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 Overview 

Even though there is a pressing need for awareness of energy consumption, most 
consumers spend very little time on their monthly or bimonthly energy bill, or on pondering 
over their energy consumption. Only 5% have some recollection of their consumption for 
the previous month. Close to a third of the respondents of a recent survey revealed that 
they were not aware of energy efficient alternatives while making a purchase. Over a fifth of 
them did not purchase efficient appliances even though they were aware of alternatives  [1]. 
While consumers might realise the importance of conservation, most have very little 
knowledge of where they stand on the consumption scale. 

 
1.1. Motivation 

Significant savings in energy consumption can be achieved by addressing energy 
efficiency within the low-tension (LT) segment. For example, considering the pan-India 
figure of 32% consumption in the low-tension segment, improving room AC efficiency from 
business-as-usual to the best available technology can offset the requirement of 120 new 
500 MW coal fired power plant by 2030  [2]. 
 
Distortion in pricing, difficulty in price-correction, and fragmentation of the market have 
made implementation of energy efficiency programmes in the low-tension segment less 
popular in India when compared with the high-tension (HT) segment. Our objective in this 
project was to use behavioural science to drive energy efficiency in this segment. 
 

1.2. KSEB 

Over the last five years, electricity consumption in Kerala has grown by about 33%. This 
observation is based on the data of past five years taken from the Annual Revenue 
Requirement documents of Kerala State Electricity Board [3]. Extrapolating the growth 
rates, we predict that the net consumption in the state will grow by 80% over the next 
decade. Close to 30% of the energy demand is currently met by hydel resources; however, 
the Forest Conservation Act of 1980 has made hydel capacity addition difficult. Most of the 
future requirements of the state will therefore have to be procured from outside. 
Consequently, the embedded cost of power, which has increased by 31% over the last five 
years [3], is likely to increase further. This will put additional pressure on the annual 
revenue requirement for the state. 
 
The residential segment in Kerala (which is one major component of the LT consumers) 
constitutes close to 51% of the net consumption, and is likely to remain close to the same 
figure in the next decade. The commercial segment (another component of the LT 
consumers) is 13% of the net consumption and is expected to rise to 20% of the net 
consumption over the next decade. Overall, the LT consumption is today at 70% of the net 
consumption (as against 32% pan-India) and is expected to constitute 75% of the net 
consumption over the next decade. These points, taken from [3], are summarised in Figure 
1. They make Kerala a good choice for our behavioural science study in the LT consumer 
segment. 
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Figure 1: Extending the observed consumption growth rates from 2010-11 to 2014-15 we find that the domestic 
segment will continue to account for the bulk of the consumption. Commercial LT which increased at an annual 
compounded rate of 11% in the past five years will continue its rapid increase. (The FY24-25 predictions total to 
100.2% due to rounding to one place after the decimal point.) 
 

1.3. Structuring the Programme 

Over the past five years the management information systems (MIS) department in KSEB 
(Vaidyutha bhavan, Thiruvananthapuram) had been linking over 600 section offices to a 
centralized server, which would host the data for over 66 lakh consumers of Kerala. This 
project group had, at that juncture, approached KSEB with an intent to demonstrate the 
application of behavioural science for driving energy conservation. Fortunately, KSEB was 
also looking at driving applications using the aggregated data stored in their servers. It was 
decided that a pilot programme could be implemented in the Aluva Division of KSEB.  
 
Aluva is to the north of Ernakulam (40 minutes by road). It has 11 electrical sections. 
Residential consumers dominate in terms of net consumption. A typical home (e.g. Figure 
2) has two storeys, and often has elderly residents. While not entirely urban, some parts of 
Aluva, especially the north-western regions, have more spread out dwellings. The southern 
parts towards the border of Ernakulam as well as the regions lying on the Ernakulam – 
Kochi Airport road have comparatively higher population density. 
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Figure 2: A typical house in Aluva 

 

Of the 11 sections in the Aluva Division, we had historical data for about 1 lakh consumers 
(households). The period 2013-14 contained the maximum information. KSEB follows a 
bimonthly billing system. Meter reading staff are allocated two areas, one for data collection 
during the even months and the other for collection during the odd months. They visit 
homes based on their billing day as per a pre-allocated walk order. From our analysis of the 
data, about 72% of the LT revenues comes from three sections: Kalamassery, Aluva Town, 
Aluva West in Aluva circle (see Figure 3); close to 50% of consumers reside within these 
(see Figure 4). The average bimonthly bill in these sections is Rs. 447/-, while in the rest of 
the dataset, the average is Rs. 317/-. Since our goal was to cover about 50,000 households 
(including experimental and control households), we decided to implement the pilot 
programme covering consumers of these three sections. 
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Figure 3: Distribution of average bimonthly bill amounts in Rupees in the different regions of Aluva. 

 

 

Figure 4: Distribution of population in the Aluva region. 
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 Programme 

The programme was structured to cover a period of a year to assess its impact through an 
entire annual weather cycle. Consumer meta-data and historical consumption were shared 
by KSEB two months prior to the starting of the programme. Consumers were to be given a 
feedback along with their energy bill. The information would also be made available in an 
electronic format to those registering on the platform. We planned to set up the programme 
as a randomized control trial and assess the efficacy of the programme by comparing 
consumptions of experimental households (those that received the intervention and energy 
report) to consumptions of control households (those that did not receive an intervention 
and energy report).  
 

2.1. Overview of Consumption pattern in Aluva 

The 49,639 consumer records belonging to Aluva Town, Aluva West, and Kalamassery 
were analysed for identifying survey participants.  The average consumption varied in 2016 
from a peak of 144 units during March to a minimum of 118 units in June. All the three 
sections had more or less similar consumption patterns (see Figure 5). 

 

 

Figure 5: Aluva Town, Aluva West and Kalamassery sections have similar consumption pattern. Kalamassery 
has the highest consumption. 

 
Kalamassery had the highest annual consumption per household at 1,578 units (for the 
year 2016) followed by Aluva West (1,518 units) and Aluva Town (1,447 units).  
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Figure 6: A heat map showing variation of electricity consumption, in terms of average bill amount in Rupees, 
across time in various regions of Aluva.  

 

Data preprocessing: Since the consumers were given bimonthly bills with staggered start 
dates, we assumed constant usage across the billing period to arrive at calendar-
synchronized monthly consumption estimates. The consumer bill amount data was 
available for about 36 months while the actual consumption in kWh was available only for 
16 months. We therefore proceeded with clustering based on the 36 months bill amount 
data for the period prior to the start of our programme.  
 
The calendar-month-aligned estimates were vectored into a 36-component vector and were 
supplied to a K-means clustering algorithm, with the K parameter denoting the number of 
clusters. This was done to identify groups of similar consumers. Comparison information 
would subsequently be supplied to consumers based on groupings arising out of this 
clustering mechanism. We also intended to limit the number of cluster within fifty as higher 
clusters will make the administration of the project difficult. A scree plot of the mean square 
error vs the number of cluster showed that error declined rapidly within this range. A 
hierarchical clustering approach was implemented over the dataset using K-means 
clustering algorithm. Clusters having higher population were identified and subsequently 
broken down into sub clusters. Similarly, cluster having very few members were merged 
into the nearest cluster. This resulted in a total of 29 clusters. 

