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Abstract
As the construction sector accounts for the highest energy consumption worldwide, new solutions must be offered in
buildings through the adoption of energy-efficient techniques. The main factors involved in energy consumption and
residents' behaviors patterns considering environmentally-friendly lifestyle changes must be clearly identified and
modeled to provide such solutions. One of the most important topics in smart grids is managing energy consumption in
buildings, and one way to optimize energy consumption by analyzing building energy data is to use personalized
recommender systems. The Non-Intrusive Load Monitoring (NILM) technique is an important way to cost-effective
real-time monitoring the energy consumption and time of use for each appliance. However, the combination of
recommender systems and NILM has received less attention. In this paper, a personalized NILM-based recommender
system is proposed, which has three main phases: DAE-based NILM, TF-IDF-based text classification, and personalized
recommender system. The proposed approach is investigated using the Reference Energy Disaggregation Dataset
(REDD). According to the results, the accuracy of the proposed framework is about 60%.
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Energy consumption in buildings should be optimized based on consumption behaviors due to the
reduction of fossil fuels and increasing energy demand. The problem of energy sharing using NonIntrusive Load Monitoring (NILM) is a new approach to reduce energy consumption in smart homes.
Information on energy consumption patterns is essential for energy users and managers to design
energy management strategies and customize energy demand. NILM techniques provide this
information by distributing electrical charges concentrated at the household level [1]. New
approaches to energy efficiency use a combination of recommender systems and NILM to reduce
household energy consumption. These approaches use the NILM technique as a load disaggregation
to identify the needs and preferences of households and suggest optimal supplies using recommender
systems.
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The paper is organized as follows. The second section introduces a variety of energy disaggregation
approaches in different categories focusing on machine learning-based NILM. In the third section, a
new method is proposed that uses NILM, TF-IDF, and cosine similarity techniques to develop a
recommender system. The fourth section presents the results of the simulation and analysis, and the
fifth section provides a conclusion from what is discussed in the paper.

2 | Literature Review
The NILM technique was first developed in the 1980s [2]. Energy disaggregation, known in the literature
as NILM, is the task of inferring the power demand of the individual appliances given the aggregate
power demand recorded by a single smart meter that monitors multiple appliances [3]. Energy
consumption in a building is equal to the total electricity consumption of all appliances. Therefore, the
amount of electricity consumed by each appliance must be specified. The aggregated energy of 𝑁
appliances at time 𝑡 can be the sum of the active energies of all the appliances, which is defined as Eq
(1).
𝑁

𝑦(𝑡) = ∑ 𝑦𝑖 (𝑡) + 𝑒(𝑡)

(1)

𝑖=1

Where 𝑦(𝑡) is the amount of energy aggregated at time 𝑡, 𝑁 is the number of appliances, 𝑦𝑖 (𝑡) is the
share of appliance 𝑖 in energy consumption at time 𝑡, and 𝑒(𝑡) is noise or unwanted energy.
Energy data analysis can be divided into three categories: 1) supervised 2) unsupervised, and 3)
evolutionary algorithms. Supervised learning methods require labeled samples of each appliance to
develop a model. The use of machine learning techniques in NILM was first proposed using neural
networks to identify the energy consumption of home appliances [4]. Sparse auto-encoders [5], backpropagation, learning vector quantization [6], and recurrent neural networks [7] were then proposed for
energy disaggregation. Despite the difficult training process, deep neural networks perform better than
Hidden Markov Models. The use of Long Short-Term Memory (LSTM) architecture and DAEs has
recently been proposed to identify defective appliances [8]. Another area of application of neural
networks for NILM is the use of the Restricted Boltzmann Machine (RBM) [9, 10] and Convolutional
Neural Network (CNN) [10].
Unlike supervised NILM, unsupervised techniques require no pre-training and, consequently, less costly
and more reliable for real-time NILM. Unsupervised NILM approaches can be divided into three
subgroups: 1) Unsupervised approaches that require unlabeled training to develop appliance models.
They are often HMM-based and produce appliance models either manually or automatically during the
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In the field of NILM, machine learning-based techniques have received more attention than the Hidden
Markov Model (HMM) and metaheuristic algorithms. The idea proposed in the study on the use of
NILM is based on deep learning for a personalized recommender system to optimize energy
consumption in smart buildings. In this study, the NILM energy disaggregation technique based on Denoising Auto-Encoders (DAE) is used. Deep learning techniques such as DAE can automatically detect
high-level features without the need for user intervention. Since the energy signals aggregated in smart
homes often contain some noise, the use of a DAE can detect and eliminate these noises as much as
possible and improve the performance of the NILM system. The NILM technique automatically
separates smart meter data into different profiles. In the proposed method, the consumption patterns
of each household appliance are extracted in a user profile based on the NILM results. At the same time,
the personalized recommender system automatically collects advertisements for optimal home
appliances and uses information retrieval techniques to represent each one as a home appliance profile.
A similarity measurement is then applied to compare the user profiles and home appliance profiles for
ranking. Finally, appropriate recommendations are provided to users.
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training phase [11]; For example, a single hardware setup can be used to measure the energy consumption
of each appliance in the household. This hardware setup with the use of certain machine learing algorithms
like Factorial Hidden Markov Model (FHMM) and Combinatorial Optimization (CO) disaggregates the
combined household energy readings to device specific values. These values then get sent to a cloud
database and are presented to the user through a dashboard like visual interface [12]. 2) Unsupervised
approaches that use labeled data to develop appliance models and then use models to disaggregate energy
in buildings. These approaches require the collection of appliance data. This data is used to develop
appliance models that are then used in new buildings. Most deep learning-based NILM techniques fall into
this category, and 3) Unsupervised approaches require no training before energy disaggregation. These
approaches can disaggregate energy without the need for measured data or prior knowledge.
The genetic algorithm, and evolutionary algorithm, have been also used in some studies on NILM. The
genetic algorithm is mainly used to identify the features and patterns of energy profiles of appliances and
to optimize existing parameters used in fuzzy systems [13, 14, 15]. The differential evolution algorithm is
a simple and robust metaheuristic approach that uses genetic algorithm operators such as crossover,
mutation, and selection and is used for NILM [16].

