pooling layer concept that employs a single lens positioned
directly after the convolutional layer. This design simplifies system alignment, minimizes
optical power loss, and increases flexibility by eliminating the necessity for fixed physical
masks. The use of photorefractive materials, such as Bismuth Silicon Oxide (BSO), which
exhibits nonlinear refractive index changes arising from light-induced charge transport
and the formation of space-charge fields. And we also propose a new method to have
noise-aware training to improve classification accuracy for noisy optical CNN. Here, we
first present the proposed OCNN framework, detailing its core layers: optical convolution,
optical nonlinearity, and optical pooling, along with simulation results. Next, we provide a
theoretical analysis of noise in OCNNs and its impact on performance. Building on this,
we introduce a loop-based deep OCNN architecture to enhance computational depth and
efficiency. Finally, we propose a noise-aware training strategy and evaluate its effectiveness
in improving the robustness and accuracy of both OCNN and deep OCNN models.

2. OCNN: Methods and Simulation

This section describes the methods and simulation framework used to implement
and evaluate our OCNN. We first introduce the 4f optical correlator that performs the
feature extraction layer through Fourier-domain filtering and outline the light propagation
model used in simulation. We then present an all-optical nonlinear activation based on the
intensity-dependent photorefractive phase response of a BSO crystal combined with spatial
filtering to produce an effective transmission nonlinearity. Finally, we describe a simplified
optical pooling strategy based on lens-induced demagnification to down-sample feature
maps and reduce downstream computational cost.

2.1. Optical Convolution Operation

The 4f optical system is a transfer setup comprising two focal length f lenses, designed
to perform a Fourier transform on an input optical field. By converting an input image
from the spatial domain to the frequency domain, this system facilitates manipulation
of the frequency spectrum in the Fourier plane, enabling desired output responses. The
application of 4f systems for matrix multiplication has been successfully demonstrated in
prior research [20]. Our convolution layer architecture is based on an identical 4f correlator
design, consisting of two lenses with a same focal length, separated by a distance of 2f.
The input and output planes are positioned in the front focal plane of the first lens and
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in the back focal plane of the second lens, respectively, allowing for optical convolution
operations. Under the Fresnel approximation, a lens establishes a Fourier transform
relationship between the electric-field distributions at its front and back focal planes. By
placing trained kernels in the Fourier plane, various Fourier domain filtering operations
can be performed. In the mask plane, a pointwise multiplication occurs between the Fourier
transform of the input object and the Fourier domain filter as light passes through the
transmittance mask. The modified frequency distribution is then subjected to an inverse
Fourier transform by the second lens, reconstructing the spatial-domain convolution output
at its back focal plane. We employed a He-Ne laser as light source, two 15 cm focal length
lenses, and two SLMs positioned at the input and Fourier planes to display the images and
the kernels, respectively. The main LCD-SLM parameters are summarized in Table 1.

Table 1. LCD-SLM parameters used in the optical setup.

Parameter Value
Transmissive Epson 0.74” LCD-SLM, HD Kit LCD
Device type L3C07U-85G13 (bbs bild- u. lichtsysteme GmbH, Bad
Wiessee, Germany)
Resolution 1920 x 1080 pixels
Pixel pitch 8.5 um x 8.5 um
Active area 16.32 mm x 9.18 mm
Modulation Amplitude modulation
Controller HD LCD controller, DVI input, 12-bit digital control
Use in setup Input image plane and kernel plane

A camera is placed in the output plane to capture the convolution results. One of
the key advantages of this optical correlation setup is the real-time Fourier transform
computation and a large space-bandwidth product. Furthermore, because of the inherent
parallelism of optical processing, the computation time for the Fourier transform remains
independent of the input image size. This allows any image size to be Fourier transformed
at the speed of light [21]. To model wave propagation in the 4f optical correlator, we used
the Fresnel integral approximation, which describes near-field diffraction by approximating
the propagation of a slowly varying wavefront. Each lens was represented using the thin-
lens model, applying a quadratic phase transformation to the incident field. The paraxial
approximation, which assumes that light rays make small angles with the optical axis, was
adopted to simplify the propagation equations and enable Fourier transform behavior in
the lens planes. For simulation, we assumed a coherent monochromatic light source with
wavelength A = 633 nm, ensuring consistency with typical free-space optical setups.

As shown in Figure 1, the optical convolution operation between the input image and
the filter image is achieved using a 4f optical system. Initially, the input plane containing
the input image is illuminated and passed through the first lens, which performs a Fourier
transformation. In the Fourier domain, a filter or mask representing the convolution kernel
is placed at the Fourier plane to modulate the transformed image’s spatial frequencies.
The result of point wise multiplication of input image and kernel is then passed through a
second lens, performing an inverse Fourier transform to produce the convolved image at
the output plane. Figure 1 illustrates the process with representative images at each stage.
Another fundamental component of digital CNNs is the nonlinear activation function. In
our proposed approach, our aim is to implement this nonlinearity in the optical domain by
incorporating photorefractive materials into the network, thereby enhancing the network’s
ability to process intricate patterns and data relationships. The following section provides
a detailed explanation of the all-optical nonlinear activation mechanism.
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Figure 1. 4f optical convolution pipeline. The input image is displayed at the front focal plane of
the first lens and Fourier-transformed at the Fourier plane, where the kernel mask modulates the
spectrum. The second lens performs an inverse Fourier transform, producing the filtered /convolved
output image at the output plane; representative intensity patterns at each stage are shown.

