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Executive Summary 

The Low Carbon London (LCL) project demonstrated a dynamic Time-of-Use tariff which 

prompted customers to manually shift their demand by delaying actions or turning off 

appliances. The concept of ‘Smart Appliances’ [1] has been discussed as a means to make 

participation in Demand-Side Response (DSR) simpler for customers and reduce the effort in 

participating; to make the response more certain for the party relying on the DSR; and to 

enable customers to achieve greater income from DSR schemes by removing the 

requirement to be physically present to press buttons on appliances. 

This report examines the potential for DSR through optimisation of operation of domestic 

appliances. The report focuses on the ‘wet’ appliance category, including washing machines, 

dishwashers and tumble dryers. These appliances are responsible for a significant share of 

residential electricity consumption, while on the other hand offer best opportunities for 

demand shifting (unlike, for instance, lighting and entertainment loads). 

Wet appliances are currently not controlled remotely, since such infrastructure is not widely 

available, however it is possible to model such behaviour to understand the potential of DSR 

in supporting network operation and planning activities, when such infrastructure is rolled 

out. 

The impact of optimising wet appliance operation is evaluated on a residential LV network 

for which detailed measurements were collected within the LCL project. The analysis also 

used the information on the number of appliances owned in each household collected 

through the LCL household survey. 

Two complementary approaches have been adopted to quantify the impact of smart wet 

appliance control on reducing network peak demand. The first uses a system optimisation 

model to determine appliance control strategies that would result in greatest possible peak 

minimisation, while respecting the user-level constraints related to flexibility provided i.e. 

the allowed delay in starting appliance programmes. The second approach is based on an 

automated deferral of appliance operation, potentially driven by high-tariff price signals, 

assuming that the customers are willing to postpone the start of appliance operation until 

the end of the high-tariff period.  

The centralised optimisation approach demonstrated that the achievable peak reduction 

varied between 8.8% and 12.9% across different demographic groups and for different 

participation levels. There appeared to be limited scope to reduce peak demand beyond this 

level even if the participation rate in smart appliance schemes increases, given that the 

duration of the reduced peak demand increases. These benefits represent the maximum 

theoretical peak reduction for a given population of appliances, while in practice the 

implementation issues related to the control of a large population of appliances are likely to 

result in a lower peak reduction.  

On the other hand, it is demonstrated for the automated appliance deferral approach that if 

load recovery is not managed, there is potential for significant new peaks to be created as a 
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consequence of the loss of diversity occurring with simple price-based control signalling high 

and low-tariff periods (this is also referred to as the energy payback effect). A staggered 

sequential recovery scheme may mitigate this problem to a certain extent. Wet appliances 

are especially likely to produce unwanted ‘needle’ peaks since their profiles comprise 

heating elements that are used at the beginning of their operating cycles and would 

commence heating almost simultaneously. 

The two approaches are complementary and illustrate that effective reduction of peak 

demand using smart appliances would require advanced control strategies in order to 

manage the load recovery process and avoid generating new peaks as the result of appliance 

control. 
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Abbreviations 

 

CPP Critical Peak Pricing 

DNO Distribution Network Operator 

DSR Demand-Side Response 

DSM Demand-Side Management 

DTOU Dynamic Time Of Use 

DUOS Distribution Use Of System 

HH Half Hourly 

ICT Information and Communication Technology 

LCL Low Carbon London 

ODS Operational Data Store (database containing LCL network and measurement data) 

PLC Power Line Carrier 

RTP Real Time Pricing 

SMETS Smart Metering Equipment Technical Specification 

SSE Scottish and Southern Energy 

TOU Time of Use 
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1. Introduction 

1.1. Objectives and scope 

This report investigates the potential for smart appliances in assisting distribution system 

management. The term ‘smart appliance’, in this report, is taken to mean any appliance 

which provides services to the electricity system, including for example the simple deferral 

options to wait for off-peak electricity. The report also implicitly assumes these to be novel, 

new to the market appliances addressing areas other than heating, recognising that 

solutions such as night storage heaters already do this extremely effectively. 

Firstly the report investigates the availability of, and service provided by, what have become 

known as ‘smart appliances’. The various approaches are compared and representative 

models described in terms of their relative behaviour and potential value to the distribution 

network. 

Two complementary approaches to smart appliance control are investigated in this report. 

The first approach is presented in Section 2 and is based on centralised optimal control of a 

fleet of smart appliances in order to achieve a maximum possible peak demand reduction 

given the user-level constraints. 

The second approach, described in Section 3, is based on heuristic deferral strategies 

implemented by means of delaying the programme start of wet appliances in response to an 

external signal transmitted to all appliances, deferring their operation outside the high tariff 

periods. The latter approach is more simulation-based and involves stochastic behaviour of 

consumers to establish the baseline demand profile, whereas the former is based on 

optimisation and deterministic representation of consumer behaviour. 

This report compliments the LCL Report A2 (“Residential consumer attitudes to time varying 

pricing”) Error! Reference source not found. and A3 (“Residential consumer responsiveness 

to time varying pricing”) Error! Reference source not found. in that smart appliances may 

offer means: 

 For new consumers to participate in demand response who previously found it a 

hassle;  

 For customers already pre-disposed to DSR to achieve greater participation and 

benefit from greater savings; 

 To make the response more predictable to the supplier, system operator or 

network operator procuring the DSR. 

