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Abstract 

Core to the goal of increasing perception and autonomy capabilities in space missions is the development of 

techniques and standards to characterize the robustness and reliability of Artificial Intelligence (AI) sub-systems in 

flight and ground segments. Methods developed in the terrestrial sector, such as Machine Learning Operations 

(MLOps), incorporate the principles of Continuous Integration, Continuous Deployment, and Continuous Training to 

counter time-dependent errors such as domain shifts that emerge in operational AI systems. Mission Control, with the 

support of the Canadian Space Agency, is developing and launching Mission Persistence in 2025 to introduce and test 

new approaches to AI in space operations. Mission Control's technology demonstration will maintain onboard AI 

models in-orbit through the use of an MLOps pipeline in the ground segment that divides pre-production data and 

model elements from a production software environment that monitors model performance on newly acquired earth 

observation data and re-trains and deploys updated models. This system will be tested and characterized over the course 

of one year of operations and compared to the performance of static models that are left in their initial, pre-launch 

state. Through this in-orbit testbed Mission Control will pioneer new AI approaches to space operations for earth 

observation, rendezvous and proximity operations, and lunar surface missions. 

Keywords: Artificial Intelligence (AI), Machine Learning Operations (MLOps), Earth Observation (EO), New 

Observing Strategies (NOS), onboard processing, domain adaptation 

 

Nomenclature 

D = Domain of a generic feature and label space 

PD(X)= Marginal probability distribution of the Feature Space X in Domain D 

PD(X|Y) = Conditional probability distribution of the Feature Space X given the Label Space Y in Domain D 

REFLECTANCETOA = Reflectance measured at top of atmosphere 

X = Feature Space 

Y = Label Space   

 

Acronyms/Abbreviations 

AI = Artificial Intelligence 

API = Application Programming Interface 

CSA = Canadian Space Agency 

EO = Earth Observation  

ESA = European Space Agency 
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GradCAM = Gradient-weighted class activation mapping 

GSN = Ground Station Network 

HITL = Hardware in the Loop 

LCCS = Land-Cover Classification System 

MLOps = Machine Learning Operations 

MODIS = Moderate Resolution Imaging Spectroradiometer 

NOS = New Observing Strategies 

ORT = Onnxruntime 

TRL = Technology Readiness Level 

V&V = Verification and Validation 

 

1. Introduction 

The use of deep learning algorithms onboard space systems presents opportunities for new autonomous applications 

in both earth orbiting and deep space missions. These new opportunities, using onboard processing to circumvent 

limitations in bandwidth by processing data at the point of acquisition, are enabled by increased embedded computing 

power and the advent of new AI approaches centred around deep neural networks [1]. These advancements come with 

challenges related to robustness, integrity, and trust in an operational setting. The incorporation of neural networks and 

deep learning into space flight systems introduces new considerations around technical debt, infrastructure, and data 

and software validation and verification. These additional technical considerations, which can often be hidden [2], 

require new solutions to technical problems inherent in data-driven algorithms and new categories to classify the 

technology, such as the Machine Learning Technology Readiness Levels proposed by Lavin et al. [3] or the Space 

Trusted Autonomy Readiness Levels proposed by Hobbs et al. [4] to build robust and trustworthy solutions that can 

be used in operations. In this paper we describe how a Machine Learning Operations (MLOps) framework, which 

combines the core principles of continuous integration, deployment, and training, can stabilize performance variability 

in deep learning models deployed in the flight segment and describe its implementation in an upcoming earth 

observation satellite mission, Mission Persistence.  

In the introduction we provide a background review of the relevant literature on the advancement of AI-enabled 

satellites capable of providing New Observing Strategies (NOS) and the technical debt and domain adaptation 

challenges inherent in combing deep learning and satellite operations. In the Material and Methods, we describe the 

flight system design and operating procedure as well as an MLOps pipeline that can perform updates to machine 

learning payloads in space. In the Theory section we provide a mathematical description of a specific type of possible 

performance degradation, covariance shift, which in-orbit machine learning solutions are liable to experience. In the 

Results and Discussion, we show neural network model results on pre-launch data and discuss how the MLOps pipeline 

ensures continual training and redeployment of models to orbit, increasing overall robustness and reliability. In the 

Conclusion we describe the next steps for commissioning and operations and implications for missions beyond low 

earth orbit.   

