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ABSTRACT

1

Electrical energy consumption data contain a great wealth of information. Currently, however, only limited insights are possible into
the data that are collected by millions of smart meters everyday.
A major reason for this limitation is the high computational and
memory demand of corresponding analysis methods. This makes
their execution on embedded processing systems virtually impossible. For example, Non-Intrusive Load Monitoring (NILM) methods
strive to extract the individual power demand of an appliance from
the aggregated power data of a household. Recent NILM solutions
are based on highly memory-intensive neural networks. This limits their application to powerful hardware systems and strongly
hampers their wide practical adoption. In this work, we demonstrate how the application of neural network model compression
techniques can be applied to make state-of-the-art NILM solutions
operable on systems with limited resources. Through comparatively
analyzing the impact of size reduction techniques on the models,
we show how a balance between neural network size and NILM
accuracy can be found. We moreover verify the operability on a
real embedded hardware system by means of a practical evaluation.
Model compression enables NILM methods to be executed on a
vastly greater number of devices, at similar levels of performance
as compared to unmodified algorithms.

Non-Intrusive Load Monitoring follows the objective to estimate
the energy consumption of individual household appliances, based
only on the total energy demand of a household. This disaggregation process is a major driver to exploit the wealth of information
contained in smart meter data, and provides benefits to energy producers and consumers alike. Utility companies can benefit from a
better understanding of their consumers’ habits. For instance, they
can categorize their customers by their consumption patterns (i.e.,
their daily routines) and exploit this knowledge to adapt their generation strategies. On the consumer side, NILM can reveal energy
consumption habits and the obtained data can be used to generate
personal recommendations [2]. This feedback can take the form
of a direct report of current energy usage of each appliance, but
can also be distilled further to provide services like anomaly and
failure detection, thus avoiding great costs from faulty appliances.
NILM refers to a family of solutions for the load disaggregation
problem. The common objective is to analyze a temporal sequence
of readings (the input window) of the total energy consumption, in
order to identify the contributions of individual appliances. Since
its original description in [20, 21], multiple NILM algorithms have
been proposed, including approaches based on Hidden Markov
models [43] as well as Machine Learning-based approaches like Recurrent Neural Networks (RNNs), Generative Adversarial Networks
(GANs) and Denoising Autoencoders (DAEs) [31, 35, 41, 49]. The
performance of these algorithms is highly variable and depends on
multiple factors, such as the quality of the available data [24, 45],
their sampling frequency [25], and the intended purposes [12, 30].
Early NILM methods focused on detecting the on-off states of each
appliance, without predicting their exact power consumption. Today, the focus has shifted towards disaggregating the total power
consumption data of a dwelling into exact predictions of each appliance’s power demand. Good success has been reported for the usage
of methods based on deep neural networks [24, 31, 51]. By way
of example, Fig. 1 shows the actual and disaggregated (predicted)
power consumption of four electrical appliances.
As a result of being based on deep neural models, state-of-the-art
NILM methods exhibit a growing need for memory and computational power. This hinders their wide application on the customers’
premises, e.g., by executing them on smart meters. Local data processing and on-device inference, however, has several advantages,
such as eliminating the need for transferring all readings to a central
processing system, thus inherently preserving user privacy better.
However, moving inference to embedded systems based on Microcontroller Units (MCUs) requires a substantial reduction in the
memory footprint and computational requirements of such models.
This can be achieved through a compression of the neural network
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Figure 1: Comparison of the actual and disaggregated power
consumptions of four different electrical appliances.
models. We hence comparatively study six different techniques to
reduce the size and computational requirements of NILM models
and verify their operability on embedded devices.
We survey previous approaches to compress neural network
models for energy disaggregation in Sec. 2. Subsequently, we introduce the Sequence-to-Point (S2P) model for NILM in Sec. 3, which
will serve as the basis for our experiments. Through an analysis
of S2P’s internal structure, we identify suitable locations to apply
model compression. In Sec. 4, we present the considered compression methods along with the modifications to the S2P model that
are required to apply them in practice. Our evaluation setup is
described in Sec. 5, and results for the size and accuracy of each
compression technique are presented in Sec. 6. We distill the results of each experiment into a new model that combines the best
configurations in each compression method and test it on a microcontroller system based on the ESP32 MCU in Sec. 7, before
summarizing our findings in Sec. 8.

2

RELATED WORK

The tremendous success of Deep Neural Networks (DNNs) has
motivated researchers to apply these methods to the analysis of
energy data [17]. Kelly and Knottenbelt were among the first researchers to propose and evaluate the use of DNN architectures
in the context of NILM [31], especially focusing on models that
rely on convolutional networks. Zhang et al. improved the performance of previous models by introducing the Sequence-to-Point
(S2P) architecture for NILM in [51]. Thanks to their remarkable
performance, sequence-based models enjoy a great popularity for
NILM. At the same time, however, the underlying DNNs are notorious for their high computational requirements, which limit their
operability on resource-constrained systems. Consequently, several
compression techniques have emerged in recent years to achieve
a trade-off between processing efficiency, memory demand, and

