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Abstract

Supporting vulnerable consumers and reducing fuel poverty are major priori-

ties for policy makers in the energy sector. With the availability of streaming

data from smart meters we are able to develop simple and reliable methods of

identifying vulnerable energy customers and as a result develop targeted policy

interventions. This study investigates how vulnerable customers can be identi-

fied from natural gas consumption data. Neural networks, random forest, naive

Bayes, and support vector machines were assessed for classification of consumer

vulnerability. Random forest, with the prediction accuracy of 94.6 percent, out-

performs other prediction models. Our study provides additional evidence that

machine learning methods can be deployed by policymakers and insights teams

to predict vulnerability from patterns of consumer behaviour.

Keywords: energy customer vulnerability, prediction models,

consumer behaviour, smart meters

2019 MSC:

✩This work is funded by the UK ESRC Consumer Data Research Centre (CDRC) grant
reference ES/L011840/1. The data that was used in the study is available via application
from CDRC.

∗Corresponding: Anastasia Ushakova
Email addresses: anastasia.ushakova@ed.ac.uk (Anastasia Ushakova),

s.mikhaylov@essex.ac.uk (Slava Mikhaylov)



Highlights

• The paper surveys various classification methods to predict energy cus-

tomers vulnerability in the UK residential sector using smart meter data

• Random forest have shown to have the best prediction performance for

smart meter data classification

• Morning and evening peak hours have shown to be significant for the

distinction between vulnerable and non-vulnerable class

• Smart meter data at half hourly resolution shows the potential for predic-

tion of various customer groups
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1. Introduction

The UK was the first European country to introduce in 1994 a policy of

energy suppliers’ obligation in energy efficiency. Initially, the focus of the pol-

icy was on meeting the targets of carbon savings at household level. This was

expected to be achieved through subsidised installation of low carbon efficiency

measures in UK homes. This obligation, while moderate in the beginning, has

become a major component of climate change policy and was further expanded

to tackle fuel poverty and ensure affordable access to energy for all UK citizens.

Such targets are imposed through Energy Company Obligation (ECO) and ad-

ministered by the government regulator, Office of Gas and Electricity Markets

(OFGEM). Apart from the UK, policies to tackle fuel poverty poverty have been

introduced in New Zealand [1, 2], Indonesia [3], Japan [4] and also, in a number

of European Union countries such as Italy, France, Belgium and Spain.

For major domestic energy suppliers, compliance with these regulations is

of huge importance and companies support several programs to provide house

insulation as well as financial support for those who may struggle to pay energy

bills. Fuel poverty (or vulnerability) in this sense is identified on the basis of

limited ability to access energy at home. In other words, customers may be

considered vulnerable if they consume less than they would have had support

been provided. For this paper, we narrow our focus to those people who may

have difficulty in terms of the financial cost that adequate energy provision

requires. A major challenge for energy suppliers in the UK is to identify po-

tentially vulnerable consumers who have not yet self-selected into any of the

available support schemes. This paper proposes an approach that could be used

to segment and identify potentially vulnerable customers so as to enrol them

into available support programs. We propose a prediction model that identifies

vulnerable customers based on patterns of energy consumption. We utilise the

data on gas consumption from smart meters installed across northern England

and Scotland for the period from 2014 to January 2015, and existing data on

household energy vulnerability.
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Previous research showed the feasibility of using machine learning methods

to identify target populations for energy companies’ marketing campaigns [5, 6,

7]. Furthermore, smart meter data has previously been used to forecast energy

demand [8, 9]. However, this paper is the first use of smart meter data for

targeted classification of customers. This study aims to show the possibility

of various machine learning methods to help answer a challenging public policy

question — how we can identify vulnerable energy customers using data on their

consumption available from smart meters.

The paper is structured as follows. The second section reviews the relevant

literature on smart meter research and machine learning methods that have

been employed to analyse smart meter data. This is followed by an overview

of energy suppliers’ obligation in the UK, fuel poverty and vulnerable customer

issues. The third and fourth sections address data and methodology and outline

the analysis strategy that was used to classify customers and discover different

consumption patterns in the data. The last section concludes and provides

suggestions for further research and the policy implications of our findings.