 

We found that most clusters could be identified as bands of curves, when their monthly 
consumptions were plotted across time, but a few clusters were identified based on their 
actual pattern of usage. For example, in Figure 7, clusters 23 and 28 are clusters with 
significant increased and patterned usage from June to August, the difference between 
these two clusters being the amount of usage. The faint lines in the figure below are 
consumption patterns of randomly chosen consumers within the cluster, and the solid lines 
are the cluster means plotted across time. 
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Figure 7: Tendency graph. Variation of consumption in different clusters across 36 months.  

2.2. Setting up a Randomized Control Trial 

The consumer metadata showed that most of the records of consumer addresses were 
incomplete. Address data was available for only 20% of the consumers. Our initial plan, to 
deliver the reports through the postal/courier service, could therefore not be executed.  
 
KSEB meter reading is done every alternate month by meter readers. Most of these 
personnel are contract employees. After receiving guidance from KSEB, we decided to take 
their help in delivering the reports. Consequently, the selection of the control and 
experimental households could not be fully randomized. Despite this constraint, some 
randomization was done as described below. 
 
The meter readers visited a set of houses on a particular day as per an assigned sequence 
(walk order). On a particular day, they visit houses which are in general close to each other. 
As broached above, selection of control and experimental households had to be done in 
accordance with the physical constraints imposed by the logistics employed by the meter 
reading staff. 
 
We decided to label consumers whose bill generation dates fall on alternate days as either 
control or experimental consumers. Thus, all even bill-generation-date consumers of Aluva 
Town and Kalamassery were labelled as experimental consumers who would receive our 
energy audit reports. On the other hand, all odd bill-generation-date consumers of Aluva 
West were labelled as experimental consumers.  
 
For the randomized control trial, it was necessary that both the experimental and the 
control group were similar to each other in their consumption patterns. The histograms of 
consumptions across these two groups, plotted in Figure 8 below, confirms the broad 
similarity between the two groups. 
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Figure 8: The empirical distributions of the average bimonthly bill for experimental and control consumers show 
a similar trend. 

 

2.3. Scheduling of the Programme 

The distribution of reports was staggered across the three sections. The first report was 
distributed in Aluva Town on the 20th of April 2016, in Kalamassery on the 24th of April 
2016, and in Aluva West on the 1st of May 2016.  
 
Reliance on the meter readers for the logistics meant that our reports had to be published 
before they went on their rounds for distributing the bill. All the reports were generated 
using the last billing cycle data and were distributed in the subsequent billing cycle. The 
information provided to the user had a latency of one billing cycle. 
 
Through the course of the programme, impact was monitored but only to update the 
computational tools for automated generation of the reports.  
 
KSEB delivered the billing data to us in a batch on the 2nd of every month. Our energy audit 
reports (please refer to the next section for details) were generated and printed by the 15th 
of every month and were dispatched for distribution in the subsequent month to the 
corresponding section offices. The reports started from the introductory reports (R0) to the 
final reports (R5). The reports were progressively more complex, with reporting features 
added as and when our tools and algorithms matured. All reports were two pages long. 
 
Alongside report generation, work was carried on the electronic platform to allow 
consumers to access their reports online. Users had to register with the login information 
made available in the hard copy reports. This and subsequent reports could all be 
accessed online even as the hard copy reports reached the consumers. The electronic 
platform was released along with the R0 report and additional functionalities were added in 
the subsequent months. 
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The process of data collection was initiated in June 2016. We reached out to about ten 
percent of the households (about 5000 out of 50,000) and were successful in getting a 
response from about 3200 households. The clusters that were identified using the 36 
month billing data were of different population densities. The sampling of households for 
surveying had to respect this nonuniform population density. Further, in order to ensure that 
the control group was unaware of the programme (to the extent possible), the surveys were 
restricted to the experimental group. A random sampling technique, in proportion to the 
nonuniform densities but with a guaranteed minimum representation from each cluster, was 
employed to identify the 5000 households. These were then indicated to the meter readers 
through a mobile application for conducting the survey. 
 
We relied on a bottom up model (to be described in a later section) to construct most of the 
insights driving the functionality of the programme. The construction of these models 
depended on the data being collected from the field. From the initial crude model which 
was made available by the second billing cycle (R1), we progressively fine-tuned our 
approach using the data we collected from the field. 
 
2.4. User Experience 

The programme was designed keeping the end user’s 
“user experience” in mind. The reports were to be 
designed to appeal to all kinds of consumers, age groups 
and gender. We used a bilingual format, English and 
Malayalam, in all our communications to ensure that the 
information is understood by all consumers. All texts, 
interventions and labels were produced in both languages. 
Most of the communication was pictographic (e.g. Figure 
9). We used characterizations to help people relate readily 
with the information provided. Technical text was worded 
and suitably illustrated to enable quick information 
transfer.  
 
The reports and the electronic platform were tailored to 
create a personalised user experience. Personalisation, 
i.e. adapting the information to be sent to a consumer, 
was achieved largely through clustering which grouped 
similar consumers together. We now highlight our 
approach. 

 
 

  

Figure 9: Illustration of an 
intervention. All interventions were 
conveyed by using some character to 
produce a story. 

 
Social comparison: To ensure greater engagement with the users, we felt that social 
comparison would be a more effective tool rather than a mere indication of savings (or 
increase) in consumption month on month. Social comparison provides us with a powerful 
means to nudge consumers towards reduced consumption by showing them as being 
progressive within their community. The community itself is a hypothetical one obtained via 
our clustering scheme. For each billing cycle, each consumer was informed on whether his 
usage was efficient, average, or high, within the cluster. An example of picture that 
summarized this information is given in Figure 10. 
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Gamifying  

 
Figure 11: Gamification by indicating growth of  
'coccinea flower'. 
 

To personalise the energy 
efficiency interventions to 
specific consumers, 
interventions were introduced 
through their effect on a 
character, the ‘coccinea flower’, 
which is a common flowering 
plant in Kerala. It was hoped 
that users could relate to the 
impact of their interventions on 
the growth of this flower. 
 
The interaction was gamified by 
showing various stages of 
growth of the plant based on the 
consumer’s usage reduction. 

 

 

Figure 10: Social Comparison - Comparison of consumers to other similar consumers. 

 
Gamification: In order to better appeal to the consumer, we also attempted to gamify the 
interaction by linking a tree whose growth was reflective of the energy conservation steps 
taken by the consumer, as deduced from the reduced or increased consumption or bill 
amount. This was picturised as an arrow (indicating the trend) and a number (indicating the 
current level). 
 

 
 

 

 

 Components of the Programme 

3.1. Report Generation 

The first report (R0) was an introductory one. It did not have any contextualized information 
or intervention. The purpose of this report was to introduce the platform to the consumers 
and set their expectations. Report R0 contained consumer information, a comparison 

https://en.wikipedia.org/wiki/Ixora_coccinea
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statement of a home’s consumption to similar homes in a neighborhood. The rear side of 
the report provided an explanation about the programme, explained the elements of the 
report and introduced the stakeholders among others. The report also provided each 
consumer with a pass key to log into the electronic platform. (Please refer to Annexure II.) 
 
