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Abstract. Smart meters generate extensive data on individual consumer electricity usage,
providing valuable insights that can aid in identifying demographic information and advancing
the development of smart grids. Current research has primarily focused on traditional machine
learning approaches for this task, with relatively few studies exploring deep learning methods,
despite their potential for more accurate and efficient analysis. To address this gap, this paper
proposes a self-supervised deep learning approach based on Convolutional Neural Network
(CNN) to identify demographic information from smart meter data. The model leverages the Fast
Fourier Transform (FFT) to detect frequency cycles within the dataset, which are then used to
optimize the sizes of convolutional kernels. This design enhances periodic stability during shallow
feature extraction, improving the model’s ability to capture meaningful patterns in the data.
Furthermore, the model incorporates a self-supervised pre-training strategy to predict temporal
and spatial interactions in load signals, effectively enhancing representation learning without
relying on extensive labeled data. This approach ensures the model’s robustness and adaptability
to different datasets. Comprehensive experiments were conducted on a publicly available Irish
dataset to evaluate the model’s performance. Results demonstrate that the proposed model
surpasses a series of state-of-the-art (SOTA) methods, achieving superior performance in
demographic information identification. These findings highlight the effectiveness of integrating
FFT-based kernel design and self-supervised learning in improving feature extraction and
representation learning for smart meter data.

Keywords: convolutional neural network, self-supervised learning, fast fourier transform,
socio-demographic information, deep learning.

1. Introduction

Smart meters can collect extensive data on individual consumers’ electricity consumption
[1-2]. By analyzing this data, it is possible to identify consumption patterns and sociodemographic
information [3], which can help retailers provide more personalized services, optimize demand
response, and promote the development of smart grids.

There has been prior work in the field of identifying sociodemographic information from load
profiles. For instance, Beckel et al. [4] proposed a system called CLASS, achieving an accuracy
of over 70 % through feature selection and classification. Hopf et al. [S] extended the CLASS
system, designing 88 features and proposing a combined feature selection method. In [6], Viegas
et al. used transparent fuzzy models to estimate consumer characteristics and extract knowledge.
Zhong and Tam [7] combined the Discrete Fourier Transform with classification and regression
trees to classify consumers. Wang et al. [8] used non-negative sparse coding to extract partial
usage patterns and applied support vector machines to identify consumer types. While these
traditional machine learning methods achieved promising results at the time, they have certain
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limitations. On the one hand, most methods require manual feature extraction, which is labor-
intensive and resource-consuming. Moreover, handcrafted features often fail to fully capture the
complex temporal and contextual dependencies in smart meter data, leading to suboptimal
performance. On the other hand, despite their initial success, these methods still fall short in
accuracy when compared to expert judgment.

In recent years, deep learning technologies have advanced rapidly, achieving significant
progress in many tasks, such as time series analysis (including time series classification,
forecasting, anomaly detection, etc.). For instance, when using time series data from smart meters
as input and their corresponding demographic information as labels, the task of identifying
demographic information from smart meter data can be framed as a time series classification
problem. Consequently, methods used for deep learning-based time series classification can be
effectively applied to demographic information identification. Unlike traditional machine learning
methods, these deep learning approaches can analyze power load data without the need for manual
feature extraction, fundamentally transforming the field of power load data classification.
Although some recent studies have employed deep learning techniques to process power load time
series data, much work remains to be done in this area. For example, autoencoders have been used
in [11] to extract features from load curves. In [12, 13], a deep convolutional neural network was
proposed to capture highly nonlinear relationships between electricity consumption at different
times and dates and the demographic characteristics of consumers, identifying these
characteristics based on automatically extracted features. However, there are still many directions
to explore and unresolved challenges in this field. For instance, labeled smart meter datasets are
scarce and difficult to obtain due to privacy concerns and the high cost of manual annotation. This
scarcity of labeled data limits the effectiveness of supervised learning approaches and hinders the
development of more accurate models. Additionally, the accuracy of existing deep learning-based
models for power load data classification remains insufficient, as these models often require large-
scale training data and suffer from overfitting when applied to small datasets.

