
What is a neural network and 
an All-Optical Neural Network?

Digital neural network (DNN), one of the main 
driving forces behind the development of artificial 
intellegence, commonly uses GPUs and TPUs to 
perform calculations that trains the network by 
adjusting the weights assigned to each neuron in a 
process called “backpropagation”.

An all-optical neural network (AONN) is the 
physical realisation of DNN, of which the 
scattering, interference, transmission and reflection 
is used to perform the calculation, and act as a 
computing reservoir for the network.

This allows the input information to propagate 
through this network at the speed of light, while

consuming little energy to power a light source, a 
light encoding device, and a photodetector.

In this project, we have employed the photonic 
extreme learning machine architecture (PELM) [1] 
that uses computer-assisted training to simplify 
and shorten the time needed for the training of the 
network.

Proposed Architecture 

A 512*512 resolution spatial light modulator 
(SLM) is used to encode the input MNIST 
images into the phase of the reflected laser 
beam, and an iris is placed at the Fourier plane 
of the lense to select the desired components to 
be projected onto the detectors.

The detectors are consisted of semi-transparent 
solar cell panels [2] mounted in a 3D-printed 
structure, with nanometres-thick silver 
electrodes and thin absorbent layer to reduce 
light absorption, although often at the sacrifice 
of signal strength from the solar cells. 

The current-voltage (I-V) curve of the solar cells 
used is similar to that of a diode [3], and is 
linearly shifted downwards against the intensity 
of the incoming light. This means the voltage 
responses of the solar cells mounted in an open 
circuit behaves logarithmically, acting as a 

nonlinear activation function in the architecture.

The scattering layers are made of one micron 
sized alumina beads evenly spread onto a 
piece of duct tape, acting as the hidden 
neurons in the architecture. One scattering 
layer is placed in front of each detector plane. 
While a strong scatterer is used to fully mix the 
light at the first layer, weaker scatterers are 
used in the subsequent layers to maintain a 
relatively strong coupling between the 
corresponding detector pixels of the 
neighbouring layers. 

Each solar cell pixel is wired in an open circuit 
with its voltages measured by a DAQ, and 
trained using the Extreme Learning Machine 
(ELM) algorithm [4] on a computer
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Use 3D Detectors to Improve 
the Performance of 3D All-Optical Neural Networks

The Hypothesis

The most common approach to capture information at the 
output layer of an AONN is to use a standard CCD camera. 
However, as the light is projected onto a 2D plane, the 
information it carries is compressed, and its phase information 
will be lost. Mathematically, this compression process is similar 
to

where the exponential term represents the phase of the light.

By scaling the detector from a 2D plane into a 3D structure, we 
expect this to capture this phase-related information, providing 
additional information to train the network, and improving both 
the training efficiency and accuracy in handling classification 
tasks.
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Methods and Results

We firstly replicated the PELM archetecture using a 1680*1024 CCD 
camera and a 4 mW 532 nm laser pointer. 

It was realised that instead of extracting the Fourier components using 
a lens + objective setup, A similar level of accuracy can be achieved 
by replacing the objective with a long free-space propagation, which 
allows the light to fully mix and interfere with each other. This is a 
simpler setup compared to the published architecture, and the network 
easily achieved an accuracy of 92.5%, trained using 2000 CCD pixels 
with the highest pixel-wise standard deviation, iterated through 10,000 
training images and 1,000 testing images from the MNIST Dataset. 
This training result is in line with that of the published PELM paper [1].
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The solar cell AONN setup has undergone 
multiple improvements throughout this project. 

To minimise the light wasted in the setup, a 
binary grating phase mask is added to the input 
images, which increases the grating groove 
size of the SLM. This directs more light towards 
the first order from the unmodulated zeroth 
order and the unused higher orders.

However, the biggest headache of the use of 
the solar cells instead of a CCD camera is the 
occurrence of the consistent decay in the 
signal strength due to a prolonged period of 
exposure under the powerful laser beam.

To mitigate this problem, we have adopted a 
lense + iris setup. The iris is used to capture 
the Fourier component in-between the zeroth 
and the first order maxima at the Fourier plane 
of the lense used. This setup would project an 
image similar to that of the edge detection 
algorithm, with much dimmer background and 
bright edges around the figures. Through 
adjustments of the periodicity of the binary 
mask and choosing a lense with a suitable 
focal length, the distance between each 

maxima can be carefully adjusted to maximise 
the brightness of the illuminated edges. 

