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Abstract

Machine Learning (ML), or Artificial Intelligence (Al) in general, is among today’s fastest-growing methods to handle
complex or computationally intensive tasks. ML is commonly implemented with Artificial Neural Networks (ANNs) on
conventional computer systems that can limit their full potential. Even with access to specialized hardware such as graphics
cards or Tensor Processing Units (TPUs), the demand for more computing power constantly increases. Although these
hardware requirements can be met for terrestrial applications, an extraterrestrial or in-orbit application is considerably more
challenging. Additional requirements for energy budget, thermal control, and radiation resistance can usually not be met,
especially for small spacecraft. The benefits of an Al system for fast onboard data processing would, however, be remarkable.
An optical approach to this problem can potentially be the solution. Optical computers promise to be much more energy
efficient and better suitable for the mentioned space requirements. An implementation of an optical computing device on
a spacecraft has not been done and can be considered as a technological leap. This work, along with the project Optical
Computing for Machine Learning in Orbit (OMLO) of the Technical University of Berlin (TU-Berlin), aims to specify and
conceptualize such a system.

Keywords Artificial intelligence - Machine learning - Optical computing - Hybrid computing system - Satellite payload -
Payload concept

1 Introduction

Since the first approach to an Artificial Intelligence (AI)
system in 1956 by Newell and Simon [1], the technology
has been continuously improved. Modern Machine Learning
(ML) algorithms, such as deep or reinforcement learning,
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also require a vast amount of data that needs to be acquired
via the transmission bottleneck. An Al system located on the
spacecraft itself can solve this problem. Data can be evalu-
ated or preprocessed in real time, allowing for an increase in
autonomy. The Remote Agent Experiment (RAX) on Deep
Space 1 (DS1) in 1999 [4] and the Autonomous Sciencecraft
Experiment (ASE) on Earth Observing One (EO-1) in 2000
[5] are some of the early examples in these fields. The Mixed-
Initiative Activity Plan Generator (MAPGEN) system used
for operation planning of the Mars Exploration Rover (MER)
in 2003 [6] was one of the ground-based approaches, which
was later replaced by the on board Autonomous Explora-
tion for Gathering Increased Science (AEGIS) system. The
AEGIS system was first tested on MER-B (Opportunity) in
2009 [7] and has been in routine use on the Curiosity rover
since 2016 [8]. On May 18th, 2022 it was also deployed on
the Perseverance rover with additional features [9]. As stated
by Francis et al. [8], the detection of geological scenes can
take up to hundreds of seconds due to the limited comput-
ing resources on the Perseverance rover. Computer vision,
such as object detection and recognition, is commonly imple-
mented with Artificial Neural Networks (ANNs) or specifi-
cally Convolutional Neural Networks (CNNs). Neural Net-
works (NNs) are mathematically based on Vector-Matrix
Multiplication (VMM) and require dedicated hardware to
ensure good performance. This hardware can range from
conventional graphics cards or Graphics Processing Units
(GPUs) to specialized Tensor Processing Units (TPUs) as
well as large amounts of Random-Access Memory (RAM).
For on-board data processing, these options are only available
to a limited extent. The harsh space environment adds strict
requirements for power consumption, thermal management,
and radiation hardness that are generally not met.

Optical computing systems can offer a solution to these
restrictions. VMM requires Multiply-Accumulate (MAC)
operations that can be passively realized by controlled
attenuation (multiplication) and subsequent superposition
(addition) of optical signals [10]. Such linear-optics
implementations have been demonstrated based on different
free-space configurations [11] and show a promising
development in the field of integrated photonic circuits
[12]. Most free-space implementations are based on the
Stanford multiplier design [13], supporting computational
operations including VMM, convolution, correlation, and
discrete Fourier transform. In the context of ANNs and
CNNs enables VMM or convolution in a single immediate
calculation. Moreover, the feasibility of multi-layered
NNs has been demonstrated by introducing an atomic
non-linearity to separate the otherwise linear-optics layers
[14]. Consequently, optical processors have the potential
to achieve very high computing power with comparatively
low energy consumption. Various wavelengths can even be
combined for efficient multiplexing and high-speed optical
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data transmission. In addition, they exhibit natural resistance
against ionizing radiation.

