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ABSTRACT 

Flexibility is the key concept in the future power systems, as the utilization of variable renewable energy sources is 
increasing. In this article, the flexibility is provided by optimizing the household hot water heating with electric hot water 
heaters (EHWH). The optimization is conducted by an aggregator, that may influence the power market equilibrium by 
pooling the load of multiple EHWHs and shifting the load based on the given signals from the power market. In other 
words, the impact of load shifting is endogenized into the price and CO2 emissions formation. The proposed modelling 
framework combines econometric analyses of electricity prices and CO2 emissions, as well as dynamic optimization of the 
water heating. As results, we show that the water heating savings are first increased with higher number of controlled 
households, as the law of large numbers diminish the uncertainty related to the hot water consumption profile of a single 
household. However, there is an optimum number of households being controlled by the aggregator in terms of saved 
heating costs. Turning to the emissions minimization, we show that the cost minimization target yields a better outcome 
than if the emissions minimization is based on the average emission factors. However, maximum amount of emissions are 
minimized when the marginal emission factors are taken into account. 
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INTRODUCTION  

A major share of households' energy consumption is related to space and water heating. In this paper we restrict our 
attention on distributed energy storage provided with electric hot water heaters (EHWH), which are used for heating the 
household water. In general, the EHWHs are seen as an easy way of demand response implementation [1]. The EHWHs 
offer a lot of flexibility since their charging can be shifted without sacrificing any comfort-of-living [2]. This is important 
as it is necessary to employ demand response policies that reduce cost of electricity without sacrificing the living comfort 
[3]. The simultaneous optimization and coordination of multiple EHWHs provides a large-scale demand response resource 
in the power systems. In other words, the optimization of EHWHs can provide similar systemic response as other (costlier) 
large-scale energy storage, and thus, increase the value of variable renewable energy. 

The deployment of smart-meters and increased need for flexibility have enabled new business opportunities for 
aggregators [4]. The purpose of aggregators is to provide added value for the consumers by offering their aggregated 
demand flexibility into the market. Whereas the impact from optimizing a single EHWH on the power system is negligible, 
optimizing the water heating for a pool of EHWHs may not lead only to power system-level changes in load and electricity 
prices, but also in the CO2 emissions. Load shifting is expected to reduce load and price volatility as well as decrease 
households' water heating costs, but the effect on emissions can be one way or another [5]. That is, the impact of water 
heating optimization on CO2 emissions is power system-specific. More specifically, the outcome depends on the relation 
between electricity prices and CO2 intensity of the generation technology-mix. 

In this paper we develop a model where literature on studies optimizing household water heating [6] and studies 
quantifying the price effects of electricity consumption and wind power [7] are combined. Our main contribution is to 
provide important insights of complex market dynamics related to the demand response resource aggregation, different 
electricity pricing contracts and increasing wind power generation. With the developed model we quantify the individual 
and combined effects of these. Understanding the dynamics is important as there is a pressing need to quantify the potential 
system and market value of demand response resources. The developed model is applied to the Finnish power market. 

Last and most importantly, we consider both cost and emission minimization targets to examine whether these 
two targets generate different results in electricity prices, system load and CO2 emissions. Power system's hourly average 
and marginal CO2 emission factors are calculated to quantify the reduction in CO2 emissions resulting from the load 
shifting. Based on the results, we are able to discuss about the cost of CO2 emissions reduction in terms of the household 
hot water heating. 

 
 

METHODS 

Consider that the representative household lives in an electric-heated detached house, that has a 3kW electric hot water 
heater with a volume of 290 litres. The daily hot water consumption is 200 litres, and the representative hourly consumption 
profile is drawn from a hot water consumption simulator DWHcalc [8]. The representative household has the possibility 
of automatic hot water heating optimization, where the optimization is based on the power system information (hourly 
price or system emissions) and the household’s hot water consumption distribution statistics. Alternatively, the household 
may admit the control of heating for an aggregator, which optimizes the heating of multiple household simultaneously.  

