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Abstract—Distributed generation (DG) uses many small on- site  energy  harvesting deployments at  individual buildings to 

generate electricity. DG  has the potential to make generation more efficient by reducing transmission and distribution losses, 

carbon emissions, and demand peaks. However, since renewables are  intermittent and  uncontrollable, buildings must  still  rely, in 

part, on the electric grid for power. While DG deployments today use net metering to offset costs and balance local supply and 

demand, scaling net metering for intermittent renewables to  a  large  fraction  of  buildings is  challenging. In  this  paper, we 

explore an alternative approach that combines market-based electricity pricing models with on-site renewables and modest energy 

storage (in the form of batteries) to incentivize DG. We propose a system architecture and optimization algorithm, called GreenCharge, 

to efficiently manage the renewable energy and storage to reduce a building’s electric bill. To determine when to  charge  and  

discharge the  battery each  day,  the  algorithm leverages prediction models for forecasting both future energy demand and future 

energy harvesting. We evaluate GreenCharge in simulation using a collection of real-world data sets, and compare with an  oracle that 

has perfect knowledge of future energy demand/harvesting and a system that only leverages a battery to lower costs (without any 

renewables). We show that GreenCharge’s savings for a typical home today are near 20%, which are greater than the savings from 

using only net metering. 

 

Index Terms—Smart Grid, Energy storage, Peak Shaving, Renewable Energy. 
 
 

I.  INTRODUCT ION 

 

BUILDINGS  today  consume  more  energy  (41%)  than either   of   society’s   other   broad   sectors   of   energy consumption—

industry (30%) and transportation (29%) [1]. As  a  result,  even  small  improvements in  building  energy efficiency, if widely 

adopted, hold the potential for significant impact. The vast majority (70%) of building energy usage is in the form of electricity, 

which, due to environmental concerns, is generated at “dirty” power plants far from population cen- ters. As a result, nearly half 

(47%) of energy use in residential buildings is lost in electricity transmission and distribution (T&D)  from  far-away  power  

plants  to  distant  homes  [1]. An important way to decrease both T&D losses and carbon emissions is through distributed 

generation (DG) from many small on-site renewable energy sources deployed at individual buildings and homes. Unfortunately, in 

practice, DG has sig- nificant drawbacks that have, thus far, prevented its widespread adoption. In particular, DG primarily relies 

on solar panels and wind turbines that generate electricity intermittently based on uncontrollable and changing environmental 

conditions. Since the energy consumption density, in kilowatt-hours (kWh) per square foot, is higher than the energy generation 

density of solar and wind deployments at most locations, buildings must still rely heavily on the electric grid for power. 

Another major drawback of DG is that large centralized power plants benefit from economies-of-scale that cause their generation 

costs, even accounting for T&D losses, to be significantly lower than DG. As a result, today’s DG deploy- ments rely heavily on 

net metering—where buildings sell the unused energy they produce back to the utility company—to offset their cost relative to 

grid energy. DG is a much less financially attractive where net metering is not available. Net metering laws and regulations vary 
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widely across states—it is not available in four states and the regulations are weak in many others [2]. Further, even where 

available, states typically place  low  caps  on  both  the  total  number of  participating consumers and the total amount of energy 

contributed per customer [28]. After exceeding these caps, utilities are no longer required to accept excess power from DG 

deployments. As one example, the state of Washington caps the total number of participating consumers at 0.25% of all customers. 

One reason for the strict laws limiting DG’s contribution is that injecting significant quantities of power into the grid from 

unpredictable renewables at large scales has the potential to destabilize the grid by making it difficult, or impossible, for utilities to 

balance supply and demand. Large baseload power plants that produce the majority of grid energy are simply not agile enough to 

scale their own generation up and down to offset significant fractions of renewable generation. 