1.2. Smart appliances 

The term ‘smart appliance’ has emerged from the discourse surrounding smart metering and 

smart grids. Whilst it has no formal definition, in the energy policy debate it has become 

associated with appliances that alter their behaviour in some way to benefit the wider 

electrical system. In wider popular culture however the notion of smart appliances has 

become associated with ‘life-style’ changing appliances, see Figure 1. 
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Figure 1. Internet marketing material for LG ‘smart appliances’ [2] 

This broad definition of what a smart appliance is has now extended to vacuum cleaners and 

wine coolers [3] but in associated product marketing these appliance do not claim any 

benefits in respect to energy markets or system. In parallel to these developments, within 

the energy policy discourse ‘smart appliances’ are viewed as a potential resource to assist in 

the management of the wider system. 

Two broad themes have developed; firstly appliance deferral in response to price signals; 

and secondly the provision of frequency services to the grid. These include e.g. refrigeration 

appliances that offer frequency services to the system operator [4]. While few actual 

commercial examples exist, the predominant idea for using smart wet appliances is of load 

deferral, where loads are delayed until a time more favourable to the wider system. Both of 

these approaches can be described as forms of demand response. 

1.3. Demand response 

In the UK, commercial and industrial consumers can participate in the electrical power 

market by adapting their energy demand to minimise costs. Adapting a load profile 

depending on market signals is commonly called ‘demand response’ and this comprises 

three broad categories of activity: 

 Time-varying pricing 

 Interruptible and voluntary load reductions 

 Customer provision of ancillary services 

These measures can be used alone or in combination to serve objectives of price response, 

increased efficiency and security of supply. The following sections describe each category in 

more detail. 
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1.3.1. Time varying pricing 

Time varying pricing refers to pricing mechanisms which reflect the energy wholesale market 

cost variation. Faruqui et al. [5] identify three approaches to time-varying pricing: 

 Real time pricing (RTP) refers to systems where consumer prices are regularly updated 

to reflect wholesale market cost. This is typically done on a day to day basis with diurnal 

price variations encoded in the time-of-use metering tariffs as described below. 

 Time-of-use (TOU) tariffs reflect the average wholesale cost for different periods of the 

day, typically using hourly or half hourly (HH) meters. Unlike RTP, prices are 

predetermined for a contractual period, but do reflect average diurnal variations. 

Participating customers can then load shape to minimise demand at peak times and 

therefore lower their average costs. 

 Coincident peak pricing (CPP) provides a simplified hybrid of the two previous 

categories. Typically two or three averaged price points are calculated to reflect 

different market conditions and the consumer is informed in advance of peak periods 

(for example specific hours or days). Peak periods are typically limited in number thus 

allowing participation without excessive risk. 

Examples of the above can be found in the industrial and commercial sectors with customers 

able to choose a tariff that suits their demand flexibility and exposure to price risk. For 

example, a large industrial operation might be able to benefit from RTP if their energy use is 

not time-critical, comprising heating systems with high thermal latency. Time of use pricing 

is more common and allows consumers to mitigate their average energy process without full 

exposure to market volatility. 

In the domestic setting these mechanisms are less common. In the UK domestic electricity 

market Economy7, a simple TOU tariff, provides two rates; a low night time rate commonly 

used for space and water heating; and a daytime rate which is typically a little higher than 

the standard tariff. 

In California, concern about peak capacity has renewed interest in demand response and 

trials of a novel critical peak pricing system have been undertaken. The utility has developed 

a novel feedback device that indicates approaching peak prices: 

‘The orb flashes during the two hours before a ‘critical peak’ with high unit costs, 

and users who tried it out tended to reduce consumption well in advance of the 

peak and to continue with the reduction for some time afterwards. As a 

consequence, there was some overall saving as well as load-shifting’. [6] 

In France, a similar approach differentiates critical peak days. Under the Tempo tariff, a 

visual indicator informs the user of the next day’s tariff; red, white or blue, with red being a 

critical peak day tariff limited to a certain number of days a year. This system follows a long 

standing culture of demand management in France, due in part to the nation’s reliance on 

nuclear power. Nuclear power plants cannot readily modulate their output to the same 

extent as some fossil fuel plants, and as a consequence the French system benefits from a 

flatter demand profile. 



 
 

9 

In addition to TOU and CPP mechanisms, French domestic electricity tariffs typically vary 

depending on supply capacity to the home, which if exceeded causes supply to cut-out. This 

mechanism, which can be facilitated with the use of a simple bimetallic contact breaker, 

forces consumers to consider their aggregate load and thus flattens individual and 

aggregated demand curves. Whilst much of the debate on demand response tends to focus 

on more complex approaches, it is worth noting the effectiveness of this relatively simple 

measure. 

1.3.2. Interruptible and voluntary load reduction 

Voluntary load reduction programmes typically involve bilateral contracts in which 

customers reduce demand by a known quantity for a defined period. These contracts are 

typically prepaid with significant penalties for non-compliance [7]. 