The hourly hot water consumption is stochastic, as the consumption of household 𝑖 is drawn from the distribution 
𝑐#$%&'$(')*+, = 𝑁/𝜇#$%&'$(')*+, 𝜎#$%&'$(')*+3 4, with a mean 𝜇 and a standard deviation 𝜎 (see Figure 1). However, when 
the aggregator controls a larger pool of hot water heaters, the uncertainty related to a single hot water consumption 
decreases (assuming the hot water demand for each household 𝑖 ∈ [1,𝑁] is drawn from the representative consumption 
distribution and the stochastic part of the consumption realizations are i.i.d). In other words, according to the central limit 
theorem, the uncertainty related to the single household’s hot water energy consumption is reduced as the number of 
controllable households (N) becomes larger:  

 

�̅�#$%&'$(')*+ = 𝑁;𝜇#$%&'$(')*+,
𝜎#$%&'$(')*+3

𝑁 < 
(1) 
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Figure 1. Hot water consumption (in energy units) mean and standard deviation. 

 
Electricity consumption causes CO2 emissions. The aggregator’s target may be to minimize electricity costs from water 
heating, or it may pursue to minimize the CO2 emissions. When minimizing the emissions, the aggregator may optimize 
water heating based on the average emission factors (AEF) or marginal emission factors (MEF) in electricity production. 
Whereas the AEFs are directly observable to the researcher, the MEFs need to be estimated. The calculation of the MEFs 
is started by formulating the following equation: 
 

𝐸> = 𝛼 + 𝛽B𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛> + 𝛽3𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛>3 + 𝛽J𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛>J
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where 𝐸> are the CO2 emissions of the electricity generation in Finland at hour t, 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛> is the amount of electricity 
generation in Finland at hour t, and time fixed effects are controlled by including full sets of the binary indicators for 
month-of-year, weekday and hour-of-day. The MEFs at each level of production are given by the partial derivative of (2) 
with respect to the production. 

To examine the impact of an aggregator in different market conditions, we consider the changes in wind power 
penetration in Denmark, Estonia, Finland and Sweden. Based on the previous literature [9], we anticipate that the higher 
amount of wind power influences the day-ahead market prices in Finland (𝑃>]^). Therefore, we formulate the following 
model: 
 

𝑃>]^ = 𝛼 + 𝛽_𝐿𝑜𝑎𝑑>]^ + 𝛽a𝑊𝑖𝑛𝑑>]^ + 𝛽Y𝑊𝑖𝑛𝑑>cd + 𝛽e𝑊𝑖𝑛𝑑>fgh + 𝛽i𝑊𝑖𝑛𝑑>gf
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where 𝑋k>  includes first-differenced nuclear power generation, fuel prices and water inflows to the hydro reservoirs. Lastly, 
to calculate the impact of load shifting and wind power production on the non-wind production the following model is 
estimated: 
 

𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛> = 𝛼 + 𝛽m𝐿𝑜𝑎𝑑>]^ + 𝛽Bo𝑊𝑖𝑛𝑑>]^ + 𝛽BB𝑊𝑖𝑛𝑑>cd + 𝛽B3𝑊𝑖𝑛𝑑>fgh + 𝛽BJ𝑊𝑖𝑛𝑑>gf + 𝜀>. (4) 
 
As the non-wind production changes, it has an effect on the CO2 emissions in Equation (2). Models (2), (3) and (4) are 
estimated as a system of seemingly unrelated regressions, i.e., any cross-correlations across the error terms are taken into 
account. Besides the amount of wind in the original sample period (5.6%), we consider situations where 7.5% and 10% of 
electricity consumption is supplied with wind power. All power market variables are day-ahead forecasts. 
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The data described above are used as inputs in the dynamic optimization model, which is a discrete-time model with hourly 
resolution over one year (t = 1,…8760). The aggregator controls the amount of water heating in each hour, given the 
amount of energy in the heater, restricted by the maximum amount of energy in the heater and maximum heating power of 
the heater. Additionally, the aggregator must take the stochasticity of hot water consumption into account. Also, the heat 
loss of the heater is modelled. All inter-linkages between Equations (2), (3) and (4) are taken into account in the 
optimization. 
 