In time series analysis, convolution plays a crucial role in balancing efficiency and
performance. Models based on Temporal Convolutional Networks (TCNs) [14] have achieved
good results in time series tasks. However, standard TCNs rely on fixed kernel sizes, limiting their
adaptability to time series with varying periodic patterns. To address this, Modern Temporal
Convolutional Networks (ModernTCN) [15] proposed using larger convolution kernels to expand
the receptive field, improving performance in downstream tasks. Despite these advancements,
existing methods still overlook the explicit integration of periodicity into convolution operations,
which is essential for modeling recurring patterns in time series data. Additionally, periodic
analysis is a powerful tool for identifying regular behaviors in time series. Prior works, such as
[16], applied the Fast Fourier Transform (FFT) to time series data, leveraging frequency-domain
sparsity to select the top K magnitudes and analyze their corresponding frequencies and periods.
While effective, these approaches typically use frequency-domain information in isolation rather
than integrating it directly into neural network architectures. Given that smart meter electricity
load data exhibits strong periodicity, an approach that incorporates periodicity into the convolution
process could further enhance classification performance. Furthermore, a key challenge in smart
meter data analysis is the scarcity of labeled data. Existing deep learning models often rely on
large labeled datasets, making them difficult to apply in real-world scenarios where labeled data
is limited. Self-supervised learning (SSL) [17-19] presents a promising solution, enabling models
to learn feature representations from unlabeled data. However, most SSL methods focus on time
series forecasting or representation learning rather than classification tasks related to demographic
information inference.

In light of the above discussion, this paper proposes a Convolutional Neural Network
(CNN)-based framework with self-supervised learning to identify sociodemographic information
from smart meter data [13]. Specifically, patch embedding operations are applied to the time
series, generating D-dimensional embedding vectors. Simultaneously, the input time series
undergoes FFT to obtain the periods corresponding to the top D magnitudes. The D-dimensional
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embedding vectors are then subjected to depthwise separable convolution to extract temporal
features, using the D period lengths as the sizes of the D convolution kernels. Unlike traditional
TCNs with fixed kernels, this design dynamically adapts to the periodic characteristics of the data,
allowing the network to learn more effective temporal patterns. Next, to further enhance feature
extraction, two ConvFFN modules are introduced, which learn representations across variable and
feature dimensions. This structure captures both local and global dependencies within the time
series, improving classification performance. Finally, a classification module outputs the
classification probabilities. Additionally, a self-supervised learning approach is utilized to
pre-train the model on extensive unlabeled data, addressing the challenge of limited labeled data
and enabling the acquisition of general feature representations. The model is then trained and
fine-tuned on labeled data. Training was conducted on a publicly available smart meter dataset,
with experimental results validated to demonstrate the effectiveness of the proposed method.

Our contributions can be summarized as follows:

— A self-supervised learning strategy is employed to address the limited labeled data challenge
in sociodemographic information identification tasks utilizing smart meter data.

— By employing the top D periods of the time series as kernel sizes in depthwise separable
convolution, the periodicity of the time series is integrated with temporal convolution.

— Experimental results show that the proposed model outperforms a series of state-of-the-art
(SOTA) models on the used dataset in classification tasks.

The rest of this paper is organized as follows. In Section 2, various time series classification
methods and self-supervised learning approaches for time series are reviewed. The proposed
network is detailed in Section 3. In Section 4, the experimental design is described, and the
experimental results and analysis are presented. Finally, the paper is concluded in Section 5.

2. Related work
2.1. Deep learning-based methods for time series classification

In recent years, deep learning has made significant advancements in time series classification,
largely due to the powerful feature learning capabilities of deep neural networks. Several methods
have employed one-dimensional deep neural networks to achieve improved classification
accuracy, such as Deep Residual Networks [20], Fully Convolutional Networks (FCN) [21], and
InceptionTime [22]. Bouny et al. [23] proposed a model that uses CNNs and multi-scale fusion,
achieving outstanding performance. Zhou et al. [24] designed a sparse self-attention mechanism
and extraction operations to address the challenges of quadratic time complexity and memory
usage in Transformers. Another study [25] developed an efficient self-correlation mechanism to
discover dependencies and aggregate information at the sequence level. Additionally, [15]
modernized the traditional TCNs by employing larger convolutional kernels, leading to the
development of Modern TCN, which have demonstrated both excellent performance and
efficiency in time series analysis tasks. Furthermore, [16] transformed one-dimensional time series
data into two-dimensional space for analysis and proposed a task-generalized model called
TimesNet, which has achieved SOTA results across five major time series analysis tasks including
long-term forecasting, short-term forecasting, imputation, anomaly detection, and classification.

