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Abstract– Deep Convolutional Neural Networks (DCNNs) are renowned for their 

effectiveness in image classification and pattern recognition tasks. However, their 

computational demands, lead to substantial resource consumption and extended 

execution time. For instance, a single forward-pass require up to 15 GFLOPs and take 

several milliseconds per image in ResNet-50 model on high-end GPUs. Here, we present 

the design and simulation of Deep Optical CNN (Deep OCNN) utilizing a 4F optical-

correlator to perform multiple convolution operations in an optical environment by 

leveraging free-space Fourier transforms and incorporating electro-optical nonlinearity. 

Our simulation of the optical system is implemented using TensorFlow in Python, using 

a filter applied via kernel convolution in Fourier space, modeling the light propagation 

and amplitude modulation for simulating the system output, followed by the application 

of a threshold-like behavior (as non-linear function). In the last step, in order to extend 

the system to a DCNN, we incorporate an electronic conversion. Our calculations 

demonstrate 104 latency reduction and 105 power efficiency improvement for Deep 

OCNN compared to DCNN on state-of-the-art electronics. 

Introduction 

A Convolutional Neural Network (CNN or ConvNet) is a deep learning model designed 

for tasks like object recognition, surpassing human performance in image classification 

[1, 2]. CNNs are now applied across various fields, including object tracking [3], text 

recognition [4], speech recognition [5], and autonomous driving [6]. Inspired by the 

human visual cortex, CNNs autonomously extract scalable features, eliminating manual 

feature engineering [4]. However, computational demands scale poorly with image size 

and convolution layers, with electronic convolutions exhibiting complexity 𝑂(𝑛2 × 𝑘2) 

for an 𝑛 × 𝑛 image and a 𝑘 × 𝑘 kernel [7]. This becomes even more challenging with 

multiple convolution layers, 𝑝, reaching 𝑂(𝑝(𝑛2 × 𝑘2)), as needed in the case of Deep 

CNNs .To manage complexity, electronic systems often incorporate dropout and pooling 

layers. While these techniques can reduce the amount of information from feature maps, 

they can also impact accuracy. Optical implementations offer a promising alternative, as 

they can process identical kernel sizes on large matrices without repetitive scanning, 

significantly reducing computational load. Optical neural networks support high-

resolution inputs at high speeds with low power consumption. A 4F correlator, leveraging 

convex lenses and the Fourier convolution theorem, can reduce convolution complexity 

from 𝑂(𝑛2 × 𝑘2) to  𝑂(1) [8]. Here, we simulate optical convolution layers to measure 

execution time and power consumption, comparing an Optical Deep CNN (ODCNN) 

using a 4F Fourier optical correlator with an NVIDIA A100 GPU in speed, power and 

accuracy across datasets. Initially trained electronically, our CNN uses a Fourier 

convolution layer for optical validation. 



 

Method 

In OCNNs, a 4F amplitude-only Fourier optical correlator classifies datasets by 

generating feature maps via dot products between kernel and input images. In DOCNNs 

with multiple convolution layers and no down-sampling, spatial information is preserved, 

and this is expected to enhance detection of high-level features important in tasks like 

semantic segmentation and object detection [9]. Fig. 1a illustrates a free-space optical 

engine: a collimated laser beam, modulated by a spatial light modulator (SLM), 

undergoes an optical Fourier Transform (FT) through the first lens, and is projected onto 

a second SLM, where the kernel FT is centered in the Fourier plane. The results of the 

multiplication in the Fourier domain is followed by an Inverse Fourier Transform (IFT) 

through the second lens, bringing the outcomes into the spatial domain. 

 
Figure 1: a. Illustration of 4F optical correlator as a deep convolution operation in free-space and post-processing in 

the electronic domain. b. Flow-chart of the implemented DCNN by using  not-down-sampled convolution layers 

To extend the optical correlator from a single to multiple convolution layers, the output 

images (denoted as 𝑜𝑢𝑡𝑡) are saved and re-used as inputs for the subsequent layers, such 

that 𝑖𝑛𝑡+1= 𝑜𝑢𝑡𝑡. Reloading outputs onto the first light modulator enables deeper feature 

extraction from complex inputs. To evaluate this setup, we benchmarked a DCNN on 

datasets MNIST and F-MNIST. Fig. 1b presents the DCNN flowchart. Input images and 

kernels, both in 8-bit grayscale, are rescaled to 250×250 pixels. The output images serve 

as inputs for further optical convolution layers, and after the final convolution, outputs 

are converted to tensors for the fully connected layer and classification. 

Simulation results and computations 

We first examined the relationship between point-wise multiplication count and kernel 

size in digital convolutions to identify trade-off (Fig. 2). The blue curve shows that 

number of operations increases with kernel size, raising computational complexity. The 

red curve identifies an optimal accuracy range at kernel sizes between 3×3 and 5×5 for 

the case of F-MNIST (Fig. 2b). In contrast, optical convolution, green curve, can use 

larger kernels, up to the input image size, without raising computational complexity  and 

accuracy loss, highlighting its flexibility and efficiency. 

 
Figure 2: The blue curve represents the correlation between operation count and kernel size, the red curve highlights 

the accuracy peaks observed at specific kernel sizes. The green curve represents optical computing, demonstrating that 

it does not increase computational complexity. a. MNIST dataset. b. F-MNIST dataset 



 

The accuracy of the DOCNN was evaluated across various datasets. Table 1, presents 

OCNN classification accuracies across datasets at various convolutional depths.  
Data sets Number of convolution layers Accuracy 

MNIST 1 98.13% 

F-MNIST 3 93.17% 
Table 1: Classification accuracy achieved on different datasets using different numbers of convolution layers. 

