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Abstract— This paper gives an overview of recent research 

on new application of Domestic appliances load modeling 

from Aggregated Smart Meter Data with differential 

observations (EDHMM-diff), along with a specialized 

forward-backward algorithm which is able to model various 

parameter of appliances. The main aim of appliances load 

modeling is to model load of individual appliances based on 

the aggregated power signal with state durations. The major 

objective of EDHMM-diff model is to handle the 

“aggregating effect”, because the conventional Hidden 

Markov models (HMM) cannot handle this effect which 

generates different observations even for the same state of the 

same device. 
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I. INTRODUCTION 

With recent developments in the infrastructure of smart 

meters and smart grid, more electric power data is available 

and allows real-time easy data access. Modeling individual 

home appliance loads is important for tasks such as non-

intrusive load disaggregation, load forecasting, and demand 

response support. Previous methods usually require sub-

metering individual appliances in a home separately to 

determine the appliance models, which may not be practical, 

since we may only be able to observe aggregated real power 

signals for the entire-home through smart meters deployed in 

the field. In this paper, we propose a model, named Explicit-

Duration Hidden Markov Model with differential 

observations (EDHMM-diff), for detecting and estimating 

individual domestic appliance loads from aggregated power 

signals collected by ordinary smart meters. Experiments on 

synthetic data and real data demonstrate that the EDHMM-

diff model and the specialized forward-backward algorithm 

can effectively model major home appliance loads. 

 As part of the smart grid deployment, smart meters 

can provide more energy consumption information than we 

could imagine before in a near real-time way. With increasing 

installations of smart meters in more countries, such as 

Australia, Canada, Italy, Japan, United States, etc., massive 

amount of residential electric energy consumption data has 

been collected and stored. Although current advanced 

infrastructures of smart grid could provide full potentials for 

advanced services, insightful analysis and modeling based on 

such big data is still in its early stage. Exploration of such 

valuable data emerges as a popular research direction both in 

academia and industry, and conventional services, such as 

load disaggregation (LD), load forecasting (LF) and demand 

response (DR) support, are brought back to attention. 

Modeling the domestic appliance loads plays an important 

role for these applications, since it is the first step for 

understanding the electric consumption data. In this paper, we 

focus on modeling home appliance loads under a general 

assumption, where only aggregated real-time power data is 

observed by ordinary smart meters already deployed, with a 

low data sampling rate. 

II. PROPOSED WORK 

 
Fig. 1(a): Block Diagram of Proposed “Domestic Appliance 

Load Modeling From Aggregated Smart Meter Data Using 

LabView” 

It is proposed to design Domestic Appliance Load Modeling 

from Aggregated Smart Meter Data Using LabView. The 

connection of the microcontroller, voltage sensor, current 

sensor, relay amplifier, device 1 and 2, PC is as given in the 

block diagram. 

 In this proposed system taking inputs from voltage 

sensor, current sensor which is connected to the main line and 

device. Relay driver turn ON/OFF according to the signal 

from microcontroller. After processing all necessary 

operation PC shows all output data with the help of Graphical 

User Interface (GUI). By using Laboratory Virtual 

Instrument Engineering Workbench (LabVIEW) and Explicit 

Duration Hidden Markov Model with differential 

observations (EDHMM-diff), along with a specialized 

forward-backward algorithm we monitor the individual 

appliances load. 

A. Sensor 

A sensor is an object whose purpose is to detect events or 

changes in its environment, and then provide a corresponding 

output. Voltage sensor a device that converts voltage 

measured between two points of an electrical circuit into a 

physical signal proportional to the voltage. A current sensor 

is a device that detects electric current (AC or DC) in a wire, 

and generates a signal proportional to it. The generated signal 

could be analog voltage or current or even digital output. 

B. Relay 

Relay is a device which allows low power circuit to switch a 

relatively high current/voltage and controlling the actions 
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performed. Designing this on PCB we are connecting the 

appliances like bulb, DC motor etc. 

C. Microcontroller 

A microcontroller is a small computer on a single integrated 

circuit containing a processor core, memory, and 

programmable input/output peripherals. It collects the data 

from sensors and gives the output to the PC. 

D. PC 

A Personal computer is a machine that can be programmed to 

manipulate symbols. In this proposed system Graphical User 

Interface is used to display the various parameters. 