2.2. Self-supervised learning for time-series

Self-supervised learning (SSL) has emerged as a powerful paradigm for leveraging unlabeled
data, particularly in the field of time series analysis [26-28]. Recent advancements in SSL have
further demonstrated its effectiveness in various domains, including spectral analysis, remote
sensing, and anomaly detection. For example, SpectralGPT [45] applies transformer-based
architectures to spectral data modeling, capturing long-range dependencies effectively. SeaMo
[46] introduces a multi-seasonal and multimodal approach, enabling robust self-supervised
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learning across diverse environmental conditions. Additionally, in hyperspectral analysis,
disentangled prior learning [47] combines model-driven and data-driven paradigms to improve
anomaly detection. These works highlight the increasing applicability of SSL in real-world time
series scenarios, motivating further exploration in smart meter data analysis. Moreover, SSL
techniques have garnered significant attention due to their ability to learn rich representations from
raw time series data without requiring extensive manual labeling. Several methods have been
proposed to harness the potential of SSL for time series data. One notable approach is contrastive
learning. For example, SImCLR [29] replaced the momentum encoder with a larger number of
negative pairs, while CPC [17] demonstrated the effectiveness of contrastive learning by
predicting future time steps in the latent space, thereby enhancing model performance on
downstream tasks. TS-TCC [19] designed time-series-specific augmentations to construct
different views of the input data and introduced a novel cross-view temporal and contextual
contrastive module to improve the learned representations. TS2Vec [30] introduced a hierarchical
contrastive learning framework that captures both local and global temporal patterns by learning
multi-scale representations. Another method, proposed in [31], involved sampling positive and
negative pairs directly from the raw time series. It is worth noting that there are also some
prototype-based time series contrastive learning methods. TapNet [32] introduced a learnable
prototype for each predefined class, classifying input time series samples based on their distances
to each class prototype. DVSL [33] introduced virtual sequences that function similarly to
prototypes, minimizing the distance between samples and virtual sequences while maximizing the
distance between different virtual sequences. Additionally, contrastive learning methods
incorporating expert knowledge have been developed, where expert priors or information were
integrated into deep neural networks to guide model training [34]. For example, SleepPriorCL
[36] introduced prior features to ensure that the model correctly identifies positive and negative
samples.

Another category of time series SSL methods is generative approaches, which primarily
involve constructing generative tasks that enable the model to learn feature representations from
time series data without labels. These methods include predicting future windows or specific
timestamps using past sequences, reconstructing inputs via encoder-decoder architectures, and
predicting unseen portions of masked time series. For example, THOC [37] constructed a multi-
resolution single-step prediction self-supervised auxiliary task that allows the prediction task to
be performed simultaneously at different resolutions by setting jump lengths. TimeMAE [38]
randomly masked portions of data points in the time series and used a masked autoencoder to
predict and reconstructed the masked data, thereby learning the latent feature representations of
the time series.

Finally, adversarial methods also represent a common paradigm for self-supervised time series
representation learning. TimeGAN [39], for instance, enhanced the time series generation
framework by combining basic GANs with autoregressive models, preserving the dynamic
characteristics of time series. PSA-GAN [40] introduced a self-attention mechanism within a
framework designed for long time series generation.

These SSL methods for time series have shown significant promise in improving the accuracy
and generalization of tasks such as classification, forecasting, and anomaly detection [42, 43]. As
SSL techniques continue to evolve, they are expected to play an increasingly important role in
time series analysis, offering a scalable solution to the challenges posed by limited labeled data.

