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Data – all the time – everywhere on earth and in space

• Scalable machine assistance is 
needed to help humans in the 
discovery process

• Overcome human cognitive limits 
through algorithmic support

• Scientific discovery process = search 
process across multidimensional data

• Scientific question answering 
à matching theory variants to 

empirical data sets

Software-based 
Instruments / Backends
• Algorithms
• Parallel Computing
• Search, Classification
• Signal Processing
• Imaging
• Simulations
• Software Engineering
• Data Mining



Victor Pankratius  – AIST   NNX15AG84G3

Computer-Aided Discovery

Signals

Data Exploration, Analysis, Mining

Data

Discovery and Insight Generation

“Syntax”

“Semantics”

“Pragmatics”

Semiotic Layers

Numbers correctly encode 
actual measurements

“This is feature X”

• What does feature X imply? 
• How does it fit into the theoretical context? 
• Does it contradict or confirm established models?

Real-World Phenomena

ACI, PI Pankratius
1442997

Challenge
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Computer-Aided Discovery: Overview

S o u rc e : flic k r/ I B M

Empirical 
Data

Theory

Instrument 1 Instrument 2

Data 
/Compute 
Center

ScientistCloud-Based Analysis Interface

Search results – would you like 
to find more like:

Gather scientist’s feedback
Model 1 Model 2 Model 3 Model 4

“physics”

Artificial 
Intelligence
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Example: Impact of Choice of Processing Workflows

• Choice of workflow 
processing parameters 
can affect the visibility 
and discovery of 
interesting phenomena

Figures showing geophysical phenomena (global TEC views) 
over the northern hemisphere on 2014-02-27, P. Erickson)



Victor Pankratius  – AIST   NNX15AG84G6

Computer-Aided Discovery: Conceptual Approach

Theory	
Representation	

Space
Problem
Space Synoptic	Model	

Representation

Domain	rules
Constraints
Settings
Inputs/outputs

Empirical	Evaluation	Space

Theoretical	 Model	Variant	1

Theoretical	 Model	Variant	2
...

Theoretical	 Model	Variant	n

1				2				...Data	Set

Feedback/
Refinement/		

Insight

Sub-
Model	1

Sub-
Model	2

<<contains>>

Refinement	1

<<optional	>>

A1 A2

<<alternative>>

Basic	
Model

Parameters	a:	Range	[30..40],		b=5
Preprocessing:	Algorithm_2

Parameters	a:	Range	[1..10],		b=0
Preprocessing:	Algorithm_1
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Computer-Aided Discovery: Infrastructure
ScientistCloud-Based Analysis Interface

Web Service 
APIs

Direct service 
integration into 

other tools

- Computer-Aided 
Discovery Engine

Service Layer

- Generate 
compute jobs

- Move 
computation to 
data locations

Data & Compute Cloud

Data 
Integrators,
indexing, etc.

“Sensors”

Execution 
Crawlers
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Application Examples
Geoscience / Volcanics

Variants of earth deformation models
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Variants of magma source models
(5 different source model inversions)

[J.Li, C.Rude, D.Blair, M.Gowanlock, T.Herring, V.Pankratius. Journal of Volcanology and Geothermal Research, 2016]
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Volcanics: Event Discovery Pipeline

(2) Trend Filter
remove linear

and annual trend

(1) Volcano Selection

Pipeline Synoptic Model

Pipeline Instance

(b)

(a)

Volcano
Locations :

Search
Radius:

54.76°N
163.97°W

54.52°N
164.65°W

54.13°N
165.99°W

54.36°N
153.44°W

1 km

15 km

50 km

(4) Kalman Filter
Params: τ=120,

σ2=4, R=1

Parameter
Choices:
 • τ  = 1... 500
 • σ2= 1... 100
 • R = 1... 100

Parameter Choices:
 • n = 1... # stations
 • dates
 • dN, dE, dU

(5) PCA
Params: n=3,
dates, dN+dE

(3) Snow
Removal

(7) Plotter Tool
geographical plot
of PCA and Mogi

(6) Source 
Inversion

uses PCA, type Mogi

.

.

.

.

.

.

(2) Trend Filter

Remove 
Linear Trend

Remove
Annual Trends

Kalman
Filter

Median
Filter

PCA ICA Mogi
Source

Sill
Source

Closed
Pipe

Source

Open
Pipe

Source

Finite
Sphere
Source

(1) Data Generator
(Site selection configuration)

(4) Denoising
(3) Snow
Removal

(5) Variance
Analysis

(6) Source
Inversion

(7) Output and
Visualization

alternative alternative alternatives
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Volcanics: Validation of Methodology – Example
Comparison of our results (left) with Ji&Herring 2011 (right)

165

166.1°W 165.9°W 165.8°W 165.7°W

54.0°N

54.1°N

54.2°N

Akutan Volcano

15

km

AV06
AV07

AV08

AV10

AV12

AV14

AV15

20%

Sep
 2

00
7

N
ov

 2
00

7

Ja
n 

20
08

M
ar

 2
00

8

M
ay

 2
00

8

Ju
l 2

00
8

Sep
 2

00
8

N
ov

 2
00

8

−10

0

10

A
m

p
lit

u
d

e
 (

m
m

)