The gamification using the plant was also introduced in R0. A historical consumption chart 
provided the consumption trend over the past twelve months.  
 
Interventions were supplied from a subsequent billing cycle in the R1 report. However, at 
that stage, the algorithms were yet to be tuned. Generic interventions were assigned based 
on heuristic rules. From the third cycle, these interventions were tuned through machine 
learning approaches based on survey data and historical consumption data. (Please refer 
to Section 4). 
 
All reports were grouped by section/month/day/walk in that order and were dispatched to 
the corresponding section offices for delivery by the 15th of every month. For a few 
consumers who registered on the e-platform, an e-report (pdf document) was sent to their 
email address. 
 

3.2. Consumer Platform 

A basic version of the electronic platform1 (see Figure 12) was released along with R0 
report. The web platform allows the consumer to view the information given in the paper 
reports on the web. The subsequent release, during the second billing cycle, allowed the 
consumer to view the suggested interventions. An e-survey form was also provided to allow 
consumers to upload details such as their building type, family size, ownership of 
appliances, consumption patterns, etc., many of which were components of our physical 
survey. 

 

Figure 12: Electronic Platform: Apart from reproducing the information contained in the report, the consumer 
could also find historical consumption data and could enter data onto the platform (similar to the survey being 
administered). 
                                                            
1 The platform can be accessed at http://kseb.clytics.com/    Credentials consumer2@gmail.com    
Password: pwd2. The platform will be active till June 30th 2016 

http://kseb.clytics.com/
mailto:consumer2@gmail.com
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We were hoping to get about 2% of the experimental group users registered (approximately 
five hundred). However, Aluva has comparatively lower internet penetration. The average 
age of the consumers is also in the higher 50’s. Further, our resource limitations did not 
allow us to advertise this e-platform in an aggressive fashion. These factors perhaps limited 
the penetration of the internet platform to about a hundred. 
 

3.3. Survey 

The bottom up modelling framework required us to collect information regarding the 
dwelling type and size, occupancy, type of appliances, and usage patterns. This 
information had to be collected from representative samples of the experimental group 
within Aluva.  
 
We developed a mobile application to administer the survey. This allowed us to administer 
different questionnaires suited to various categories of users so that some of their inputs 
could be validated in real-time. The mobile application was necessary because it allowed 
us to capture additional information such as location and the duration of the survey which 
were used to validate the authenticity of the survey record. A mechanism was also created 
to capture the location of a household from the GPS tag of the device. However, network 
connectivity was poor in the regions of deployment. More than 50% of the locations were 
not GPS tagged. We therefore could not exploit this information.  
 

 

Figure 13: Survey Data Collection: Sujith Kumar, a meter reader in Aluva West, interviews a consumer on 3rd 
June 2016 and enters the received information into his tablet. He conducted 4 to 8 interviews in a day after 
being trained, a week earlier, on how to administer them. 
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3.3.1. Consumer Survey 

 The survey sought information about the 
following: (i) building type (flat or bungalow), size 
(for example, 1BHK, 2BHK), ventilation, etc.; 
(ii) family information classified by age, 
occupancy during various times of a day; 
(iii) appliance information such as the type of 
lamp(s) used in the drawing room, nominal AC 
settings, etc. A total of 5060 homes were 
approached to gather such information. 

 Survey manifest, the list of individuals to be 
surveyed within a day by a particular surveyor, 
was created ensuring all clusters received a 
weightage in accordance to the population 
proportion in the entire dataset (all experimental 
and control households). The survey application 
was able to handle situations such as a 
consumer not being present at home and could 
re-populate the manifest with a similar 
replacement. 

 About a third of the consumers intended to be 
surveyed were either not present at home or 
declined to participate. 
 

 

 

Figure 14: Survey Data Collection: 
Interview being carried out in Kalamassery. 
The survey covered a broad spectrum of 
locations and consumers from different 
socio-economic categories. 

3.3.2. Real-time Data 

The consumer survey provided information about the unit type and ownership, the different 
classes of appliances present in the home, their wattages, etc. The precise usage of 
appliances is difficult to assess based merely on response to surveys because an interview 
to gather a daily diary of consumption would be rather lengthy. Besides, we would only get 
the consumer’s own (and possibly distorted) perspective of his usage. In the absence of 
such information, we decided to instrument a few homes with a smart meter and an in-
house designed data logger to capture the consumption data every second for the duration 
of a month. We developed some algorithms for effective inference of appliance usage, 
which we describe in the next section. 
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Figure 15: Data logger: Smart meter and data logger being fixed in a 1BHK home in Kalamassery, South 
Aluva. The unit measured the consumption every second and logged the parameters into a memory device. 
The unit along with the data was extracted after a month. The extracted data was subsequently analysed while 
the unit was attached in another home. 
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 Algorithms 

This project involved creating a framework for modelling energy consumption by combining 
weather data [4], appliance ownership, readily available appliance specifications [5] as well 
as information from the survey carried out by us. Our survey data included building 
information, appliance ownership, etc. We also used real-time data captured by us in 35 
households. 

4.1. Predicting Appliances Ownership with Bill and Survey Data 

Residential energy consumption is driven by the appliances owned and used by 
consumers. But in non-metro centres, apart from energy bill data, there is little or no 
information available about the consumer. Such information would enable the utility 
provider to better plan for procurement or capacity building. A case can thus be made for 
studying inference techniques to gather as much information as possible from the monthly 
energy bills and basic profile information maintained by the utility provider. 

The information collected in surveys was used to come up with appliance ownership 
information for each cluster of population, and was thus used to provide contextual insights 
for intervention and disaggregated energy consumption.  

Total energy usage in a residential building is based upon a combination of the building 
envelope's thermal performance, installed equipment and appliances, occupancy patterns 
and behaviours. The actual energy consumption information from an energy bill cannot be 
easily disaggregated. It could depend on specific factors such as building construction 
components alone, or occupants' behaviour alone, etc. [6]. In our survey, we found that in 
any neighbourhood, buildings are generally of similar type and material, though they might 
vary in size.  Given very little variance in building types and material, we assumed that 
households in the same neighbourhood (i.e. same section-area-day combination in our 
case) with similar energy bill history/pattern have similar thermal performance. In addition, 
we also assumed that they have higher probability of owning similar appliances. Energy 
consumption of an appliance depends upon various factors like its type, size, age, energy-
efficiency, etc., but we have ignored this variation in this study to reduce complexity.  

A k-nearest neighbour (kNN) classifier, a simple and effective instance-based learning 
technique, was used to classify all users into one of the category of surveyed users based 
on the features that describe the user energy consumption. A feature vector represents a 
user as an abstract vector, distances from which are then used to identify nearest 
neighbours. Only locality (section-area-day) and bi-monthly bill information (calendar-
synchronised for the last 20 months) were available for all users. Hence, the feature vector 
was created using only these data components. 

Distances based on heterogeneous data were mostly computed after calculating distances 
or dissimilarity matrices for each set of homogeneous variables and then taking weighted 
linear combination of such matrices. 