SECTIONS: RESULTS AND DISCUSSION  

 
Cost and emission minimization potential of EHWH heat storage utilization 

Annual cost savings from the optimization are shown in Figure 1. The first notion is that the savings are increasing with 
higher number of households controlled by the aggregator. In other words, the variation in individual water consumption 
patterns average out, such that the uncertainty in the optimization is diminished. On the other hand, as the market 
participants learn to anticipate the load shifting, the price variation is diminished, that decreases the cost savings with 
higher number of controlled households. 

 
 

Figure 1. Annual cost savings of EHWH optimization over varying aggregator network size (number of households) and 
wind share scenarios. 

 

However, as shown in Table 1, higher amount of wind power increases the price volatility. Also, the result of the increased 
price volatility on cost savings can be seen in Figure 1, as the savings are larger with higher amount of wind power. 
Furthermore, similarly as in previous literature [9], our results show that higher wind power lowers the mean electricity 
price. As expected, the water heating costs become lower as the general price level is decreased. Lastly, the cost savings 
from the optimization, averaged over the different aggregator sizes, are increased with higher wind power penetration. 

 

Table 1. Electricity prices and annual hot water heating optimization savings in wind share scenarios. 
 Electricity Price (€/MWh) Hot water heating costs (€) 

Wind share (%) Average Std Total Optimization savings 
5.6 33.07 9.19 416.1 62.26 (15.0%) 
7.5 31.91 9.40 409.4 62.61 (15.3%) 

10.0 30.79 9.65 402.7 63.19 (15.7%) 
 

The emissions reductions in the cost minimization case are shown by the blue bars in Figure 2. The yellow bars indicate 
the emissions reductions when the aggregator minimizes emissions based on the average emission factors. Lastly, the green 
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bars show the amount of reduced emissions when the target is to minimize emissions, given the functional form of the 
emissions model in Equation (2). In other words, when minimizing the total emissions, the aggregator considers the 
marginal impact of the load shifting on emissions. 

As can be seen in Figure 2, the maximum emission savings are achieved when the optimization takes into account 
the marginal emissions. Interestingly, the cost minimization target is the next best in reducing the emissions (79% of the 
maximum emissions reduction). In other words, the emissions reductions are lower in case of AEF-based optimization than 
when minimizing the heating costs. More specifically, the emissions minimization based on the average emission factors 
leads only to 54% emission reduction of the maximum.  

 
Figure 2. Annual emission reduction per household with different target functions. 

 
The intuition behind this result is shown in Figure 3. On the left-hand side, the average emission factors are lower than on 
the right-hand side. Based on this signal, the aggregator shifts load from hour 2 to hour 1. However, the marginal impact 
on emissions is determined at the market equilibrium where the demand and supply curves intersect. In the example figure, 
the marginal emission factor is higher at hour 1. Therefore, in case the aggregator has only knowledge of the average 
emission factors, it may shift load to hours where the marginal impact on emissions is higher.  
 
 

 
Figure 3. Emission minimization based on average versus marginal emission factors. 
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In the simulations, as the equilibrium price and marginal emission factors are more positively correlated (corr = 0.34) than 
the prices and average emission factors (corr = 0.19), the cost minimization (choose the smallest prices) yields better 
outcome from the emissions perspective. 
 
 
Emission pricing and cost minimization 

The difference in emissions reductions between cost minimization and MEF-emissions minimization was examined in a 
more detail. More specifically, as the emissions permit price is one determinant in the producers’ cost functions, the 
hypothesis is that the difference should become smaller with higher price on emissions. 

