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Abstract—Against the background of more renewable energy, 

limited investment in power generation, ageing distribution and 

transmission infrastructure, and the electrification of energy, the 

demand side of the electricity system is gaining attention. 

Moreover, the increasing ability to automate household 

appliances allows to involve the demand side more easily. 

Therefore, this paper examines demand response of residential 

consumers possessing smart appliances. Starting from day ahead 

wholesale prices and renewable energy production, different cost 

reflective Real Time Pricing (RTP) schemes are developed. 

According to these schemes, white goods are scheduled to the 

lowest price period taking into account user preferences. These 

demand modifications bring about new insights in the impact of 

the introduction of RTP.  

 
Index Terms—Demand Response, Dynamic Pricing, 

Electricity Tariff, Integer Linear Programming, Renewable 

Energy, Scheduling, Smart Grids. 

I.  INTRODUCTION 

HE European electricity system is facing tremendous 

challenges. By 2050, the European Union wants to reduce 

greenhouse gas emissions by at least 80% below 1990 levels 

[1]. One of the ways to overcome this challenge is the 

integration of Renewable Energy Sources (RES) [2]. As RES 

are characterised by intermittency, extra resources are needed 

to match supply and demand at all times. Historically, power 

markets have focused on the supply side to balance the energy 

system, while the demand side was considered as fixed. As 

clean supply side measures become insufficient in the event of 

booming RES, more active involvement of the demand side is 

needed. Real Time Pricing (RTP) [3] is one way to engage the 

demand side. In this dynamic pricing structure consumers 

receive hourly prices, reflecting the underlying cost of energy. 

Typically, hourly prices are higher when electricity demand is 

high as expensive peaking plants are online. This relationship 

can change in view of a massive introduction of RES, as the 

reduction of hourly prices induced by a peak of renewable 

energy production [4] is independent of the demand pattern. 

Accordingly, an increase in price due to high demand can be 
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compensated by the availability of renewable energy. If 

consumers are price responsive, the demand rises with the 

availability of renewable energy. This demand modification 

illustrates the transition from a supply follows demand 

towards a demand follows supply paradigm. 

In view of this paradigm shift, residential customer 

involvement is enhanced by a trend towards automation of 

appliances [5], [6]. This trend is reflected by pilot projects 

such as Linear [7], and ADDRESS [8], which use automated 

smart appliances at the demand side to attain more flexibility 

in the electricity system. Moreover, industrial interest from the 

telecom, energy and household appliance sector to automate 

appliances is growing [9]. To meet this trend, this paper 

describes a way to model demand response starting from a 

cost minimizing appliance scheduler in a household under 

dynamic pricing schemes. 

The remainder of this paper is organized as follows. In 

Section 2 a basic cost reflective dynamic pricing scheme is 

developed, based on hourly wholesale prices and renewable 

energy production. Afterwards, Section 3 describes a 

scheduler for household appliances, which shifts household 

appliances to the lowest price period using integer linear 

programming. Based on the attained price and the shifted 

consumption profile,  Section 4 presents a descriptive analysis 

of the demand modification, distinguishing between 

week/weekend and autumn-winter/spring-summer days. In 

addition, this section highlights the convergence of demand 

with renewable energy production and stipulates the short-

term impact on the electricity costs. In Section 5, the analysis 

is broadened by assessing the impact of demand response 

based on two different dynamic pricing schemes. These tariffs 

account for a higher price impact of RES and a dynamic 

distribution component. Finally, some general conclusions are 

derived in Section 5. 

II.  BASIC DYNAMIC PRICING SCHEME 

This section describes the development of a basic RTP 

scheme based on [10]. In this scheme, the day is divided into 

24 time blocks of one hour. Each hourly price consists of four 

price components: energy, transmission, distribution and an 

additional component compromising levies and taxes. The 

latter three components remain fixed during the year, while 

the energy component varies based on hourly day ahead 

wholesale prices [11]. This wholesale price typically reflects 

the underlying cost of energy. As more intermittent RES will 

be integrated taking into account the European 20-20-20 
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objectives [12], [13], wholesale price patterns will be affected 

[4]. Therefore, wholesale prices are adjusted for a 1340 MW 

and 4320 MW projected capacity level of respectively solar 

panels and wind turbines in Belgium [14]. Wholesale price 

adjustment is based on market resiliency analysis. This 

analysis states the wholesale price sensitivity due to an 

increase in offer or demand on the market. Based on [11], an 

hour with 100 MW renewable energy production above 

average leads to a €0.332 decrease of the hourly wholesale 

price. This resiliency factor is applied to annual hourly 

production profiles of solar and wind plants, derived from 

publicly available data [15], [16]. Once the adjusted wholesale 

price is derived, the residential energy price component is 

attained by multiplying the wholesale price with a rescaling 

factor. Applying this factor to the wholesale price ensures the 

principle of revenue neutrality. This states that if an average 

consumer doesn’t change its consumption pattern, the yearly 

electricity bill for the consumer remains the same when 

switching to a dynamic pricing scheme. 

