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Abstract — This paper presents nonintrusive load monitoring (NILM) method using the TT-transform feature extraction technique 
and multilayer perceptron with back-propagation neural network. The low sampling rate of load data were measured by using a 
smart meter to provide information on the operation of the loads such as air conditioner, personal computer and lighting. The 
accuracy of load identification with event based method is dependent on the measured signals and the selected features. To improve 
the identification of various types of loads, the TT-transform feature extraction technique is applied so as to provide additional 
features for characterizing the loads. Based on the load data obtained from the smart meter, the different features extracted such 
as real power, reactive power, power factor, apparent power, impedance, event signal (∆P) and TT-transform features. These 
features are used as inputs to MLP-BPNN for identifying the various types of loads. The neural network is validated by testing with 
unknown dataset at different sampling rates. Neural network testing results showed that accuracy load identification can be 
achieved by using additional input features such as the TT-transform with best feature combination of real power, reactive power 
and TT-transform.   

Keywords - Nonintrusive load monitoring (NILM), Time-time transform (TT-transform), Multilayer perceptron backpropagation 
artificial neural network (MLP-BPNN); Load recognition; S-transform; Smart meter. 

 

I. –I. INTRODUCTION 

As the increasing power demand at the end-user side 
causes energy produced at the power plant to increase, the 
waste produced leads to pollution which contributes to 
global warming. Thus, to mitigate global warming, low 
carbon dioxide emission and going green have become the 
aims of smart power grid [1]. Smart meter is one of the 
important components used in a smart grid to monitor the 
load operation and to implement home energy management. 
Leveraging the capability of a smart meter, it can be used to 
identify load activity at the customer side by analysing the 
aggregate power measurement to infer the individual load 
operation. This process in monitoring an electrical circuit 
that contains a number of devices or appliances which switch 
on and off independently is called nonintrusive load 
monitoring (NILM). By implementing NILM, better energy 
management can be achieved as customers are able to 
monitor and realize load operation in real time [2]. Hence, 
utility sector is able to perform better grid system 
management by employing NILM which may lead to better 
regulation of power flow in a smart grid. There are two 
methods that can be implemented to avoid energy wastage 
and uncontrolled appliance operation; which is by 
controlling energy usage locally and by performing 
automatic switching of loads in smart homes [3].  As smart 
meters are currently widely installed in residential homes, it 
is possible for customers to implement NILM to identify 
load operation in an effort to conserve energy [4].  

Traditional load monitoring is by installing power sensor 
at each power point. However, this method is uneconomical 
because it requires installation of many power sensors and 
that it may affect system reliability [5]. In NILM, the power 
sensors are integrated at the centre of power measurement 
using a smart meter and the data captured are used to identify 
the different loads that are in operation. A smart meter with 
data acquisition of 1 minute is considered as a low sampling 
rate [6,8]. Over the years, most of the NILM study is 
focusing on high sampling rate of data acquisition which is 
required for fast load recognition. However, it requires 
advanced and high cost monitoring equipment to record and 
analyze the high-frequency data.  

In this research, NILM is implemented in a real 
laboratory scenario by installing a smart meter at the 
distribution panel which is the main entrance of power 
source. The highly potential used appliances that were 
monitored are the fluorescent lights, air conditioners and 
personal computers which create different patterns of power 
consumption. The early works in NILM, considers the use of 
power parameters such as real and reactive powers and 
signature space concept as features to disaggregate or predict 
loads from the smart meter data [7]. Improvement in feature 
selection and extraction techniques have been explored over 
the years so as to develop accurate load recognition [4,8]. In 
this work, to improve the load recognition accuracy, an 
additional feature is extracted from the smart meter data by 
using a relatively advanced signal processing technique 
known as the TT-transform [9]. The TT-transform is used for 
feature extraction by creating a different feature of the load 
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technique applied on the non-periodic signal is considered 
[10]. Existing NILM method can be categorized into event 
based method is employed to classify the target appliances 
from the aggregate data of the smart meter. The sampling 
rates of measured power data from the smart meter 
considered in this study are 1, 5, 10, 15, and 30 minutes. To 
predict the three loads under study, the multilayer perceptron 
with back-propagation neural network is applied because it is 
commonly used for solving the pattern recognition problems 
[3,11,12]. In Section II, proposed NILM system and 
supervised method for training data acquisition is introduce. 
In section III, further analysis on feature extraction by using 
TT-transform concept. In section IV, more details about 
machine learning techniques used in this system and testing 
result obtain from the proposed method. In Section V, 
conclusion and perspectives are finally presented.  