In the UK, larger industrial customers can chose to contract to reduce load voluntarily during 

the winter ‘triad’ super peak periods, where electricity is priced at a significant premium. A 

peculiarity of this system is that triad periods are defined after the event and thus the 

demand response is to some extent a gamble [8]. In an extension to the common use of the 

Economy7 scheme, the teleswitch is used by some companies to control heating loads 

remotely in response to weather and local system conditions:  

‘Radio teleswitching is also used in the Company’s Southern Electric area to control 

demand within the capability of the power system and has done so since the 

technology became available in the mid-1980s. This approach to load management 

is particularly important in the less populated regions of the territory, where gas 

penetration is low, the volume of electric space/water heating is high and the 

distribution network is less robust.’ [9] 

Local control can also be used to reduce localised infra-structure costs for example using 

‘ripple control’ to avoid peak load. Ripple control is where a number of loads draw power 

sequentially, using remote control, to avoid unnecessary peaks [10]. 

1.3.3. Manual intervention versus automation 

Demand response is often characterised as being either behavioural or automated; however 

there is a range of levels of participation from manual to automatic, with different services 

suiting different approaches. 

Full real-time pricing of electricity is not necessary to achieve much of the benefit of demand 

response. As the national diurnal demand curve is relatively predictable, TOU tariffs can 

reflect half-hourly (HH) system prices and provoke appropriate responses. However unless 

TOU prices are updated daily, they cannot facilitate demand response to events such as 

critical peaks where supply is scarce and expensive. 

Where TOU pricing records energy for fixed, typically HH time slots, critical peak systems 

record the energy use for different tariffs and the tariff period is changed dynamically. 

Critical peak pricing systems use remote control (say radio or PLC) to signal tariff changes to 

consumers, but participation can be manual or automated.  
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Loads that have thermal latency like heating and cooling systems can be remote controlled 

without the user being inconvenienced, provided that temperatures are kept within 

acceptable limits. Conversely, services such as lighting and entertainment have less scope for 

automated demand response, although they have significant potential for implementing 

energy efficiency measures, as discussed in detail in LCL Report C2 (“The effect of energy 

efficient appliances on low voltage networks”)  Error! Reference source not found.. 

Other loads, such as wet appliances, can be deferred or paused automatically but it is likely 

that under certain circumstances customers may want to be able to override any such 

control; for example needing some clothes cleaned urgently. Load control technology can be 

facilitated in the absence of metering but if participation is optional as suggested above, 

then metering is required to reward participants.  

In schemes that use critical peak pricing, consumers typically report that they would prefer 

options for automated load shedding as opposed to purely voluntary load reduction [11]. 

1.3.4. Benefits of demand response 

With the domestic demand responsible for around 43% of peak [17], it would appear that 

there is scope for significant demand response from this sector. The extent of this response 

depends on the services that can be deferred and consumer willingness to participate; both 

of these aspects will require adoption on a large scale to result in a tangible benefit of DSR 

schemes. Table 1 attempts to provide a classification of demand response types, the nature 

of participation and metering requirements. 
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Table 1. Options for demand response [18] 

Demand side 
activity 

Example Benefit Metering 
Requirements 

Notes 

Choosing to 
avoid peak TOU 
prices. 
 

Customer chooses 
to wait before 
switching on 
washing machine. 

Customer saves 
money by avoiding 
peak rate. 
Smoother demand 
curve, less carbon 
emissions. 

TOU metering 
allows different 
pricing for peaks, 
creating incentive 
for load shifting. 

 

Semi and fully 
automated 
avoidance peak 
TOU prices. 
 

Defer load using:  
Built in delay 
option on 
appliances. 
Standard timer 
switch. 
Remote control as 
part of home 
automation. 
Intelligent 
appliance. 

As above. As above.  

Choosing to 
respond to 
critical peak 
price. 

Upon CPP signal 
customer chooses 
to switch off or 
defer washing 
machine. 

Peak price is 
avoided by 
customer. 
System capacity 
risk premium is 
reduced if load 
reduction is 
predictable and 
significant. 

CPP meter records 
demand at critical 
peak. 
e.g. French Tempo 
(next day) 
or Ambient Orb, 
(time of day) 

US Trial revealed 
participant 
interest in 
automation as 
alternative. 

Semi-
automated, 
response to 
critical peak, 
(option must 
be selected) 

Washing machine 
pauses 
automatically. 
(override option 
not selected) 

As above. CPP meter records 
demand at critical 
peak. 

Meter needed to 
account for 
participation 
otherwise free 
rider problem. 

Automatic 
response to 
critical peak. 

Washing machine 
pauses 
automatically. 
No override. 

Average price is 
reduced. 
System capacity 
risk premium is 
reduced because 
reduction is 
predictable. 

No meter needed. 
Because 
participation is 
guaranteed. 

Lower flat tariff 
or other 
incentive 
needed.  
 

Appliance 
responds to 
grid frequency.  
 

Fridge with 
‘Dynamic demand’ 
technology. 

Grid management 
costs are reduced, 
thus lower average 
prices. 

Lowers ancillary 
service costs. 
Frequency 
response is not 
typically metered 
in electricity retail. 

Unusual in that is 
does not relate 
to TOU or CPP. 
Currently in the 
testing phase. 

 

1.4. Challenges in implementing demand response schemes 

Demand side response is a well-developed subject in terms of electricity markets, but less 

attention has been paid to its application in distribution networks. 



 
 

12 

While several distribution companies do use remote control of loads to manage capacity 

constraints, this is typically in rural settings with Economy7-type electrical heating loads. 

Whether there is adequate value to warrant DNOs promoting or utilising smart appliances is 

an open question.  

