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Abstract—The growing need for home energy management
systems to demand response programs has sought solutions that
allow the identification of residential loads, mainly based on
nonintrusive load monitoring (NILM). However, when performed
on data acquired by meters with low sampling rates, this
identification is a nontrivial and challenging task. In this sense,
the present paper aims to analyze in a comparative way the use
of deep transfer learning as a procedure to extract features.
For this purpose, the time-series representing the electricity
consumption were firstly windowed. Next, each window was
transformed into a bidimensional image through the recurrence
plot technique. Thus, pre-trained deep neural network models of
five different architectures were fine tuned to the NILM domain.
Subsequently, the last layers of these models were removed to
obtain a feature array. Therefore, the set of feature arrays was
used to train and validate shallow machine learning algorithms
(Support Vector Machine, Multilayer Perceptron and Extreme
Gradient Boosting). This comparative analysis demonstrated
the robustness of a deep transfer learning feature extraction
based on the ResNet architecture when considering the Extreme
Gradient Boosting as the classifier responsible to identify the
loads, reaching an average fl-score of 81% and a standard
deviation of 1.8%.

Index Terms—Deep feature extraction, deep learning, machine
learning, nonintrusive load monitoring, recurrence plot.

I. INTRODUCTION

Nowadays, one of the world’s biggest challenges is the
fight against global warming and the increase in the planet’s
temperature caused by carbon gas emissions that accelerate the
process. However, 27% of emissions come from the energy
sector, where 30% are from buildings. Therefore, approaches
that can reduce household energy consumption are of great
relevance, especially considering that there is a growing trend
in demand in this area [1]-[3]. In the context of home energy
management systems, using a large quantity of monitoring
devices (like smart sockets) can be expensive and unfeasible to
the task of load identification [4]. For this reason, nonintrusive
load monitoring (NILM) research area aims to disaggregate the
whole home consumption using only measurements acquired
in the main panel [5].

Nevertheless, NILM approaches face some issues in the
residential energy sector, such as: (i) the operating behavior
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and consumption of the loads can change based on model
and manufacturer; (ii) the datasets can vary in function of
quantity of monitoring devices and their sampling rates; (iii)
the identification of loads in real-time to allow embedded
hardware solutions; (iv) the ability to generalize the load’s
identification in different scenarios; and (v) the consumption
overlaps, as some loads can be powered on in the same time
interval.

The research in NILM presented high accurate results when
dealing with measurements acquired in high frequency, i.e.,
meters with sampling rates greater than 200 samples per
cycle. However, this kind of approach is impractical in many
real-world applications due to the availability of low cost
commercial meters able to store and process this amount of
data in real-time [4]. On the other hand, approaches based
on measurements acquired in lower sampling rates still have
room for improvement. Furthermore, as explained in [5], [6],
the power signature, i.e., the behavior of each appliance can
be divided into 4 categories: (i) binary state (ON/OFF); (ii)
finite and discrete operating states; (iii) continuous operating,
in which the consumption changes in a continuous scale; and
(iv) cyclic operating, in which the consumption presents a
periodic nature.

As in other research areas, the use of deep learning is also
a trend in NILM. For this reason, some approaches have been
proposed in this way. In [4], aiming to mitigate the problem
of data unbalance, the authors proposed an approach based on
Long-Short Term Memory to improve feature representation
and learn usage patterns in REDD (The Reference Energy
Disaggregation Data Set) dataset. Using the UK-DALE (The
United Kingdom — Domestic Appliance-Level Electricity)
dataset, in [7], the authors introduced an attention mechanism
to update weight distribution to a CNN (Convolutional Neural
Network), highlighting the most relevant features and reducing
noise.

Langevin et. al. [8] proposed a variational autoencoder
framework using the UK-DALE and REFIT datasets for disag-
gregation task. In [9], the authors present a novel model named
as MUSENILM, that applies multi-scale attention mechanism
on UK-DALE and REDD datasets to extract temporal features.
The authors of [10] proposed a multi-event identification
methodology with a multi-head self-attention mechanism, ex-
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tracting contextual information of events aiming to solve the
difficulty in identifying multiple variable-length events in one
window.

Following the aforementioned context, this paper proposes a
framework based on the transformation of power consumption
time-series into bidimensional images using the Recurrence
Plot (RP) technique, extracting features automatically using
deep transfer learning and performing the load identification
afterwards. Thus, five different architectures with models
pre-trained for the ImageNet domain were used as feature
extractors. In order to compare and analyze the behavior of
each deep transfer learning feature extraction technique, three
shallow machine learning algorithms were considered, that are:
Support Vector Machine (SVM), Multilayer Perceptron (MLP)
and Extreme Gradient Boosting (XGBoost).