achievable accuracy [14]. As follows, we review previous studies
on compressing convolutional networks in the context of energy
data disaggregation.
In [5], the effect of pruning techniques, i.e., selectively disabling
and removing parts of the neural network, has been tested on the
S2P model. The authors show that a simple low-magnitude pruning
does not only lead to a reduction of the neural network’s size,
but also improves its performance at the same time. Two more
approaches to apply magnitude-based pruning for S2P were also
examined in [36], differing in whether the pruning step is applied
once or repeatedly.
Quantization, i.e., the reduction of the resolution of numerical
values in stored models, is yet another approach to reduce a model’s
size. In [1], the main elements from MobileNets [22] are carried over
to NILM, targeting to assess its operability on resource-constrained
edge devices. After some modifications to the original MobileNet
model, including a change of the activation function, the authors
assessed the impact of lowering the precision of the learnable model
parameters by means of quantization. Measurable size reductions
could be accomplished across three different NILM datasets, yet
also a 10 % degradation in accuracy was incurred [1]. It is a general observation that deploying computationally demanding NILM
models on devices with computational and memory constraints
is a challenging task, especially when real-time operation is desired [3, 4].
Brewitt and Goddard present a network architecture based only
on convolutional layers, known as a Fully Convolutional Network
(FCN), for load disaggregation [8]. The authors’ rationale for their
design is that the majority of the parameters in a typical Convolutional Neural Network (CNN) structure are concentrated in the
dense part of the network. Removing this part of the network eliminates a large fraction of the trainable parameters, thus reducing the
model size and increasing inference speed. However, to make up for
the lost dense part in FCNs, an increase in the density of the input
field of the network is required. The authors of [8] employed the
dilated convolution concept from [42, 48], which enlarges the receptive fields exponentially with the number of layers. They showed
that their FCN architecture achieves better accuracy and faster
training times with an around 72 × smaller model size than S2P.
The application of Multi-task Learning (MTL) is another idea for
reducing the resource demand that was introduced in [36]. While
in the large majority of NILM studies, individual models are being trained for each electrical appliance whose operation shall be
identified in aggregate load data, MTL applies the concept of transfer learning to eliminate this requirement [9]. In transfer learning,
generic models are being trained (allowing them to identify appliances of a large range of models and types) rather than focusing
on the creating highly optimized models for each device separately.
The application of transfer learning for S2P was reviewed in [15],
showing that the many features in the neural network are in fact invariant to the selected appliances and datasets. It needs to be noted,
however, that MTL only leads to size savings when the operation
of multiple appliances shall be detected in aggregated data. The
prevalent use case in literature, where the power demand of only
one appliance is being disaggreated, does not benefit from MTL.
Our survey of related work has shown that several approaches
have been made to reduce the model size, some of which can even be
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Layer

Total number of

Type

Configuration

trainable parameters

Input

Window of 599 readings

Conv1D
Conv1D
Conv1D
Conv1D
Dropout
Conv1D
Dropout

30 filters of size 10
30 filters of size 8
40 filters of size 6
50 filters of size 5
With 20 % rate
50 filters of size 5
With 20 % rate

330
7,230
7,240
10,050
12,550

Dense

1024 units
With 20 % rate
A single output unit

30,669,824
1,205

combined with each other. For a direct comparability between the
aforementioned methods, however, a coherent evaluation methodology is needed. Moreover, the operability on embedded systems has
not been within the focus of most existing works, despite the advent
of edge computing and the resulting trend towards analyzing data
locally on smart meters. Rather than reviewing a single compression method only, we thus comparatively study the applicability of
six methods to reduce the computational and size requirements of
NILM neural networks, with custom modifications and a specific
focus on the possibility to execute them on resource-contrained
systems.

3

NILM BASELINE MODEL

To cater for the comparability of our results, we base our work on
the S2P architecture presented in [51], which is one of the most
successful deep learning-based models to solve the NILM problem.
This model consistently ranks among the top-performing NILM
methods and is consequently part of many evaluation studies [24].

3.1

5
4
3
2
1
0

Flatten
Dense
Dropout
Dense

Model Architecture

Motivated by the development of sequence-based models in the
areas of speech recognition and image classification, the S2P architecture relies on an input data window of fixed length, and outputs
the disaggregated power demand of the appliance under consideration for a single point in the middle of this window [51]. The task
of the model is therefore to reduce the input window to a single
prediction. It benefits from information that spans the history as
well as the future in the current input window, which is assumed to
have a high correlation with the mid-point of the current appliance
usage. The model is based on a one-dimensional convolutional network architecture with fully-connected layers at the model output.
By design, the model is configured to learn and disaggregate traces
of a single appliance, hence a new model must be trained for each
target appliance.
The structure of the model is shown in Table 1, where the input
window is applied at the top and the output sample is returned by
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Dish Washer

6

Decline in Performance
compared to original model (ratio)
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Part

Table 1: The S2P model architecture as described in [51].
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Figure 2: Layer-wise decline in performance as measured
by MAE for baseline S2P models trained for different
appliances. The decline is measured based on the rerandomization robustness and normalized by the number of
parameters in the corresponding layer.

the layer on the bottom of the table. The S2P architecture is composed of five one dimensional convolutional layers with increasing
numbers of hidden neurons and simultaneously decreasing filter
sizes. These choices are based on typical theoretical bases for CNNs
and sequence data, which intend to learn patterns in the input at
different positions and make them recognizable. The last convolutional layer is, after a 20 % dropout, followed by a flatten layer which
prepares the data to be provided to the first dense fully connected
layer with 1024 neurons. This transformation from convoluted to
flattened data is responsible for the largest number of parameters
in the network, which makes it an interesting and relevant target
for optimizing the network size, as we will show later in Secs. 4.2,
4.3 and 4.5. Finally, the last dense layer with its singular neuron
produces the final model output. Three dropout layers are present
in the lower half of the neural network to reduce the risks of overfitting as the number of network parameters increases.