3. Methods
3.1. Overall framework

This paper focuses on user behavior analysis in smart meter data. The overall architecture of
the proposed network is shown in Fig. 1. The model is divided into two stages: pre-training and

fine-tuning. In the pre-training stage, a large amount of unlabeled data is used for training to
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complete the self-supervised task based on the contrastive learning method. In the fine-tuning
stage, the pre-trained encoder is used to perform fine-tuning training on labeled data. The encoder
first performs patching and embedding operations on the input time series to obtain a
D-dimensional embedding vector. Then, this vector is passed to the deep convolution module to
extract the time dimension information. A large kernel is used in the DWConv module to increase
the receptive field. In order to combine the periodicity of the time series with the temporal
convolution, the D cycles obtained by FTT on the input sample are used as the kernel size of the
convolution operation. Subsequently, two ConvFFN modules are applied to extract information
from the feature and variable dimensions, respectively. The obtained feature representation is then
input to the classification layer. The following subsections provide a detailed description of each
process.

Pre-training Stage Fine-tuning Stage

-~~~ —= I [ I _____ _i

: Unlabeled Smart Meter Data : : Labeled Smart Meter Data /|V : Patch |

| AAOA | | é ﬁ Z // | ] Embedding :
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| | — L DW Conv I
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Fig. 1. Overview of the proposed model. The model is divided into two stages: pre-training
and fine-tuning. In the pre-training stage, the model is trained using unlabeled data, while
in the fine-tuning stage, labeled data is used. The encoder consists of a patching embedding module,
a Depthwise Convolution (DW Conv) module, and two ConvFFN modules. The DW Conv module is
responsible for extracting information along the time dimension. The ConvFFN1 and ConvFFN2
modules are responsible for extracting feature and variable dimension information, respectively.
Finally, the classification layer outputs the classification results

3.2. Network architecture details
3.2.1. FFT

Applying the FFT to time series data allows us to obtain its frequency spectrum, which in turn
enables the identification of dominant periods through frequency domain analysis. This approach
is both common and critical in time series analysis, as it helps uncover periodic or recurrent
patterns within the data. In the resulting frequency spectrum, peaks with higher amplitudes
indicate that those frequencies play a more significant role in the original time series. Specifically,
Considering a univariate smart meter time series X;;, € R™T, where T represents the length, FFT
is employed to analyze the series in the frequency domain. The process can be outlined as follows:

A = Amp(FFT (X)), (1
{fl»fz'#- ..fo} = argTopD(A), 2
p; = H i€{1,23...D}, 3)
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where, FFT(-) and Amp(-) denote the FFT and the calculation of amplitude values. A € R
represents the calculated amplitude of each frequency. Considering the sparsity in the frequency
domain and to avoid noise from irrelevant high-frequency components , only the top D amplitudes
are selected, enabling identification of the most significant frequencies {fi, f2, fs. .- fp}, where D
is equal to the dimensionality of the embedding vector obtained after the time series passes through
the Patching and Embedding layer in the lower branch. The corresponding period lengths for these

frequencies are {p, 2, P3...Pp}-

3.2.2. Patch embedding

For the input smart meter time series X;,, padding is first applied, followed by segmentation
into N overlapping patches, each of size P. The stride of the patching process is set to S. These
patches are then embedded into D-dimensional embedding vectors:

Xemp = PE(Xin), “4)

where PE refers to the Patching and Embedding operation, X,,,, € R*P*N is the input
embedding.

3.2.3. DWConv

As is shown in Fig. 2, DWConv is a combination of depthwise convolution and pointwise
convolution that significantly reduces computational complexity and the number of parameters.
Specifically, after the initial Patching and Embedding operations, the time series data is
transformed into X,,,;,. In DWConv, the feature and variable channels are independent, with each
channel learning the temporal dependencies separately. The number of convolution channels is
set to 1xD to extract features along the temporal dimension. Inspired by the approach in
modernTCN [13], large kernels are used to expand the receptive field and enhance the model’s
ability to capture temporal dependencies. To better leverage the periodic nature of time series data,
the D period lengths derived from FFT are proposed as kernel sizes for the D convolutional filters
in DWConv. This integration of periodicity into the convolution process is expected to improve
model performance.