For the categorical feature vector (locality), distances calculated for the continuous and 
categorical data were then linearly added with appropriate weights to calculate the distance 
between any un-surveyed user and surveyed users. With the appliance ownership 
information of 𝑘 closest surveyed-users, where the value of 𝑘 is chosen through cross-
validation, user's appliances ownership was predicted. 
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Distance between any two users 𝑖 and 𝑗 is given by 

𝑑𝑖𝑗  =  
𝑤1𝑑𝑖𝑗

1 + 𝑤2𝑑𝑖𝑗
2

𝑤1 + 𝑤2
. 

The weights 𝑤1 and 𝑤2 are fine-tuned to get best appliance ownership accuracy. In order to 
compute the distances 𝑑𝑖𝑗

1  and  𝑑𝑖𝑗
2 , which correspond to monthly bill and location 

respectively, following two methods were evaluated to identify a suitable distance measure: 

1. Location distance using overlap: The conventional similarity measure for categorical 
data is binary values, where each bit indicates the presence or absence of a possible 
attribute. The similarity between two objects is determined by the similarity between 
corresponding binary vectors. Distances are computed after mean-normalization of 
values for each attribute. In this method, 𝑑𝑖𝑗

1  and 𝑑𝑖𝑗
2  are computed as the Euclidean 

distances between features for two users. 
2. Location distance metric: One location might be similar or different from some other 

location. Following steps were taken to come-up with supervised similarity measures for 
location (𝑑𝑖𝑗

2 ): 
a. The feature set of each location was created using bill data distribution of the users 

in that location.  
b. For every location 25, 50, 75 percentiles and average monthly bill amount of the 

related users were calculated for all the 20 months from available bill data. 
c. Euclidean distance was calculated between locations to generate a location 

distance matrix. 

An element 𝑥𝑖𝑗 of this matrix represents the location distance between users 𝑖 and 𝑗. 
So, in this method, 𝑑𝑖𝑗

1  was taken to be Euclidean distance and 𝑑𝑖𝑗
2 = 𝑥𝑖𝑗. 

Ownership of an appliance for a user is a binary classification where a user either owns (1) 
or does not own (0) the appliance. Prediction of ownership of an appliance for a user is 
done by taking weighted average of ownership of the same appliance for its 𝑘 nearest 
neighbours. The weights corresponding to a neighbour are inversely proportional to their 
distance from the user of interest. 
 
The accuracy of prediction of ownership of different appliances is listed in Table 1. 
 

Table 1: Accuracy of prediction of appliances using different approaches 

Appliance 
Ownership of 

appliance within the 
population 

Accuracy of appliance prediction methods 

Random Assignment Location overlap 
Location Similarity 

Measure 

Television ( TV ) 93.05% 88.86% 94.11% 93.84% 

Refrigerator 86.31% 77.76% 88.92% 88.15% 

Pump 82.82% 72.73% 89.22% 83.46% 

Iron 59.35% 52.01% 79.43% 62.46% 

Washing Machine 53.32% 50.34% 67.82% 66.12% 

Induction Stove 16.69% 71.95% 87.72% 83.16% 

Air Conditioner 9.55% 85.48% 91.78% 90.68% 
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The values in Table 1 suggest that the use of kNN with bill and location data offers better 
prediction of ownership of appliances. However, the usage of similarity measure in the 
location data, contrary to our expectation, did not offer a comparatively better prediction. 
 

4.2. Activity Modelling 

Residential energy consumption has a strong correlation with building occupancy. In India, 
the field of activity modelling is quite novel and there are only limited time use surveys 
(TUS) datasets available. The latest dataset was published by Ministry of Statistics and 
Programme Implementation (MOSPI) in 1998 by taking daily diaries of approximately 
30,000 users. 
 
The survey administered by us captures information regarding unit occupancy during the 
first three quarters of the day. For the last quarter (night), we assumed that everyone is 
present. (We have tried to limit the number of questions to ensure that the interview is less 
intrusive to the consumer.) Besides this we have also obtained electricity power 
consumption signatures from a few homes to allow us to determine crude occupancy 
patterns for a few homes.  
  
We also studied the transition patterns between activities in publicly available datasets 
(TUS – United States, United Kingdom) to look at the pattern of transitions from one activity 
to another. We used the surveys and our own judgment (when needed) to tweak activity 
transition probabilities to suit the Indian context. 
 
The activity transitions (the probability to change the state at a certain instance of time, 
such as from studying to eating at 8:00 PM) are estimated based on (i) the data from the 
survey administered by us, (ii) similar time use survey carried out in other places and (iii) a 
fuzzy logic based approach that used responses from a few example households 
(individuals who led a similar lifestyle). 
 
This activity transition model further considers gender composition, occupation, number of 
family members, ages, etc. within a household. Once the transition probabilities are 
obtained, a Markov chain for the activities of an individual is simulated for over a period of 
two months, with a one hour temporal resolution. This framework for individuals is 
integrated to obtain the activity profile of a family. Each family member’s activity state as 
well as transitions is influenced by activities of other individuals within the family. 
 

4.3. Estimating Behavioral Patterns in Real-time Energy Data  

Non-intrusive load monitoring (NILM) deals with the estimation of individual appliance 
usages from observations of aggregate power consumption. Prior algorithms assume 
availability of data sampled at high sampling rates from, as of now, expensive smart 
meters. We have explored the feasibility of NILM using data sampled at lower sampling 
rates. There are three motivations for doing this: we want a single smart meter device 
connected into the mains, a cheap smart meter, and data compression right at the source 
point. 
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For modelling the consumption, we worked on behavioural activity models along with an 
energy consumption model. A few select households were instrumented with an aim of 
gathering consumption data. The aim was to analyse energy consumption by appliances 
along with an inference of the underlying activity. 
 
Our methodology involved a series of steps – data processing, event detection and feature 
extraction; learning of essential feature parameters; and inference of appliance states. We 
followed the plan shown in Figure 16 with an aim to achieve disaggregation. 

 

Figure 16: Disaggregation architecture through event detection. 
 

Event 

An event has occurred when an electrical appliance is turned on or off. Any event appears 
as a rise or a fall in level in the power consumption waveform. Also, every class of device 
has characteristic features of its own. Identification of these features leads to the 
identification of appliance which, in turn enables identification of the usage duration. The 
algorithm has the following steps. 

We first pre-process a component of the signal, which is active power, to suppress spikes 
and irregularities. We then use the first and second differences to detect changes in the 
power level. Epochs with significant changes are marked as events, and this constitutes the 
event detection step. Our event detection algorithm offers robust performance in terms of 
both precision and recall values when compared with competing algorithms operating at a 
much higher sampling rate.  
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For extracting features corresponding to each event, where change in active and reactive 
power levels (Δ𝑃 and Δ𝑄 respectively) are our features of interest, we use a clustering 
based approach [7]. This approach utilizes the shifts in clusters on the (𝑃,𝑄)–plane 
associated with the occurrence of events.  
 
For learning the feature parameters, we assume that the feature vectors corresponding to 
every appliance form a cluster over the (Δ𝑃,Δ𝑄)–plane. A hierarchical approach, though 
currently executed with some manual supervision, gives better performance than a vanilla 
k-means clustering. We then proceed to compute the mean and variance for each of the 
clusters to learn the noise parameters associated with an appliance. For the sake of 
simplicity, we assume points in each cluster to be Gaussian distributed with mean as the 
cluster centres and independent noise components.  
 