2.2. Optical Non-Linear Function

Deep neural networks require nonlinear activation functions to extract higher-order
features. In digital CNNSs, this nonlinearity is applied pointwise (e.g., ReLU, sigmoid) [14].
Without a nonlinear activation, the stacking layers collapse to a single linear transform.
Achieving all-optical nonlinearity is challenging because most optical components are
intrinsically linear at low power, and practical nonlinear materials are limited [15]. In
our system, nonlinear activation is obtained from the intensity-dependent photorefrac-
tive phase response of a bismuth silicon oxide (BSO) crystal. Under illumination, pho-
toionization and charge transport create a space-charge field that saturates with inten-
sity. Under an applied bias, this behavior is modeled as Es.(x,y) = Eo/(1+ I(x,y)/1s),
where Ej is the applied electric field and I; is the dark-irradiance scale. Through the
linear electro-optic effect, this field induces an index change and therefore a phase shift
$(x,y) = kAnL = —%kn3r41 LEs.(x,y), where k = 27t/ A, n is the refractive index, r4; is
the electro-optic coefficient, and L is the crystal thickness. The BSO therefore acts as a
phase-only nonlinear element, with Uyt (x,y) = U (x,y) explig(x,y)]. At visible wave-
lengths in our operating regime, BSO is well approximated as nearly lossless: the field
amplitude |U| and total power are conserved, and any measured power variation arises
from spatial redistribution rather than absorption [22]. To convert this phase nonlinearity
into an effective intensity-dependent transmission suitable for an activation function, we
use phase-to-amplitude conversion by spatial filtering. Specifically, the BSO crystal is
placed near the Fourier plane of the 4f correlator, immediately after the kernel SLM, and a
finite circular iris is introduced in the subsequent image plane. The intensity-dependent
BSO phase reshapes the diffraction pattern, and the iris clips the redistributed field. As a
result, the collected output power becomes a nonlinear function of the input intensity. The
main BSO crystal parameters used for nonlinear activation are summarized in Table 2.

Table 2. Main BSO crystal parameters used for the nonlinear activation.

Parameter Value

Material Bismuth silicon oxide (BSO)
Crystal size 12 mm x 12 mm X 5 mm
Crystal orientation [110] + 2%

Surface quality 40/20 scratch-dig

Clear aperture >85%

Coating AR at 632.8 nm
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In the simulation model, the BSO response was described using n = 2.54,
rs1 =5.0x 10712 m/V, Eg = 2.0 x 10° V/m, and I; = 120 W/m? at 632.8 nm.

The measured transmission is defined as T = P,,;; / P;,,, where P,,;; is measured after the
iris. Importantly, this T(I) describes a system-level nonlinearity, namely the combination
of BSO phase modulation and aperture filtering, rather than intrinsic absorption in the
BSO crystal. If the iris is fully open or removed, the transformation is approximately
unitary and Py ~ Pj,, nearly independent of intensity. For compact characterization, the
transmission is fitted using the saturating model T(I) = Tyin + (Tmax — Tmin) I/ (I + Ip),
where Iy captures the effective photorefractive intensity scale. Figure 2 shows T(I) at
488, 514, and 632.8 nm for the 5 mm BSO crystal. The curvature is strongest at shorter
wavelengths, consistent with higher photorefractive sensitivity [23,24]. We also quantify the
temporal dynamics of phase buildup. The evolution of the space-charge field is modeled as
a first-order process, Esc(t) = EQ + (Eg — E) exp[—t/7(I)], with T(I) = Tganc/ (1 + I/1;).
We report t43, defined as the time required to reach 63% of the final phase response,
corresponding to (1 —1/e).

(a) 1x10°% (b) 1x107 (c) 1x10°
® Measured T ° MeasuredT | 4 ® MeasuredT [ 10
0.58125 --- Fit 4 0.612 ——- Fit i —-= Fit
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0.58100 3 0.610 i i
c c c \
_ G 0.680 _ . -
2 0.58075 232 i g 905220 4 o =
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€ 0.58050 T E -2% Eoszof | 4 58
@ 2 @ 0.604 o & 5]
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= . ; . =o0.518 *e 10
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Figure 2. Measured and fitted effective transmission T = Pout/Pjn after a phase-only BSO ele-
ment followed by a finite iris for phase-to-amplitude conversion at (a) 488 nm, (b) 514 nm, and
(c) 632.8 nm. Markers show the transmission data, solid curves show the fitted transmission response,
and dashed curves show the fit residuals plotted on the secondary axis. The horizontal dashed
reference line indicates zero residual.Stronger curvature at shorter wavelengths indicates higher
photorefractive sensitivity.

