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ABSTRACT 

Nonintrusive load monitoring (NILM) is a problem of identifying 
operating appliances and estimating their energy consumptions 
based on whole home electric signals. Machine learning concepts 
and methods have been gradually applied to tackle NILM. A key 
factor of enabling and advancing machine learning methods in 
any problem is the availability of proper databases. The Reference 
Energy Disaggregation Data Set (REDD) is one such initiative 
example for NILM. In this paper, we extend from this initiative to 
address three key properties: informative, diverse, and scalable for 
a database. These properties enable a broader range of application 
and research of machine learning methods in NILM. The 
importance of data sets consisting of single appliance, 
intermediate aggregate appliances, and whole home recordings in 
developing machine learning methods is also discussed.  
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1. INTRODUCTION 
Nonintrusive load monitoring (NILM) is one of the fundamental 
problems in energy and sustainability research. NILM is to 
identify appliances being used and to estimate their power 
consumptions based on current and voltage measurements of the 
main circuit entering a house. NILM technology can be used to 
provide valuable information for optimizing appliance usages and 
reducing energy consumptions and costs. NILM technology also 
has the potential to detect malfunctioning or inefficient 
appliances. In recent years, a number of machine learning 
methods have been proposed for NILM with encouraging results 
[1,2,4,5,6,8,9,10,12]. As mentioned in [7], to enable more 
participation in NILM research, availability of data is of critical 
importance. Thus the Reference Energy Disaggregation Data Set 
(REDD) was established and shared publicly [7]. The REDD 
consists of high frequency, 15kHz, whole home current and 
voltage data, low frequency power data of individual circuits and 
plugs sampled at an order around 1 Hz. Focusing on the 
generalizing capability of supervised learning methods for 
disaggregation, REDD, at the publication date of this paper, 
includes data from 10 homes, and multiple appliances in the same 
category. Despite the low frequency data set of individual 
appliances in REDD spanning over days enabling methods based 
on long duration changes such as Hidden Markov Models (HMM) 
based methods, it is not as useful for methods based on high 
frequency short term appliance characteristics, such as 
microscopic methods [12]. In this paper, we address database 
establishment considerations for enabling application and research 
of a larger variety of machine learning concepts, methods, and 
evaluation criteria in NILM. A database is an organized collection 
of data sets, with additional functionalities such as sort, search, 

format conversion, and management of adding, editing, and 
accessing data by users.  An example of a large machine learning 
database is the University of California Irvine Machine Learning 
Repository [11]. The properties discussed in the following apply 
to the database itself as well as data sets or individual recordings 
in it. As NILM data recording is generally costly and a diverse 
range of data is necessary, it is beneficial to have a collective 
effort that different institutions or individuals contribute data sets 
with different properties, such that these data sets emerge 
gradually as a comprehensive database. 

2. MACHINE LEARNING OBJECTIVES IN 
NILM AND DATABASE PROPERTIES 
The key NILM objectives are to classify operating appliances and 
to estimate individual appliance power consumption using whole 
home electricity signals. Classification and estimation are both 
supervised learning problems, where a labeled training set is used 
for tuning a machine learning method, while the tuned method has 
to perform well on the test set which is new to the method. Note 
that test sets should be used only for method evaluation, not for 
development or optimization purposes. In order to optimize a 
method while avoiding over fitting, it is useful to maintain another 
set of data called a validation set which is independent of both 
training sets and test sets [3]. The purpose of a validation set is to 
select methods which have the best predictive and generalizing 
capabilities in the sense that their performances on the training set 
and the validation set are consistent. In many classical supervised 
learning problems, the training set and the test set are assumed to 
have the same, or nearly the same, statistical properties. However, 
this is in general not the case in NILM problems, where a machine 
learning method has to be robust against unknown appliances, 
various operation modes, different manufactures, operation 
conditions, malfunctioning appliances, and different combinations 
of aggregate appliances. Thus, a suitable database for NILM has 
to enable researchers to easily partition or generate training, 
validation, and test sets under various scenarios for development 
and evaluation of robustness of a method. In addition, new 
appliances are continuously developed and adopted by consumers. 
New data has to be easily incorporated into the database for 
developing new methods and evaluating existing ones. On the 
other hand, the database should also enable the applications and 
innovations of various methods based on different features. 

We introduce three database properties for further enabling 
machine learning in NILM, informative, diverse, and scalable. 

Informative: This property focuses on availability of information 
in the recordings of a database, such that a database is more 
informative if the data it contains can serve as training sets and 
test sets for more methods. Note that a data set is informative as a 
test set is not necessarily suitable as a training set, and vice versa. 
For example, the 15kHz whole home data in the REDD is suitable 
as a test set to evaluate high frequency methods. However, as the 



 

necessary high frequency information of each appliance is neither 
directly available nor is easily derived from it accurately, training 
microscopic methods [12] requires additional data sets. On the 
other hand, a data set of one minute high frequency recordings of 
individual appliances turning on is informative for training and 
validating transient based methods in single appliance cases. By 
synthesizing data to mimic aggregate appliance scenarios, it is 
also informative for validating methods under scenarios where 
multiple appliances are turned on within a short period of time. 
However it is clearly not informative for evaluating any methods 
or products realistically, which requires long duration whole home 
data sets. 