 
II. PROPOSED NILM METHOD 

 
The proposed NILM system developed at the laboratory 

scale is shown in Figure 1. The smart meter installed in the 
system monitor 7 sets of fluorescent lights, one air 
conditioner unit and several personal computers.  These 
appliances are switched ON and OFF within 24 hours.  The 
current and voltage measured from the smart meter are 
analysed to produce parameters like real power (P), reactive 
power (Q), power factor (PF), root means square (RMS) 
current, Irms and RMS voltage, Vrms. Further calculations 
and feature extraction technique are explored by taking into 
account features like apparent power (S), impedance (Z) and 
TT-transform. A block diagram of the proposed NILM 
system is shown in figure 2. 

   

 
 

Figure 1: Set-up of the proposed NILM system 

 
Figure 3 shows the real power measured by the smart 

meter at sampling rates of 1 and 30 minutes. These sampling 
rates are considered to assess the capability of the smart 
meter in disaggregating loads at low sampling rates. 
Considering the energy usage profile and taking into 
account the maximum demand at a certain period of time, 
the maximum number of appliances in use is identified. To 

generate a complete pattern of the loads in operation, data 
acquisition was implemented in a supervised learning 
manner in which load switching was done manually and 
systematically by covering all combinations of possible load 
events. Only three appliances are targeted for NILM in 
which the 24 hours ON appliances such as server, router and 
monitored computer were ignored. 

   

 Figure 2: Block diagram of proposed NILM system 
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III. FEATURE EXTRACTION USING THE TT-TRANSFORM 

ANALYSIS    
 
Basically, the fetched data from a smart meter is able to 

show the possibility of the appliance activity based on the 
switching signal. However, the real power obtained from the 
smart meter is further analysed by transforming the signal 
into the TT-transform form without eliminating the event 
occurring. The TT-transform technique is starting from S-
transform which is shown in equation (1) and with inverse 
concept of fourier transform, TT-transform is obtained 
based on on time-time analysis technique which is able to 

localize the signal as in equation (2). The TT-transform 
signal is  a 2 dimensional time-time representation of a 1 
dimensional time signal and it is given by [12],  
 

 ,
| |

√
                   (1) 

where  is the S-transform function that multiply with 
phase correction factor. 

 
, , e                   (2) 

where is the frequency, 	and  are the time variable. 

Figure 3: Real power measured at 1 and 30 minute sampling rates 

 
 
The TT-transform analysis is  used to detect events 

occuring in the signal so as to  provide information about 
the appliance activity. The event caused by switching 
activity is localized by the time features of the real power 
around a particular point on the time axis. The new time 
feature provides a better event detection occuring during the 
time period at a certain energy level and magnitude. Both 
the TT-transform and S-transform produce  matrices, 
in which the S-transform is in the time-frequency domain 
whereas the TT-transform is in the time domain. Both the S-
transform and TT-transform are complex numbers and can  
be used as features to classify the non-periodic signals 
obtained from a smart meter. The information in the TT-
transform matrix can be plotted as time-time mesh and 
absolute contours so as to facilitate the analysis in signal 
changing detection via visual inspection of the energy level.     

From the t-transform analysis, standard deviation is 
computed from the TT-transform matrix as it gives a good 
feature to classify the target appliance. The correlation 
between the event occurring in the signal and the TT-
transform analysis is shown in Figure 4 and 5. 

From Figure 5, it is shown that the load profile energy 
levels are in accordance with the appliances that are 
energized. Meanwhile, figure 4 creates a different view of 
contours which give a clearer view about the events that are 

recorded by the smart meter. The TT-transform features are 
further analyzed by calculating statistical indices such as 
maximum, minimum, standard deviation, and mean. The 
standard deviation is selected because it is a robust feature 
that can enhance the accuracy of load identification. 

 

 
Figure 4: Absolute contour of the load profile energy level 
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Figure 5: 3 dimension of the edge detection based on load switching 

 
 

IV. TEST RESULTS 
 

For load recognition in the NILM system, the multilayer 
perceptron neural network with back-propagation training 
algorithm is developed with multiple inputs and outputs. 
The multiple outputs are in the form of binary numbers, 
namely, 0 and 1 referring to the ON and OFF appliance 
states, respectively. The neural network was trained by 
using the log-sigmoid transfer function and levenberg-
Marquardt as the training function because of its good 
training process [3,11]. The structure of a multilayer 
perceptron with backpropagation neural network is shown 
in Figure 4. 