The remainder of the paper was organized as follows.
Section II presents a brief review on transfer learning strategies
commonly applied in the NILM context. Section III presents
an overview of each deep neural network architecture to be
used in the deep transfer learning feature extraction stage.
Next, the proposed approach used to analyze the feature
extraction stage is detailed in Section IV. The results were
presented, compared and discussed in Section V. At last, the
conclusions were drawn in Section VI.

II. BRIEF REVIEW ON TRANSFER LEARNING IN NILM

According to [11], the process of solving a task A by
adapting or reusing a model that was trained for a task B is
called transfer learning. Typically, the transfer learning process
is applied in two ways, namely through fine-tuning or by using
the original model as a feature extractor. In the first approach, a
controlled retraining of an original model is performed, where
the goal is to slightly modify the weights of this model so that
it can solve a different task. Depending on the amount of data
available, one can choose to change the weights of only a few
or many layers of the network. In the second approach, pre-
trained deep neural networks are also used as feature extractors
to encode the images into useful descriptive representations,
extracted directly from the output of an intermediate layer,
resulting in an embedding (non-linear feature vector) of the
input sample.

In [12], the authors proposed data transformations consid-
ering the UK-DALE e REDD datasets. They evaluated the
behavior of a fine-tuning transfer learning strategy only for
fridge. The temporal data (collected every 1 Hz) were trans-
formed into 2D images through Gramian angular difference
fields (GADF). These images were used as inputs to a CNN
VGG16 pre-trained model. The proposed approach reached an
average fl-score of 75%.

The feasibility of using transfer learning was also analyzed
by [13], where the authors noted that only fully connected
layers require fine-tuning optimization.

The study proposed by [14] offers transfer learning results,
confirming the relevance and robustness of the selected fea-
tures, which were learned on a proposed dataset and success-
fully transferred to a larger-scale dataset.

Finally, transfer learning was also applied to an approach
based on the signature of the appliances (represented by their
V-I trajectories) [15]. However, the effectiveness of the pre-
trained model was demonstrated empirically, that is, there is
no statistical proof of its accuracy.

It is important to note that the aforementioned literature cor-
roborates the importance and effectiveness of transfer learning
as a highly relevant stage for the load labeling task in NILM,
providing valuable insights to improve the accuracy and gen-
eralization of energy consumption disaggregation models.

III. DEEP NEURAL NETWORK ARCHITECTURES

As the approach proposed in this paper was focused in
compare different deep neural networks to extract features
and improve the identification of residential loads, next is
presented an overview of the following architectures: VGG
(Visual Geometry Group), ResNet (Residual Network), Incep-
tion, MobileNet and EfficientNet.

A. VGG

The VGG architecture was proposed by [16] as a CNN
model to be used in computer vision applications. The key
feature is its depth, with 16 or 19 layers, mainly composed
of convolutional layers followed by max-pooling layers. Con-
volutional layers apply filters to the input image, extracting
features at different spatial scales. On the other hand, max-
pooling layers reduce the spatial dimensions of feature maps
while keeping the most important information.

B. ResNet

This convolutional architecture was introduced by [17],
being its main characteristic the use of residual connections,
which allow information to be transmitted directly from one
layer to another, bypassing the intermediate layers. A fun-
damental component in ResNet is the residual block that
implements two 3 X 3 convolutional layers and a residual
connection (identity). This component assists in mitigating
the problem of gradient vanishing, which is common in deep
neural networks.

C. Inception

It was proposed by [18] and stands out for its use of
a combination of convolution kernel sizes. Its convolutional
block is composed of four parallel paths, the first three of
which use convolutions of different sizes to extract information
from different spatial scales, while the fourth path employs
a max-pooling layer followed by convolution to adjust the
number of channels.

D. MobileNet

Aiming to reach a balance between precision and compu-
tational burden, the MobileNet was proposed by a Google’s
research team [19] to allow computer vision models to be
executed in platforms with limited hardware resources, mainly
smartphones and tablets. Using depthwise separable convolu-
tions, this technique splits the default convolution process into
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a depthwise convolution (responsible to apply individual con-
volutions to each input signal) and a pointwise convolution (a
1 x 1 convolution to combine the results of these convolutions
divided by channels). Regarding the other CNN components,
MobileNet uses both normalization batch and ReLU (Rectified
Linear Unit) activation functions in both layers.

