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This paper investigates the design principles of analog photonic computing devices for pat-

tern recognition tasks. As a result of the conducted research, an analog photonic computing device

(APCD) based on a diffractive neural network (DNN) is developed and implemented in two config-

urations. The DNN is realized using a phase spatial light modulator (SLM) placed in the Fourier

plane of a two-lens optical system (4F system). Benefits of combining an optical DNN with a com-

pact computer neural network for post-processing the optical recognition results are demonstrated.

The presented results show the effectiveness of using the APCD for processing and recognition of

high-dimensional imagery in real-time video streams. A comparative performance analysis of the

APCD and a family of GPU-based YOLO neural networks is conducted for object image recogni-

tion in video streams. The results demonstrate that when processing high-dimensional frames, the

power consumption of the APCD is an order of magnitude lower than that of modern GPU-class

graphics platforms such as the RTX 4090.

Keywords: optical computing, diffractive neural network, image processing and classification,

spatial light modulator, YOLO neural networks, video-streams.

Introduction

Artificial neural networks have achieved significant success in a wide range of machine learn-

ing tasks, including image and video classification and analysis, medical diagnostics, speech

recognition, solving various inverse problems, and so on. At the same time, the training and

inference processes of neural networks used, for example, in modern models of video imagery

recognition and analysis impose enormous demands on digital processors in terms of computa-

tional volume and speed, which cannot always be met. These constraints have driven the rapid

advancement of a research field focused on the optical implementation of neural networks [1–3].

It should be noted that this line of research lies within the general trend of augmenting or

substituting digital computing devices with their optical analogs, which are expected to over-

come the limitations of digital computing systems related to insufficient computational speed

and high energy consumption [4]. As shoun in Fig. 1, interest in this research area has grown

exponentially since 2017 The data presented in demonstrate an exponential growth in interest

in this research direction since 2017.

Among optical neural networks, particular interest is attracted by so-called diffractive neu-

ral networks (DNNs), which are realized as a cascade of phase diffractive optical elements

(DOEs) [5–16], (see Fig. 2). It is important to note that the research field concerned with the

design of DOEs – including cascaded DOEs – for solving various problems of laser light transfor-

mation and focusing has a long history and has been actively evolving for over 50 years [17–24].

At the same time, the use of cascaded DOEs to optically solve machine learning problems was

first demonstrated only in 2018 in the seminal work [5]. In that work, several analogies were

drawn between a cascade of DOEs and an artificial neural network. Specifically, it was noted

that, by the Huygens-Fresnel principle, each pixel of a DOE emits a spherical wave that illumi-
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Figure 1. Annual number of publications in the field of optical computing.

Blue: total publications in the Scopus database; Red: including publications

on the subject of optical neural networks

Figure 2. Geometry of a DNN implemented as a cascade of DOEs

for solving a classification problem

nates the pixels of the subsequent DOE in the cascade, thereby mimicking the interconnections

between neurons in a multilayer perceptron. On this basis, the term “diffractive neural network”

was introduced, and the possibility of optically solving classification problems using cascaded

DOEs was demonstrated both theoretically and experimentally.

The optical solution to the classification problem is schematically shown in Fig. 2. We assume

that optical images belonging to N distinct object classes – for instance, images of handwritten

digits – are generated in an input plane by means of an SLM. These images propagate through

the optical system (a DOE cascade) towards the output plane. In the output plane, a set of

energy detection regions are specified, with the number of regions corresponding to the number
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of input image classes. In a particular case, the registration regions can be implemented as

an array of photodetectors that measure the total energy of the incident optical signal. The

number of the region (photodetector) with the highest energy then determines the class of

the input image. By way of example, Fig. 2 schematically illustrates that for an input image

of the digit ‘5’, the maximum energy is attained in the region associated with that digit. The

above-described operation of the DNN presupposes its prior ‘training’, which involves solving the

inverse problem of determining the phase function of the constituent DOEs such that the desired

operational condition is satisfied (i.e., forming the maximum energy in the registration region

that corresponds to the class of the input object). Typically, the afore-mentioned inverse problem

is solved in the framework of scalar diffraction theory under the thin-element approximation.

The phase functions of the DOEs are calculated using a gradient-based method within the

artificial neural network methodology, utilizing a training dataset (a set of characteristic input

images) [5–16].