______________________ — 1
: Frequency 1 i_ -: I
| - ‘ Frequency2 — Top D periods | ::l | |
e O G

I Smart Meter E g il*‘rcquency 3. I . I :
| Data = | | - | |
| W | Ky
I - ] — - i’rét’]’uency I

Kernels |
| o= ‘L ~ N : I
AT —
' - T, | |
I 4/ o \| ", — , |
| - N . | £ |
| l N J |

D

| D channel input l | |
T |

Fig. 2. The structure of DW
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3.2.4. ConvFFN

The ConvFFN comprises two modules, ConvFFN1 and ConvFFN2. As depicted in Fig. 3, each
module consists of two pointwise convolution (PWConv) layers and adopts an inverted bottleneck
structure, where the hidden channels in the ConvFFN block are expanded to be r times wider than
the input channels. Each ConvFFN module is designed to mix information from either the variable
or feature dimensions exclusively, a decoupling design that reduces computational complexity and
enhances model performance. Both ConvFFN modules utilize group convolution, with the number
of groups set to the number of channels, meaning each group has only one channel. Specifically,
in ConvFFNI1, the number of variables is treated as the number of groups, allowing for the
extraction of feature dimension information. Similarly, in ConvFFN2, the output from ConvFFN1
is transposed, treating the number of features as the number of groups to extract variable
dimension information. To facilitate the training of deeper neural networks and improve the
model’s generalization ability, residual connections are employed, linking the input embedding
Xemp With the output of ConvFFN2.

Cin
Y

PWConv

[ I

I I

I I

r x Cin \ I
v \ | ¢ ’ |

(i’ 4 |

I I

PWConv \

Kernels

l Cin
Fig. 3. Structure of ConvFFN

3.3. Self-supervised learning framework

To address the challenge of limited labeled smart meter data, a self-supervised learning
approach is employed, leveraging a large amount of unlabeled data to pre-train the model.
Following the method in [17], a self-supervised learning framework is designed, as shown in
Fig. 4. For the input smart meter time series, both strong augmentation (augmentation a) and weak
augmentation (augmentation b) are applied, generating two distinct but related views. The
Encoder module in the figure represents the proposed model, which completes a view prediction
task during the pre-training phase. Subsequently, a temporal contrastive module and a contextual
contrastive module are introduced to maximize temporal and contextual consistency across the
model’s outputs. Each module will be discussed in detail later.

3.3.1. Data augmentation

Data augmentation plays a critical role in contrastive learning [29, 44]. By generating different
views of the same data sample, data augmentation enables the model to learn more robust feature
representations. During contrastive learning, the model seeks to maximize the similarity between
different views of the same sample while minimizing its similarity with other samples. This
approach helps the model better capture the intrinsic characteristics of the data, thereby enhancing
its generalization ability and robustness. Thus, designing effective data augmentations is essential.
Specifically, for a given smart meter time series sample X, a strong augmentation module and a
weak augmentation module generate a strongly augmented view X, and a weakly augmented view
Xp, respectively. The strong augmentation operations include adding random noise and
permutation. The weak augmentation strategy applies random mask and jitter. A comparison of
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the time series after both augmentations with the original sequence is presented in Fig. 5. These
augmented views X, and X}, are then fed into the Encoder module (which represents the proposed
model), producing high-dimensional latent representations z* and z”. These high-dimensional
representations are subsequently input into the temporal contrastive module.

