
 

Abstract— Advanced Metering Infrastructure smart meters 

are the advanced meters capable of measuring customer energy 

consumption at a fine-grained time interval, e.g., every 5 

minutes, 15 minutes etc. The data are very sizable, and might be 

from different sources, along with the other social-economic 

metrics, which make the data management very complex. A 

smart grid is an intelligent electricity grid that optimizes the 

generation, distribution and consumption of electricity through 

the introduction of Information and Communication 

Technologies on the electricity grid. Deployment of smart grids 

gives space to an occurrence of new methods of machine 

learning and data analysis. Smart grids can contain a millions of 

smart meters, which produce a large amount of data of 

electricity consumption (long time series).  Big Data technologies 

offers suitable solutions for utilities. This paper presents a 

thorough analysis of 5-minutes 100 anonymized commercial 

buildings meter data sets to explore time series of electricity 

consumption and on the creation of a simple forecast model, 

which uses similar day approach. Our big data analytics can help 

energy companies to improve the management of energy and 

services, support intelligent grid control, make an accurate 

forecast or to detect anomalies.  

Keywords—Smart meter, AMI, smart grid, time series, big data, 

electric consumptions, forcast, data analytics, load profile.  

I. INTRODUCTION 

Advanced Metering Infrastructure (AMI) smart electricity

meters are rapidly replacing conventional meters in many 

parts of the world. The U.S. government and private industry 

are investing billions of dollars to build the smart grid 

infrastructure to save energy, reduce cost, and increase 

reliability. Smart grids ensure efficient connection and 

exploitation of all means of production, provide automatic 

and real-time management of the electrical networks, allow 

better measurement of consumption, optimize the level of 

reliability and improve the existing services which in turn lead 

to energy savings and lower costs [1–5]. The implementation 

of smart grids features leads to a very large increase in the 

volume of data to be processed due to the installation of smart 

meters and various sensors on the network and the 

development of customer facilities, etc. For example, a smart 

meter could send the consumer energy usage every 15 min, so 

every million meters can generate 96 million reads per day 

instead of one meter reading a month in a conventional grid. 

So, in addition to energy management, smart grids require 

great data management to be able to deal with high velocity, 

important storage capacity and advanced data analytics 

requirements. 

Indeed, smart grids data requires complex treatments, 

because of their nature, distribution and real-time constraints 

of certain needs. Big Data techniques are suitable for 

advanced and efficient data management for this kind of 

applications. The large volume of data will help utilities do 

things they never could do before such as better understanding 

the customer behavior, conservation, consumption and 

demand, keeping track of downtime and power failures etc. 

At the same time, this will present challenges for utilities that 

lack the systems and data analysis skills to deal with these 

data. So, the main goal of utilities now is the ability to manage 

high volume data and to use advanced analytics to transform 

data collected to information, then to knowledge and finally 

to actionable plans. [6] 

In this paper, we present a thorough analysis of 5-minutes 

smart meter data sets for 100 anonymized commercial 

buildings to explore time series of electricity consumption as 

well as the creation/comparison of different forecast models, 

which uses similar day approach. We make the following 

hypothesis: 

1. Histogram, Density plot, bar plot of mean load, linear

regression, aggregate consumption for both Industries

and sub industries and corresponding time series.

2. Median daily/weekly/monthly profile of aggregate

consumption with MAD (median absolute deviation)

for both Industries and sub industries.

3. Predictive analysis and comparison of different

forecast models like ARIMA, Exponential Smoothing

etc. to forecast electricity consumption with lower

prediction error.

The remainder of this paper are organized as follows. In 

Section II, we review the background/architecture of AMI 

smart meter systems. Next, we discuss the related work in 

Section III. In Section IV, we talk about our datasets and time 

series forecasting models are explained in section V. Then, 

we present our data analytics and visualization in Section VI. 
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II. AMI ARCHITECTURE

Advanced Metering Infrastructure (AMI) is an integrated 

system of smart meters, communications networks, and data 

management systems that enables two-way communication 

between utilities and customers. The system provides a 

number of important functions that were not previously 

possible or had to be performed manually, such as the ability 

to automatically and remotely measure electricity use, 

connect and disconnect service, tamper and theft detection, 

fault and outage identification, and monitor voltage.  