It is important to note that in the DNN shown in Fig. 2, the relationship between the fields

in the input and output planes is described by a linear operator. Considering that a multilayer

neural network without nonlinearities is equivalent to a single-layer linear neural network, the use

of a cascade of DOEs instead of a single DOE is not always justified. In particular, the authors

of [25] showed that with properly chosen parameters, a single DOE can solve classification tasks

with high accuracy, not only matching but even exceeding the classification accuracy achieved

with complex cascaded DOEs. Moreover, it is well known that in the physical realization of a

DNN designed to operate with visible light, a major challenge is the stringent requirement for

precise positioning of the constituent DOEs [10, 12, 15, 16]. Moreover, cascaded DOEs prove

to be substantially more sensitive to misalignment than single DOEs, so that with positioning

errors of only 10–15 wavelengths, they become inferior to single DOEs in terms of operational

performance [15, 16]. In this regard, the present authors consider DNNs implemented as a single

DOE as the most suitable option for practical applications. Furthermore, studies conducted by

the present authors (not reported in this paper) have shown that the variant most tolerant to

positioning errors is the DNN realization in a 4F-system configuration (see Fig. 3), in which a

single DOE is placed between two lenses that perform Fourier transforms. This particular DNN

configuration is discussed further in this paper.

Figure 3. A 4F-system [26] (f are focal lengths of lenses L1 and L2)
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In this work, we discuss two versions of an analog photonic computing device (APCD)

employing a DNN in a 4F-system configuration. These devices were developed at S. P. Korolyov

Samara University under a contract with RFNC-VNIIEF in 2024 and 2025. The APCD uses two

UPOLabs HDSLM36R liquid-crystal SLMs with a resolution of 4096 × 2140 and a maximum

frame rate of 60 Hz. One modulator serves for image input, whereas the other realizes a diffractive

neural network as a single phase-only DOE positioned in the frequency plane. The results of the

processing are captured using two DAHENG ME2P-1231-32U3M cameras with a resolution of

4096 × 3000 and a maximum frame rate of 60 Hz. A more detailed description of the APCDs

is provided in Section 1. The methods for designing DOEs employed in the APCD are set forth

in [15, 16].

1. APCD-2024 and APCD-2025

In 2024 and 2025, two experimental APCD prototypes based on a 4F-system were designed

and studied.

1.1. APCD-2024

Figure 4a depicts a schematic optical arrangement of the developed APCD. The linearly

polarized output beam from a solid-state laser LS (LSR532HX, λ = 532 nm, maximum output

power 2.5 W) was converted into a near-plane-wave distribution by using a collimation system

comprising a microscope objective MO (20×) and a pinhole D with a 10-µm diameter. The

plane wave passed through a half-wave plate (denoted λ/2 in Fig. 4a), which served to rotate

the linear polarization plane of the laser beam. This linearly polarized beam was then directed

via a beam splitting cube Bs1 onto a reflective SLM M1 (SPSLM36R, 4096 × 2240 pixels, pixel

size 3.6 µm). To perform amplitude modulation, a polarizer P was placed behind the SLM. A

combination of lens L2 (focal length 150 mm) and reflective SLM M2 (SPSLM36R) was utilized

to implement a 4F optical correlator system, wherein the phase mask of the DNN, displayed on

modulator M2, served as the spatial filter. We note that the beam splitting cube Bs2 served as

an extra correlator component to observe the reflected modulated light field with video camera

Cam1 (Daheng ME2P-1231-32U3M, 4096× 3000 pixel array, pixel size 3.45 µm). Light splitting

cube BS3 combined with lens L3 (focal length 75 mm) enabled observation of the intensity

distribution of the optical field generated in the display plane of the reflective modulator M2.

Here, the lens distance to both the modulator display plane and the video-camera Cam 2 sensor

(Daheng ME2P-1231-32U3M, sensor size 4096×3000, pixel size 3.45 µm) was equal to double the

focal length of the lens. In this case, the actually recorded intensity corresponded to the optical

field spectrum generated in the display plane of the first light modulator M1. The experimentally

realized device (Fig. 4b and 4c) basically corresponds to the optical setup in Fig. 4a; however,

to minimize the system’s footprint, a large number of rotating mirrors were utilized, and the

beam splitter cubes Bs2 and Bs3 were replaced with semi-transparent mirrors. To further reduce

the device footprint, a two-tier optical setup was realized, with the second tier containing both

cameras (Fig. 4b and 4c). A 3D model of the APCD assembly is shown in Fig. 4b and a APCD

photograph is shown in Fig. 4c.