2. Previous work

Research fields that investigate energy consumption range from engineering

and informatics to economics and political science. Such a wide range of disci-

plines is associated with the complexity of investigation of energy consumption

behaviour. Furthermore, there is a requirement for the development of research

methods that can be applied to new and varied data types. Literature on smart

meters and related issues of energy efficiency for demand-side management has

evolved considerably over the last ten years. Expected impacts on efficiency are

related to reducing consumer spending on electricity and gas that contributes

to overall reduction in carbon emissions. Stromback et al. [10] provides an

overview of how smart meters could contribute to energy efficiency goals in Eu-

rope. They further stressed the importance of clear customer segmentation as

well as active customer participation through provision of feedback. Issues of
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fuel poverty and energy customers’ vulnerability were extensively discussed in

[11, 12, 13, 14, 15, 16]. Rosenow et al .[17] provides a critical assessment of

fuel poverty defined by policymakers in the UK, including the issues of measur-

ing fuel poverty based on household income and property characteristics. They

conclude that performance of existing indicators is not entirely satisfactory and

argue for the development of better measures of fuel poverty.

2.1. Modelling energy consumption behaviour

De Silva et al. [18] points out that conventional statistical methods such as

linear regression, for example, may face a number of limitations once applied

to streaming data available on electricity consumption. As a response, various

machine learning techniques applied to smart meter data are considered and

implemented in research in this field. For example, Chicco [5] provides a use-

ful summary and comparison of clustering techniques applied to smart meter

data for the grouping of customers, which could be further used to target dif-

ferent types of customers for tariff modification and subsequently contribute to

meeting energy efficiency goals. One of the most common suggestions is seg-

mentation of customers by type of activity and commercial characteristics. This

approach was further considered in Beckel et al. [7] where the authors study

data from smart meters for 4,232 households in Ireland over 1.5 years. This

work demonstrates the feasibility of performing combined supervised machine

learning and multiple regression analysis to reveal customer characteristics, their

model achieved a 70% accuracy level. The work of [19] and Sanchez et al. [20],

which looked at half-hourly electricity smart meter data, provided a solid foun-

dation for the analysis of overall trends among different customers by using

Fourier analysis, self-organizing mappings and various clustering methods. Re-

sults have shown clear customer segmentation based on different types such as

high usage customers, low usage customers, business customers, and minimal

users. This highlighted the feasibility of observing expected trends in peak hours

and showed a clear differentiation in consumption patterns among segmented

types. Dong et al. [21], used peak time classification to define customers from
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Figure 1: Vulnerable “Retired and Empty Nester” customer

Figure 2: Non-vulnerable “Retired and Empty Nester” customer

4,000 Irish households who are most suitable for energy campaigns. . Kwac et

al. [6] extended such analysis by using different feature extraction that served

as a base for segmentation of customers by lifestyle and consumption behaviour.

Silipo and Winters [22] used electricity smart meter data from 6,000 Irish

households and business recordings to provide a reliable prediction model of

power shortages and surpluses as well as contribute to targeting mechanisms

for finding customers who could be subject to different contract offers. Similar

to McDonald et al. [19] the authors showed the effects of weekly and 24 hour

seasonality. Most of the clusters showed significant differences in consumption

during weekdays and weekends as well as for mornings and evenings. This

approach was further expanded in Oates [23] and Liao [24] who demonstrate

the application of various time-series clustering techniques to smart meter data.

Haben et al. [25] have taken this approach even further by attempting to find a

measure of robustness of the clustering methods when applied to smart meter

data.
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Figure 3: Non-vulnerable “Family” customer

Figure 4: Vulnerable “Family” customer

3. Patterns of energy consumption

Data for the analysis was sourced from a large energy supplier in the UK1

and divided into the following categories – gas consumption and vulnerability

characteristics. Data on vulnerability is placed in a separate group as it would

be more convenient to have a separate matched sample on vulnerable customers

and then compare it with those individuals who have vulnerability flags as absent

but may potentially be vulnerable. This is explored further in the methodology

section.

The study was based on the sample of 1,919 smart meters from a region in

northern England and parts of Scotland. Each meter was recording half-hourly

consumption in kWh or Wh depending on the source. For the sake of simplicity,

a binary vulnerability flag was created to indicate whether one or more support

measures associated vulnerability characteristics were applied to the customer.2

1We cannot disclose the name of the company due to NDA.
2This includes information on customers who have been enrolled in priority services, belong
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Data N (smart meters) N (days) N (daily readings) N (total observations)

One month sample 1,919 28 48 2,372,592

Overall dataset 1,919 390 48 33,309,120

Table 1: Data structure. The structure of our smart meter database and the one month

sample we are using in the prediction model below.

For the analysis below, we use all smart meter readings for the month of

February that we then use later in our prediction model. Table 1 provides an

overview of our data. In our sample 24% of customers were classified as vulner-

able and 76% as non-vulnerable. On average, per day, overall consumption is

recorded at 98.69 kWh (median 67.44) with standard deviation 39.34 (minimum

at 0 and maximum at 181.72).