Figure 3 shows the normalized temporal phase response of the BSO crystal at represen-
tative visible wavelengths. The extracted t¢3 response times are 15 ms at 488 nm, 24 ms at
514 nm, and 37 ms at 632.8 nm, where tg;3 is the time required to reach 63% of the final phase
response. Since the OCNN simulations are performed at 632.8 nm, the relevant BSO settling
time is approximately 37 ms. This corresponds to a 63%-settling update rate of approximately
1/ts3 = 27 Hz. If the BSO response is approximated as a first-order process, the equivalent
small-signal 3-dB bandwidth is 1/(27ts3) ~ 4.3 Hz. The additional latency and resource
cost introduced by the BSO nonlinear activation are summarized in Table 3. In the present
optical engine, the BSO settling time is not the main bottleneck because it is comparable to
the update time of the SLMs used in the system. However, for future systems using faster
modulators and detectors, the BSO response may become the dominant bandwidth limitation.
This response time can be improved by optimizing the operating wavelength, optical intensity,
bias field, crystal thickness, and controlled heating conditions.

To directly connect the observed transmission nonlinearity with the underlying phase
response, Figure 4 reports the BSO-plane phase metrics, including RMS ¢, mean |¢|, and
maximum |¢|, as functions of input intensity. Together, Figures 2—4 show that the BSO
element provides an intensity-dependent phase response and that, when combined with a
finite iris, this phase modulation is converted into an effective amplitude nonlinearity.
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Figure 3. Temporal phase response of the BSO at representative visible wavelengths. The horizontal
dotted line indicates the 1/e residual-response level. The colored vertical dashed lines indicate the
corresponding 43 response times for each wavelength: 15 ms at 488 nm, 24 ms at 514 nm, and 37 ms
at 632.8 nm. The inset provides a magnified view of the early-time response.

Table 3. Additional latency and resource cost introduced by the BSO nonlinear activation.

Parameter Linear OCNN BSO-Based OCNN
Nonlinear element None BSO crystal + iris
latency SLMs SLMs + BSO response
tez at 632.8 nm - ~37 ms
Approx. BSO bandwidth - ~43 Hz
(b) (c)
600 +.0-00—04.0-000.0 00000000 0 1.52 1.22
»1:50 ° N\
c c o\
S1.48 £1.20
o o
21.46 2
- 3144 gl18
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Figure 4. Intensity-dependent phase modulation in the BSO plane. (a) Phase metrics, including RMS
¢, mean |¢|, and maximum |¢|, versus input intensity at 488 nm. (b) Phase metrics versus input
intensity at 514 nm. (c) Phase metrics versus input intensity at 632.8 nm. The phase response is
stronger at shorter wavelengths and saturates with increasing illumination.

To quantify the role of optical nonlinearity in classification, we compared two OCNNs
on MNIST: a linear OCNN and the proposed BSO-based nonlinear OCNN. The nonlinear
model produces sharper and higher-contrast feature maps, as shown in Figure 5a, which
improves class separability for the following classifier.

To further compare the proposed optical nonlinearity with conventional electronic
nonlinear activation functions, we evaluated five cases under the same optical convo-
lution front-end and training protocol: an OCNN without nonlinear activation, OCNN
with electronic ReLU, OCNN with electronic sigmoid, OCNN with electronic tanh, and
OCNN with the proposed optical BSO nonlinearity. The electronic nonlinearities provide
the highest classification accuracy, with ReLU and tanh reaching final test accuracies of
97.65% and 97.80%, respectively. The proposed BSO nonlinearity reaches a lower final
accuracy of 95.05% and a best test accuracy of 95.70%, but still clearly improves perfor-
mance compared with the OCNN without nonlinear activation, which reaches 90.85%.
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Therefore, the purpose of the BSO layer is not to outperform ideal electronic activations but
to demonstrate a physically implemented optical nonlinear transformation that reduces
dependence on electronic post-processing and supports progress toward more fully optical
neural-network architectures.

Both the linear and BSO-based OCNNs were trained end-to-end for 35 epochs using
the same training protocol. A sweep of the BSO beam-spot radius and input optical
power reveals a clear optimum operating region, as shown in Figure 5b. Outside this
region, the classification accuracy decreases because insufficient illumination weakens the
photorefractive response, whereas excessive optical power drives the BSO response toward
saturation. The test curves in Figure 5c show test accuracy versus epoch for the same
optical CNN with different non linear functions. The BSO-based OCNN converges faster
and reaches a lower loss than the linear OCNN baseline. At the optimum operating point
of P = 1.67 mW and ryms = 3.5 mm, the BSO-based OCNN achieves a final test accuracy of
95.7%, compared with 90.8% for the linear OCNN. This improvement is also reflected in the
confusion matrices in Figure 5d,e show the confusion matrices for optical CNN without non
linear function and optical CNN with optical non linear function, respectively. In the linear
OCNN, the cascaded 4f convolution, propagation, aperture, and readout stages remain
approximately linear before the electronic classifier. This limits the separability of classes
whose optical features overlap after convolution. In contrast, the BSO crystal introduces
an intensity-dependent photorefractive phase shift, and the following iris converts the
resulting phase redistribution into an effective amplitude nonlinearity.

