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Abstract: The  physical  architecture  of  optical  convolution
restricts its capacity to capture multi-scale features from targets,
thus impeding the precision of network recognition. In this work,
we  propose  a  multi-scale  optical  convolutional  neural  network
(MS-OCNN), which uses convolution kernels with different reso-
lutions in the convolution layer to extract different scale features,
along  with  attention  mechanism  and  residual  structure  to  ana-
lyze features. By separating the training and inference platforms
of  the  network,  we  facilitate  the  electronic  training  of  model
parameters on a computer and the optical deployment on a sys-
tem  equipped  with  a  spatial  light  modulator,  enabling  efficient
target classification. The proposed MS-OCNN exhibits 1% to 3%
improvement  in  classification  performance  on  the  modified
national  institute  of  standards  and  technology  (MNIST)  and
Fashion-MNIST datasets compared to single-scale optical infer-
ence models. Online experimental systems in real-world scenar-
ios  have  validated  the  target  recognition  capabilities  of  this
method, which yielded classification accuracies of 97% and 87%
on  the  MNIST  and  Fashion-MNIST  datasets,  respectively.  This
work  enhances  the  feature  acquisition  capabilities  of  optical
convolutional  networks,  elevates  network  recognition  accuracy,
and significantly propels the application of optical  computing in
domains  such  as  guidance  systems,  autonomous  driving,  and
robotics.
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 1. Introduction
As  the  fields  of  computer  vision  and  artificial  intelli-
gence  have  burgeoned,  there  has  been  a  marked  evolu-
tion  in  smart  technologies.  Convolutional  neural  net-
works  (CNNs),  emblematic  of  this  progress,  facilitate
advanced  perception  tasks  tailored  to  diverse  environ-

mental  contexts.  These  include  object  identification,
detection, and semantic segmentation [1],  with extensive
applications  in  autonomous  vehicles,  robotics,  and  mili-
tary  defense  [2–4].  The  paradigm  of  distilling  prior
knowledge  from  data  to  predict  the  outcomes  for
unknown  datasets  has  propelled  CNNs  to  efficiently
tackle  perception  challenges  across  a  broad  spectrum  of
scenarios.  Moreover,  this  approach  has  spurred  the  con-
tinual  refinement  of  CNNs  for  enhanced  recognition  in
complex settings [5].

In  pursuit  of  augmented  neural  network  efficacy,  a
plethora  of  studies  has  concentrated  on  scaling  up  net-
work  architectures  and  leveraging  high-performance
computational  hardware  to  manage  the  computational
demands  of  extensive  datasets  [6].  The  visual  geometry
group (VGG) network,  introduced in  2014,  corroborated
a  direct  relationship  between  network  depth  and  model
efficacy, which points out that deeper networks markedly
contribute  to  improving  performance  metrics  [7].  This
insight has been perpetuated and expanded in subsequent
research,  culminating  in  the  development  of  prominent
and  high-performing  large-scale  models,  such  as  YOLO
and Transformer [8–10]. Despite the proficiency of these
models  in  executing  recognition  tasks,  the  expansion  of
network size has entailed a proportional increase in com-
putational  requirements  for  inference.  This  development
poses  significant  challenges  for  edge  devices,  which
demands  greater  computational  resources  and  perfor-
mance, thereby circumscribing the deployment of intelli-
gent technologies in contexts that prioritize real-time pro-
cessing or are computationally constrained [11–13].

Optical  computing is  a  method of  performing numeri-
cal  calculations  using  the  propagation  of  light  fields.
Compared  to  traditional  electronic  computing,  optical
computing  offers  advantages  such  as  high  speed,  high
bandwidth, and low power consumption [14]. Implement-
ing  neural  network  components  optically  can  accelerate
the inference process. Moreover, transitioning the compu-
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tational platform from dielectric to optical media reduces
the workload of conventional computing devices, thereby
decreasing the overall computational power requirements.

