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Abstract

Non-intrusive load decomposition can fully parse user electricity consumption
data and is a key technology for analyzing and evaluating users’ flexible reg-
ulation potential. Given the extensive application of deep learning methods
in load decomposition, this paper first delves into the working mechanisms of
mainstream deep learning network architectures such as denoising autoencoders,
recurrent neural networks, and convolutional neural networks when applied to
load decomposition problems, and provides a prospective analysis of their ap-
plications and development in the field of load decomposition. Subsequently,
a decomposition algorithm evaluation framework based on different dimensions
is proposed, and the selection criteria for test data during the evaluation pro-
cess are supplemented. Finally, the evaluation framework is employed to assess
mainstream deep learning decomposition models, and the model code is open-
sourced. The evaluation results demonstrate that the proposed framework can
more comprehensively evaluate deep learning decomposition models under given
hyperparameter settings, and reveal the sensitivity of model performance to fac-
tors such as network architecture and feature inputs.
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Abstract

Non-intrusive load disaggregation enables comprehensive analysis of user elec-
tricity consumption data and serves as a critical technology for evaluating users’
potential for flexible demand response. Given the widespread application of deep
learning methods in load disaggregation, this paper first examines in detail the
working mechanisms of mainstream deep learning architectures—including de-
noising autoencoders, recurrent neural networks, and convolutional neural net-
works—when applied to load disaggregation problems, and provides a prospec-
tive analysis of their development in this field. Subsequently, we propose a
multi-dimensional evaluation framework for disaggregation algorithms and sup-
plement it with guidelines for test data selection during evaluation. Finally,
we employ this framework to evaluate mainstream deep learning disaggregation
models, with the model code made open-source. The evaluation results demon-
strate that the proposed framework enables more comprehensive assessment
of deep learning disaggregation models under specific hyperparameter settings,
and reveals the sensitivity of model performance to factors such as network
architecture and input features.

Keywords: deep learning; non-intrusive load disaggregation; convolutional
neural network; recurrent neural network; electricity big data

0 Introduction

Non-Intrusive Load Monitoring (NILM), first proposed by Hart in the 1980s
[?], involves installing smart meters at residential electricity entry points and
applying a series of data mining steps to decompose aggregate load information
into the consumption patterns of individual appliances. The resulting end-use
data can provide users with feedback to enhance energy-saving awareness [?, 7]
and support demand response initiatives [?].

Load disaggregation represents the core challenge in NILM [?]. Traditional dis-
aggregation algorithms primarily rely on load event detection, employing com-
bination optimization [?] and clustering-based matching [?]. However, these
methods suffer from low decomposition accuracy due to overlapping load signa-
tures and difficulties in modeling appliances with continuously varying power
consumption. Factorial Hidden Markov Models (FHMM) and deep neural net-
works have emerged as mainstream solutions that effectively improve decompo-
sition accuracy [?].

FHMM-based models can achieve reasonable accuracy with limited supervised
information. Reference [?] incorporated appliance usage patterns as additional
features to build disaggregation models based on four different FHMM variants,
while [?] transformed the FHMM inference problem into a convex quadratic
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programming problem through signal constraints on sources. Nevertheless, con-
strained by the properties of Markov chains, FHMM-based models cannot ef-
fectively model continuously varying power consumption or unknown electrical
devices, and their decoding time complexity grows exponentially with the num-
ber of appliances, limiting their practical application [?].

In theory, deep learning can approximate any physical model by deepening
neural networks [?]. Reference [?] applied deep learning models such as Bidi-
rectional Long Short-Term Memory (Bi-LSTM) and Denoising AutoEncoder
(DAE) to model appliance power consumption. Compared with traditional
methods, deep learning approaches offer several inherent advantages: (i) elimina-
tion of manual feature extraction, (ii) linear growth in computational complexity
with the number of appliances, (iii) capability to model continuously varying
power consumption while ignoring unknown devices, and (iv) utilization of GPU
parallel computing [?].

However, deep learning models involve numerous parameters, exhibit poor in-
terpretability, and are sensitive to hyperparameter selection. Consequently, un-
derstanding the underlying working mechanisms of network architectures is cru-
cial for algorithm design and parameter tuning. Moreover, due to variations in
test data and evaluation metrics, researchers struggle to systematically compare
disaggregation algorithms, identify causes of poor performance, and develop tar-
geted improvements [?].

