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H I G H L I G H T S

• Building energy disaggregation using spatiotemporal pattern network (STPN).

• Novel STPN framework to capture multivariate time series features.

• Selecting most informative variables using information theoretic metric on STPN.

• Building similarity metric formulation using STPN for achieving scalability.

• STPN framework outperforms state-of-the-art techniques in various NILM test cases.
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A B S T R A C T

Non-intrusive load monitoring (NILM) of electrical demand for the purpose of identifying load components has
thus far mostly been studied using univariate data, e.g., using only whole building electricity consumption time
series to identify a certain type of end-use such as lighting load. However, using additional variables in the form
of multivariate time series data may provide more information in terms of extracting distinguishable features in
the context of energy disaggregation. In this work, a novel probabilistic graphical modeling approach, namely
the spatiotemporal pattern network (STPN) is proposed for energy disaggregation using multivariate time-series
data. The STPN framework is shown to be capable of handling diverse types of multivariate time-series to
improve the energy disaggregation performance. The technique outperforms the state of the art factorial hidden
Markov models (FHMM) and combinatorial optimization (CO) techniques in multiple real-life test cases.
Furthermore, based on two homes’ aggregate electric consumption data, a similarity metric is defined for the
energy disaggregation of one home using a trained model based on the other home (i.e., out-of-sample case). The
proposed similarity metric allows us to enhance scalability via learning supervised models for a few homes and
deploying such models to many other similar but unmodeled homes with significantly high disaggregation ac-
curacy.

1. Introduction

Non-intrusive load monitoring is a well-established problem that
involves disaggregating the total electrical energy consumption of a
building into its constituent electric load components without the ne-
cessity for extensive metering installations on individual end-uses. Such
problems are relevant and challenging from the perspective of software-
based detection for control of end-use patterns as well as the future
internet of things (IoT). Recently, such problems have been gaining
widespread attention due to the potential benefits of energy dis-
aggregation for the purposes of energy efficiency and the development

of smart grid systems [1–3], especially in the presence of increasing
penetration of renewable energy resource [4]. An overview of load
disaggregation concepts was provided in [5], beginning from the pio-
neering disaggregating technique in [6] that detected sharp changes in
signals to optimization of error terms for pattern detection using genetic
algorithms [7]. Fourier transforms of end-use signals also provided a
useful categorization of their patterns [8]. Authors in [8] evaluated the
performance of factorial hidden Markov models (FHMM)[9] for the
energy disaggregation problem.

Recent approaches have either attempted determining the hidden
states of the FHMM using modified tractable sparse Viterbi algorithm
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[10], but the methods cannot scale properly for multivariate analysis
without conditioning. With conditional Factorial Semi-Hidden Markov
Model (CFSHMM) [11], the internal states are conditioned on the ad-
ditional appliances features, in addition to a suitably chosen prior shape
distribution representing the appliances relationships. CFHSMM’s
maximization step however assumes independence and cannot handle
the relational dependencies that we consider here.

In (Dinesh et al. 2016), spectral and energy level information of
appliances are determined from the subspace components derived from
the active power, after which mean shift is used to classify each from
short windows. However, using aided Linear Integer Programming ALIP
[12] mainly included extra constraints, some appliance based knowl-
edge and median filtering to improve the computational efficiency of
the ALIP on several appliances. The usage of such ALIP is still limited to
univariate disaggregation. Indeed, many past work on non-intrusive
load monitoring for energy disaggregation has been primarily based on
univariate real power measurements at different sampling intervals
[3,13–20].

With the importance of NILM, there was the need for standardized
datasets for benchmarking the large variety of published algorithms. In
that light, authors of [21] were motivated to build the Reference Energy
Disaggregation Data set (REDD), facilitated by hardware and software
systems designed to collect real and reactive power of appliances from
multiple homes in Boston, MA in 2011. An open source toolkit, NILMTK
was subsequently developed [22] as a common platform to enhance the
reproducibility of the algorithms’ results on available datasets such as
REDD [21], BLUED [23], Smart∗ [24], and several others. For the
purpose of benchmarking the results of the algorithms, several perfor-
mance evaluation metrics had been proposed [25–27].

The motivation of this present work is the vision of a smart grid
[28–31], in which grid operators know what electric load components
dominate the demand at each point of service and any point in time.
Such capability enables the operators to call on flexible demand side
resources for demand response and demand shaping that is perhaps due
to large fluctuations of renewable energy sources. This vision of the
smart grid involves estimation of the electric load breakdown, not only
at the level of a single home but at different levels of aggregations such
as residential transformers serving a few homes or distribution feeders
serving many hundreds of homes [32]. In this context, a univariate
measurement is possibly insufficient for the task of identifying the
dominant load contributions such as air-conditioning related demand.
Instead, at any level of aggregation, we hypothesize that a multivariate
measurement of several concurrent electrical properties may improve
the inference on what load components are contributing to the trans-
former or feeder demand. This may also work for other scenarios such
as thermal load monitoring [33], energy intensity of domestic activities
[34], and specific saving of appliances [35].