3.2

Layer Importance Assessment

Five different types of parameters can be identified in any neural
network, and categorized into two groups based on their learnability: (1) Static and/or learned parameters, i.e., weights and biases,
and (2) Variable parameters, i.e., activations, inputs, and outputs.
While the values of static parameters stay constant after training,
the variable parameters realize the final prediction of the model
during the inference phase. Both types of parameters can be valid
targets for compression. Especially the reduction of the number of
static parameters leads to reductions in the final trained model size
and an increased inference speed. Beside the number and type of
parameters in each layer, the layer location plays an important role
in the final model performance of most neural architectures [50].
The achievable compression ratio thus strongly depends on the
location of the modified layer within the neural network.
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4

NEURAL NETWORK COMPRESSION
METHODS

Six candidate methods for compressing S2P models are introduced
in this section. Fig. 3 shows a simplified overview of the general
mode of operation of these methods, as well as pointing to the
section where the corresponding method is described in more detail.
In real models, methods can also be applied to a subset of the model
only. Moreover, a combination of multiple methods can also be used
in tandem. As a general observation, however, the purpose of each
method is to either reduce the number the model parameters or the
amount of memory required for their storage.

4.1 Quantization
Quantization is the process of mapping an input value from larger
(or more precise) value range into smaller one, which necessarily entails a loss of precision. In the context of neural networks,
quantization refers to the reduction of the resolution of parameters
(e.g., weights) by lowering the number of bits required to represent
them (bitwidth). For instance, moving the realm of arithmetic operations from the floating point space into integer only arithmetic
through quantization allows for the use of embedded hardware
devices without Floating-Point Units (FPUs). Thus, quantization
can improve both memory size and computational efficiency at the
cost of accuracy.
Quantization can be applied selectively to any of the network
parameters. Subsequently, different quantization approaches for
neural networks have emerged, as shown in [18, 28, 37]. Based on
recommendations from [28, 34], we examine the following ways of
applying quantization in the model:
Weights Quantization (weights8). All weights and biases of the
model are quantized into 8-bit integers, while preserving other
parameters at their original precision. Activations are quantized

Layer

Section 4.3

Section 4.2

Section 4.1

Conv

Conv

Quant

Conv

Pruning

Conv
Weight
Sharing

Section 4.4

Conv

Section 4.5

We have thus estimated the importance of each layer following
the procedure documented in [50], i.e., by resetting or randomizing the weights of a single layer and considering the decline in
performance of the overall model. Fig. 2 provides results for this
estimation for the used S2P model, which has been individually
trained to recognize one of four appliance types (microwave oven,
refrigerator, washing machine, dish washer). While the last convolutional layer has a greater impact on the overall performance than
previous layers, the dense layers clearly have the greatest effect on
the final model performance with more than 99 % of the parameters.
This difference is due to their type and location: Each neuron in
the first dense layer is connected to all neurons in the last convolutional layer. The impression that alterations of the dense layers
lead to the greatest decline in performance needs to be put into
perspective, however. On the one hand, the first dense layer has the
largest number of trainable parameters by far. On the other hand,
the convolutional layers cannot be considered in isolation, but will
generally compensate for changes applied to only one of the layers.
The results of our preliminary study have demonstrated that accuracy reductions have the greatest impact in the layers buried deep
within the neural network, while the first layers are comparably
insensitive to variations. We exploit this knowledge in our selection
of suitable locations for applying compression techniques.
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Figure 3: Simplified overview of the compression methods as
operators on the network weights, where 𝑥 is a single input
sample, 𝑦ˆ is the corresponding model prediction, 𝑤𝑖 is the
weight value of the 𝑖-th neuron in the layer, and 𝜀 is a small
positive threshold value that must be chosen appropriately
depending on the corresponding method.
into 8-bit values on-the-fly during inference to perform the required
matrix multiplication operations with the weights and biases. This
mode promises up to 4 × reduction in model size if the original
parameters have been stored as 32-bit floating-point numbers.
Mixed Precision Quantization (mixed8 and mixed16). While the
most commonly used data types are float32 (32-bit floating point
values) and int8 (8-bit integer values), other options can also be
considered. If only a minimal reduction in size is required, weights
can also be quantized to the half-precision floating-point format
(float16) while keeping all other parameters at their original precision. This reduces the model size almost by half. One may also
apply different precision degrees for each type of parameters based
on their importance for the inference (biases being more important
than activations, which in turn are more important than weights
[28]). Thus, a scheme for integer quantization that compresses biases and activations with slightly higher precision while still achieving full integer quantization, can have large benefits and avoid any
floating-point arithmetic to achieve acceptable accuracy with high
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computational efficiency. Two options have been examined for this
mode: Quantization of weights from float32 to float16 (referred
to as mixed16) and quantization of activations to int16, weights
to int8, and biases to int64 (referred to as mixed8).

poly. Polynomial sparsity scheme with the same parameters as
the constant sparsity scheme, but using a power of 2.

Full Quantization (full8). As the name suggests, all network
parameters (including inputs, activations, and outputs) are quantized post-training to int8 values in this mode. Since this mode
also includes the variable parameters, a priori knowledge of the
dataset characteristics through representative samples is essential
to calibrate the quantization processes and prepare it for the type
of incoming data.

s-poly. Structurally pruned variant of the poly pruning scheme.