This not only shortens the exposure time of 
each solar cell pixel to the laser beam, which 
significantly mitigates the signal decay 
problem, but also increases the contrast 
between the background and figure, which in 
turn improves, sometimes doubles the 
evaluation accuracy. 

By employing all the method above, the highest 
accuracy we have been able to achieve is 
54.7%, trained using 10,000 training, 1,000 
testing images, and only 6 solar cell pixels. 
This is an astonishing improvement compared 
to its CCD counterpart of only 33.2% trained 
with the same parameters. 

However, as the combined result of the decay 
problem, the low transparency of the solar cells 
(20-30%) and other technical problems leading 
to weak signal strength at the latter layers of 
the 3D detector, a highest accuracy of only 
41.5% was achieved.  
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Benefits of Scattering

In an ELM, each node in the hidden layer is 
assigned a set of dense and randomised 
weights, and the number of these hidden 
nodes can be easily increased digitally and 
indefinitely until the target evaluation 
accuracy is reached.

However, in our AONN setup, the number of 
the hidden nodes, i.e. the solar cell pixels, 
are relatively fixed setup-wise. Therefore, it 
is very important to optimise how the light, 
thus the information it carries, is mixed and 
entangled.

Though the addition of the scattering layer 
lowers the pixel-wise standard deviations of 
the collected training dataset, which often 
leads to a decrease in the evaluation 
accuracy. However, we have clearly 
observed an increase in the training 
accuracy compared to the unscattered 
cases, both for the CCD (90.2% vs 92.5%, 
for short / long free-space propagation) and 
the solar cell setups.

The effects of scattering can be visually 
observed by plotting the number of 
repetitions of the discrete voltage values of 
one dataset. In the unscattered case, the 
pixel signals behave almost like a binary 
switch, leaving a vast range of voltage 
values in-between the peaks unused.

For the scattered case, the range of 
achievable voltages becomes fully utilized, 
which provides more information to train the 
network. It has also been observed that, for 
the solar cell setup shown in the previous 
page, the more the light is scattered, the 
higher the accuracy, but again, this comes 
at the sacrifice of the signal strength.

It is however not fully clear why the fine 
alumina scattering would decrease the 
training accuracy when a CCD camera is 
used as the detector. It may be due to both 
a lack of nonlinearity in the network and 
excessive scattering causing the projected 
interference pattern to behave more like 
noises, thus the information collected by the 
pixels become less useful in identifying the 
correct figures. A weak evidence that backs 
this explanation is from the trained weights, 
where there is an abnormally large number 
of the pixels assigned to weights that are 
close to zero.
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Problems Going Forward

Since there is a tradeoff between the transparency of the solar cells and its 
signal strength, the transparency of individual solar cells used at each layer 
of 3D structure is an important parameter to be optimised, to maximise the 
signal strength out of each layer. This can be done through adjusting the 
thickness of the absorbant layers of the solar cells, which involves a very 
time-consuming fabrication process and extensive testing with all the 
possible arrangements and training parameters.

The quality of the solar cells needs to be improved as well, to prevent it from 
breaking easily over a prolonged period of intensive use, and to reduce the 
amount of laser power that would trigger signal strength decay of the solar 
cells.

The mount design should also be improved and built using better materials 
and electronics to improve its robustness and ease of use, while ensuring 
good connections to all the mounted pixels.unscattered                    

strongly scattered                     

weakly scattered                       

Conclusion

In this project, we have clearly demonstrated a significant improvement in the 
accuracy of the trained network using our solar cell AONN setup compared to 
the published PELM architecture for small number of pixels.

However, the time is very limited for us to thoroughly explore the potential 
benefits the use of a 3D detector may bring, mainly due to insufficient signal 
strength in the latter layers. At current stage, it seems very promising that, once 
the setup and the detectors are scaled up and optimised, the combination of the 
more efficient solar cell training setup plus the adoption of the 3D structure will 
be able to surpass the standard CCD PELM setup on multiple fronts.
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