Horizontal Principal Components

Model Displacement
PCA Displacement



Victor Pankratius  – AIST   NNX15AG84G11

Volcanics: New Discoveries
• Using our framework, we detected two previously unreported inflation events at 

Shishaldin and Westdahl (highlighted in yellow)
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Volcanics: Exploration of Model Configuration Space

• Framework generates 
multiple configurations to 
explore different model 
assumptions (e.g., noise 
characteristics)

• Capability for parallel 
execution of various 
configurations via Amazon 
Cloud

• Framework provides 
heatmap as exploratory 
visualization tool to 
compare models
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Volcanics: Framework Helps Explore Different Magma Source Models
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Application Examples
Groundwater Studies

GPS (North, East, vertical) + Data Fusion: GRACE,...

• Group wells by 
behavior

• Red groups 
represent wells 
whose water 
levels are highly 
correlated in 
time

[C.Rude, J.Li, M.Gowanlock, T.Herring, V.Pankratius, AGU 2016]

vertical position GPS 
measurements from 
the PBO Feb 2012,
Voronoi interpolation

GRACE, Feb 2012, 
trends (annual, 
seasonal, linear) 
removed

[Surface Response to Changes in Terrestrial Water Storage Across the United States, C. Rude, J. Li, G. 
Rongier, M. Gowanlock, T. Herring, V. Pankratius, in preparation]
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Application Examples
Lee Wave Detection: Data Fusion & Deep Learning

[Automatic Detection of Atmospheric Mountain Waves using Data Fusion and Deep Learning, J. Li, C. Rude, V. Pankratius, M. Gowanlock, T. Herring, in preparation]
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Lee Waves: MODIS + GPS Data Fusion
• Improving capability 

of lee wave 
detection

• Enables higher time 
resolutions

• GPS data: 5-min 
NGL vs 1-day PBO

• Outlier patterns 
around time of lee 
wave events from 
MODIS are better 
represented
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Lee Waves: Data Fusion & Deep Learning
• Combining data streams from GPS data and MODIS imagery
• Apply convolutional neural network (Theano) to detect lee waves in the MODIS image
• Calculated an outlier score for GPS stations
• Fuse into a single product for analysis



Victor Pankratius  – AIST   NNX15AG84G18

Lee Waves: GUI for Neural Network Training

Supervised learning on 
64x64 subtiles
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Lee Waves: Neural Network Detection Results

3/14/2012 3/27/2012 4/12/2012
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Application Example: Spacecraft Site Selection

• Suitable landing & exploration sites needed for both human and robotic 
interplanetary missions, asteroids, etc.

• On a given body, there are many possible site candidates - how to choose?

• Want an optimal choice in terms of both science and engineering goals & 
constraints

Operating Conditions:

• Temperature
• Topography
• Sunlight availability
• Communications availability

Scientific Value:

• Outcrops or cliffs
• Signs of hydrologic activity
• Volcanic features
• Impact craters

Planetary Protection:

• Avoid possible present-day 
biomes

• Ensure non-harmful end-of-life 
equipment locations

Mission Architecture:

• Flat enough for low-risk landing
• Efficiently reachable from Earth
• Within rover range of other 

sites
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Application Examples
Planetary Science / Site Selection: Moon

60 °W 45 °W 30 °W 15 °W

15 °S

30 °S

0 2

degrees
slope free-air

grav. anom.
0 100

mGal
Thorium
abundance

0 10

ppm

Variants of combined site selection models

Plotted Over Overall Rank (darker = better)

[D.Blair, M.Gowanlock, J.Li, C.Rude, T.Herring, V.Pankratius, LPSC 2016]

Moon Example:
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Application Examples
Planetary Science / Site Selection: Mars

22

Optimize
• Landing ellipse
• Scientific targets

From www.petergrindrod.net/archives/858

Mars Example:
[Rongier, Pankratius, work in progress]
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Planetary Science / Site Selection: Mars Workflow

• HiRISE (camera, 0.25-0.13 m/px)
• CRISM (spectrometer, 18-36 m/px)
• MOC (camera, 1.5-12 m/px)
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Application: Mars Site Selection

1) Area fuzzification: 
1: high utility,  0: no utility

Initial area 2) Criteria fuzzification
e.g., elevation

Compute fuzzy
OR, AND, etc.

3)4) Intermediate Product
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Application: Mars Site Selection

5a) Terrain Classification
(based on thermal inertia and albedo)

From se.psi.edu/~than/inertia/2007/units.html [Putzig 06]

1 - Bright unconsolidated fines

2 - Sand, rocks, and bedrock; some duricrust

3 - Duricrust; some sand, rocks and bedrock 

4 - Low density mantle or dark dust?

5 - As 2, but little or no fines

6 - Rocks, bedrock, duricrust, and polar ice

7 - As 1, thermally thin at higher inertia

5b) Rover speed depending on terrain, 
surface roughness, slope
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Application: Mars Site Selection

6) Fast Marching Algorithm

m/s

Define a velocity 
profile over space, 
landing site in the 
middle

Pick a point 
à color = how much 
time to get to landing 
site

Pick a point à color = 
how “far” from landing 
site. Can be non-
Euclidean (hills, 
obstacles, etc.)