 

1.1 AI-Enabled Satellites  

Chien et al. proposed the concept of a Sensor Web [5] – a distributed system of sensing nodes that are 

interconnected and capable of a more dynamic and real-time response than traditional Earth Observation satellite 

missions or constellations. The Sensor Web concept has evolved over the last twenty years as compute and sensing 

technology has advanced and it is complementary to the concept of New Observing Strategies (NOS) [6], [7], new 

methods and operations techniques that expand the art-of-the-possible for space-based EO systems. A subset of NOS, 

and an enabler for future Sensor Web concepts, are satellites that can host machine learning payloads within their flight 

software, which have shown significant promise in application areas like disaster response, such as flooding [8] and 

wildfires [9].  

These kinds of AI-enabled satellites, capable of running deep neural network inference within machine learning 

payloads, have been advanced through a combination of government agency and industry owned assets. The European 

Space Agency (ESA) has been on the leading edge of this latest generation of neural network enabled satellites 

including ɸ-Sat 1 [10], OPS-SAT [11], and most recently ɸ-Sat 2 [12]. The Australian Space Agency recently launched 

the Kanyini mission, which includes onboard neural networks trained for fire and smoke detection [13]. In the private 

sector examples include missions by KP Labs with Intuition-1 [14], OroraTech with FOREST-2 [9], and Ubotica and 

OpenCosmos with CogniSat-6 [15]. Rijlaarsdam et al. [15] provide a thorough chronology of autonomy and AI-

enabled earth observation satellite missions, including differences in deployed neural network applications, processing 

hardware, sensors, and communications links.  
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1.2 Machine Learning Systems and Technical Debt 

The introduction of deep learning technologies can create state-of-the-art solutions to problems in computer vision 

and pattern recognition. These achievements come at the cost of increases in the extent and depth of technical debt 

across software, data, serving infrastructure, and configuration management, much of which is beyond the scope of the 

machine learning model itself, and which can remain hidden until a point of failure emerges [2]. These challenges have 

led authors to analyse the traditional Technology Readiness Levels (TRLs) commonly used in space technology 

development and to propose new categories that reflect the additional considerations required for machine learning 

technology [3]. To sustain continuous and performant deep learning applications onboard a space mission requires 

flight and ground segment design that encompasses the data, infrastructure, and code management needed to keep ML 

solutions performant in operations. 

Within the data aspect, space missions often do not allow operators to capture fully representative training datasets 

for deep learning models until commissioning and operations, leaving the use of simulated or synthetic data as the only 

viable option for model training during pre-launch development and Verification and Validation (V&V) activities. The 

jump from pre-launch data to operational data is likely to encounter known problems in domain adaptation for machine 

learning models, such as changes in noise or atmospheric conditions as studied by Nalepa et al. [14]. These effects are 

not unique to deep learning in space-based EO and are observed in fields such as medicine, for example when model 

outputs vary based on changes in the underlying statistics of the patient distribution, or changes in sensor type, 

modality, or calibration [16]. In the field of deep learning inference for space-based earth observation and space 

missions there are open questions about the impact of these domain adaptation challenges. We propose MLOps as a 

solution, which enables the automated re-training, re-deployment, and continuous monitoring of deep learning 

algorithmic performance onboard spacecraft during operations. We will test and validate this approach as part of 

Mission Persistence, a 6U CubeSat being built by Spire Global, which will host Mission Control machine learning 

payloads and be supported during operations by an MLOps pipeline in the mission ground segment.  

 

2. Material and methods  

 

2.1 Space System Design 

Figure 1 shows the flight payload design and ground flight interface for Persistence. Spire provides ground and 

flight interfaces to task the payloads onboard the satellite via a tasking application programming interface (API). The 

API provides interfaces for determining satellite availability windows and supports tasking of different executables 

onboard the satellite. The Payload Executable (payload_exec), which runs on a Xilinx Ultrascale+ System-on-a-Chip, 

is responsible for the initial setup and execution steps when tasking windows are received. It handles the transfer and 

extraction of data that was uploaded to the satellite as well as calling the subsequent executables specified for the 

window. Machine learning model weights within the payload are designed to be updated during flight. 

 

 
Fig. 1. Persistence flight payload design (left) and Persistence ground-flight interface (right). 

 

The primary EO imaging payload is a Dragonfly Gecko*. The Persistence application (payload_app) handles 

imaging requests as well as the image preprocessing and inference using user specified neural network models. The 

payload supports both segmentation and classification models and the use of onnxruntime (ORT) enables support of a 

 
* Gecko Imager - Dragonfly Aerospace 

https://dragonflyaerospace.com/products/gecko/
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variety of model architectures. The payload also supports models that have been optimized through pruning or 

quantization. The payload is called using a payload config which specifies the imaging parameters as well as which 

model metadata file to use for inference and any other preprocessing parameters. The imaging side of the payload app 

calls the Gecko imager. The inference side uses the model details specified in a metadata file to setup the ORT inference 

engine and load neural network models. It also applies any preprocessing such as tiling or normalizing to the images 

before running model inference. The payload_app can be updated post launch with the update process described in 

section 2.1.2. 

