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Plus Gravitational Waves, Exoplanets, …

Mahabal et al. 2017 http://arxiv.org/abs/1709.06257v1 
Duev et al 2019 http://arxiv.org/abs/1904.05920v2 
Duev et al. 2021 NuerIPS 
Van Roestel et al. 2021 Submitted 
Fremling 2021 In prep.

http://arxiv.org/abs/1709.06257v1
http://arxiv.org/abs/1904.05920v2


Ashish Mahabal

4x10

16.1

16.2

16.3

16.4

16.5

16.6

16.7

16.8

16.9

17.0

17.1

17.2

5.36 5.38 5.40 5.42 5.44 5.46 5.48 5.50 5.52 5.54 5.56
MJD

M
ag

Light curves Feature 
vectors

Dimensionality 
Reduction Classification

Light curves Density 
representation Equi-area images

Convolutional 
Neural Network

Mahabal et al. 2017 http://arxiv.org/abs/1709.06257v1 
Duev et al 2019 http://arxiv.org/abs/1904.05920v2 
Duev et al. 2021 NuerIPS 
Van Roestel et al. 2021 Submitted 
Fremling 2021 In prep.

http://arxiv.org/abs/1709.06257v1
http://arxiv.org/abs/1904.05920v2


Ashish Mahabal

Improving LIGO duty cycle

Input: volume image 
(N, 90, 180, 3)

Input: sky map image 
(N, 90, 180, 1)

SepConv 3x3, 16

MaxPool 2x2

GobAvgPool

Dense(32)

Concatenate

Output: Dense(1)

Input: detectors
(N, 3)

Input: distance
(N, 1)

Input: normalization 
factor (N, 1)

Dense(1) Dense(1)Flatten

(4x)SepConv 3x3, 16

SepConv 3x3, 32

Dense(4)

MaxPool 2x2

SepConv 3x3, 16

MaxPool 2x2

SepConv 3x3, 16

MaxPool 2x2

SepConv 3x3, 32

GobAvgPool

Dense(4)

GWSkyNet to predict source type  
from public data

Biswas, Mahabal, McIver 

Carbero, Mahabal, McIver  
http://arxiv.org/abs/2010.11829v2

Identifying Exoplanet candidates from TESS data

Rao, Mahabal et al. 2021 http://arxiv.org/abs/2101.09227v1

Manay other astronomy applications 
e.g. LIGO data for Gravitational waves, 

TESS data for Exoplanets, 
Deep-Wide-Fast data for anomalies etc. 

Other astro applications
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PI Dan Crichton
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Early-Detection Research Network (EDRN) 
Consortium for the Characterization of Screen Detected Lesions (MCL)
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Finding Prostate Cancers

• ~200 patients, ~300 epcohs total (annual visits) 

• Progressive (PR) and Active Surveillance (AS) 

• Data cubes (168x168x168) 

• Six modes with a mask

Using IBMs Visual Environment and  
follow-up local python programs

with Stoyanova, Crichton, …

Next steps: 

• Quantify progression 

• Quantify tumor-ness
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COH Project with Victoria Seewaldt, David Franckhouser, Daniel Crichton, …

Multi-parametric 3-D portrait 
transcript analysis   
protein expression 
mutational analysis

A A C B

Neovascularization and 
progression 
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COH Project with Victoria Seewaldt and David Franckhouser

Detected Vessels Detected Features

Contrast Intensity

λ1 Values λ2 Values
Eigenvalues of the smoothed Hessian

Breast Isosurfaces

Credit: Santiago Lombeyda

–Characterize the vascularity
• Identify neovascularity
–Novel feature identification
• Identify predictors
–Tumor detection
• Segment, and track environment

Vascularity
– enhance contrast and Quantify 

Feature Detection
–Identify ROIs, Assess feature dynamics over time
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REF Frankhauser et al. 2020 https://pubmed.ncbi.nlm.nih.gov/33001587/
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Image Atlas and ML to understand bias  
and identify smaller/early tumors

With Crichton, Kincaid, Aberle, Schabath,…

Zooniverse + 3DSlicer on AWS

Few labels 
plus 

tutorials

Training 
sample 
for MLAnnotations

Knowledge
ML

few tens 
per category

few 
thousand

existing and 
future data



Ashish Mahabal

At SigGraph 2019  with Santiago Lombeyda

Use of VR for training, marking 
tumors, and comparisons

REF Lombeyda et al. https://dl.acm.org/doi/10.1145/3306449.3328825
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Methodology transfer to biosciences++
JPL ◆ Dartmouth ◆ Caltech

Overall Architecture

Local Laboratories
CBRG funded labs (EDRN, MCL, etc.)

Instrument

Laboratory
Biorepository

(LabCAS)

Instrument
Operations

Science Data
Processing

Analysis Team
◆ Local algorithmic
processing

◆ Automated pipelines
◆ Complex workflows
◆ Scaleable algorithms
◆ Computational -omics
◆ Auto feature detection
◆ Auto curation

Big Data
◆ Scaleable computation
◆ Biology infrastructure
◆ Cloud, HPC, etc.

Publish Data Sets

Public
Knowledge-base

(eCAS)

Bioinformatics
Tools

Data 
Distribution 

Portal External 
Science 

Community

Scientific Results

Bioinformatics
Community

◆ Curation of data 
from studies, other 
science data, etc. 
(collaborators)

Big Data
◆ OODT+Tika+Hadoop+Solr
◆ On-demand algorithms
◆ Data fusion methods
◆ Machine-learning

Specimens

Dan Crichton

Cancer biomarkers and Big Data: A planetary Science approach 
REF Crichton et al. 2020  https://doi.org/10.1016/j.ccell.2020.09.006 

AWS 
Google Cloud 

IBM

Planetary Science 
Cancers 

Planetary Protection 
Astronomy
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From Data Fusion for In-space Nebulae 
Mahabal, Hare, Fox, Hallinan 2020 

REF: https://tinyurl.com/spacedatafusion 
Based on a Keck Institute for Space Studies workshop

RF
DL

DT

expectation

Interpretability, 
Explainability

Autonomous decisions 
Combining old and new data

Input: volume image 
(N, 90, 180, 3)

Input: sky map image 
(N, 90, 180, 1)

SepConv 3x3, 16

MaxPool 2x2

GobAvgPool

Dense(32)

Concatenate

Output: Dense(1)

Input: detectors
(N, 3)

Input: distance
(N, 1)

Input: normalization 
factor (N, 1)

Dense(1) Dense(1)Flatten

(4x)SepConv 3x3, 16

SepConv 3x3, 32

Dense(4)

MaxPool 2x2

SepConv 3x3, 16

MaxPool 2x2

SepConv 3x3, 16

MaxPool 2x2

SepConv 3x3, 32

GobAvgPool

Dense(4)

Deep and Wide models

DARPA/Gunnings



Summary

•We are working on several related projects in computational oncology 

•Similarities exist between the nature of abstracted data and hence applicable 
techniques 

•The diversity in data require several techniques to be brought together 

•The current datasets are the tips of vast icebergs 

•Interpretability and explainability being built in during methodology transfer

aam at astro.caltech.edu