As a simple visualisation of our data we present below monthly consumption

patterns for two groups of customers as categorised by the energy supplier. Fig-

ures 1-4 illustrate an example of consumption patterns for retired consumers and

families, both in the case of vulnerable and non-vulnerable consumers. Over-

all, retired customers receiving support tend to consume more gas compared to

non-vulnerable customers. The family group in Figures 3 and ?? demonstrate

consistent consumption over the year, and in fact increased energy consumption

during spring time in comparison to previous figures. Presence of the vulner-

ability flag does not necessarily imply a sizeable difference in consumption for

sampled individuals.

Figures 1-4 are based on data of very fine granularity and used here to high-

light the complexity of aggregating the data on consumption due to differences

in individual consumption profiles. Many additional customer characteristics

are omitted, and we cannot assume that sampled customers are representative

of consumption patterns for a given life-stage group. Tenancy and property

to a group of credit customers in debt, customers on Fuel direct, customers receiving a grant,

vulnerable customers off supply and those who receive a warm home discount. We plan to

explore these multiple characteristics in future work.

8



Figure 5: Median half-hourly consumption for vulnerable and non-vulnerable consumers for

the month of February.

characteristics as well as geographical location may play a significant role in the

observed differences in consumption.

As a further illustration we look at all individuals for weekdays in one month.

Figure 5 plots median consumption by vulnerable and non-vulnerable customers

during February. It is clear, that the median half-hourly consumption for vul-

nerable consumers exhibits similar peaks to non-vulnerable consumers, however,

there is a slight difference in outliers and magnitude of peaks. We selected Febru-

ary for both visualisation and prediction with the underlying assumption that

there is greater variation in the consumption patterns throughout the winter.

For Scotland and Northern England, according to Met Office [26] January and

February tend to be the coldest months of the year, but February may be more

isolated from the effect of winter holidays [21].

The results in Figure 5 indicate high levels of variability within the data,

as well as presence of outliers especially for consumption during night hours.

While most of the vulnerable sample tend not to use gas during night, there

are still a number of individuals exhibiting high consumption levels. It is also

very difficult to discern any differences in the consumption patterns between

two groups of customers.

4. Predicting consumer vulnerability

The methodology for this study is based on supervised machine learning

techniques that are commonly applied in big data analytics and were previously

used in the analysis of smart meter data. Nevertheless, the analysis in this paper
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extends existing literature with more targeted classification and prediction —

identification of vulnerable customers.

Least squares and k nearest neighbours models are generally considered the

simplest approaches for prediction and classification yet are associated with

some statistical instability, particularly in sparse data [27]. As a consequence,

we compare a number of alternative methods such as random forest, neural

networks, support vector machines, and naive Bayes. As random forest out-

performed during our analysis, we will dedicate most of the description to this

methodology.

Our motivation for initially utilising a random forest method is primarily

driven by growing acknowledgment of its performance for prediction and clas-

sification analysis [28]. The model simplifies analysis as it does not require

narrowing of the sample or exclusion of certain days since it automatically in-

corporates patterns in the data corresponding to distinctive individuals. Previ-

ously, researchers tended to omit weekends or holiday periods from the analysis

as they are often associated with greater heterogeneity among customers [29].

Instead, as our prediction model learns from these ‘outlier’ patterns, we keep all

days so as to allow the models to have better precision in identifying vulnerable

customers.

4.1. Random forest

Random forest classification is performed in the following stages. First,

the algorithm selects a bootstrap sample to be analysed. The tree is then

built through repetitive steps until the optimal combination of variables for

predictions with minimal error is found. Each time, the model selects variables

at random. In our case, we have 48 variables that correspond to each half-

hour smart meter reading every day of the year. The outcome variable is the

vulnerability flag for each consumer. The learning algorithm begins on two

randomly-selected predictors and expands until covering all 48 predictors. The

tree is identical to the decision tree mechanism, where the decision is based

on how each variable contributes to further splitting of the data until we can
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reach our final classification split – into vulnerable and non-vulnerable classes.

One advantage of using a random forest model is that it allows for the building

multiple trees, rather than just one. Through such a process we mainly look

for trees that would build associations between input and output variables. A

higher variation in the data allows the algorithm to easily differentiate what

contributes to vulnerable and non-vulnerable classes, and split the data further.

We do not need to correct the model for seasonality or time dependencies as

random forest logically would separate those in the training stage. A brief

overview of the methodology is given below:

• The input variables sequence is represented by the sequence b = {1...B}

• A bootstrap sample is drawn from the training set and random forest tress

are built until the minimum size of input variables necessary for training

is reached.