Once the hourly dynamic energy component is calculated, 

the three fixed components are added. The results are depicted 

in Fig. 1. A distinction is made between spring/summer and 

autumn/winter prices of both week and weekend typical days. 

For each typical day, the average price pattern is depicted. The 

figure outlines the variability of price with high prices during 

the day time and lower prices during the night. Typically 

weekend prices are lower than week prices and autumn/winter 

prices are higher than spring/summer prices. In autumn/winter, 

the price pattern shows a peak towards the evening. In the 

spring/summer period, the highest prices occur during noon. 

The flat line represents the baseline price of the RTP scheme. 

This is the average price a Belgium household pays for 

consuming 1 kWh.  

III.  APPLIANCE SCHEDULER 

Starting from the basic dynamic pricing scheme, an 

appliance scheduler shifts consumption to the lowest price 

period. Several load control algorithms are discussed in 

literature [17]-[20]. Most of these studies optimize the 

appliance schedule for one day, given a theoretical time 

window in which the predefined power consumption profile 

can be shifted [18]-[20]. Adding to these studies, this paper 

applies an appliance scheduler to yearly measured 

consumption data of residential consumers. These realistic 

consumption profiles call for a different approach as the power 

profile and the timing of each appliance cycle differs day by 

day. Moreover, the scheduler requires the integration of 

consumer preferences to ensure a more realistic outcome. 

Therefore, an appliance scheduler based on Integer Linear 

Programming (ILP) is developed. 

A.  Data & Assumptions 

Within the context of the Linear project [7], consumption 

profiles of sixty Belgian households are measured since 2011. 

Out of sixty profiles, this paper selected six profiles based on 

quality and completeness of the data. These six profiles cover 

a full year on an hourly basis. A general characterization of  

 

Fig. 1.  Average Hourly Price Pattern during spring/summer autumn/winter 

and week/weekend days. 

TABLE I 

YEARLY HOUSEHOLD CONSUMPTION 

Household 1 2 3 4 5 6 

Total Consumption (kWh) 7633 6616 7590 7680 6121 3906 

Flex. Consumption (kWh) 1129 270 859 463 1497 908 

Dishwasher  x x  x x 

Washing Machine x x x x x x 

Dryer x x x x x x 

 

the consumption of these households is given in Table 1. This 

illustrates that the amount of flexibility originated from white 

good appliances is limited compared to total consumption. 

Moreover, flexible consumption depends on the household 

itself, as the frequency of use and the number of white good 

appliances varies over the households. While the flexibility 

accounts for less than 300 kWh  in some households, other 

households have almost 1500 kWh available for flexibility 

purposes.  

Measurements are available on household level and 

appliance level. The measurements at household level cover 

total consumption, consisting of both flexible and non-flexible 

consumption. At appliance level, measurements are available 

for each of the following white good appliances: washing 

machine, dryer, and dishwasher. These are considered as 

flexible, as they can be shifted in time. Two white good 

consumption profiles are distinguished: the initial measured 

profile without automation and the optimal profile with 

automation. The flexibility profile without automation equals 

the historical profile, while the profile with automation is 

obtained after running the appliance scheduler. For this model, 

it is assumed that consumers don’t change their behaviour 

under a dynamic pricing scheme. This implies that a consumer 

loads and initialises its smart appliance at the same time as in 

the non-automated case. Afterwards he sets the shifting 

potential (tsp) with a timer, stating by when his cycle needs to 

be finished. Within this period, the appliance cycle is 

optimally scheduled based upon the dynamic pricing scheme. 

Only a shift of the full cycle is considered, as the white goods 

are assumed uninterruptible. 