We divided the realized electricity prices to a carbon- and non-carbon-related parts. The carbon-related part 
includes the part of price that can be attributed to the emission permit costs, and the non-carbon-related part includes all 
other costs, such as fuel and operation and maintenance costs. We calculated the carbon-related part in the equilibrium 
price by utilizing the estimated marginal emission factors at the market equilibrium. The price per ton of CO2 was assumed 
fixed over the year, and it was calculated as an average over the EU ETS auction prices, weighted by the auctioned volume 
in each auction. 

As an example, the correlation between the MEFs and prices increases from 0.34 to 0.49 when the emissions 
permit price is increased from 5.79 to 50€/tCO2. In this case, the emissions reduction with the cost minimization target is 
83.4% of the MEF-based emissions reduction, that means an increase of 3.6 percentage-point compared to the prices with 
the original emissions price. Therefore, the higher carbon prices would yield to a better result with respect to emissions 
reductions even when the target is to minimize the heating costs. However, the difference is getting smaller decreasingly, 
meaning that the pure emissions minimization target is always the best solutions from the environmental perspective (see 
Figure 4).  

 

 
 

Figure 4. Annual emission reduction per household in cost minimization target over varying emission price scenarios 
(left). Annual emission reduction per household in emission minimization target (right). In this example the number of 

households controlled by the aggregator is 5000. 
 
Lastly, we calculated the cost per reduced ton of CO2 by utilizing the results from the cost and emissions 

minimization scenarios. In other words, to minimize emissions the household should give up part of its savings collected 
in the cost minimization scenario. Following from the emissions minimization, the amount of reduced emissions would be 
higher than in the cost minimization scenario. Thus, the cost of reduced ton of CO2 is calculated as: 

 

/𝑡𝐶𝑂3sk,tt,$ut − 𝑡𝐶𝑂3w$t>4
(𝑆𝑎𝑣𝑖𝑛𝑔𝑠w$t> − 𝑆𝑎𝑣𝑖𝑛𝑔𝑠sk,tt,$ut) ,

(5) 
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that yield values between 700 (with N = 10) to 750 (with N = 1) €/tCO2. The results show that the choice from choosing 
the emissions minimization target instead of cost minimization is not necessarily a cost-efficient way in reducing the 
emissions. This is mainly based on the outcome that the cost minimization is already a good proxy for the maximum 
amount of emissions reduction related to the household water heating.  

 
 
CONCLUSIONS AND POLICY IMPLICATIONS  

In this paper we developed a framework analysing the impacts of aggregating and optimizing household water heating. 
The optimization is coordinated by an aggregator that may influence the price formation by shifting the electricity 
consumption across hours. We propose that the aggregator may have alternative optimization targets. First, it may pursue 
to minimize the water heating costs of the households or it may try to minimize the CO2 emissions related to the water 
heating. Emissions minimization may be based on the average emission factors or on the marginal emission factors. 

We contribute to the previous literature on economics of electricity consumption aggregation in multiple ways. 
First, we build up the wide-spread impacts on, e.g., electricity prices and CO2 emissions from the household-level. We 
endogenize the price effect from load shifting on the electricity market prices, that is taken into account by the aggregator 
in its optimization. Second, we consider different operational environment by varying the amount of wind power in Finland 
and in its neighbouring countries. The impact of higher wind power levels on the Finnish electricity prices and CO2 

emissions are considered by estimating a system of seemingly unrelated regression allowing for any cross-correlations 
between the relevant variables. Most importantly, we examine how load shifting by an aggregator may contribute to the 
prevention of climate change in reducing the CO2 emissions. The impact on emissions is quantified in alternative ways that 
has not been done in this branch of literature before.   

Policy-wise, our results show that the market entry of aggregators should be promoted. Furthermore, the 
transparency of hourly CO2 emission factors, both average and marginal, should be improved to enable emissions-based 
load shifting. Lastly, the new ICT devices in residential buildings, including the new generation of smart-meters, should 
be implemented such that the control of the home automation could be admitted to an aggregator in a cost-efficient way. 
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