As noted by Caulfield and Dolev [15], an optical computer
will inevitably depend on electronic components to some
extent. However, there is a desire for a complementary
approach, aiming to replace conventional electronic
calculation bottlenecks with dedicated optical hardware.
These hybrid optical computing systems hold the potential
to establish a new standard for ML, particularly in space
environments. Despite the recognized utility of similar
systems in ML, the conjunction with Al approaches in the
space segment remains mostly unexplored.

The purpose of this paper is to explore the potential of
(hybrid) optical computing systems for ML with a specific
focus on space applications. The primary objective is to
conceptualize and design a system capable of performing
Optical Vector—Matrix Multiplication (OVMM) within the
constraints of a satellite payload. To illustrate the practicality
of the proposed system, a use case for ML in space will be
identified and evaluated, serving as a demonstrative scenario
for training and assessing the NN.

2 Application

The chair of Space Technology (RFT) at the Technical
University of Berlin (TU-Berlin) has a large expertise
in conceptualizing, developing, and deploying satellite
systems. In the last 33 years, 30 satellites have been
successfully launched and operated within the scope of 19
different missions. Each mission was specifically dedicated
to demonstrating new payloads or novel satellite bus
concepts. In addition, another 4 satellites will be launched
in the following years.

Among all RFT satellite buses, the TUBiX10 [16],
TUBiX20 [17], and TUBiX5 bus are more recent
examples. The number in each acronym indicates the total
mass of the bus, for example, TU-Berlin innovative neXt
generation satellite bus (10 kg) (TUBiX10). These bus
systems have been used for multiple missions including
Spectrum AnaLysis SATellite (SALSAT) [18], TU Berlin
Infrared Nanosatellite (TUBIN) [19], and Nanosatellites in
Formation Flight (NanoFF) [20]. They have demonstrated
their reliability and can be considered flight-proven systems.
While all current RFT satellites have been deployed into
Low Earth Orbit (LEO), inter-terrestrial missions have yet
to be implemented.

With an increase in system and mission complexity, the
adoption of Al capabilities is becoming increasingly more
significant. They could, for example, improve the autonomy
of spacecraft, which is crucial to managing the transmission
distances to Earth and the delays they entail. Al can provide
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the desired autonomy for various applications. In particular,
object detection and classification offer significant advantages
for automated decision-making [8], as well as for pre-
evaluation and filtering of data before the downlink.

As part of the project Highly integrated data processing
unit for Al-applications for small satellites (AITHER) [21] at
the RFT, a processing unit for space-specific Al applications
is currently under development. Solely constructed from
Commercial Off-The-Shelf (COTS) components, the goal is
to find a trade-off between component cost, processing power,
and power consumption. Similar to other dedicated hardware,
such as GPUs and TPUs, conventional computing hardware
could become the limiting factor.

Addressing this challenge in the project Optical Computing
for Machine Learning in Orbit (OMLO), we propose an
alternative solution replacing traditional computing hardware
with optical alternatives. Specifically, CNNs are planned to
be utilized in the imagined system. Within the scope of the
project, we further desire to integrate the optical components
into a common satellite bus. Hence, intermediate hardware
to interface both technologies must also be developed.
The envisioned system encompasses various components,
including mechanisms for data collection, storage,
preprocessing, and the conversion of conventional binary data
into an optical signal. The intricate aspects of controlling and
configuring the optical components within this system are also
integral considerations.

As an in-orbit use case, we will focus on object
classification based on image data. This could, for example,
be used for cloud detection in an Earth observation context.
Images containing clouds will be filtered before the downlink,
leaving only unobstructed views of the Earth. Thus, the
utilization of the downlink bottleneck can be improved.
To initially demonstrate the Proof-of-Concept (POC), the
Modified National Institute of Standards and Technology
(MNIST) dataset [22] is used. It is well-established and
ideal for comparison with other works. This dataset contains
handwritten digits and is not directly related to an in-orbit
application. However, the general approach to Al training and
object classification can be transferred to other use cases of
object classification.

The project can be divided into three major work packages:
implementation of the optical computing setup, satellite
integration, and data processing via software. In the following
sections, concepts for each of these packages will be outlined.

3 Optical Implementation

The Stanford multiplier [13] outlines an optical computing
system, capable of various computational tasks, including
VMM, convolution, and others. Typically implemented
using Spatial Light Modulator (SLM) in a free-space setup,

it executes the convolution process of a CNN in a single
step, in contrast to the sequential scanning approach of
conventional systems. This relates to a complexity of O(N)
versus O(N X K) respectively, where N is the size of a single-
channel image and K is the number of kernel entries.