4.2 Pruning
Pruning essentially comprises of two steps: An evaluation of parameter importance, followed by a subsequent elimination of unimportant parameters. The first step typically results in a threshold value
that allows to distinguish the model values by importance in the
second step. As the weights generally contribute most to a model’s
final memory demand, they are the typical target for pruning. Since
the largest weights have the greatest impact on a neural network’s
operation [19], it is a natural choice to estimate the importance of a
weight by its magnitude. The default pruning strategy only masks
the network weights (without actually removing the corresponding
cells from the neural network), thus it does not lead to an automatic reduction in model size. For a fair comparison of the reduced
memory demand of pruned neural networks, we thus consider both
regular pruning, in which weights of pruned elements are set to
zero, as well as structural pruning, in which pruned elements are
completely removed from the neural network.
Pruning can be applied as a single step after training the network
by removing weights below the pruning threshold. Alternatively,
iterative pruning consists of multiple iterations of retraining, each
of which is followed by a partial pruning step with increased value
of pruning threshold, until the required target sparsity is reached
[19]. This approach requires a further configuration parameter
(beside the target sparsity) which defines the frequency at which
pruning is applied, in terms of the number of training steps. Since
the weights of the neural network are often initialized with random
values, it is generally preferred to train the network first, such that
it can learn the initial importance of its parameters before starting
to apply pruning. Similarly, neural networks generally need some
training iterations to adapt themselves to the new structure that
results from pruned weights. Thus, we apply pruning only for a
fraction of the training phase, configurable by its start and end
training iteration. It is also possible to distribute the pruning effect
unevenly between the start and stop steps by applying a non-linear
pruning scheme as a function of the current training step, which
increases the strength of pruning by changing the threshold in each
step in non-linear fashion that depends on a power parameter [53].
We have confined our study the following set of settings due to
their popularity in the literature [7]:
const. Constant sparsity scheme with target sparsity of 50 %
that starts at 20 % of the total number of training steps and ends at
80 %, applied twice per epoch.

s-const. Structurally pruned variant of the const pruning scheme.

4.3

Weight Sharing

Weight sharing (also known as weight clustering) aims to group
weights together based on a metric of similarity. A clear advantage
of weight sharing is to reduce the total number of unique weights
in the model, and thus the model size. However, if the required
operations for inference support custom mode for clustered data,
then an acceleration of the inference speed is also possible [18].
The objective of the similarity metric is to quantify the amount
of association of each weight to each group. To achieve this, a
clustering algorithm can be used to identify similar weights. A
certain number of centroids (clusters’ centers) must be chosen in
advance (as a hyperparameter), which is also the number of the
weight groups. Weights in the neural network are then grouped
by their distance to these centroids. After grouping, each weight
keeps a reference to its centroid instead of its original value. The
idea was originally proposed in [40] and further employed in other
studies, such as [18] and [11].
The grouping of the weights can be done across the whole network; however, weights tend to have different value ranges across
different layer types. Thus, it is more appropriate to group weights
by layers. This also opens the opportunity to apply weight sharing
only to some layers of the network. As shown in Sec. 3.2, different
layers within the S2P model have a different impact on the total
model performance. For this reason, applying weights sharing selectively to the dense part of the network (due to its higher parameters’
density) can achieve a high compression rate without sacrificing
accuracy. Based on the centroid selection method and the layers to
which weight sharing is applied, we consider the following models
in this work:
all/density and dense/density. Centroids are chosen such
that weights are distributed evenly among the groups (densitybased) in either the full network (all/density) or only in the two
dense layers (dense/density).
all/linear and dense/linear. Centroids are chosen uniformly
between the minimum and maximum weights values in each layer
in the full network (all/linear) or only in the dense layers (dense
/linear).
all/random and dense/random. Centroids are chosen randomly,
by sampling the required number of groups from the weights’ values in the full network (all/random) or only in the dense layers
(dense/random).
all/kmeans and dense/kmeans. Centroids are chosen by the
𝑘-means++ algorithm, which is used to find initial clusterings for
the 𝑘-means algorithm and provides a degree of optimality to avoid
arbitrary poor clustering in the full network (all/kmeans) or only
in the dense layers (dense/kmeans).
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4.4

Depthwise Separable Convolution

All of the compression techniques discussed above are targeting to
optimize neural networks with a given, fixed architecture. However,
the architecture of a neural network has a direct effect on its performance for a given application. Many attempts with varying degrees
of success have been made trying to bring large successful networks to low-end devices by altering and especially reducing their
architecture, e.g., [13, 22, 23, 26, 52] (resulting in so called micronetworks). One successful micro-network has been presented in
[22]. Its core idea is to separate the convolution operations that occur in the CNN layers into two components. This approach, known
as depthwise separable convolution, divides the convolution operation occurring in convolutional layers into depth- and pointwise
convolution operations. This, however, requires the used kernels
to be separable1 . This is not the case for most convolutional layers
within CNNs. While the first component (depthwise) operation
performs a standard convolution and can be separated, a separation is not possible across the last dimension of the convolution
matrix (i.e. the channels) and thus a single filter must be applied per
channel. Because this results in a loss of the combined convolution
across these channels, a second pointwise component is required
to combine the outputs of the depthwise convolution again. Depthwise separable convolution has been already deployed in many
models such as Flattened networks [29], Xception networks [13],
and Inception models [27].
The number of parameters in S2P models is often prohibitively
large for embedded applications. Single-kernel depthwise convolution offers a new structural aspect to reduce the model architecture
rather than compressing it. In this work, we propose to integrate the
success ingredient from MobileNets [46] and other architectures of
micro-networks with the successful S2P model by replacing the convolutional layers in the initial part of the network with depthwise
separable convolution operations.
dwsc. We integrate a separation of the convolution step into the
S2P model by applying a single-kernel depthwise convolution in
the convolutional part of the network, which greatly reduces the
number of parameters. Unlike [1], however, we adapt this concept
for the S2P model instead of replicating the MobileNets network
architecture for NILM.