Addressing these challenges in NILM research, this paper first examines the
working mechanisms of three mainstream network architectures—Denoising Au-
toEncoder (DAE), Recurrent Neural Network (RNN), and Convolutional Neural
Network (CNN)—when applied to load disaggregation, highlighting that bidirec-
tional encoding of effective load information by Bi-LSTM layers and extrac-
tion of different load events by convolutional layers are key to successful deep
learning applications. We then propose a multi-dimensional evaluation frame-
work for load disaggregation algorithms and establish guidelines for test data
selection from both dataset and appliance perspectives. Finally, we evaluate
mainstream deep learning disaggregation algorithms using this framework, re-
vealing that performance differences primarily stem from varying network capa-
bilities in modeling different types of load information. Through case stud-
ies, we demonstrate the impact of factors such as input features on model
performance and provide recommendations for algorithm improvement. Addi-
tionally, we have open-sourced the model implementation and evaluation code
(https://github.com/Ming-er/NeuraNILM__{Pytorch}).

1 Working Mechanisms of Deep Learning Models in Load
Disaggregation
Load disaggregation requires representing aggregate load information over a

time series as a linear combination of constituent signals. For any time point
in the sequence, the problem can be abstracted into the following mathematical
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form:

I
Y = in,t +up+e (1)
i—1

where y, represents the total power at time ¢, x; ; denotes the power of the i-th
appliance at time ¢, u, is the total power of unknown appliances at time ¢, ¢,
represents random noise following N (0,02), and I is the number of electrical
appliances.

Given the powerful representation capability of neural networks for end-to-end
mapping, deep learning models typically learn the mapping relationship between
the aggregate power sequence and the power sequence of the i-th appliance
over a period, without considering the impact of appliances that users are not
interested in or other unknown devices on decomposition performance. Deep
learning models commonly define the problem as:

ili t— f(yt—w:t+w> (2)

s

where Z, , is the predicted power of the i-th appliance at time ¢, and w represents
the window size.

1.1 DAE-Based Models

DAE accepts noisy data as input and reconstructs it as original noise-free output
[?], finding widespread application in image denoising and speech enhancement
[?, ?]. In load disaggregation, the aggregate power sequence and other sequences
(such as timestamp information [?] and reactive power as supplementary seman-
tic context [?]) can be viewed as DAE inputs, while the power sequence of the
target appliance serves as output, with other appliances’ simultaneous power
consumption treated as noise to be eliminated.

[Figure 1: see original paper] illustrates the basic structure of DAE-based mod-
els, which consist of encoder and decoder components. The encoder extracts and
combines features from the input, compressing them into a compact representa-
tion—the bottleneck layer—while the decoder reconstructs the target appliance’
s power sequence based on the bottleneck layer information. Gradient opti-
mization of the reconstruction loss constrains the bottleneck features to retain
information from the aggregate power sequence that facilitates reconstruction
of the current appliance’ s power, thereby enhancing the decoder’ s capability.

Reference [?] first applied DAE to load disaggregation, achieving better results
than traditional methods like CO and FHMM. However, due to its simple ar-
chitecture, the true advantages of DAE were not fully realized. Subsequently,
references [?] deepened the DAE network and incorporated designs such as con-
volution, normalization, and residual connections during encoding and decoding,
further improving disaggregation accuracy.
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In recent years, with the rise of Generative Adversarial Networks (GAN) [?],
many studies [?] have attempted to integrate GAN into the DAE encoding-
decoding process, as illustrated in [Figure 2: see original paper]. This approach
preserves the DAE structure while introducing a discriminator to classify the
predicted output sequences as real or fake. By optimizing the adversarial loss,
both the DAE and discriminator are updated iteratively, improving the discrim-
inator’ s 9¥#8E7 while making DAE outputs more realistic.

1.2 RNN-Based Models

RNN is a class of recursive neural networks that processes sequential data
through chained connections along the sequence evolution direction [?], widely
used in time series modeling. Typical variants include Long Short-Term Mem-
ory (LSTM) [?] and Gated Recurrent Unit (GRU) [?], which solve the gradient
vanishing problem in traditional RNNs, enabling them to capture long-term
temporal dependencies in power sequences and memorize contextual informa-
tion across extended intervals, such as load events separated by long time gaps.