Camera Cam 2 is intended for capturing the intensity distribution in the Fourier plane. Data

from this distribution allows implementation of an electronically controlled nonlinear operational

mode of the APCD-2024, with the transmittance of each pixel varying nonlinearly as a function

R.V. Skidanov, L.L. Doskolovich, N.L. Kazanskiy, et al.

2026, Vol. 13, No. 2 135



of the detected intensity level. Nonlinearity is introduced into the modulator M2 via correcting

the DNN phase function.

The APCD-2024 setup mounted in a compact housing demonstrated a fairly good perfor-

mance: in an experiment on recognition of handwritten digits from the MNIST dataset [27],

which comprises 60,000 training images and 10,000 test images, a recognition error rate of 3.14%

was achieved (corresponding to an accuracy of 100% – 3.14% = 96.86%). According to the orig-

inal website of MNIST creators [28], error rates of 12% are observed when using simple linear

classifiers without preprocessing [29].

(a) Schematic optical layout: LS – a 532-nm laser, M – a rotating mirror, MO – a 20× microlens,

D – a pinhole, λ/2 – half-wave plates, L1 – a collimating lens, Bs1, Bs2, Bs3 – beam splitters,

M1 – an input SLM, P – a polarizer, L2 – a lens performing a Fourier transform, L3 – an imaging

lens generating an intensity pattern in the Fourier plane, Cam1 – an output camera,

and Cam2 – a camera capturing the intensity pattern in the Fourier plane

(b) A 3D model of the assembled APCD (c) An APCD photograph

Figure 4. A 4F-system-enabled APCD

The two-tier arrangement suffers from several drawbacks: access to the components on the

first tier for alignment is only possible after removal of the second tier. The high density of

An Analog Photonic Computing Device Based on a Diffractive Neural Network ...

136 Supercomputing Frontiers and Innovations



heat-dissipating elements within a confined volume induces distortions in the optical layout.

Furthermore, the forced-air cooling system calls for frequent cleaning of the optical surface.

In addition, the optical scheme depicted in Fig. 4a proved to be suboptimal in terms of the

position of beam splitter Bs3, thus leading to extra light losses.

In 2025, a new version of the APCD was developed, in which the optical components and

electronic modules were integrated into a standard form-factor housing designed for installation

in a server rake.

1.2. APCD-2025

Two main modifications were introduced into the APCD-2025 optical scheme. The first

modification consists in image feeding via phase – rather than amplitude – modulation of the

electromagnetic wave. All known approaches – starting from the classic work [26] to recent

publications [30–32] – have relied on amplitude-based input of the image under recognition. This

stems from the inertia of human visual perception, as the eye perceives the intensity distribution,

which is determined by the light amplitude. The use of phase-modulated input nade it possible to

exclude the half-wave plate located behind the beam splitter and the polarizer from the optical

scheme. The second modification affected the beam splitter Bs3 deflecting light to the camera

Cam2. With the light passing through the beam splitter twice, it was moved to the arm of back

reflection from beam splitter Bs2. Figure 5a shows the new optical layout of the APCD-2025,

while Fig. 5b presents a photograph of the APCD-2025 in a housing intended for mounting in a

server rack.

As seen from Fig. 5, the beam splitter Bs3 is relocated from modulator M2 closer to cameras

Cam1 and Cam2, enabling a single passage of light through the beam splitter, so reducing

energy losses in the element by more than twice (minus one beam splitting and two Fresnel

reflections). With the half-wave plate and polarizer not found behind the beam splitter Bs1,

the modulator M1 can be used in a regular mode of phase modulation. Another benefit is an

essential reduction in light energy losses. A polarizer typically transmits only half of the incident

power and about 4% is additionally reflected at each surface of the two elements. Thus, their

combined transmittance was 0.5*0.964=0.42, so that their removal from the optical scheme

reduced energy losses by nearly a factor of 2.5. Overall, by eliminating both the half-wave plate

and the polarizer, reduced the energy losses by approximately a factor of 5, allowing a five-fold

reduction in the laser power in the APCD. The total energy consumption decreased from 72 W

to 56 W.