These findings suggest that non-down sampled, sequential convolution layers enhance 

the performance of OCNNs, particularly for more complex image datasets. Latency and 

power are crucial in network performance assessment. 

Figure 4a compares the power consumption of DOCNN and DCNN on an A100 GPU 

across various convolution layers, using identical input and kernel sizes. The results 

demonstrate a 105-fold improvement in power efficiency for DOCNN compared to 

DCNN on state-of-the-art electronic hardware. Figure 4b presents a comparison of 

latency between DOCNN and DCNN across different convolution layers, also with 

identical input and kernel sizes. DOCNN latency in optical domain calculated by: 

𝑇𝑡𝑜𝑡𝑎𝑙(𝑜𝑝𝑡𝑖𝑐𝑎𝑙) = (𝑇𝑠𝑜𝑢𝑟𝑐𝑒 + 𝑇𝑙𝑚2 × 𝑘) ∑ [
𝑇𝑙𝑚1

𝑘
+ 𝑇𝑐] 𝑖𝑛1 × 𝑘𝑖

𝑙

𝑖=0

+  𝑇𝑡𝑟𝑎𝑛𝑠𝑓      (1) 

Here 𝑖𝑛1 is number of input images in first layer, 𝑇𝑠𝑜𝑢𝑟𝑐𝑒 is laser source delay, 𝑇𝑙𝑚 light 

modulator setting time, 𝑘 kernel count, 𝑇𝑐 camera acquisition time, 𝑙 convolution layers 

count, and 𝑇𝑡𝑟𝑎𝑛𝑠𝑓  is the time needed for data transfer between layers. Time execution for 

the DCNN in digital domain calculated by: 

𝑇𝑡𝑜𝑡𝑎𝑙(𝑑𝑖𝑔𝑖𝑡𝑎𝑙) = [
𝑀2 × 𝑁2 × 𝑖𝑛1

𝐹𝐿𝑂𝑃𝑠
∑ 𝑘𝑖

𝑙

𝑖=0

] + 𝑇𝑡𝑟𝑎𝑛𝑠𝑓           (2) 

M and 𝑁 represent the dimensions of the input images and kernels, respectively, and 

𝐹𝐿𝑂𝑃𝑠 is 3.2 × 10−12𝑠−1. The total computation time for digital-domain convolutions 

depends on both kernel count 𝑘𝑖 in each layer, and image/kernel sizes and there is 104 

improvement for DOCNN compared to DCNN. 

 
Figure 3: a. Comparison of power consumption for optical and digital deep convolution operations versus the number 

of layers, with same image and kernel sizes for both approaches. b. Comparison of the execution time of the convolution 

operation in an optical 4f correlator with digital  b. Execution time in the digital domain and the optical domain (red 

graph) versus kernel size. 

Figure 3c shows that digital execution time rises exponentially with kernel size, while 

optical time remains constant, demonstrating optical efficiency. This paper also compares 

power of DOCNN and DCNN, in optical domain: 

𝑃𝑡𝑜𝑡𝑎𝑙(𝑜𝑝𝑡𝑖𝑐𝑎𝑙) = (𝑃𝑠𝑜𝑢𝑟𝑐𝑒 + 𝑃𝑙𝑚2 × 𝑘) ∑ [
𝑃𝑙𝑚1

𝑘
+ 𝑃𝑐] 𝑖𝑛1 × 𝑘𝑖

𝑙

𝑖=0

+ 𝑃𝑡𝑟𝑎𝑛𝑠𝑓       (1) 

where 𝑃𝑠𝑜𝑢𝑟𝑐𝑒 represents light source power, 𝑃𝑙𝑚 light modulator power, and 𝑃𝑐 is detector 

power. 

The power consumption in DCNN in digital domain calculated by: 



 

𝑃𝑡𝑜𝑡𝑎𝑙(𝑑𝑖𝑔𝑖𝑡𝑎𝑙) = [
𝐺𝑃𝑈𝑝𝑜𝑤𝑒𝑟 × 𝑀2 × 𝑁2 × 𝑖𝑛1

𝐹𝐿𝑂𝑃𝑠
∑ 𝑘𝑖

𝑙

𝑖=0

] + 𝑃𝑡𝑟𝑎𝑛𝑠𝑓          (2) 

𝐺𝑃𝑈𝑝𝑜𝑤𝑒𝑟 is 400 Watt. In the optical domain, power depends on the number of inputs 

and outputs per layer, but in digital domain, it relies on kernel count 𝑘𝑖 in each layer and 

image/kernel sizes. 

Conclusion 

This study proposes and simulates a free-space optical convolution system for executing 

DCNNs, evaluating the accuracy and execution time of ODCNNs across various datasets 

and convolution layer setups. Results show that multi-layer ODCNNs improve 

classification accuracy, especially with additional layers without down-sampling. We 

analyzed how kernel size affects computational load and accuracy in both digital and 

optical convolutions and compared latency and power usage between electronic DCNNs 

and multi-layer ODCNNs. Findings reveal that ODCNNs offer significant reductions in 

execution time and power consumption, underscoring their potential for high-accuracy 

DCNNs with ultra-low latency. 
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