Thus, data recorded at a high sampling rate and a long recording 
duration is essential to enable more methods based on different 
features across temporal resolutions and scales. In addition, 
detailed information about the appliances and recording 
environments are also important. Such information enables one to 
develop methods which are more robust or are able to predict how 
signatures and power consumptions change under new operation 
conditions with perhaps unknown appliances. 

Diverse: The performance of a machine learning method is 
strongly influenced by within category differences and across 
category differences. A database has to be diverse enough to 
enable machine learning methods to capture these differences. At 
the single appliance recoding level, diversity of a database is 
characterized as the number of appliance categories included and 
variations within each category, such as manufactures, appliance 
models, operation modes, geolocations, environment parameters, 
and “age” or malfunction of appliances. Depending on how large 
the within category differences are, it may be beneficial to cluster 
appliances within the same category into subcategories for 
machine learning methods to learn specific parameters for each. 
Also as mentioned above, a diverse database enables one to build 
methods to predict changes in appliance signatures or changes in 
user behavior. For aggregation appliance cases, diversity is about 
the amount of different combinations of aggregate appliance data, 
including different operation modes and manufactures, being 
available in or derivable from the database. It is in general not 
possible to record all combinations, while what combinations are 
most practically relevant can be learnt from whole home data sets.  

Scalable: New data has to be easily incorporated into the 
database. As the amount of data increases, the burden of using the 
database should be kept low, such that data processing, method 
modification, and comparison between methods before and after 
adding new data are easy. Detailed descriptions of data 
information mentioned previously, data format, and pointers are 
essential. In addition, important derivatives of the data can also 
largely increase the usability of the database. For example, 
locations of events and steady state regions may be provided 
along with each recording, such that training sets and test sets for 
related methods are easy to construct. One may argue that such 
information is rather subjective and method dependent. However, 
it is likely to be easier to modify than to derive these information 
from scratch, especially during the development of supervised 
learning methods where data labels are necessary. Related 
processing function files are useful to be included in the database. 

3. IMPORTANCE OF DATA SET TYPES 
Here we separate data sets into three types based on the number of 
simultaneously operating appliances. Starting from a dichotomy 
of single appliance data sets or whole home main circuit data sets, 

we suggest that intermediate aggregate data sets are also useful for 
developing machine learning methods for NILM. 

Single appliance data sets: The single device data sets discussed 
here is “stand alone” recordings that no other appliance shares the 
same circuit during recording, or the impacts of other appliances 
shall be minimal. These data sets are essential that most existing 
NILM methods use single appliance data sets as a major part of 
their training sets. Also, validation using single appliance data sets 
directly reveals the strength and weakness of a method within and 
across appliance categories, and also provides a proxy upper 
bound of the accuracy when extending the method for whole 
home data sets. Thus, an informative and diverse single appliance 
data set is important for fine tuning methods and pushing the 
performance ceiling of real application scenarios. Single appliance 
data can also be used to synthesize aggregate appliance data sets. 

Whole home main circuit data sets: These data sets are the best 
test sets, as they are recorded under the same conditions which 
NILM technology shall be applied. In addition, it also provides 
behavioral information about when and how appliances are used. 

Intermediate aggregate appliance data sets: To improve 
accuracy of a method, one has to focus on when and why the 
method makes an error. It is costly to record additional whole 
home data for extracting similar scenarios. By establishing 
intermediate aggregate appliance data sets, one can specifically 
focus on scenarios related to the error, e.g. specific combinations 
of aggregate appliance categories. A collection of such data sets 
also enables one to characterize challenging cases and to develop 
new methods focusing on them. These methods can then be used 
with existing methods to form a committee, whose performance 
can be significantly better than individual methods [3].  
Cases with the same appliance categories as the error scenarios 
but different manufactures or operation modes are also important. 
However recording all possible combinations is impractical. 
Specially designed aggregate appliance data sets can be used to 
guide the synthesis of aggregate appliance data sets from single 
appliance data sets. For example, when multiple appliances are 
plugged to the same power strip, the composite current and power 
are often not linear in individual current and power. Scaling 
factors and nonlinear effects of electric signals, and noise models 
can be learnt from cross comparison between aggregate and single 
appliance data sets.  

4. CONCLUSION  
Availability of a database which is informative, diverse, and 
scalable is critical for applying and developing machine learning 
methods for NILM. Intermediate aggregate appliance data sets 
focusing on challenging cases can facilitate the development of 
new methods; also along with single and whole home main circuit 
data sets, synthesized data sets can be more realistic. A 
comprehensive database can be established gradually by merging 
data sets from different sources. 
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