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Generators are more or less independent, each with its 
cost function and constraints

Generation cost $

Pi (t)

Ci (t)

Per unit cost $/MWh

Pi (t)

ci (t)

Together, they have to meet the time varying system 
demand and reserve requirements without much storage
Unit Commitment and Economic Dispatch: Which units 
should be on, when, and at what generation level

Before Deregulation



Deregulated Electric Markets
Participants submit supply bids and demand bids to the 
Independent System Operator (ISO)

ISO conducts market auctions to determine
– Hourly generation/demand levels over a day
– Market clearing prices (MCP’s)

The market is then settled by using a settlement scheme

ISO

Participant 1 Participant 2 Participant I…

Generation Levels
and MCP’s

Supply Bids and
Demand Bids
From Participants

Supply Bids and
Demand Bids
From Participants



6.5 M customers; population 14 M 
350+ generators and power plants 
300+ participants in marketplace 
8,000+ miles of transmission lines 
12 interconnections to NY and Canada 
Peak demand: 28,130 MW (8/02/06)
32,000 MW of total supply 
$10 billion energy market (2007) 
www.ISO-NE.org

ISO New England



Are there issues for the market?
– No  problem.  Market will take care of itself!
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What We Have Done:

Unit Commitment and Economic Dispatch
– Supported by NSF and Northeast Utilities
– Methods used by NU for about a decade with major savings

Market Design 
– Supported by NSF, Southern California Edison, ISO-New 

England, and ISO-Midwest
– Design electricity markets for efficient, fair and reliable 

operations and at low costs for consumers
Load Forecasting
– Supported by ISO-New England and EnvaPower
– Used by ISO-NE to be presented next by Professor Michel 
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Our Strength and Potential Partners

Other problems worked on: 
– Power flow and feasibility analysis for systems in emergencies
– Price forecasting

Our strength: 
– Strong optimization expertise
– Power system background

Potential partners:
– Researchers familiar with wind and solar generation so as to 

harness sustainable energy within power grids
– Researchers on energy requiring optimization or forecasting



ELECTRICITY GENERATION 
AND CONSUMPTION 
FORECASTING 

L. Michel & P. Luh

CSE & ECE

Univ. of Connecticut



Problem

Matching
Energy needs
Energy production



Why?

Energy cannot be “stored”
Production cannot adapt “on the fly”
Corollaries

Over-produce 
➔Resources are wasted
➔Price volatility

Under-produce
➔Energy shortage
➔Blackouts
➔Price volatility



Difficulties?

Yes…
Demand is stochastic!

Affected by weather / seasons
Affected by geo-political events

Production is stochastic too…
Equipment failure (generation / distribution)
Bringing new production online is a slow process



Stochastic demand?
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Approach

Anticipate demand
On the short-term
On the very short-term

Plan capacity accordingly
To produce a tighter match
To pro-actively stave-off a crisis with “demand-
response”



Short-term Load Forecasting

Overall Idea
Use historical data [load, weather]
Decompose load signal to facilitate learning

Low + high frequency

Learn (with an artificial neural network)
Function from current conditions to load prediction

From today’s load + tomorrow predicted weather
To tomorrow anticipated load

To predict
Tomorrow’s load



Decomposing



Predict Low Frequency
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Predict High Frequency
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Very Short Term Load Forecasting

Problem
Weather predictions were off
Some unusual event happened
Unexpected failure

Consequence 
Cannot bring more capacity online
Reserve are not enough to meet the problem 



Anticipate & Decide [in real time]

Use optimization techniques to select
The most robust response [load reduction]
Over a population of possible “futures”
To reduce the load



Conclusions

Ideas apply to any commodity market
Where commodity cannot be “stored”

Critical to
Efficiently produce the commodity
Minimize overall costs (to customers)
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Automated Battery Management 
Systems

 

Automated Battery Management 
Systems

mailto:krishna@engr.uconn.edu


Battery Health Management

Industry  TrendsIndustry  Trends

Hybrid electric vehicles are viewed as
the future of automotive market

Emphasis on condition-based  (closed-
loop, predictive) versus periodic (open-
loop) maintenance of systems

Prognostics enables condition-based 
maintenance ⇒ dynamically estimate
system status and remaining useful life

ChallengesChallenges

Availability of data 

Dynamic models of batteries 

Prognostic modeling framework to
estimate SOC and SOH and remaining
useful life (RUL)

Objectives of BMSObjectives of BMS

Protect the battery from damage

Estimate battery characteristics: state
of charge (SOC), state of health (SOH)

Maintain the battery in an operational
condition

Cell balancing and charge control

Our focus: Lithium-ion batteries 

ApproachApproach

Data from Idaho National Labs
− Electro-chem. Impedance Spectroscopy
− C1

 

/1 static capacity test
− Low-current hybrid pulse power

characterization (LHPPC) test

Equivalent circuit models
− e.g., Modified Randles

 

circuit 

System ID and Machine learning 
− Support vector machine regression



EIS→ Electrochemical Impedance Spectroscopy test
NLLS → Nonlinear least squares
SOC→ Battery State of Charge
RUL→ Remaining Useful Life
EOL→ End-of-Life
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Plot of Impedance 

Technical  Approach

high freq.  Charge transfer
Warburg
diffusion



Sample Estimation Results
Capacity Capacity vsvs
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Regional Woody Crop 
Feedstock Development 

Program 

Julia Kuzovkina 
Plant Science Department 
University of Connecticut