The output of this optical convolution can then be used
as input for the fully connected layers of the NN. Yang et al.
[14] demonstrated this process by successfully classifying
handwritten digits from the MNIST database. In their
experiment, the convolution result was digitalized and fed
into a NN on conventional hardware for further processing.
However, by integrating an atomic non-linearity immediately
after the convolution step, it would be possible to use a fully
optical NN instead. This behavior is equivalent to the non-
linear transitions between the layers of a common NNs. It is
used to separate the otherwise linear operations.

For an in-orbit application, Yang et al.’s proposed
free-space setup will in part be miniaturized to create an
Optical Convolution Neural Network (OCNN) payload
demonstrator. To reduce the overall payload size, the SLM
designated for the input layer is planned to be replaced by
four silicon-based and Printed Circuit Board (PCB) mounted
ring modulators developed by The Leibniz Institute for High
Performance Microelectronics (IHP). Further details are
discussed in the following Sect. 3.2. At this time, these ring
modulators are still undergoing testing and are not available
to us. They are, therefore, emulated by an SLM for the time
being. It is important to note that each ring modulator can
only encode a single value, limiting the whole input to four
values at a time rather than the N-pixel array of an SLM.
This strict input limitation renders the convolution process
of the proposed optical system impractical. In Optical
Convolution Networks (OCNs), the acceleration potential
scales with the size of the convolution kernel. Employing
the convolution theorem

) * h(x) = F AL - FTh(0)1}

given two arbitrary functions f(x) and A(x)

ey

and the Fourier transform properties of lenses, the kernel can
be chosen as big as the feature map to which it is applied.
Compared to spatial kernels in digital CNNs that mostly rely
on 3 X 3 kernels, Fourier kernels in OCNNs can be much
larger and commonly reach sizes of 100 x 100 [23].

Due to the hardware constraints introduced by the
ring modulators, we are thus limited to 2 X 2 kernel
matrices. During a single optical convolution step only
2x2 =4 compared to 100 x 100 = 10,000 calculations
are executed. Therefore, the performance is expected to
lag by approximately 3 orders of magnitude. Consequently,
the Fourier transform properties do not offer significant
benefits and the OVMM approach will be pursued instead.
The convolution process can be implemented conventionally
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Fig. 1 Experimental free-space configuration with two Spatial Light
Modulators (SLMs)

using the sequential sliding-window approach, while each
filter multiplication is performed optically. Moreover, the
OVMM approach extends beyond convolution and can also
be applied to other calculations, such as the fully connected
layer in the desired CNN.

In total, two different free-space configurations
are planned. The first SLM implementation is used to
demonstrate the general feasibility of hybrid (conventional/
optical) calculations for ML. The second and integrated
approach shall further show its applicability as a spacecraft
payload.

3.1 SLM implementation

The overall concept of the first optical free-space experiment
is depicted in Fig. 1. It consists of a laser, 2 SLMs, a Com-
plementary Metal-Oxide-Semiconductor (CMOS) camera,
and a test computer. For the signal lines, we differentiate
between optical data (red), electrical data (yellow), and elec-
trical control/configuration (blue) lines.

First, the laser provides a non-modulated light beam as
the signal source at stage 1. The beam is reflected off the
first SLM while the input vector is encoded onto the beam.
The now modulated signal at stage 2 is reflected off the
second SLM that encodes the transfer matrix. The optical
superposition of both modulation processes results in a
signal equal to the multiplication of the input vector and
the transfer matrix at stage 3. This signal is captured by the
camera and fed back to the test computer. The SLMs are
controlled by the test computer to configure both the input
vector and the transfer matrix of the VMM.

Figure 1 neglects components such as lenses crucial for
generating the input vector and summation during the Vec-
tor-Matrix Multiplication (VMM). A more detailed sche-
matic of the optical components is illustrated in Fig. 2.