[Figure 3: see original paper| shows the basic structure of RNN-based models,
primarily composed of Bi-LSTM, while [Figure 4: see original paper] illustrates
the LSTM cell working principle. The model operates through encoding and
decoding phases. First, the Bi-LSTM layer receives sequential features within
the input window and performs bidirectional information composition and en-
coding: relevant information associated with the target time point is passed to
subsequent LSTM cells, while irrelevant information is discarded. This bidirec-
tional information flow enhances the model’ s ability to infer causal relationships
between load events. Finally, the fully connected layer integrates the effective
encoded information stored in LSTM hidden states to decode the appliance
power sequence.

References [?, ?] first applied RNN to load disaggregation, constructing basic
LSTM models for each appliance to learn mappings from aggregate to individual
power sequences. Reference [?] applied the simpler Bidirectional GRU (Bi-GRU)
model with sliding windows to predict appliance power at intermediate time
points in the aggregate sequence.

Subsequent research focused on enhancing encoding-decoding capabilities. Ref-
erence [?] added parallel convolutional kernels of different sizes upstream of
Bi-LSTM to strengthen feature extraction, effectively filtering load information
before encoding. References [?] and [?] discretized continuous power information
and employed Sequence-to-Sequence (Seq2Seq) models with Attention mecha-
nisms [?], enabling the model to focus on different decoding moments and im-
prove information utilization. Reference [?] encoded timestamps into Bi-GRU
models, considering that specific appliances often operate during particular pe-
riods.

Other studies optimized RNN models holistically. Reference [?] employed
parameter-sharing Bi-GRU for multi-task learning, simultaneously estimating
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appliance on/off states and power consumption, demonstrating better noise
robustness during inference. Reference [?] addressed overfitting in Bi-LSTM
training through regularization, while references [?, ?] applied Bayesian
optimization and TPE algorithms for hyperparameter selection, enhancing
model adaptability to real-world scenarios.

1.3 CNN-Based Models

CNN is a feedforward neural network primarily composed of convolutional and
pooling layers. Due to the nature of convolution operations, neurons respond to
neighboring units within a local coverage area, giving CNN strong capabilities
for extracting local features such as load events occurring at specific time points.
CNN has demonstrated superior performance over RNN for certain time series
data [?] and is widely used in sequence modeling tasks like syntactic parsing [?]
and text classification [?].

[Figure 5: see original paper] illustrates the basic structure of CNN-based mod-
els, featuring convolutional kernels of different sizes. One-dimensional convolu-
tional layers extract features from sequence information within the input win-
dow: kernels of different sizes in various layers detect load events at different
time scales, while kernels in different channels within the same layer detect
events of varying intensities (power change magnitudes). Additional sequence
features, analogous to background pixels in images, are captured as semantic
information.

Earlier convolutional layers have smaller receptive fields and can only capture
simple sequence patterns but with high resolution, while deeper layers combine
these simple patterns to learn more complex load features and semantic infor-
mation. The final fully connected layer integrates the detected load features
and outputs the appliance power sequence.

Reference [?] built a Sequence-to-Point (Seq2Point) model using multiple con-
volutional kernels of different sizes with a top fully connected layer, visualizing
the kernels to demonstrate that different channels activate differently for various
load events.

Subsequent research leveraged this characteristic. Reference [?] used CNN-
extracted features to verify whether power sequences generated by regression
networks belonged to the target appliance. References [?, ?] constructed gated
branch networks: one convolutional network outputting on/off states and an-
other predicting power values, with their Hadamard product serving as the final
prediction. These studies aimed to utilize CNN’ s load event identification ca-
pability to generate additional information streams and suppress false positives.

Performance optimization research for CNN models has focused on enhancing
load event detection. Reference [?] introduced convolutional block attention
mechanisms to define importance from channel and spatial dimensions, en-
abling more focused intermediate feature representation. Reference [?] borrowed
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WaveNet’ s [?] dilated convolutions and skip connections to build WaveNILM
with larger receptive fields for better long-term event capture. Reference [?]
adopted U-Net’ s [?] multi-resolution feature fusion to create U-NetNILM for
balancing short- and long-term events. References [?] modeled load signals as
2D images, constructing disaggregation models analogous to CNN’ s ability to
learn local image features.