The mean and variance value of each appliance’s load is then used to create a hidden 
Markov model for net instantaneous consumption. A Viterbi algorithm then performs 
maximum-likelihood sequence detection under the constraint that there is an alternation of 
states, from ON to OFF to ON and so on, for simple devices. We also force other 
reasonable constraints over state transitions that limit switching of appliances to at the most 
two per event epoch. This setup is capable of handling false alarms and missed detection 
to an extent. 

  
4.3.1. Preprocessing 

The implementation of event detection requires pre-processing of the signal to suppress 
spikes and other irregularities in the waveform. This step is helpful because the original 
waveform is observed to contain fluctuations and occasional surges of small duration. 
These could result from the supplied power itself or due to operation of different 
appliances (see Figure 17). Once pre-processing is done the waveform essentially appears 
as a sequence of step rise/fall in the power level (see Figure 18). It is easy to detect events 
with low false alarms on this kind of waveform. 
 
It must be noted that while pre-processing helps event detection when the changes persist 
(more than 5 seconds), it is less effective in cases where there is a surge or a drop-in 
power level for a small duration (~5 seconds). Those small duration events tend to get 
suppressed.  
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Figure 17: A typical waveform contains a lot of fluctuations. The figure on the right corresponds to a situation 
where some appliances are turned ON/OFF while a washing machine runs in the background. 

 
Figure 18: Result of pre-processing on the sample waveforms presented in Figure 17. 
 

4.3.2. Event detection 

Our event detection approach detects a level change using finite first and second order 
forward differences. It assumes that, at the low sampling rate of ~1Hz, events appear as 
step changes in power levels. The central idea is that whenever there is a step change, we 
should be able to observe a high magnitude of the corresponding derivative (first 
difference) and change in the sign of second derivative (second difference) due to the 
sigmoidal nature of the active power samples. Using this approach, it is possible to detect 
events separated in time by more than six seconds. If the separation is any lesser, as 
already alluded to earlier, those events may be detected as a single event. The 
performance of the event detection algorithm depends upon the threshold value used for 
declaring a change in active power Δ𝑃 and upon the moving average window size 𝑊 used 
for smoothing. Our observation is that it is difficult to detect level changes less than 
12.5 Watts. Also, if there is an appliance like a washing machine running in the 
background, there is a possibility of false alarms (false positives). 
 
The performance of the event detection procedure for the standard BLUED dataset [8] is 
summarised in Table 2. As seen in the table, the performance our event detection 
procedure is inferior to other procedures for Phase A in BLUED dataset. However, for the 
more challenging Phase B in the same dataset, our procedure performs much better. It is to 
be noted that our procedure detects events at the lower sampling rate data (1Hz) as 
compared to the other approaches which operate on data sampled at a much higher 
sampling rate (60Hz). 
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Table 2: Performance of event detection procedure 

Approach Our Method BLUED [8] Barsim et al. [7], [9]     

Sampling Rate 
1Hz 

60Hz 60Hz Robust 
Values 

Phase A 
Optimized 

Phase A 
Recall 86.01% 88.55% 98.16% 98.41% 

Precision 97.36% 96.76% 97.94% 99.43% 
F-measure 0.913 0.925 0.980 0.989 

Phase B 
Recall 83.48% 88.83% 70.40% 70.48% 

Precision 89.83% 68.39% 87.29% 88.97% 
F-measure 0.865 0.773 0.779 0.787 

 

4.3.3. Feature Extraction 

The event detector identifies the epochs of significance where a state change has been 
detected. In order to extract the features to be used for the identification of appliances 
associated with the event, we use an approach inspired by [9]. The features of interest for 
an event are taken to be the changes in active and reactive powers, Δ𝑃 and Δ𝑄 
respectively, that result either from switching ON/OFF of an appliance(s), or from a change 
in state in case of a multistate appliance. Features for different classes of appliances 
should form different clusters on the (Δ𝑃,Δ𝑄) – plane because each class of appliance 
offers a different load in terms of impedance and hence consumes a certain complex 
power. Even in case of a multistate appliance like refrigerator, a cluster would appear for 
each multistate if data has been collected for sufficiently long duration. In principle, one 
could treat each of these clusters as a separate appliance. For each appliance, we model 
the (Δ𝑃,Δ𝑄) as a random variable with the Gaussian distribution. We then learn the mean 
and variance for the (Δ𝑃,Δ𝑄) of this appliance. 
 
For the data collected by us in the uncontrolled environment in some Aluva households as 
part of our field trials, we did not know the appliance associated with (Δ𝑃,Δ𝑄) for any event. 
On these features, we use a clustering algorithm to group events into various categories 
(clusters), with each one to be treated as a different appliance state. We use a variation of 
𝑘-means clustering on the (Δ𝑃,Δ𝑄) feature vectors associated with each event. We roughly 
cluster events by using a small value of 𝑘 and then look deeper into each cluster to see if 
further clustering could be done within it. This hierarchical approach was found to yield 
better clusters as compared to using a larger value of 𝑘 right at the beginning. If a cluster 
appears to have been wrongly split into multiple parts, those parts are manually grouped 
together as one. Once clustering is completed, mean and variance for each cluster are 
estimated and are taken to be the learnt model parameters for the hidden Markov 
model (HMM) based maximum likelihood sequence detection. 
 
Results of the clustering procedure for one of the instrumented Kerala households are 
shown, at different zoom levels, in the scatter plots in Figure 19. 



22 

 
Figure 19: Results of hierarchical k-means clustering in a Kerala household. The numbers on the clusters 
indicate the cluster indices. 
 

4.3.4. HMM based approach 

To improve upon the clustering results which so far did not take into account the ON/OFF 
state-matching, we model the states of the system and the total consumption observations 
using a hidden Markov model and deploy the Viterbi algorithm for a maximum-likelihood 
sequence detection of appliance states. Our final goal is to use this inference for 
disaggregation. In a low sampling rate setting we also have to deal with compound events 
(two or more appliances changing state within the duration of sampling). We extend the 
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HMM approach by allowing more than one appliance to change state in a one second 
window. 
 
Following simplifying assumptions have been made while modeling the system using a 
Hidden Markov Model (HMM): 

 At most two appliances are turned ON/OFF at a time, i.e., each event shall correspond 
to a change of appliance state for at most two appliances. 

 No appliance(s) can have multiple states. They can have exactly two states (ON /OFF) 
corresponding to 1/0 respectively. This is clearly a simplifying assumption. The 
approach can be extended to appliances with multiple states under certain constraints. 
Or each such state change can be viewed as a compound event of a switch off followed 
immediately by a switch on to the new state. 

 Each appliance has a Gaussian distributed power demand given by 𝑁(𝜇𝑖 , 𝜎𝑖) where 𝜇𝑖 
and 𝜎𝑖 are, respectively, the mean and the standard deviation of the 𝑖th appliance. 

 The distribution (modelled as a Gaussian) of the changes in the active and reactive 
powers for switching an appliance from 0 → 1 and from 1 → 0 are identical except for a 
sign change. 

