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Abstract—The wide-spread deployment of smart meters and
increased demands for high-frequency energy data has yielded
significant pressure on transmission and storage capabilities. To
alleviate these pressures, a plethora of compression techniques
have been proposed for energy data but no standard has
been adopted thus far. In this paper, a deep neural network
that amalgamates both long short-term memory (LSTM) and
convolutional (CNN) layers is proposed. In comparison with
previous deep learning based models, the inclusion of the LSTM
layer enhances model expressiveness in learning long-term de-
pendencies in addition to local dependencies. Furthermore, a
generalised divisive normalisation (GDN) was applied to replace
ReLU as the non-linear activation function to introduce a
more adaptive feature extraction tool. In addition, the encoded
representations were assessed on a downstream classification task.
In simulations with three different datasets, the model achieved a
modest enhancement in reconstruction error reduction compared
to previous purely convolutional based models. However, the
evaluations showed that discrete wavelet transform (DWT) con-
sistently achieved the lowest reconstruction error performance.
Finally, the encoded representations from the hybrid CRAE
model achieved lower accuracy than pure convolutional models.

Index Terms—Convolutional autoencoder, recurrent autoen-
coder, smart meter, deep learning, compression.

I. INTRODUCTION

SMART meters, as part of advanced metering infrastructure
(AMI), have been deployed over the last two decades to

record and analyse customers’ power consumption behaviour.
In just the US alone there are 102.9 million smart meters [1]
and the Victorian Government has mandated pervasive roll-
out of smart meters since 2006 [2]. AMI is used to describe
the system which incorporates both smart meters, management
systems and communication networks [3], and allows for two-
way communication of smart grid data.

Smart meters record high-resolution electrical energy data
(EED) which has led to a shift from previous billing supply-
side to demand-side management in energy systems. AMIs,
using the data from smart meters, are thus used to address the
challenges of energy systems, improve policies and improve
quality of living [4]. For example, energy operators actively
use EED to perform: probabilistic forecasting of loads to
aid in grid management [5]; non-intrusive load management
(NILM) to decompose power signals into appliance signals,
with wider implications for energy resolution; and demand-
side management for determining energy prices.

† S. Yip is a student of the Department of Data Science and AI, Monash
University, Melbourne, Victoria, Australia.

Fig. 1. Diagram of AMI communication structure.

A. Motivation and Related Works

EED is beginning to pose big data challenges, specifically
volume and velocity. A smart meter which accrues voltage and
current data at 16-bit precision with a frequency of 40 kHz will
log data at approximately 39 kB/s [6]. In extrapolating to the
102.9 million smart meters in the U.S., this will result in ap-
proximately 2.1. million terabytes of EED generated per year.
Furthermore, more recent data products require multi-source
data beyond the limits of simply voltage, current and power.
For example, there is demand for data related to temperature,
barometric pressure and from renewable energy sources. Thus,
as the volume and velocity of generated data reaches this
magnitude, energy operators may experience network outages
as limited bandwidth power line communication (PLC) reach
capacity [7] and increasing data storage costs as the volume
expands rapidly.

The big data issues also impact the choice of sampling rate
for power companies. In order to avoid to circumvent such
issues, power companies choose to limit their sampling rate
to allay network demands [8]. The self-imposed limitation can
reduce the effectiveness of data analytics tools which benefit
from higher frequencies [9].

It must be clarified that these bottlenecks can occur in two
places. As shown in Fig.1, smart meters communicate data
to data concentrator units (DCU). DCUs then aggregate the
data from meters to send to meter data management systems
(MDMS) [10]. Bottlenecks can occur either between smart
meters and DCUS, or DCUs and the MDMS. As such, any
practical solution must consciously consider which bottleneck
to relieve.

Data compression techniques are proposed as the pre-
eminent solution to alleviate the physical and economic
stresses.

Data compression is a well-researched topic in information
theory, especially in the image and video domain. While many
extant compression techniques have been developed for time-
series data, the current international standard for smart meter
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data communication IEC 62056-21 [11] does not specify any
standardised choice of compression techniques.

Data compression is taxonomically divided into two sub-
sets; lossless and lossy [12]. Lossless compression techniques
encode and reconstruct compressed data with no error, while
lossy compression techniques suffer source data loss. Recip-
rocally, lossy techniques compress source volume at higher
ratios than lossless techniques and thus lossy techniques are
the primary area of research for compression. Applications of
lossy techniques are widespread such as in JPEG for images
[13] and MP3 for audio [14]. It must be noted that lossless
and lossy techniques do not work in isolation but can be used
in tandem as an end-to-end technique [15].

The crux of lossy compression techniques is to map the
source data into either a sparse representation, or a lower
dimensional representation. Values which are close to zero are
discarded [13] through a process called quantization. Typically,
quantization is not performed directly on the source data but on
a projection of the data. The difficulty with EED compression
particularly is identifying a transformation technique which
applies to a diverse range of energy consumption patterns.

The effectiveness of lossy techniques is measured by two
criteria: compression ratio (CR) and reconstruction error. Com-
pression ratio measures the ability of a technique to reduce
source volume while reconstruction error measures the amount
of source information loss.