E. EfficientNet

The EfficientNet was another algorithm proposed by a
Google’s research team [20] to establish an efficient archi-
tecture regarding resources, while still offering a good perfor-
mance in deep learning tasks. The fundamental concept of the
architecture is compound scaling, raising simultaneously and
balancing the: (i) number of deep layers (depth); (ii)) number of
channels by layer (width); and (iii) the input image resolution.

IV. PROPOSED APPROACH

The proposed approach was implemented by considering
the REDD, since it represents a benchmark dataset widely
analyzed in the related literature. An overview of the proposed
approach can be visualized in Fig. 1.
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Fig. 1. Overview of the proposed approach.

A. Data processing

The REDD is divided into low and high frequency mea-
surements acquired from six houses at The United States. The
data used in this research was extracted from the house #3,
since it is the most investigated in the literature. Also, only
the low frequency data were considered, which were collected
in a 1 Hz sample rate.

Thus, the resulting data were divided into training and val-
idation sets as shown in Table I, following the same temporal
interval (starting and ending dates) given in [12]. In addition,
with the highest representation of energy consumption in
the house, the loads chosen for this research were: fridge,
dishwasher, washer dryer #1, washer dryer #2 and microwave.

TABLE I
STARTING AND ENDING DATES OF EXTRACTED DATA.
Subset Start date End date
Training Apr 16th, 2011 | May 16th, 2011
Validation | May 17th, 2011 May 30th, 2011

Next, the time-series were processed as a set of sliding
windows. However, as small windows can result in loss of
useful information to characterize certain loads, while large
windows may include noise and/or redundant information.

In this sense, as the authors of [21] have evaluated both the
sampling rate and the influence of fixed and variable window
sizes in the REDD, we just parameterized the proposed
approach using the same 2 seconds of sample rate and the
window sizes presented in Table II.

TABLE II
SIZE OF THE SLIDING WINDOW DETERMINED FOR EACH LOAD,
ACCORDING WITH [21].

Load Window size (in seconds)
Fridge 720
Dishwasher 2,040
Washer dryer #1 90
Washer dryer #2 2,040
Microwave 900

From the time-series windowed, each window was labeled,
allowing to obtain the training and validation sets. For this
purpose, it was necessary to relate the measurements acquired
from the main panel and the individual loads. This relationship
was defined by using the timestamps, making possible to create
a binary array with dimension equal to the number of loads
(i.e., five). In this sense, the use of a binary array allows the
labeling process to define more than one load per window, that
is, the overlapping or simultaneous operation.

B. Time-series transformation

In order to overcome the challenges of nonlinear pattern
identification for NILM time-series and due to the use of
CNN s as techniques to extract features, the temporal windows
were transformed into 2D images. More specifically, RPs
were generated, being represented as a L x L matrix, where
L represents the window size. This technique was proposed
by [22] to demonstrate recurrences in a state-space trajectory,
which can be expressed as:

Rij=0(c— |7 —7j), € ®™, i,j=12,...,N (1)

where N is the number of states ff; € is the radius of
the neighborhood (threshold) at the current state; ||.|| is a
neighborhood norm, usually the Euclidean norm; 6 (.) is the
Heaviside function; and m is the dimension of immersion.

Considering this definition, an RP can be analyzed as
follows: (a) if R;; = 1, the state is given as recurrent and
a black pixel is set to the image matrix; or (b) if R;; = 0,
the state is given as non-recurrent and, consequently, a white
pixel is set in the matrix.
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C. Deep transfer learning feature extraction

In the NILM context, the deep transfer learning feature
extraction was firstly proposed by [21], where the base deep
learning algorithm was a CNN VGG pre-trained in the Im-
ageNet database [23] domain. Due to the use of a model
pre-trained in a different domain, the residential consumption
domain needs to be presented to the model by means of
transfer learning. For this reason, fine tuning strategy was
employed.

In order to investigate the impact of different deep neural
network architectures in extracting features from RPs, those
mentioned in section III were considered. It is important to
highlight that all of them are available in the TensorFlow
open source library and their characteristics are presented in
Table III.

TABLE III
CHARACTERISTICS OF ARCHITECTURES PRE-TRAINED IN THE IMAGENET
DATABASE DOMAIN.