_______ T T — —
| ZLiotal I
| T | Contextual Contrasting
Maximize
: |_' Similarity ‘_| | p b
| Non-linear Non-linear l /
Projection Head Projection Head | /
| | s .
Temporal Contrasting
1 i
Encoder Encoder

I

I

Augmentation a

Augmentation b

t

)

-

Smart Meter Data
Fig. 4. Overall architecture of Self-supervised learning. The self-supervised learning framework primarily
consists of two components. In the temporal contrastive module, a rigorous cross-view prediction task is
designed to learn robust representations from the time series data. Building on these robust representations,
the contextual contrastive module further enables the model to learn discriminative features

Load (kWh) 4

144 192
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240
Sampling Points
Load (kWh)
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T T T 4 T T 0

9 144 192 240

' (d) Random Noise

336 0
Sampling Points

0 48 9 192 240 288

Load (kWh) Load (KWh)

6 144
(b) Random

Mask

"

144

192 240 288

336

Sampling Points

9 144

192

240 288 336

Sampling Points

(e) Jitter (¢) Permutation

Fig. 5. The original time series and the four argument time series
3.3.2. Temporal contrasting

The input to the temporal contrast module consists of the high-dimensional latent
representations z% and z” generated by the encoder, with the output being the corresponding
context vectors ¢ and c?. In this module, a cross-view prediction task is designed: the context
vector ¢ is used to predict the future k time steps (1 < k < K) of z?, and conversely, the context
vector c? is used to predict the future k time steps of z%. To accomplish this prediction task, a
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log-bilinear model W, is employed to map c; back to the same dimensionality as z, thereby
preserving the mutual information between c, and z. Next, a contrastive loss is applied to
maximize the dot product between the predicted representation and the true representation of the
same sample, while minimizing the dot product with representations of other samples within the
mini-batch V; ;. The temporal contrastive loss proposed in [19] is adopted, which includes the
following two types of contrastive losses:

v | exp ((Wk(Cg))TZ?Hc) )
—— > log )
TC K = Tuew,, €xXp ((Wk(cg))TZf{)

T
exp( Wk(C?)) Zg+k)
b _
L7 = ——Z log = .
E Tneweexn (Wled) 26)

(6)

3.3.3. Contextual contrasting

The contextual contrastive module maps contexts into a space where contextual contrastive
learning is applied, with the goal of encouraging the model to learn more discriminative
representations. Specifically, given a batch of N input samples, augmentation produces 2N
augmented views, resulting in 2N contexts. For a context cf, cti+ is denoted as the positive sample
of ¢} , where the positive sample comes from the other augmented view of the same input. Hence,
(c,f,cf) is considered a positive pair. Negative samples are drawn from the remaining 2N-2
contexts within the same batch from other inputs, meaning that ¢} can form 2N-2 negative pairs
with its negative samples. The contextual contrastive loss is then designed to maximize the
similarity between the sample and its positive pair while minimizing its similarity with the
negative samples within the mini-batch. In this work, the contextual contrastive loss proposed in
is adopted. The loss function is formulated as follows:

. i i+
exp (mm(c;,ct ))
2N ' et €XP (SIm(Ct' ))

Lec = %Z[{’(Zk —1,2k) + £(2Kk, 2k — 1)), )

2(i,iT) = —log

(7

where sim(u,v) = u’v/||lul|||v]| denotes the dot product between I, normalized u and v,
lim=i) € {0,1}, T represents the temperature coefficient.

The overall self-supervised loss is a weighted sum of two temporal contrastive losses and the
contextual contrastive loss, as shown below:

Leotar = Ay - (L§e + L2¢) + Az - Lo, )
where A; and A, are fixed scalar hyperparameters denoting the relative weight of each loss.

4. Experimental design

4.1. Dataset

The Irish Smart Meter Customer Behavior Trial dataset was provided by the Commission for
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Energy Regulation (CER), the regulatory authority for the electricity and gas sectors in Ireland.
This dataset includes smart meter data from 4,232 residential users, with electricity usage recorded
at 30-minute intervals over a period of 536 days. In addition, each resident completed a
questionnaire containing over 200 questions. For this experiment, the data was segmented on a
weekly basis, resulting in an effective dimension of 336 for each sample. After cleaning the data
to remove samples with missing values, approximately 310,000 weeks of smart meter data
remained. Of this, 80 % was allocated to the training set, and the remaining 20 % was used as the
test set.

