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Abstract

Electricity consumption will evolve as more low carbon technology is adopted. To continue

supplying electricity reliably into the future, Distribution Network Operators (DNOs) need to

better understand low voltage customers. This can be gained from smart meter data, but DNOs

may have limited access. We demonstrate a method to create an energy demand profile for a small

to medium enterprise (SME) without a smart meter based only on operational hours, mean daily

use (from quarterly readings), and smart meter data from other SMEs. We cluster the smart meter

data using a simple Gaussian mixture model, thereby providing five groups of customers easily

identified by their mean daily use. A new meter is assigned a cluster and an electricity profile

created. For comparison, a profile is also created when the smart meter data is not clustered. The

average difference between the actual and predicted operational/non-operational power is less

than 0.2kWh, and clustering reduces the range around this difference. The methods presented

here out perform the flat profile (akin to current methods). Additionally, we found no relationship

between electricity consumption and non-energy traits such as type of business and number of

employees; and SMEs electricity consumption is not significantly affected by weather.
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1. Introduction1

Small to medium enterprises (SMEs) contribute a large proportion of the total energy de-2

mand in the UK but are often overlooked in policy and research [3]. Therefore it is essential that3

their demand is accurately modelled to assist distribution network operators (DNOs) manage and4

plan the network. Such concerns are more immediate with the increase of low carbon technolo-5

gies, such as electric vehicles and photovoltaics (PV), which will impact the low voltage (LV)6

network [9]. Currently DNOs use After Diversity Maximum Demand [6] to model maximum7

demand for SMEs. This approach does not account for time-of-day information, and is therefore8

becoming increasingly insufficient. For example, as more PV are installed, DNOs require the9

time of low demand.10

The UK is in the preliminary stages of rolling-out smart meters, which measures energy11

demand of millions of customers every 30 minutes. In the UK, smart meter data is proprietary,12

and therefore possibly unavailable/expensive to DNOs. Nonetheless, they do have access to13

quarterly readings. As such, we ask if a DNO can use quarterly readings and publicly available14

information to estimate an SMEs electricity profile, which is regular and predictable (compared15

to domestic customers).16

In this paper we develop our method using preprocessed smart meter data from the Irish17

smart meter trial [5]. We consider a years worth of smart meter data for 196 SMEs starting18

from midnight 14th July 2009. For each meter, we determine the average operational power and19

average non-operational power. Based on these attributes, we cluster the smart meter data using20

a simple Gaussian mixture model, thereby providing five groups of customers easily identified21

by their mean daily use.22

From average values within a cluster, one can accurately estimate customers weekly energy23
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demand profile using only their operating times (potentially public information) and their mean24

daily usage. Nonetheless, clustering is not necessary to create the profile, and indeed we com-25

pared clustering with not-clustering.26

The advantage of the method presented in this report is two fold. Firstly, very little informa-27

tion is required to produce the estimates. Secondly, any new customers can be assigned to the28

current clusters, and therefore can be modelled knowing their mean daily demand and operational29

hours only. All the same, ideally non-energy attributes could be linked to energy consumption30

behaviour, thereby reducing the need for energy data.31

Along with the smart meter data, there is a survey completed for 138 of the SMEs. This con-32

tains replies for a number of questions including, type of business, the number of employees, the33

age of the building, what weekend days are operational, etc. Surprisingly, we find no relationship34

between the survey responses and the clusters. This shows that energy information is necessary35

for estimating a SMEs profile, which is also the case for domestic customers []. However, unlike36

domestic customers [7], we find SMEs electricity consumption is not significantly affected by37

the weather.38

We begin by describing how we determine operational and non-operational times from the39

smart meter data. In Section 3 we describe how we cluster the customers, and look for relation-40

ships between our five clusters and survey responses. In Section 4 we compare our estimates41

based on clustering and not clustering. We also investigate the effect of seasonality, and find it to42

be negligible, see Section 5. Finally, we summarise in Section 6.43
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2. Identifying operational hours44