Peak shaving using smart ‘wet’ appliances, as studied for instance in Section 2 of the report, 

has been shown to have the potential to provide the peak reduction in the order of 10%. 

However, if we consider what would be required to invoke such a response on a section of 

distribution network the DNO faces significant challenges.  

It is likely that any Time-of-Use tariff from which smart appliances could benefit would be 

led by the suppliers, and the DNO and the supplier agreeing a mutual design which met both 

needs. 

In practice, price signals to consumers may exacerbate local constraints, while benefitting 

the wider system. For example a wind-twinning tariff might encourage demand to be 

increased at times of peak, if wind power is abundant at that time [20]. There is a risk that 

wet appliances could be shifted on to peak, since the majority of wet appliance use occurs 

earlier in the day. 

However there is an additional risk in that the use of price signals can reduce diversity in the 

sense that appliance usage become synchronised with price point changes. This is especially 

the case with smart appliances, unless some temporal randomisation or central coordination 

is introduced. 

Section 3 analyses the effect of different smart appliance intervention scenarios to further 

understand the potential risks and benefits of DSR automation. 

As described in the LCL partnering energy efficiency report Error! Reference source not 

found., analysis of electrical systems and in turn demand response has typically focussed on 

half-hourly profiles and aggregated loads. However, load patterns on the residential feeders 

are extremely dynamic with many short-lived but relatively high-power loads. 

If we were to automate demand response, perhaps using price signals as seen in the LCL 

dTOU tariff then, whilst load deferral may be effective, upon the following lower price signal, 

appliances may come on synchronously and cause new demand peaks. 

In the following two sections we explore different scenarios for smart wet appliance control. 

The first approach uses an optimisation model to determine appliance control strategies 

that would result in greatest possible peak minimisation, while respecting the user-level 

constraints related to how long a delay of appliance start can be tolerated. 

The second approach is based on a straightforward deferral of appliance operation 

according to price signal denoting high-tariff period, which can be combined with managed 

recovery to avoid synchronous start of appliances following the expiry of high-price period. 

The two approaches are complementary and illustrate that effective reduction of peak 

demand using smart appliances would require advanced control strategies in order to 

manage the load recovery process and avoid generating new peaks as the result of appliance 
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control. There are, however, practical issues surrounding the implementation of adequate 

control schemes that would yield similar results to centrally optimised control. 
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2. Optimal control of smart wet appliances for peak demand 

management 
This section describes the approach to evaluate the potential contribution of smart wet 

appliances to reducing network peak demand. The analysis is based on a smart appliance 

optimisation model that uses actual data on appliance ownership rates and substation load 

measurements from the Low Carbon London trials. This section further demonstrates that 

centrally optimised appliance scheduling is capable of avoiding negative appliance 

synchronisation effect causing potentially high secondary demand spikes. 

By using a centralised optimisation approach this method estimates the maximum potential 

benefits of smart appliance control. Due to practical implementation issues and challenges 

identified in the previous section, the realistically achievable benefits are likely to be lower. 

Smart appliances have been studied recently as a potential source of flexibility that could be 

used to enhance the efficiency of renewable energy integration, network management and 

ancillary service provision [21]. One of the most comprehensive studies of the potential of 

smart appliances across Europe was carried out within the Smart-A project [22]. Some of the 

findings of that project (relevant for the UK) are also used in this section. 

The analysis presented here builds on the data measurements from the LCL project to 

establish a realistic potential to use smart domestic appliances to manage network peak 

demand and consequently optimise network investment. 

2.1. Input data and assumptions 

The majority of the input data are taken from actual measurements and surveys conducted 

in the LCL project. The information on appliance flexibility and typical operating profiles has 

been based on standard appliance data obtained from previous projects. 

Key sets of input data that are elaborated in the remainder of this section include: 

 Total demand profile observed at a primary substation on a winter day with high 

demand 

 Number of customers with smart wet appliances of different types 

 Diversified demand profiles for difference appliance types 

 Acceptable levels of shifting the use of smart appliances in time 

2.1.1. Customer demand 

The demand profile used to illustrate the peak minimisation using smart appliances is taken 

from load measurements made as part of the LCL project at Merton 6552 substation 
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supplying 636 customers.2 A winter day was selected for the analysis as this was the day 

when the peak demand occurred. 

Figure 2 shows the demand profile for the selected winter day. Because of the resolution of 

other input information in this analysis, the demand data is presented in 15-minute 

resolution. Peak demand for this network was 545 kW and occurred around 7.30pm. 

 

Figure 2. Demand profile for peak winter day at LV network 6552 

 

2.1.2. Number of customers and appliance ownership rates 

Although the primary substation used for analysis serves both residential and commercial 

customers, for the illustrative purpose of the analysis in this section it was assumed that the 

substation load only refers to residential customers. This implied that the diversified peak 

demand for the residential customers in the analysed LV network was 0.86 kW, which is in 

line with typical diversified peak values for residential consumers without electric heating. 

The ownership rates for different appliance types are taken from the LCL household 

appliance survey, which established the number of a range of electric devices and appliances 

owned by households categorised according to its income (Affluent, Comfortable, Adversity) 

as well as according to the number of people living in the household (1; 2; 3 or more). This 

provided a total of 9 household clusters across which the appliance ownership data were 

available. 