Combined with customer technologies, such as in-home 

displays and programmable communicating thermostats, 

AMI also enables utilities to offer new time-based rate 

programs and incentives that encourage customers to reduce 

peak demand and manage energy consumption and costs. 

Figure 1: AMI System Components 

AMI deployment typically consists of three key components: 

1. Smart meters: The core element of AMI is smart meters,

which installed at the customer’s premise and provide a 

number of functions, including measuring customer 

electricity consumption on 5-, 15-, 30-, or 60-minute 

intervals; measuring voltage levels; and monitoring the on/off 

status of electric service. Smart meters communicate these 

readings to utilities for processing, analysis, and re-

communication back to customers for billing, energy 

feedback, and time-based rates. 

2. New or upgraded communications networks to transmit

the large volume of interval load data from the meter to the 

utility back offices.  

3. A meter data management system (MDMS) to store and

process the interval load data, and to integrate meter data with 

one or more key information and control systems, including 

head-end systems, billing systems, customer information 

systems (CIS), geographic information systems (GIS), outage 

management systems (OMS), and distribution management 

systems (DMS). (Not all utilities used an MDMS.)  

The primary new capability driving AMI investments is the 

ability to generate automated, timely, and accurate bills, 

regardless of weather conditions or property access 

limitations, which traditionally hamper collection of meter 

information. Once properly configured, AMI and billing 

systems generate more consistent and accurate bills 

automatically, with fewer recording errors and customer 

complaints. Because data intervals can be specified in 15-

minute increments, utilities can customize billing periods 

based on customer preferences rather than on meter reading 

schedules set by the utility.  

III. LITERATURE REVIEW

Nezhad et al. [7] developed a smart meter dashboard in 

their research work, called Smart, which is orthogonal to 

the work of the analytics layer of Xiufeng et al. [10], but 

they provide more comprehensive functionalities, and the 

whole software architecture is the complete solution of 

supporting data ingestion, transformation, analyzing and 

visualization.  

Liu et al. [8] use analytic procedures in Hive to process 

smart grid data on cloud storage, and use an RDBMS to 

cope with daily data management transactions on the 

information of meter devices, users, organizations, etc [9]. 

This is also somewhat similar to Xiufeng et al. [10] 

architecture, but their main focus is to streamline the whole 

process of smart meter analytics by taking advantage of 

different technologies. 

Ning et al. [11] presents a thorough analysis of 15- 

minute residential meter data sets to identify possible value 

propositions of smart meter measurements. They make 

some analysis on each individual load profile and the 

signatures defining correlations among load profiles. 

All the above mentioned work were based on residential 

meter data. Peter Laurinec et al. [12] made time series data 

mining with Enernoc smart meter data for 100 anonymized 

commercial buildings and forecast electricity 

consumptions with similar day approach. They present 

some industry level analytics on Median 

daily/weekly/monthly profile of aggregate consumptions, 

Median load and simple linear regression, forecast model 

for different days during the week etc.  

Our work is similar to Peter Laurinec et al. [12], but we 

make more analytics on sub industry levels, which can 

provide detail insights of the energy consumptions. We also 

make more predictive analysis and enhance the forecast 

model with the comparison of ARIMA, exponential 

smoothing, STL decomposition etc. which resulted in a 

lower prediction error. 

IV. DATASETS

This is anonymized 5-minute energy usage data for 100 

commercial/ industrial sites for 2012.Each row of the file 

contains the following values: epoch timestamp, Date/ time, 

reading value, estimated indicator, anomaly indicator.  

The "estimated indicator" is a Boolean indicating if the 

reading was estimated.  The "anomaly indicator" is non-

blank if the reading was erroneous. Note also that the unit of 

measure for energy data is kWh in the CSV files. 
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URL of data source: https://open-enernoc-

data.s3.amazonaws.com/anon/index.html 

Type of data: Structured data with CSV files (for 100 

commercial buildings). 

