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Background Semi-supervised Models
• The timely detection of special nuclear material (SNM) transfers is important for nuclear 

nonproliferation monitoring

• It can be costly to characterize large and unlabeled nuclear datasets

• Semi-supervised machine learning allows a model to utilize well-characterized labeled 

samples and plentiful unlabeled data for understanding a data distribution

MINOS Data Preparation

Baseline Supervised Model

Figure 1: Breakdown of identified anomalies from hypothesis testing, 

including the training data regime.

Figure 2: Algorithmic workflow for SNM classification.

Goal: Using MINOS data, demonstrate that semi-supervised machine learning (SSL) can 

outperform supervised models for binary classification of anomalous nuclear measurements.

Figure 3: Principal component analysis for data 

samples in L and U. Class 0 (SNM transfers) and 

class 1 (Other) are used in supervised learning.

Results

Figure 7: Confusion matrices on test dataset for each machine learning model. (Top Left) Logistic Regression: 62.4% (Top Right) Co-

training with Logistic Regression: 66.2-68.5% (Bottom Left) Label Propagation: 74.2% (Bottom Right) Shadow EAAT CNN: 64.3%
Figure 4: Evaluation curves on test dataset for each model over co-training iterations.

Figure 6: Loss minimization curve and evaluation accuracy curve on test dataset over training iterations for CNN.

• Initial performances show that SSL performs better than supervised methods

• Hyperparameter and architecture optimization should improve performance further

o The existing algorithm is limited by its labeling heuristic

• Further SSL models should be compared and characterized

• The binary classifier should be extended to multiclass
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Conclusion

Figure 5: CNN architecture for Shadow EAAT. 

Reminiscent of basic architectures used for MNIST 

examples but simplified for 1D images.

• Anomalous measurements are identified using a hypothesis testing algorithm (see 

previous ETI presentations)

o One-minute measurement frequency over 5 months

o 1,000 binned feature spectra with background subtracted

o Background is estimated from lowest gross count-rate in previous 20 minutes

• Since some data must be labeled, a basic heuristic is used to label samples

o This could be alleviated with domain expert labeling

• Example classifications:

o SNM transfers exhibit a low energy Compton continuum with a shielded photopeak 

due to shielded containers

o Ar-41 photopeak is present when HFIR is active

o Rainy weather washes out Rn signals

• Classes are collapsed into binary anomalies: SNM transfer or other

𝑫 = 𝑥 1 , 𝑦(1) , 𝑥 2 , 𝑦(2) , … , 𝑥 𝑳 , 𝑦 𝑳 , 𝑥 𝑳 +1, … , 𝑥 𝑳 + 𝑼

• Each 𝑥 is one spectrum sample with its label 𝑦 and U is used in SSL
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