4.5 Pooling
Pooling is an established approach to reduce the dimensionality of
convolutional layers output to improve computational and memory efficiency while simultaneously lowering the overfitting risks.
Global average pooling in a CNN as proposed in [38] averages the
output of the final convolutional layer across each feature map
before feeding into the dense part of the network. Pooling thus
reduces the model size and overfitting risks simultaneously.
As the convolutional-dense transition in the baseline model results in 99 % of the model parameters (cf. Table 1), applying pooling
to this part of the network can greatly reduce the number of parameters and model size. Furthermore, different appliances exhibit
1A

separable kernel is characterized by the fact that applying single one-dimensional
computations in each direction achieve the same effect as applying the transformation
to the whole kernel at once, usually in the form of a matrix multiplication.
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diverse recurring patterns with variable lengths that can be exploited at the convoluted part of the network. Motivated by this
fact, we explore a new pooling approach by decomposing the average pooling into smaller chunks, thus averaging each fractional
length of the feature maps (i.e., the filters) labeled by their dimensions:
p-𝑥,𝑦. Represents the new models with the configurable pooling
layer. The last axes in the final convolution layer is expanded to 2
new axes with sizes of 𝑥 and 𝑦, and as before the averaging is only
applied to the last axis, which includes 𝑦 units. Thus, the output of
the flatten layer is of size 𝑦.

4.6

Multitask Learning

Multi-task Learning (MTL) is an application of transfer learning,
which has been successfully applied and tested on CNNs in multiple
domains [10, 47]. It exploits the fact that many tasks in a single
domain share the same fundamental properties. The complexity
of these properties is reflected in the order of layers of a neural
network: Layers closer to the output are generally capable of capturing and representing more complex concepts. Instead of training
a new network to disaggregate the power traces for each appliance
separately, the same network is used for all but the final layer, and
different final (prediction) layers are being provided for the NILMbased disaggregation of different electrical appliances. Thus, the
initial (shared) layers of the neural network can capture common
features like the different activation cycles of each appliance or simple on/off state transitions. Conversely, the output of this structure
is realized by different output layers, one for each appliance.
Results reported on its usability within the scope of NILM [36]
have encouraged us to further explore this idea for S2P models. Especially that our intended application domain in memory-restricted
systems can greatly benefit for reducing the initial part of multiple
models (one for each appliance) into single shared one. We run our
experiments on two S2P-based MTL models:
mtl. The structure of this model diverges after the first dense
layer into a new output layer for each appliance.
mtl/dwsc. This model uses the same structure, but combines it
with depthwise separable convolution for further size reduction.

5 EVALUATION SETUP
5.1 Input Data
The quality of models correlates directly with the quality of the
data, as the models’ parameters are learned from the data. Thus, it
is important to make informed choices regarding the input data,
to cater to a fair and representative evaluation. For our tests, we
selected three publicly available datasets (UKDALE [32], REFIT
[39], and REDD [33]) that provide data for the total power consumption as well as for individual appliances as the ground truth.
They cover an adequate time period to capture periodicities and
patterns in appliances operation cycles and human behavior. The
conscious decision to include different datasets was made to ensure
the transferability and validity of the learned models across different datasets captured in different countries, therefore, including
different kinds of appliances and consumer behavior. We expect this
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to improve the resilience of the models and provide more real-live
settings for evaluation, as models employed in practice have no
prior knowledge about occupants’ habits or locations.
Four target appliances that provide different electrical power
consumption patterns have been selected for analysis. In general,
two kinds of power patterns can be identified: simple and quick
on/off state switches and more complex patterns (such as the diverse
cycles of washing machines and dishwashers) [24]. We included
both types to ensure the possibility to generalize the findings of
the research. Furthermore, we favored appliances with high load
demand, as the effect of appliances with negligible load on the
aggregate power demand tends to vanish in the noise [31] and
moreover promise less energy savings in domestic settings. Based
on these criteria, the following appliances were selected:
(1)
(2)
(3)
(4)

Microwave
Fridge
Washing machine
Dish washer

All houses in UKDALE [32] and REDD [33] that contain the selected
appliances were used for training and the houses that contain these
appliances from REFIT [39] were used for cross-dataset testing.
A preprocessing step was applied to all datasets. This step ensures that the raw measurement are evenly spaced chronologically
by applying resampling, forward-filling, and clipping techniques
to remove any jitter in the timestamps and ensure that the data is
synchronized and aligned consistently.

5.2 Evaluation Metrics
Given that only few of the compression techniques introduced in
Sec. 4 have been evaluated in conjunction with energy data, and
no comparative study of all methods using identical input data
are known in the literature, it is important to identify the relevant
metrics for a fair evaluation of the results presented in Sec. 6.
Two types of metrics capture the aspects of interest regarding our
research. First, the performance metrics that quantify the accuracy
of the model, i.e. how much the model prediction differs from the
ground truth readings. Second, we quantify the compression gain,
as reducing the model size to fit on resource-constrained embedded
hardware is one of our main goals. For the first category, the MAE
metric was chosen due to its usage in virtually all previous literature
on sequence models in NILM [31, 36, 51] and for comparability and
benchmarking against the baseline model. The MAE is computed
as follows:

𝑀𝐴𝐸 =

𝑁
Õ
|𝑦𝑖 − 𝑦b𝑖 |
𝑁
𝑖=0

where 𝑁 is the number of samples, 𝑦𝑖 is the 𝑖-th measured reading
of the appliance (ground truth), and 𝑦b𝑖 is the model prediction for
𝑦𝑖 . As the network input is normalized, the output of the network
is denormalized accordingly, using the same parameters that have
been used during normalization, before computing the loss.
The second type of metrics attempts to measure the effectiveness
and gains of the applied model compression techniques. A clear
choice is the trained model size, as it also gives a good indication of
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Table 2: An overview of the parameters utilized in our experiments.
Parameter

