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Data for model development iiis
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= AHDB ‘Fight Against Blight’ — 1,000 outbreaks (2012-2017)
= UK Met Office — min. temp, RH>90%, in a 28-day window
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The challenge T
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* Lot of ‘noise’ in the data — need to find the envelope of
conditions most commonly associated with outbreaks
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Machine learning

= One-class classification (OCC)

= Machine is given examples of an object —

recognise out-of-class (alien) objects

Outbreaks
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it must learn to

Non-dubreak



Machine learning

= Anomaly / outlier detection = application of OCC

= Works by defining a decision boundary:
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Modelling approach

= 5anomaly detection techniques:
= Gaussian mixture models
= kernel density estimators
= k-means clustering
" support vector machines
= |solation forests

= 80% of data used for model training / tuning
= 20% for testing the final models
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Variable A
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= Using a simpler dataset to explain the ML techniques

= K-means assigns data points to one of K groups based on
feature similarity (distance to the group centroid)
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Gaussian Mixture Models
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= Probabilistic model for representing normally distributed
subpopulations (components) within an overall population

Variable A
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Kernel density estimator

= Non-parametric method for estimating a probability
density function
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Support vector machine

" Finds a hyperplane that best divides a dataset
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= Based on ‘isolation (decision) trees’

= Partitions the data = branch in the tree

= Anomalies are easier to isolate — fewer partitions required
= We repeat the whole process to create a forest of trees
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Results — training data (80%)

Number of hours RH>90%
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Results — test data (20%) v
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T kcmeans | v | K0E | M | forest | nsemble
Accuracy ! 93.8 97.1 95.7 98.1 96.1 97.6
Frequency ? 15.0 12.8 14.9 14.7 13.7 13.1

. AR e
1 Percentage of outbreaks successfully forecasted
2 Percentage of days flagged as risk periods in the 4 weeks prior to each outbreak
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Conclusions
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= Anomaly detection shows promise for the generation of

blight risk forecasting tools
= Next step — new techniques, new ensembles?
= Field trials



Thank you for listening ......
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