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Future space missions require more autonomous capabilities. Modern autonomy-enabling 

software, such as deep learning algorithmic approaches, offers the potential to enhance 

current and future missions but only if these algorithms can be matched to the constraints and 

requirements of flight hardware, including limited size, weight, power, memory, and radiation 

tolerance. An important option to accelerate the deployment of deep learning onboard is the 

hybridization across software and firmware in embedded flight computers. In this paper we 

present one of the first cases of hybridization of a convolutional neural network in space, 

validated onboard ESA’s OPS-SAT with the SmartCam convolutional neural network. We 

use a custom compiler and runtime designed to deploy neural networks across different 

hardware targets for space missions and implement a generic matrix multiplier to execute 

multiply-accumulate cycles from the SmartCam architecture on the onboard field 

programmable gate array (FPGA). We demonstrate identical output classification 

performance between the original and hybridized implementations of SmartCam with one 

hundred images taken in orbit. 

I. Introduction 

As humanity ventures further into deep space, not just to explore but to inhabit, our space systems will require 

more autonomous capabilities in and beyond earth orbit. The Global Exploration Roadmap (GER) [1], [2] describes 
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the joint plans of dozens of space agencies across the globe to create the space exploration and infrastructure necessary 

to explore, live, and work in deep space. To accomplish these plans requires greater autonomous capabilities for 

remote sensing, planetary science, station keeping, and other activities as captured by the GER Critical Technology 

Needs [3] such as GER-020 Robots Working Side-by-Side with Suited Crew or GER-021 Autonomous Vehicle 

Management Systems. Machine learning techniques, including deep learning and reinforcement learning, are currently 

the state-of-the-art artificial intelligence technologies for enabling these autonomy capabilities in spacecraft systems. 

The Machine Learning Technology Readiness Levels (ML-TRL) [4] describe unique challenges associated with 

stewarding machine learning based technologies, including management and maintenance of data, models, and 

software. In spacecraft flight systems, size, weight, radiation, bandwidth, and power constraints create an additional 

unique set of requirements [5]. Examples of successful AI for enabling spacecraft autonomy include the AutoNav, 

OnBoard Planner, and AEGIS system on NASA’s Perseverance [6], ESA’s OPS-SAT Earth observation SmartCam 

model [7], [8], ESA’s Ф-sat-1 hyperspectral cloud segmentation model [9], Palantir’s onboard ship detection and 

segmentation models [10], Mission Control’s own MoonNet model [11], and the WorldFloods model deployed by 

Trillium Technologies and ESA Ф-Lab as an ML payload on the D-Orbit Wild Ride mission [12]. With additional 

onboard AI planned, such as onboard the International Space Station [13] or ESA’s CHIME mission [14], there is a 

need for platform-agnostic software tools that can robustly deploy neural network deep learning models on spaceflight 

computers. To that end, Mission Control has developed a flight deployment software tool, the Spacefarer AI 

Deployment Toolkit, and tested it on multiple operational space platforms. 

In this paper we present Mission Control’s flight deployment software for commissioning and running deep 

learning models to add new autonomy capabilities to spacecraft, a crucial component of our larger deep learning 

pipeline [11]. Our model for deployment uses a custom multi-stage neural network compiler and runtime environment 

that supports the Khronos Group Neural Network Exchange Format (NNEF) format [15] to deploy lightweight, robust 

convolutional neural networks (CNN) onboard systems-on-a-chip (SoC) on embedded flight computers. The need to 

build our own neural network deployment tools specifically for spaceflight was driven by two different flight 

technology demonstrations, the deployment of the MoonNet CNN onboard the ispace HAKUTO-R mission that 

launched December 11th, 2022 with an onboard Xilinx Zynq 7020 system-on-a-chip (SoC) and the subject of this 

paper: our flight demonstration on ESA’s OPS-SAT in low-earth orbit, which was performed in August of 2023 using 

an Intel Cyclone V onboard SoC. Intel and Xilinx have their own, manufacturer-specific deployment tools, OpenVINO 

and VitisAI respectively, however a trade-off analysis demonstrated that building a hardware agnostic software tool 

specific to the needs of space applications, which we call the Spacefarer AI Deployment Toolkit, would reduce the 

complexity of supporting multiple neural networks deployments across multiple flight demonstrations and hardware 

targets. We showcase the effectiveness of this approach by describing the path to validate and deploy a hybridized 