Thus far, current laws have not been an issue, since today’s energy prices do not make DG financially attractive enough to reach 

even these low state caps. However, more widespread adoption of DG is critical to meeting existing goals for increasing the 

fraction of environmentally-friendly renewable energy sources. For example, the Renewables Portfolio Stan- dard targets 25% of 

electricity generation from intermittent renewables [8], while California’s Executive Order S-21-09 in  California calls for 33% of 

generation from renewables by 2020 [31]. Given current laws, if and when DG becomes more widespread, buildings will have to 

look beyond net me- tering to balance on-site energy generation and consumption, 

 

while also reducing DG’s costs. We envision consumers using a  combination of  on-site  renewables, on-site  battery-based 

energy storage, and the electric grid to satisfy their energy requirements, while also balancing local supply and demand. In 

parallel, we envision the adoption of market-based elec- tricity  pricing  providing a  new  opportunity to  recoup  the loss  of  net  

metering  revenue, while  also  introducing new financial incentives for DG where net metering is not available. Many utilities are 

transitioning from conventional fixed-rate pricing  models,  which  charge  a  flat fee  per  kilowatt-hour (kWh), to new market-

based schemes, e.g., real-time or time- of-use pricing, which more accurately reflect electricity’s cost by  raising  and  lowering  

prices  during  peak  and  off-peak periods, respectively. Satisfying peak demands is significantly more expensive (∼10x) than off-

peak demands, since peak demands drive both capital expenses—by dictating the num- ber  of  power  plants,  transmission lines,  

and  substations— and operational expenses—“peaking” generators are generally dirtier and costlier to operate than baseload 

generators [19]. For instance, Illinois already requires utilities to provide residential customers the option of using hourly 

electricity prices based directly on wholesale prices [30], while Ontario charges residential customers based on a time-of-use 

scheme with three different price tiers (off-, mid-, and on-peak) each day [26]. 

The primary contribution of this paper is a  new system architecture and  control algorithm, called GreenCharge for managing on-

site renewables, on-site energy storage, and grid energy in buildings to minimize grid energy costs for market- based electricity 

prices. Our system determines both the frac- tion of power to consume from the grid versus on-site battery- based energy storage, 

as well as when and how much to charge battery-based storage using grid energy. The primary inputs to our control algorithm are 

1) the battery’s current energy level, 2) a prediction of future solar/wind energy generation, 3) a prediction of future energy 

consumption patterns, and 4) market-based electricity prices. The output is the amount of power to consume from the grid, as well 

as the power to  discharge or  charge the battery from renewables or the grid, over each rate period. We evaluate our system using 

a collection of real data sets, including power consumption data from a real home, energy harvesting data from a solar and wind 

deployment, National Weather Service (NWS) forecast data, and TOU pricing data from Ontario, Canada. 

We compare GreenCharge with two other approaches: i) an approach from initial work, called SmartCharge [23], that only uses 

energy storage without renewables to reduce prices and ii)  an  oracle with perfect knowledge of  future energy consumption and 

generation. GreenCharge extends our initial work on SmartCharge in multiple ways. First, SmartCharge only optimized prices by 

determining when and how much to charge a battery at off-peak hours. GreenCharge extends this  idea  to  account for  

intermittent renewable generation, e.g.,  by  using  forecast-based models to  predict  future  en- ergy harvesting—a major 

enhancement to  SmartCharge. In addition, this paper includes new material describing our use of communication protocols in 

implementing a GreenCharge prototype, as well as a revised linear programming formulation and algorithm that accounts for 

renewable generation. Finally, 



IJRIT International Journal of Research in Information Technology, Volume 2, Issue 10, October 2014, Pg. 52-61 

A.Jayakrishna, IJRIT  54 

 

 

Fig. 1.     A depiction  of GreenCharge’s architecture,  including its  battery array and charger, DC→AC inverter, solar and/or 

wind energy sources, power transfer switch, energy/voltage sensors, and gateway server. 

 
our work includes substantial experiments to understand the impact of adding renewables to SmartCharge. Our results show that 

GreenCharge saves an additional 10-15% on electric bills beyond SmartCharge, which only uses a battery, and is near the 

performance of an oracle with perfect future knowledge. 