The range of appliances and devices covered by the household appliance survey was rather 

broad, including lighting, refrigeration, wet appliances, cooking appliances, electric heaters 

and consumer electronics. The analysis of smart appliance potential in this section focuses 

on three types of domestic wet appliances: 

 Washing machines 

                                                           
 

2
 The same network was used for analysis of the impact of energy efficiency on peak demand in 

residential LV networks carried out in LCL Report C2 Error! Reference source not found.. 
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 Dishwashers 

 Tumble dryers 

Percentages of households that owned these three appliance types, including the washer-

dryer (a combination of washing machine and tumble dryer in a single appliance) are given 

in Table 2, based on the household survey data presented in LCL Report C2 Error! Reference 

source not found.. 

Table 2. Wet appliance ownership rates across different demographic groups in household survey 

Income level 
Appliance type 

Washing machine Tumble dryer Washer-dryer Dishwasher 

1 member 

Affluent 67.5% 19.7% 17.7% 34.2% 
Comfortable 72.1% 15.2% 14.8% 20.5% 
Adversity 62.2% 13.5% 12.0% 12.3% 

2 members 

Affluent 75.0% 33.2% 22.3% 58.9% 
Comfortable 85.6% 39.4% 14.4% 49.7% 
Adversity 81.9% 28.1% 12.8% 27.0% 

3 or more members 

Affluent 81.9% 42.9% 18.6% 74.8% 
Comfortable 90.1% 46.5% 10.8% 54.0% 
Adversity 85.6% 39.0% 14.4% 33.1% 

 

The data suggest that the ownership of washing machines seems to be more driven by the 

number of household members rather than the income level. On the other hand, drying 

appliances and dishwashers varied more considerably, not only across different household 

sizes, but also with respect to the income level. 

2.1.3. Diversified and non-diversified appliance consumption profiles 

The consumption profiles for the three appliance types are based on a detailed study of 

appliance usage carried out in a previous project [22]. The profiles presented in this section 

have been verified as typical for residential consumers in the UK, and have been obtained 

from previous analysis carried out by Imperial. The rest of the input data has been based on 

information collection in the LCL project. 

Figure 3 shows the non-diversified operating cycles for the three appliances. All profiles are 

given in 15-minute resolution, and correspond to modern efficient appliances (broadly of 

class A). It can be observed that the maximum instantaneous power required by all wet 

appliances is 2 kW. For washing machines and dishwashers this power is only required 

during energy-intensive heating phases of their operating cycles. Mechanical stages 

(spinning, rinsing etc.) are characterised by lower power consumption levels. Tumble dryers 

on the other hand require significant amount of electricity for heating and their total energy 

consumption per cycle is therefore correspondingly higher. 
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Figure 3. Representative operating cycles for three wet appliance types: (a) washing machine (WM), 
(b) dishwasher (DW), (c) tumble dryer (TD) 

Diversified demand profiles for the same three appliances, which are again taken from [22], 

are given in Figure 4 and expressed per single appliance. These profiles quantify the demand 

per appliance when observed within a large diversified residential consumer population. 

When constructing the diversified profiles, the assumption was made that a tumble dryer 

cycle always follows a washing machine cycle (hence the notation washing machine + 

tumble dryer). The combined (non-diversified) cycle of the two appliances is simply formed 

by placing the tumble dryer cycle shown in Figure 3 immediately after the washing machine 

cycle from the same figure. 

 

Figure 4. Diversified demand profiles for three wet appliance types: washing machine (WM), dishwasher (DW), 
tumble dryer (TD) 
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By combining the non-diversified (Figure 3) and diversified (Figure 4) appliance profiles it is 

possible to construct a system of T linear equations with T unknowns for each appliance type 

(where T denotes the number of time intervals considered). Solving this system determines 

the share of appliance population starting their cycle at each time interval in the baseline 

(uncontrolled) case. This information, when combined with the size of appliance population 

i.e. the number of residential customers assumed in the study, provides an input into the 

demand shifting model, essentially indicating how many appliances could potentially have 

their demand shifted away from each interval during the observed day. 

2.1.4. Flexibility of smart appliances 

Flexibility of shifting i.e. postponing wet appliance operation to support the grid will be 

constrained by consumer preferences and their willingness to have the operating cycles of 

their appliances delayed. A customer survey carried out in the Smart-A project [23] 

established the following maximum allowed times for cycle shifting for different appliance 

types: 

 Washing machine: up to 3 hours (1/3 for 1 hour, 1/3 for 2 hours, 1/3 for 3 hours) 

 Dishwasher: 6 hours 

 Washing machine + tumble dryer (combined cycle): 3 hours 

These maximum allowable delay times are used as an input into the optimisation model in 

order to build the necessary constraints and adequately represent the potential for wet 

appliance demand shifting among residential customers. 

2.2. Peak minimisation model 

The objective function of the model is to minimise the peak value of total demand, which is 

the sum of baseline customer demand (not associated with wet appliances) and the demand 

for smart appliances, which can have its shape altered as the result of demand shifting 

decisions. 

The decision variables in the model are the numbers of appliances of each type whose 

operating cycle is shifted from time t1 to a later time t2. The model finds optimal shifting 

decisions while considering following constraints: 

1. The number of appliances whose cycle is shifted from time t1 cannot be greater than 

the number of appliances starting their cycle at time t1 in the uncontrolled case. 

2. The temporal shift of an appliance operating cycle for each type cannot be more 

than the maximum allowable delay for each group specified in Section 2.1.4. 