E. LabVIEW 

LabVIEW is a highly productive development environment 

for creating custom applications that interact with real-world 

data or signals in fields such as science and engineering. 

LabVIEW contains a powerful optimizing compiler that 

examines your block diagram and directly generates efficient 

machine code, avoiding the performance penalty associated 

with interpreted or cross-compiled languages. 

III. REVIEW PAPERS 

The advantages and usefulness of smart meters in general is 

examined in a number of papers; see the references therein. 

 Zhenyu Guo proposed a model, named Explicit-

Duration Hidden Markov Model with differential 

observations (EDHMM-diff), for detecting and estimating 

individual home appliance loads from aggregated power 

signals collected by ordinary smart meters. Experiments on 

synthetic data and real data demonstrate that the EDHMM-

diff model and the specialized forward-backward algorithm 

can effectively model major home appliance loads [1]. 

 Oliver Parson’s proposed generalization method 

uses the existing Trace base appliance data set to learn a 

HMM (hidden Markov models) for a number of instances of 

the same appliance type. It then fits distributions to the HMM 

parameters of each appliance instance to build a general 

model for each appliance type. This paper also developed a 

method by which general appliance models can be tuned to 

the specific appliance instances in a household given only 

aggregate data as would be collected by a smart meter. The 

method uses these general models to identify and extract 

power signatures of individual appliances from the aggregate 

load, which are subsequently used to tune the general 

appliance models. This method shown HMMs to be a good 

model for appliances with discrete set of states (e.g. 

refrigerator or dishwasher), however HMMs are likely to fail 

for appliances with a continuously variable power demand 

(e.g. plasma television). In such cases, different graphical 

models might represent such continuously variable 

appliances more appropriately [2]. 

 Ahmed Zoha has introduced that Appliance Load 

Monitoring (ALM) is essential for energy management 

solutions, allowing them to obtain appliance-specific energy 

consumption statistics that can further be used to devise load 

scheduling strategies for optimal energy utilization Non-

Intrusive Load Monitoring (NILM) is an attractive method 

for energy disaggregation, as it can discern devices from the 

aggregated data acquired from a single point of measurement. 

This paper provides a comprehensive overview of NILM 

system and its associated methods and techniques used for 

disaggregated energy sensing. It is still a challenge to develop 

a solution that could perform well in discerning all types of 

appliances regardless of their category, make, size and the 

manufacturer. It is hard to form generic appliance models due 

to high interclass variability of features within each load 

category whereas the power draw pattern by most of the 

multi-state appliances is dependent on user-specific settings 

[3]. 

 Sean Barker presents architecture for enabling smart 

homes using smart energy meters, encompassing efficient 

data collection and analysis to understand the behaviour of 

home devices. In essence, tracking" a particular load creates 

a virtual power meter for it, which mimics having a network-

connected energy meter attached to it. This result show that 

Power Play is able to track loads in near real-time, even on 

low-power embedded platforms, and improves per-load 

accuracy by a factor of two compared to a FHMM (Factorial 

Hidden Markov Models)-based disaggregation algorithm. 

This considered the problem of Non-Intrusive Load 

Identification(NILI), in which devices connected to outlet-

level energy meters, i.e., smart outlets, are automatically 

identified, alleviating the user from the cumbersome and 

error-prone task of manually maintaining meta-data on 

specific devices and outlets. We propose an approach to 

performing NILI that transforms energy -series data into a 

compact set of intuitive features, then uses an off -the-shelf 

classifier to identify unknown devices [4]. 

 S Raj Rajagopalan given the theoretical framework 

that allows us to precisely quantify the utility-privacy trade 

off problem in smart meter data. A desired feature of privacy 

design in the smart grid would be “positive-sum, not zero-

sum” in that it seeks to accommodate all legitimate interests 

and objectives in a fair manner without completely sacrificing 

privacy for utility or vice-versa. This holds out hope that this 

method can reveal significant energy consumption 

information while at the same time protecting significant 

personal information in a tuneable trade-off [5]. 

IV. CONCLUSION 

LabVIEW is the effective tool for Domestic Appliance Load 

Modeling with some additional hardware. It is of very low 

cost and user friendly system that anyone can handle it. The 

future scope of this system is we can save any appliance 

history in this software so at any instant we will have all 

appliance load history. 
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