Value

Batch size
Number of epochs
Resampling Rate
Validation split
Training houses from UKDALE
Training houses from REDD
Testing houses from REFIT

1000 samples
100 epochs
1 min
20 % of the training data
{1, 2, 5}
{1, 2, 3, 5}
{11, 18}

the expected network performance and correlates with the number
of model parameters.
Finally, some compression operations (e.g., unstructured pruning) do not affect the model size, as they only set specific network
parameters to zero (effectively performing parameters masking)
without actually removing them from the model. We thus also consider a model’s sparsity by defining a near-zero threshold 𝜀 and
reporting the number of parameters in the network that are less
than 𝜀 over the total number of parameters. Thus, identical models
in terms of size and the number of parameters may have different
sparsity levels and be more amenable to pruning and other compression techniques. For the reported results, a value of 10−6 was
used for 𝜀. This metric is mentioned in the results when its value
was of interest and relevant to the corresponding method.

5.3

Model Parameters

In this section, we give a brief overview of further hyperparameters that are not directly related to the compression methods but
required to configure the model. The input layer in S2P accepts a
sliding window of the mains power data. Since the output is always
restricted to a single point, distilling a large amount of information
at one time may lead to worse performance. On the other hand,
the ideal window size has been shown to be appliance-specific [44].
In order to retrieve comparable results, the default window size as
proposed in [51] and used in further works (such as [6]) of 599 samples has been used across all experiments. Input data supplied to
the model has moreover been normalized to avoid excessively high
weight parameters during training and allow the model to converge,
as the actual magnitude of the data is irrelevant for the learning
process. The normalization parameters were computed from the
entire set of training data, and consequently applied to all input
windows. Table 2 provides an overview of other hyperparameters
and the values used in the experiments.

5.4

Models with Constant Output

In order to develop a better understanding of the limits of model performance and identify poor models, we include the results of three
trivial models: zero, min, and avg. These models do not perform
an actual disaggregation operation, but always predict a constant
value regardless of the input. As the name suggests, the first model
always predicts 0 W. For the other models, the training data is used
to compute the minimum and average power consumption values,
respectively, and then these values are used for their constant value
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predictions. Although these models are not emitting any meaningful disaggregated data, they serve as an indication of the MAE
when no actual disaggregation takes place, i.e., they provide a baseline for understanding MAE values better. If MAE values equal to
or greater than those of the constant output models are observed,
this is indicative of NILM no longer functioning because the applied compression steps have removed crucial parts of the neural
network.

6

RESULTS

The results of applying each of the compression methods described
in Sec. 4 and Sec. 5 are shown in Table 3. Moreover, the table shows
results for a combined model which is compiled from the other
results and introduced in Sec. 6.7.

6.1 Quantization
Applying mixed16 quantization, a reduction of the original baseline model size of 368.56 MB to 61.42 MB is possible. When using
any of the other three quantization methods, a further size reduction to 30.71 MB is achieved. The results in Table 3 show a minor
degradation in performance compared to the baseline model for
all models except for full8, which results in significantly higher
MAE values that partially even exceed the constant baseline models.
This demonstrates that the quantization operation is too excessive
for this model and hinders learning, so the predictions resemble
random shapes rather than appliance activations and have higher
MAE values than the zero model. In contrast to this, the weights8
and mixed8 models achieve better results with the same model
size. This results is aligned with our previous discussions of the
importance of selective quantization based on the parameter types
in Sec. 3.2 and Sec. 4.1. Based on these results, we can conclude that
8 bits are not enough to pass learned features through the these
parameters, especially neuron activations as they pass the information between the layers during inference, and a higher precision is
required. The results also confirm that the model weights should
be the first choice for quantization, as they have the highest effect
on the model size and the lowest impact on performance. For reference, Fig. 4 shows the prediction of the mixed16 model against the
baseline model for a single input window. It becomes apparent that
the limited value precision acts as a regularizer and restricts the
model to simpler disaggregated consumption shapes. Considering
the best tradeoff between model size and MAE increase, weights8
has emerged as the best choice.

6.2

Pruning

As a general observation, pruned models consistently achieve comparable or even better MAE results than the baseline model. This is
an indicator of the fact that the baseline models are highly overparameterized, and pruning was able to exploit this to improve the
model’s accuracy [16]. The model trained with polynomial scheduler always achieved better or comparable results to the model
trained with the constant pruning scheduler. Polynomial pruning
may better correlate with the Learning Rate (LR) decay of the optimizer, which plays an important role for pruning [53]. The stripped
down models, which labels are prepended with s-, have also comparable results to their full counterparts. The benefit of these models
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Table 3: Experiments result of model accuracy and size for
appliances microwave (MW), fridge (F), washing machine
(WM), dishwasher (DW), and the arithmetic mean of all
four.
Mean Average Error [W]
MW
baseline
zero
min
avg

F

WM

DW

Size
Mean

[MB]

Baseline and constant-value models
11.68 16.13 12.05 14.23 13.52
27.68 74.33 112.42 21.80 59.06
57.12 66.40 158.63 64.96 86.78
36.50 74.22 110.16 21.01 60.47

368.56
0.0093
0.0093
0.0093

weights8
full8
mixed16
mixed8

23.61
15.02
14.87
15.01

Quantized models
15.86 15.41
75.17 186.19
11.29 14.92
48.15 15.81

14.51
34.85
14.53
14.96

17.34
77.81
13.93
23.48

30.71
30.71
61.42
30.71

const
s-const
poly
s-poly

11.71
11.70
9.86
9.86

Pruned models
10.03
7.34
10.03
7.35
9.61
6.65
9.61
6.84

11.89
11.89
11.94
11.94

10.24
10.24
9.51
9.56

122.86
65.72
122.86
82.73

all/density
all/kmeans
all/linear
all/random
all average
dense/density
dense/kmeans
dense/linear
dense/random
dense average