2 Load Disaggregation Algorithm Evaluation Framework

This section presents the proposed evaluation framework for comparing load
disaggregation algorithms, with detailed explanations of its components. The
framework flowchart is shown in [Figure 6: see original paper].

2.1.1 Model Pre-Evaluation

I. Training Efficiency

To measure training efficiency, we select the average convergence time ¢ as the
primary metric. Models with smaller ¢ exhibit stronger adaptability to the
problem and reduce iteration costs in algorithm development.

I1. Deployment Difficulty

To assess deployment difficulty, we use the memory footprint m of model pa-
rameters as the main indicator. Models with smaller m are easier to deploy on
embedded terminals.

III. Real-Time Application

To evaluate real-time capability, we select the average inference speed v as the
key metric. Models with larger v provide better real-time feedback on appliance
load information. Specifically, in Section 3.3.1, we estimate v by measuring the
time required to disaggregate one month of load data.

2.1.2 Identification Accuracy

To measure identification accuracy, we adopt three metrics from statistical learn-
ing theory [?]: recall, precision, and Matthews Correlation Coefficient (MCC).
The calculations are as follows:

TP
Recall = 7p T 7
Precisio ey
recision = ———————
TP+ FP

TP xTN—-FPx FN

MCC =
V(TP + FP)(TP+ FN)(TN + FP)(TN + FN)
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where T'N represents true negatives (timestamps where the appliance is actu-
ally off and predicted off), TP true positives (appliance on and predicted on),
FN false negatives (appliance on but predicted off), and F P false positives (ap-
pliance off but predicted on). Recall measures the ratio of correctly predicted
positive samples, precision measures the correctness of positive predictions, and
MCC ranges from -1 to 1, with values closer to 1 indicating better identification
performance.

Among these metrics, MCC offers better robustness than the commonly used F1
score for imbalanced binary classification problems [?], which naturally suits the
sparse nature of appliance load events [?]. However, retaining recall and preci-
sion helps identify specific model weaknesses—for instance, high recall with low
precision suggests a model tends to predict appliances as active more frequently
than warranted, inspiring improvements through sample rebalancing.

2.1.3 Regression Accuracy

To evaluate regression accuracy, we select three metrics [?]: Mean Absolute Er-
ror (MAE), Normalized Error Percentage (NEP), and On-state Mean Absolute
Error (OMAE):

1 & .
MAE = 2> " |p, — bl
t=1

T .
>y Py — Dyl
NEP = tTi
21 P
1 X
OMAE = NZ\ei—ég

i=1

where p, is the true power at time ¢, p, the disaggregated power, T' the test
sequence length, e, the true power during on-state at timestamp ¢, €; the disag-
gregated power during on-state, and N the number of on-state timestamps.

Notably, previous studies often used only MAE, which inadequately reflects
model performance—a simple prediction of zero power at all times can yield
small MAE for low-power appliances. We propose NEP to eliminate this issue.
Furthermore, MAE and NEP may smooth out errors for rarely-used appliances
due to the large base T, which OMAE addresses by focusing evaluation on
disaggregation performance during active periods.

2.1.4 Generalization Performance

Generalization remains an open challenge in load disaggregation and deep learn-
ing [?]. While [?] proposed measuring generalization loss as performance degra-
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dation on unseen versus seen scenarios, it overlooks potentially poor perfor-
mance on seen scenarios. Transfer learning research [?, ?] directly considers
target domain (unseen scenario) performance. Therefore, we recommend com-
puting MCC, MAE, and other metrics on unseen scenarios and comparing them
with seen-scenario results when evaluating generalization.

2.2 Analysis of Existing Public Test Data

Test data selection significantly impacts evaluation accuracy and comprehen-
siveness. Dataset attribute differences can produce varying results for the same
algorithm, while overly narrow appliance selection leads to biased assessments.
We establish the following guidelines for dataset and appliance selection.