B.  Integer Linear Program (ILP) 

1) Objective Function: The objective of the scheduler is to 

minimize the yearly electricity cost by shifting the smart 

appliances to the lowest price periods. This is reflected in the 

following objective function: ∑ ,          (1) 
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where  reflects the cost for cycle i of appliance j (1 = 

washing machine, 2 = dryer, 3 = dishwasher) shifted with n - 1 

hours, where n  {1, … , tsp}.  represents a binary 

auxiliary decision variable. If Xijn = 1, cycle i of appliance j is 

shifted for n - 1 hours. The values  are calculated before 

the ILP is solved. This approach allows to easily add 

constraints to integrate consumer preferences into the model. 

2) Constraints: Cycle j of appliance i needs to be executed 

once within the shifting interval: 

 ∑ 1    , .       (2) 

An appliance cycle needs to be finished before the initial 

start of the next cycle of the same appliance:  

  ,    ,  ,        (3) 

where  represents the optimal cycle finish for cycle i of 

appliance j and ,  stands for the initial cycle start of 

cycle i+1 of appliance j. 

 The last cycle of the year needs to be finished before the 

year ends: 

      ,  ,       (4) 

where  represents the last time interval of the simulation 

period. 

In most cases, there exists a direct link between the cycle of 

the washing machine and the dryer as the washed load is put 

in the dryer after finishing. Therefore, the washing machine 

needs to finish before the dryer cycle is initialised: 

    ,        (5) 

where  represents the optimal cyle finish of cycle i of 

the washing machine and  stands for the initial cycle start 

of the linked dryer cycle l. 

C.  Scheduler Example 

Fig. 2 illustrates the change in consumption pattern after 

solving the ILP. Initially, the shifting potential tsp is set to 8 

hours in this paper. The example depicts the flexible 

consumption pattern of household 1 for two random weekdays 

of October. The hourly prices are represented in the top figure. 

Underneath, the initial and optimal consumption pattern of the 

different appliances are depicted. For reasons of clarity, the 

non-flexible consumption is omitted from this figure. Clearly, 

the smart appliances are shifted towards the lowest cost 

periods given an 8h shifting potential. Moreover, the figure 

illustrates that the washing machine cycle needs to be finished 

before the start of the associated dryer cycle.  

 

 

 Fig. 2.  Hourly price pattern (top), and optimal and initial consumption 

patterns (bottom) during two random weekdays of October. 

IV.  AUTOMATED DEMAND RESPONSE ANALYSIS 

In this section, the results of using the scheduler for the 

appliances of the different households are outlined. First, a 

descriptive analysis shows the general effects of automated 

demand response on the consumption pattern and the 

electricity costs. Afterwards, the convergence of flexible 

consumption with renewable energy production is discussed. 

Finally, a sensitivity analyses is performed to estimate the 

impact of the shifting potential. 

A.  Descriptive Analysis 

To get an overall view on the consumption pattern change due 

to the use of the appliance scheduler, Fig. 3, Fig. 4, Fig. 5 and 

Fig. 6 show the initial and shifted consumption patterns for the 

average household. A distinction is made between four 

different types of days: week and weekend days of both 

spring/summer and autumn/winter. The top figures show the 

average hourly price level for that type of day. The bottom 

figures reflect the average consumption patterns. Here, a 

distinction is made between initial and optimal consumption 

patterns of both total consumption and flexible consumption. 

The figures show that the amount of flexible consumption is 

limited compared to total consumption. Although this 

limitation, shifting the flexible consumption can evoke new 

peaks in total consumption. Depending on the number of 

consumers facing dynamic prices, this can lead to new system 

peaks. Price setting taking into account demand modification 

can avoid these problems. 

The initial flexibility profiles illustrate that in general the 

quantity of flexibility on weekend days is higher than on week 

days. Moreover, the initial flexibility availability on week 

days shows a peak after 22h. This results from day/night tariff 

schemes implemented in Belgium. The optimal flexibility 

profiles show that a large part of consumption is shifted from 

the late evening to the early morning and from the 

morning/noon to the late afternoon. This shifting is highly 

dependent on the dynamic pricing scheme. In spring/summer, 

the afternoon peak in the optimal flexibility pattern occurs 

later than in autumn/winter, as prices rise one hour later in 

spring/summer. In weekends, the night peak in the optimal 

flexibility pattern occurs later than in weeks, as prices rise one 

hour later. 

Table 2 illustrates the total amount of flexible consumption 

over all households during the different types of days. 