Many ubiquitous lossy compression algorithms have been
tailored for EED application. Singular value decomposition
(SVD) and the fraternal principal component analysis (PCA)
[9] have been explored. Julio Cesar Stacchini de Souza, et
al. [16] proposed the application of SVD and contended that
SVD outperformed DWT across all CR, and Rachit Mehra, et
al. [17] extend these results by demonstrating that iterative-
PCA serve to denoise the data. Wavelet-based transforms
such as discrete Fourier transform (DFT) [18] and discrete
wavelet transformations (DWT) [19] have both been applied
for EED compression. An application of non-negative k-SVD
is explored by Y. Wang, et al. [8] who demonstrated that EED
load profiles could be decomposed in constituent partial usage
patterns that yield superior reconstruction error results when
compared to PCA and DWT across all CR. Lulu Wen, et al.
[12] present a detailed description and qualitative comparison
of these techniques.

The key limitations of these extant techniques pertain to
a lack of transformation expressiveness, and scalability. In
terms of transformation expressiveness, SVD and PCA are
capable only of linear decompositions of the data matrix and
thus are not capable of learning non-linear complexities that
occur in day-to-day or hour-to-hour energy consumption. The
DFT discards location information fully to retain frequency
information and thus is not suitable for representing transient
EED usage patterns. The DWT projection, while it does retain
location and frequency information, learns coefficients specific
to the explicit orthonormal basis function selected. However,
different energy usage patterns may be best served by basis
functions which are not yet discovered.

Deep neural networks (DNN) are applied to many smart
meter analytics problems as a feature extraction tool, ranging

from load forecasting to theft detection [5]. It is only natural
that DNNs have been proposed for EED compression through
the autoencoder (AE) architecture [20], whereby the latent
vector is treated as the compressed representation of the EED.
In comparison to many other lossy compression algorithms,
AEs can learn the nonlinear function in projecting the input
to its latent representation, thus allowing more complex re-
lationships to be captured with fewer inductive biases. The
result is lower reconstruction error, while maintaining a higher
compression ratio.

Current state-of-the-art DNN-based EED compression algo-
rithms are based on convolutional neural networks (CNN) [21].
The convolution operation can exploit local spatial and tem-
poral localities of the energy data while retaining equivariance
to shifts of locations in the feature map. H. Wang, et al. [22]
illustrate through Markov-chains that energy consumption is
locally dependent. For example, the authors illustrate for their
dataset that residents generally do laundry and dishwashing
prior to sleeping. Therefore, CNNs can effectively leverage
these types of local dependencies to achieve better reconstruc-
tion results.

However, convolutions are only able to capture local depen-
dencies and therefore long-term dependencies are not explic-
itly accounted for. For example, if the data is sampled at 15
minute intervals, the local dependencies identified by H. Wang,
et al. [22] apply. However, relatively long-term dependencies,
such as between every 12 hours, are not captured. It is
natural to envisage and extend the previous example, that if
dishwashing is done in the morning, then it may not be done at
night. Existing research has not yet addressed this shortcoming
for EED compression.

B. Contributions
Recurrent neural networks (RNN) are a category of DNN

which is applied to sequential data. Certain variations such
as the long short-term memory (LSTM) or gated recurrent
unit (GRU) are able learn long-term dependencies. RNNs are
already applied to many EED tasks such as anomalous energy
detection [23], probabilistic load forecasting [24], [25] and
NILM [26]. Furthermore, CNN-RNN EED hybrid models have
also been explored to great effect for theft detection [23], [27],
load forecasting [28], [29] and non-intrusive load monitoring
[30], [31].

This paper proposes and examines a hybrid CNN and
RNN autoencoder (CRAE) for EED compression that aims
to capture both local and long-term dependencies, and thus
seek to achieve state-of-the-art compression. For the encoder,
we insert both depth-wise separable convolutional filters and
LSTM cells in the encoder while ensuring that the architecture
remains lightweight. For the decoder, we retain the transposed
convolution operations from Shouxiang Wang, et al. [21] to
reconstruct the source data. We acknowledge that the use of
an LSTM layer will increase the number of parameters for any
reasonable hidden layer size, but we seek to constrict memory
and CPU usage such that CRAE can be deployed on a smart
meter.

The main contributions of this paper are summarised as
follows:
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1) We design a lightweight hybrid autoencoder architecture
that exploits that the local and long-term character-
istics of EED. In comparison to pure convolutional-
based architectures such as SCSAE [21], we find that
reconstruction error is modestly reduced. The number of
parameters has increased for lower frequency data but
is still lightweight enough to encode on computationally
scarce smart meters. However, the results show that
alternative compression techniques, such as Discrete
Wavelet Transform (DWT), yield lower reconstruction
error than AE-based models and thus challenges the
applicability AE-based models for EED compression.

2) We study the effects of three EED frequencies on
CRAE’s reconstruction error. We are unable to draw
a conclusion as the effect of other factors, such as
geographic, and model design, have a greater impact
than the frequency itself.

3) We explore and compare the use of the latent represen-
tation from the proposed methodology on a downstream
task against previous DNN models. We identify that the
evaluation metrics from CRAE’s latent representations
are inferior to previous state-of-the-art AE-based mod-
els.

The remainder of this paper is organised as follows: Section
II explores the attributes of DNN techniques, and metrics for
reconstruction error and compression; Section III describes
the structure of CRAE; Section IV describes the case studies
and downstream task; Section V details and analyses the
comparative performance of CRAE against benchmark com-
pression techniques and the performance of the downstream
task; Section VI concludes and presents pathways for future
work.