2.2.1 Characteristics of Existing Datasets To clarify attribute differences
across datasets, we compiled relevant NILM datasets using the NILMTK frame-
work [?] and statistical methods from [?], as shown in Appendix A Table Al.
The table reveals that AMPds2 [?] and COMBED [?] have low sampling fre-
quencies that may miss load information, increasing disaggregation difficulty.
Datasets like iAWE [?] and REDD [?] have insufficient duration to provide ad-
equate training data for deep learning models. The average daily load event
count indicates household activity level—higher values imply denser events and
greater overlap, posing greater challenges. Consequently, we recommend UK-
DALE [?] and REFIT [?] for evaluating single-feature input algorithms, while
multi-feature algorithms [?] incorporating various power types should use AM-
Pds2 or iAWE.

2.2.2 Appliance Selection Guidelines Following [?], household appliances
can be categorized into four types based on power consumption patterns:

Table 1 Descriptions of Four Appliance Types

Type Power Pattern Characteristics Examples
Type-1 Binary on/off states only Kettle,
microwave
Type-I1 Power transitions within a finite discrete set Washing
machine,
dishwasher
Type-III ~ Continuously varying power Dimmer
switches,
variable-speed
motors
Type-IV  Periodic power patterns Refrigerators,

HVAC systems

Currently, most algorithms handle Type-I and Type-IV appliances well but
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struggle with state transition detection for Type-II appliances. Type-III appli-
ances remain particularly challenging. For comprehensive evaluation, we rec-
ommend testing across all four types, with special attention to Type-II and
Type-III performance.

3 Case Studies

This section validates the proposed evaluation framework by assessing and com-
paring mainstream deep learning disaggregation models with different network
structures, and investigates the impact of input features on model performance.

3.1 Experimental Setup

The hardware environment comprises a 64-bit computer with 6x Intel(R)
Xeon(R) CPU E5-2678 v3 @ 2.50GHz and a GeForce RTX 2080 Ti (13.13
TFLOPS, 11GB GPU memory). The software platform includes Python 3.7
(64-bit), PyTorch 1.7.0, and JupyterLab. GPU-accelerated PyTorch [?] was
used for training.

The evaluated models include: Bi-LSTM [?], DAE [?], Seq2Point [?], SGN-sp
[?], CNN_ {Attention} [?], and EnerGAN [?]. Bi-LSTM belongs to RNN-based
models; Seq2Point, SGN-sp, and CNN__ {Attention} are CNN-based; DAE and
EnerGAN are DAE-based. Network topologies are detailed in Appendix A
Figures A1-A6. Our implementations improved upon original designs: for
Bi-LSTM, we concatenated all hidden states from the second Bi-LSTM layer
as fully connected layer input [?]; for EnerGAN, we incorporated reconstruc-
tion loss into generator training following most pix2pix tasks [?, ?] for more
stable convergence. Further implementation details and code are available at
https://github.com/Ming-er /NeuralNILM__{Pytorch}.

Experiments used the UK-DALE dataset with five appliance categories: re-
frigerator, kettle, washing machine, microwave, and dishwasher. Kettles and
microwaves represent Type-I appliances; washing machines and dishwashers are
Type-II; refrigerators are Type-IV. This selection follows comparative NILM
studies [?, ?, ?] and reflects researcher interest in categories that expose algorith-
mic differences. For each appliance, we ensured non-overlapping training and
test sets within the same scenario, downsampled aggregate and sub-meter data
to 30-second intervals, and applied z-score normalization [?]. Training/testing
scenario splits and input sequence lengths are detailed in Appendix A Tables
A2 and A3.

Considering hyperparameter impacts, we adopted researcher-recommended set-
tings for learning rate, optimizer, and initialization [?, ?, ?, ?], which demon-
strate strong adaptability across scenarios. To account for training randomness,
experiments were repeated with different random seeds and results averaged.
Maximum training epochs were set to 200 with early stopping after 3 epochs of
validation loss plateau to prevent overfitting.
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3.2 Performance Evaluation of Deep Learning Models with Different
Network Structures

This subsection evaluates CNN__{Attention}, Bi-LSTM, DAE, Seq2Point, SGN-
sp, and EnerGAN models using the proposed framework. All models used active
power sequence P as input, following the settings in Section 3.1. Disaggregated
power curves are shown in Appendix Figures B1-B5.