Models with shared weights
11.28 18.66 29.54 14.19
9.67 12.71 13.46 15.27
9.72 12.94 11.67 15.51
10.16 12.20 12.95 14.92
10.21 14.13 16.91 14.97
11.30 18.31 14.62 13.08
10.29 12.80
9.90
14.64
10.21 12.88 13.01 14.16
14.93 13.88 19.93 12.52
11.68 14.47 14.37 13.60

18.41
12.78
12.46
12.56
14.05
14.32
11.91
12.56
15.31
13.53

117.18
117.18
117.18
117.18
117.18
122.87
122.87
122.87
122.87
122.87

dwsc

Model with depthwise separable convolution
12.46 18.10 15.26 15.72 15.38

1.01

Models with pooling layer
11.72 16.22 11.89 14.33
14.79 19.48 11.12 13.39
17.81 24.22 10.87 14.51
21.56 33.32 12.73 14.87
22.80 13.71 14.44 15.34

13.54
14.67
16.85
20.62
22.07

184.56
74.15
37.35
15.27
7.91

Single model for all appliances (MTL)
12.24 17.86 14.88 13.77 14.68
16.99 18.13 18.36 14.66 17.03

368.63
3.37

Combined model (described in Sec. 6.7)
8.68 13.88 10.86 12.06 11.36

0.59

p-2,14975
p-5,5990
p-10,2995
p-25,1198
p-50,599
mtl
mtl/dwsc
comb

becomes clearer when we look at their sizes. s-const was able to
reduce the size of const by 47 % and s-poly reduced the size of
poly by 33 %, while maintaining an almost identical performance.
The training loss of the const models shows a clear drop after
the start pruning step (cf. Sec. 4.2) which is a clear indicator of how
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groundtruth

baseline prediction
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iterative pruning affects the learning process during training and
how the model recovers and improves its loss after passing this
initial pruning step, which emphasizes the importance of having
margins towards the beginning and the end of the pruning process.

6.3 Weight Sharing
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Figure 4: Predictions of mixed16 and baseline models for a
fridge trace.
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Figure 5: Weights distribution in the second dense layer of
S2P models trained to disaggregate dishwasher traces with
different weight sharing strategies, as described in Sec. 4.3
and Sec. 6.3. The 𝑥-axis represents the weights value and the
𝑦-axis represents their density.

6.5

Pooling

Weight sharing consistently results in models that are about a third
of the baseline model size. Models compressed with the density
method, however, lead to slightly higher MAE scores than when
using other options, which is likely due to the vanishing representation of large weights, as explained in [18]. The poor results of the
models compressed with the random centroid select method are
easy to explain by the arbitrary choice of centroids, as depicted in
Fig. 5. In contrast to this, centroids selected using any of the other
methods capture the actual range of values better, which results in
a better overall performance.
Applying clustering only to the dense part of the network is
even better, as the convolution part is free from constraints and can
maintain its full expressive power this way. This again confirms that
the dense part of the network is more prone to overparameterization.
Some clustering techniques, like 𝑘-means++ , produce models with
sparse weights values, which happened to be the result of the
selection of a zero-centered group. This may make these models
more prone to other compression techniques.

The MAE values of best performing p-𝑥,𝑦 models are shown in
Table 3. While we have evaluate other configurations with different
𝑥, 𝑦 values, these exhibited poor results (up to an average MAE of
more than 45 W) and were thus eliminated for clarity. For these
poor-performing models, the pooling operation hindered learning.
The best model we found is p-2,14975, which possesses about half
the number of the original model’s parameters. It is the only poolingbased model which was able to achieve results comparable to the
baseline model for the microwave and fridge. For the washing
machine and dishwasher, many pooled models were able to achieve
good accuracy. There is a clear correlation between the performance
of these models and their sizes, which is reasonable as larger models
contain more parameters and have more expressive power. Overall,
the p-50,599 model provides a good balance between size and
performance, as the model is less than 8 MB and still able to achieve
an average MAE of less than 23 W, which is the same MAE of the
mixed8 model but with a size of 7.91 MB instead of 23.48 MB.

6.4 Depthwise Separable Convolution

6.6

Although the MAE of the dwsc model is 2 W worse than the baseline
model on average, the model achieves these results with a size of
1.01 MB, which is 365 × smaller than the original model. This model
thus effectively increases the information content of its parameters.
This is also confirmed by the reduced sparsity (cf. Sec. 5.2): Only
1.99 % of the parameters are considered relevant when applying
dwsc, as compared to 4.67 % in the baseline model. Considering
the size/performance ratio of this model, it is has demonstrated the
superior performance so far, and it is also faster to train and test
due to its very small size.

Both MTL-models achieve comparable results to the baseline models for all appliances, cf. Table 3. The poor results of the dwscversion are due to the enormous reduction in the number of parameters, thus they could be expected. However, the size of this
model is only 3.37 MB. A separate evaluation of this model’s level
of sparsity has moreover shown it to be only 0.31 % higher than
dwsc. Since this model can be used instead of four dwsc models
trained for a single appliance, it provides a good trade-off when the
disaggregation of mutiple appliances is required for the application
use case.

Multitask Learning
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Figure 6: An example of the real power consumption traces
along with the disaggregation results for each appliance as
generated by the comb model.

