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▪ IoT and Big Data

▪ Machine learning examples and definition

▪ Supervised learning

▪ Unsupervised learning

▪ Case study using K-means



Data science tools 

(e.g., machine 

learning)



▪ Data that has the following 
characteristics
▪ Velocity

▪ Variety

▪ Volume





▪ Machine learning (ML) is a method of data analysis that automates 
analytical model building. It is a branch of artificial intelligence 
based on the idea that systems can learn from data, identify patterns,  
and make decisions with minimal human intervention. 

▪ ML is the scientific study of algorithms and statistical models that 
computer systems use in order to perform a specific task effectively 
without using explicit instructions, relying on patterns and inference 
instead. 
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▪ Do you do any of this?



Job class Noise exposure 

(dBA)

Location Play

Operator 95 dBA Piceance Basin Gas

Operator 75 dBA Permian Basin Oil

Operator 100 dBA Piceance Basin Gas

Operator 74 dBA Permian Basin Oil

Operator 99 dBA Piceance Basin Gas

Operator 101 dBA * *

The above is difficult with a table that 400,000 rows x 20 columns 

based on a daily refresh. 



▪ In supervised learning, the training data you feed the algorithm includes the 
desired solutions 

▪ A data set (like the previous without the blank) is split into

▪ Training set – machine learns with this

▪ Testing set – machine is tested/vetted with this

Job class Noise exposure Location Play

Operator 95 dBA Piceance Basin Gas

Operator 75 dBA Permian Basin Oil

Operator 100 dBA Piceance Basin Gas

Operator 74 dBA Permian Basin Oil

Operator 99 dBA Piceance Basin Gas

Job class Noise 

exposure 

Location
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Operator 98.9 dBA

Operator 72.3 dBA

Operator 77.5 dBA

Operator 85 dBA
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▪ Linear regression

▪ Logistic regression

▪ Naïve Bayes

▪ Support vector machines

▪ K-Nearest Neighbors

▪ Decision trees and random forests

▪ Neural networks



▪ In unsupervised learning, the training data is unlabeled

▪ The system tries to learn without a teacher

Job class Noise 

exposure

Operator 95 dBA

Operator 75 dBA

Operator 100 dBA

Operator 74 dBA

Operator 99 dBA



▪K-means

▪Hierarchical cluster analysis

▪Principal component analysis

▪Neural networks



For each datum, algorithm will calculate 

squared Euclidian distance to each 

centroid. Cluster will be assigned based 

on minimum distance.

Select K=2. Algorithm will 

place two random points 

(centroids).
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Iterate until convergence.
Cluster center is calculated.  

Cluster center is now 

centroid.



▪ 400 workers wear lone worker-enabled four-gas monitors each day during their shift 

▪ The monitor collects the following in real-time
▪ User and monitor status

▪ Sensor readings (H2S, CO, O2, LEL) at various thresholds (low alarm, high alarm, TWA, etc.)

▪ Location (GPS)

▪ Speed

▪ Work modes (leak check, SCBA, pre-entry)

▪ Lone worker alerts

▪ SOS

▪ Check-in/out

▪ No motion

▪ Fall 

▪ High gas

▪ Alerts are managed internally 24/7

▪ Daily excel spreadsheet 80,000 rows x 40 columns



▪ Do I have the correct 
workers in my H2S 
respiratory protection 
program?

▪ Are there locations of 
interest relative to alerts?

▪ Can I have a daily 
dashboard with KPIs?





▪ Develop a k-means algorithm to cluster events such that a simultaneous alerts 
during a task are counted as one event

▪ Benefits

▪ Reduce noise

▪ Stop double-counting

▪ Show task frequency, workers of interest

▪ Couple events with equipment/process data

Time

events



▪ We can do this without machine learning

▪ Why ML?

▪ We want to automate this process to feed a dashboard

▪ Insights may be used for supervised learning



▪ Language: Python

▪ Package: Scikit-learn, KMeans

▪ K: TBD. Currently tuning using small data set to tune

▪ Dimension(s): Time

▪ Data feed, visualization, data querying: PowerBI

▪ Future work

▪ Master data management to allow for custom dashboards

▪ Geofencing 

▪ LEL <10%



▪ IoT and Big Data

▪ Common examples and definition of ML

▪ Supervised and unsupervised learning

▪ K-means

▪ K-means application for IH risk management





▪ EdX, Coursera, etc. (lots of free content)

▪ Python and R are open source (a.k.a. Free!!!!)
▪ Lots and lots and lots of guidance (Stackoverflow, Github,YouTube)

▪ Texts
▪ R for Data Science, Hadley Wickham

▪ Introduction to Statistical Learning, Gareth James et al.

▪ Hands-On Machine Learning with Scikit-Learn and Tensor Flow, Aurelien Geron

▪ Machine Learning with R, Brett Lantz

▪ Python for Data Analysis, Wes McKinney

▪ SQL Queries for Mere Mortals, John Viescas

▪ Python Machine Learning, Sebastian Raschka and Vahid Mirjalili

▪ Coming soon: AIHA resources