C
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Figure 5. Effect of BSO-based optical nonlinearity on OCNN feature extraction and generalization.
(a) Representative convolution outputs without BSO, with BSO + iris activation, and their pixel-wise
difference. (b) Test accuracy as a function of BSO beam-spot radius and laser power, showing an opti-
mum near 7rms = 3.5 mm and P = 1.67 mW. (c) Test accuracy versus epoch for the same optical CNN
with different non linear function. (d) Confusion matrix of the linear OCNN baseline, with final test
accuracy of 90.8%. (e) Confusion matrix of the BSO-based OCNN, with final test accuracy of 95.7%.

Therefore, weak, intermediate, and strong spatial-frequency components are not
transmitted with the same linear scaling. This nonlinear redistribution produces sharper
and more discriminative optical feature maps, increases inter-class separability, and reduces
the dependence of the classifier on purely linear intensity scaling.
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Unlike a digital ReLU, which applies an electronic pointwise threshold after numerical
convolution, the proposed BSO activation performs a physical intensity-dependent phase
modulation followed by iris-based phase-to-amplitude conversion. Therefore, the most
direct ablation is the comparison between the same optical system with and without the
BSO response, as presented in Figure 5.

2.3. Optical Pooling Layer

The pooling is a standard operation in convolutional neural networks used to reduce
the spatial dimensionality of feature maps, reducing the number of parameters and the
computational burden of subsequent layers while improving the robustness to small spatial
variations [25]. In digital CNNs, pooling is typically implemented through local operators,
such as average pooling or maximum pooling [15]. We implement an all-optical pooling
layer that is functionally analogous to average pooling, realized as spatial-frequency low-
pass filtering followed by down-sampling (anti-aliased pooling). Our pooling stage consists
of a single convex lens that images the input feature map onto a reduced-size output plane.
The feature map is placed at a distance d, from the pooling lens, and the pooled image
is formed at a distance d;. Under the thin-lens and paraxial approximations, the imaging
geometry is governed by }7 = dl—o + dl,» and M = Z—; = —g—é , where f is the focal length of
the pooling lens, M is the magnification, and h, and /; are the heights of the object and
the image, respectively. By operating in the demagnification regime |M| < 1, the lens
performs optical downsampling by compressing the spatial extent of the feature map. To
explicitly enforce anti-aliasing prior to down-sampling, we place a circular aperture stop
(iris) at the back focal plane of the pooling lens. This iris limits the transmitted spatial-
frequency bandwidth, implementing a tunable low-pass filter that removes high spatial
frequencies that would otherwise be aliased after demagnification and sampling. The
subsequent demagnified imaging onto the detector then performs the down-sampling.
Together, aperture stop and demagnification realize a low-pass and down-sample operation
that is directly analogous to average pooling in digital CNNs

Figure 6 illustrates the optical pooling configuration and representative feature maps
before and after pooling. The pooling strength is continuously controlled by the magni-
fication M, which can be tuned by adjusting d, and d; while satisfying the lens equation.
To evaluate the impact of optical pooling on classification performance, we swept M and
measured MNIST test accuracy (Figure 7a). The highest test accuracy 94.9% occurs at
M = 0.6, indicating an optimal tradeoff between preserving discriminative spatial detail
and reducing spatial resolution. Although pooling does not significantly increase peak
accuracy for MNIST, it improves generalization trends consistent with the role of pooling
in conventional CNNs (Figure 7c,d) [26].

Lens
Feature

Figure 6. Optical pooling layer implemented by low-pass filtering and single lens demagnification.
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Figure 7. (a) Optical pooling parameter sweeps and impact on OCNN performance (MNIST).
M = 0.6 (94.9%). (b) Comparison of pooling computation in digital versus optical implementations:
digital average pooling FLOPs scale with feature-map size, whereas the optical pooling stage intro-
duces no additional digital FLOPs during inference. (c¢,d) Training and testing loss/accuracy curves
comparing models with pooling and without pooling, illustrating improved generalization behavior
with optical pooling.

Finally, this pooling operation is performed entirely in the optical domain without
intermediate digital computation. Unlike digital average pooling, whose operation count
scales with feature-map size, the optical pooling layer introduces no additional digital
FLOPs during inference, since the low-pass filtering and down-sampling are realized by
passive propagation through a lens and Fourier-plane aperture (Figure 7b).