The input data are normalized so that the value fall 
between 0.1 and 0.9 to enhance the network performance 
[14]. Normalization was perfomed in this study with 
Equation 3. 
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The number of generated training datasets is 915 with 8 

possible combinations in the outputs representing the ON 
and OFF states of the loads. From the generated datasets, 
60% was used for training and 40% for testing so as to 
avoid over-fitting problem and to generate a good model.  
The number of training data for the ON and OFF states 
after the division process is listed in table 1 and table 2.  

To further the robustness of the developed neural 
network model, random appliance switching with varying 
time period is employed to create new sets of data of 
unseen patterns. Table 1 and table 2 shows the training and 
testing results of the developed neural network with 
varying input features obtained at different sampling rates. 
The neural network was trained and tested by comparing 
with different input features. 

 
TABLE 1: NUMBER OF TRAINING DATA ACCORDING TO THE ON 

AND OFF   STATES FOR 1 MINUTE 
Appliances Number of OFF state 

training data 
Number of ON 

state training data 
Fluorescent light 265 101 
Air conditioner 267 99 

Computer 273 93 
Total 805 293 

 
TABLE 2: NUMBER OF TRAINING DATA ACCORDING TO THE ON 

AND OFF   STATES FOR  30 MINUTE 

Appliances 
Number of OFF state 

training data 
Number of ON state 

training data 

Fluorescent light 7 5 

Air conditioner 6 6 

Computer 7 5 

Total 20 16 

 
The TT-transform feature is considered as an additional 

input feature for improving the load identification 
accuracy. Evaluation of the result is based on time slices in 
which the load is classified as true positive (TP), false 
positive (FP), false negative (FN) and true negative (TN). 
Then the accuracy of load identification is obtained as in 
equation 8. 

 
 

TP= ∑ 	(Actual output & Predicted output = ON)            (4) 
 
 

FP=∑ 	(Actual output = OFF & Predicted output = ON) (5) 
 
 

FN=∑ 	(Actual output = ON & Predicted output = OFF) (6) 
 
 

TN=∑ 	(Actual output = OFF & Predicted output = OFF (7) 
 
 

Accuracy = 
	 	 	

 (Per Unit %)             (8)  

 
 

From the result, it shows that the accuracy of load 
identification decreases as the sampling rate increases. 
Better load identification result can also be obtained by 
including TT-transform as an additive input feature. The 
most accurate neural network load identification results 
can be achieved by selecting input features such as P, Q, 
and TT-transform.   
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V. CONCLUSION 
 
This paper has shown the development of NILM using the 

measured voltage and current data from a smart meter and 
developing a feed-forward neural network for identifying 
the loads that are in operation. To enhance the load 
identification accuracy, additional input features to the 
neural network have been used, namely, the TT-transform 
feature. The neural network has been trained and tested by 
using different input features and measured data from the 
smart meter at various low and high sampling rates. The 
neural network testing results showed that the neural 
network achieved high accuracy of load identification by 
using the combined P, Q, and TT-transform features for 
every sampling rate of load data when tested with random 
sampling rate of unseen datasets.  

Figure 4: Example of the MLP-BPNN structure  

TABLE 1: LOAD IDENTIFICATION RESULTS AT DIFFERENT INPUT FEATURES AND SAMPLING RATES 
 

Input Features 
Per unit % Accuracy 

Sampling 
Rate 

1 min 5 min 10 min 15 min 30 min 

P, Q 
Training 0.9472 0.9680 0.9259 0.9028 0.8889 

Testing 0.9311 0.9194 0.8871 0.8778 0.8451 

P, Q, Event 
signal(∆P) 

Training 0.9645 0.9635 0.9815 0.9444 0.9167 

Testing 0.9428 0.9262 0.9017 0.8935 0.8895 

P, Q, TT-transform 
Training 1.0 0.9909 1.0 0.9861 0.9444 

Testing 1.0 0.9617 0.9555 0.9233 0.9179 

P, Q, TT-
transform, PF 

Training 0.9991 0.9954 1.0 0.9583 0.9722 

Testing 0.9927 0.9648 0.9379 0.9130 0.9140 

P, Q, PF, TT-
transform, 

Event signal (∆P), 
Apparent power  

(S), Impedance (Z) 

Training 0.9845 0.9726 100 0.9861 0.9722 

Testing 0.9731 0.9555 0.9198 0.9096 0.8783 
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