Spacefarer AI version of the SmartCam image classification CNN [7] across the CPU and FGPA of the OPS-SAT 

Satellite Experimental Processing Platform (SEPP) and compare the results to a pure Spacefarer AI CPU 

implementation. As noted by Furano et al. [5], space data processing systems often employ FPGAs for algorithmically 

intensive processing because compared to terrestrial commercial-off-the-shelf (COTS) components like CPUs, 

Graphics Processing Units (GPUs), or Vision Processing Units (VPUs) they offer better radiation tolerance and can 

significantly increase the performance per watt. Previously, Abderrahmane et al. [16] demonstrated the use of Spiking 

Neural Networks (SNNs) onboard OPS-SATs FPGA while Lemaire et al. [17] tested spiking, fully connected, and 

convolution architectures. To the author’s knowledge this makes the current work one of the first times a hybridized 

CNN has been flown in low earth orbit. Figure 1 shows the essential workflow elements of the experiment to hybridize 

SmartCam and test the CPU-only implementation against the CPU & FPGA implementation in orbit. 
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Figure 1: Set up of the deployed OPS-SAT experiment, which compared runtime performance between a 

pure Spacefarer AI CPU implementation of the SmartCam CNN to a hybridized implementation that used 

the CPU and FPGA of the Cyclone V SoC. 

OPS-SAT is a 3U nanosatellite owned and operated by ESA, with the purpose of demonstrating technological 

firsts in-orbit, including in AI and autonomy for mission operations. Once launched in December 2019, OPS-SAT 

could perform experiments proposed by ESA members, including academia and industry entities within member 

countries. OPS-SAT uses a convolutional neural network called SmartCam to ingest data from a three-band, optical 

sensor onboard and classify incoming imagery as “Earth”, “Edge of Space”, or “Bad” to give an indication whether 

an image should be prioritized for downlink or not, forming the first use of AI by ESA for onboard scheduling on a 

mission in flight [7], [8]. The experiment to develop and hybridize SmartCam occurred from 2022-2023, cumulating 

in a flight demonstration in August 2023. 

II. Experimental Methodology  

 

FPGAs offer a balance of reconfigurability, generalizability, and utilization efficiency but FPGA deep learning 

frameworks are still in their infancy [18]. Our hybridized neural network FPGA implementation advances how AI, 

and in particular CNNs, can be deployed on spacecraft using NNEF, an open and standard data format for exchanging 

information about trained neural networks. To develop the experiment, we undertook a series of steps on a MitySOM 

development board, which also uses the Cyclone V SoC, to characterize the SmartCam model operations and design 

a Generic Matrix Multiplier (GEMM) algorithm that can effectively hybridize the SmartCam model. The first analysis 

step consisted of evaluating two aspects: (1) how the number of MACs (multiply-accumulate cycles) is distributed 

across the layers on the network, and (2) the memory requirements for the operands and results of each layer. The 

computational requirements of networks are usually measured in MACs as they are the basic arithmetic operation 

which composes a convolutional layer. Convolutions usually account for 90% or more of the MACs on CNNs, and 

such MACs occur by repeatedly accessing the same elements on input feature maps and filters. This means that a 

significant number of arithmetic operations occur across the same elements. FPGAs can perform many arithmetic 

operations in parallel, but to do this efficiently, the data must generally be in on-chip memory inside the FPGA. This 

memory is typically limited in size, and indeed is only given by at most 553 M10K blocks for the Cyclone V on OPS-

SAT. Therefore, we concluded that the operations that entail performing a high number of arithmetic operations on 

top of limited amounts of memory, such as convolutions, are the ones with the highest potential for performance gains.  