Moreover, it depicts the cost reduction if the flexible 

consumption is shifted towards the lowest price period. The 

initial cost represents the total costs of the initial flexibility 

profile, while the optimal cost represents the total costs of the 

optimal flexibility profile. A total of 5039 kWh is available for 

flexibility purposes leading to a cost reduction of €74 or 

7.46% of the initial costs. Highest absolute profits are 

achieved during the autumn/winter week days. Lowest 

absolute profits are reached during spring/summer weekend 

days, eventhough the relative profits compared to the initial 

costs are highest in this case. Profits during autumn/winter are 

higher than during spring/summer due to a higher amount of 

flexibility available, although the effect is small. 
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Fig. 3.  Average price level (top) and consumption patterns (bottom) during 
summer/spring week days. 

 

Fig. 4.  Average price level (top) and consumption patterns (bottom) during 

summer/spring weekend days. 

 

In general, total profits are limited due to a limited amount 

of flexibility and to limited variability in the electricity tariff. 

Other tariff structures with higher variability can increase total 

profits. Moreover, individual household benefits show large 

diversity in total profits ranging from 2.09 to 22.52 euro per 

household. As a result, the profit picture changes if only 

households in which the biggest profits can be reaped are 

targeted. 

B.  Renewable Energy Uptake 

As the dynamic tariff is affected by RES as discussed in 

Section 2 and the shifting of consumption is highly dependent 

on the tariff scheme, more consumption during moments of 

high renewable energy production is expected. This would 

illustrate a change from a supply follows demand towards a 

demand follows supply paradigm. To assess this renewable 

energy uptake, two different measures are provided: firstly, 

the correlation between renewable energy production and the 

optimal and initial flexible demand, and secondly, the amount 

of consumption during moments with highest renewable 

energy production.  

 The correlation measure represents the degree to which 

renewable energy production and consumption show a 

tendency to move together. The correlation of renewable 

energy production and the aggregated initial consumption 

profile is 0.038, while the correlation with the aggregated 

optimal profile is only 0.035. This implies that the aggregated 

initial consumption profile shows a small tendency to meet 

with renewable energy production. If consumption is shifted, 

this tendency is even smaller, meaning that the optimal 

flexible consumption aligns less with renewable energy 

production. This results from the limited impact of renewable 

energy production on the total electricity tariff. To increase the 

uptake of renewable energy production, a new tariff design is 

necessary. 

 

Fig. 5.  Average price level (top) and consumption patterns (bottom) during 

autumn/winter week days. 

 

Fig. 6.  Average price level (top) and consumption patterns (bottom) during 

autumn/winter weekend days. 

 

TABLE II 

TOTAL FLEXIBLE CONSUMPTION AND COSTS 

 Consumption
 

(kWh) 

Initial 
costs 

(€) 

Optimal 
costs 

(€) 

Profits 
 

(€) 

Spring/summer 
week day 

1364 272 252 21 (7.62%)

Spring/summer 

weekend day 

913 163 148 15 (9.22%)

Autumn/winter 
week day 

1569 324 301 22 (6.94%)

Autumn/winter 

weekend day 

1193 230 214 16 (6.75%)

Total 5039 988 915 74 (7.46%)

 

As moments of highest renewable energy production are the 

most critical for the electricity system, the amount of 

consumption during these moments is measured.  Therefore, 

hours are ranked from low to high renewable energy 

production and divided in 5 intervals. For each interval, the 

amount of initial and optimal flexible consumption is 

specified. In the interval with the highest level of renewable 

energy production, 21.6% and 22.3% of initial and optimal 

flexible consumption respectively is assigned. This again 

illustrates the limited positive correlation between renewable 

energy production and flexible consumption. In order to 

increase the uptake of renewable energy, a different tariff 

design is advisable. 

C.  Shifting Potential 

The impact of shifting flexible consumption remains limited 

with a shifting potential of 8 hours. Therefore, a sensitivity 

analyses is performed on the shifting potential. Table 3 depicts 

the impact of varying the shifting potential on total profits. 

When the shifting potential equals 2 hours, profits diminish to 

almost €0. As the duration of most appliance cycles lays 
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within a 1 and 2h interval, demand modification is limited. 

When the shifting potential rises, profits increase. This 

increase lowers when reaching a higher level of shifting 

potential. This is attributable to the fact that biggest benefits 

are already harvested under lower shifting potential and that 

the larger the shifting potential becomes, the more the 

appliance cycle shifting is restricted by other appliance cycles. 