2. Experiments on Hand-Wwritten Digit Recognition Using

the APCD-2024

In image recognition (classification) tasks, a sequence of images from several distinct classes

is fed to the input of the APCD-2024 (with image dimensions up to 2048×2048 pixels). Typically,

handwritten digit images from the MNIST database [29] are used as a standard test [5–16]. In

accordance with the description of the classification task in the Introduction, several energy

registration zones are defined at the output plane of the optical system, with the zones used in

the experiment shown in Fig. 6a. The diffractive neural network realized as a phase-only DOE

(the DOE design methods employed are described in detail in [15, 16]) on phase modulator M2 is

required to generate the maximum energy in the detection zone whose index matches the class of
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(a) Optical layout of the APCD-2025: LS – a 532-nm laser, M – a rotating mirror,

MO – a 20× microlens, D – a pinhole, λ/2 – a half-wave plate, L1 – a collimating lens, Bs1, Bs2, Bs3 –

beam splitters, M1 – an input modulator, L2 – a Fourier transforming lens, M2 – a modulator

in the Fourier plane, L3 – a lens for imaging the Fourier-plane intensity distribution,

Cam1 – an output camera, Cam2 – a camera for capturing the Fourier-plane intensity distribution

(b) A photograph of the APCD in the housing

Figure 5. APCD-2025

the input image. In the experimental setup, it is hardly possible to ensure the exact alignment of

the modulator in the Fourier plane as well as precise camera positioning, so the positions of the

registration zones are determined experimentally by means of a special phase mask uniformly

illuminating each zone. Figure 6b shows actual positions of the detection zones within the full

field of view of camera Cam1, while Fig. 6c represents the actual intensity distribution when an

image of the digit 5 is fed to the input.
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(a) Layout of the detection zones of the diffractive neural network (diagram)

(b) Actual positions of the zones in the field

of view of camera Cam1

(c) Output intensity pattern when an image

of 5 is fed to the input

Figure 6. Layout of the detection zones of the diffractive neural network

A series of experiments on handwritten digit recognition and classification using the MNIST

database was conducted with the APCD-2024. In the experiments, a sequence of 5,000 digit

images was loaded into the input SLM. The resulting intensity pattern across 10 detection zones

at the optical system output plane was recorded and classification outcomes were subsequently

determined. The classification accuracy achieved did not exceed 85%.

The relatively low classification accuracy can be attributed to several shortcomings of the

optical system:

1. The wavefront from the collimator deviates from an ideal plane wave;

2. There are spurious reflections from numerous optical surfaces;

3. The effective active area of the modulators is only 80% of their total active surface area;

4. A significant proportion of the incident light is directed to the zero diffraction order (at the

center of Fig. 6c);

5. Geometric inaccuracies result in errors when locating the detection zones.

A technique for reducing the recognition error that eliminates all systematic inaccuracies of

the optical system was proposed. To achieve this, every other image in the sequence should be
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formed as a background image. Then, the intensity pattern from the object under recognition

is analyzed and the intensity distribution corresponding to the background input image is sub-

tracted from it. Using this technique, the classification accuracy reached 96% in the very first

experiments. Unfortunately, this approach reduced the APCD’s performance by half. Therefore,

to compensate for the influence of systematic errors on the classification results, a tiny digital

neural network – a linear perceptron digitally implemented on a computer – was introduced to

post-process the recognition results. A similar approach was discussed in [33, 34].

The input layer of the digital neural network was formed by the integrated intensities mea-

sured in the registration zones. The hidden layer comprised 10 neurons and the output layer also

comprised 10 neurons, associated with the classes of the input objects. Training of this neural

network was performed using the output images generated by the APCD. From each image,

between 10 and 90 numerical features were extracted – namely, the total intensities within each

registration zone, or within subdivisions of the zones into 4 and 9 subregions. These features

were computed for 50,000 handwritten digit images taken from the MNIST database. The neural

network employed a linear neuron activation function. At the output layer, the computer neural

network returned the object class, enhancing recognition accuracy. Table 1 presents the experi-

mental recognition results obtained using the APCD-2024 augmented with the above-described

neural network, evaluated on 5,000 characters from the MNIST test set.

The first column of Tab. 1 specifies the character presented at the APCD-2024 input, and the

rows indicate the counts of correct and incorrect recognition outcomes. In the confusion matrix

shown in Tab. 1, the rows represent the true classes, while the columns give the predicted classes.

Recognition accuracy is computed as the sum of all values on the diagonal from the top-left to the

bottom-right corner (highlighted in green in Tab. 1) divided by the total number of digits under

recognition (5,000): (476 + 552 + 475 + 477 + 528 + 418 + 490 + 535 + 449 + 443)/5000 = 0.9686.

In the case of perfect system performance, the diagonal of the table should contain the largest

values, while all off-diagonal entries should be zero.