 

2.1.2 Planned Operations Cycle 

Figure 2 depicts the four distinct phases of Mission Control operations of the satellite. During uplink, a tasking 

window is created on the ground and transmitted to the satellite using the Spire Ground Station Network (GSN). The 

window configuration file dictates the payload tasking for the next operating period. The first payload task is an 

imaging session which collects images of Earth’s surface and stores them for downlink and data processing. Onboard 

processing takes place following an imaging session and is broken down into separate image preprocessing and neural 

network model inference steps. The model outputs provide the satellite with metadata which could be used for satellite 

optimization and operations. The images and metadata are transmitted to the Spire GSN and into the MLOps pipeline 

in the ground segment for storage, analysis, and model retraining. 

 

 
Fig. 2. Mission Persistence operations cycle. 

 

A key component of MLOps is updating the model weights in flight on a regular basis in response to changes or 

degradation in performance. To optimize the use of limited uplink bandwidth, patch files are used to reduce the upload 

size required by only updating the parts of the model weights that changed between the different iterations. The steps 

given below can be used for updating models, metadata files or any other component of the payload application. 

1. Create patch files for the files to patch, on the ground. 

2. Post upload of patch files. 

3. Create window to apply the patches. 

 

2.2 MLOps Pipeline 

Figure 3 showcases the design of the MLOps pipeline embedded in the Persistence ground segment. This design is 

an evolution of Mission Control’s previous system [17] used to fly neural network models on OPS-SAT [18] and to 

lunar orbit [19]. This design is broken down into three main segments: Data, Models, and Production. Each segment 
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is designed to facilitate the rapid and reproducible processing of data and supports the capability to provide neural 

network updates to maintain model performance across the mission lifecycle. 

 

 
Fig. 3. High level design of the MLOps pipeline. 

 

The Data segment ingests new datasets and inbound data streams from relevant missions. Datasets are stored either 

as raw, cleaned, or labelled in an S3 bucket. The Data segment includes data analysis tools, preprocessing, and labelling 

tools. 

The Models segment handles training, model evaluation, and architecture definitions. Storing all model-related 

tools in one place allows operators to quickly produce new and tuned models. This segment’s primary output is trained 

models with traceable training logs, validation metrics, relevant metadata, and trained model checkpoints at each 

epoch. Third party tools are used for training monitoring and provide insight into training metrics such as loss, 

accuracy, learning rate, and intersection over union for training and validation data.  

The Production segment interfaces with prepared models and metadata for payloads. Models at this stage are stored 

in a model registry bucket along with metadata files tailored to each mission payload. Production verifies model 

performance on representative hardware in the form of a development board and characterizes model decay using a 

model monitoring S3 bucket and interface.  

 

2.2.2 Dataflow 

The MLOps design provides flexibility in the operation order to accommodate for use cases such as data analysis, 

model experimentation and data repurposing. Despite this, the primary dataflow path for training a flight model from 

raw data is straightforward.  

1. Clean the raw data and transfer cleaned images to the cleaned section of the Data Lake. 

2. Assign ground truth labels for supervised learning, using either human labels or model generated pseudo 

labels. 

3. Human review of the ground truth and transfer of approved ground truth labels to the appropriate section 

of the Data Lake. 

4. Split the labelled dataset into test, validation, and training and generate manifests using the data loader. 

5. Train and tune new models for flight deployment. 

6. Compile the best performing model to be compatible with the flight payload inference tools. 

7. Complete validation and verification testing (V&V) using hardware in the loop testing. 

8. Stage the new model with the required model metadata files and add it to the Model Registry so it is 

accessible by the flight deployment team. 

 

2.2.3 Deployment and Verification and Validation  

To ensure that quality model products are provided to flight and ground systems, a detailed V&V process is 

followed before adding a model to the Model Registry. The V&V workflow consists of a series of tests that ensure the 

models produced by the MLOps pipeline will perform over the mission operation period. 

1. Dataset Validation: 
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a. Dataset Similarity: Check that the training dataset covers a similar spatial resolution, pixel resolution, 

product processing level, satellite altitude, and satellite orientation as the Persistence Satellite. 

b. Class Representation: Confirm that the training set contains all Persistence target classes. 