• The output of this process is represented by a set of trees {Tb}Bb=1

• The class is then predicted for new or unseen data through the majority

vote

ĈB
rf (x) = majority vote{Ĉb(x)}Bb=1 , (1)

where Ĉb(x) is the classification decision of the bth tree.

As we observed from the data visualisation, for smart meter data we would

expect evening or morning gas consumption levels to have a greater impact

on the learning process, while overnight or afternoon consumption should have

a relatively smaller influence on the relationship between input and outcome

variables.

One of the advantages of using random forest models is low probability of

over fitting the data [27] as it is mainly based on decision trees rather than

optimisation problems. The optimisation nature of the algorithms are core to

the neural network and support vector machine algorithms. As part of the

robustness studies, we include these models and briefly discuss them below.
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4.2. Neural networks, support vector machines and naive Bayes

The models discussed here are suggested for the analysis of large datasets

[27]. The specific choice of the model is often motivated by data variation and

whether we expect a linear or nonlinear relationship between predictors and the

outcome.

Neural network methodology is based on defining neurons that connect input

variables to the outcome, the multilayer structure of the model allows it to

represent complex non-linear mappings. In our specification, the analysis is built

on a logistic regression model for the hidden layer that connects smart meter

readings to a binary vulnerability flag. Minimisation of the sum of squared

errors is done by the gradient descent algorithm.

Gradient descent works by using the first order condition of the function

in order to find the local minimum point. By taking small steps from a proxy

of gradient for a given function, both local maximum or minimum points can

be approached through a number of iterations. For this study the number of

iterations was raised depending on the size of the sample due to the fact that

each customer has a unique combination of inputs and the model may need a

reasonable amount of time to converge. Neural networks have been previously

been used for energy consumption point prediction [30, 31, 9, 8]. Neural network

models usually outperform other approaches such as linear regression, decision

trees or support vector machines for the point prediction using historical data.

However, in our case we observe a rather poor performance, perhaps due to the

classification nature of our prediction problem and noisiness of the data. The

latter issue complicates finding a unique solution to the optimisation problem.

Support vector machines (SVMs) are based on the minimization of the cost

function through a similar gradient descent approach. Instead of having a hid-

den layer connecting the input and outcome variable, the algorithm is based on

initially creating a nonlinear feature space where it then seeks to fit a linear re-

gression that may separate the features into two classes. While the use of SVMs

in energy consumption studies is not extensive, several studies show good pre-

diction performance of such models. For example, Mohandes et al. [32] focus on
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wind speed prediction from historic daily averages using multi-layer perceptron

(MLP) neural networks and support vector machines. Support vector machines

outperformed MLP in terms of prediction accuracy. Dong et al. [33] use SVMs

to predict energy consumption of commercial buildings in Singapore.

Finally, we also considered a naive Bayes classifier, as in our setting it allows

is to calculate the probability of a users vulnerability flag by forming a poste-

rior about the outcome. This posterior updates as more smart meter readings

are taken. Thus, with more data available we would expect greater prediction

accuracy. The probability of the outcome variable to be either zero or one is

estimated using the maximum likelihood approach. Naive Bayes, as shown in

Rish [34], relies mainly on the assumption that the features are independent of

the predicted class, and performs well on highly-interdependent features. The

prediction power would gradually decrease if the class zero is over represented

in the sample. In our case, after re-balancing the sample, we could not report a

highly visible difference in the prediction power using naive Bayes. This is likely

attributable to high variation in our half-hour loads. In addition, the hetero-

geneous levels of interdependencies associated with half-hour consumption may

also arise from idiosyncratic usage of natural gas at household level.

In practical work, algorithms often differ in how they utilise predictors that

are less statistically important for identifying the relationship between input

and outcome [35]. Whereas random forest models benefit from such weak in-

puts, for neural network and support vector machines this additional noise may

detrimentally affect the solution. Caruana and Niculescu-mizil [36] show that

for highly variable and complex data sets, or those that have information on

real-world complex problems, naive Bayes is expected to be outperformed by

models like random forest. Our results confirm this earlier prediction.

5. Results

We select the optimal model parameters through ten-fold cross validation.

To assess the performance of the models, Table 2 reports accuracy, precision,
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Model Accuracy Recall Precision F-score

Neural Network 60.11% 0.64 0.66 0.65

SVM (radial kernel) 76.2% 0.81 0.99 0.89

Naive Bayes 56.0% 0.81 0.85 0.83

Random Forest 94.6% 0.81 0.79 0.80

Table 2: Results (ten folds cross validation) for each model that was used to predict vulner-

ability flag using consumption data.

recall, and F-score. Our results suggest that Random Forest outperforms alter-

native models in terms of overall accuracy. We suggest that random forest may

have a greater power in differentiating similar patterns of consumption.