Table 1. Recognition results for 5,000 handwritten characters from the MNIST database

obtained with the APCD-2024 augmented with a supplementary neural network

with 90 input neurons

0 1 2 3 4 5 6 7 8 9

0 476 0 0 0 0 1 1 1 0 2

1 0 552 4 2 1 0 0 1 3 0

2 0 1 475 3 1 2 0 1 4 1

3 1 1 2 477 0 3 0 3 4 2

4 0 0 0 0 528 1 1 1 0 4

5 0 1 1 5 0 418 3 1 4 1

6 0 0 1 0 6 4 490 0 1 0

7 0 1 3 3 2 0 0 535 1 5

8 0 1 1 3 2 3 0 0 449 3

9 4 2 1 4 15 2 1 17 6 443

The confusion matrix presented in Tab. 1 enables computation of the primary classifi-

cation quality metrics for the digits. For instance, the precision (which indicates the pro-

portion of digits predicted as class “X” that truly belong to class “X”) for the digit “5”
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is 418/(0+1+1+5+0+418+3+1+4+1)=0.9631. The recall – representing the proportion of

true class “X” digits that the classifier successfully identifies – for the digit “5” equals

418/(1+0+2+3+1+418+4+0+3+2)=0.9631. The F1-score, defined as the harmonic mean of

precision and recall and considered the most informative metric for imbalanced data for the

digit “5”, equals

F1 = 2 × (Precision × Recall)/(Precision + Recall) = 0.9631. (1)

A compact auxiliary neural network enables the APCD to achieve substantially improved

recognition performance within a time frame of approximately several tens of microns. A recog-

nition rate error of 3.14% was achieved. The processing time required by the auxiliary neural

network to analyze the output data is on the order of several tens of microseconds, which is

substantially shorter than the 16.7 ms operational cycle of the APCD-2024. Thus, the proposed

hybrid approach practically does not slow down the operation of APCD-2024.

3. Experiment with the APCD-2025

In the APCD-2025, images are input via phase modulation of the optical field. This results

in a high level of background illumination around the images under recognition and hence a pro-

nounced intensity peak at the center of the spatial spectrum in the Fourier plane. To suppress

this on-axis intensity peak, the phase function of a binary phase grating with a high spatial

frequency (Nyquist frequency) is superimposed on the DNN phase function on modulator M2 in

the Fourier plane. This grating redirects the light originally concentrated in the central region

away from the APCD-2025 detection region. Table 2 presents recognition results from exper-

iments conducted with the APCD-2025 in combination with the aforementioned DNN when

recognizing 10,000 characters from the MNIST test set.

Table 2. Recognition results for 10,000 handwritten digits from the MNIST database

obtained with the APCD-2025 augmented by a neural network featuring 90 input neurons

0 1 2 3 4 5 6 7 8 9

0 998 0 0 0 0 0 0 0 0 2

1 0 997 0 0 1 0 0 2 0 0

2 0 17 981 1 0 0 0 1 0 0

3 0 0 1 989 0 9 0 0 0 1

4 0 1 0 0 986 0 0 2 0 11

5 0 1 0 0 9 983 6 0 0 1

6 9 0 0 0 7 0 982 0 1 1

7 0 7 0 0 0 1 0 984 0 8

8 0 0 0 2 1 0 7 0 982 8

9 0 0 0 0 6 0 0 1 0 993

Employing phase-based image input together with post-processing of the intensity distribu-

tion in the target regions using a linear perceptron resulted in a 1.3% classification error rate for

handwritten digits from the MNIST database. The fairly high classification accuracy achieved

on tests images provided a sufficient basis for proceeding to the recognition of real-world ob-

jects. Meanwhile, it is worth noting that developers of computer neural networks for the MNIST
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database reported reaching an error rate of 0.21% as early as 2013 using DropConnect regular-

ization [35], while researchers employing Random Multimodel Deep Learning (RMDL) achieved

a 0.18% error rate in 2018 [36].

4. Assessment of the APCD Performance

The authors deem it incorrect to compare the performance of the APCD and a conventional

computer by evaluating the time required for a computer to solve the mathematical relationships

describing the APCD’s operation (computing two Fourier integrals via the fast Fourier transform

and so on). We propose comparing the image recognition speed of the APCD with that of a

modern graphics processor employing a convolutional neural network, such as YOLO family [37].