Lin  et  al.  [15]  established  a  comprehensive  optical
deep  learning  framework  predicated  on  multi-layer
diffractive  surfaces,  which  capitalized  on  the  diffraction
phenomena of light fields during propagation to facilitate
convolutional  computations  and  inferential  processes.  In
a  distinct  approach,  Li  et  al.  [16]  utilized  a  two-dimen-
sional  array  of  passive  pixels  to  create  diffractive  layers
that  encoded  spatial  characteristics  through  multi-spec-
tral  diffraction,  thereby  achieving  optical  classification.
Jiao  et  al.  [17]  innovatively  constructed  an  optical
machine  learning  framework within  a  single-pixel  imag-
ing  configuration,  employing  spatial  light  modulators
(SLM)  to  execute  convolutional  operations  between  tar-
gets  and  kernels,  thus  enabling  inference  under  incoher-
ent lighting conditions. These studies tend to deploy mod-
els within complete perception systems, allowing the sig-
nal sensing process to directly participate in model infer-
ence.  Compared  to  neural  networks  computed  on  tradi-
tional  electronic  platforms,  this  approach  offers  higher
processing speed and computational  efficiency,  position-
ing  it  at  the  forefront  of  emerging  computational  tech-
nologies.  However,  this  novel  computational  method
faces  certain  limitations  in  simulating  the  convolution
process  for  feature  extraction,  which  constrains  further
enhancement of network performance.

Traditional digital  CNNs perceive features at  different
scales  using  small-sized  convolutional  kernels,  pooling,
and  increased  network  depth  [18–20].  However,  in  opti-
cal  CNNs  (OCNNs)  utilizing  optical  computing,  imple-
menting convolution through optical modulation and sim-
ilar techniques makes it  challenging to simulate the slid-
ing  process  of  convolutional  kernels.  Additionally,  it  is
difficult to capture multi-scale (MS) features of the target
by  increasing  the  number  of  layers.  Of  the  above  meth-
ods,  MS  convolution  has  emerged  as  the  most  effective
method  for  improving  efficiency,  particularly  in  the
implementation  of  incoherent  optical  convolution.  This
approach employs convolutional kernels of varying sizes
to  perform  convolutional  operations  on  input  data,
thereby  capturing  feature  information  at  different  scales
and effectively enhancing the accuracy of  decision-mak-
ing.

Accordingly, this work introduces a MS optical convo-
lution method tailored for  the  optical  computing process
within neural networks, addressing the limitations of sin-
gle-scale  (SS)  feature  extraction.  We  have  designed  and
trained  an  optical  convolutional  inference  model,  which
significantly  improves  recognition  accuracy.  By  estab-
lishing  a  complete  network  deployment,  we  have  con-

structed an online classification system that validates the
feasibility  and  effectiveness  of  this  model  in  the  object
classification of real-world entities.

 2. Methods
 2.1    Multiscale optical convolution

Deep  neural  networks  have  demonstrated  exceptional
performance in the extraction of image information, with
CNNs  commonly  employed  for  the  extraction  and  com-
pression  of  feature  dimensions  [21].  Convolution,  the
process by which a kernel slides across the input plane to
perform  computations,  is  significantly  influenced  by  the
size  of  the  kernel  and  the  stride  setting,  both  of  which
affect the efficiency of target feature extraction. The com-
putational  process  of  a  two-dimensional  convolutional
layer is as follows:

out(Cout) = b(Cout)+
Cin−1∑
k=0

w(Cout,k)∗ input(k) (1)

Cin Cout

out(·)
∗ w(·)

input(·) b(·)

where  and  correspond  to  the  quantities  of  input
and  output  channels,  respectively. ,  which  can  be
derived by the convolution ( ) of weights  and input
image  and then adding the bias  term ,  signi-
fies  the  output  features.  The  process  essentially  consti-
tutes a cross-correlation operation. When the bias term is
nullified and the convolution is executed optically, (1) is
transformed to be

out(Cout) = w(Cout)∗ input(k). (2)