6.7 Combined Model
Based on the previous results and the size/performance relation,
the best configurations among the tested parameter combination
for each compression method were identified and chosen to parameterize a final model comb. Since the gains from structural pruning
were higher, average pooling was not considered for this combined
model. MTL was also disregarded, as depthwise convolution on
its own produced small models with better performance for each
appliance.
The final model is configured as follows:
• Parameter quantization that follows the same technique as
the mixed16 model.
• Pruning with polynomial scheduler. After training, the model
is also structurally pruned to eliminate neurons with negligible contribution to the model performance.
• Weight sharing with 𝑘-means++ based centroid selection
algorithm applied only to the dense part of the network.
• Depthwise separable convolutional for the huge benefits
regarding size-performance ratio.
The predictions shown in Fig. 6 were generated using this model.
From this figure, it can be seen that the model is occasionally emits
wrong predictions: Some activations are missing (in the case of the
microwave), or activations are predicted where no actual activations exist (in the case of the fridge and washing machine). Due
to the limited expressive power of this model in terms of the number of parameters and their precision, the predictions also tend to
have either simpler shapes, like straight lines in the case of the
dishwasher, or more noisy patterns as in the case of the fridge,
as compared to the baseline model. Overall, however, the MAE
for the analysis of the entire input dataset, as reported in Table 3,
demonstrates a performance that is superior to the baseline, despite
its reduced memory demand.

Discussion and Insights

For comparison, we have plotted the average and best case results
for all types of techniques in Fig. 7, showing the tradeoff between
achievable MAE and model size (on a logarithmic axis). Moreover,
we show the relationship between size and MAE for each model
in Fig. 8. comb stands out as the best performing model among
the smallest. Moreover, we can see that pruning and pooling with
the highest number of units are the best methods to improve performance at the expense of size. On the other hand, quantization,
depthwise convolution, and smaller pooling models achieve the
opposite by producing small models at cost of MAE performance.
Applying depthwise convolution seems to be a key idea for
achieving extreme size reductions while maintaining acceptable
performance, which we have proven useful for MTL settings as well.
Global pooling has been proven effective to average information
along different dimensions and reduce the number of parameters.
An advantage of pooling is the fact, that it can be applied along
different dimensions as necessary to achieve the desired trade-off
between size and performance, as shown in Fig. 8. Pruning as a
training-aware process can be used to mark unnecessary weights
and improve performance (by acting as a regularizer). Combined
with a subsequent algorithm to strip out the pruned weights, pruning can greatly reduce the number of parameters without sacrificing
accuracy. Finally, weight sharing can be applied for further reductions in model size and possible improvements in performance, as
the model is restricted to use fewer weights to better represent the
patterns in the data.
The effectiveness of each of these methods depends on the final
desired application domain of the model. For instance, for applications on smartphones, where power and size constraints are less
strict than on the embedded systems integrated into smart meters,
a depthwise convolution may be overly aggressive in removing parameters in a situation where other, less aggressive methods would
have sufficed. In power-restricted mobile applications, where sufficient memory is available but the processing power is restricted,
pruning and weight sharing can be applied to reduce inference
times and computational load without hurting performance. Finally,
quantization and MTL can be applied alongside pooling to produce
tiny models for embedded applications at generally satisfactory
accuracy levels. In fact, techniques like structural pruning, weight
sharing, and quantization can even be applied to reduce existing
over-parameterized models without the need for re-training.

7

OPERABILITY ON EMBEDDED SYSTEMS

Being able to operate NILM methods on resource-constrained systems, such as the processing devices embedded in smart meters, is
crucial for their deployment at large. Verifying the operability of the
S2P method with a compressed model is thus of crucial importance.
We have thus prepared an S2P model according to the results of
our parameter study, documented in Sec. 6.7.
To validate the implemented model for real-live application, each
comb model for each appliance is exported in the TensorFlow Lite
format and transformed to the 4 MB flash memory of an ESP32
system, which is the lowest possible configuration for this MCU
module. Models for all four electrical appliances can fit in the embedded flash memory, as their total cumulative size is only 592.9 kB The
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Figure 8: Size and performance of all models sorted along
the 𝑥-axis by the performance-size ratio.
program loads all models into memory and starts an applications
that accepts power readings, executes each model, and transforms
back the results. The results are shown in the last row of Table 3.
The model shows a drop in sparsity of more than 3.5 % as compared to the baseline model Sec. 3, which is a good sign that the
weights are utilized appropriately. More importantly, the model
possesses only 78, 019 parameters compared to the 30 million parameter in the baseline model. Thus, it succeeded at achieving
better performance than the baseline model with an average size
of 148.2 kB for each appliance, rendering it more than 99 × smaller
than the baseline.

8

CONCLUSION

In this work, we have explored the possibility of reducing the size
of neural network-based NILM-models, in order to execute them on

embedded hardware with restricted memory and computation capabilities. Through a comparison of six techniques, it not only became
clear that size reductions are possible, but also that the applied techniques can in some cases be used to improve the model accuracy. A
fusion of the best-performing methods into a new combined model
could not only be demonstrated to achieve better performance than
the original model at a fraction of the size, but also easily fits on
the flash memory of a contemporary MCU. The final model was
99 × smaller than the original model, with a 2 W reduction of the
MAE (i.e., an improvement of 15.9 % over the baseline) on average.
Research on neural network compression also opens the opportunity to better comprehend these models, as smaller models are
more accessible and easier to understand and interrupt, due to the
limited number of variables per layer. A more profound understanding of the relation between the number and location of network
parameters can help in making informed choices regarding network size and structure, thus making general recommendations
regarding size-performance trade-off.
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