II. BACKGROUND

A. Principles of Autoencoders for Compression

The AE is an unsupervised learning method based on DNNs.
The basic AE is comprised of linear layers followed by a non-
linear activation function. We note a[l] to be the activation of
layer l then a basic block can be described as:

a[l+1] = f(W[l]a[l] + b[l]) (1)

Where f(·) is the non-linear activation function, W are the
weights and b is the bias of layer l. If we denote L to be the
number of layers then the first activation a[1] is the input x,
and a[L] is the reconstructed input x̂. AEs are comprised of
an encoder and a decoder, and generally follower a bottleneck
structure as shown in Fig.2. The encoder performs an analysis
transform of the input into its latent representation, and the
decoder performs a synthesis transform to reconstruct an
approximation x̂ from that latent representation. The AE is
generally trained with a mean squared error (MSE) function
and as such the optimization problem is formulated as follows:

W∗,b∗ = argmin
W∗,b∗

[
1

n

n∑
i=1

(xi − x̂i)
2

]
(2)

where n denotes the total number of samples.

Fig. 2. Typical AE structure.

Fig. 3. Typical convolution AE structure.

To the best of our knowledge, Xiaoyao Huang, et al. [32]
first proposed the use of AEs for EED compression. The au-
thors also illustrated that AEs, trained with a greedy layer-wise
wake-sleep method, comprehensively outperform DWT, k-
SVD and PCA for all CRs. However, the authors only demon-
strated this on an abated dataset comprised of representative
load profiles only, thereby minimising granularity and noise.
Jihoon Lee, et al. [33] proposed a holistic frequency-based
framework which utilised the AE from Xiaoyao Huang, et al.
[32] as the base. The authors identified that high frequency
EED signals performed poorly with AEs, and thus proposed
that separate AEs be trained on the dataset partitioned into
high and low frequency. The holistic framework generated
reconstruction error results which are superior to the original
AE.

More recently, state-of-the-art reconstruction results across
all CR have been obtained by using convolutional auto-
encoders (CAE) [21], [34], [35].

The convolutional layer was originally inspired by the
receptive fields in the visual cortex and has been popularised
in recent years for its image applications. Specifically, the
convolution operation performs a linear operation between a
sliding filter and the input. For a two-dimensional input, the
convolutional layer can be defined as:

a[l],f (i, j) = f([
∑
c∈C

F−1∑
δi=0

F−1∑
δj=0

a[l−1],c(i− δi, j − δj)

W[l],f (i, j)] + b[l],f ) (3)

where a[l],f (i, j) is the activation of the channel f of the layer
l at row i and column j, f(·) is the non linear activation
function, C refers to the total number of channels of the
previous layer [l − 1], W [l],f refers to the weights of filter
f on layer l and b[l],f refers to the bias for channel f on layer
l.

The transposed convolution is a fractionally strided con-
volution which is used effectively as an inverse convolution.
While strictly speaking it is not an inverse convolution [36],
the behaviours of the transposed convolution replicate those
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of a deconvolution in effect. As such, for a two-dimensional
input, the convolution operation is commonly used to extract
features into an activation of reduced width and length, but
increased channels. Contrarily, the transposed convolution is
used to expand the reconstruct the activation into an expanded
width and length, but with reduced channels. Thus, for AEs,
convolutional layers are integrated into the encoder and trans-
posed convolution layers are integrated in the decoder. Fig.3
shows the general structure of the convolution AE as employed
in [21], [34], [35].

As mentioned previously, CAEs exploit temporal-spatial
dependencies in the data. This can be done by structuring
the input EED as a two-dimensional image. Yuxuan Yuan,
et al. [35] demonstrate that CAEs yield better reconstruction
performance for voltage and power data compared to PCA
and DWT. Shouxiang Wang, et al. [21] astutely note that CAEs
require fewer parameters than its respective AEs. Furthermore,
they suggested further parameter reduction by replacing the
convolution operation with the lighter depth-wise separable
convolution [37]. The authors demonstrate that this lighter
CAE architecture still generates superior results when com-
pared to k-SVD, PCA and AEs across all investigated CRs.
In addition, S. Ryu, et al. [34] investigated using yearly load
profiles as input data and purported that the CAE bore lower
reconstruction error when compared exhaustively against PCA,
kernel PCA, AE and DWT. Therefore, the authors demonstrate
that larger input yearly load profiles, in addition to smaller
daily load profiles, can be compressed effectively.

Recurrent neural networks (RNN) are a category DNN
which processes inputs in a sequential manner. Certain vari-
ations such as the gated recurrent unit (GRU) and long-
short-term memory (LSTM) can learn global dependencies
in the input sequence. Recurrent units and its variants are
commonplace in feature extraction for EED downstream tasks
such as probability forecasting [25], energy theft detection
[23] and NILM [26]. The use of RAEs for compression has
been studied in other domains such as for images [38], and
electrocardiogram signals [39].

The LSTM cell extends the RNN through the inclusion
of memory cell in addition to the hidden state. RNNs suffer
from a vanishing and exploding gradient problem if the input
sequence length is too long, and the memory cell assists
the network in overcoming this by allowing the network to
learn the identity function where required. The cell state is
determined by three gate units: the input, output and forget
gates. Specifically, the input gate controls the flow from the
input to the memory cell, the output gate controls the flow
from the input to the hidden state and the forget gate limits
the memory cell information carried forward. We denote the
input gate as it, forget gate as ft, output gate as Ot, candidate
memory cell as c̃t, memory cell as ct and the hidden state as

ht. The mathematical formulations are expressed below:

it = f(xtU
i + ht−1W

i) (4)
ft = f(xtU

f + ht−1W
f ) (5)

ot = f(xtU
o + ht−1W

o) (6)
C̃t = tanh (xtU

g + ht−1W
g) (7)

