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DEMAND RESPONSE

 Consumers [industrial, residential or individual] 
have the ability to manage the power usage.
 Factories may use standby generators. 

 Office buildings can adjust lighting/cooling.

 Demand Response is the management of 
electricity consumption at consumer end in 
response to the supply conditions.

 Essentially, it refers to the mechanisms used to 
encourage consumers to reduce demand during 
peak times. [Economic demand response]
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PROBLEM STATEMENT

 Objective: Maximizing utility for consumers.

 Input: Hourly electricity prices and history data 
about previous prices and decisions. 

 Output: Adjusted hourly load level in response to 
prices. 

 Motivation: 
 Ability of smart grid to facilitate bidirectional 

communication.

 Energy cost savings.
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NOMENCLATURE

 dk – consumer demand at beginning of hour k.

 eday – minimum daily consumption required by 
consumer.

 ek – energy consumption in hour k.

 rU/rD – up/down demand ramping limit.

 uk – consumer utility in hour k

 λk  – energy price in hour k.

 t – current hour



REQUIREMENTS

 Information related to hourly energy consumptions, 
and demand levels for initial t-1 hours is known.

 Price of electricity for the current hour t is 
communicated to the consumer. 

 Consumer demand at the beginning of hour t is 
known. 

 Load profile for entire day needs to be provided.

 Model has been developed for 24-h span.
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ROLLING WINDOW CRITERION

 The price for current hour is transmitted to the 
consumer (10 minutes) prior to the current hour.

 Energy consumption in current hour and demand 
at the beginning of next hour is estimated by 
solving ‘robust model’. The information is 
transmitted to supplier (5 minutes) prior to the 
current hour.

 These two steps are repeated every hour for the 
entire day.



FLOW CHART
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FLOW CHART
Estimate the electricity price 
bounds for the remaining 
hours of 24 hour span. 



FLOW CHART
Solve model using price 
bounds and  
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DATA USED

Actual prices were obtained from Spanish area of electricity market of Iberian 
peninsula and price bounds were computed using ARIMA model.



ALTERNATIVES

 Two types of scenarios were considered:

 With smart grid – which ensures that the consumers 
have information about the hourly prices

 Without smart grid – in which the consumers do not 
have information about hourly prices. Thus the 
problem is reduced to computing the objective function 
of robust model for t=1. 

 Comparative analysis for these two cases has been 
published. 



COMPUTING CONTROL VARIABLE

 Optimal values of τ have been 
computed by the authors.

 Table shows consumer utility with 
respect to different values of control 
variable. 

 From the table it can be seen that in 
case of ‘with smart grid’ scenario 
maximum utility is achieved for 45% 
of maximum value. 

 In the second case, maximum utility 
is achieved when control variable is 
between 75% -100% of its maximum 
value.



ENERGY CONSUMPTION PROFILE
[FOR OPTIMAL VALUES OF CONTROL PARAMETER]

The result signifies that 
with the information 
about hourly prices, the 
consumer can change its 
load profile according to 
price bounds.

Is something missing?



UTILITY RELATED RESULTS

Results show that using smart grid to get hourly 
electricity prices and feeding them into the proposed 
model allows the consumer to maximize its utility by 

13.2%.



EFFECT OF CONSIDERING 
EVOLUTION OF PRICE BOUNDS

 It shows that utility is not 
maximized in all cases. 
Reasons for the same are:
 Evolution is nearly 

constant, hence not much 
affect of prices.

 Inaccuracies in modelling.

 Most energy consumption 
is scheduled in earlier 
hours while significant 
changes occur in later 
hours.



NON-CONSTANT CONSUMER UTILITY

CASE # UPDATE
PRICE 
BOUND

SMART 
GRID

MODEL
USED

1 NO YES ROBUST

2 NO NO ROBUST

3 YES YES ROBUST

4 NO YES INITIAL

The results show that case 1 and 3 maximize 
the consumer utility which is in accordance 

with expected behavior.



NON-CONSTANT CONSUMER UTILITY



CONCLUDING REMARKS

 Paper presents a simple linear programming based 
algorithm capable of forecasting energy 
consumption levels of a particular consumer.

 The solution can be easily integrated with existing 
technology.

 Experimental results show that the consumers can 
benefit from the algorithm as it helps in reducing 
electricity cost while maximizing utility at the same 
time.
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CRITIQUE ON THE PAPER

 Good points:
 Modelling price bounds of electricity in accordance with RTP 

scheme makes the paper realistic.
 Information generated by the model can be used for energy 

management at the side of utility provider. [This is when the 
bidirectional communication would actually matter.]

 Weaknesses:
 Difference between energy consumption in a particular hour and 

the consumer demand for next hour is not clear. Why do the 
authors need these separately? 

 Notion of consumer utility is very unclear. 
 It is not clear as to why these models are  capable of producing 

realistic value of decision variables in the optimization problem.

 General Comment:
 The models proposed in the paper have been presented directly. 

No hint about insight behind the variables and the computation 
details has been provided. [Common point in many peer critiques]



PEER CRITIQUES: POINTS FOR 
DISCUSSION
 If a consumer sends his current hour energy 

consumption to supplier then will supplier only supply 
that much of energy, not more than that? If user needs 
more energy, say in emergency? (Swadesh)

 On the gamma value. (Sunil)

 During the last hours of the day, if load is different 
than the known load, the pricing will be different than 
the forecasted prices, how are such cases incorporated 
for in the optimization algorithm? (Sandeep)

 What are the existing technological gaps to deploy the 
proposed methodology at utilities or distribution 
companies? (Gelli)
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GLOSSARY

Trapezoidal rule: It is a technique of 
approximating definite integral by 
approximating region under the 
graph as  a trapezoid and calculating 
its area.



GLOSSARY

 ARIMA [Auto Regressive Integrated Moving 
Average] Model: This model is fitted into the time 
series data for analytics based applications or 
forecasting applications.

 http://en.wikipedia.org/wiki/Autoregressive_integ
rated_moving_average

http://en.wikipedia.org/wiki/Autoregressive_integrated_moving_average