Currently, the YOLO (You Only Look Once) family [37, 38] serves as a kind of a bench-

mark among computer networks for object recognition. This neural network was specifically

developed to achieve maximum processing speed while ensuring guaranteed recognition accu-

racy. Studies have demonstrated that YOLO performs efficiently in real time and can reliably

detect small objects in video streams [37]. The authors of [37, 38] conducted a comparative anal-

ysis of the inference times required for object recognition using different neural networks from

the YOLO family. However, those results were achieved on outdated graphics cards, namely,

NVIDIA RTX 2080 (≈4 TFLOPS) and NVidia Tesla T4 16 Gb (8.1 TFLOPS in FP32). Be-

cause of this, in this paper, the comparison is made with a contemporary GPU, the RTX 4090

(52.2 TFLOPS).

The APCD can process images with resolutions ranging from 512 × 512 up to 4096 × 2140

(the dimension of the UPOLabs HDSLM36R modulator used) at a 60Hz frame rate, i.e. in

16.7 ms. Importantly, the APCD-aided image processing time is independent of the input image

dimensionality and determined by the slowest input/output component in the system.

In this paper, we examined the YOLO neural network in a regime where it does not down-

sample the input image but instead processes every pixel of the frame. This is motivated by

the fact that digit images from the MNIST dataset are only 28 × 28 pixels in size [28]. Down-

sampling the entire frame would inevitably downsample the digit images as well, leading to a

deteriorating recognition quality. When no downsampling is applied, the inference speed of the

YOLO neural network depends on the input frame dimensionality. Additionally, the operating

speed of the YOLO neural network also depends on the size (type) of the neural network itself.

Table 3 gives the image recognition times for images of varying resolution on a GPU RTX 4090

using the YOLO v.8, which was selected as the fastest modification of this family. Three network

variants were evaluated (medium, large and extra-large), each providing recognition accuracy

comparable to that of the APCD-2025.

Table 3 shows that, considering the APCD’s constant processing time of 16.7 ms per frame,

YOLO exhibits a superior performance for image resolutions up to 1024×1024 pixels. However,

for larger-dimension images, the APCD-2025 outperforms YOLO with a significant margin. This

advantage of the APCD-2025 could be further extended by operating the SLM at a higher clock

frequency.

A further metric for comparing the performance of the graphic card and the APCD is energy

efficiency – specifically, the energy consumed per processed frame. The RTX 4090 GPU consumes

about 420 W (WGPU) [39], whereas the APCD-2025 consumes about 56 W (WAPCD). The

energy per frame for the GPU is given by EGPU=WGPU×YOLO. For the APCD-2025, the

energy required per frame is EAPCD = WAPCD×16.7×10−3s = 0.94J . Table 3 presents the per-
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frame energy consumption of the RTX 4090 GPU. Here, the energy advantage of the APCD-2025

already starts to be seen at 512× 512-pixel resolution, and beginning at 2000× 2000 pixels, the

APCD’s energy consumption is an order of magnitude lower than that of the RTX 4090 GPU,

even for the lightest YOLO modification, YOLO v.8 medium. Thus, the energy efficiency of

optical computing with the APCD-2025 is an order of magnitude higher than that of graphics

accelerators for frame resolutions of 2000 × 2000 pixels and above.

Table 3. Recognition results for 10,000 handwritten digits from the MNIST database

obtained with the APCD-2025 augmented by a neural network featuring 90 input neurons

Frame size YOLO v.8

medium (ms/J)

YOLO v.8

large (ms/J)

YOLO v.8

xlarge (ms/J)

512 × 512 5.5 / 2.3 6.6 / 2.8 7.8 / 3.3

1024 × 1024 13.8 / 5.8 13.1 / 5.5 17 / 7.1

2048 × 2048 30.3 / 12.7 47.6 / 20 58.8 / 24.7

4000 × 3000 100 /42 154 / 64.7 232 / 97.4

Conclusion

Summing up, we have analyzed two versions of an analog photonic computing device

(APCD) and have demonstrated the advantages of the APCD-2025 over the APCD-2024, with

the former implementing phase modulation for image input and featuring several design sim-

plifications. The effectiveness of combining the APCD with a compact digital neural network

for post-processing the optical recognition results has also been demonstrated. The APCD-2025

has shown clear advantages over GPU-based neural networks in both processing speed and en-

ergy efficiency for frame resolutions exceeding 1024 × 1024 pixels. Specifically, at resolutions of

2000 × 2000 and higher, the APCD-2025 outperforms a state-of-the-art RTX 4090 GPU by an

order of magnitude in energy efficiency. Hence, the use of the APCD enables real-time object

recognition in video streams.
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