Ct = f(ft ∗ Ct−1 + it ∗ C̃t) (8)
ht = tanh (Ct) ∗ ot (9)

CNN and RNN hybrid networks have been implemented
with the intention of using CNNs to learn local dependencies
and RNN’s to learn global dependencies. These hybrid net-
works have been applied to human activity recognition [40],
language modelling [41] and electroencephalogram classifica-
tion [42], and sentiment analysis [43]. The motivation for these
authors is commonly to exploit both window and temporal
data. For the above four papers, the authors compared their
hybrid models against pure RNN-based or pure CNN-based
models and found that the hybrid model outperformed the
solitary architectures which yields support to their motivations.
Furthermore, for these papers, the adopted practice is to place
that the convolutional operation occurs first, which is then fed
into the recurrent cell thereby reducing the total number of
parameters compared to the reverse sequence.

B. Evaluation Criteria

1) Measure of Volume Compression: The commonly de-
ployed metric for measuring a technique’s ability to reduce
source volume is compression ratio (CR), as defined in (10).

CR =
Size of uncompressed data

Size of compressed data
(10)

Strictly speaking, compression ratios evaluate file sizes.
Instead, this paper utilises the encoding ratio (ER) metric as
proposed by Shouxiang Wang, et al. [21]. ER is defined as
the ratio of sampling points before and after sparse coding
and shown in (11).

ER =
raw sampling rate: n raw data points per input

sampling rate post: m data points per input
(11)

CR is influenced by a variety of factors, including choice of
dataset [20], quantization function [13], and file systems . Con-
sequently, CR varies significantly based on factors external to
the compression algorithm singularly. Conversely, ER permits
a fair comparison of volume compression between compres-
sion techniques extrinsic to the aforementioned details.

2) Measure of Reconstruction Error: The most widely
employed reconstruction error metrics are MSE and mean
absolute error (MAE) are expressed in (12) and (13) below,
where xt is the original data at time t, x̂t is the reconstructed
data at time t , and the number of data points is N .

MSE =
1

N

n∑
i=1

(xi − x̂)2 (12)

MAE =
1

N

n∑
i=1

|xi − x̂| (13)
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Fig. 4. CRAE architecture structure.

As all AE-based models will be trained using MSE, for
convenience, this paper also utilises MSE as its reconstruction
error evaluation metric.

III. PROPOSED METHOD

A. Design Principles

These design principles were briefly introduced in the previous
sections. The core principles and the requirements that follow
are summarised: (1) Low reconstruction error. The collected
data will be used as the input into the data systems of
energy operators. These can be user-sensitive systems such
as billing, or energy theft detection. Furthermore, the higher
parameter RNN must justify its additional computational cost.
(2) Satisfices computational constraints for smart meters. As
the intended application of CRAE is at the smart meter level,
the encoder must be lightweight enough to run. However,
it must be noted that this does not mean as lightweight as
possible, rather simply meaning that it satisfices memory and
CPU requirements. (3) Assumption of large datasets. While
our case studies in Section IV may not be big data sets, the
model must be designed with the anticipation that an energy
operator will deploy this to all their customers. Thus, the
model must be able to capture complexities from a complex
distribution.

B. Detailed CRAE Network Structure

We draw inspiration and use the latest state-of-the-art model
proposed SCSAE by Shouxiang Wang, et al. [21] as the
foundation of CRAE. As such, we ensure that the CRAE
remains comparable to SCSAE for both performance and more
detailed analysis by holding many hyperparameters constant.
Specifically, we retain the use of the depth-wise separable
convolution in the encoder to maintain lightweightedness.
The two key changes are as follows: the replacement of
the first convolutional layer with an LSTM layer; and the
use of the generalized normalization transformation (GDN)
[15], [44] as the convolutional block activation function and
batch normalisation simultaneously. The CRAE architecture is
shown in Fig.4. Finally, we detail implementation details.

For the recurrent module, the alternatives were LSTM, GRU
or the vanilla RNN. Vanilla RNN is dismissed due to its
intrinsic issues with vanishing and exploding gradients. The
choice between LSTM and GRU was more intricate as both
were developed in response to the vanishing gradient issue

and possess memory capabilities. Upon referring to extant
literature, GRU appears to consistent perform better on smaller
datasets and trains in less time than LSTMs in both time
series forecasting [45] and text-based sentiment classification
[46]. Contrarily, LSTMs perform significantly better on larger
datasets where GRUs suffer serious performance degradation.
This has been shown for sentiment classification [47], and
language modelling [48], [49]. As such, given the assumption
of large datasets, we anticipate that the choice of LSTM will
yield better reconstruction results while satisficing computa-
tional restrictions. Furthermore, the above was corroborated
by conducting several informal experiments that illustrated
LSTM’s superior performance. The results are not shown due
to page limitations.

Regarding the activation function, we draw inspiration from
the image neural network compression domain where neural
networks outperform existing methods. Johannes Ball, et al.
[44] first proposed the GDN and have adopted it in their
pre-eminent image compression papers [15], [50]. The GDN
activation layer serves as an enhanced replacement for both the
batch normalization and non-linear activation function. The au-
thors showed that GDN was highly efficient in Gaussianising
the statistics of natural images, more so than any pointwise
nonlinearities such as ReLU or Sigmoid. In fact, GDN can be
summarised as a parametric multivariate generalisation of the
Sigmoid function. While our energy images are not natural
images, parallels can be drawn between patches of a natural
image and patches of energy data and the local dependencies
that exist. Two examples of 30 by 30 uni-channel patches are
visualised in Fig.5. DRED is an energy image while Kodak
is a natural image. A similar transitional property can be seen
in both images as well as clustering of colours. The natural
image does appear to have more noise but from our informal
experiments the GDN appears to be able to exploit the other
similarities effectively.