Total relative shifting profits rise to almost 10% compared to 

the initial flexibility costs in the case of a 12h shifting 

potential. If the cost of non-flexible consumption is added, this 

number decreases to 1.23%. These figures illustrate that even 

in the case of high shifting potential, profits remain limited 

under the current dynamic tariff structure. 

V.  OTHER DYNAMIC TARIFF STRUCTURES 

To overcome the limited impact of demand response on 

profits and renewable energy uptake due to the limited amount 

of flexibility from white goods, other dynamic tariff structures 

are constructed. In what follows, the limited profits are 

accounted for by bringing more variability in the tariff 

structure, while the renewable energy uptake is obtained by 

enlarging the price impact of RES. 

A.  Renewable Tariff 

This tariff structure increases the impact of renewable 

energy production on wholesale prices to allow a higher 

renewable energy uptake. Therefore, a higher resiliency is 

assumed by multiplying the resiliency of the basic dynamic 

pricing scheme of Section 2 with a factor. As the influence of 

renewable energy production on future prices is difficult to 

predict, this approach is acceptable. A basic renewable tariff is 

attained by multiplying the resiliency with 5, while an extreme 

renewable tariff is developed by multiplying with 10. This 

results in a resiliency factor of €1.66 and €3.32 per 100 MWh 

respectively. After adapting the basic and extreme renewable 

tariff, the tariffs are rescaled to take into account the principle 

of cost neutrality. In the basic renewable tariff scheme, the 

energy tariff component becomes negative during few hours a 

year. The total tariff remains positive, as the negative energy 

component is compensated by the other tariff components. 

When applying the extreme renewable tariff, the total tariff 

becomes negative during few hours a year, implying that a 

consumer is remunerated for consuming electricity during 

moments with high renewable energy production.  

Columns one to three of Table 4 illustrate the impact of the 

basic and extreme renewable tariff scheme on the correlation 

between renewable energy production and flexible 

consumption. The correlation increases from 0.035 for the 

basic dynamic tariff to 0.077 and 0.103 for the basic and 

extreme renewable tariff respectively. This implies that a 

higher impact of renewable energy production on the dynamic 

pricing scheme, leads to higher flexible demand during 

moments of high renewable energy production. This tendency 

is also reflected in Fig. 7. This figure ranks the renewable 

energy production time steps from low to high production and 

divides it in 10 intervals in which each interval represents 10% 

of time. For each interval, the amount of consumption is 

specified for both the initial flexible consumption as for 

optimal flexible consumption based on the basic dynamic and 

the renewable tariff schemes. It can be seen that during 

moments of high renewable energy production, consumption 

is higher if the impact of renewable energy production on the 

tariff is higher. Although this trend is deduced from both 

correlation and interval measurements, the amount of 

consumption shifted to moments with high renewable energy 

production still remains limited. This results from the fact that 

the impact of renewable energy production is mainly 

attributable to the availability of wind energy. As the 

variability of the selected wind power profile is higher on a 

daily than on an hourly basis, the shifting potential of white 

goods is not sufficient to bridge this period.  

Next to the correlation impact, columns one to three of 

Table 4 also show the impact of renewable tariffs on the costs 

of the different tariff components. As the distribution tariff is 

fixed over the year, costs for this component remain the same. 

If the energy component is considered, the costs of both initial 

and flexible tariff components go down if the impact of 

renewable energy production on the tariff increases. As more 

variability is integrated in the tariff, more profits can be 

attained from shifting. 

 

TABLE III 

PROFIT IMPACT OF SHIFTING POTENTIAL 

 2h 4h 6h 8h 10h 12h 

Profits  (€) 0.7 24.4 54.7 73.8 87.4 96.7 

Profits to initial flexibility 

payment (%) 
0.0 2.5 5.5 7.5 8.8 9.8 

Profits to initial total 
payment (%) 

0.0 0.3 0.7 0.9 1.1 1.2 

 