3.2.1 Model Pre-Evaluation Pre-evaluation results using metrics from Sec-
tion 2.1.1 are presented in Appendix Table A4. Bi-LSTM exhibits longer train-
ing and inference times because RNN models must integrate previous time
step information when encoding current load data, requiring frequent CPU-
GPU scheduling that hinders parallelization. Seq2Point demonstrates superior
training and inference efficiency thanks to convolution’ s parallel feature ex-
traction. CNN_ {Attention} introduces minimal overhead despite its attention
block, while SGN-sp’ s large parameter count and gated branch architecture
incur significant computational costs. EnerGAN’ s longer training time stems
from adversarial training. Overall, lightweight networks like DAE perform well
in pre-evaluation, while deploying large models like SGN-sp to embedded termi-
nals requires model compression techniques [?].

3.2.2 Identification Accuracy Comparison Identification accuracy results
using Section 2.1.2 metrics are shown in Appendix Figure A7. All models
achieve MCC > 0.75 for simple on/off appliances (kettle, refrigerator), but
show lower recall for microwaves due to extremely sparse load events in the
dataset, causing models to bias toward predicting the off state. For Type-II
appliances (dishwasher, washing machine), most models except SGN-sp exhibit
degraded identification accuracy. CNN-based models (Seq2Point, SGN-sp) out-
perform others on Type-II appliances, suggesting convolution’ s multi-timescale,
multi-magnitude power change detection capability. EnerGAN’ s superior state
identification over DAE indicates that discriminators can correct load event
reasoning during adversarial training. Overall, CNN models’ multi-layer, multi-
scale kernels enhance their ability to capture load events of varying duration
and magnitude, while appliance-specific performance variations underscore the
necessity of standardized appliance selection. Researchers can improve identifi-
cation through adversarial learning as in EnerGAN.

3.2.3 Regression Accuracy Comparison Regression accuracy results us-
ing Section 2.1.3 metrics are presented in Appendix Figure A8. CNN models
like SGN-sp show lower MAE due to convolutional kernels’ proficiency in ex-
tracting local information and learning power variation patterns, coupled with
their superior identification accuracy (strongly correlated with power predic-
tion). However, Bi-LSTM demonstrates more accurate power regression during
on-states because its step-wise information integration provides better modeling
continuity. SGN-sp and CNN__{Attention} outperform Seq2Point across Type-
I, 11, and IV appliances, indicating that incorporating on/off state information
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streams and weighted fusion of intermediate features enhances disaggregation.

Relying solely on MAE would incorrectly suggest excellent performance on ket-
tles, but high NEP and OMAE values reveal significant errors during on-state
predictions, demonstrating the proposed framework’ s comprehensiveness. En-
erGAN achieves SGN-sp-level accuracy for kettles and refrigerators with fewer
parameters and faster inference, while Bi-LSTM and SGN-sp excel for complex
appliances, suggesting ensemble approaches using different models per appli-
ance.

3.2.4 Generalization Performance Comparison Generalization perfor-
mance on unseen scenarios is summarized in Appendix Figure A9. All five
deep learning models show minimal generalization loss for simple appliances
(kettle, refrigerator) between seen and unseen scenarios. However, for complex
Type-II appliances, MAE and MCC degrade significantly, with more complex
models like SGN-sp showing larger drops. This indicates that deep learning
models’ generalization for Type-II appliances needs improvement, and complex
networks face higher structural risks on unseen data. Researchers should con-
sider data augmentation [?], transfer learning [?], and regularization to enhance
generalization and prevent overfitting. Future research must continue address-
ing cross-scenario generalization as a core challenge.

3.3 Performance Evaluation with Different Input Features

This subsection evaluates Bi-LSTM, DAE, and Seq2Point models using the pro-
posed framework with input features: active power P only; P and reactive power
Q; P and apparent power S; and P, ), and S combined.

3.3.1 Model Pre-Evaluation Pre-evaluation results are shown in Appendix
Table A5. Additional feature dimensions do not significantly increase spatiotem-
poral complexity but accelerate convergence during training. However, in de-
ployment, more features increase data storage and transmission bandwidth re-
quirements, suggesting the need for compressive sensing techniques [?, ?] to
reduce embedded terminal workload.