We use the traditional Viterbi algorithm that considers the transition probabilities of a time-
homogeneous Markov chain, emission probabilities and initial probabilities. It is possible to 
accommodate multistate appliances, such as the refrigerator, by taking each possible state 
to be a separate virtual appliance. For such an appliance, OFF → multistate 1 → multi-
state 2 → OFF, can be interpreted as, for example, OFF → virtual appliance 1 ON → virtual 
appliance 1 OFF and virtual appliance 2 ON → virtual appliance 2 turned OFF.  
 
We can also exploit time-of-use information by using a time-varying transition matrix. For 
example, change in aggregate power consumption at night (sleeping hours) is more likely 
due to a refrigerator than other appliances with similar characteristics. A morning sequence 
of resistive loads is more likely to be a toaster or a water heater and less likely to be an 
electric iron. Dependency of activities, appliance usage and hence number of events, on 
the time of day can be seen in Figure 20. 
 
We tested our hidden Markov model on the labeled BLUED dataset. For simplicity, we 
assigned time independent transition probabilities according to the probability of an event 
corresponding to an appliance, based on their frequency distribution. For a suitable value of 
the model parameter of standard deviation, we could infer 89% of the appliance labels 
correctly, which is an encouraging result. 
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Figure 20: The number of events is less during night time, increases during the day and peaks at certain times 
of the day. The histogram corresponds to events detected from a month of data. 
 

4.4. Bottom up engineering model to disaggregate consumption 

Disaggregation information, or the break-up of the consumer's bill into individual 
appliances’ consumptions (or a looser categorisation thereof), may drive consumer 
behaviour towards saving electricity, as noted by several other researchers. Apart from 
raising consciousness among users about their electricity consumption patterns, the energy 
audit report also provides an opportunity to suggest interventions; an alternative or 
suggestion to help bring down unnecessary electricity wastage.  
 
From the point of view of the electricity provider, this can be used as a method to predict 
electricity demands and characterize loads at various points in time. 
 

Instead of trying to find a way to break-down the total consumption into individual appliance 
usages, the bottom-up modelling tries to disaggregate using a model constructed out of 
parameters deduced from surveys and other public data. The method requires domain 
knowledge of behavioural patterns, building thermal behaviour, and occupancy to make 
accurate predictions. The method was suitable to disaggregate consumption in our 
scenario since it is constructed out of parameters which could be assessed from the 
surveys and could be further tuned to the actual observations from the instrumented 
households. 
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Figure 21: Bottom up energy demand model: Activity profiles coupled with appliance usage patterns dictates 
the energy consumption in a household. 
 

4.4.1. Simulating Consumption of Appliances 

The consumption of electricity by an appliance is perhaps the outcome of a behavioral 
pattern governing its usage. The behavioral pattern is influenced by the environment – the 
size of the home, temperature, etc. The physical parameters of an appliance can be easily 
determined from surveys and public data available. The behavioral data on the other hand 
is more difficult to determine (see Sections 4.1 and 4.2 above).  
 
Our simulation model instantiated different electrical appliances, household members, and 
their interaction with the appliances. This was then simulated for multiple months, allowing 
us to fit the model to the observed parameters of actual consumption. This regression step 
allowed us to tune behavioral parameters such as the temperature threshold for taking the 
decision to switch on a ceiling fan at a household. Similarly, the simulation was repeated for 
multiple households, and was regressed to learn parameters which are similar for a range 
of households such as the wattage of a 21 inch CRT television. Integrating both these 
approaches we were able to construct a bottom-up model of the household. The tables 
below outline the approach followed for two major categories of appliances. 

 
Steps to simulate the consumption of an appliance class, e.g. fan, and lighting 

a. Simulating the consumption of ceiling fan 
 
Step-1 Instantiate instances of a ceiling fan 
Working from the estimated unit type and size, we instantiate the number of fans in various parts of the 
house.  
 
Step-2 Estimate parameters determining consumption 
The consumption of ceiling fan is strongly correlated with the occupancy and the temperature threshold 
for switching on the fan which is specific to the house. We assume fans to be used only when the 
temperature crosses this particular threshold, and occupants are present in the room. The parameters 
are estimated out of the survey which was administered via questions like “Did you keep the fan ON 
yesterday?” 
 
Step-3 Simulate consumption 
We finally estimate the consumption by combining these parameters with the actual observed 
temperatures in the target region. 
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b. Simulating the consumption for Lighting 
 
Step-1 Instantiate instances of Lights 
Working from the size of the unit, we instantiate different room types in our simulation viz.: bedroom, 
bathroom for the unit. We allocate different activities for different locations and use the lumen intensity 
required for different activities to determine the overall lumen requirement in a particular room 
 
Step-2 Estimate parameters determining consumption 
Calculating the usage of the lights takes into account the user's tendency to use lighting in the daytime 
as well as the occupancy information captured by the survey. 
 
Step-3 Simulate consumption 
We finally estimate the consumption by combining these parameters with the calculated lumen intensity 
(diurnal patterns) and the estimated occupancy (lights are used only when someone is present) to 
simulate the consumption due to lighting.  

 

4.4.2. Combining Individual Predictions 

The simulation gives us an estimated pattern of consumption. While this would agree with 
the overall trend in consumption for a particular consumer over a typical billing cycle, it may 
differ for a given billing cycle in which the consumer has left his home for a vacation.  It may 
also differ if the consumer hosts a guest for the month.  
 
Some appliances tend to be used even if there is no one present in the home. For instance, 
a fridge may be left on if the family leaves home for a short two-day vacation while most of 
the other appliances have been turned off. We account for this behaviour by setting weights 
for different appliances and by trying to fit the computed value of total consumption to its 
actual value. 

 

4.5. Tuning Interventions to consumers 

Personalizing information was viewed as being crucial to the success of the program. But 
this poses challenges. A consumer who does not possess an AC should not get a report 
advising on how to maintain an AC. Similarly, someone living in a second-floor apartment 
should not get an advice to plant shady trees in his garden. The framework should include 
a recommender which is able to tune interventions based on the observed pattern of a said 
household when compared to another similar household (The process of estimation of such 
parameters has been discussed in detail in Section 4.1).  
 
The performance of the recommending system could be taken to be the objective of the 
programme itself, i.e., reduction in consumption of a said consumer as against other similar 
consumers.  
 
At the start of the programme there was insufficient information to run the recommender 
since effectiveness of the interventions presented to them was unclear.  To cold start the 
system we used experts as proxies for the consumers. Experts were assigned the task of 
rating the interventions, for different characteristic features as supplied by the consumers in 
the surveys. The coefficients related to these ratings were then supplied to the 
recommender system and it was allowed to make its predictions for the surveyed 
consumers.  
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Processes similar to predicting appliances ownership (refer to Section 4.1) were used to 
predict intervention ratings for the whole population. 
 
The recommender was further constrained to have a seasonal variation in its advice. For 
example, the advice for AC maintenance is offered only in the early summer when a user is 
more likely to maintain it instead of winter when it is not used. 

Our resource limitations and commitments have prevented us from integrating this feature 
in our current platform. In an integrated platform, performance of the recommender will be 
evaluated after every billing cycle for a said consumer with his specific characteristic 
features.   
 