The comprehensive structure are shown in Table I. For both
structures, w is denoted as the width frequency, i.e., the daily
frequencies of 48 and 96 for CER and UMASS, and minute
frequency of DRED being 60. The Table I details the CRAE
architecture for an input height that is divisible by 4. This
is the input shape used in [21]. An additional structure is
shown in the Appendix for number of days which satisfy
number of days mod 4 = 3. The relevant changes occur in
the decoder structure and as such does not impact our encoder
hyperparameters. The purpose of this additional structure is
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TABLE I
DETAILED NETWORK ARCHITECTURE OF CRAE.

Type Layer Parameter Output shape

Encoder Input layer - (1, 12, w)
Reshape - (12, w)
LSTM layer hidden size: 24, number of layers: 2, activation: tanh (12, 24)
Reshape - (1, 12, 24)
2D convolutional layer filter number: 32, activation function: GDN, stride: (2, 2), kernel size: (3, 3), padding: 1 (32, 6, 12)
2D separable convolu-
tional layer

filter number: 64, activation function: None, stride: (2, 2), kernel size: (3, 3), padding: 1 (64, 3, 6)

MaxPooling2D kernel size: (1, 2), stride: (1, 2), activation function: GDN (64, 3, 3)
Flatten - 576
Linear layer latent dimension: d, activation function: None d

Decoder Linear layer latent dimension: 64× 3× w
4

, activation function: None 64× 3× w
4

Reshape - (64, 3, w
4
)

2D transposed convolu-
tional layer

filter number: 64, activation function: GDN, stride: (2, 2), kernel size: (3, 3), padding: (1, 1),
output padding (1, 1)

(64, 6, w
2
)

2D transposed convolu-
tional layer

filter number: 32, activation function: GDN, stride: (2, 2), kernel size: (3, 3), padding: (1, 1),
output padding (1, 1)

(32, 12, w)

2D convolutional layer filter number: 1, activation function: sigmoid, stride: (1, 1), kernel size: (1, 1), padding: 0 (1, 12, w)

Fig. 5. 30× 30 patch from energy image (left) and natural image (right).

to explore the effect of input days on reconstruction error in
Section V-B.

Additionally, the AEs in this paper are implemented in
PyTorch 1.12.1 in Python 3.7.0. All AEs in this paper are
trained using AdamW [51] which is informally a weight decay
corrected version of Adam. The default PyTorch AdamW
hyperparameters are used with a weight decay set to 1e-10
set to prevent overfitting. The AEs were found to converge
prior to 1000 epochs and thus all AEs were trained with 1000
epochs with the best test set loss being recorded. Batch size
was set to 512 which was found to be an optimal balance
between memory usage and convergence speed. No learning
rate scheduler is applied, though experiments were performed
with OneCycleLR [52] which did not have any effect on
training or test loss.

IV. CASE STUDIES

A. Compression Datasets

Three public datasets with three different sampling rates are
used as case studies. The information is summarised in Table
II. The power units recorded in these datasets are real power
measured in kilowatt hours.

The purpose of utilising three different datasets is to study
the effects of sampling rate on CRAE and comparative
techniques while retaining largely the same hyperparameters.

TABLE II
COMPRESSION DATASET COMPARISON.

Attributes

Dataset Sampling
Rating

Location Type Customer
#

Ref

CER 30 minutes Ireland Residential,
Business

9181 [54]

UMASS 15 minutes USA Residential 114 [55]
DRED 1 second Netherlands Residential 1 [56]

A similar study was performed for lossless techniques by
Andreas Unterweger, et al. [53]. To our knowledge, no de-
tailed comparison of frequency on lossy techniques have been
performed. However, we acknowledge that the records in the
three datasets are generated from different distributions and
thus comparative sampling rate observations must be cognisant
of differences in geography, customer type and time periods.

B. Dataset Pre-processing

1) Linear Interpolation and Reshaping: The datasets above
are real-life datasets and as such suffer from data loss or
corruption due to sensor malfunction. As such, not only were
there null values identified but there were also sequences
of identical values identified through a prolonged period,
indicating sensor malfunction. Each dataset was processed
on customer-by-customer basis and each dataset was subject
to different thresholds of acceptability. If the number of
erroneous values fell below a threshold, then linear interpola-
tion using forward fill was utilised. Alternatively, should the
number of erroneous values exceed the threshold, list-wise
deletion was performed for the entire daily block (CER and
UMASS) or the entire hourly block (DRED).

To normalise seasonal effects, all the available data between
the dates of 1 September to 15 October of the available year of
each dataset. The number of customers for CER and UMASS
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TABLE III
COMPARATIVE TECHNIQUE SETTINGS

Models

Attributes PCA FFT (1D) DWT (1D) DWT (2D) k-SVD AE

Sparse
representation

Components Non-zero coef-
ficients

Non-zero coefficients Non-zero coefficients Components Latent representation

Values From 2 to 36 From 14 to
2880

From 14 to 2880 From 14 to 2880 From 1 to 5 From 14 to 2880

Other notes solver:
LAPACK
SVD

- wavelet: db2, decompo-
sition level: 3

wavelet: db2, decompo-
sition level: 3

max iteration: 60, trans-
form algorithm: batch
OMP

References [17] - [19] [19] [60] [32]

were controlled to ensure that the size of all datasets was
proportional.

