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How do we make our space + AI 
research open and ready for 
others?

Over the last year or so we have been 
asking ourselves this question...  

3) Do we need common 
quality standards? 

2) What do we mean by 
“AI ready”? 

1) How do we make ML 
+ science simpler  to 
reproduce?
   



1) How do we make 
ML + science 
simpler  to 
reproduce?   

But not just to 
reproduce...

TRUSTED ENOUGH TO 
BRANCH AND BUILD 
FROM. 
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Papers / GitLab Notebooks 
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SET-UP - CONDA 

TOOLING (and Tutorials) 

Example Notebooks 

RUNNING 

CONTRIBUTING

“Feature Branch Workflow” 

CONVENTIONS 

CODE STYLE  



But there is still a lot of value left on the table...



Best practices in sharing enhanced data products and machine 
learning algorithms: learnings from  Frontier Development Lab

Tools = “MLOps”

MLOps
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FDL TEAMS CONSTANTLY BUILD 
BESPOKE TOOLS TO SOLVE 
PROBLEMS.

WHAT IF WE COULD MAKE TOOLS 
FOR GENERAL PROBLEMS? 



What about a tool to reduce the effects of swath gaps in unsupervised Machine Learning?

Authors: Sarah Chen, Esther Cao, Anirudh Koul, Satyarth Praveen, Meher Kasam, Siddha Ganju



A swath filler can automatically make data closer to “AI readiness”  



“ML OPs” across 
entire workflows



“ML OPs” across 
entire workflows



2) What do we really mean 
by “AI ready” data? 



So the barrier to entry 
is already high. 

Space presents some unique challenges when it 
comes to Machine Learning and Data (the kind of 

things that aren’t in ‘ML for beginners’.) 



A curated,  global, multi-sensor, multi-spacecraft, ML-ready 
data stack consisting of 42 maps of various lunar orbiter 
physical measurements from 7 different satellites, 12 
different scientific instruments and over 25 years of 
observations. 

The data stack covers a wide range of frequency bands 
(microwaves to optical), included derived data products 
(such as rock abundance from thermal data) and topography 
information.  

Interpolated and aligned all layers onto a common equatorial 
map projection with 100x100m spatial resolution.

Data fusion (NASA, 
JAXA etc)  

Derived Data 
(physics models)

Aligned into a 
common projection

LUNAR DATA STACK 

+ Moved / Ingested to a common location “ETL” 

+ Structured 

+ Fused / calibrated 

+ Derived data integrated 

+ Aligned on common projection

“AI READY DATA” = HARMONIZED



“AI READY DATA” = HARMONIZED
Preparation requires a 
huge amount of domain 
knowledge

And is often a large 
investment in compute



 “AI READY DATA” = GLOBAL AND LABELED 

● WorldFloods contains 422 flood extent maps created 
either manually or semi-automatically, where a human 
validated machine-generated maps. 

● The dataset covers 119 floods events that occurred 
between November 2015 and March 2019. All maps are 
sourced from from three organisations: the Copernicus 
Emergency Management Service (Copernicus EMS), 
the flood portal of UNOSAT, and the Global Flood 
Inundation Map Repository (GLOFIMR). 

● A flood extent map is a vector layer (shapefile) derived 
from a satellite image with polygons indicating which 
part of that image has water (in some cases it 
distinguishes between flood water and permanent 
water and in other cases it does not). 

+ Aggregated 

+ Validation of machine generated maps

+ Labeled  (by hand) 

+ Metrics 

Labels are rarely complete 
(if they exist at all!) 



What if there’s no data in the first 
place? Like optical imagery inside a 
lunar PSR?  “AI READY DATA” = INFORMED BY PHYSICS 



FAIR data are data which meet 
principles of findability, accessibility, 
interoperability, and reusability.



All FDL’s AI ready 
Data and enhanced 
data in one place..

Digital Object 
Identifier 



3) Do we need common 
standards? 



Lunar thermal anomaly map. 