The laser beam is guided into the system via an optical
fiber and its intensity is reduced using an absorption filter
F1. The diverging light is then collimated using a collima-
tion lens L1. The distance from the optical fiber to the lens
L1 is important for beam expansion, the higher the distance,
the larger the diameter of the beam. The width of the beam
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Fig.2 Experimental free-space setup based on the Vector-Matrix
Multiplier proposed by Spall et al. [11]. Components: Absorption
filter (F'1), collimation lens (L1), convex lens (L2 & L3), cylindrical
lens (L4), Spatial Light Modulator (SLM)

determines the usable area on the SLMs in subsequent steps.
The beam is reflected by the first SLM which imprints the
desired input vector. The individual values of the input
vector are modulated as light intensity in a specific region
of the beam. The plane of the first SLM is imaged by two
successive biconvex lenses L2 and L3 onto the next SLM.
At the second SLM, the beam is reflected again, and the
beam intensity is modulated based on a transfer matrix. The
information encoded in the light beam already corresponds
to a partial result matrix, composed of the multiplied com-
ponents of the input vector and the transfer matrix. Using
a cylindrical lens L4, the beam is focused into a line and
captured by the camera. This focus superimposes the rows
of the result matrix, thus corresponding to the summation
of the rows. Finally, the line captured by the camera is the
result of the Vector-Matrix Multiplication.

Figure 3 illustrates the Optical Vector—Matrix
Multiplication concept for a total of 4 input values. For
simplicity, this graphic does not display all the optical
components that are not required for the mathematical
operation. The areas in the beam for modulating the input
vector X and the transfer matrix A must be of the same
size. The input vector is treated as a row vector during the
optical computation. To fully cover the transfer matrix with
elements from the input vector, duplicate rows are added to
the input vector. This results in the illustrated 4 X 4 matrix
encoded by the first SLM. After the light propagates through
the second SLM, the spatial profile of the beam is equivalent
to the element-wise products of X and A. The cylindrical
lens focuses the beam into a line while performing a Fourier
transform in that direction. The thin line is equal to the
summation of the previously individual products. Finally, the
camera captures the result vector y of the finished OVMM.

3.2 Integrated implementation

In principle, the implementation procedure is similar to the
previous setup described in Sect. 3.1. However, to poten-
tially integrate optical computation into a satellite payload,
the input SLM is replaced by better suited hardware. The
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Fig.3 Concept of the Optical
Vector—Matrix Multiplication
with two SLMs, a cylindrical
lens and a camera. Exemplary
for a vector limited to 4 entries.
Based on the concept proposed
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Fig.4 Schematic and PCB
layout of the ring modulators/
Optical Digital-to-Analog
Converters (ODACsS) designed
and produced by The Leibniz
Institute for High Performance
Microelectronics (IHP)

optical
Input

(a) Concept of a single channel
ring modulator.

SLM responsible for the modulation of the transfer matrix
continues to be used until a better alternative is found. The
input vector will be modulated by silicon-based ring modu-
lators produced by IHP. The following two graphics in Fig. 4
show the conceptual design of these ring modulators.

As depicted in Fig. 4a, a ring modulator consists of an
electrical input, an optical input, and an optical output. The
optical signal passes through the ring modulator, modulat-
ing its intensity based on the electronic input. The input
resembles a 3-bit parallel interface, where the modulated
light intensity is proportional to the configured 3-bit input
value. The 3-bit interface was selected to implement Pulse-
Amplitude Modulation 2 (PAM2) or PAM4 encoding, and
possibly even PAMS8. The modulators are grouped in sets of
four and manufactured on silicon dies displayed in Fig. 4b.
This group size is the limiting factor for the size of the input
vector and the transfer matrix. In principle, larger chips
with more ring modulator channels could be manufactured.
However, the production constraints are cost, measurabil-
ity, and assembly limitations. The silicon die area available
to us only accommodated a variant featuring four modula-
tors. The hardware incorporates digital-to-analog as well as

3-bit electrical Input

bit 1

A-X=7
X4 A1 Xg + AgXg + Agaxa + Aggxg Y1
X | _ | AgXq + A Xp + Agg Xt AgaXg | _ | V2
x3 Ag1Xq + AgpXp + Aggxg + Aggxy Y3
X4 AgqXq + AgaXg + AggXg + AgaXy Ya

bit 2
bit 3

Modulator

Ring optical
Output

(b) PCB layout of ring modulator group consisting of
four individual ring modulators by IHP.

electronic-to-optical signal conversion, giving it the name
Optical Digital-to-Analog Converter (ODAC). The combina-
tion of these two properties within a single component is a
groundbreaking innovation that significantly contributes to
a more compact design. The circuit is implemented in a fully
analog fashion and is currently expected to exceed modula-
tion speeds of 10 GHz, making it ideal for high-speed opti-
cal computing. To provide a high-speed data stream to the
3-bit parallel interface of each ODAC, we require dedicated
hardware. It needs to handle and buffer incoming data and
perform data processing for signal generation of the paral-
lel control lines. A specifically developed payload or Elec-
tronic Ground Support Equipment (EGSE) board described
in Sect. 4 will be used for that purpose.