TABLE IV 

CORRELATION AND COST IMPACT OF DIFFERENT TARIFF STRUCTURES 

 Basic 

dynamic 

tariff 

Renewable 
tariff 

Distr. 
tariff 

Renewable 
distr. tariff 

Resiliency 
multiplication 

1 5 10 1 5 10 

Ini. Correlation (-) 0.038 0.038 0.038 0.038 0.038 0.038 

Opt. correlation (-) 0.035 0.077 0.103 0.030 0.052 0.074 

Ini. distr. cost (€) 445 445 445 461 461 461 

Opt. distr. cost (€) 445 445 445 375 377 381 

Ini. energy cost (€) 385 382 379 385 382 379 

Opt. energy cost (€) 311 303 284 314 307 290 

Distr. profits (€) 0 0 0 85 84 80 

Energy profits (€) 74 80 95 71 76 89 

Total profits (€) 74 80 95 157 160 169 

 

 
Fig. 7.  Flexible consumption convergence with renewable energy production. 
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B.  Distribution Tariff 

This tariff structure builds further on the basic dynamic tariff 

structure from Section 2, by adding a dynamic distribution 

component to the tariff. Based on the average distribution 

tariff component and average load profiles [21], an hourly 

dynamic distribution component is attained. In this tariff 

structure, prices are high during peak moments as these 

moments typically contribute to increased ageing of 

distribution feeders and transformers [22]. 

 Column 4 of Table 4 depicts that adding this dynamic 

distribution component reduces the correlation between 

renewable energy production and optimal flexible 

consumption slightly. Profits are also affected, as distribution 

costs can be reduced considerably. Compared to the basic 

dynamic tariff scheme, also the energy costs are affected 

although this effect is insignificant. This implies that adding 

variability in the distribution component can reduce 

distribution costs considerable, while preserving the energy 

savings. Adding up both energy and distribution profits, leads 

to more than double of the profits compared to the basic 

dynamic tariff.   

C.  Renewable Distribution Tariff 

By combining the dynamic distribution component from the 

distribution tariff with the dynamic energy components from 

the renewable tariffs, the renewable distribution tariffs are 

attained. Results of these tariff structures are visualised in 

columns five and six of Table 4. As the highest variability can 

be found in these tariffs, profits are highest. In the extreme 

renewable distribution tariff, profits rise to €169. This large 

profit due to the inclusion of a dynamic distribution 

component, comes at the expense of the renewable energy 

uptake. 

VI.  CONCLUSIONS AND CONTRIBUTIONS 

A.  Conclusions  

This paper develops a scheduler for white good appliances. 

Based on a hourly electricity consumption measurements of 

households and on dynamic pricing structures, white goods are 

shifted to the lowest cost period taking into account customer 

preferences.  

In general, the flexibility potential of white good appliances 

is limited. This picture can change when looking at individual 

households. The flexibility potential depends on the amount, 

the shifting potential and the timing of flexibility. For all 

considered households, the amount of flexible consumption is 

limited to 15% of total consumption. The shifting potential is 

restricted by the customer preferences and the linkage between 

the different cycles of white good appliances. For the timing 

of flexibility, a distinction should be made between the timing 

over the year and during the day. For the considered 

households, more flexibility from white goods is available on 

an average weekend day than on an average week day. Over 

the different seasons, most flexibility is available in the 

morning/noon and in the evening. 

Starting from the available flexibility, consumption is 

shifted to the lowest cost period based on a basic dynamic 

tariff scheme. As prices are lowest during the early morning 

and the late afternoon, consumption is shifted to these 

moments. As flexibility is limited over the different 

households, profits from shifting remain limited and 

renewable uptake is not affected considerably. To amplify 

these results, new tariff structures need to constructed, which 

add more variability and an higher impact of renewable energy 

production to the tariff structure.  

Renewable energy tariff schemes can promote consumption 

during moments of high renewable energy production by 

lowering tariff during these moments. Although more 

consumption is shifted to moments with high renewable 

energy production, results remain limited. This is attributable 

to limited flexibility of white goods and to limited variability 

of wind power over the time interval of the shifting potential. 

To increase the profits by shifting, more variability needs to be 

included in the tariff structure. Making the distribution 

component dynamic, significantly contributes to this.  

To broaden the understanding of demand response, other 

innovative tariff structures should be tested. Moreover, other 

flexible resources like electric vehicles and electric heating are 

characterised by a different flexibility potential. Taking into 

account these resources, can contribute to the analysis.  

While the modeling of residential demand response and the 

development of dynamic pricing structures remains theoretical 

in this paper, results lead to new insights in the short-term 

impact of automated demand response under dynamic pricing 

structures. To add to the realisticity, the Linear pilot project is 

currently testing this set-up on more than 100 households in 

Flanders [7]. Based upon the results of this pilot, more general 

results can be derived. 
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