The input  to the simplified convolutional  layer  can be
considered  as  a  monochrome  image  with  a  single  chan-
nel,  and  the  computation  is  equivalent  to  the  inner  pro-
duct  of  the  illumination  and  detection  process,  which
means  that  the  convolution  process  can  be  implemented
by  the  optical  manner  to  extract  target  feature.  By  com-
paring  (1)  and  (2),  optical  convolution  can  be  perceived
as an unbiased, single-channel convolutional layer. In this
process,  the  kernel  is  distributed  over  the  input  optical
image to execute a template matching operation, of which
the  result  is  collected  by  a  detector  and  can  be  repre-
sented as

F = O(x,y) ∗K(x,y) =
∑

x,y

O(x,y) ·K(x,y) (3)

F
O(x,y)

(x,y) K

where  denotes  the  collected  feature  intensity  values,
 represents  the  object’s grayscale  distribution  at  the

pixel  location ,  and  refers  to  the  kernel  distribu-
tion that is projected.

Leveraging  the  principles  of  optical  convolution,  a
hybrid  optoelectronic  neural  network  framework  can  be
implemented as depicted in Fig. 1. The network architec-
ture comprises an input layer, convolutional layers, and a
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decoding classification network. During the training pro-
cess, the input layer receives the target images, while the
output layer provides the predicted class labels. The con-
volutional and decoding networks are jointly optimized to
extract target features and classify the targets accurately.
The  kernels  of  the  convolutional  layer,  as  the  compo-
nents  of  network  optimization,  can  be  mapped  into  the

optical  inference  process.  The  inference  process  of  the
network  involves  a  programmable  SLM (in Fig.  1),  that
modulates the light field according to the kernel distribu-
tion,  and  a  detector  completing  the  feature  collection  of
the  actual  target.  Finally,  the  decision  network  is
deployed on a platform with limited computing power to
implement feature inference.

 
 

Input image

LOSS

Conv

Feature sequence

Electronical training

SLM Object detector

Laser intensities

Optical implement

Classification net

: Feature sequence; : Combinatorial feature map; : Residual block; : Fully connected layer.

Fig. 1    Optoelectronic hybrid neural network framework
 

The  process  of  implementing  optical  convolution
through the encoding of light fields is equivalent to single-
kernel full convolution, which does not facilitate the slid-
ing of the kernel to capture the coupled feature informa-
tion between the pixels at different spatial locations. The
optical  convolution  process  necessitates  an  incoherent
optical  system  for  the  physical  mapping.  The  compres-
sive nature of convolution precludes the ability to achieve
deep  convolution  through  stacking  processes,  leading  to
weaker  feature  extraction  capability  of  optical  convolu-
tion  compared  to  fully  optical  diffraction  neural  net-
works.  Consequently,  optical  convolution  has  inherent
limitations  in  feature  extraction,  impeding  the  extraction
of more information from complex scenes.

The importance of analyzing targets at  multiple scales
stems from the nature of the targets themselves. Scenes in
the  world  contain  objects  of  various  sizes,  and  objects
themselves  have  features  at  different  scales.  Applying
any analytical  process at  a  single scale may result  in the
loss of information at other scales. A better solution is to
perform  analysis  simultaneously  at  multiple  scales
[22,23]. Modern image classification networks aggregate
MS  features  using  various  methods,  such  as  integrating
information through consecutive convolutional and pool-
ing layers or performing convolutions with kernels of dif-

ferent sizes. The specificity of optical convolution makes
it  challenging  to  achieve  the  former,  as  it  often  requires
the  additional  creation  of  non-programmable  diffractive
media to construct the optical network. For the latter, the
physical  mapping  method  of  the  projected  coded  light
field  allows  optical  convolution  to  freely  adjust  kernel
sizes  and  achieve  light  field  illumination  to  extract  fea-
tures  at  different  scales  without  facing  computational
issues  associated  with  MS convolution.  This  inspired  us
to construct the MS optical convolution module shown in
Fig. 2.
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Fig. 2    Schematic diagram of the proposed multiscale optical con-
volutional module
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By progressively downsampling to generate images of
different  resolutions,  an  image  pyramid  is  formed  [24].
Optical convolution is then performed with kernels of the
same size as each respective image, outputting features at
different  scales.  Smaller  convolutional  kernels,  corre-
sponding  to  lower  resolution,  are  capable  of  capturing
detailed  features,  whereas  larger  convolutional  kernels
can capture the global features of the target. The integra-
tion  of  information  from  different  scales  enhances  the
recognition capability of the backend network. The prin-
ciple  of  extracting  MS  features  of  the  target  using  this
method can be expressed as

Fm×m = Om×m ∗Km×m =

i=m, j=m∑
i=0, j=0

O
(i, j)
·K

(i, j)

...

