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Bayesian Anomaly Detection for Streaming Data 
in Advanced Manufacturing and 3D Printing 

The detection of anomalies in real time is paramount to maintain performance and 
efficiency in advanced manufacturing. The focus of our research is anomaly detection in 
streaming  manufacturing data with the goals of (i) decision support for machine operators, 
(ii) defect detection in build parts and (iii) predicting machine health.

IFORM ADVANCED MANUFACTURING DATA  
- Process design e.g. CAD data for Additive manufacturing. 
- Streaming processing conditions e.g. Temperature, pressure, 

orientation and angular velocity, NIR spectral data, images. 
- Products within specification?, Mechanical properties,        

CT scans of built parts.

FUTURE WORK & REFERENCES 
Many machine learning algorithms exist for anomaly detection but statistical uncertainty is rarely incorporated! We aim to develop 
Bayesian statistical methods for anomaly detection in mixed mode data while streaming. We aim to develop a real-time system 
that provides the machine operator with a traffic light system that absorbs all data, streamed by means of a data acquisition 
system, and improves decision support and reduces machine down-time. New ideas and collaborations are VERY welcome!

- I-FORM EXAMPLE 1 (above): Defects in the metal cubes are 
manually induced. Corresponds to anomalies detected in the 
number of line segments in the image (around image 2,050). 
N.B. Need to rectify within 2-3 layers to avoid part damage! 

- I-FORM EXAMPLE 2: Effect of gas flow and anomalies in the 3D 
lattice structures used to stimulate cell/bone growth (right). 

- I-FORM EXAMPLE 3: Gyroscope embedded in a turbine. 

EXISTING BAYESIAN ANOMALY DETECTION  TECHNIQUES 

1. Box and Tiao  (1968) treat outliers                           whereas “good’’ 
observations are distributed                          . 

2. Hill et al., (2009) present anomaly detection in dynamic Bayesian 
Network models using particle filtering. Anomalies are detected 
via Bayesian credible intervals and map estimates. 

3. In a classification setting, Roberts et al. (2019) use a separate 
anomaly class. Alternatively, find the observations that are least 
likely (posterior probability) to belong to the known classes. Their 
approach is suitable for streaming. 

4. Mertzanis et al., (2018) present Bayesian hierarchical models for 
variable-memory Markov chains; a flexible and efficient modelling 
approach. Collapsable posterior enables closed form marginal 
likelihood computation.  

5. Guggilam et al. (2019) combine Dirichlet Process Mixture Models 
and Extreme Value Theory (generalized Pareto distribution) using 
Gibbs sampling (below right).

∼ N(μ, kσ2)
∼ N(μ, σ2)
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