 
II.  GREENCHARGE ARCHITECTURE 

Figure 1 depicts GreenCharge’s architecture, which utilizes a  power  transfer  switch  that  is  able  to  toggle  the  power 

source for the home’s electrical panel between the grid and a  DC→AC  inverter  connected  to  a  battery  array.  On-site 

solar  panels or  wind  turbines connect to,  and  charge, the battery array. A smart gateway server continuously monitors 

1) electricity prices via the Internet 

2) household consumption via an in-panel energy monitor 

3) renewable generation via current transducers, and  

4) the battery’s state of charge via voltage sensors.  

 

Our SmartCharge system, which we compare against in this work, utilizes the same architecture, but does not use renewables 

[23]. Before the start  of  each  day, the  server solves an  opti- mization problem based on the next day’s expected electric- 

ity prices, the home’s expected consumption and generation pattern,  and  the  battery  array’s  capacity  and  current  state of 

charge, to determine when to switch the home’s power source between the grid and the battery array. The server also determines 

when to charge the battery array when the home uses grid power. In §VI, we provide a detailed estimate of GreenCharge’s 

installation and maintenance costs based on price quotes for widely-available commercial products. 
 

 
A. Network Communication and Sensing 

One challenge with instantiating GreenCharge’s architecture is transmitting sensor data about energy consumption, energy to 

require utilities to offer residential consumers the option of using real-time pricing plans. While some utilities use real- time  

prices not known in  advance, most utilities use  day- ahead market prices, which are are set one day in advance. Since 

utilities purchase most of their electricity in day-ahead markets, e.g., 98% in New York [25], next-day prices are well- known. 

There are many possible ways for GreenCharge’s gateway server to monitor prices in real time. In the simplest case, utilities 

can provide simple web pages with current prices. For example, Illinois utilities are already required to do this, e.g., 

www.powersmartpricing.org/chart posts next-day prices each evening. Utilities may also use explicit protocols to “push” prices 

to GreenCharge’s gateway server whenever they change. For example, utilities could run publish/subscribe protocols that interact 

with smart meters to broadcast price changes. In this case GreenCharge’s gateway server could interact with a  building’s 
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local  smart  meter to  discover prices. Authors in [18], [13] propose to combine IP multicast and publish- subscribe 

technologies to scale real-time price broadcast to millions of users for Ecogrid [9]. When using smart meters, utilities could 

disseminate prices using the smart meter’s communication protocol, e.g., often cellular wireless or wired powerline, rather than 

the public Internet. 

Transactive control system, presented in [16], proposes an- other way of price dissemination in smart grids. In transactive 

control, responsive demand assets are controlled by a single, shared, price-like value signal. It defines a hierarchical node 

structure and the signal path through these nodes, and includes the predicted day-ahead price values. Alternatively, IEC 61850 

([3]), which has been used between DER (Distributed Energy Resources) plants for energy and price information exchange, can 

be extended for price exchange in smart grids. [22] presents a survey of a set of existing communication protocols. The report 

also analyzes suitability of the surveyed protocols for their application in real-time price exchange. 

GreenCharge is  compatible  with  any  method  above  for retrieving real-time prices, and works well with both TOU and 

real-time pricing plans. In either case, GreenCharge solves the optimization problem detailed in the next section at the end of 

each day to determine when to switch between grid and battery power to minimize costs, based on next-day prices and 

expected next-day consumption. The number of periods each day—four in Ontario or twenty-four in Illinois—simply changes a 

parameter in the optimization’s constraints. 