Table 1. Dataset introduction

Question No. Question Answer Number
Young (< 35) 33136
300 Age of chief income earner Medium (35-65) | 214244
Old (> 65) 72428
C o . Yes 97660
310 Chief income earner has retired or not No 223972
. Yes 93404
410 Have children or not No 228208

Three survey questions in the dataset were selected based on their quantifiability to serve as
tasks for this experiment. The specific details are shown in Table 3. These tasks leverage the
dataset’s demographic annotations to explore how energy consumption patterns correlate with
household attributes

Task300: Classifying the age group of the chief income earner (Young: < 35 years, Medium:
35-65 years, Old: > 65 years). Age is a critical factor in energy consumption, as it influences
lifestyle patterns — e.g., working-age households (Medium) may exhibit peak usage in evenings,
while older households (Old) may use more energy during the day. This task was selected to test
the model’s ability to capture age-related consumption differences, which are essential for
tailoring energy services to diverse age groups.

Task310: Determining whether the chief income earner has retired (Yes/No). Retirement status
affects daily routines, with retired households potentially showing more consistent daytime usage
compared to the variable patterns of working households. This task was selected because it
challenges the model to detect subtle shifts in consumption linked to employment status, a key
demographic variable for energy demand forecasting.

Task410: Identifying whether the household has children (Yes/No). The presence of children
increases energy use due to additional appliance usage, heating, and cooling needs. This task was
included to evaluate the model’s capacity to recognize high-variability consumption patterns,
which are significant for family-oriented energy policies and load balancing in smart grids.

4.2. Comparison models
4.2.1. Self-supervised model

SimCLR: An unsupervised contrastive learning method based on data augmentation, originally
developed in the field of computer vision.

CPC: a contrastive self-supervised learning method that focuses on predicting future time
steps.

CLSTRAN: a multi-input unsupervised contrastive learning method.

TimeMAE: a representation learning method based on feature masking and reconstruction.

4.2.2. Universal time series representation learning model

ResNetlD-Wang: a classical one-dimensional fully convolutional residual network
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architecture.

Informer: a parallel multi-kernel feature extractor inspired by the Inception architecture,
modified to process one-dimensional data effectively.

Autoformer: a long-term time series representation learning model based on a deep
decomposition framework and auto-correlation mechanisms.

TimesNet: a model that adaptively transforms time series data into two-dimensional
representations for comprehensive feature extraction.

ModernTCN: a pure convolutional architecture that employs extremely large convolutional
kernels for enhanced temporal feature learning.

4.3. Implementation details

For the feature extraction process, a deep learning-based approach utilizing backpropagation
gradient training is employed to automatically extract hierarchical features from the raw data. This
process leverages the proposed model’s multi-layer neural network architecture, where each
successive layer learns progressively more abstract representations of the input data. This stands
in contrast to traditional machine learning approaches that rely on manually engineered feature
extraction. To ensure experimental fairness, all baseline models included in our comparison
similarly adopt this deep learning paradigm for feature extraction, thereby maintaining
methodological consistency across our evaluation framework.

Both the pre-training and fine-tuning processes were conducted for 60 epochs, with a batch
size of 128. The Adam optimizer was used with a learning rate of 3e-4, along with a weight decay
strategy. All experiments were implemented using PyTorch 2.2.1 and trained on an NVIDIA
GeForce RTX 4090 Ti GPU.

4.4. Evaluation metrics

To evaluate the performance of the model, three key metrics are used. Accuracy measures the
proportion of correctly classified samples. Recall quantifies the model’s ability to identify all
relevant instances of a class. Finally, F1 Score balances precision and recall to provide a
comprehensive measure of model performance, particularly in imbalanced datasets.

4.5. Experimental results
4.5.1. Compared with previous models

Comprehensive comparisons between the proposed model and previous approaches were
conducted, with detailed quantitative results systematically presented in Table 2. The experimental
evaluation demonstrates that the proposed model consistently maintains superior performance
across all evaluation tasks. Specifically, compared to general time-series representation learning
models, our proposed model achieves significant improvements over the suboptimal model, with
accuracy increasing by 4.11 %, 3.25 %, and 2.96 % on Task300, Task310, and Task410
respectively; recall improving by 4.55 %, 3.6 %, and 3.01 %; and F1-score enhancing by 4.58 %,
3.59 %, and 3.05 %. These substantial improvements are primarily attributed to the proposed
model’s enhanced representation learning capability for smart meter signals, achieved through an
innovative pre-training strategy that effectively captures the unique characteristics of energy
consumption patterns.