2. Model Verification and Validation: 

a. Model Evaluation: Using traditional ground truth evaluation, the model must achieve a designated 

accuracy. For Persistence this is 70%. 

b. Domain Shift Resistance: Evaluate the model on a small dataset from another satellite with a Gecko 

Imager to characterize the model’s response to the domain shift. 

c. Long-term Simulation: By splitting the dataset into blocks, we can represent periods of additional 

data being gathered over the course of the mission. By training a model on the first n blocks and 

evaluating it on the n+1 block, we can simulate the retraining process as new data enters the training 

set. The model must plateau above 70% accuracy for Persistence models. 

d. Hardware In the Loop (HITL): Using a representative hardware environment and the newest version 

of the flight software payload, the model must be able to run inference on a testing dataset. 

 

3. Theory 

 

3.1 Domain Shifts 

Domain shifts that can affect the performance of a machine learning algorithm come in several varieties, 

including prior shift, concept shift, and covariate shift [16]. The primary domain shift addressed by the design of the 

MLOps pipeline is covariate shift, which can be described as follows. We consider a domain D with a Feature Space 

X and Label Space Y. Onboard processing algorithms seek to successfully map elements of the Feature Space to the 

Label Space X → Y. Pre-launch data used for training models before flight is drawn from a domain P while the target 

domain during operations is O. Covariate shift occurs when the marginal probability distribution of the feature space 

between the pre-launch and operations environment is not equivalent but the conditional probabilities of the label 

space between pre-launch and operations is, as captured in Equation 1 and 2:   

𝑃𝑃(𝑋) ≠ 𝑃𝑂(𝑋)                 (1) 

but 

𝑃𝑃(𝑌|𝑋) = 𝑃𝑂(𝑌|𝑋)                 (2). 

 

3.1 Domain Adaptation and MLOps 

Causes of covariate shift include switching imaging modalities, changing sensors within the same sensor 

modality, or evolution or changes in the population under study. The purpose of domain adaptation is to compensate 

for discrepancies introduced by any or all of these causes. MLOps enables model weights to respond and learn about 

the evolution in the distribution of earth observation data taken over the mission, starting with rectifying 

discrepancies between the feature space in the pre-launch and operations domains but then extending as the 

operations domain evolves throughout the mission lifetime. A MLOps pipeline helps achieve domain adaptation by 

continually correcting for time dependent differences in the marginal probability distributions between model 

training and testing environments. 

 

4. Results and Discussion 

4.1 Pre-launch Training Data 

Prior to launch, representative earth observation data from ESA’s Copernicus program was used to characterize the 

behaviour of the MLOps pipeline and train machine learning models for deployment in the payload software at launch. 

ESA’s Sentinel-2 dataset is one of the most comprehensive, public EO datasets covering all parts of the world [20]. 

The Sentinel-2 data from SEN12MS [20], [21] is the primary dataset used for the pre-launch training of Persistence 

models. SEN12MS is a dataset that combines multiple EO datasets for land-cover classification over four 

meteorological seasons and several classes. We extracted only the Sentinel-2 and Moderate Resolution Imaging 

Spectroradiometer (MODIS) derived Land-Cover Classification System (LCCS) data as it is the most representative 

of our satellite environment and use case. MODIS derived LCCS is a comprehensive dataset that contains land-cover 

classifications of the Sentinel-2 images and provided approximate ground truth for image classification tasks. These 

images were specially curated to avoid cloud cover images, however, since Persistence models will be run in flight, 

they need to classify images with high cloud cover. To fill this gap in the training data, we collected an additional 9714 

tiles of size 256x256 that were hand selected and labelled from the Copernicus browser [22] to make up the cloud 

class. Lastly, a snow class was curated from living atlas’s Sentinel-2 explorer [23] consisting of 2953, 256x256 pixel 
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tiles. To closely resemble the data received from the Gecko imager, all training data is derived from Sentinel-2 L1C 

products. To convert the spectral imagery bands to true colour images, we started by applying Equation 3 to calculate 

top-of-atmosphere reflectance: 
𝐷𝑁

10000
= 𝑅𝐸𝐹𝐿𝐸𝐶𝑇𝐴𝑁𝐶𝐸𝑇𝑂𝐴                 (3). 

From there to convert the data into 8-bit unsigned integers representing RGB values we applied Equation 4: 

𝑇𝑟𝑢𝑒𝐶𝑜𝑙𝑜𝑟𝑅|𝐺|𝐵 = 𝑐𝑙𝑎𝑚𝑝(𝐴 ⋅ 𝑅𝐸𝐹𝐿𝐸𝐶𝑇𝐴𝑁𝐶𝐸𝑇𝑂𝐴 ⋅ 255)                 (4). 

