
* This research is supported in part by the Precourt Energy Efficiency Center, Stanford University. 
This material is based upon work supported by the Department of Energy under Award Number 
DE=EE=0002628.  
†This author is also partially supported by the Major Program of National Science Foundation of China 
[Grant 71320107001]. 
†††ryan.skorupski@alumni.stanford.edu 

A Benefit-Cost Framework for Optimal Load Shifting* 

 

R. SKORUPSKI
1†

, L. HU
2
,
 
 R. ENTRIKEN

3
, Y. YE

1†
 

1
Stanford University 

2
University of California at Berkeley 

3
EPRI 

United States

 

 

 

 

SUMMARY 

 

We describe the background and analytical framework for a mathematical optimization model for 
home energy management systems (HEMS) to efficiently shift electricity load. We illustrate the 
flexibility of the model by modularizing various available technologies such as plug-in electrical 
vehicle, battery storage, automatic window opening, etc. The analysis shows that the end user can 
accrue economic benefits by shifting consumer loads away from higher-priced periods. Our simulation 
findings based on real or generated data enhance the motivation for more intelligent electricity 
management in the residential sector, and they demonstrate that our HEMS model can accrue 
substantial benefits by applying the process of load shifting to further flatten the baseline electricity 
load shapes of a particular household. Therefore, wide adoption of such a model could create 
significant cost savings for consumers. We also discuss the major concerns associated with the model 
use in the real world, and the possible future avenues of research investigation. 
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1. Introduction 

The motive for this research is to help determine the most likely sources of value to be derived from 
smart grid technologies. These technologies involve the addition of automated decision support for 
energy consumption and the potential for tight integration of communication networks and for 
effective coordination of energy production and consumption [2][11]. 

1.1 Demand Response 

One solution that can accommodate the needs of the electric grid system when there is a mismatch 
between electricity supply and consumer demand is Demand Response (DR), which addresses this 
concern by controlling system loads in such a way that reduces the differential between electricity 
supply and demand [2][6]. 

In the United States, the market for DR programs is already prevalent and mature in the commercial 
and industrial sectors with the presence of third-party providers [8]. Market actors utilize programs 
involving interruptible loads, direct load control, real-time pricing, and time-of-use programs [4][10]. 

In contrast, the market for DR programs in the residential sector is currently in a nascent stage [6]. The 
majority of DR programs in the residential sector consist of a type of direct load control program for 
water heaters. The remaining are pricing programs of the following types: time-of-use, critical peak 
pricing, and day-ahead pricing [1]. 

Because these DR programs are not widely used in the residential sector, the paper will focus on load 
shifting for the residential sector [8]. With the goal being to develop a framework for determining the 
sources of value that can help direct investment in residential demand response. 

1.2 Economic Benefit 

This paper focuses on the economic benefits attendant to residential load shifting that can be 
potentially accrued by participating consumers.   

Currently, most utilities provide a pricing scheme with either two or three rates: 1) peak and off-peak; 
or 2) peak, semi-peak, and off-peak. Load shifting saves money under these schemes. Another pricing 
scheme that is less utilized is day-ahead pricing. This scheme provides a greater amount of changes in 
electricity prices over a given day and these prices are available from the utility a day ahead, which an 
intelligent algorithm can effectively exploit in terms of optimization [14]. There is also a greater 
economic interest to implement DR programs. Through their implementations, the utility may be able 
to manage an electricity supply shortage in a more expeditious manner with lower costs and less delay 
time. 

1.3 Technology Background 

To enhance the effectiveness of DR, the increasing integration of Information and Communication 
Technology (ICT) has enabled market actors to make technological advances in various fields. For 
example, in the field of energy management, ICT has engendered the smart grid, which enables the 
development of technologies and techniques such as the smart meter, bidirectional communication, 
advanced metering infrastructure (AMI), home automation, and home area networks [8]. 

An AMI, particularly the smart meter, serves the purpose of measuring and recording electrical energy 
consumption in time intervals that range from five minutes to an hour. It allows for two-way 
communication, either in real time or near real time, between the meter and the utility’s system. The 
availability of such information would allow the consumer to modify consumption in order to shift 
electricity loads to times when energy is off peak and relatively cheaper. Moreover, the utility may 
receive information about the consumption patterns of its consumers and act accordingly to obtain 
economic benefits. For example, the utility can offer economic incentives to consumers who volunteer 
to shift electricity loads [3]. 