 Evaluation 

5.1. Randomized control trial results 

The impact of behavioural programmes in other parts of the world has been between 0 to 
5% [10]. To assess the impact of our programme, we use the raw bi-monthly bill data. 
 
The first report was initiated towards the end of April 2016. On account of the bimonthly 
billing cycle, the impact of that report would have become apparent from 1st of July 2016 
onwards. The period prior to 1st of July 2016 is referred to as the pre-programme period. 
The period afterwards is referred to as the post programme period. The energy 
consumption data was made available by KSEB from January 2015.   
 
About 10% of the consumers have zero consumption (0 kWh) for any one billing cycle 
during the observation period (Jan 2015 to Feb 2017). Such cases can arise when the 
consumers are not present at home. It is also likely that some of these consumers have 
been introduced into the ‘walk order’ during the observation period, resulting in zero 
consumption records for some of the months. Other scenarios include faulty meters. For 
those with faulty meters, the bill is reconciled in a subsequent billing period. Such cases 
can impact the assessment of the programme. Hence, we leave out such consumers from 
consideration in both experimental and control groups. 
 
Logistical constraints such as walk orders and the absence of address information have 
resulted in the histograms of average consumption data to differ slightly for the 
experimental and control groups.  To ensure comparison of identical sets, we grouped 
consumers by their average bill amounts and further selected an equal number of random 
users from both the groups. The details are given in Figure 22. 
 
In Figure 22, we provide the difference (in percentage of experimental group’s usage) 
between the control and the experimental groups’ consumptions. The control group 
generally consumed less than the experimental group in the pre-programme period. But 
during the programme period, the difference turns positive, or the experimental group 
reduced their consumption. The reduction in consumption is more pronounced for those 
beyond the 40 percentile point. The bars indicate one standard deviation of uncertainty, 
also estimated from the samples. 
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Pre-& Post Program Period 

 

 

 
 
Figure 22: Pre- and post-programme Period: The impact of the pilot program has resulted in an overall 0.7% reduction in 
the energy consumption. The impact is higher in the higher percentile consumers as compared to consumer in the low 
percentile. From 40 percentiles, (with a bimonthly consumption of 214 units) the impact is significantly higher. 
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5.1. Qualitative Assessment  

Near the end of the project duration, three of us visited a few homes in Aluva Town 
(3 households) and Aluva West (4 households) to make an on-field qualitative assessment 
of the impact of our programme. All the homes visited were independent houses of varying 
sizes. We visited these homes with the corresponding meter readers. 

Programme information recall:  

(i.) In the Aluva Town area, all were aware of the reports, and indeed, were even able to 
retrieve the reports we had sent them, and had them in their hands during the 
interview. This was gratifying to see. In the more rural Aluva West area, only one of 
the four was aware of the programme and the reports, and none were able to retrieve 
the reports.  

(ii.) All of them knew roughly, their electricity bill amounts.  

(iii.) One of the households in Aluva Town belonged to a former KSEB employee. Except 
for this resident, the others that knew of the reports had paid only cursory attention to 
the reports and suggested interventions.  

(iv.) The former KSEB employee was the only one who was aware of her usage level 
ranking in comparison to others in the cluster. 

Action taken: The former KSEB employee took proactive measures to minimize her 
household's consumption. She had a significantly lower bimonthly bill. She however did not 
recollect the interventions we suggested in the reports. One of the residents in Aluva West 
had an unusually high consumption and had it investigated by KSEB itself. He figured it to 
be an issue with one of his inverters, and is investigating this further. Another household in 
Aluva West changed all his incandescent lamps to CFLs during the programme period. But 
this might have been due to KSEB's own advertisement effort. 

Programme approval: One of the residents remarked that he was positively surprised that 
KSEB was making such consumer engagement efforts. The former KSEB employee 
appreciated the reports. All indicated that disaggregation and comparison would be very 
useful information to have. Most said that, after the interview, they plan to pay a little more 
attention to future reports, since they now knew what it contained and the effort that went 
into generating them. 

Interaction with the meter readers: The two meter readers were very cooperative to help 
with the introductions and the interviews. It appeared that they too were eager to see to 
what extent the reports had an effect on the consumers. We however did not get any 
feedback from them on how this could have been implemented better. It appeared that they 
were more focused on executing the tasks rather than on questioning the utility of the 
programme, increasing the efficacy of tasks assigned to them, and in suggesting better 
methods to meet the goals of the programme. 

Assessment: All in all, we felt that the programme perhaps could have been a little more 
effective if we had advertised it a bit more. Our efforts in this would have been better 
directed if we had a social scientist on board who could have helped us with better methods 
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Figure 23: A photograph with one of the consumers (second and third from right) at Aluva West after 
conducting programme assessment survey. From left to right, Viney Kumar (Clytics), Rajesh Sundaresan (IISc 
Bangalore), Abdul Salim and his spouse, Pradeep (meter reader). 
 

to increase awareness, and to capture and retain attention. Perhaps this is something that 
could be suggested to other investigators involved in similar deployments. 
 

5.2. Impact Assessment Survey 

Towards the end of the programme we carried out a programme assessment survey. It 
used the existing infrastructure we had developed for the original programme. The 
assessment was carried out during the month of March on consumers who received the 
reports. 
 
The assessment evaluated the responses in two dimensions:  programme approval and 
action taken. We have listed the questions posed to the consumers and a summary of their 
corresponding answers.  
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5.2.1. Programme approval 

This section attempted to assess the approval and participation of the respondents in the 
programme. 
 

 
Figure 24: Programme approval. 

Q1. What is your rating of the programme for 
the reports received over the last eight 
months, on a scale of 1 (not relevant to me) to 
5 (quite relevant)? 

Summary: Most of the consumers have given 
a high rating to the home energy audit report.  

Q2. Would you use an internet portal giving 
similar information?  

Summary: Majority of the consumers 
responded stating they would not use an 
internet portal for accessing this information.

5.2.2. Programme action 

This section attempted to assess action taken by the consumers on receiving the reports. 
  

 

Figure 25: Programme action. 

Q. Have you undertaken any step over the 
last few months based on the 
recommendations in the reports: Yes | 
No? 

Summary: A fifth of the surveyed 
consumers stated that they acted upon the 
interventions presented in the home 
energy audit report.  

 

 
 Learning and Recommendation 

 The overall impact of the programme was computed to be around 1% reduction in 
consumption. This is above the threshold of noise in the data. Similar programmes 
elsewhere [11] have reported an impact between 1-5%. The pilot has resulted in a 
reduction in consumption of the control group by 2,69,325 units of energy, which has a 
net value of Rs 14 Lakh at the levelised cost of Rs. 5.26 per unit of energy.  If the 
programme was extended to entire Kerala comprising over one crore LT domestic 
connection with a projected consumption of 11106 million units [12], the financial impact 
will be to the tune of Rs. 41 Crores. The average cost of supply for the FY 2017-18 is 
projected as Rs. 5.26 while the average sale to the LT Domestic segment is projected 
as Rs. 3.76. A revenue gap of Rs. 1.50 exists in the LT Domestic segment in Kerala. 
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Implementation of this programme throughout Kerala will reduce subsidy by Rs 12 
Crore.   