3.3.2 Identification Accuracy Comparison Identification accuracy results
are presented in Appendix Figure A10. Adding even one feature dimension
significantly improves identification accuracy. Since apparent power S is dom-
inated by active power P, creating strong collinearity, using reactive power @
as an additional feature provides richer load information and more noticeable
performance gains. Using all three features (P, @, S) may cause information re-
dundancy without substantial improvement over P and @ alone. Multi-feature
inputs notably improve recall for sparsely active appliances (kettle, microwave)
and precision for complex Type-II appliances (washing machine, dishwasher),
demonstrating enhanced reasoning for complex load events.
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3.3.3 Regression Accuracy Comparison Regression accuracy results are
shown in Appendix Figure A11 and Appendix Figures B6-B10. Multi-feature in-
puts significantly improve disaggregation performance, though the enhancement
varies by appliance. Lower OMAE values indicate improved on-state power pre-
diction accuracy. Notably, the lightweight DAE network with two-dimensional
features approaches the performance of complex one-dimensional Bi-LSTM mod-
els, suggesting that effective additional features offer an efficient performance
improvement method.

3.3.4 Generalization Performance Comparison Generalization perfor-
mance on unseen scenarios is summarized in Appendix Figure A12. Multi-
feature inputs significantly improve generalization for refrigerator, washing ma-
chine, and dishwasher, but may cause negative transfer for kettle and microwave.
Therefore, researchers must carefully consider electrical characteristics across
features in seen and unseen scenarios when using additional features to enhance
generalization.

4 Outlook

The preceding discussion reveals that numerous deep learning methods exist
for NILM, with many achieving high identification and disaggregation accuracy.
However, gaps remain in practicality, robustness, and generalization. Future
deep learning applications in low-frequency NILM should focus on:

1) Edge Computing and Model Compression: As edge computing IoT
architectures deploy in power systems [?], deep learning models remain
computationally intensive. Knowledge distillation [?], weight pruning [?],
network quantization [?], and neural architecture search [?] can compress
models. Additionally, cloud-edge collaboration raises concerns about data
transmission efficiency and user privacy protection.

2) Generalization Evaluation and Meta-Learning: Unified generaliza-
tion metrics are lacking, and most algorithms rely on supervised learning
requiring massive labeled data that is difficult to obtain. While existing
transfer learning methods still need some target domain data [?], meta-
learning [?] and zero-shot learning [?] approaches could drastically reduce
data requirements and address generalization to unseen scenarios.

3) Graph Neural Networks and Hybrid Methods: Graph signal pro-
cessing offers short training times and strong representation [?]. Graph
Neural Networks (GNN) [?] could combine these advantages to signifi-
cantly improve disaggregation by ZEHIEHEENEBER. Integrating deep
learning with traditional methods may also overcome data dependency
while boosting traditional method performance.

4) Remaining Challenges: Effective capture of long- and short-term tem-
poral dependencies, KE %% caused by sparse events from rarely-used
devices, and masking of small appliances by simultaneously operating
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large ones remain bottlenecks. Transformer architectures leveraging global
sequence information [?] and time-adaptive convolutions [?] could en-
hance multi-timescale event capture. Strategies from computer vision like
reweighting [?] and mixup training [?] may improve model adaptation to
imbalanced samples.

5 Conclusion

This paper reviews, compares, and prospects deep learning methods for low-
frequency non-intrusive load disaggregation. However, due to deep learning’s in-
herent limitations—numerous hyperparameters, poor interpretability, and train-
ing randomness—our comparative exploration remains preliminary and coarse-
grained. Future work will apply the proposed comprehensive evaluation frame-
work to investigate sensitivity to hyperparameter selection and extend studies
to Type-III appliances not covered in current comparisons.
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Appendix A: Tables and Figures

Table A1l Comparison of Selected Properties in Common Public
Datasets

Sub- Sub-
Aggregate meter Aggregate meter Avg.

Duration Sampling  Sampling  Power Power Daily
Datasdflousedays)  (s) (s) Types Types Events
AMPd$2 730 60 60 V, I, P, V, I, P, 70.2

Q, S, etc.  Q, S, etc.