In the context of the increasing integration of ICT, a HEMS can be established in order to manage the 
use of energy in a household. As the development of smart grid technology continues, an intelligent 
HEMS can serve an important function in maximizing the economic savings associated with lower 
energy consumption and information sharing between consumers and their energy providers. 
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Figure 1: HEMS Diagram 

Figure 1 illustrates a Home Energy Management System (HEMS) that offers monitoring and control 
of selected devices within a household [7]. The system itself can have varying levels of automation 
and intelligence [9]. As noted in Figure 1, the HEMS has a controller, which may be accessed directly 
or from any device that can connect to the Internet. Depending on the level of intelligence and 
automation, the controller would allow users to change certain preferences, such as the preferred run 
times for particular appliances. 

1.4 Overview of the OLS Model 

This paper describes a model that can be used by a HEMS to manage energy demand more efficiently. 
Our analysis demonstrates that a HEMS can accrue substantial benefits by applying the process of 
load shifting to effectively flatten the baseline electricity load shapes of a particular household. 
Therefore, wide adoption of such a model could create significant cost savings for consumers. 

The main contributions of this research are: 

1. OLS Model Formulation – a portfolio of techniques with scarcity enforced by a power usage cap 
and messaging between modules that indicate what information to communicate, to whom, and 
when, 

2. OLS Cases – the construction of complete datasets that identify useful data sources and 
demonstrate the information necessary to complete such a study, and 

3. Smart Grid Valuation Framework – simulations and comparisons of power usage over multiple 
cases pinpoint sources of value in the forms of 

• marginal values by appliance,  

• appliance portfolio effects under scarcity constraints, and  

• patterns of load shifting for higher-level modeling. 

The implementation of the model shows that the end user can accrue economic benefits by shifting the 
consumption loads away from higher-priced periods. In the result’s section, the precise savings are 
shown in addition to the load shift graphs. Furthermore, the model is capable of performing quickly, 
which is a highly preferred attribute of any algorithm that is designed to be implemented by a HEMS 
in real-time dynamic management. 

These findings enhance the motivation for more intelligent electricity management in the residential 
sector. Companies that are interested in capitalizing in this developing market are encouraged to 
obtain further information about HEMS technology. In particular, we have demonstrated the flexibility 
of the model in the conclusion section under “Possible future investigation.” Although the different 
scenarios tested were not exhaustive, they do show the model’s capability of incorporating non-
traditional motives — aside from those relating to electricity cost — into the objective function. 

Following is a description of the analytical framework, which can utilize a model like OLS and others 
to evaluate critical questions about smart grid investments.  Conclusions and next steps follow. 
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2. Smart Grid Analytical Framework 

Five sets of case study results provide useful insights about the valid operation of the OLS model and 
how overall optimization of the HEMS can provide end-user savings. In this section we describe a 
framework to further aid in interpreting the OLS model results. The OLS model is a tool that provides 
a way to study the fundamental behaviors of a HEMS before and adding smart modules for various 
types of functionality, like load shifting, thermal controls, and battery storage. The Smart Grid 
Analytical Framework builds on the types of observations made possible by the OLS model to allow 
investigators to answer questions like: 

• Which smart appliance provides the greatest overall savings?  

• Which smart appliance provides the greatest incremental savings?  

• Which smart appliance has the highest benefit/cost ratio?  

• What incentives do smart appliances provide for behavioral changes? 

In this section, we describe four analytical frameworks that can help answer these questions. 

• Smart Appliance Cost Analysis - Compares actual appliance costs with and without 
communication and control abilities. This is useful for understanding the cost structure of smart 
appliances for investment purposes. 

• Smart Appliance Benefits Analysis - Shows how to use the OLS model and cases to investigate 
appliance-level benefits. This is useful for understanding individual end user decision-making. 

• Smart Appliance Marginal Benefit Analysis - Shows how to use the OLS model and cases to 
investigate the marginal benefits of individual appliances. This is useful for understanding the 
benefits of scale and the potential decisions of an aggregator or electric utility. 

• End-User Preference Sensitivity Analysis - This is useful for understanding the value of various 
rate designs and their potential benefits to end users and other stakeholders. 

The results in these sections were obtained from simulations using the five case study data sets.  Each 
dataset represents a few days of operation in a typical week.  While this is sufficient to show 
differences in benefits and costs among appliances, there is still much work needed to study much 
more realistic situations. 

2.1 Smart Appliance Cost Analysis 

This Smart Appliance Cost Analysis compares the costs of actual appliances for which there are 
comparable smart and non-smart versions. A smart appliance is one that has the ability to be remotely 
controlled, and recently companies have been introducing these kinds of smart household appliances. 
However, their offerings are still few in number. In the following, a company’s smart appliance was 
compared in price to a company’s most-similar model without the smart characteristic. Due to the 
current nature of the market for smart appliances, the models are all higher-end models. It was not 
possible to locate lower-tier models with smart characteristics at this time. Further, not all appliance 
providers have smart appliances in each category. For instance, there appears to be only one smart 
dishwasher as of April 2014. 