 

 

 
 

 

III. GREENCHARGE AL GORIT HM 

GreenCharge cuts electricity bills by combining on-site renewable generation with energy storage that stores energy during low-

cost periods for use during high-cost periods. As discussed in §I, GreenCharge extends our SmartCharge system that only uses 

energy storage to cut electricity bills without renewables. The total possible savings each day is a function of both the home’s 

rate plan and its pattern of generation and consumption. Throughout the paper, we use power data from a real home we have 

monitored for the past two years as a case study to illustrate GreenCharge’s potential benefits. The home is an average 3 

bedroom, 2 bath house in Massachusetts 

 
Fig. 3.    Example solar harvest data from a day in August. 

 
with 1700 square feet. To measure electricity, we instrument the home with an eGauge energy meter [11], which installs in the 

electrical panel by wrapping two 100A current transducers around each leg of the home’s split-leg incoming power. We have 

monitored the home’s power consumption every second for the past two years. In 2010, the home consumed 8240kWh at a cost 

of $1203.53 (or 22.6 kWh/day), while in 2011 it consumed 9732kWh at a cost of $1339.51 (or 26.7 kWh/day). The costs are 

near the $1419 average U.S. home electric bill. Separately, we have deployed solar panels to study variation in solar power 

generation. Figure 3 depicts power generation from a sunny day. 
 
 
A. Potential Benefits 
 

To better understand GreenCharge’s potential for savings, it is useful to consider a worst-case scenario where 100% of the 



IJRIT International Journal of Research in Information Technology, Volume 2, Issue 10, October 2014, Pg. 52-61 

A.Jayakrishna, IJRIT  56 

 

home’s consumption occurs during the day’s highest rate period. Figure 4 then compares GreenCharge using renewable 

production from Figure 3 with a home has only energy storage but not renewables (labeled SmartCharge), and home with no 

energy storage or renewables. Now consider our home’s hourly electricity use on January 3rd, 2012, as depicted in Figure 4 in red. 

On this day, the home consumed 43.7 kWh, primarily due to the occupants running multiple laundry loads after returning from a 

holiday trip. With Ontario’s TOU plan, if the home had consumed 100% of the day’s power during the 10.8¢/kWh on- peak 

period, and all consumption was shifted to the 6.2¢/kWh off-peak period, then the maximum savings is 43%, or $2.01 (from 

$4.72 to $2.71) for the day. Since the home did not consume 100% of its power during the on-peak period, the maximum 

realizable savings (if we shift all of the on-peak and mid-peak consumption to the off-peak period) is only 30%, a decrease of 

$1.14 for the day (from $3.85 to $2.71). In practice, battery and inverter inefficiencies, which combined 

are ∼80% efficient, reduce the savings further, to $0.99 for 
the day. Finally, if we then add in the 10.5kW generated by renewables the savings increases by $0.93 to $1.92. This per- day 

savings rate translates to a yearly savings of $702, if the system achieves it every day. 

Real-time pricing plans, as in Illinois, offer even more potential for savings, since the difference between the highest and 

lowest rate is significantly larger than a typical TOU plan. Of course, energy consumption and generation patterns, as well as 

hourly rates vary each day, which may decrease (or increase) a building’s actual yearly savings. To understand why 
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energy storage. Similarly, in parallel with our work, Carpenter et al. also show that today’s pricing schemes may increase the 

grid’s peak demand at scale if prices do not adjust to demand. The work studies the profitability of a variety of different 

pricing schemes, and their effectiveness in  decreasing grid demand peaks at scale. Koutsopoulos et al. [20] explore the 

problem from the perspective of a utility operator. In this case, the utility controls when to charge and discharge battery-based 

storage to minimize generation costs, assuming the marginal cost to dispatch generators increases super-linearly as utilities 

move  up  the  dispatch  stack  to  satisfy  increasing demand. In contrast to our problem, the approach is more applicable to 

large centralized energy storage facilities. We discuss the trade-offs between distributed and centralized energy storage in §VI-

B. 

 

VIII. CONCL USION 

In this paper, we explore how to lower electric bills using GreenCharge by storing low-cost energy for use during high- cost 

periods. We show that typical savings today are near 20% per home with the potential for significant grid peak reduction (20% 

with our data). Finally, we analyze GreenCharge’s costs, and show that recent battery advancements combined with an expected 

rise in electricity prices and decrease in solar panel prices may make GreenCharge’s return on investment positive for the average 

home within the next few years. 
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