Figure 5 outlines the overall concept of the partially inte-
grated free-space setup. A laser provides a non-modulated light
beam as the signal source at stage 1. The ODACsS located on the
EGSE hardware encode the input vector onto the beam. Simi-
lar to the previous configuration, the now modulated signal at
stage 2 is reflected by the SLM that encodes the transfer matrix,
thereby performing the multiplication. The result at stage 3 is
subsequently captured by a camera. The input and result data
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Fig.5 Experimental, partially integrated configuration with ring
modulators/ODACs and payload/EGSE

are still managed by a computer. In contrast, the ODACs and
the SLM are controlled by the EGSE directly.

The experimental free-space setup for the proposed
concept is detailed in Fig. 6. It consists of a laser array that
provides four separate unmodulated light beams. Using
optical fibers, they are fed into the ODACs where the input
vector is encoded. Each vector component is encoded
by a separate ODAC. The modulated light intensity is
equivalent to its 3-bit parallel input value supplied by
the EGSE. After the input vector has been encoded, the
optical signals exit the ODAC via optical fibers. A fiber
array terminates the fibers and subjects the beams to the
free-space environment. The beams are then focused into
a single beam by an aspheric lens L1 and reflected by
a SLM. During the reflection, the spatial profile of the
beam is modulated based on a transfer matrix. From this
point on, the procedure is equivalent to the pure SLM
implementation in Sect. 3.1. The beam is focused into a
line by a cylindrical lens L2 and the result is captured by
a camera.

To increase data throughput in the future, the camera
will be replaced by high-speed photodiodes.

Fig.6 Partially integrated free-
space setup with ring modula-
tors/ODAC from IHP derived
from the concept (Fig. 2) in
Sect. 3.1. Components: Laser
Array, Ring Modulators, Fiber
Array, Aspheric Lens (L1),
SLM, Cylindrical Lens (L2),
Camera
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4 Onboard integration

Intending to create an ANN for an application in orbit,
a concept for onboard integration is to be designed. The
EGSE was already referenced in the context of the free-
space setup in the previous Sect. 3.2. A detailed design
and the connection to a suitable satellite bus have yet to
be addressed further.

4.1 Payload concept

Several satellite missions have already been developed and
launched by the Department of Space Technology (RFT)
at the Technical University of Berlin (TU-Berlin). Among
other satellite buses, the TU-Berlin innovative neXt gen-
eration satellite bus (10 kg) (TUBiX10) platform is par-
ticularly suitable for an OMLO payload.

It was originally designed for the S-Band
communication network with distributed nano satellites
(S-NET) mission [24], and was later adapted to host other
payloads for the Spectrum AnaLysis SATellite (SALSAT)
[18], and On-Orbit Verification Cube Satellite (OOV-Cube)
[25] missions. A rendering of the TUBiX10 bus used for
the S-NET mission is displayed in Fig. 7. It has a cubic
design with dimensions of 240 x 240 x 240 mm> and a
maximum mass of 10kg. It can therefore be categorized
as a nanosatellite. Due to its successful usage in multiple
missions, the TUBiX10 bus can be deemed a trusted and
flight-proven system.

The spin-off company Rapid Cubes GmbH (RC)
from the RFT has licensed the TUBiX10 satellite bus
and offers both its development and the development of
dedicated payloads. We therefore aim to use RC for the
production of our payload/EGSE hardware. This will

Payload/EGSE

3-bit Signal Wires

SLM
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Fig.7 TUBIiX10 satellite bus
used by the S-NET mission

(a) Computer render of S-NET satellite.
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(b) S-NET satellite interior explosion.

Fig.8 Concept for the integra- R
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ensure compatibility with the TUBiX10 satellite bus for
a future mission.

An overview of the conceptual payload is shown in Fig. 8.
Inside the payload, we differentiate mainly between interface
electronics and peripherals. The payload will be connected
to the satellite bus via data and power lines.