Fn×n = On×n ∗Kn×n =

i=n, j=n∑
i=0, j=0

O
(i, j)
·K

(i, j)

(4)

Fm×m Fn×n

m×m n×n O(i, j)

(i, j) Km×m Kn×n

m×m n×n

where  ( )  denotes  the  image  features  collected
by  optical  convolution  at  a  scale  of  ( ),
represents  the  object’s grayscale  distribution at  the  pixel
location , and  ( ) refers to the kernel distri-
bution that is projected at an  ( ) resolution.

Furthermore,  unlike  traditional  convolutional  layers,
optical  convolution kernels  of  different  sizes possess the
same semantic level. This means that during inference, all
convolution  kernels  can  directly  illuminate  the  target
objects based on the trained distribution without the need
for additional serial arrangement of more optical systems,
facilitating the simplification and integration of hardware
systems.

 2.2    Image-free neural network for target
classification

Traditional  target  recognition  neural  networks  rely  on
sensor-captured  target  images  for  inference  and  classifi-
cation. In contrast, OCNNs based on spatial light modula-
tion  achieve  target  feature  perception  through  light  field
propagation  and  photoelectric  detection,  which  are  then
used for decision-making on target categories. Unlike tra-
ditional  image-based  neural  networks,  OCNNs  do  not
generate image matrices. Instead, they directly utilize the
sequence of light intensity values captured by detectors as
target features for numerical computation. This approach
significantly  reduces  the  complexity  and  computational
load  of  the  network,  increases  computation  speed,  and
lowers  the  deployment  difficulty  of  neural  networks  on
resource-constrained devices.

Therefore, introducing MS optical convolution in non-
imaging  target  recognition  networks  can  significantly
enhance  the  model’s recognition  capabilities  and  con-
tribute to the advancement of non-imaging target recogni-
tion applications.

Fig.  3 illustrates  the  schematic  of  the  designed  MS
optical convolution non-imaging target recognition train-
ing framework. To simulate the MS characteristics of the
target,  we  use  the  process  of  hierarchical  downsampling
of the original image to multiple resolutions as the gener-
ative  model  to  generate  MS  dataset  from  the  original
images in the dataset. The training batch consisting of the
generated images is fed into the MS-OCNN object classi-
fication model. We build parallel multi-resolution convo-
lution layers to optimize the distribution of optical convo-
lution kernels. What is more, we combine channel atten-
tion mechanisms and residual blocks to improve the per-
formance of the model.

 
 

Datasets Downsampling MS-OCNN

Encoder Decoder

Prediction

Classification

Fig. 3    Training framework for MS optical convolutional non-imaging neural network
 

The  parallel  gradient-dimension  convolutional  struc-
ture ensures that the convolutional kernel in each channel
operates  at  an equivalent  depth,  facilitating the  real-time
optimization  of  optical  convolution  kernels.  In  consis-
tency with the execution modality of optical convolution,
we  implement  the  extraction  of  target  features  through

full convolution. For the inputs with varying resolutions,
the  convolutional  kernels  matching  the  respective  sizes
are  endowed  with  their  channel  resources,  achieving  the
extraction  of  MS  features.  In  this  setup,  the  number  of
channels within the convolutional kernels corresponds to
the  number  of  modulations  performed on  the  light  field.
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Furthermore,  specialized fusion blocks are engineered to
cater  to  feature  information  at  different  hierarchical  lev-
els, maintaining the distinctiveness among the features of
various scales.