The training and testing splits for CER and UMASS were
split between customers to hold seasonality effects constant.
Uniquely DRED has only one residential household, and
thus the training and testing split was performed based on
date periods instead. The resulting training dataset records
prior to reshaping are 5184000, 518400, 5184000 for CER,
UMASS and DRED respectively. Similarly, the resulting
dataset records prior to reshaping are 576000, 57600, 576000
for CER, UMASS and DRED respectively.

Depending on the requirement of the input, the data was
then, on a customer-by-customer basis, reshaped into the
energy image into Rnumber of rows×wide frequency. For CER and
UMASS, the number of rows is the number of days in the
input image, and the wide frequency corresponds to the daily
frequency which is 48 and 96 respectively. For DRED, the
number of rows is the number of hours in the input image,
and the wide frequency corresponds to the minute frequency
which is 60. For example, to replicate the default configuration
of the CER image using in [21], the resulting image shape
would be R12×48.

2) Data normalisation: This paper follows the necessary
convention in normalising the values of input images. The in-
put images are subject to a min-max normalisation to constrain
input values between the range of [0, 1]. The normalisation is
shown below:

xi =
xi −min (xi)

max (xi)−min (xi)
(14)

C. Comparative Techniques

The primary benchmark for CRAE will be SCSAE as both
models utilise a similar backbone as described in Section III-B.
Other comparative techniques are described with their basic
settings in Table III. The other comparative techniques were
realised using sklearn [57], pywt [58] and scipy [59] packages.

D. Downstream Classification Task Design

The intention of the downstream task is to test the suitability
of latent representations from CRAE, SCSAE and AE for
direct application on a task thereby bypassing the decoder.
Xiaoyao Huang, et al. [32] performed a similar procedure for

TABLE IV
DEFAULT CONFIGURATION FOR SECTION V-A

Dataset Wide Frequencies Input Rows

CER 48 12
UMASS 96 12
DRED 60 60

their AE where the latent representation was used to predict
the small-medium-enterprise status of a customer.

We design a downstream task which is more practical and
has known real-world applications. Using DRED’s dataset
and auxiliary appliance-level data, the downstream task is to
classify whether a microwave had been used in each hourly
block. Such a task is akin to a lighter version of non-intrusive
load management.

DRED’s dataset provides auxiliary data with main meter
readings and microwave-level outlet readings. We reshape the
microwave-level outlet readings and classify each hourly block
with more than 10 seconds of greater than 1000-watt readings
as a Positive label, and then classify all remaining hourly
blocks with Negative labels.

Finally, the encoded representations from all remaining non-
encoder training DRED records are used. These encoded rep-
resentations are split using 85% as downstream task training
records and 15% as downstream task testing records. We
train a Decision Tree algorithm and validate using the test
records. The Decision Tree algorithm was chosen due to its
low computational requirements and universal application.

V. EXPERIMENTAL RESULTS AND DISCUSSION

Three default configurations are used for the primary compres-
sion performance analysis in Section V-A and are detailed in
Table IV. Further experimentation with input rows is detailed
in Section V-B with a fixed ER of 12.

A. Compression Performance Analysis

The reconstruction errors at different ER levels are shown
in Fig.6. Several key observations are pronounced: firstly,
SCSAE for the CER dataset does not replicate results achieved
by Shouxiang Wang, et al. [21]; secondly, CRAE has a lower
reconstruction error compared against SCSAE across all ER
for all datasets; thirdly, DWT (both one and two dimensional)
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Fig. 6. Performance results across ER, using configurations detailed at IV

outperforms both SCSAE for both CER and UMASS; fourthly,
CRAE and SCSAE do not appear to benefit from a higher ER
for UMASS and DRED.

SCSAE for the CER dataset does not replicate results in
[21]. The authors attained results which suggested that SCSAE
was the state-of-the-art when compared to other methods,
of which all are also applied in this paper. The key im-
plementation differences between this paper and the SCSAE
paper are primarily CER pre-processing differences and test
set methodology. To begin, the authors only utilised 20, 000
complete daily blocks of shape R48 whereas in equivalent
terms this paper utilises 108000 complete records of shape
R48. In addition, CER contains both small and medium-sized
enterprises (SME) and residential records. The authors, as part
of their spectral clustering section, mention use of only SME
records which may extend to their compression performance
results. It is well documented that using inputs of similar
distributions will allow for easier relationships to learn in deep
learning, and in fact, this is leveraged by Jihoon Lee, et al. [33]
who split datasets into high and low frequency to train two
EED compression models, both with superior performance.
This paper does not filter out any results by SME or residential
status. Furthermore, the authors do not make any comment as
to the training and testing split of the dataset. It is implied

Fig. 7. Top 3 examples where CRAE outperforms SCSAE.

that the MSE reconstruction results achieved are those of the
entire dataset, rather than a testing set. While this may be
appropriate for application at the MDMS level where the entire
dataset can be learned and encoded, the authors also iterate
that the SCSAE was developed to be lightweight for smart
meter application. A testing set must be used for a smart
meter level application as it is unreasonable to expect that
the smart meter will retrain the SCSAE on new data given
limited computational resources. Thus, it is possible that this
paper’s results are attributable to consideration of the global
and practical requirements of a smart meter compression algo-
rithm. The implications from this are that AE-based networks
are not competitive at many ERs.