4.2 Electronic Interface

The interface electronics of the payload PCB consist of
a payload controller, data storage, Field Programmable
Gate Array (FPGA) and Power Distribution Unit (PDU)
as outlined in Fig. 8. The controller is responsible for
exchanging data with the satellite bus. Data intended for
the OVMM is processed and temporarily stored in external
data storage, such as Random-Access Memory (RAM). A
FPGA retrieves the data from the data storage and encodes
it as a 3-bit parallel interface signal for the downstream
ODAC. It is important to note that both data storage and
FPGA have to operate at high speeds to allow the operation
of OVMM components in the GHz range. In addition to
managing satellite bus data, the payload controller manages
the OVMM components. Through control lines, it configures
the free-space devices by, for example, changing the weights
of the transfer matrix SLM. Another part of the interface
electronics is the power supply. It provides all necessary
voltages for both the components of the interface electronics
and those of the peripherals.

4.3 Peripherals

For the peripherals, a distinction between the Optical
Digital-to-Analog Converter (ODAC) and the free-space
components of the OVMM is made. Illustrated in Fig. 8,
the ODACs are planned to be located on the payload
PCB close to its dedicated interface electronics. They are
produced as System-on-Modules (SoMs) and are therefore
fully integrable into our proposed payload stack. The FPGA
provides a 3-bit parallel interface signal to each ODAC. The
ODACSs modulate an optical signal based on an electrical
input from the interface FPGA. There will be a total of four
ODACSs on a SoM, resulting in 12-bit parallel interface
input signals and four optical output signals. The modulated
optical signals are directed to the subsequent OVMM
for further processing. The processed data or the result
vector of the OVMM is captured by photodetectors and
manually evaluated with laboratory measuring instruments.
A laboratory computer will also store the result data for
data analysis. Components regarding the OVMM exist
exclusively as a free-space setup. Currently, they cannot
be integrated into the payload board due to their size and
complexity. The feedback of the output signal is planned to
be captured by laboratory equipment only and will not yet
be implemented as part of the payload.

@ Springer
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Fig.9 TUBIiX10 payload stacks

for S-NET and SALSAT mis- 1<

sions

(a) S-NET PCB Stack

4.4 Integration into satellite-bus

The payload board is designed to be TUBiX10-compatible,
potentially for use as a payload in future satellite missions.
Figure 9 shows the PCB stack of the TUBiX10 satellite bus
of the S-NET and SALSAT mission. The levels 1 and 2 of
the stack are reserved for the Electrical Power System (EPS),
the On-Board Computer (OBC) and the Attitude Determina-
tion and Control System (ADCS). Level 3 houses the Pay-
load Data Handler (PDH) for S-NET or the SBand Terminal
Node Controller (TNC) for SALSAT. An additional payload
can be mounted on this stack as level 4. This was, however,
contingent upon modifications to level 3, which was origi-
nally not intended for the passage of power and signal lines
to further levels.

Figure 9b illustrates the PCB modification required for
the SALSAT mission, which was based on a flight spare
of the S-NET mission. The new level 3 adapted the old
S-NET PDH to a new SALSAT SBand TNC that allows
additional payloads. The Spectrum Analysis of LEO
Satellite Allocations (SALSA) payload [26] has been added
as level 4 and the controller electronics for a Fluid Dynamic
Actuator (FDA) payload as level 5 of the stack. Levels 1 and
2 remained unchanged. For OMLO, the desired payload is
intended to be integrated in the same manner. Since both
the payload and the satellite bus are developed by the
same subcontractor Rapid Cubes GmbH, we assume that
the level connectors are compatible without any additional
modifications. The connection to the structure, power
supply, and data linkages are thus ensured.

Thermal integration of the payload board will be achieved
through a dedicated layer in the PCB. Copper pads at the
PCB’s fastening points ensure contact of this layer with the
satellite’s mass.

Another aspect that is usually considered during
integration is radiation resistance. Conventional components
such as controller, FPGA, and the ODAC Integrated Circuits
(ICs) will be tested under the influence of radiation once they
are fully integrated. The optical components are, however,
not susceptible to radiation and special shielding or similar
measures can be omitted for these components. In contrast,
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(b) SALSAT PCB Stack

the electronic components within the optical devices remain
at risk from radiation and may introduce errors. This will
also be addressed as part of the evaluation process.