As the choice of alternative models was largely driven by their popularity

in academic research, our results are in line with the literature in related fields.

For example, Lines et al.[37] focus on appliance consumption predictions and

compare naive Bayes, random forest, neural network, and SVM (also using

cross-validation to select optimal model parameters). They show that Random

Forest slightly outperforms other models on their data.

One of the advantages of using random forest is its interpretability. Alter-

native models like neural network and SVMs are often treated as “black-box”

solutions. With random forest we can assess which variables are significant for

prediction accuracy. Figure 6 provides a summary of variable importance tables

that indicate the variables in the order of importance for prediction power and

their contribution to subsequent tree splits based on Gini impurity criterion.

By importance ranking, as expected, morning and evening peak hours have a

strong contribution to prediction accuracy. By Gini, morning hours tend to be

more important in their contribution to the split of the decision tree.

In line with the original argument by Breiman [35], we believe that weak in-

puts in the dataset make achieving high prediction accuracy with neural network

or SVM more challenging. Variation that arises from these variables adds more

noise and contributes to more confusion in convergence to local minimum point.
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Figure 6: Mean Decrease Accuracy and Gini by variable importance

In our case, as we see from the variables’ importance in Figure 6, almost half of

the variables are not critical for prediction accuracy. Random forest appears to

have taken weakness/importance into account, thus achieving maximum noise

reduction. Lastly, based on law of large numbers, with the increasing number

of trees there is likely convergence to a unique solution.

6. Conclusions, Limitations and Future Work

The research presented above aimed to answer the question of whether there

is the potential to identify vulnerable natural gas customers by using data from

smart meters using various machine learning methods. Vulnerable customers

were expected to under-consume in transition to the winter period, yet this

was hardly observed in our data. Vulnerable customers have shown more con-

stant and distributed over the day consumption profiles while the non-vulnerable

tend to exhibit peaks and have quite uniform patterns of consumption within

the sample, implying that they may leave home at certain periods while vul-

nerable customers may consistently use gas in their homes. Nevertheless, some

patterns in both groups were similar which may have been a reason as to why

most of the models failed to provide high prediction accuracy. In our predic-
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tion model, random forest produces better prediction accuracy compared to

alternative models.

It is important to acknowledge that while this paper produces some insights,

it should be seen as a demonstration, rather than complete solution, for how

smart meter data can be used to understand and predict vulnerability vulnera-

bility. Further research may consider using predictive mechanisms on segmented

customer groups obtained from various clustering methods; such a suggestion

was also made by Haghi and Toole [9]. It may also be fruitful to train mod-

els on larger samples and consider weather conditions as an additional input

variable — this would enable the achievement of more precision in the train-

ing of the model by giving it associations with weather parameters. Prediction

models may also be performed on features that are based on household and

property characteristics. Such extensive analysis may provide a better precision

and accuracy when predicting vulnerability.

Further limitations are related to defining vulnerability and benchmarking.

In this paper vulnerability was assessed based on the available data on customers

that were enrolled in support services. Conceptually, this measure requires fur-

ther investigation, perhaps with a comparison to alternative measures. In addi-

tion, customers who received support may change their consumption behaviour,

thus it may be a strong assumption that non-vulnerable customers exhibiting

patterns similar to those present in the vulnerable sample may also be vulner-

able. To control for this it may be valuable to observe the indicators on the

time when support was provided so we could see so-called treatment effect on

consumption caused by efficiency measures.

To round up the paper, perhaps the most trivial policy implication to be

drawn from this research is a relationship between high heterogeneity of gas

consumption households and the meeting of the objectives set by OFGEM. The

ECO requirement on identifying vulnerable customers and those at risk of fuel

poverty may be a hard task to meet in the absence of a strategy for identifying

such customers backed up by high quality data analysis. Thus, policymakers

may consider either providing energy companies with the right tools to per-
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form such strategies or soften the current requirement. Furthermore, energy

consumption vulnerability remains an ambiguous concept which may require

further research to build more inclusive and transparent indicators. As sug-

gested in Schmidt and Weigt [38], the study of energy demand and consumption

requires a highly interdisciplinary approach especially if policymakers are inter-

ested in shaping and transforming current energy systems. Thus, both social

and political science as well as engineering and data science may be helpful in

answering such research questions.
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