3. Noise in Optical CNN: Theory and Analysis

Real free-space optical processors deviate from ideal, noise-free simulations because
of source instabilities, aberrations, misalignment, dust contamination, and other hardware
imperfections. During inference, these physical noises can distort the optical feature maps
produced by the 4f correlator and reduce the classification accuracy. In this section, we
introduce a physically interpretable noise model for the proposed OCNN, quantify the effect
of each noise mechanism, and evaluate the sensitivity of the network to different aberration.

We model the dominant degradations expected at the camera intensity plane of a
free-space optical implementation. We let (x,y) denote the input image displayed on
the input SLM, g(x, y) denote the learned convolution kernel implemented in the Fourier
plane, and Iy(x, y) denote the camera-plane intensity feature map. In the ideal case, the
4f processor implements Fourier-domain filtering, and the nominal feature map can be
written in the intensity-domain model as Ip(x,y) = h(x,y) ® g(x,y), where ® denotes con-
volution. We consider four physical noise mechanisms: laser power fluctuation, wavefront
aberration, misalignment, and dust. Laser fluctuation is modeled as a multiplicative noise,
Li(x,y) = (14 n1)Io(x,y), where nj represents relative intensity noise and is sampled as
a zero-mean fluctuation. Wavefront aberration is modeled using a pupil-plane phase er-
ror, Py, (p,0) = P(p,0) exp[i2tW (p,0)/A], where P(p, 6) is the circular pupil function and
W(p, 0) is the wavefront error. In the normalized noise comparison, spherical aberration
is used as the representative wavefront-aberration case because the Zernike sensitivity
analysis below shows that it is the most damaging mode.
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Misalignment is modeled as a subpixel zero-padded shift of the camera-plane intensity,
I3(x,y) = L(x — Ax,y — Ay), where (Ax, Ay) represents lateral displacement between the
optical feature map and the detector sampling grid. Dust contamination is modeled as
a multiplicative attenuation mask, Iout(x, y) = I3(x,y)mgust(X, ), where mg,g € [0,1] is
fixed in the sensor coordinates. Fully opaque particles correspond to 4, = 0 inside the
particle footprint, while partial opacity gives 0 < mguq < 1.

This intensity-domain model is a compact system-level approximation of the full coherent
wave-optics perturbation process. It is designed to reproduce the dominant detector-plane
signatures and to enable controlled robustness studies. Figure 8 summarizes the noise injection
pathway and illustrates the characteristic effect of each mechanism on the feature map. Laser
fluctuation changes the overall intensity level (Figure 8a), wavefront aberration redistributes
the optical field (Figure 8b), misalignment shifts the feature map relative to the classifier
sampling grid (Figure 8c), and dust introduces localized attenuation (Figure 8d).

Convolution Aberration Mlsallgnment Camera
nght Source h(x,y) ® g(x, y . ®ny(x, y) n3(Ax, Ay) output

Figure 8. Noise flow in the 4 f optical correlator. A coherent source illuminates the input image h(x, y),

which is convolved with the Fourier-plane filter g(x, y). Four physical noise sources are introduced:
(a) laser fluctuation (1 + n7), (b) wavefront aberration n,(x,y), (c) misalignment n3(Ax, Ay), and
(d) dust attenuation n4(x, y). Example outputs below the blocks illustrate the visual signature of each
noise mechanism.

To quantify robustness, the network was first trained end-to-end under clean condi-
tions, and the physical noise sources were then injected only during inference. We evaluated
both classification accuracy and feature-map fidelity. Feature-map fidelity was quantified
using the Structural Similarity Index Measure (SSIM), which compares luminance, contrast,
and structural similarity between the clean and degraded optical feature maps. Because
the native parameters of the noise sources have different physical units, direct comparison
using their raw values is not meaningful. Therefore, each perturbation was evaluated
using a normalized strength parameter s € [0,1], where s = 0 corresponds to the clean
condition and s = 1 corresponds to the maximum tested strength for that perturbation. For
spherical aberration [27], the normalized strength corresponds to the RMS wavefront-error
sweep, with s = 1 equivalent to 0.5A. For other noise sources, the native parameter 6 was
swept and the SSIM between the clean feature map and the degraded feature map was
computed. A reference value 8" was then defined at a common reachable degradation
level, SSIM(6*) = 0.73, which was the lowest SSIM level reached by all considered noise

mechanisms over the tested parameter ranges. The normalized noise strength was defined
1—SSIM(6)

T—SSIM(67) *
noise strength s. Solid curves represent classification accuracy, while dashed curves repre-

ass = Figure 9a shows the test accuracy and mean SSIM versus normalized

sent mean SSIM. Laser fluctuation has the weakest influence on accuracy because it mainly
changes the overall optical intensity while largely preserving spatial structure.
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Figure 9. Effect of normalized optical noise on OCNN inference. (a) Test accuracy and mean
SSIM versus normalized noise strength s for spherical aberration, dust contamination, detector
misalignment, laser fluctuation, and the combined all-noise condition. Solid curves show test
accuracy and dashed curves show mean SSIM. The native strength of each individual noise source
was calibrated using SSIM, with s = 1 corresponding to the common reachable reference level
SSIM = 0.73. (b) Normalized confusion matrix for the all-noise condition at s = 0.9.