5 Data processing

The intended hybrid computing system will initially do
most of its calculations on conventional hardware. Some
specific calculations regarding convolution or NN-related
Vector—Matrix Multiplication will be outsourced to the
optical hardware. The number of optical calculations is
planned to be increased over time. All Al related tasks are
planned to be pre-trained on conventional hardware and
transferred to the optical components for their execution.
Al training on optical hardware can also be considered for
future use cases, but will not be practiced in the scope of
this paper. Due to the hardware limitation of only 4 optical
input channels, input vector sizes must be reduced to 4 X 1.
The transfer matrix implemented by an SLM, as described
in Sect. 3.1, is indirectly limited to a size of n X 4 by the
input vector. The conversion and preparation of data for
these limitations play a significant role in the convolution
and dense layer of the proposed Al system.

5.1 Convolution layer

Figure 10 illustrates the data processing steps of the convolu-
tion layer. A n X n input image is split into 2 X 2 overlapping
chunks based on the sliding-window approach. The chunks
are then flattened into 4 X 1 vectors and optically multiplied
with a pre-trained 4 X 4 convolutional matrix. Each row of
this matrix represents a separate filter or kernel. The result-
ing output vectors of this operation contain the convolved
values for each filter applied to a specific chunk. As the final
step of this layer, the filtered vectors are forwarded to the
next, fully connected layer. Restructuring the output vec-
tors into a human-readable matrix is unnecessary given that
the fully connected layer will be trained on the raw filtered
output.
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Fig. 10 Process diagram for the
convolution of an image

..........

Conventional (Electronic) Computer

Optical Circuit

.....................

Data in Memory I ‘ Computations : Computations ,
nxn Image

i : Split up into : : ;

—>  2x2 chunks Clo :

i 1 | (Sliding-Window) | ;

2x2 Chunks IS L :
F% | | Flatten chunks to ' : :

i vectors ' . :

4x1 Vectors L : : .

J:r : l Select single : : ;

> vector for —t ;

L multiplication ! : .

Convolutional Matrix L : ' Y '
i i | Vector/Matrix :

E L ¢ 777 multiplication | !

g Filtered Image Vectors : i

The convolutional matrix containing the filter can be
reused for all image chunks, partially eliminating the need
for a reconfiguration of the optical components. If, however,
more than 4 filters shall be used for the convolution, the
rather slow SLM does need to be reconfigured. This might
result in a theoretical bottleneck depending on its update
rate. Another limitation of the input vector is the 3-bit value
range per vector element.

The limitation is also introduced by the hardware of
the THP ODAC chip. This means that the entirety of our
input can only have 4 X 3 = 12bit of information. For a
single convolutional layer, this limitation does not pose a
challenge. However, for an additional convolutional layer,
2 X2 x4 =16 inputs are required. If the previous 4 x 4
convolutional matrix shall be reused, the number of inputs
must be reduced. By quantizing the filtered outputs from
the previous layer and using three instead of four filters, the
information limit can be attained.

For our Proof-of-Concept (POC), only a single
convolutional layer will be used. This number will, however,
increase over the duration of our experiments.

5.2 Dense layer

The dense layer represents the fully connected network of
the proposed CNN. Similar to the convolution layer, the

Dense Layer

dense matrix has to be split into smaller, computable chunks.
The process for computing the Vector—Matrix Multiplication
related to the dense layer is outlined in Fig. 11.

First, the dense matrix is divided into a block matrix
based on the divide-and-conquer algorithm for Matrix-
Matrix Multiplication by Volker Strassen [27]. All blocks
contain a 4 X 4 matrix. Each of these submatrices is then
multiplied with a Filtered-Image-Vector (FIV) generating
an intermediate result vector for each submatrix/FIV
combination. This VMM is again performed on the
optical hardware. The intermediate vectors are combined
to construct 4 X 4 matrices that can be multiplied with a
1-vector (all elements are equal to 1). This step is equivalent
to the summation of the individual vectors. The result
vectors are fed back into the pool of intermediate vectors
to repeat the summation until only a single vector remains
for each row. The resulting vectors can then be appended to
yield the raw output of the VMM. By applying a MinMax
(MM) function to the raw output, a probability vector is
calculated from which the final prediction can be derived.

@ Springer



F. Kubler et al.

Fig. 11 Process diagram for the
dense layer of the Convolutional
Neural Network (CNN)
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6 Preliminary results

During the conceptual phase, we were unable to conduct
extensive experiments on the proposed system. Preliminary
experimental setups and simulations can nonetheless provide
valuable insight into the concept’s feasibility.