In  the  feature  inference  module,  residual  blocks  and
attention mechanisms are utilized for feature identification.
As  shown  in Fig.  4(a),  features  from various  semantic  le-
vels  are  reshaped  to  form  feature  maps.  Once  multiple-
channel feature maps are established, the channel attention
module (CAM) is integrated to derive attention vectors for
the  respective  channels.  These  vectors  are  combined  with
the original channel distributions through weighting, result-
ing in weighted feature maps [25]. The introduction of the
attention  mechanism  also  facilitates  the  prioritization  of
modulation  patterns  based  on  the  participatory  weights  of
the  convolutional  kernels  in  inference,  thereby  identifying
the  more  beneficial  kernels  for  inference  and  discarding
those with minimal influence, which can further reduce the
sampling rate by retaining these kernels [26]. Furthermore,

for  computations  involving  deep  features,  residual  blocks
are  implemented  for  the  processing  and  transmission  of
deep  features  [27]. Fig.  4(b)  illustrates  the  residual  archi-
tecture,  which  consists  of  convolutional  layers  (conv  in
Fig. 4) and rectified linear unit (ReLU). This architecture is
introduced  to  mitigate  the  excessive  consumption  of  com-
putational  resources  and  the  problem  of  vanishing  gradi-
ents,  as  well  as  for  effective  feature  learning  and  signal
propagation,  while  significantly  reducing  the  network’s
parameter  count.  Focusing  on  the  lightness  and  efficiency
throughout  the  target  inference  process,  we  have  crafted
multi-resolution  convolutional  layers  and  embedded  chan-
nel  attention mechanisms.  The complete  network architec-
ture is delineated in Fig. 4(c) with fully connected layers (fc
in Fig.  4)  inserted.  Within  the  MS-OCNN that  accommo-
dates the inputs of various resolutions, we have realized the
extraction,  integration,  and  inference  of  MS  features  from
the target,  culminating in the use of fully connected layers
to yield the prediction outcomes.
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Fig. 4    Model structure diagram
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 3. Simulation and experiment
 3.1    Simulation

We train and test the model on the PyTorch platform. To
assess  the  model’s generalization  capabilities,  we  select
the  modified  national  institute  of  standards  and  technol-
ogy (MNIST) handwritten digit  dataset  and the Fashion-
MNIST  apparel  dataset,  which  feature  grayscale  details,
as  our  training  data  inputs.  The  MNIST  dataset  encom-
passes  digits ‘0’ to ‘9’ and  consists  of  simple  binary
images,  whereas  the  Fashion-MNIST  dataset  comprises
images of 10 popular types of clothing, presenting sparser
grayscale  images  [28].  We  generate  multi-resolution
datasets  from  both  datasets  through  hierarchical  down-
sampling.  Each  dataset  is  composed  of  a  training  set,  a
validation set  and a test  set,  while maintaining the origi-
nal  class  configurations.  The  higher-resolution  images
contain more detailed information among images of vary-
ing resolutions, while the lower-resolution images exhibit
more  pronounced  contour  features.  For  full  convolution,
lower-resolution  input  images  provide  intuitive  contour
information,  which is  less  susceptible  to  the interference
from the distribution of details within the image, such as
texture  and  noise.  High-resolution  images,  on  the  other
hand,  are  employed  to  supplement  fundamental  detail
information.  Compared  to  the  MNIST dataset,  the  Fash-
ion-MNIST  dataset  is  more  complex,  with  a  certain
degree of grayscale distribution,  making it  more suitable
for  testing  the  robustness  and  generalization  capabilities
of  the  proposed  model,  especially  when  subjected  to
added noise.