3. All demand shifting needs to be done within the same 24-hour period. This also 

implies that the total energy required by smart wet appliances does not change 

because of smart operation, but is rather only redistributed across the day in a 

different way. 

In order to focus the control actions of smart appliances to peak hours only, a small penalty 

is introduced for deviations from the original demand profile, although it is several orders of 
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magnitude smaller than the level of peak demand that is minimised. This ensures that only 

those shifting decisions are made that make a contribution towards reducing the peak. 

2.3. Case studies 

The case studies presented in this section are carried out while varying the following input 

parameters: 

 Household income level: Affluent, Comfortable and Adversity 

 Share of customers with smart wet appliances in the population served by the 

primary substation: 50% (318) and 10% (64) 

Given that the purpose of these case studies is primarily illustrative, the appliance 

ownership rates for each income group were assumed to correspond to 2-member 

households (being the central case). 

Figure 5 presents the results of the peak minimisation model for the case of 50% 

penetration of smart appliances, shown for all three income groups. Both original and 

controlled total demand profiles are shown, as well as the net effect of smart appliance 

control (demand increase or decrease compared to the baseline case) denoted with “Net SA 

action”. Finally, the figure also indicates the number of appliances which have their 

operation shifted in time: “Shifted From” represents the number of appliances with their 

demand shifted away from a given time interval, while “Shifted To” denotes how many are 

shifted towards a given time interval. 
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Figure 5. Peak demand reduction with 50% penetration of smart appliances for different income levels: 
(a) Affluent, (b) Comfortable, (c) Adversity 

It is interesting to note that there is no great difference in peak reduction potential between 

different income groups: smart appliance control yields the peak reduction of around 13% 

regardless of the income group observed. This occurs despite the obvious difference in 

appliance ownership rates presented in Table 2. One explanation for this low sensitivity to 

the number of appliances available is the shape of the demand profile after peak 

minimisation. Once the highest, short-duration peak levels are avoided, the resulting 

duration of the new, reduced peak becomes longer. Performing control actions to reduce 

peak that lasts for a long period using the appliances that only allow a few hours of demand 

shifting becomes progressively more challenging as the peak reduces and its duration 
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increases. This is why there is very little incremental benefit with respect to reduced peak 

demand from the higher number of flexible appliances in Affluent and Comfortable income 

groups. 

Figure 6 illustrates the potential for peak minimisation at a lower smart appliance 

penetration rate of 10%. Despite the number of smart appliances that is 5 times smaller 

across all income groups, the resulting peak reductions drop very little compared to the 50% 

penetration – to between 10.7% (Affluent) and 8.8% (Adversity). This illustrates the 

tendency for the first smart appliances to generate the greatest benefits in terms of reduced 

peak demand, whereas subsequent additions of smart appliances yield increasingly smaller 

marginal peak reductions. 
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Figure 6. Peak demand reduction with 10% penetration of smart appliances for different income levels: 
(a) Affluent, (b) Comfortable, (c) Adversity 

As with the 50% penetration case, it is possible to note that the greatest number of 

appliances are shifted away from hours just before and during peak, while the hours they 

are shifted to are predominantly after-peak hours. Nevertheless, because of limited 

flexibility to shift appliance operating cycles (as low as 1 hour for some appliance types), 

there is a temporal overlap between operating cycles shifted away from a given time interval 

and those shifted towards the same interval. In other words, the optimal demand shifting 

strategy requires cycling of the appliances in order to achieve a sustained peak demand 

reduction. 
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2.4. Conclusions 

This section has presented the possibility to use smart wet appliances of residential 

consumers to support peak management in distribution grids. The methodology for peak 

minimisation has been illustrated using actual body of data collected in the LCL project: load 

measurements at a distribution substation and appliance ownership rates quantified 

through a household survey. Further appliance data relevant for the UK have been obtained 

from a previous project. 

The results obtained using the peak minimisation approach confirm that by deploying 

carefully designed scheduling strategies it is possible to avoid the negative effect of energy 

payback resulting from synchronised switching on of a large number of appliances, which is 

characteristic for e.g. simple price-based control (see Section 3). 

The case study results indicate that although there is potential to reduce the primary 

substation peak demand in the order of about 10%, this potential is limited by the flexibility 

characteristics of appliance demand. Given that the allowed shifting times assumed in the 

study are in the order of a few hours, there is limited scope to reduce peak demand when its 

duration becomes very long. This is also why there was no substantial difference in peak 

reduction potential between households in different income groups. 

It has to be noted that the shape of the substation demand profile will affect the peak 

reduction potential of smart appliances. In areas with more peaky or less diversified demand 

profiles the potential to reduce peak demand by using smart wet appliances may be more 

pronounced. 

The benefits identified in this section represent the maximum achievable peak reduction 

with a given population of smart wet appliances. Practical implementation issues such as the 

transmission of appropriate price signals to a large population of appliances and avoiding 

synchronised recovery are likely to result in a lower peak reduction.  
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3. Heuristic deferral of smart appliance operation 

As opposed to the previous section, where the energy payback effect was managed by 

optimising the starting times of appliance programmes, in this section we illustrate the 

effect on peak demand of price-based demand deferral. This allows us to investigate the 

effects of synchronisation of appliances if they are incentivised to start switching on at the 

same time, for instance by receiving the signal denoting the end of a high-tariff period. 