TABLE 1: Sample Data for site id=213 (schools): 

timestamp dttm_utc value estimated anomaly 

1325376300 1/1/2012 0:05 4.4388 0 

1325376600 1/1/2012 0:10 4.505 0 

1325376900 1/1/2012 0:15 4.4388 0 

1325377200 1/1/2012 0:20 4.3063 0 

1325377500 1/1/2012 0:25 4.4388 0 

1325377800 1/1/2012 0:30 4.3725 0 

1325378100 1/1/2012 0:35 4.3725 0 

1325378400 1/1/2012 0:40 4.3725 0 

1325378700 1/1/2012 0:45 4.3725 0 

1325379000 1/1/2012 0:50 4.4388 0 

1325379300 1/1/2012 0:55 4.4388 0 

1325379600 1/1/2012 1:00 4.3725 0 

1325379900 1/1/2012 1:05 2.1863 0 

1325380200 1/1/2012 1:10 2.3188 0 

1325380500 1/1/2012 1:15 2.2525 0 

1325380800 1/1/2012 1:20 2.3188 0 

TABLE 2: Sample Site IDs for industries and sub 

industries 

site_id industry sub_industry 

6 Commercial Property Shopping Mall 

9 Commercial Property Corporate Office 

12 Commercial Property Business Services 

13 Commercial Property Commercial Real Estate 

22 Commercial Property Bank/Financial Services 

30 Commercial Property Bank/Financial Services 

31 Commercial Property Commercial Real Estate 

88 Education Primary/Secondary School 

92 Education Primary/Secondary School 

99 Education Primary/Secondary School 

100 Education Primary/Secondary School 

101 Education Primary/Secondary School 

275 Education Primary/Secondary School 

281 Food Sales & Storage Grocer/Market 

285 Food Sales & Storage Grocer/Market 

304 Food Sales & Storage Grocer/Market 

V. TIME SERIES FORECASTING MODELS 

Time series provide the opportunity to forecast future 

values. Based on previous values, time series can be used to 

forecast trends in economics, weather, Energy consumptions 

and capacity planning etc. The method we generally use, 

which deals with time-based data that is nothing but “Time 

Series Data” & the models we build up for that is “Time 

Series Modeling”. As the name indicates, it’s basically 

working on time (years, days, hours, and minutes) based data, 

to explore hidden insights of the data and trying to understand 

the unpredictable nature of the market which we have been 

attempting to quantify. In this paper we’ve used the following 

forecasting models: 

1. ARIMA: One of the most common methods used in time

series forecasting is known as the ARIMA model, which 

stands for Auto Regressive Integrated Moving  Average. 

ARIMA is a model that can be fitted to time series data in 

order to better understand or predict future points in the series. 

There are three distinct integers (p, d, q) that are used to 

parametrize ARIMA models. Because of that, ARIMA 

models are denoted with the notation ARIMA(p, d, q). 

Together these three parameters account for seasonality, 

trend, and noise in datasets: [13] 

 p is the auto-regressive part of the model. It allows

us to incorporate the effect of past values into our

model. Intuitively, this would be similar to stating

that it is likely to be warm tomorrow if it has been

warm the past 3 days.

 d is the integrated part of the model. This includes

terms in the model that incorporate the amount of

differencing (i.e. the number of past time points to

subtract from the current value) to apply to the time

series. Intuitively, this would be similar to stating

that it is likely to be same temperature tomorrow if

the difference in temperature in the last three days

has been very small.

 q is the moving average part of the model. This

allows us to set the error of our model as a linear

combination of the error values observed at previous

time points in the past.

When dealing with seasonal effects, we make use of 

the seasonal ARIMA, which is denoted as ARIMA(p,d,q) 

(P,D,Q)s. Here, (p, d, q) are the non-seasonal parameters 

described above, while (P, D, Q) follow the same definition 

but are applied to the seasonal component of the time series. 

The term s is the periodicity of the time series (4 for quarterly 

periods, 12 for yearly periods, etc.). 