 About 10% of the cost of the programme was consumed in setting up and executing the 
delivery logistics. We anticipate this will turn out as the major component if this 
programme were to be scaled over an even larger consumer base. We would 
recommend that other similar programmes consider using the electronic medium as the 
primary mode of communication. Electronic communication imposes a constraint that 
users must ‘opt-in’ by registering into the platform rather than ‘opt-out’ as in this 
programme. However electronic communication medium will be much easier to 
administer and integrate.   

 We had a latency of one billing cycle imposed due to the logistical constraints in this 
programme. This was due to the bimonthly billing cycle, and the use of meter readers to 
deliver reports as per their walk order. Users are more likely to act upon information 
when the reference period is comparatively recent. We anticipate that the results of this 
programme and similar programmes can improve if the latency is reduced to one billing 
cycle. Corrupted records, dated information and absence of full consumer information 
restricts delivery of reports to the consumer as soon as it is generated (as in our project 
in Kerala). Electronic means of communication on the other hand will be more effective 
because shorter latency. 

 Based on our experience, we feel that the target audience of such programmes should 
be selected carefully. The impact of this programme was marginal for consumers 
whose monthly consumption falls below 100 units in a month. While it was above 2% 
for those with a consumption over 100 units a month.  

 The key to driving conservation within the LT consumer segment is engagement. 
Convenience of accessing services is one of the foundations of building consumer 
engagement.  The participation of consumers in the platform and home energy audit 
reports can increase if other services such as billing and complaints are integrated into 
the existing platform. The home energy audit reports in this programme did not present 
bill information (on account of the latency and the elaborate nature of approval required 
for operation). We anticipate that a consumer engagement platform will improve the 
outcomes of some of the other workflows employed by utilities in bill management and 
complaint handling. Consumer interactions can be tuned (using some of the 
approaches outlined above) to ensure on-time payment, and to reduce the receivable 
burden of a utility.  

 Sharing of energy data can be a vehicle for driving new applications and products. This 
programme makes a convincing case for creating seamless infrastructure for 
authenticating and sharing energy data. This will enable third party applications: 
ranging from energy audits (such as this programme) to product finance for efficient 
products to be built upon such information, and to create additional value for end 
consumers. The Green Button [12] initiative of US has been built along the same lines 
and has been operating since 2012. This initiative has allowed consumers to download 
and control the sharing of their energy data. 
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 Any such programme should include a social scientist as part of the team to come up 
means to increase awareness, and to scrutinize survey questions and energy audit 
reports.  

In the subsequent subsections, we discuss a possible roadmap and suggest some 
additional functionalities which could be built into the platform in case of similar 
implementation with other Indian utilities. 

6.1. Roadmap 

The operating environment of utilities will change over the next five years. This will be 
accentuated by three major factors.   

First, revenue shortfall will continue to exercise its pressure on Aggregate Technical and 
Commercial (AT&C) losses in utilities. AT&C losses reduced from 26.35% in 2010-11 to 
24.35% in 2014-15 2. However significant potential exists wherein AT&C losses in some of 
the progressive Indian utilities can be reduced to below 10%.   

Second, the end consumer of a utility is changing. A digitally aware consumer will want 
better and faster service from his utility. He would have similar expectations on a utility as 
he does on some of the e-commerce providers. He would need faster information, better 
reliability, and perhaps would be willing to pay a differential rate for differential services.    

Finally, power generation is likely to become more and more distributed, changing from 
centralised power plants towards distributed renewables. The role of the utility provider will 

then change from one that offers energy to one that facilitates exchange between 
producers and consumers, similar to a financial exchange, absorbing some of the 
fluctuations and ensuring that both the sides continue to remain protected. 

                                                            
2 As per provisional figures released by CEA in Jan 2017 
http://www.cea.nic.in/reports/monthly/executivesummary/2017/exe_summary-01.pdf  

 Current Capability Future Capability 

Operations  React to failures 
 Commercial losses 

 Predict potential asset failure 
 Revenue assurance 

Customer 
Experience 

 Payment kiosks 
 Call centre dial in 
 Broad 6 -8 categorisations of 

consumer 
 

 Multi-platform payments 
 Self-service billing 
 Proactive communication 
 Each consumer is different  

Products  Power   Infrastructure to support distributed 
generation 

 Efficient product market place 
 Financial product linked to energy bill 
  

 

http://www.cea.nic.in/reports/monthly/executivesummary/2017/exe_summary-01.pdf
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A utility has to be responsive to the above transformations. Reducing commercial losses, 
for example, would need the utility to understand anomalous behavior in such exchanges 
(technological or behavioral) and fix them to ensure smooth operation. Similarly, in order to 

extend its offerings to a digitally aware consumer the utility should be able to understand 
consumers’ characteristics and adapt its products to provide greatest value to the 
consumers. With a consumer base of over a million, technology and data are the only 
pathways for being responsive. Utilities are at various stages in this transformation, some 
have recently finished digitizing all consumer records while others have gone ahead to 
integrate revenue assurance and theft analytics into workflow. Broadly the transformation 
can be grouped into three major phases. The first phase is digitisation which creates the 
foundation over which other services can be based. Most Indian utilities are in the process 
of doing this in some form or the other. The second phase is to integrate digitisation into 
core-operational processes from handling complaints to consumer engagement. The third 
phase involves innovation to provide an efficient market place, personalization, demand 
response tuning, and active communication. In the subsequent sections we briefly mention 
some approaches for these functionalities. 

6.2. Market place for efficient products and services 

The recommendation and clustering framework developed by us (as explained in 
section 4.5) can be extended to create a market place of efficient products and services. 
These services can be offered by utility providers to their consumers. Such a market place 
will curate data from multiple sources (such as those implemented in this programme) and 
serve personalized recommendations/offers to end consumers enabling greater adoption of 
efficient appliances. 

Kick-off Growth Innovate 

   Marketplace for efficient product 
and services 

 Consumer self-billing 
 Personalized product bundling 
 Demand Response 
 Stream line distribution network 
 Active communication 

  Consumer engagement 
platform 

 Call centre integration – 
online complaints filing and 
resolution 

 Social network integration – 
raising helpdesk tickets, 
consumer insights 

 Revenue assurance, theft 
analytics 

 Digitized records 
 Centralized 

repositories 
 E-accounts for 

consumers 
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Figure 26: A sample recommendation. 

 

6.3. Updating Records for Optimization 

Legacy records (often dating back to 1980) constitute more than three quarters of 
consumer data for most utilities. Incomplete records make energy accounting and network 
rationalisation difficult in the absence of address data. For the near future, an engagement 
platform will allow the utility to tap valuable consumer data. Sparsity in the meta-data can 
be filled using statistical techniques, allowing energy utility to make network optimization 
with higher confidence. 
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Annexure II 

Reports R0 through R5 were delivered to the consumers. From R3 onwards there was no 
change in the appearance of the reports. However, the information contained in these 
reports was computed using algorithms which were more sophisticated. Sample R0, R1, 
R2 and R3 reports can be found on the following pages: 
 
Sample Report Page 

Report R0 41 

Report R1 43 

Report R2 45 

Report R3 47 

Report R4 49 

Report R5 51 
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