2 | The Proposed Method
Recommender systems are powerful tools for improving energy efficiency that can understand users'
preferences and needs and recommend useful energy products/services to each household individually by
analyzing their data. This method is proposed to implicitly infer the needs and preferences of appliance
users through the analysis of energy consumption patterns and encourage users to purchase appliances
that are energy efficient to potentially reduce energy consumption and energy costs and, consequently,
provide user satisfaction. The proposed framework for personalized NILM-based recommender system in
the smart buildings can be seen in Fig. 1. The proposed framework has eight stages: 1) Preprocessing, 2)
DAE, 3) Load detection, 4) Creating preference matrix, 5) Generating household profiles, 6) Calculating
TF-IDF, 7) Generating item profiles, and 8) Generating recommendation list. We will explain the
preprocessing and DAE stages below.

Fig. 1. The proposed framework for personalized NILM-based recommender system

2.1 | Pre-Processing
The pre-processing stage consists of three phases: 1) Normalization, 2) Appliance selection, and 3) Sample
selection. In the first phase, all values are normalized between 0 and 1 using min-max normalization. Next,
11 appliances, including microwaves, washing machines, dishwashers, refrigerators, electric stoves, water

heaters, air conditioners, electric heaters, electric ovens, kitchen appliances, and gas stoves, will be
selected. In the proposed method, all homes are used for training and testing so that four-day data is
used for testing and others are used for training.

2.2 | De-noising auto-encoder
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The NILM problem can be formulated as a de-noising problem by expressing the aggregated signal as
the total energy consumed by the appliance along with a noise value that makes up the entire remaining
value. In particular, Eq. (2) could be written as follows.
(2)

𝑦(𝑡) = 𝑦𝑗 (𝑡) + 𝑣𝑗 (𝑡)

𝑁

𝑣𝑗 (𝑡) = ∑ 𝑦𝑖 (𝑡) + 𝑒(𝑡)

Eq. (3) represents the noise for the appliance 𝑗. So, the noise 𝑣𝑗 (𝑡) must be taken out of the aggregated
measurement to obtain 𝑦𝑗 (𝑡). In the NILM field, an auto-encoder is fit to the appliance to reconstruct
𝑦𝑗 (𝑡) according to the aggregated signal 𝑦(𝑡). A DAE is an auto-encoder that tries to reconstruct the
noise-free input from the noisy one. Fig. 2 show the NILM estimated results.

Fig. 2. NILM Results

The DAE network is trained to minimize the error between the input and output of the appliance. The
training is performed using Stochastic Gradient Descent (SGD) with early stopping to prevent
overfitting.
The profile of each household is then created using the preference and need vectors extracted by the
NILM technique. Event detection (on/off status) is also used to identify user preferences. The number
of on detections of each appliance is calculated at different times of the day, the most frequent ones are
identified as user preferences, and the appliance name is added to the preference matrix. After each
prediction of the energy consumption of one appliance at a time, the predicted value is compared with
the value of the defined threshold to create the need matrix. If the predicted value is more than the
threshold, the appliance will be added to the list of high-consumption appliances. A single vector is then
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(3)

𝑖=1
𝑖≠𝑗

formed from the community of need and preference matrices. A profile is created for each appliance in
the secondary database. The weight of each keyword indicating its importance is first calculated using TFIDF. The weights of the texts are then classified based on the assigned weights. All keywords are sorted in
descending order of weight and are labeled by one of eleven appliances.