The scatter plots in Figure 2 show appliance base prices versus the absolute difference (left plot) and 
percentage difference (right plot) between the smart and non-smart versions. 

 
Figure 2: Base Price v. Abs. Difference and Base Price v. Per. Difference in dollars 
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At this time it is difficult to form a meaningful conclusion about the cost of something being smart, 
because of the infancy of the market and the dearth of smart household appliances, infrastructure, and 
incentives. Yet, the right plot does indicate a trend for smart appliance prices to have about a 20% 
markup. One refrigerator does have a lower (10%) markup, and one washer and one dryer have much 
higher markups of 50% and 80%, respectively. 

Above, we examined the incremental cost associated with adding smarts to household appliances, but 
we did not investigate smart thermostats. It makes less sense to compare the price of a normal 
thermostat to a smart one, because almost every household already has a thermostat. When deciding 
whether to upgrade to a smart one, an end-user should look for the one with the lowest cost. As such, 
Table I contains the costs of the smart thermostats on the market, as of April 2014. 

Table I: Smart thermostat costs, as of April 2014 

 

2.2 Smart Appliance Benefit Analysis 

The Appliance Benefit Analysis investigates the average benefits of each appliance. This type of 
analysis can indicate incremental benefits by type of appliance, which can assist an end-user to 
understand the returns on investment from adding communication and controls to various types of 
appliances. 

The benefit is calculated as the savings obtained from allowing each appliance’s load to be shifted. 
Table II contains various measures of appliance benefits over the 7 days of Case 2: Springfield without 
Battery. The prices are much lower in the off-peak period, with a Day Ahead price range of [0.019, 
0.04136] ¢/kWh. 

Table II: Smart and Absolute Benefit of an Appliance 

 
Average costs ($/day) are for each appliance over the 7-day model horizon. The Non-Smart column 
gives the average cost for the nominal load profile of each appliance. The Smart Cost column gives the 
average cost of operating the given appliance when its load is optimally shifted within the limits of the 
end user’s preferences. The Savings ($) benefit is the monetary value that was obtained by letting the 
given appliance load to shift. The Savings (%) is the percent change in Smart Cost relative to the Non-
Smart Cost. 

By examining these values for a given time frame, an end user can determine whether purchasing an 
appliance with load shifting ability would be worthwhile. 

Assuming that the Savings (%) values are typical, or that typical values can be somehow computed 
with the OLS model, they can be used to compute the expected annual savings attributable to each 
appliance, given the average annual electricity cost for the appliance [13]. Table III contains the 
elements of such a calculation. 
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Table III: Annual Savings for an appliance 

 
The Savings (%) values are repeated from Table II, and the Average Annual Costs are from 
energy.gov [12]. Their differences for each appliance are in the Annual Savings column. With this 
annual savings value, an end user can compare this annual benefit with the annual amortized cost 
associated with adding communications and control (smarts) to the appliances and determine whether 
it makes economic sense to spend the extra money. 

Combining the Annual Savings values in Table III with a few assumptions about the costs of smart 
appliances and thermostats, we arrive at the analysis in Table IV. We assume the following: 

• The cost of making an appliance smart is an extra 20% on the purchase price. 

• The nominal costs of non-smart versions of a washer, dryer, and dishwasher are given in the 
Table IV. 

• The incremental cost of a smart charger is on the order of a smart meter, namely $200.  

• The incremental cost of a smart thermostat is about $200, assuming that a homeowner would 
replace a good thermostats having no resale value.  

• The payback period does not include a discount rate. 

Table IV: Benefit-Cost Analysis for each appliance 

 

We can conclude from this table that adding smarts to the more energy intensive appliances, like the 
clothes dryer, the PEV charger and the HVAC system should provide a more robust benefit than a 
washer or dishwasher. 

2.3 Smart Appliance Marginal Benefit Analysis 

The following marginal benefit analysis is possible to implement for appliances that do not have 
defined load shapes, but are instead modeled as interactive with their environment and as having a 
limit on their capability. For this reason, we use the HVAC as the example appliance, and test the 
sensitivity of its benefits to changing kW capacity values. 

Normally an end-user decision about the appropriate size of an HVAC system is specifically based on 
two factors: climate and house size, but with a HEMS, we can investigate the benefits derived from 
the ability of a larger HVAC system to pre-cool/pre-heat faster. This analysis leverages the Austin Pre-
Cooling case, which increases the HVAC capacity from 2 to 12 kW, as shown in Table V.  It uses the 
Day-Ahead pricing scheme from Austin Energy [5]. 
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Table V: Case 5: Austin Pre-Cooling. Benefit of Increasing HVAC size 

 

The benefit analysis in Table V shows that increasing the HVAC capacity has diminishing returns. 
Nevertheless, this framework shows how varying HVAC capacity can help to properly size the 
system. 

