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• Prasenjit Shil, PhD is a Sr. Forecasting and Load Research Specialist at Ameren, a St 
Louis based utility company. Prasenjit’s work involves short term and long load 
forecast, analytics to support rate case and strategic projects, quarterly sales variance 
analysis for CFO, customer segmentation for energy efficiency marketing, call center 
analytics, and process improvements through data analytics. He was part of the 
analytics strategy team and data governance team at Ameren. Prasenjit has been 
using SAS since 2002. 

• Tom Anderson, Principal Systems Engineer with the SAS US Energy Division. 20+ years 
of analytical experience includes 15 years with SAS concentrating on advanced 
analytics and data management in both Utilities and Oil and Gas. As a leader for 
developing technology solutions to smart grid initiatives, Tom addresses the 
challenges that utilities are having around data management. The challenges result 
from new infrastructures that provide more data points than ever before. Recent 
achievements include solutions in Asset Performance Analytics in both upstream and 
downstream O&G applications as well as Advanced Meter Infrastructure analysis and 
application development within electric utilities.



Ameren at a Glance

• Ameren Missouri, Ameren Illinois and Ameren 
Transmission Company

• 2.4 million electric customers and more than 900,000 
natural gas customers across 64,000-square-mile area

• Ameren Missouri ranks as the largest electric power 
provider in Missouri, and Ameren Illinois ranks as Illinois' 
third largest natural gas distribution operation in total 
number of customers

• Ameren Missouri has 10,200 MWs of Generation 
capacity. 

• Ameren's rates are some of the lowest in the nation



Introduction 
Fast Fourier Transformation (FFT) on Smart Meter Data

• This presentation will demonstrate how Fast Fourier Transformation (FFT) can be 
applied on smart meter data for enhanced customer segmentation and discovery.  

• Smart meters or Advanced Metering Infrastructure (AMI), provides utilities with 
an explosion of data creating vast analytical opportunities to improve reliability, 
customer satisfaction, and safety. 

• However, the data explosion comes with its own challenges. 

- Volume: Consider that just 20,000 customers with AMI data can reach over 300GB of data per year. Simply 
aggregating the data from minutes to hours or even days can skew results and not provide accurate segmentations. 

- Bad data: Outliers caused by missing or incorrect reads, outages or other factors must be addressed.

• FFT can help identifying such “noise”.

• The proposed framework is expected to identify various customer segments 

- Use: Demand response programs, marketing programs, error or bad data detection, outage detection, diversion or 
fraud or failing meters detection (revenue protection)



Smart meter data provides volumes of “good” and “bad” quality interval data

• These charts represent 15 
minute interval data 
between Jan 1,2015 and 
July 31, 2016 (load research 
data from randomly 
sampled customers).

• Indicate interval data 
quality can be perceived as 
“good” or “bad”

• Without investigating each 
customer profile, how do we 
identify whether those 
spikes, dips or flat portion in 
the chart represent correct 
profile?

• Imagine identifying such 
outliers from millions of 
rows of data everyday



Energy consumption follows various cycles

• Example of four different 
types of consumers

• These segments of profiles 
highlight that customers can 
be clustered into various 
profile segments depending 
on numerous criterion, 
including usage pattern

• Energy consumption follow 
seasonality, and are cyclical in 
nature

Figure A: Working family Figure B: School Age Family

Figure C: Late Night Gamer Figure D: Home Worker



Despite load profiles following certain cycles, uncovering the pattern is 
NOT an easy job!!



Uncovering the pattern is even more difficult when the data granularity 
is small (5 minute or 15 minute interval data) and record size is huge

10,000 Meters with 15 minute of interval data collection could 
accumulate 10.51 GB record



Fast Fourier Transformation (FFT)

• The Fourier Transform (FT) is a mathematical method for transforming a 
function of time into a function of frequency. 

• The FT basically segments the time series function into its frequency 
components. 

• Fast Fourier Transform (FFT) is an efficient way of computing discrete 
Fourier Transform (DFT).  

• FFT functions basically returns periodic functions of sine and cosine. 

• FFT was originated with its application on partial differential equations 
and sound waves, it has found applications on various other fields such as 
fingerprint classification, imaging analysis, pattern recognition, texture 
analysis, sound analysis, or electrical power system.



Proposed Methodology
Signal Processing to Load Analytics

• Proposed methodology 
applies the concept of 
signal processing to Load 
Analytics

• E.g.: Think of mp3 music

• Use spectral analysis 
procedure in SAS to create 
clusters.

• Hardcore programming or

• Using SAS Enterprise Miner

Normal Accounts

Fraud Accounts

Fourier Transform



Proposed Methodology
Using SAS Enterprise Miner

• SAS Enterprise Miner was 
used to perform Fast 
Fourier Transformation on 
15 minute interval data 
collected from over 2,000 
smart AMI meters during 
June 2014.

• Steps using SAS EM:

1. Data Preparation

2. Dimension reduction

3. Filter

4. Clustering



The process…
Fourier Transformation is performed by the TS Dimension Reduction Node 



The process…
Dimension reduction and Spectral analysis

• Use spectral analysis techniques to 
identify periodicities or cyclical patterns 
in data.

• Produces estimates of the spectral 
and cross-spectral densities of a 
multivariate time series using a 
finite Fourier transform

• Filtering allows to eliminate 
outliers thereby improving the 
accuracy of segmentation

• Periodogram ordinates are 
smoothed by a moving average

• Produces estimated spectral 
and cross-spectral densities

• Can also test whether or not the 
data are white noise



Output from the FFT clustering model in SAS EM
10 different  load shapes represent 10 different segments

The customers were segmented into 10 different 
clusters over the study period



Interference  from the clusters
Applying these 10 segments to the original data, we can gather meaningful information about the customer class

Example

• Segment 4: This segment displays a load 
shape that suddenly dropped during the 
month (around June 22) and then slowly 
increased back to the original level.  Smart 
metered customers belonging to this 
segment might have experienced outage in 
service resulting a lower usage.  

• Segment 6: These AMI meters began the 
month with a stable usage. However, the 
usage patterns dropped off significantly or 
completely stopped after June 14.

• Clearly in these two cases, there could be 
several factors such as true outage or 
fraudulent activities or system reliability 
that may have caused such drops. 

• With an easy identification of such clusters 
of use profile, utility would investigate only 
a specific group of customers therefore 
reducing the possibility of revenue erosion.

Load profile for Segment 4 Load profile for Segment 6



Questions??
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Proc Timeseries
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Peridogram –

Spectral Density

Confidence 

Seasonality



Proc timeseries
Spectral analysis



Results
Clustering from Spectral Analysis: Filtered vs. Non-filtered approach

Using 100 dimensions

Non-filtered Filtered



Results
Clustering with spectral analysis

10 Dims 100 Dims



Results
Load shapes 