Model Number of neurons | Depth
EfficientNetBO 5.3M 132
EfficientNetB 1 7.9M 186
EfficientNetB2 9.2M 186
EfficientNetB3 12.3M 210
EfficientNetB4 19.5M 258
EfficientNetB5 30.6M 312
EfficientNetB6 43.3M 360
EfficientNetB7 66.7M 438

InceptionV3 23.9M 189
MobileNet 4.3M 55
MobileNetV2 3.5M 105
ResNet50 25.6M 107
ResNet50V2 25.6M 103
ResNet101 447 209
ResNet101V2 447 205
ResNet152 60.4M 311
ResNet152V2 60.4M 307
VGG19 143.7M 19

Based on these models, the transfer learning strategy adjusts
the synaptic weights to the NILM context. After finalizing
this process, the last classificatory layers of each model were
removed to obtain a feature array instead of the data label, as
presented in Fig. 1. This way, the set of feature arrays resulted
from each model was used as input to shallow machine
learning algorithms, as detailed next.

D. Identification of residential loads

From the feature arrays extracted using different deep neural
network architectures, SVM, MLP and XGBoost models were
trained and validated. It is worth mentioning that five binary
classifiers were used, i.e., each one responsible for identifying
a specific load.

1) MLP: Tt has been the most used machine learning
algorithm in the NILM context, due to its high generalization
capability and accurate classification. The MLP model used
in this paper was composed of 10 hidden layers with ReLU
activation function (selected to deal with the gradient vanish-
ing problem [24]) and 1 output layer with softmax activation
function. Also, the backpropagation algorithm was employed
since it is commonly applied to the NILM research field.

2) SVM: It was considered due to its deterministic behavior.
The algorithm aims to determine a hyperplane that separates
the classes, looking for the minor distance between the sample
and the hyperplane to create a separation margin. In this sense,
the training stage of the algorithm consists in determining the
optimal hyperplane [25]. However, due to its high computa-
tional cost, usually, a tolerance level needs to be defined [26].
Furthermore, keeping in mind that NILM data is not linearly
separable, in this paper a radial basis function kernel was used.

3) XGBoost: 1t is a decision tree-based model that uses a
gradient boosting strategy [27]. The decision trees focus on the
iterative data segmentation in smaller and specific regions until
reaching an enough size to be labeled. Due to the boosting,
instead of constructing one tree, several trees are generated
with small intermediate nodes in a sequential manner by using
the extracted information of its progenitor (previous tree).
Finally, the gradient boosting is a variation of the boosting
algorithm in which a minimization function is adopted [28].

E. Performance evaluation metric

To avoid the bias that can be generated due to class ma-
jority, the performance metric adopted was the fl-score, that
represents a relation between precision and recall, expressed
as:

. TP
Precision = TPLFP’ 2)
TP
Recall = TPLEN 3)
Flscore = 2 Precision x Recall @

Precision + Recall

with TP and FP being respectively the true and false
positives, while F'N is the false negatives. Since the REDD
is unbalanced, especially when dealing with loads such as
microwaves, the use of fl-score to measure the performance
of classifiers is an adequate practice in machine learning in
order to mitigate the data bias.

V. RESULTS AND DISCUSSIONS

The proposed approach was completely implemented using
Python 3 and the computational experiments were run on a
desktop computer with Intel Core i7-7700 CPU (3.60GHz),
16GB DDR4 RAM and an NVIDIA Quadro M5000. Next,
the overall analysis is presented and discussed, followed by
the comparative analysis performed between the deep transfer
learning feature extraction techniques.

A. Overall performance analysis

The overall results obtained by each shallow machine learn-
ing algorithm (SVM, MLP and XGBoost) can be verified in
Table IV. Still, the results can be analyzed in terms of deep
neural network model used to extract features from the RPs.
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TABLE IV
PERFORMANCE OF EACH SHALLOW MACHINE LEARNING CLASSIFIER
COMBINED WITH DIFFERENT DEEP FEATURE EXTRACTION TECHNIQUE.

. fl-score (%)

Feature Extraction MLP T SVM | XGBOOST
EfficientNetBO 74.6 65.4 73.0
EfficientNetB 1 65.4 64.8 71.4
EfficientNetB2 71.6 65.4 70.0
EfficientNetB3 70.8 59.2 69.2
EfficientNetB4 78.4 75.0 75.4
EfficientNetB5 74.0 66.6 68.0
EfficientNetB6 81.0 65.0 81.0
EfficientNetB7 77.0 73.4 78.6
InceptionV3 74.2 74.2 75.8
MobileNet 74.4 71.8 76.8
MobileNetV2 73.0 69.4 71.8
ResNet101 84.2 73.6 82.0
ResNet101V2 79.4 69.0 80.6
ResNet152 81.8 71.4 82.0
ResNet152V2 66.8 71.0 83.0
ResNet50 83.0 71.4 80.4
ResNet50V2 80.8 69.8 78.0
VGG19 75.4 70.6 79.4

In a general analysis, it can be seen that the MLP classifier
when combined with the ResNet101 model as deep feature ex-
traction technique demonstrated the best performance, obtain-
ing an fl-score of 84.2%. A similar behavior can be observed
when using the XGBoost combined with the ResNet152V2,
obtaining an fl-score of 83.0%, i.e., only 1.2% less than
the best combination. Contrarily, the highest f1-score using
the SVM classifier achieved 75.0% when combined with the
EfficientNetB4, i.e., presenting a difference of more than 8%.