Dust and spherical aberration produce stronger degradation because they remove
or redistribute local spatial information in the optical feature map. Misalignment causes
moderate degradation as the shifted feature map becomes increasingly mismatched with
the classifier sampling grid. When all noise sources are applied simultaneously at the
same normalized strength, the performance degradation is stronger than for any indi-
vidual noise source, confirming the compounding effect of realistic optical perturbations.
Figure 9b shows the normalized confusion matrix for the all-noise condition at s = 0.9.
This operating point represents a severe but calibrated degradation level, where spherical
aberration, dust, detector misalignment, and laser fluctuation are applied using their SSIM-
calibrated native parameters. The normalized noise-comparison analysis uses spherical
aberration as a representative wavefront-error case. However, wavefront sensitivity is
generally mode-dependent; therefore, we also performed a separate Zernike-aberration
analysis. The aberrated pupil was modeled as Py, (p,0) = P(p, 0) exp[i2tW (p, 0) /A], where
W(p,0) = a;Z;(p,0) is the wavefront error represented by a normalized Zernike mode. The
RMS wavefront-error amplitude was swept from 0 to 0.5A for defocus, astigmatism, coma,
and spherical aberration.

Figure 10 shows the resulting test accuracy as a function of RMS wavefront error.
The OCNN is relatively robust to defocus, astigmatism, and coma over the studied range,
with only a moderate accuracy reduction up to 0.5A. In contrast, spherical aberration
produces the strongest degradation, reducing the test accuracy from the clean baseline to
approximately 65% at 0.5A. These results show that a defocus-only model underestimates
the effect of higher-order wavefront distortions and that robustness depends strongly on
the aberration mode. Together, these results show that realistic optical noise reduces both
feature-map fidelity and classification accuracy in a mechanism-dependent manner. The
analysis motivates two complementary strategies for robust optical CNNs: careful optical
tuning to reduce wavefront aberrations, detector misalignment, and contamination, and
noise-aware training so that the classifier adapts to expected physical variability. In the next
section, we build on this foundation to introduce a loop-based deep OCNN architecture
that implements multiple optical convolutions, optical nonlinear activation, and pooling
operations efficiently.
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Figure 10. Sensitivity of the OCNN to Zernike wavefront aberrations. Test accuracy is plotted as
a function of RMS wavefront error for defocus, astigmatism, coma, and spherical aberration. The
dashed line indicates the clean baseline accuracy. The OCNN is relatively robust to defocus, astigma-
tism, and coma over the studied range, while spherical aberration produces the strongest degradation.

4. Loop-Based DOCNN and Performance Evaluation

Deep convolutional neural networks (DCNNSs) achieve strong performance in vision
tasks by stacking multiple layers to build hierarchical feature representations, progressing
from edges and textures to more abstract structures. In conventional electronic hardware,
however, the computational and memory cost of repeated convolutions grows rapidly
with depth, increasing latency, and power consumption. To address this bottleneck in
free-space optical inference, we propose a loop-based deep optical CNN (DOCNN) that
achieves depth by reusing a single optical processing block across multiple passes, rather
than physically cascading many distinct optical layers. The DOCNN is built around one
reconfigurable 4f correlator that implements a learned convolutional operation, followed
by the optical nonlinearity and the optical pooling stage. To extend the optical correlator
from a single convolutional layer to multiple subsequent layers, we iteratively record
the output of each convolutional layer (t), denoted as out;, and use it as input for the
next layer, so that in ) = out;. Repeating this procedure for N passes produces an
N — layer DOCNN while reusing the same fixed optical hardware. After the final pass,
the measured intensity is converted to a tensor, normalized, and fed to a lightweight two-
layer fully connected classifier in the electronic domain. To investigate the contribution of
individual optical components in a deep OCNN, we conducted the performance evaluation
in four architectural forms: (1) 4f convolutional stages without nonlinearity or pooling,
(2) 4f convolutional stages with only optical nonlinearities, (3) 4f convolutional stages
with only optical pooling layer, and (4) 4f convolutional stages with photorefractive
nonlinearities and optical pooling layer. Each configuration was tested with network
depths ranging from one to six layers for different dataset (MNIST, FMNIST, KMNIST).
Figure 11 shows the classification accuracy of different architectures in different datasets. In
general, the accuracy tends to improve as the depth of the network increases, highlighting
the importance of deep feature hierarchies. However, the effect of depth varies across
datasets. For the MNIST dataset (Figure 11a), increasing the number of layers leads to only
marginal improvement, likely because the dataset is relatively simple and does not require
deeper representations. In contrast, for the more complex FMNIST and KMNIST datasets,
accuracy improves more noticeably with greater depth. This suggests that deeper layers are
able to extract more informative and discriminative features, which enhances classification
performance. As illustrated in Figure 11, the blue curves show that, in all datasets, the
pooling does not significantly improve classification accuracy. However, incorporating a
pooling layer remains essential to reduce the dimensionality of the image. Furthermore,
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the pooling operation is performed entirely in the optical domain, eliminating the need for
intermediate digital computation.