Using a SLMs configuration similar to the setup
described in Sect. 3.1, a4 x 4 OVMM was performed. Each
matrix entry was discretized to 4 bits and the vector values
were represented as single-bit values for simplicity. The
first results show an accuracy of 84.5 %, demonstrating the

@ Springer
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plausibility of the OVMM, while leaving room for further
improvements.

The data processing approach proposed in Sect. 5 was
simulated using the software TensorFlow, with all optical
calculations carried out internally on conventional hardware.
Training was performed using the MNIST dataset over 5
epochs. With a 3-bit discretized vector and matrix, we
achieved an accuracy of 91.58 %.
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These results highlight the promising potential of our
concept. However, the combination of both technologies still
presents challenges that are not addressed by these results.

7 Conclusion

The proposed satellite payload concept for an optical
computing system offers a new approach to an Al system
in a space environment. The hybrid design will bridge the
gap between conventional and optical components. Although
the final goal is a fully optical computing system, it has to
be integrable into a common satellite bus for now. With
ongoing development, the number of optical components
can be increased until an entirely optical system is realized.

An optical system can offer high computing performance
in relation to its power consumption. Feldmann et al. were
able to demonstrate Tera-Multiply-Accumulate per Second
(TMAC/s) speeds with their photonic tensor core using only
about 20 mW optical power output [28]. Modern spacecraft
CPU such as the Quad-Core LEON4FT processer developed
by the European Space Agency (ESA) can theoretically
provide up to 1 GFLOPS at 5W [29]. Assuming two
operations per MAC the speed difference between these two
systems is evident. The 20 mW demonstrated by Feldmann
does not consider the power consumption of the electronic
equipment. The total power consumption of the photonic
tensor core is therefore much higher. Miniaturization and
efficiency optimization are still important fields of research.

Yet, it can be emphasized that the potential of
optical computing scales with the size of the matrix.
The performance increases quadratically, while energy
consumption scales linearly, making it more efficient for
large matrices. Given a constant matrix, multiple vectors can
also be transmitted simultaneously at different frequencies.
In this case, performance increases in proportion to the
number of wavelengths used. As a result, the system’s
potential improves significantly for larger matrices. Thus,
there will be an unavoidable pivot point at which the number
of parallel computations surpasses that of conventional
systems in relation to their power consumption.

In our system, the computing speed is theoretically limited
by the update speed of the SLMs, which takes approximately
0.1 ms. The vector encoding SLM will be replaced by the
ring modulators that operate in the GHz range, leaving the
matrix encoding SLM as a bottleneck. Since SLMs are also
not suitable for integration into a satellite bus, the utilization
of a Mach-Zehnder Interferometer (MZI) instead of the
second stage SLM should be considered. In addition, this
change in hardware might also improve the total computation
speed. This leaves the camera recording the OVMM result
as the speed-limiting component. In later implementations,
it will be replaced by high-speed photodiodes to further

improve the calculation speed. With a transition to faster
multiplication and result stages, the speed of the payload’s
electrical components will become the main speed constraint
of the hybrid system.

An all-optical setup could be implemented but would
have to be specifically designed for a single dedicated use
case. Our approach uses a single Optical Vector-Matrix
Multiplication stage that will be reused for all calculations.
It is therefore highly reconfigurable and universal in its
application. On the downside, it creates a type of delay or
clock cycle introduced by the electronic hardware for data
distribution and storage.

At this early conceptual stage, a flight-ready
implementation is not immediately feasible. The goal is
merely a Proof-of-Concept. The preliminary experimental
results in Sect. 6 can nonetheless serve as an indication of
the concept’s plausibility. Following the implementation
of the proposed system, extensive testing and evaluation
will be conducted to identify any necessary changes to
the concept and its hardware. This phase will involve
optimization and redesign based on efficiency, reliability,
and compatibility with other system components. Once
these necessary modifications are finalized, we will
begin seeking suitable cooperation partners, both from
industry and academic institutions, to further advance the
development process. Subsequent to the optimization and
redesign, the miniaturization and integration of the optical
circuit is planned. This will involve refining the design to
reduce the size without compromising performance and
functionality.

Additionally, a feedback mechanism for the optical
output signal will be incorporated into the system design.
As aresult, a fully self-contained system will be realized,
with the potential to evolve into a flight-ready payload in
the future.

The power efficiency of the system will also improve with
further development. In our current free-space setup, energy
consumption is neglected for the time being.

Based on these developments, we aim to establish a
common usage of optical computing systems within the
space segment. The potential is enormous and must be
explored and utilized.
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