First we determine which days the business is open, and then, considering these days only,45

the hours that the business is open. We use a data driven approach, however this information may46

be publicly available.47

2.1. Operational days48

We first use the smart meter data to determine operational days. To do this we state that if49

the median daily usage for a particular day of the week x̃DAY
m is less than a chosen quantile of the50

overall daily use, qm, we assume the business is closed on that day (for meter m). For example,51

suppose x̃S UN
m < qm, then we assume the business is closed on Sundays. To determine the actual52

quantile, we consider quantiles for probabilities from 0 to 1 (intervals of 0.01). For each quantile53

choice, the ‘closed predictions’ for Saturday and Sunday is compared to a survey response in54

which 138 out of the 196 customers stated which days the business is open on weekends. We use55

a common comparison measure, the F-score,56

F =
2PR

P + R
where P =

tp
tp + f p

and R =
tp

tp + f n
(1)

where tp is the true positive amount, f p is the false positive amount and f n is the false negative57

amount [8]. The ‘closed predictions’ and survey are in close agreement when the F-score is58

small, see Figure 1. The F-score is at a minimum at 0.13, however this is because both the59

true positive and false positive for ‘Closed Sat & Sun’ (black) is zero, see Figure 2. Therefore,60

the closest match to the survey responses is from the 0.4 quantile. Notice that even under this61

quantile choice the survey responses and predictions do not completely agree. This difference62

may be because the business is open, but the daily electricity consumption is lower than a typical63

open day, perhaps due to half days or less staff/machinery.64
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Figure 1: Using the F-score to compare the weekend ‘closed predictions’ with the survey re-

sponses. The predictions were calculated using cut off quantile choices between 0 and 1. The

quantile value corresponding to a small F-score indicates a strong agreement between the pre-

diction and survey.
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Figure 2: Comparing the weekend ‘closed predictions’ with survey responses. Prediction and

survey responses would be in complete agreement if the first bar was completely black, the

second dark grey, the third light grey, and the fourth empty

(a) Cut off quantile at 0.13.
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(b) Cut off quantile at 0.4.
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2.2. Operational hours65

To determine whether a business is operational in a half hour we first remove ‘closed’ days66

(see previous subsection). Using the remaining ‘open’ days, the average power is calculated and67

compared with the average power for each half hour during the ‘open’ days. For example, if a68

meter is closed weekends, the average power for Monday to Friday is calculated and compared69

with the average power for each half hour during Monday to Friday. If the power for a half hour70

is larger than the power for the ‘open’ days, we consider the business to be operational during71

this half hour.72

3. Clustering73

The simplest choice for attributes to cluster is the daily mean and half hourly standard devi-74

ation. However, this did not lead to clusters which were easily differentiated by the daily mean75

alone, nor the survey responses. Alternatively we considered the normalised difference between76

day and night use (where the day is defined as 9am–6pm), the normalised difference between77

weekday and weekend use, and the half hourly standard deviation. But again, attributes did not78

lead to clusters easily defined by the daily mean, nor survey responses. We present the results79

from clustering based on operational power, non-operational power and half hourly standard80

deviation. This choice led to clusters being distinctly separated according to the daily mean.81

We model our three attributes as a finite mixture model (FMM) of uncorrelated Gaussian82

distributions [4]. The parameters of the mixtures and the mixing proportions are found through83

an implementation of the Expectation-Maximisation algorithm, which finds the parameters that84

maximise the likelihood function of the model [4]. Traditionally the k-means algorithm has been85

used for clustering in power systems. However, this is simply a more restrictive version of the86

FMM [4]. We use the Matlab function gmdistribution to implement the algorithm.87
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As with many clustering algorithms, a disadvantage of the method is that the optimal number88

of clusters must be defined prior to implementing the clustering algorithm. There are no definitive89

ways of choosing the number of clusters, but there are some indicators and metrics that can be90

used to help inform the decision. We consider the Bayesian Information Criterion (BIC) which91

penalises the maximum likelihood function by the number of parameters that are used in the92

model [4]. In particular, the BIC penalises larger numbers of clusters. We use the BIC to choose93

a cluster size which obtains a good model of the observations without an excessive number of94

parameters. As shown in Figure 3, five clusters is a reasonable choice.95

To identify whether a new meter can be allocated a cluster based on non-energy data, we96

compare the clusters to survey responses. Ideally there would be a distinct relationship; that is a97

large proportion of one colour would be present in only one bar in Figure 5, e.g., an agriculture98