2.4 Sensitivity on Resident’s Behavior 

The HEMS offers the end user the ability to choose the allowable periods of operation to which an 
appliance can be shifted. One question that logically arises is, “What is the cost or benefit associated 
with extending or curtailing the window of allowable operation?” 

 
Figure 3: Extending Resident’s Allowable Hours (kWh vs. time in 5-min intervals) 

Testing this condition on the Springfield cases demonstrates that no benefit is obtained from 
lengthening the allowable period by an hour. This is because the allowable window of operation for 
the set of appliances that can be shifted already encompass the lowest price period, as seen in Figure 3. 
But this analysis is case-specific and may show interesting results for people with particular work 
schedules, and alternative cases must be tested to conduct such a cost-benefit analysis. 

A similar sensitivity analysis on the settings of the allowable temperature range could also be done to 
determine the marginal benefit of expanding the range. 

3. Conclusions 

The OLS model has confirmed economic benefits for each of the five cases, and it has demonstrated 
its flexibility to configure its modules according to the circumstances. Therefore, existing modules can 
be improved as needed to represent further details of appliance use and additional modules can be 
added that better utilize user and electric utility preferences in order to enhance their mutually 
beneficial relationship. For most modules, the optimal load shifting solution time is less than a second, 
which makes the mathematical optimization model approach a viable technology to be implemented in 
practical and real time home energy management systems. 

It is shown that the added capabilities of batteries and automated windows further improve end user 
benefits. The battery components can give extraordinary savings, but must be compared to its 
installation and maintenance costs and a utility’s willingness to buy back electricity. Automated 
windows may provide benefits, but more scenarios must be tested to identify the best conditions for 
gaining them. 

Further examining the results with the analysis framework leads to an understanding of whether 
current smart appliances are fairly priced. By installing a smart thermostat, the cost may be recouped 
within five years (based on Springfield). A 20% markup on dryers, washers, and dishwashers may not 
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be recouped within five years, a reasonable appliance lifetime, based on the simulated savings. A 
PEV, which is a load-intensive appliance, may see significant savings from smart charging, but it is 
difficult to put a cost on that ability, because of the significant variations of installations and rapidly 
changing business landscape. Assuming a smart charger costs an extra $800, it may be worthwhile if 
the end user drives more than 30 miles a day, the approximate number of miles driven daily by the EV 
in our simulation, and has multiple electric vehicles; however, more scenarios must be simulated to 
validate such results.  

3.1 Possible Future Investigation 

Additional enhancements are made simpler, because of the model’s modular design. First, the OLS 
model can be manipulated to handle non-concurrent and concurrent load shifting. This idea is 
particularly interesting for charging PEVs. It would be possible to accrue benefits from charging a 
fleet with overall supply capped for a limited time. In addition, a household might mitigate costs at a 
time when prices are volatile by not charging concurrently. 

Furthermore, the OLS model can be modified to minimize or maximize other costs and benefits 
regarding the operation of a household or a utility; possibly a utility’s ability to weigh a demand 
response option versus the cost of turning on an emergency generator. 

Regarding the formulation, two avenues of future investigation easily arise. The first is to extend our 
current formulation, which is essentially a single zone, to multiple zones. This change allows us to 
explore added controls and more detailed modeling of the building. For example, heat exchanges 
between rooms can be modeled using fluid and thermal models. Furthermore, the behavior of the 
building’s zones can be modeled using simulation programs and languages like EnergyPlus and 
Modelica. By turning off or rather utilizing less energy in certain zones within a building, we can 
explore possible added value to consumers, utilities, and third parties. 

The second relates to the formulation of the automatic windows. Due to the slower run time associated 
with the automatic windows as performed now, we could create a two level approach to address when 
windows should open and close. This approach can be benchmarked with the current approach with 
the expectation of delivering a quicker solution. 

Lastly, the model can provide insight into certain aspects of appliances and HVAC systems. A few 
ideas are: 

• Appliance Behavior – Determine the most important factors affecting appliance behavior for 
purposes of forecasting sales and market penetration. 

• End User Behavior – Determine the most important factors affecting end user behavior for 
purposes of characterizing how consumers can best benefit from the Smart Grid. 

• Demand Response Forecasting – Calibrate a model for controlled and voluntary demand response 
to various factors like weather, prices, and conservation announcements to be used in short-term 
load forecasting. 

• Long-Range Planning–Show how aggregate load shapes change because of external factors like 
weather, prices, and incentives. 

• Energy Policy–Determine how to represent Smart Grid benefits for end-users, aggregators, 
utilities, and the general public. 

These insights may be achievable from the foundation provided by the OLS model. It represents 
fundamental appliance behaviors and may be scalable to larger systems in a way that helps answer key 
stakeholder questions. 
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