Sethian, 1996: www.pnas.org/content/93/4/1591.short
Rongier et al. 2014

Example: HiRISE DTM
http://www.uahirise.org/dtm/dtm.php?ID=ESP_029815_1530

Start

Target

End
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Application: Mars Site Selection

Target

6) Fast Marching

Traverse path 
analysis to 
better estimate 
the potential 
landing areas
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Application: Mars Site Selection

7) Fast Marching + Terrain
à travel times to a selected location

Dust

8) Combine with other criteria
e.g., latitude, elevation, thermal inertia, albedo, slope, 
vertical roughness, hydrated mineral sites, valley 
networks, HiRISE, CRISM and MOC footprints

Search for 25 × 20 km ellipse on 20 pixel
per degree MOLA elevation

Result
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Application: Mars Site Selection

• Raw favorability  = final fuzzy logic map with landing constraints and scientific targets
• Selection favorability = average of the raw favorability inside the landing ellipse
• Selection lack of fit = standard deviation inside the landing ellipse
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Computer-Aided Discovery: Mars Site Selection

4 scenarios of high-priority scientific targets:

1. Standing-water environments at the Hesperian-Noachian boundary

2. Standing-water environments at the Early to Middle Noachian

3. Past groundwater environments

4. Past standing-water and groundwater environments, and volcanic 
structures and units



Victor Pankratius  – AIST   NNX15AG84G31

Computer-Aided Discovery: Mars Site Selection
Alternative Scenario Analysis

(1) (2) (3) (4)
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Computer-Aided Discovery: Mars Site Selection

• Final favorability map combining the 
four scenarios and the landing 
constraints for the entire planet, at 
20 ppd

• Large parts of the Noachian terrains 
are inaccessible due to elevation 
constraints during landing, but they 
include many interesting targets

Satisfied Constraints

• Latitude between ± 45 – 30°

• Elevation below 0 – -1 km

• Slope below 2°

• Vertical roughness below 0.5 m

• Dust-free area (albedo below 0.2 – 0.25 
and thermal inertia above 100 – 150 tiu)

• Less than 150 – 200 sols from a hydrated 
mineral site or a valley

• Less than 150 – 200 sols from a HiRISE, 
CRISM or MOC footprint
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Discovery Framework Architecture Overview

33
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scikit-discovery

34

scikit-dataaccess : Data Import

• Data Downloaders
• Data Fetchers
• Data Wrappers

in addition
• Amazon Offloading
• Plotting
• etc.
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Python Data Access Package Release
https://github.com/MITHaystack/scikit-dataaccess

Install

pip install scikit-dataaccess
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Scikit Data Access

• Example 
usage for 
USGS 
groundwater 
data
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Code Snippets / Workflow Warehouse Examples  

• Code snippets aid in pipeline 
creation

• Data Access Snippets
PBO
Groundwater
GRACE
Kepler

• Pipeline items

• Basic pipeline with three items
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Proof of concept: Transparently offloading a processing pipeline to Amazon
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Controlling Amazon Instances
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Cloud environment can enable Big Data Computer-Aided Discovery on phones!

NASA Kepler Data

USGS Groundwater Data
Plate Boundary Observatory Data
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Testing
• We created a regression testing infrastructure for the Python notebooks based on pytest
• If notebook code, imports, dependencies change, our script re-runs all available notebooks, tests for 

errors/warnings, and produces “pass/fail” outputs

Test Case Example Notebook Regression Test
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Deployment / Installation Options
Currently Preparing for Community Release

• Cloud: System deployable as instance(s) on Amazon

• Local: VirtualBox virtual machine

• Code: Install your own
• https://github.com/MITHaystack/scikit-dataaccess
• https://github.com/MITHaystack/scikit-discovery
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Demo Screenshots
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Click on “view larger map”
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Results

Offload this generated 
pipeline to Amazon Cloud
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Code Example: 
Discovery Pipeline

• Works in your local Web browser; 
pipeline actually executed on server / 
cloud environment that hosts all data 
and executes computations. Only 
results go back to browser.

• Geographic region and time interval 
of interest selection

• Filter stage container setup for 
flexible analysis pipeline

• Perturb functions for exploring 
variable parameter values

• On top of this code, we can add GUI 
visualizations that hide the code from 
the average user, but experts can still 
edit code if needed.

4
8
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Conclusion & Accomplishments
• Computer-Aided Discovery environment

• New discovery in volcanology (inflation events)

• Tested and refined tools around volcanic data sets, 
groundwater data sets, atmospheric data sets (lee 
waves), Moon, Mars, integration in Jupyter notebooks

• Transparent offloading of data processing pipelines to 
cloud environments (e.g., Amazon)

• Open source code (github, MIT license) 

+ VMs: Amazon, VirtualBox
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Thanks!

@vpankratius

pankrat@mit.edu
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