To  independently  verify  the  effectiveness  of  the
designed  MS  optical  convolutional  layer,  we  employ  a
fully  connected  neural  network  (FCNN)  as  the  baseline
and construct fully connected networks with both SS and
MS  optical  convolutional  structures.  We  align  the  num-
ber  of  convolutional  kernel  channels  for  the  SS recogni-
tion model with that of the MS recognition model, using
the number of convolutional kernel channels as the vari-
able for recognition simulation. The results are displayed
in Fig.  5.  As  the  number  of  convolutional  kernel  chan-
nels  increases,  the  recognition  accuracy  for  targets  is
improved within a certain range and then becomes nearly
stable.  Compared  to  the  SS  FCNN  model,  the  introduc-
tion of the MS optical convolutional structure endows the
network  with  a  higher  ceiling  of  recognition  accuracy.
With direct  decision-making on input  features,  the  accu-
racy is increased by nearly 1%. This indicates that the MS
optical  convolutional  structure  can  effectively  augment
the  quantity  of  features  fed  into  the  network  which  are
derived  from  various  scales  of  the  images.  The  enhanc-

ing  of  the  volume  of  valid  information  drives  correct
model decisions, which is consistent with our theoretical
analysis.
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Fig. 5    Comparison of MS FCNN and SS FCNN
 

To substantiate  the  efficacy of  the  introduced residual
structures  and attention mechanisms in enhancing model
performance,  we  compare  four  models:  (i)  a  multi-scale
fully  convolutional  network  MS-FCN  classification
model  constructed  with  MS  optical  convolutional  layers
and  fully  connected  layers;  (ii)  a  MS-FCN classification
model incorporating an attention mechanism; (iii)  a MS-
FCN classification model integrating a residual structure;
(iv)  the  proposed  MS-OCNN,  a  multi-resolution  CNN
classification  model  employing  both  attention  mecha-
nisms and residual structures. The experimental platform
is configured with an Ubuntu 22.04 operating system, 16
GB  random-access-memory  (RAM),  and  an  Nvidia
MX450 graphics card. All four models are trained under
identical training parameters.  Training is completed over
100  epochs  with  a  batch  size  of  256.  We  employ  a
stochastic gradient descent (SGD) optimizer with the ini-
tial learning rate of 0.002, the momentum set to 0.9, and
the weight decay at 1.2×10−4. A learning rate scheduler is
also utilized, which dynamically reduces the learning rate
based on the loss changes of the model on the validation
set,  combined  with  an  early-stopping  mechanism  to
ensure  better  convergence  and  improved  training  effi-
ciency. Table  1 presents  the  accuracy  metrics  of  the
aforementioned  four  models  on  the  two  datasets.  The
results  indicate  that  the  integration  of  the  attention  mo-
dules  and  the  residual  structures  significantly  enhances
the  recognition  capabilities  of  the  model.  Our  proposed
MS-OCNN  achieves  3.8% and  5.9% higher  recognition
accuracies on MNIST and Fashion-MNIST datasets com-
pared  to  the  basic  multi-resolution  CNN  classification
model, as indicated by the bold values in Table 1.
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Table 1    Ablation experiments %