B. Comparative analysis of deep feature extraction techniques

In terms of VGG architecture, only the VGG19 model was
used to the deep feature extraction. This way, it can be noticed
that fl-scores varied between 70.6% and 79.4%. However,
when using the XGBoost classifier, the f1-score demonstrated
its robustness compared to the other classifiers (increasing
by at least 4.0%). Similarly, for Inception architecture, only
the InceptionV3 model was considered, demonstrating a low
variation in f1-scores (between 74.2% and 75.8%). Again, the
XGBoost achieved the highest fl-score.

The results of MobileNet architecture combined with the
classifiers were evaluated in relation to two models (MobileNet
and MobileNetV2), ranging from 69.4% and 76.8%. Despite
not presenting the best results, the MobileNet has a practical
relevance, as it can be used embedded in hardware due to the
low computational cost and fast response. This way, it can be
noticed that the MobileNet model demonstrated some stability
in terms of performance, as the fl-scores varied between
71.8% and 76.8%. In a practical way, these results are adequate
for an embedded application, as it can be executed in the
customers’ smart devices.

Analyzing the results achieved with the EfficientNet ar-
chitecture, it can be seen a similar behavior for MLP and
XGBoost classifiers. Both, reached 81.0% as highest f1-scores
considering the EfficientNetB6 model. In this sense, the results
of all EfficientNet models can be summarized in terms of
average and standard deviation, as presented in Table V.

TABLE V
AVERAGE AND STANDARD DEVIATION CALCULATED FOR EACH
CLASSIFIER COMBINED WITH THE EFFICIENTNET MODELS.

Classifier | Avg. fl-score (%) | Std. Dev. (%)
MLP 74.1 4.9
SVM 66.9 5.1

XGBoost 73.3 4.6

Table V demonstrates the high sensitivity of each classi-
fier to the choice of deep feature extraction model. Despite
reaching high fl-scores by MLP and XGBoost when using
the EfficientNetB6, this combination is not reliable.

The ResNet architecture, as verified in the general analysis,
obtained the best results when combined with MLP and
XGBoost. However, it is also important to analyze the averages
and standard deviations considering all the ResNet models, as
shown in Table VI.

TABLE VI
AVERAGE AND STANDARD DEVIATION CALCULATED FOR EACH
CLASSIFIER COMBINED WITH THE RESNET MODELS.

Classifier | Avg. fl-score (%) | Std. Dev. (%)
MLP 79.3 6.4
SVM 71.0 1.6

XGBoost 81.0 1.8

From Table VI, the averages and standard deviations are
useful to clarify that the MLP was highly sensitive to the
change in ResNet models, being the XGBoost a recommend-
able and suitable algorithm.

VI. CONCLUSIONS

The usage of time-series transformations into bidimensional
images from RP has shown itself as a robust alternative to
residential load identification. In this paper, we have proposed
the comparison of five deep neural network architectures to
perform the stage of feature extraction. Only the models pre-
trained with the ImageNet database domain were selected to
compose the comparison analysis. Additionally, three shallow
machine learning algorithms (MLP, SVM and XGBoost) were
used as classifiers, i.e., to obtain the results and allow an ad-
equate comparison between the feature extraction techniques.

Among the analyzed feature extractors, the ResNet neural
network architecture reached the best results, mainly when
combined with the XGBoost and MLP. Despite the high f1-
scores achieved by using the MLP, the standard deviation was
high when compared with the XGBoost. In addition, it is
important to mention the results obtained by the models of
MobileNet architecture, which demonstrated a stable behavior.
This way, it can be clearly embedded in hardware or developed
as a smart device app.

In future works, we intend to evaluate the performance of
MobileNet architecture in a low cost hardware, the general-
ization capability of an approach based on ResNet as feature
extraction and XGBoost as classifier to different residences,
and the possibility of perform an adequate transfer learning
strategy between different residences.
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