SME belongs in Cluster 2. However, overwhelmingly, there is no relationship between the sur-99

vey responses and clusters. This supports previous research which also found little correlation100

between energy consumption and household type [7].101

Instead of non-energy data we find a distinct relationship between clusters and daily mean102

µm. When plotting clusters in terms of their usage and normalised standard deviation (Figure 4),103

the clusters present clear partitions based on daily mean. Therefore, an SME without smart meter104

data can be allocated to a cluster using the quarterly readings alone.105

4. Predicting electricity use106

For each meter m, m = 1, 2, . . . , 196, we assume that only the daily mean µm and opera-107

tional hours are known. We estimate the operational power em,O and non-operational power em,N108

for meter m using its daily mean µm and either (i) the mean operational power and mean non-109

operational power of the remaining 195 meters, or (ii) the mean operational power and mean110
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Figure 3: Clustering when the attributes are average operational power, average non-operational

power, and normalised standard deviation. The BIC indicates five clusters is most suitable.
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Figure 4: The five clusters arranged by their daily mean µm and normalised standard deviation

σm/µm. Clusters are numbered by daily mean µm: Cluster 1 has the lowest daily mean and Cluster

5 has the highest daily mean. (Domestic households have upper bounds of log(σm/µm) ≈ 0.65

and log(µm) ≈ 1, see [2].)
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non-operational power of the meters remaining in the cluster for meter m. By simply applying111

the estimated average operational power and non-operational power to the operational hours, one112
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may create a coarse electricity profile.113

We denote these initial estimates for em,O, em,N by êm,O and êm,N . From the initial estimates,114

and the operational hours, the total predicted energy during an average week, Tm, for meter m, is115

Tm = Hm,Oêm,O + Hm,N êm,N , (2)

where Hm,O is the number of operational hours and Hm,N is the number of non-operational hours116

in a week. Ideally, the estimate (2) matches the weekly energy use for the meter, Tm = 7µm.117

Therefore, we adjust the profile by setting118

em,O =
7µm

Tm
êm,O and em,N =

7µm

Tm
êm,N . (3)

Using these adjusted power values for meter m, and the operational hours (see §2), we compose119

the predicted profile. As expected, the adjustment from T/7µ is larger for (i) - the data is not120

clustered (a maximum adjustment of 16.43 compared with a maximum adjustment of 3.98).121

This confirms that the other members of a cluster have similar weekly usages.122

Figure 6 compares this predicted average weekly profile with the actual average weekly pro-123

file for a meter using non-clustered data and clustered data. The peak and trough behaviour is124

captured better when using the data from the cluster (cluster 1, 54 meters) compared to the whole125

data set (195 meters). This is similar for other customers.126

To test the accuracy of these two methods (non-clustered and clustered), we compare them127

with a flat estimate, which is the daily mean µm divided by 48 half hours (em,O = em,N = µm/24).128

Two error measures are calculated, one for the operational power and one for the non-operational129

power,130

Em,O = ēm,O − em,O, (4)

Em,N = ēm,N − em,N , (5)
9



where ēm,O is the actual average operational power, and ēm,N is the actual average non-operational131

power.132

Both clustering and not clustering the data outperforms the flat estimate, see Figures 7. The133

adjustment stage, equation (3), ensures that the non-clustered and clustered approaches are com-134

petitive to each other. Clustering the data first provides greater accuracy (the medians are two135

orders of magnitude smaller), on the assumption that the cluster corresponding to meter m is cor-136

rectly identified. This is an fair assumption since the clusters are clearly grouped by their daily137

mean µm, Figure 4.138
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Figure 5: Breakdown of the five clusters according to responses from survey questions. A

relationship would be apparent if all of one colour was in one bar. Full survey questions are in

the Appendix.
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(b) How many employees are there in your business?
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(c) What was your approximate annual turnover during the last

financial year?
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(d) Do hours of operation include 5pm to 7pm from from Monday

to Friday?
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(e) Does the premises operate during the weekend?