The seasonal ARIMA method can appear daunting because 

of the multiple tuning parameters involved. In the next 

section, we will describe how to automate the process of 

identifying the optimal set of parameters for the seasonal 

ARIMA time series model. 
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2. Exponential Smoothing: This is the second well known

method to produce a smoothed Time Series. Exponential 

Smoothing assigns exponentially decreasing weights as the 

observation get older [14]. Exponential smoothing is usually 

a way of “smoothing” out the data by removing much of the 

“noise” (random effect) from the data by giving a better 

forecast. The input of this algorithm is the n items time serial 

values and the smoothing factor alpha. The output of this 

algorithm is the forecasting value at time n+T. The main 

phases of an exponential smoothing forecasting algorithms 

are: 

Step 1: Input the original dataset that has n items and the 

order of the smoothing factor alpha. 

Step 2: Calculate single exponential smoothing 

Step 3: Calculate double exponential smoothing 

Step 4: Calculate smoothing coefficient an and bn 

Step 5: Calculate the forecasting valueYn+T. 

3. STL Decomposition: STL is a very versatile and robust

method for decomposing time series. STL is an acronym for 

“Seasonal and Trend decomposition using Loess”, while 

Loess is a method for estimating nonlinear relationships. 

It is possible to obtain a multiplicative decomposition by first 

taking logs of the data, and then back-transforming the 

components. Decompositions some way between additive 

and multiplicative can be obtained using a Box-Cox 

transformation of the data with 0<λ<10<λ<1. A value 

of λ=0λ=0 corresponds to the multiplicative decomposition 

while λ=1λ=1 is equivalent to an additive decomposition. 

VI. DATA ANALYTICS AND VISUALIZATION

We use clustering algorithm, regression algorithm, time 

series forecasting models with ARIMA, exponential 

smoothing, STL decomposition etc. for our smart meter big 

data analytics. For visualization we use the apache spark 

framework along with language “R”. 

First we create a frequency table of industries and 

subindustries as follows: 

TABLE 3: Frequency table of industries/ subindustries 

Now, we map the location of our consumers to the map 

of USA by splitting them by industries as Figure 2: 

Figure 2: Location map of consumers by industry 

Figure 3 shows the histogram of squared meter for all 

consumers. Looks like we have a majority of buildings 

under 20,000 m2. 

C9-4



 
Figure 3: Histogram of squared meter for all consumers 

We create the density plot for our 4 industries separately 

as Figure 4. Looks like Food Sales & Storage buildings 

have relatively small size. On the other hand, 

Commercial Property buildings have very variable size. 

Figure 4: Density plot for 4 industries 

Now we combine meta data with real electricity 

consumption data and see interesting relations between 

them. Figure 5 shows the Bar plot of mean load by sub-

industries. Looks like the biggest consumers in average 

are manufacturers, shopping centers and business service 

buildings. On the other hand, schools have the lowest 

consumption. 

Figure 5: Bar plot of mean load by sub-industries 

Now we Look at possible dependence between amount 

of consumption and SQ_M. We use median load and 

simple linear regression. Figure 6 shows the Regression 

line SQ_M vs Median Load. There is an evident 

correlation between median load and square meters of 

consumers. 

Figure 6: Regression line SQ_M vs Median Load 

Now, we Prepare dataset to forecast and explore time 

series of load.  

Figure 7 shows the Daily/Weekly/Monthly consumptions 

for one ID (213=school) and corresponding time series. 
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There is strong dependence on time. Daily, weekly and 

monthly seasonality’s are represented. 

Figure 7: Monthly consumptions for one ID (Schools) 

We aggregate our time series to lower dimension, thus 

reduce dimension (period) from 288 measurements per 

day to 48 per day. 

Now we plot typical representants of 4 groups of sub-

industries (Figure: 8). ID 213 is from the Primary/ 

Secondary School segment, ID 401 is the Grocer/Market, 

ID 832 is the Corporate Office and ID 9 is the 

Manufactory. 

Figure 8: Representants of 4 groups of sub-industries 

Forecast of electricity consumption, in practice, is mainly 

done for some area of consumers. So aggregate 

(cumulative) consumption is used and we Aggregate it 

for all our consumers (43) and plot it as Figure 9. 