3.1. Approach 

The approach presented in this section uses the same baseline simulation that was 

developed for the energy efficiency report C2 Error! Reference source not found.. This 

approach builds the residential demand profile by applying probabilistic rules governing the 

use of a variety of domestic appliances, while calibrating its output to measured power 

consumption of different household appliances [18]. The benefit of this model is that it 

allows us to examine the response of appliances on a minute-by-minute basis, and, more 

importantly, their recovery in a minute-by-minute basis when they re-commence operation. 

In addition to activity-based simulations in report C2 Error! Reference source not found., 

wet appliance models were augmented with a mechanism to delay their programme start, 

dependent upon an external signal. This signal is in essence a code, similar to the teleswitch 

signal, which is transmitted to all appliances participating in the smart control scheme. 

Depending on the appliances’ setup parameters the appliance will pause or start their 

programme according to the last transmitted code. 

Because peak capacity is a key concern for the DNO, the approach taken is to examine the 

impact of demand shifting on peak avoidance. 

Firstly we examine the potential deferral offered by all wet appliances; this is done using a 

simple ‘gate’ policy where all wet appliances are deferred for differing periods, with 

individual codes allowing staggering of appliance recovery. Five extreme examples are 

examined to identify the worst-case load recovery as well as the best prospect for peak 

reduction. Table 3 describes the five scenarios tested. 

Table 3. Smart appliance scenarios 

Scenario Recovery High tariff period 

Evening peak shave Non-managed 4.00pm – 9.30pm 
Evening peak shave Managed sequential 4.00pm – 9.30pm 
Worst case evening recovery (‘peak’) Non-managed 4.00am – 7.30pm 
Worst case 9am recovery (‘breakfast’) Non-managed 4.00am – 9.00am 
Worst case 1pm recovery (‘lunch’) Non-managed 4.00am – 1.00pm 

 

The reason behind such an early peak signal in the first two examples is that once a wet 

appliance has started it must typically complete and lasts for over an hour and therefore 

would be coincident with peak. The recovery or ‘take back’ is identified and the simulation is 
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repeated with a managed recovery period. This takes the form of a staged, sequential 

recovery where groups of appliances are switched on, and following a delay another group. 

The final three scenarios, demonstrate the worst-case recovery scenarios at morning peak, 

evening peak and at 1pm, designed to illustrate the payback effect with different high tariff 

time windows. 

3.2. Case studies 

The impact of various deferral scenarios is illustrated for the same LV network supplied by 

Merton 6601 substation. This is a network supplying 339 customers, a great majority of 

which (93%) are Profile Class 1 consumers. 

Figure 7 shows all the scenarios as half-hourly profiles. The most prominent features are the 

two peaks generated by deferring appliances until lunch time or evening peak. These are 

intentionally worst-case scenarios, where every pending machine is switched on 

simultaneously. Clearly the peak is a function of the pending appliances and as identified 

most wet appliance activity happens earlier in the day. 

 

Figure 7. All demand deferral scenarios 

The results of all five deferral scenarios are summarised in Table 4. The results show that 

none of the deferral scenarios considered here manages to deliver any peak reduction. 

While some scenarios, such as evening peak shave with managed recovery, have a minimal 

effect on peak, other result in significant increases in peak demand, which is particularly the 

case for the evening peak recovery. 
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Table 4. Impact on peak demand in different deferral scenarios 

 
Peak demand change 
compared to baseline 

 kW % 

Non-managed recovery 2.9 1.1% 
Managed recovery 0.2 0.1% 
Peak recovery 124.1 46.1% 
Breakfast recovery 10.4 3.8% 
Lunch recovery 24.9 9.3% 

 

The results in the table above are based on the half-hourly values, and some further 

examination is required of what is happening on the sub half-hourly timescales. The 

following section now identifies the salient features of each one of these profiles. 

3.2.1. Evening peak deferral with unmanaged recovery 

The half-hourly profile as seen in Figure 8 shows us the rather unreliable nature of demand 

response in smaller populations. Whilst the energy in the peak period is reduced as the 

result of deferral signals, the absolute peak power is not. 

 

Figure 8. Half-hourly demand profiles for baseline and non-managed recovery scenarios 

The recovery load in the half-hourly trend appears relatively benign until we observe a high 

resolution trace in Figure 9 (5-second resolution). Here we can see that the recovery, albeit 

short is well above the original peak. To re-iterate, these peaks are the result of a large 

number of appliances re-starting simultaneously upon the expiry of the high-tariff period at 

9.30pm. 
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Figure 9. Peak shave without managed recovery 

3.2.2. Evening peak deferral with managed recovery 

As presented in Figure 10, with managed recovery we see that the energy removed from the 

peak is recouped during the evening ‘tail’. As in the previous case, there is no effective 

reduction in HH peak demand as the result of this deferral scenario. 

 

Figure 10. Baseline and peak shave with managed recovery 

3.2.3. Worst-case morning recovery 

Figure 11 shows the demand diagram with morning recovery. Since wet appliances are not 

typically used before people wake up, preventing wet appliances to induce a morning peak 

has almost no effect on the profile i.e. there is no significant recovery visible. 
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Figure 11. Worst-case morning recovery scenario 

3.2.4. Worst case lunch-time recovery 

The shape of demand with high morning tariff and lunch-time recovery is shown in Figure 

12. Here we can see the effect of allowing unmanaged recovery after a morning call for DSR. 

The recovery at lunch time approaches the evening peak. 

