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Motivation

● Major focus of literature work
○ Power Forecasting, Anomaly Detection, Non-Intrusive 

Load Monitoring.
● Traditionally the malfunctions in a system like a machine 

beginning to fail due to a fault are analysed as vibration data 
in a technique called as Condition Based Monitoring.

○ But this is expensive and intrusive.
● In an electrical system running on AC frequency, any 

perturbation in the system manifests as an energy spectrum. 
These spectrum patterns, or signatures, reflects the state in 
which the system could be. Few examples of a state -

○ A factory floor with all machines running normally or a 
machine beginning to fail due to a fault; 

○ In a datacenter or office, the system under heavy load; 
○ In any industry, an unusual load that the system has not 

seen till now and needs operator attention.

Anomaly Detection

Power Forecasting



Data Collection

● The MiDAS IoT sensor from Tantiv4 measures all the crucial 
electrical parameters like current, voltage, power and other 
values every 300ms. 

● The device is also capable of collecting three-phases of current 
and voltage harmonics data from 2 to 32 harmonic levels along 
with total harmonic distortion for each phase of current and 
voltage every 500ms.

Electricity Consumption Data Harmonics Data

Number of features 28 193

Frequency 3.33 Hz 2 Hz



Dataset

Location data used for 
our experimentation

The data is already being used !!!



State Identification Problem

The objective of state identification problem (SIP) is to identify power usage patterns of any 
system, like buildings or factories, of interest. 

Let F = { f1, … , fm} be a list of features that the sensor is able to capture

x, where x ∈ Rn , be a collection of power usage observations for a location at a known interval Δ

SIP is to produce a function  f :  Rn → {1, … , k} 

When s = f (x) , the state corresponding to x is a number capturing the category assigned to the observation

We are interested in the unsupervised SIP problem where k is unknown, i.e., the number of states 
has to be also learnt. 



Results

Electrical Current 
Harmonics Data 

Figure: Classifier output for location India-4, January 20, 2022 (Thursday) (a) Clusters (states) viewed with 
Active Power on Y-axis (b) PCA for 2-dimensional visualization of the clusters (states).

Baseline method:

Find optimal number of clusters 
(K-Means and Elbow method)

Train the Classifier 
(Random Forest Classifier)

Power usage observations (x) 
classified into different states 

(s) by the classifier

Higher dimensional feature 
dataset is reduced to 2 

dimensions using Principal 
component analysis.



Walkthrough of GitHub

Location: https://github.com/ai4society/PowerIoT-State-Identification

❖ Documentation
❖ Datasets
❖ Baseline results
❖ Code to replicate results
❖ Validation details

➢ Summary of states identified, using our baseline method, along with the centroid details of each state 
for the released datasets are provided.

➢ location_states.json file contains the details about the states identified for each location in the 
released dataset and the respective centers for each state.

https://github.com/ai4society/PowerIoT-State-Identification


Contribution

● We make a large electrical consumption and harmonics dataset available that is collected using 
MiDAS sensors from Tantiv4 from 8 institutions in manufacturing, education and medical institutions 
from the US and India for 15 days.

○ We release the datasets following the FAIR (findability, accessibility, interoperability, and 
reusability) principles. Follow our GitHub documentation to obtain the link to the released 
datasets hosted on Zenodo - https://github.com/ai4society/PowerIoT-State-Identification 

○ Additional data for these locations can be obtained upon request.
● We introduce and describe a generic state identification problem that is of much interest to the 

industry.
● We describe an initial un-supervised machine learning based solution to extract different operating 

states of the power load for a location using current harmonics that can serve as a baseline to the 
community to accelerate research in this area.

https://github.com/ai4society/PowerIoT-State-Identification
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