Moreover, CRAE achieves a lower reconstruction error
than SCSAE across all ER for all datasets. The performance
increases are modest but do yield support to the theoretical
benefits laid out in Section II and Section III. To investigate
further, six reconstructed power curves from the CER testing
set are presented. The three reconstructed power curves shown
at Fig.7 are those which represent the largest performance
increase of CRAE over SCSAE; and the three reconstructed
curves shown at Fig.8. are those which show the largest perfor-
mance degradation of CRAE from SCSAE. Upon comparison
of the largest differences, it is evident that CRAE outperforms
SCSAE when the power curves are more abrupt and volatile,
whereas SCSAE outperforms CRAE when there are more
stable recurring patterns. This behaviour is likely attributable
to the inclusion of the LSTM layer, which results in the
model being able to learn differing patterns between the days.
The SCSAE model contrarily is able to learn local recurring
patterns better and thus yields better results on the stable
usage behaviours. This is line with expectations set out for this
model. In summary, CRAE is more expressive than SCSAE.
As it is likely that the more turbulent patterns appear than
the stable patterns, CRAE will achieve a lower reconstruction
error than SCSAE across ER for all datasets.

Additionally, DWT outperforms AE-based models for CER
and UMASS. DWT was not a comparative algorithm at [21].
S. Ryu, et al. [34] also implemented a CAE and did compare
its performance to DWT with the ‘Haar’ mother wavelet
and level of decomposition was not disclosed. They found
that CAE outperformed DWT. However, these implementation
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Fig. 8. Top 3 examples where SCSAE outperforms CRAE.

details for DWT are not optimal. B. A. Bhuiyan, et al. [19]
studied the effect of wavelet and decomposition level on power
compression and concluded that the ‘db2’ mother wavelet
and decomposition level 3 was optimal for their dataset.
Identically, this paper sought [19] for guidance and adopted the
same hyperparameters and has found that DWT compression
techniques, both one and two dimensional, outperform AE-
based models. In seeking an explanation, we draw parallels to
neural image compression and existing compression methods.
Johannes Ball, et al. [15] studied the use of CAE with GDN
activation functions that was optimised end-to-end including
the quantizer which was fed into arithmetic coding. Even for
an end-to-end network, the authors discovered that their results
were not a significantly improvement on the commonplace
JPEG2000 algorithm an algorithm which applies DWT to tile
components of the image [61]. It was not until the introduction
of the scale hyperprior in which neural compression signifi-
cantly outperformed extant compression techniques [50]. This
paper, and previous AE-based EED compression papers, are
not end-to-end as neither quantization nor lossless compres-
sion is considered and thus lags image neural compression.
This does leave a capacious pathway for future AE-based
EED compression research. As such, the underperformance
of SCSAE and CRAE against DWT is not spurious.

Lastly, neither SCSAE nor CRAE’s reconstruction error
appears to decrease with lower ER. As noted in Section
III-B, minimal adjustments have been made to CRAE’s layout
to ensure that it remains comparable against SCSAE. As a
result, all models use the same number of filters, filter sizes
and LSTM hidden sizes despite the increase of input size.
The change in the number of encoder parameters, which is
discussed in Section V-C, is attributable to the first LSTM
layer in the encoder as it accepts a larger dimension but still
outputs the same hidden dimension size. As such, at higher
frequencies, the logical deduction is that the latent dimension
is responsible for a proportionally smaller explanation for
the reconstructed output. As a primitive analogy, a latent
dimension of 48 for the CER dataset would be 0.136% of
the SCSAE encoder’s parameters but would only represent
0.005% of SCSAE encoder’s parameters for DRED. This
analogy does not consider this paper’s adjustments for input
sizes, but still serves to illustrate the exponential increase in

Fig. 9. Input row comparison, ER set to 12.

parameters relative to latent dimension size. As such, further
research needs to be performed on expanded convolutional
filter sizes and LSTM hidden sizes to increase model expres-
siveness such that the latent dimension has a noticeable impact
on reconstruction errors. Nevertheless, CRAE and SCSAE’s
results for the DRED dataset are promising as these models
outperform comparatives for ER greater than 22.

B. Input Row Analysis

To explore the impact of input rows and latent dimension
size on the CRAE model, experiments have been performed
and summarised at Fig.9. For these experiments, ER is set
to 12. Thus, as input sizes are increased, latent dimension
sizes correspondingly increased to maintain the ER. Two
profound observations are evident: first, all three datasets
behave remarkably differently in response to the input row
changes; second, despite larger latent dimension sizes at higher
input row sizes, this does not necessitate a decrease in MSE.

CERN, UMASS and DRED respond different to changes
in input rows. CERN’s test set displays parabolic behaviour
with a local optimum at 14, while UMASS displays a mono-
tonically decreasing test set and conversely DRED displays
an increasing test set. This suggests that there a optimal input
size which is different depending on the characteristics and
the joint distribution of the dataset. Specifically, we interpret
this to mean that the LSTM unit in the encoder is capable
and actively learning relationships between the different input
rows. For example, the local minimum for CERN at 14 implies
that long-term fortnightly complexities do exist. Alternatively,
UMASS’ minimum at 32 inputs row implies that energy usage
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TABLE V
ENCODER COMPUTATIONAL EFFICIENCY COMPARISON.