In electric power systems, magnitude and phase angle of the various
wave forms can be presented by a complex number referred to as a
phase vector, or phasor, and it can be measured by a newly developed
phasor measurement unit (PMU) [36]. The wealth of measured multi-
variate time series data allows for the previously unavailable assess-
ment of the incremental value of measuring not only the real power but
several other electric system variables for the purpose of identifying
usage patterns and load components. In addition, there are other re-
sources (e.g., weather data, building property, occupancy and usage
logs) that can provide multivariate data for the NILM. With this kind of
multi-source information perspective, the performance of the energy
disaggregation might be improved. The authors in [11] considered the
disaggregation problem by deriving multi-appliance relationship. The
authors in [28] proposed a knowledge-based classification of appliances
signals based on measured variables into triangular or rectangular
sections to perform disaggregation. Here however, data-driven NILM
using multivariate relationship to individual end use using information
theoretic measure is introduced. A related question that we aim to
answer is: If multivariate time series is more useful than univariate time

series for energy disaggregation and if so, what are the most valuable
measurements to use?

In this context, we apply the recently developed framework of
spatiotemporal pattern networks (STPN) that is built on the concept of
symbolic dynamics [37]. STPN is proposed to model multivariate time
series, via learning atomic patterns (APs, Markov models for individual
variables) and relational patterns (RPs, Markov models to model causal
interactions between variables) [38,39]. Patterns of multivariate time
series data are formed based on these features (APs and RPs) and then
used to study the characteristics of electricity usage.

The state-of-the-art NILM approaches are mostly supervised
learning schemes, where measuring the usage of the end-uses is needed
[16]. The goal of NILM is thus influenced significantly by the cost of
sensor and metering installations. An unsupervised learning method
which only employs unlabeled data is presented in [40] via building a
set of probabilistic end-use models, yet how to determine the number of
labeled end use models is still an on-going problem. However, even in a
supervised context, if the number of the sub-metered homes can be
reduced while preserving the disaggregation performance on the total
number of buildings analyzed, the cost of NILM application will be
greatly reduced. Therefore, this work proposes a similarity metric using
the STPN concept for out-of-sample disaggregation (a model trained in
one home with sub-metered end-uses is applied for disaggregation of
another home without end-uses sub-metered). With the similarity me-
tric, one can evaluate the number of homes that need to be sub-me-
tered, and hence the installment cost and disaggregation performance
can be estimated.

Contributions: The primary contributions of this paper include: (i)
proposing an STPN framework for energy disaggregation using multi-
variate time-series data, (ii) applying a mutual information based me-
tric to explore the energy consumption patterns and select the most
valuable variables for disaggregation, (iii) validation of the STPN
scheme in diverse test cases showing that it outperforms the state-of-
the-art techniques in NILM, and (iv) proposing a similarity metric for
homes/buildings based on STPN for out-of-sample disaggregation,
which will enable us to predict end uses power for many homes without
necessarily retraining them or expensive submetering in all of them.

Outline: The remaining paper is organized as follows. Section 2
provides a brief background and preliminaries including the definition
of STPN and metrics in causality interpretation with STPN. Section 3
presents the approach to explore patterns of multivariate time series to
distinguish types of end-uses, the framework of energy disaggregation
using multivariate time-series data via STPN, and the similarity metric
for out-of-sample disaggregation. Section 4 describes results for the
discovered patterns in different kinds of appliances (solar yield, A/C
usage, using data sets on Distribution phasor Measurement Uni-
ts–DMUs), and disaggregation using ECO and RBSAM data sets. Finally,
the paper is summarized and concluded with directions for future work
in Section 5.

2. Background on Spatiotemporal Pattern Network (STPN)

In the view of multivariate time series data in NILM, features among
different signals can be distinguished and used for disaggregation. As
the STPN is suitable for extracting spatial and temporal features from
time-series data, it has been successfully applied in classification and
detection areas [41]. Different from the current NILM approaches that
solely use the total power consumption for disaggregation, the pro-
posed setup of STPN that can leverage multiple information sources
which can improve the disaggregation performance.

Before introducing STPN, the concept of probabilistic finite state
automaton (PFSA) is first defined here as a basis. PFSA is defined in the
symbolic space that is generated via time series abstraction (pre-
processing and discretization/partitioning [38]). As shown in Fig. 1, the
time-series data is discretized into symbol sequences and then state
sequences, PFSA is formed using D-Markov machine. More formally,
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