The best results are achieved with the full configuration, 4f convolutional stages,
BSO nonlinearities, and optical pooling stage, which consistently outperformed the other
variants at all depths (Figure 11).
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Figure 11. Accuracy vs number of layers on (a) MNIST, (b) FMNIST, and (c) KMNIST. Each panel
compares four variants of the convolutional backbone: Conv + BSO + Pooling, Conv + NoBSO, No
Pooling, Conv + BSO, and Conv + Pooling. Combining BSO with pooling consistently achieves the
highest accuracy across depths, removing both performs worst, and accuracy gains with depth are
more pronounced for FMNIST and KMNIST than for MNIST.

Because free-space optical systems are unavoidably exposed to physical perturbations,
we next quantify the impact of realistic noise on loop-based DOCNN performance. We
train the network end-to-end under clean (noiseless) conditions and inject noise only
during inference using the same four mechanisms introduced in Section 3: laser power
fluctuation, blur/aberration, misalignment, and dust/occlusion. Figure 12 summarizes the
loop-based optical path and indicates where each noise source acts. Compared to physically
stacking many optical layers, the loop-based approach is expected to reduce the number of
unique optical elements that must be aligned and calibrated, which simplifies mechanical
alignment and supports stable operation.
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Figure 12. Illustration of deep OCNN in free space with different noises and post-processing in the
electronic domain.

To compare noise sources with different native units on the same footing, we use the
SSIM-based normalized severity s defined in Section 3, selecting each noise parameter to
match the same normalized strength. Figure 13 shows the test accuracy versus depth for
FMNIST under fixed s for each noise mechanism. Under equalized severity, increasing
depth yields only modest accuracy improvements in noisy conditions, indicating that
physical noise can limit the benefit of deeper optical processing when the model is trained
only on clean data.
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Figure 13. Test accuracy (%) versus number of layers for the FMINIST dataset using a deep optical
CNN with different noises, showing the effect of different noises on accuracy with increasing depth.

Together, these results show that loop-based depth provides a compact route to deep
optical CNNSs, but realistic physical noise still limits performance, motivating the noise-
aware training strategy developed in the next section.

5. Noise-Aware Training and Performance Improvement

Models trained only on clean, noise-free data often perform well under ideal conditions
but degrade when deployed under realistic noise [28,29]. In free-space optical inference,
such noises arise from system-level effects including lens aberrations, intensity fluctuations,
misalignments, dust, etc. Without considering these effects during training, the network
tends to overfit idealized patterns and creates a training-test domain gap that reduces
the precision of inference [30]. To mitigate this gap without requiring complete end-
to-end retraining of the optical encoder, we adopt a feature-level noise-aware training
strategy [31]. In general, noise injection during training acts as a regularizer and can
improve robustness and generalization under distribution changes [32]. Noise-aware
training can be implemented in several ways depending on where the noise is introduced.
A common approach is data-level augmentation, where noise is added directly to the
input examples (e.g., Gaussian perturbations, blur, or occlusions), forcing the model to
learn representations that remain stable under such distortions [29]. Feature-level noise
injection, which we adopt here, perturbs the intermediate representations rather than
the input. This can be implemented by injecting noise directly into feature maps or,
equivalently, by passing clean data through a noisy encoder to generate corrupted feature
embeddings [33,34]. Alternative robustness strategies exist, but are less aligned with our
experimental constraints. Model-level approaches inject noise into internal computations
or parameters (e.g., weight noise), which can improve stability but do not directly reflect
hardware-specific distortions [35,36]. A more direct approach is hardware-in-the-loop
or physics-aware training, where the physical device (or a differentiable simulator) is
integrated into end-to-end optimization so that the model adapts to hardware-specific
variability [37,38]. More generally, robustness can also be encouraged by modifying the loss
to penalize sensitivity to perturbations, even when those perturbations are not explicitly
observed during training [39,40]. In this work, we focus on feature-level noise-aware
training because it is simple to implement in a loop-based DOCNN and provides a practical
route to robustness without requiring repeated end-to-end retraining of the optical encoder.
Among these approaches, our work focuses on feature-level noise injection, which is
particularly suited to free-space optical neural networks. To evaluate the effectiveness of
this approach, we compare three configurations: (i) clean training with clean inference
(ideal case), (ii) clean training with noisy inference, and (iii) noise-aware training with noisy
inference (proposed method). In the (i) configuration, both the encoder and classifier are
trained and tested on noise-free data, establishing an ideal baseline. In the (ii) configuration,
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the same clean-trained encoder is reused, but inference is performed with the full noisy
optical system activated, revealing the significant performance degradation that occurs
when noise is not accounted for during training. In the (iii) proposed configuration, the
noise-aware approach, the full clean training set is propagated through this noisy encoder
once to generate noise-corrupted feature representations, and a new classifier is trained on
these features while keeping the encoder weights fixed. This feature-level augmentation
explicitly matches the classifier’s training distribution with the noisy feature distribution
produced by the optical hardware, reducing the domain gap between training and inference.