1 2 3 4 5
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

Cluster

P
ro

po
rt

io
n 

of
 m

et
er

s

 

 

Closed Sat and Sun
Open Sat, Closed Sun
Open Sat and Sun

Survey response

(f) Approximately how old is your premises?
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Figure 6: The predicted average week (solid line) and the actual average week for meter m = 1.

The data was clustered according to average operational power, average non-operational power

and normalised standard deviation.

(a) Data not clustered data.
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(b) Data clustered.
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Figure 7: Comparing the error from a flat estimate, our prediction when not clustering the data,

and our prediction when clustering the data.

(a) Average operational power. From left to right, the

medians are -2.368kWh, -0.196kWh and 0.099kWh.
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(b) Average non-operational power. From left to right,

the medians are 1.236kWh, 0.084kWh and -0.046kWh.
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5. The effect of seasonality139

From the half hourly use over the year, aggregated across all meters, seasonal behaviour is140

apparent, see Figure 8. As such, we investigate the effect of temperature (Celsius), humidity,141

cloud cover proportion and wind chill factor. Wind chill factor is a measurement which incorpo-142

rates temperature and wind speed to provide a ‘feels like’ measurement [1]. The corresponding143

heat index (which combines temperature and humidity) is not suitable for the Irish data as the144

temperatures are too low. Since the location of the SMEs within Ireland are unknown we take an145

average of the weather readings from Cork, Dublin and Shannon.146

There are clearly two different types of usage, easily defined by grouping half hours into147

ones which occur 9am–6pm, Monday to Friday (excluding bank holidays), and others. The148

electricity consumption during half hours that do not occur 9am–6pm, Monday to Friday are149

not affected by the weather variables, see Figure 9. In fact only temperature and, by proxy,150

wind chill factor, during 9am–6pm, Monday to Friday appear to affect electricity consumption.151

However, the corresponding linear R2 measure is only 0.4 for both temperature and wind chill152

factor. Therefore, electricity consumption of SMEs is weakly affected by weather. To check153

that statement is accurate, we applied our methods to the only 13 weeks (14th July 2009 – 13th154

October 2009), thereby reducing the effect of seasonality. We avoided the Christmas period in155

the 13 weeks since it may need to be treated separately, see Figure 8.156

When using 13 weeks, the BIC is at a minimum for eight groups, see Figure 10a. However,157

as a smaller number of groups is preferable, and the BIC for five is only marginally larger, we158

take five groups.159

When using data from the complete year, a clear division between clusters and daily mean160

µm is apparent, see Figure 4. This relationship is not apparent from using 13 weeks of data since161
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the clusters, when arranged by daily mean, appear to overlap considerably, see Figure 10b. (This162

overlapping is also present when eight groups are used.) Therefore, it would be challenging to163

allocate a new meter to a cluster based on daily mean alone.164

Setting this aside (by assuming meter m can be easily allocated a cluster), we used the process165

in Section 4 to asses whether 13 weeks of data provides a more accurate prediction of operational166

and non-operational power. We discovered the difference to be negligible, see Figures 7 and 11.167