Figure 9: Aggregate consumption for all consumers 

For utility (distribution) companies it is very helpful to 

create daily profiles of consumers or daily profiles for 

some area. It deals with characteristic behavior of 

consumer during the day. So we create median daily 

profile of aggregate consumption with MAD (median 

absolute deviation). We use medians and MAD because 

of their robustness. 

Figure 10 shows the Median daily profile of aggregate 

consumption with MAD (median absolute deviation). 

Looks like the biggest peak of the load is during the 

evening. 

Figure 10: Median daily profile of aggregate 

consumption with MAD. 

Similarly, we can do this now with week pattern. So we 

make median weekly profile of aggregate consumption 

with MAD as shown in Figure 11. 
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Figure 11: Median weekly profile of aggregate 

consumption with MAD. 

We can see 5 different patterns (separated by vertical 

lines) in behavior of the consumers during the week. 

From Monday till Friday the consumption is quite 

similar, but Monday starts with low consumption 

(because of the weekend), so it’s different than others. 

Friday has a similar pattern, but consumption is a little bit 

lower than on Thursday. It is obvious that weekend is 

absolutely different than workdays. Thereto Saturday and 

Sunday are different too. 

If we make Median weekly profile by sub industries with 

MAD (median absolute deviation), we see different 

patterns. For manufacturing we see the patterns as Figure 

12. 

Figure 12: Median weekly profile of manufacturing 

Now, we create a forecast model for different days during 

the week (similar day approach). As we have seen in the 

previous plot (plots), a forecast of time series of electricity 

consumption will be a challenging task. We have 2 main 

seasonality’s - daily and weekly. So it is necessary to adapt 

the forecast model to this problem. One of the ideas to 

overcome this problem is to use a similar day approach - 

separate forecast models for groups of days. 

Let’s define basic forecast methods - functions, which will 

produce forecasts. We are using two powerful methods, 

which are based on the decomposition of time series. STL + 

ARIMA and STL + exponential smoothing. STL 

decomposition is widely used decomposition for seasonal 

time series, based on Loess regression. With 

package forecast it can be combined to produce very accurate 

forecasts. We have two main possibilities of usage - 

with ARIMA and with exponential smoothing. We will use 

both to compare the performance (accuracy) of both. It should 

be added that the functions return forecast of the length of one 

period (in this case 48 values). 

Figure 13: Comparison of forecasts from two models 

ARIMA and exponential smoothing. 

Figure 13 shows Comparison of forecasts from two 

models ARIMA and exponential smoothing. Seems like 

ARIMA can produce more accurate forecast on aggregated 

consumption than exponential smoothing. 

Plot of computed forecasts for one week ahead is shown 

in Figure 14. 

Figure 14: Forecasts for one week ahead 

C9-7

https://www.otexts.org/fpp/6/5
https://www.otexts.org/fpp/6/5
https://cran.r-project.org/package=forecast
https://en.wikipedia.org/wiki/Autoregressive_integrated_moving_average
https://en.wikipedia.org/wiki/Exponential_smoothing


Again, STL+ARIMA is winning against STL+EXP. In this 

way, we can make a forecast for any consumer, any set of 

dates and with your own forecast method. 

To sum up, we have pointed out, which interesting features 

are contained in smart meter data. Then a forecast model 

with similar day approach was proposed. 

VII. CONCLUSION

With the widely implementation of smart meters, smart 

meters produce considerable volumes of data, presenting the 

opportunity for utilities to enhance end-customer service, 

lower cost and improve energy efficiency; and for consumers 

to reduce the bills and save energy. Smart meter data analytics 

is a complex process that involves data ingestion, pre-

processing, analyzing and visualization. In this paper, we 

have presented a thorough analysis of 5-minutes smart meter 

data sets for 100 anonymized commercial buildings to explore 

time series of electricity consumption as well as the 

creation/comparison of different forecast models, which uses 

similar day approach. We have made more analytics on sub 

industry levels, made more predictive analysis and enhanced 

the forecast model with the comparison of ARIMA, 

exponential smoothing, etc. which resulted in a lower 

prediction error. 
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