Because the system learns from features that include realistic physical imperfections,
it becomes more resistant to errors and better at detecting the difference between important
information and unwanted variations. Being exposed to these imperfections helps the
system correct itself, preventing it from simply memorizing perfect examples. Instead, it
pushes the system to find stable representations that do not change easily when faced with
disruptions. Figure 14 illustrates this training pipeline.
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Figure 14. Three different training pipelines. The left panel shows the clean baseline where encoder
and classifier are trained and inferred on noise free data. The middle panel illustrates the degradation
when the clean encoder is reused with noisy inference, leading to reduced accuracy. The right panel
shows the noise aware approach: the clean encoder is copied, inference noise is enabled to produce a
noisy encoder, clean data are passed through it to generate corrupted features, and a new classifier is
trained on those noisy features resulting in improved robustness; an optional hybrid mixing path is
also indicated.

Figure 15 compares three different methods for loop-based DOCNN across number of
layers on MNIST, FMNIST, and KMNIST: clean training with clean inference, clean training
with noisy inference, and the proposed feature-level noise-aware training. In all three
datasets, introducing optical noise only at inference causes a clear drop in accuracy relative
to the clean inference baseline. Noise-aware training consistently recovers a substantial part
of this loss. In MNIST, the degradation caused by noisy inference is relatively moderate, and
noise-aware training yields a smaller but still consistent improvement, with an average gain
of 2.61 percentage points (pts) and a maximum gain of 6.14 pts at 6 layers. In contrast, for
the more challenging datasets, FMNIST and KMNIST, the benefit of noise-aware training is
much more pronounced. In both datasets, noisy inference causes a large drop in accuracy
compared to clean inference, whereas the proposed training strategy recovers a major part
of this loss. In FMNIST, noise-aware training improves accuracy by 7.27 points on average,
while in KMNIST it provides an average gain of 6.34 points. Overall, the benefit is more
significant for the more complex datasets and becomes increasingly evident as the network
depth grows.
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Figure 15. Classification accuracy versus number of layers for loop-based DOCNN across three
different methods, clean training with clean inference, clean training with noisy inference and noise-
aware training. Results are shown for (a) MNIST, (b) FMNIST and (c) KMNIST. Green region indicates
the accuracy gain achieved by noise-aware training over clean trained with noisy inference.

6. Discussion

The proposed loop-based DOCNN demonstrates the feasibility of combining optical
convolution, BSO-based nonlinear activation, optical pooling, and noise-aware training
to achieve improved classification accuracy and robustness against realistic free-space
optical noise. Nevertheless, several limitations remain. First, the BSO-based nonlinear-
ity is highly dependent on both material properties and operating conditions, including
wavelength, optical intensity, bias field, temperature, and crystal geometry. As a result, the
activation strength, response speed, and bandwidth require careful optimization to meet
the requirements of high-speed inference applications. Second, the current architecture
remains a hybrid optical-electronic system. Although convolution, nonlinear activation,
and pooling are performed optically, signal detection and final classification are still im-
plemented electronically, which limits the realization of fully optical inference. Future
work should therefore investigate optical-domain readout and integrated optical decision-
making schemes to further reduce electronic bottlenecks. Finally, the present free-space
implementation is relatively bulky and sensitive to optical misalignment, which may limit
scalability and practical deployment. Future developments should focus on compact and
scalable implementations with improved optical integration and packaging. In addition,
the response time of the BSO crystal may be further improved through optimization of
the operating wavelength, optical intensity, bias conditions, crystal thickness, and thermal
control. Together, these advances could reduce the system footprint and enable practical
small-scale, ultra-low-latency optical inference engines.

7. Conclusions

We presented a free-space optical CNN that performs convolution within a 4f cor-
relator, implements nonlinearity through the intensity dependent phase response of a
BSO crystal combined with iris based phase to amplitude conversion, and realizes optical
pooling using a single convex lens and aperture. Network depth is achieved through a
loop-based DOCNN that reuses the same hardware across multiple passes. Across our
experiments, the complete architecture, convolution, BSO-based activation, and optical
pooling, consistently outperformed ablated variants. Finally, by modeling realistic optical
noise and applying feature level noise-aware training, we substantially reduced the accu-
racy loss under noisy inference. These results show that loop-based optical CNNs provide
a compact, noise-aware, and practical approach to deep optical inference.
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