165

The keywords of the appliance are extracted and matched with all the optimal predicted appliances with
the appliance label using cosine similarity (Eq. (4)) to match it in a family profile with the optimal one for
the recommendation.
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𝑆𝑐𝑜𝑟𝑒 (𝑑1. 𝑑2) = 𝐶𝑜𝑠 (𝑊𝑑1 . 𝑊𝑑1 ) =

𝑊𝑑1 . 𝑊𝑑2
=
‖𝑊𝑑1 ‖2 . ‖𝑊𝑑2 ‖2

∑𝑘𝑖=1 𝑊𝑖.𝑑1 . 𝑊𝑖.𝑑2
√∑𝑘𝑖=1 𝑊𝑖.𝑑1 2 √∑𝑘𝑖=1 𝑊𝑖.𝑑1 2

(4)

3
|

Experimental results
1 are
The results of the proposed method (using the
(
presented in three sections: 1) Text classification, 2) Energy disaggregation, and 3) Personalized
recommendation. The results are obtained with 200 epoch, Adam optimizer, and MSE cost function with
Python. In the item profile creation phase, an automated method is used to collect data for various
appliances. In this way, about 230 text files for 11 appliances are collected.

The accuracy, precision, recall, F1-score, and relative error values for the NILM model can be seen in Fig.
3 (A-F). As shown, the de-noising auto-encoder performs better than the FHMM. The advantage of deep
learning algorithms such as DAE over HMMs is that they can extract high-level features using automated
and repetitive learning. The proposed model has a recall of 99%, accuracy, and precision of 80%. Besides,
the mean absolute error is 51.27.

(A)

1

(B)

Fig.

(C)

(D)

(E)

(F)
3. DAE and DHMM Results

The appliances obtained using the proposed NILM and output analysis are listed in Table 1. 28 appliances
are selected from 68, with 11 selected labels to recommend the optimal ones.
Table 1. List of Appliances
Houses
First house
Second house
Thirth house
Fourth house
Fifth house
Sixth house

Appliances
oven_3  kitchen_outlets_7  kitchen_outlets_16  washer_dryer_10  stove_14  microwave_11
kitchen_outlets_3  kitchen_outlets_8  Microwave _6  water_heater_4
washer_dryer_14  refrigerator_7  microwave_16  air_conditioning_14  air_conditioning_5
air_conditioning_9  air_conditioning_20  dishwasher_15 outlets_unknown_6 furnace_4
microwave_3 kitchen_outlets_24 refrigerator_18 furnace_6
air_conditioning_15 kitchen_outlets_13 stove_5 washer_dryer_4

The performance of the TF-IDF algorithm for identifying optimal appliances is shown in Fig. 4, where
the elements of the main diameter indicate the correct classifications. Out of a total of 230 texts, 185
have one of 11 classes, indicating that the algorithm classifies 80% of the texts as one of the optimal
appliances, of which 158 texts are correctly identified, ie 85% accuracy.
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Fig. 4. Confusion matrix for the text classifier

Fig. 5 shows the performance of the recommender system offered for each device in terms of accuracy,
recall, and precision (achieved through 230 candidate texts). The results have shown that accuracy for the
devices that are organized by the TF-IDF technique is more accurate. Dishwashers, refrigerators, and
ovens have the highest rates.

Fig. 5. Performance of the proposed recommender system

The average consumption and recommended values for the 9 appliances are given in Table 2. According
to the results, the average consumption of refrigerators and dishwashers is higher than the optimal values.
On the other hand, the recommended consumption value is more than the value consumed for gas stoves.
In general, the proposed method reduces the amount of energy consumption for households by 1234.5
watts.
Table 2. The average consumption and recommended values
Device
Oven
Outlets
Washer Drayer
Stove
Microwave
Furnace
Air Conditioning
Refrigerator
Dishwasher

Optimal Consumption Recommended
100
50
2500
1400
900
1000
2000
200
1500

110.5
48.6
2130
1384
1052
1235
2230
225
1750

95
43.6
1860
1300
835
930
2087
178
1600

Fig. 6. The average difference between the energy consumption of the recommended appliances .

3 | Conclusions and future directions
This study proposes a personalized TF-IDF and NILM-based recommender system using DAE. The
proposed approach was tested using the REDD dataset. Different criteria of accuracy, precision, recall,
and F1-score have been used for evaluation. The average NILM results show a performance of 85% and
the TF-IDF accuracy for text classification is 80%. In the recommendation phase, the proposed method
identifies 28 appliances that have 17 successful recommendations, i.e., 60% accuracy.
future efforts are recommended to
stemming and lexical chains to improve the
performance of the TF-IDF technique. Collaborative filtering recommender systems and repetitive
learning mechanisms are also important topics that should be addressed in future studies.
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The average difference between the energy consumption of the recommended appliances compared to
the average optimal energy consumption and the average consumption of the appliances in the user
profiles is shown in Fig. 6. As can be seen in the chart, only air conditioners and dishwashers do not have
a better consumption than the average consumption. There are good recommendations for the other
seven appliances.
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