This analysis resulted in limiting the FPGA-accelerated network operations to convolutional layers.  

Figure 2 depicts the hybridization of the SmartCam model on a high level, showing which layers are being sent to 

the GEMM and which are run on the CPU. We report the results of stepwise performance testing of this 

implementation on development boards and Engineering Models, comparing the accuracy, precision, and average 

elapsed time and CPU time of the pure CPU implementation to the hybridized CPU and FPGA approach, using a 

dataset of one hundred OPS-SAT images labelled as ‘Earth’, ‘Edge’, or ‘Bad’ by the SmartCam model. We also report 

D
ow

nl
oa

de
d 

by
 A

nd
re

w
 M

ac
do

na
ld

 o
n 

O
ct

ob
er

 2
5,

 2
02

3 
| h

ttp
://

ar
c.

ai
aa

.o
rg

 | 
D

O
I:

 1
0.

25
14

/6
.2

02
3-

47
18

 



   

4 

 

results for the flight experiment onboard the spacecraft, to our knowledge one of the first implementations of a 

hybridized convolutional neural network implemented on a spacecraft, which additionally relied on orbital planning 

and capture steps to acquire and process new images in near-real time. 

 

 

Figure 2: Model layer CPU/FPGA selection demonstrating how the convolution operations of SmartCam are 

identified and run on the FPGA via the GEMM, rather than the CPU. 

 

The general information flow and decision-making of the GEMM is given in Figure 3, showing the logical flow 

for two matrices A and B. Due to the limited on-chip size only one matrix is loaded into memory while the other is 

being streamed in, column by column, to perform the matrix multiplication. The output column is then streamed back 

to external memory.  

 

 

Figure 3: Matrix multiplication software flow. 

A stylized view of the matrix multiplication process from the FPGA’s perspective is shown in Figure 4. The rows 

of Matrix A and columns of Matrix B are combined to create a stream of output columns that comprise the output 

matrix. Performing this process with many of the core matrix multiplications across the SmartCam model, which uses 

the MobileNetV2 backbone [19], the hybridized scheme is executed with part of the neural network operations running 

on the Cyclone V CPU and part on the FPGA. 

D
ow

nl
oa

de
d 

by
 A

nd
re

w
 M

ac
do

na
ld

 o
n 

O
ct

ob
er

 2
5,

 2
02

3 
| h

ttp
://

ar
c.

ai
aa

.o
rg

 | 
D

O
I:

 1
0.

25
14

/6
.2

02
3-

47
18

 



   

5 

 

 

Figure 4: GEMM data flow. 

III. Results & Discussion  

 

In this section we present the sequence of steps that led to the in-flight run of the experiment, and the obtained 

results. As noted by Lavin et al. [4] and Mateo-Garcia et al. [12], machine learning payloads for spaceflight are subject 

to additional requirements to ensure robustness and reliability, due to their complex reliance on both data and software. 

Validation and verification processes for machine learning payloads are still being established and this paper highlights 

the methodology we successfully used to deploy our hybridized machine learning payload to a flight demonstration. 

It is important to note that this process was executed while OPS-SAT was already in orbit, making it distinct from a 

process developed from pre-flight mission requirements. Four stages were executed sequentially, with increasing 

levels of complexity, as illustrated in Figure 5. During experiment development, any changes triggered the creation 

of a new release and a return to the initial stage for validation across the whole chain. The stages can be described as 

follows: 

 

• Breadboard Model stage: the experiment was initially run using a development board based on the 

MitySOM system-on-module. A test dataset was used at this stage given the lack of an integrated sensor to 

provide relevant images. 

• First Engineering Model stage: once validated on the breadboard model, the experiment was then run on 

the flatsat provided by ESA using the same test dataset. 

• Second Engineering Model stage: after validation with the test dataset, the experiment was run on ESA’s 

flatsat using the flatsat camera. While the images were not relevant in terms of model performance 

evaluation, this extra stage allowed validation of the interface with the satellite’s camera. 