Model MNIST Fashion-MNIST

MS-FCN 94.86 84.74

MS-FCN+CAM 94.92 86.66

MS-FCN+Residual block 98.07 89.66

MS-OCNN (proposed) 98.67 90.67

 
To  validate  the  performance  of  the  proposed  MS-

OCNN,  we  compare  it  with  several  reported  SS  non-
imaging  recognition  models.  These  selected  SS  models
utilize  neural  network-optimized  optical  convolutional
distributions and single-pixel detection recognition meth-
ods. They are trained and fine-tuned on the same dataset
to achieve efficient non-imaging classification of specific
targets.  The  classification  simulation  results  with  differ-
ent sampling times (ST) are shown in Tables 2 and 3. In
the  tables,  sample  rates  (SR)  represents  the  ratio  of  the
actual  number  of  samples  to  the  number  of  samples
required  to  reconstruct  an  image  using  a  single-pixel
detector, the latter typically being the total number of pix-
els  in  the  image.  With  the  same  number  of  convolution
kernel  channels,  which  corresponds  to  the  same  sample
times  in  the  optical  convolution process,  the  model  with
the  specifically  selected  combination  of  resolutions
demonstrated  higher  recognition  accuracy  compared  to
SS models, thus exhibiting superior feature extraction and
recognition  efficiency.  This  is  validated  across  recogni-
tion  tasks  for  both  datasets.  However,  in  the  more  com-
plex  task  of  recognizing  the  Fashion-MNIST  dataset,
hyper-parameters  including  optical  convolution  resolu-
tion need to be fine-tuned.  This  discrepancy is  primarily
attributed  to  the  distinct  characteristics  of  objects  within
different  datasets,  necessitating  the  model  to  adjust  the
resolution  as  a  hyperparameter  through  training  to
achieve  optimal  performance.  In  our  simulations,  we
incorporate Gaussian noise of varying intensities into the
test dataset to simulate pixel-level fluctuations character-
istic  of  light  source  noise.  This  approach  is  utilized  to
evaluate the effect of noise on the accuracy of the recog-
nition process. Fig. 6(a) illustrates the images with super-
imposed  Gaussian  noise  of  different  magnitudes.  The
recognition outcomes are depicted in Fig. 6(b), where the
proposed model can resist a certain level of noise interfer-
ence. However, as the noise intensity increases (when the
standard  deviation  exceeds  0.1),  there  is  a  significant
drop in recognition accuracy.

 

Table 2    Simulation results of the classification accuracy for differ-
ent models with low sample times

Model ST SR/% MNIST/% Fashion-MNIST/%

FCFNN [29] 8 0.78 58.17 63.50

DICNN [30] 8 1 58.94 −

SPSCNN [31] 8 1 91.73 82.15

MS-OCNN (proposed) 8 0.78 91.93 84.00
  
Table 3    Simulation results of the classification accuracy for differ-
ent models with high sample times

Model ST SR/% MNIST/% Fashion-MNIST/%

FCFNN [29] 64 6.25 97.25 87.46

DICNN [30] 39 5 94.82 −

SPSCNN [31] 40 5 96.98 84.98

MS-OCNN (proposed) 36 3.5 98.27 90.02
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Fig. 6    Recognition results under different light source noise inter-
ference
 

 3.2    Experiment

To  validate  the  practical  effectiveness  of  the  proposed
method,  we  construct  an  experimental  setup  illustrated  in
Fig. 7 to realize the optical CNN for target recognition and
classification. The emitted continuous-wave laser (Rayziss,
532  nm)  beam  is  expanded  by  a  beam  expander  to  pro-
duce  a  uniform  light  spot.  The  projected  light  is  modu-
lated  by  the  pre-imported  convolution  kernel  distribution
on a digital micromirror device (DMD, Texas Instruments
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Discovery  7001,  resolution  of  1  024×768,  refresh  rate  of
22 kHz), and the exiting modulated light field is reflected
off  the  target  surface.  The  reflected  light,  after  passing
through  the  collection  lens,  is  gathered  by  a  quadrant
detector  (First  sensor)  and  converted  into  point  signals.
These  signals  are  then  amplified  by  a  signal  conditioning
circuit and acquired by a microprocessor chip with a 12-bit
analog-to-digital  converter  (ADC),  converting  them  into
digital  signals.  The  processor  performs  real-time  calcula-
tions to produce recognition results. The ADC used in the
experiment  is  configured  with  four  channels  to  detect  the
light  intensity  signals  of  the  four  pixels  of  the  quadrant
detector.  Each  channel’s conversion  time  is  set  to  more
than 1 μs to ensure sufficient sampling accuracy. Given the
SLM’s modulation  rate  of  20  kHz,  the  detection  time
required for each recognition is approximately 1.2 ms, pro-
viding the system with good real-time performance.
  

Object

Lens
Detector

MCU module

DMD

Beam expander

Laser

PC

Fig.  7      Experiment  Setup  for  online  non-imaging  target  recogni-
tion with MS features
 

In  the  experiments,  to  approximate  the  recognition  of
real-world  objects,  we  print  randomly  selected  images
from the test set on A4 papers. Through printed grayscale
calibration,  we  correct  the  reflectance  of  the  images.