Here, A is a gain that was found to be roughly 2.5 to make the RGB values in our L1C True Colour Images. These 

equations were derived from the expected range of Sentinel-2 optical band values [24]. After manually filtering out 

any solid black or white images, we were left with a pre-launch dataset of 189,159 256x256 RGB True Colour Images.  

Clustering methods were used to attempt class definitions, however the pretrained models failed to sufficiently 

separate classes. This led us to use MODIS LCCS data to define our labelling taxonomy. Eleven class labels were 

defined for an image classification task wherein each of the 256x256 pixel image tiles would be assigned a class label 

by a representative onboard neural network. A comparison of different architectures for both floating point and fixed-

point quantized models led to the choice of a MobileNetv3 backbone [25], with overall accuracy on the test set of 

86.9% and strong performance across all classes, as captured in the normalized confusion matrix in Figure 4.    

 
Fig. 4. Confusion matrix results for the pre-launch model on a Sentinel-2 image classification task. 

 

Further insight into classification model outputs on individual image tiles was gained through the application of 

saliency maps via gradient-weighted class activation mapping (GradCAM) [26], an explainable AI technique to aid 

machine learning operators in understanding what features the model uses to discern classes in classification tasks. In 

Figure 5 we show the results of using GradCAM on an image with the ground truth label ‘water’ to create a heatmap 

of which features the model identifies as predicting the presence of water. We can query the model to identify which 

features it assigns as urban. The two heatmaps are inversed as expected and the strength of the water saliency map 

matches the model output and the ground truth. 
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Fig. 5. Saliency maps for Urban class (left) and Water class (right) on the same input image. 

 

4.2 Simulated long term model performance and covariate shift 

To evaluate potential long term model performance and the efficacy of retraining the model over time to counteract 

the effects of time-dependent covariate shift, the SEN12MS dataset was split into 4 “learning blocks”, each block 

consisting of data from different seasons of the year split into 80% train, 10% validation and 10% test data. Initially 

the model was trained on the first block only, it is then evaluated on the first block and the second block (Block 1, 

Table 1). The model is then refined using the training data of the second block and is evaluated again on the second 

block’s and third block’s test data (Block 2, Table 1). This is then repeated for the other two blocks, with the last one 

not possessing a “future” block for retraining. 

 

Table 1. Accuracy results on multiple long-term blocks of imagery with models updated by MLOps. 

 
 

Table 1 shows that model performance is improving over time as it is trained on the new data of the next block. As 

expected, the test accuracy of the next block is decreasing between block 1 and 2, the increase when moving to block 

3 can likely be explained by the fact that the data used is not a true temporal dataset and that after completing the third 

data block the model has seen 75% of the training data and was able to generalize more broadly. 

 

5. Conclusions  

We have developed and tested an MLOps pipeline ground segment to support a flight segment that contains 

multiple machine learning flight payloads that will operate for at least one year on a 6U Cubesat. Using Sentinel-2 

data prior to launch we trained an image classification model and deployed it to the onboard flight computer after 

rigorous HITL testing and V&V of the model performance via a combination of clustering, saliency maps, class-

based metrics such as confusion matrices and an experiment that partitioned the training data into simulated temporal 

blocks to measure the MLOps pipeline’s ability to compensate for covariate shift effects which could lead to model 

degradation. Launch of Mission Persistence is scheduled for June 2025 and during on-orbit commissioning and 

operations we will compare the performance differences between neural networks that are updated via the MLOps 

pipeline retraining on newly acquired data and static benchmarks models whose weights are frozen after the 

commissioning phase. 

The MLOps framework here has potential to evolve into future space system architectures and novel observing 

strategies, such as the use of space-based data centres to host the training hardware [27] or the potential for in-orbit 

training on the satellite itself [28]. Beyond low-earth orbit, such as autonomous operations in deep space where 
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training data may not exist until operations commence, MLOps can be a key enabler of rapidly increasing deep 

learning model performance and perception and autonomy capabilities during mission operations. The move towards 

increased onboard autonomy [29] creates new mission profiles in NOS EO systems, space biology self-driving labs 

[30], and planetary science [19]. Future work will attempt to quantify the impact of MLOps in addressing covariate 

shift in operations and to extend its applicability to other types of domain shift to increase the robustness, resiliency, 

and trustworthiness of onboard deep learning applications in space missions. 
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