 

Figure 12. High morning tariff with lunch time recovery 

3.2.5. Worst case evening recovery 

In the case of worst-case evening recovery, presented in Figure 13, we observe the worst 

case with respect to the effect on peak demand. As soon as the recovery period commences 

(7.30pm), the demand surges to a level almost 50% higher than the original peak. This 

example further confirms that peak management schemes should be carefully designed in 

order to avoid ending in a worse situation than without any smart appliance control. 
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Figure 13. Half-hourly demand profile for the worst-case evening recovery 

While the worst-case event at a half-hourly resolution looks problematic, the high resolution 

diagram in Figure 14 suggests an even worse outcome, with the demand shifting briefly 

doubling the system load. 

 

Figure 14. High-resolution demand profile for the worst-case evening recovery scenario 

 

3.3. Conclusion 

As illustrated in examples in this section, implementing an effective smart appliance control 

scheme is challenging. The approaches that are the most straightforward to implement, such 

as transmitting signals to the appliances to postpone their operation until a certain point in 

time (i.e. to avoid the high-tariff period), can result in significant loss of appliance load 

diversity. Synchronised energy payback of appliances observed in such cases may result in a 

higher peak demand than in the uncontrolled case. 
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In contrast, Section 2 addressed the issue of coordinated control of a population of smart 

appliances, applying an optimisation approach to smart appliance control. By determining 

optimal control decisions for shifting smart appliance demand within a 24-hour period, it 

was able to devise a strategy that avoids synchronised payback and the resulting secondary 

peaks. Nevertheless, the implementation of control strategies that would result in a peak 

reduction comparable to the centralised optimal control is not a trivial task.  
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4. Conclusions and recommendations 

4.1. Main findings 

The simulation results presented confirm that the peak shaving potential of smart appliances 

is broadly within the range identified by previous studies, in the order of 10% for a winter 

weekday. This level of peak reduction can theoretically be achieved by implementing 

centralised optimisation of smart appliance control in a given network area, as discussed in 

Section 2. 

However the non-centrally managed recovery scenarios, as an example of heuristic smart 

appliance control strategies, demonstrate the potential consequences of the loss of diversity 

occurring with simplistic price-based control signalling high and low-tariff periods. Wet 

appliances are especially likely to produce unwanted ‘needle’ peaks since their profiles 

comprise heating elements and in washing machines these come on at the beginning of the 

wash. 

As illustrated in examples in Section 3, implementing an effective smart appliance control 

scheme is challenging. The loss of appliance load diversity observed with straightforward 

price-based control may in the worst case result in a peak demand significantly higher than 

in the uncontrolled case. 

Peak shaving based on simple heuristic strategies explored in Section 3 offers no benefits in 

terms of peak reduction. On the other hand, non-automated DSR as demonstrated by the 

LCL dToU tariff trial4 appears to have additional benefits over automation. The trial 

participants have both engaged with the tariff and endorsed the agency over their bill it has 

given them. The benefit of human involvement in DSR is that, unlike a smart appliance, 

electrical work can be both brought forward and delayed, or activities conducted on 

different days; in other words shifting patterns can be in-day and inter-day. 

However, in the event of a large supplier offering a dynamic time of use tariff, the ‘life-style’ 

type appliances, which are already accessible through internet protocols, could readily 

provide support for DSR. If this were to happen then there is a risk that needle peaks, as 

demonstrated in this report may occur.  

The SMETS 2 smart meter specification now includes measures to avoid this issue, including: 

 Randomisation of on/off switching of auxiliary load control switches 

 Randomisation of switching between registers (i.e. of price changes) 

 Ability to align the switching of auxiliary loads with the switching between registers 

[19] 

                                                           
 

4
 LCL Report 6-2 “Residential consumer responsiveness to time varying pricing”, June 2014. 
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These features would also need to be included in any alternative approach, for example with 

commercial aggregation services. 

Based on load measurements at an residential LV network and appliance ownership rates 

quantified through the LCL survey, this report demonstrated the peak reduction potential 

varies depending on the participation of consumers in the smart appliance control schemes, 

as well as on the demographic profile of the consumers (higher income categories tend to 

have more appliances that use more energy and can hence contribute more to peak 

reduction). Peak reduction varied between 8.8% and 12.9% across demographic groups and 

for different participation levels. Given that the allowed shifting of a few hours, there is 

limited scope to reduce peak demand below this level, when its duration becomes very long. 

This is also why there was no substantial difference in peak reduction potential between 

different income groups. 

The benefits identified using the centralised optimisation approach represent the maximum 

achievable peak reduction for a given population of smart wet appliances. Practical 

implementation issues such as the transmission of appropriate price signals to a large 

population of appliances in a realistic environment and avoiding synchronised recovery are 

likely to result in a lower peak reduction.  

4.2. Recommendations 

The present market arrangements do not envisage a DNO’s engagement in the control of 

wet appliances. However the growing prospect of demand response in the residential sector 

might challenge existing assumptions about the nature and predictability of residential 

profiles. This report demonstrated there is scope for using smart appliances for network 

peak demand management. 

When considering solutions involving automated smart wet appliance control, the potential 

risk of loss of diversity needs to be addressed. New solutions for highly distributed control 

schemes need to be developed that will overcome the issue of loss diversity.  
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