The greatest difference was operational power (for clustered data), where the medians differ by168

only 0.093kWh. Consequently, from this data set, it is recommended that seasonality effects are169

ignored and data from a full year is used.170

Figure 8: The half hourly use aggregated over all meters for a year
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Figure 9: The effect of weather variates. Each point represents the half hour use aggregated

over all meters. Half hours which fall between 9am and 6pm, Monday to Friday (excluding bank

holidays) are in grey. Other half hours are in black.
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(b) Humidity.
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(c) Wind chill factor.
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(d) Cloud cover proportion.
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Figure 10: Using only 13 weeks worth of data. Clustering when the attributes are average oper-

ational power, average non-operational power, and normalised standard deviation. Clusters are

numbered by daily mean µm: Cluster 1 has the lowest daily mean and Cluster 5 has the highest

daily mean.
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(b) The five clusters arranged by their daily mean µm and

normalised standard deviation σm/µm.
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Figure 11: Using only 13 weeks worth of data. Comparing the error from a flat estimate, our

prediction when not clustering the data, and our prediction when clustering the data.
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(b) Average non-operational power. From left to right,

the medians are 0.973kWh, 0.076kWh and -0.004kWh.
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6. Conclusion171

With merely the operational hours (publicly available information) and the daily mean (avail-172

able from quarterly readings), we have created a close approximation of a SME customers weekly173

energy demand profile. The prediction significantly outperforms the flat estimate, which is akin174

to current methods. This approximation can be further improved by clustering the data before175

making a prediction. We used operational power, non-operational power and standard deviation176

to cluster the meters into five categories. The operational and non-operational power are related177

to the daily mean. Consequently, customers without smart meters can be readily placed in a178

cluster when only their quarterly readings are available. This is highly beneficial to DNOs since179

smart meter data may be unavailable or expensive.180

SMEs electricity consumption is not greatly affected by weather. Moreover, taking into ac-181

count the effect of weather by considering 13 weeks of data (and not a year) produces clusters182

which are not easily defined by the daily mean. Perhaps a larger data set, with location informa-183

tion, would indicate more sensitivity to weather variables.184

Counter-intuitively, there is no apparent correlation between electricity consumption and185

non-electricity features such as type of business and number of employees. However, this is186

in line with earlier work, [7].187
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• What is the organisation’s business?209

1. Agriculture, forestry and fishing.210

18



2. Industry mining and quarrying Manufacturing Electricity, gas, steam and air condi-211

tioning supply Water supply, sewerage, waste management and re mediation activi-212

ties.213

3. Construction.214

4. Wholesale and retail trade; repair of motor vehicles and motorcycles.215

5. Business and Professional Services Information and communication Financial and216

insurance activities Real estate activities Professional, scientific and technical activi-217

ties Administrative and support service activities Public administration and defence;218

compulsory social security Education Human health and social work activities.219

6. Other Transportation and storage Accommodation and food service activities Leisure220

hotels Arts, entertainment and recreation Other service activities Activities of house-221

holds as employers; undifferentiated goods- and services producing activities of house-222

holds for own use Activities of extra-territorial organisations and bodies.223

• How many employees are there in your business?224

1. Sole trader.225

2. Self employed.226

3. 1 - 5 employees.227

4. 6 - 10 employees.228

5. 11 - 24 employees.229

6. 25 - 49 employees.230

7. 50 - 99 employees.231

8. 100 - 199 employees.232

9. 200+ employees.233
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• What was your approximate annual turnover during the last financial year?234

1. less than 58,000 Euro.235

2. 59,000 Euro - 100,000 Euro.236

3. 101,000 Euro - 250,000 Euro.237

4. 251,000 Euro - 500,000 Euro.238

5. 501,000 Euro - 750,000 Euro.239

6. 751,000 Euro - 1 million Euro.240

7. 1 million Euro - 1.5 million Euro.241

8. 1.6 million Euro - 2 million Euro.242

9. 3 million Euro - 5 million Euro.243

10. 6 million Euro - 10 million Euro.244

11. 11 million Euro - 20 million Euro.245

12. over 20 million Euro.246

13. Refused247

• Do hours of operation include 5pm to 7pm from from Monday to Friday?248

1. Yes.249

2. No.250

• Does the premises operate during the weekend?251

1. Does not operate at the weekend.252

2. Saturday only.253

3. Saturday and Sunday.254

4. Sunday only.255
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• Approximately how old is your premises?256

1. Less than 5 years old.257

2. Between 6 10 years old.258

3. Between 11 and 30 years old.259

4. Between 31 and 75 years old.260

5. More than 75 years old.261
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