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Il Can machine learning enable the human analyst?

The detection of undeclared nuclear facilities and related nuclear material activities is one of the greatest
challenges facing the international community under its nuclear non-proliferation mandate. Recent
developments in machine learning algorithms and their merger with open-source satellite imagery provide
an opportunity to assess the utilization of these methods in addressing this need . This initial ML study
lays the groundwork for the autonomous detection of known nuclear powerplants (NPP) in the United
States with initial findings working towards identifying predecessor and successor facilities at the front
and back-end of operational NPPs. As this ML analytical coupling matures, its full potential can be
realized going well beyond the basic identification of undeclared NPPs, to include the identification of
predecessor and successor facilities within the entire nuclear fuel cycle and changes taking place at those
sites.

» Detection of undeclared nuclear facilities and related activities is challenging.

« Explainable CNNs may provide a capability to assist with the detection of these
undeclared nuclear facilities and activities.
« If successful, this methodology could be utilized in the identification of

predecessor and successor facilities.




- Object detection and Classification in satellite imagery is an
extensively studied but narrowly applied field

Noted Non-Proliferation Challenges
* “Looks can be deceiving™

Required SME knowledge??

Data Scarcity?®

Proprietary Imagery (e.g., Thermal)!
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Where can remote sensing techniques be applied in the
- Nuclear Fuel Cycle?
The Nuclear Fuel Cycle
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Data generation is the key component to a
- successful ML process
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- What are the key components of CNNs and why are
they used in satellite Imagery analysis?
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Jll \What does our current modeling process look like?

DenseNet161
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- DenseNet-161 results are encouraging, but rigorous
verification and validation testing Is needed.
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-Explanability provides a critical level of transparency
to a usually opaque modeling process.
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Change detection the next step in the modeling

pipeline.
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- What does basic change detection look like when
applied to the existing data set?

McGuire Nuclear Station
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Il Future activities and modeling efforts.

Verifying of the classification pipeline

Change detection

p—

Object detection
Predecessor and Successor facility detection .
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Questions?
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