Hyperparameters Encoder Parameters Memory Usagea (Kb) CPU Runtimeb (ms)

Dataset Frequency Input
Rows

Latent
dimension d

ER CRAE SCSAE Ratio CRAE SCSAE Ratio CRAE SCSAE Ratio

CER 48 12 48 12 47568 35152 1.35 124.64 52.31 2.38 9.71± 0.76 4.80± 1.46 2.03
UMASS 96 12 96 12 79872 118144 0.68 109.12 124.64 0.88 9.46± 0.44 2.27± 1.24 4.16
DRED 60 60 300 12 885324 948556 0.93 295.11 326.95 0.90 36.58±15.64 3.02± 3.70 15.64

a Refers to peak memory usage; Peak memory usage is the same across all trials.
b CPU runtime for a batch size of 1 to emulate smart meter behaviour; Number of trials for each dataset and model combination: 50.

patterns at recurrent of up to at least 32 days and that the
LSTM layer is capable of learning these patterns.

Conjointly, the prior beliefs of this paper’s author is that an
increase in input rows and correspondingly latent dimensions
and model parameters would serve to monotonically decrease
reconstruction error. This is evidentially untrue. Thus, it is
implied that CRAE’s architecture can be improved not by
an increase in parameters, but by an increase in appropriate
hyperparameter selection. As such, there is future research
to be completed in proposing a methodology which can
automatically learn the appropriate hyperparameter size. Al-
ternatively, it is conceivable that the use of attention, either
through transformers encoders [62] or directly as an extension
of the LSTM layer [63], will eliminate the need to pre-
emptively test and select for the optimal input rows, as the
attention mechanisms will learn the appropriate input row level
relationships themselves.

C. Computational Efficiency

The computational efficiency metrics comparing CRAE and
SCSAE are shown at Table V. The experiments were per-
formed on an Intel Xeon Gold 6150 CPU, as it is not expected
that the smart meters will have GPU capabilities.

The results confirm that CRAE is markedly slower than
SCSAE in terms of runtime for CER and DRED, but at higher
frequencies CRAE utilises less peak memory than SCSAE.
It must be noted that while differences are marked, they are
not materially different. That is to say that while the runtime
is proportionally larger, it is in absolute terms minute. To
illustrate, SCSAE’s average compression time for the hourly
block of DRED data is 3.02ms and CRAE’s corresponding
average runtime is 36.58ms. Presumably, the hourly block of
data will be encoded once agan hour. Therefore, the CRAE
encoder will run for 36.58ms per hour which would appear to
be satisfactory to an energy operator. Assuming that the CPU
is 100 times slower, an extrapolation of the runtime will still
only take 36.58s per hour which is still acceptable.

However, the results do indicate that the relative scalability
of CRAE is poorer than SCSAE. It can be observed that
the ratio of CRAE to SCSAE CPU Runtime is increasing
as the input size and latent dimension size increases. These
results are unsurprising given that the LSTM layer has encode
serially and is not capable of threading or other parallelisation
techniques. In fact, transformers, mentioned in Section V-B,

Fig. 10. Boxplot of Classification Task Results, n = 25

were designed to forgo the serial calculation and transfigure
it into quadratic time complexity. Therefore, if the input
size of the energy image increases to an extent that is not
operable on a smart meter, consideration should be given to
Transformer encoders (though counterproductively also their
restrictive memory requirements). Nevertheless, the computa-
tional requirements are currently satisfactory based on these
three case studies.

D. Downstream Classification Task Results

The results of the downstream task are shown in Fig.10.
The random forests are trained 25 times for each model to
ensure that the random intialisations and subsets are thor-
oughly accounted for, and to yield statistical power to the test.
The p-values shown in the braces are based on the Kruskal-
Wallis one-way analysis of variance, or H-test. The H-test is
a non-parametric test of mean ranks, which requires fewer
assumptions than ANOVA.

The results indicate that the accuracy and recall from the
CRAE encoding classifiers are distributionally different from
the SCSAE encoding classifiers in a statistically significant
manner (p = 3.4× 10−06 and p = 7.5× 10−09 respectively).
As such, if direct encodings are required or beneficial, SCSAE
encodings yield superior performance.

The results are somewhat surprising given that the CRAE
encodings can be reconstructed into the original energy image
with lower reconstruction error than SCSAE encodings, as
discussed in Section V-A. We do not have any hypothesis as
to this phenomenon though do suggest that a future research
pathway would be to investigate whether an end-to-end CRAE
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model outperforms an end-to-end SCSAE model. If so, then
the results here may suggest that CRAE’s encodings are
‘overfit’ for the downstream task, but are tuned purely for
reconstruction.

VI. CONCLUSION

This paper has presented a novel hybrid deep learning EED
compression technique. Through an unsupervised learning
approach, the CRAE model is able to exploit the intrinsic local
and long-term dependencies of energy data. The proposed
method is validated with three different datasets. Compared
with the existing SCSAE model, the reconstruction error has
reduced modestly while satisfying computation requirements,
making it more appropriate for smart meter level application.
In particular, the CRAE achieves a lower reconstruction error
on more ‘volatile’ usage patterns than SCSAE. Notably, we
observe that DWT achieves lower reconstruction error across
a substantial number of ER settings raising the performance
benchmark.

The direct application of CRAE’s latent representations on a
downstream classification task was explored. We identify that
the existing SCSAE’s representations outperform CRAE.

In future work, the CRAE model will be explored in an
end-to-end fashion with quantization and arithmetic encoding.
Furthermore, the encoder and decoder will be augmented with
attention mechanisms to learn the most appropriate long-term
dependencies.
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