• Flight Model stage: at the final stage, the experiment was run on the satellite using data captured from the 

camera in flight. D
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Figure 5: Stages leading to in-flight experiment. 

A. Test Dataset 

 

To validate the experiment software across the multiple stages leading to the in-flight experiment, a test dataset 

was created using images previously captured by OPS-SAT and made available by ESA. A set of 100 random images 

was sampled from the labeled thumbnails provided by ESA and used to compare the results obtained by different 

implementations of the SmartCam model. Test runs using the test dataset were successful, obtaining similar results 

compared to what was obtained during the in-flight experiment (see Model Performance section). 

B. Spacefarer AI CPU and FPGA Use 

 

Using the test dataset, two different versions of the experiment were run on ESA’s engineering model of OPS-

SAT (flatsat): one using only the CPU for the convolution layers and one hybrid version using the FPGA to compute 

some of the convolution layers. The results in Table 1 show that an amount of CPU offloading was achieved in the 

hybrid version versus the CPU-only implementation. For a similar elapsed inference time averaged over all the 100 

images, the average CPU time measured by the operating system was lower in the hybrid version compared to the 

CPU-only version of the experiment. When using the hybrid version, that represents additional computational 

capability available for other processes that might be running on the CPU. 

 

Table 1: CPU and FPGA use measurements. 

Implementation Average Elapsed Time (ms) Average CPU Time (ms) 

Spacefarer AI CPU 8644.13 8260.88 

Spacefarer AI Hybrid 

(CPU+FPGA) 

8625.95 8034.41 

 

C. Model Performance 

 

After validating the FPGA operation and confirming CPU offloading on the engineering model, the in-flight 

experiment was run in August 2023. A total of 100 images were captured and processed in orbit by both the hybrid 

implementation and a SmartCam implementation using TensorFlow Lite equivalent to the one originally used by ESA 

[7]. The goal was to verify the model outputs in both implementations, and the results show that the hybrid 
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implementation using the FPGA yielded the same output classification results as the TensorFlow Lite implementation. 

As seen in Table 2, both implementations predicted the exact same classes, with a minimal deviation in the average 

negative log likelihood (NLL) loss computed for both models over 100 images. Figure 6 shows some of the images 

captured during the in-flight experiment. 

 

Table 2: Model output comparison between hybrid and TensorFlow Lite implementations. 

Implementation Accuracy Precision Sensitivity Specificity F1 Score Avg. Loss (NLL) 

TensorFlow Lite 98% 0.98 0.55 0.78 0.99 0.201807 

Hybrid (CPU+FPGA) 98% 0.98 0.55 0.78 0.99 0.201811 

 

 

 

Figure 6: Images acquired by ESA’s satellite OPS-SAT during Mission Control’s experiment and processed 

by the Spacefarer AI hybridized SmartCam onboard the satellite. Output classification labels between ESA’s 

original SmartCam and the hybridized SmartCam agree across all images acquired. 

IV. Conclusion 

Spaceflight missions provide an ideal use case for enhanced autonomy given their distance from earth, their 

tendency to explore new and unknown environments, and the comparative difficulty of sending humans outside of 

earth’s atmosphere. A challenge to enabling greater autonomy on spaceflight computers is the unique and often 

harsh environments in which they operate,  their limited memory and power compared to compute available 

terrestrially, and the need to use software tooling specific to the embedded target hardware and mission. In this work 

we detail the steps to validate and fly a hybridized neural network using the Spacefarer AI Deployment Toolkit, 

which was designed with a hardware-agnostic intent to support embedded targets from multiple manufacturers and 

has now been used to deploy neural networks into low earth orbit and for a lunar demonstration. Within the context 

of the Deployment Toolkit, we demonstrate the potential for hybridization to free up the CPU of an SoC by moving 

MAC operations to the FPGA firmware. We believe hybridization is a potential tool to address onboard compute 

challenges and unlock autonomous capabilities. The hybridization of SmartCam onboard OPS-SAT provides a 

baseline that can be combined with other techniques such as onboard training [20], knowledge distillation [21], and 

different learning models [22]. 
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