COMBED 112 60 1 P P 45.3
REFIR0  720- 8 8 P, Q,S P, Q,S 52.1

1218
UK- 5 156- 6 6 P P 48.7
DALE 1125
IAWE 1 73 1 1 P, Q,S P, Q,S 89.6
REDD6 3-19 1 1 P P 76.8

Table A2 Selection of Training and Testing Scenes for Specific Appli-
ances

Training Seen Test Unseen Test House
Appliance House/Period House/Period (Generalization) /Period
DishwasheHouse 1: House 1: House 2:

Wash- 2013-06- 2014-01-01~2014- 2013-06-01~2013-07-01
ing 01~2014-01-01 02-01

Ma-

chine

Kettle, House 5: House 5: House 1:

Mi- 2014-07- 2014-07-01~2014- 2013-06-01~2014-01-01
crowave, 15~2014-10-15 07-15

Refrig-

erator

Note: Due to UK-DALE s power type limitations, House 5 is only used for
single-feature experiments (Section 3.3).

Table A3 Time Span of Input Sequence and On-Threshold of Specific
Appliances During Training
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Appliance Input Sequence Span (s) On-Threshold (W)
Dishwasher 1530 10

Washing Machine 1530 20

Kettle 510 1000

Microwave 510 50

Refrigerator 510 10

Table A4 Results of Model Pre-Evaluation in Section 3.2.1

Model t (min) m (MB) v (ms/sample)
Bi-LSTM 45.2 128.3 0.82
Seq2Point 12.8 45.6 0.15
CNN_ {Attention} 13.5  48.2 0.16
SGN-sp 68.7 256.8 0.95
DAE 8.3 32.1 0.11
EnerGAN 52.4 35.7 0.14

Note: Variables t, m, v are defined in Section 2.1.1.

Table A5 Results of Model Pre-Evaluation in Section 3.3.1

Model Input Features ¢ (min) m (MB) v (ms/sample)
Bi-LSTM P 45.2 128.3 0.82
Bi-LSTM  P+Q 43.8 129.1 0.83
Bi-LSTM  P+S 44.5 129.0 0.82
Bi-LSTM  P+Q+S 44.1 129.8 0.84
Seq2Point P 12.8 45.6 0.15
Seq2Point  P+Q 12.1 46.3 0.15
Seq2Point  P+S 12.5 46.2 0.15
Seq2Point  P+Q+S 12.3 47.0 0.16
DAE P 8.3 32.1 0.11
DAE P+Q 7.9 32.8 0.11
DAE P+S 8.1 32.7 0.11
DAE P+Q+S 8.0 33.5 0.12

Note: Variables t, m, v are defined in Section 2.1.1.

Figure A1l Schematic diagram of the structure of the Seq2Point model

Figure A2 Schematic diagram of the structure of the Bi-LSTM model

Figure A3 Schematic diagram of the structure of the DAE model

Figure A4 Schematic diagram of the structure of the SGN-sp model
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Figure A5 Schematic diagram of the structure of the EnerGAN model

Figure A6 Schematic diagram of the structure of the CNN__{Attention}
model

Figure A7 A comparison of identification accuracy of five deep learn-
ing models

Figure A8 A comparison of regression accuracy of five deep learning
models

Figure A9 A comparison of transferability of five deep learning models

Figure A10 A comparison of identification accuracy of deep learning
models with different input features

Figure A1l A comparison of regression accuracy of deep learning
models with different input features

Figure A12 A comparison of transferability of deep learning models
with different input features

Figure B1 Curve of fridge disaggregation results among different mod-
els in Section 3.2

Figure B2 Curve of kettle disaggregation results among different mod-
els in Section 3.2

Figure B3 Curve of dishwasher disaggregation results among different
models in Section 3.2

Figure B4 Curve of washing machine disaggregation results among
different models in Section 3.2

Figure B5 Curve of microwave disaggregation results among different
models in Section 3.2

Figure B6 Curve of fridge disaggregation results among different in-
put features in Section 3.3

Figure B7 Curve of kettle disaggregation results among different in-
put features in Section 3.3

Figure B8 Curve of dishwasher disaggregation results among different
input features in Section 3.3

Figure B9 Curve of washing machine disaggregation results among
different input features in Section 3.3

Figure B10 Curve of microwave disaggregation results among differ-
ent input features in Section 3.3

Note: Figure translations are in progress. See original paper for figures.
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