But how do we know the 
maturity of the outcome? (as 
opposed to validation on a test 
training set?) 



Best practices in sharing enhanced data products and machine 
learning algorithms: learnings from  Frontier Development Lab

MLTRL

Lavin et al

TECHNOLOGY READINESS LEVELS FOR MACHINE 

LEARNING SYSTEMS
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Communication of data sources, versions and 
assumptions.  MLTRL

Lavin et al



Teaching machines to learn, 
discover and make explainable 
decisions is a paradigm shift. 

Despite this, we aren’t (yet) 
acting like it is when we think 
about data... 
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Closing Thoughts...



And there is a reproducibility 
crisis in ML.  
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In the last 12 months, the same 
amount of ML research was 
published as in the prior 
decade...  

Citation impact has plateaued 
(but not in China1)  

Reproducibility is a strategic 
imperative. 

Meanwhile...

Nature: Transparency and Reproducibility in ML

https://www.nature.com/articles/s41586-020-2766-y

1. https://www.stateof.ai 2020

https://www.stateof.ai
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Which takes us back to our three questions: 

2) Do we need common 
quality standards? 

1) What do we mean by 
“AI ready” 

3) How do we make ML 
+ science simpler  to 
reproduce?
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Which takes us back to our three questions: 

2) Do we need common 
quality standards? 

1) What do we mean by 
“AI ready” 

3) How do we make ML 
+ science simpler  to 
reproduce?
   

Build Repos with easily accessible 
and documented AI ready data

Rally around shared ways of 
articulating project maturity

Capture value and democratize by 
taking the time (and finding budget) 
to build MLOPs as we go along.  

T
R
U
S
T
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Thank You

FDL.ai 
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BACKGROUND

AI Ready Data

Advantages of AI

ARTIFICIAL INTELLIGENCE 
RESEARCH FOR SPACE 
SCIENCE, EXPLORATION 
AND ALL HUMANKIND

 http://fdl.ai ML algorithms are great at finding  ‘features’ in data and 
using them to make predictions. However, they can also be 
misled by flaws. 

ML systems also have the power to fuse vast amounts of data 
into multi-dimensional stacks, and automatically decide which 
features are most important to the science.

Automatic Swath Filler

AI-ready data

Common language and 
quality standards

A validated framework 
of MLOps tools

ML systems can be rigid in how they accept data, which 
must be transformed into the right format. Supervised ML 
also requires labelled data with balanced properties.

WorldFloods

Common Standards
We have collaborated on 
a new ‘ML Technology 
Readiness Level’ that 
encourages development 
of robust, reliable and 
responsible ML systems. 

ML techniques like ‘super-resolution’ can encode prior knowledge 
of physics or data properties and use these to make predictions 
from sparse or incomplete data

The Moon for 
Good

ML-Enhanced SDO
Upscaled (super resolution) of 
the solar magnetic field to create 
40 years of data at contemporary 
resolutions. 

MLOps and Open, Reproducible Science

Scientific culture is moving to expose all steps in the investigation 
process - conception, investigation, experiment and reporting. 
We are developing a platform that supports these ‘open science’ 
goals to share data, algorithms, code and documentation.

The SpaceML.org  platform is offered as a repository of all FDL 
outputs, and as a resource to the scientific and ML community.

Advances in computing and machine learning (ML) are 
revolutionizing how we do science, opening up avenues of 
research that would have been impossible a few years ago. 
However ...

The opportunity cost to apply machine learning effectively can 
be high. ‘Garbage in, garbage out” applies equally ML and, if 
applied blindly, complex ML workflows can seriously 
exacerbate flaws in data. Finally, ML is sometimes regarded as 
a ‘dark art’ by non-practitioners and explaining why ML works 
can be difficult. 
However ...

During five years of FDL, we have learned the formula to 
overcome these problems:

http://fdl.ai
http://spaceml.org/


ABSTRACT

https://docs.google.com/document/d/1H9hpdI01Fqkn7ti1ebMlN-KM_lyquIpnl-7FizSUerc/edit