After training the proposed model, we extract the convo-
lutional  kernels  used  for  feature  extraction.  Utilizing  a
grayscale  dithering algorithm,  we transform the  continu-
ously  distributed  convolutional  kernels  into  binary  dis-
crete  modulation  patterns  for  spatial  light  modulation.
Furthermore, we increas the ADC sampling period to 10
ms.  After  five  repeated  samplings,  we  take  the  mean
value  as  the  effective  signal  for  processing,  thereby
reducing  the  impact  of  random  fluctuations  in  the  light
source on recognition accuracy. Leveraging the effective-
ness  of  the  proposed  network  model,  we  decouple  the
decision-making part of the model and deploy it into the
microcontroller  unit  (MCU)  after  quantization  and  com-
pression, achieving online target recognition.

To evaluate the performance of our trained target classi-
fication  model,  we  conduct  recognition  experiments  with
images from different datasets. Fig. 8 illustrates the recog-
nition  results  for  100  randomly  selected  printed  images
from each dataset  in  actual  experiments.  The results  indi-
cate  that  the  proposed  method  achieves  the  accuracy  of
97% in  the  recognition  task  of  printed  MNIST  images
(Fig.  8(b))  and  the  accuracy  of  87% on  the  Fashion-
MNIST  dataset  (Fig.  8(d)).  Numerically,  the  MS-OCNN
attains  classification  accuracies  of  98.6% over  10  000
handwritten digits in the blind testing set (Fig. 8(a)) and of
90.6% for  Fashion-MNIST dataset  in the blind testing set
(Fig. 8(c)). The experimental classification results demon-
strate  consistency  with  the  simulation  results,  despite  an
approximate  2% loss  in  accuracy.  This  reduction  is  pri-
marily  attributed  to  some  interference  factors  such  as  the
quantization  of  network  parameters  in  deployment,  the
deviations  in  light  spot  illumination,  and  the  circuit  sam-
pling  errors.  The  experiment  demonstrates  that  the  pro-
posed  model  and  recognition  method  can  effectively
enhance  the  sampling  efficiency  of  target  features  and
improve the recognition accuracy of targets.
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Fig. 8    MS image-free experiment results based on MNIST and Fashion-MNIST
 

 4. Conclusions
In summary, we have proposed a MS optical convolution
strategy  guided  by  the  architecture  of  OCNNs  for  non-
imaging target classification and have completed the con-
struction  of  an  online  recognition  system.  Through sam-
pling and recognition experiments with real images from
various  datasets,  the  results  demonstrate  that  the  pro-
posed classification model exhibits commendable perfor-
mance in practical scenarios. Compared to traditional SS
recognition  models,  the  model  we  proposed  achieves
enhanced  recognition  accuracy  while  maintaining  supe-
rior  efficiency.  This  work  enhances  the  feature  acquisi-
tion capabilities of optical convolution networks and ele-
vates  network  recognition  precision,  thereby  signifi-
cantly advancing the applications of optical computing in
areas  such  as  guidance,  autonomous  driving,  remoting
sensing and robotics [32–34].

In  this  work,  a  certain  degree  of  discrepancy  is
observed between the features utilized for model training
and  directly  perceived  from  the  sensor  after  the  kernel
projection,  which  is  primarily  attributed  to  the  interfer-
ence or noise introduced in the optical detection process.
The inclusion of detector-acquired images in the training
dataset can lead to a marked enhancement in the classifi-
cation performance. Furthermore, the mechanism for set-
ting  the  MS  convolutional  resolutions  in  the  model,  as
well  as  the  execution methodology of  the  target  classifi-
cation  experiments,  requires  additional  refinements.
When  the  scale  of  the  full  convolutional  kernel,  which
matches  the  image  size,  is  set  excessively  high,  it  may
compromise  the  robustness  and  increase  the  number  of

parameters.  The  mechanism  for  setting  resolution  levels
can  be  optimized  through  algorithmic  enhancements  to
approach  the  optimal  configuration  during  the  training
process. In the future, we will verify the upper limit of the
model’s performances under more challenging scenarios.
With  the  upgrading  of  system hardware,  more  advanced
networks,  such  as  Transformer-based  ones,  can  be
applied to provide superior performances.
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