When compared with previously proposed self-supervised models, our architecture
demonstrates distinct structural advantages in feature extraction. The key innovation lies in our
adaptive convolutional kernel design, which dynamically adjusts its receptive field to better
capture both short-term fluctuations and long-term periodic dependencies in smart meter data.
This architectural superiority translates into consistent performance gains over the suboptimal
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self-supervised model TimeMAE, with accuracy improvements of 1.65 %, 1.05 %, and 0.32 %;
recall enhancements of 1.66 %, 1.29 %, and 0.11 %; and F1-score increases of 1.74 %, 1.31 %,
and 0.18 % across the three evaluation tasks respectively. These results not only validate the
effectiveness of our model design but also highlight the critical importance of incorporating pre-
training strategies when addressing the challenging task of demographic information identification
from smart meter data, where signal patterns are typically subtle and highly variable.

Table 2. Performance on Task-300, Task-310, and Task-410

Method Task300 Task310 Task410 Time (ms)
Acc. | Rec. F1 Acc. | Rec. F1 Acc. | Rec. F1
SimCLR 70.70 | 68.52 | 69.23 | 69.42 | 67.85 | 68.54 | 62.40 | 60.24 | 61.17 274
CPC 72.86 | 71.18 | 71.85 | 73.84 | 72.53 | 73.12 | 63.91 | 62.81 | 63.24 191
ClsTran 72.79 | 71.76 | 72.18 | 74.75 | 73.62 | 74.03 | 63.26 | 62.48 | 62.83 202

TimeMAE 74.11 | 73.52 | 73.78 | 76.99 | 76.24 | 76.53 | 65.49 | 64.82 | 65.14 499
ResNetld wang | 68.15 | 67.21 | 67.53 | 71.40 | 70.54 | 70.87 | 61.90 | 60.53 | 61.12 220

Informer 68.99 | 67.83 | 68.25 | 72.59 | 71.52 | 72.08 | 61.33 | 60.27 | 60.73 445
Autoformer 70.19 | 69.48 | 69.82 | 74.53 | 73.85 | 74.18 | 62.85 | 61.92 | 62.27 421
Timesnet 67.64 | 66.53 | 66.92 | 72.92 | 71.84 | 72.25 | 61.01 | 60.23 | 60.58 276
ModernTCN 71.65 | 70.63 | 70.94 | 74.79 | 73.93 | 74.25 | 62.77 | 61.82 | 62.23 243
Ours 75.76 | 75.18 | 75.52 | 78.04 | 77.53 | 77.84 | 65.81 | 64.93 | 65.32 221

Additionally, inference speed tests were conducted for various models, with the time values
presented in the table corresponding to the inference duration per 100 samples. As can be
observed, our proposed model demonstrates superior inference efficiency. Compared to
Transformer-based architectures, the CNN-based structure exhibits fewer parameters and benefits
from more optimized low-level implementations.

4.5.2. Ablation studies

In order to demonstrate the impact of adaptive convolution kernels on model performance and
the performance improvement brought by super large convolution kernels at different locations,
experiments were conducted on Task300, Task310, and Task410. The results are shown in
Table 3.

Table 3. Comparison of performance using large convolution kernels at different locations

Method Task300 Task310 Task410
Acc. Rec. F1 Acc. Rec. F1 Acc. Rec. F1

ModernTCN 71.39 | 70.63 | 70.94 | 7492 | 73.93 | 74.25 | 62.84 | 61.82 | 62.23
First block 75.79 | 75.18 | 75.52 | 78.06 | 77.53 | 77.84 | 65.80 | 64.93 | 65.32
Second block 74.46 | 73.85 | 74.20 | 77.12 | 76.64 | 76.92 | 64.75 | 63.88 | 64.27
Third block 7211 | 7142 | 71.75 | 75.23 | 74.72 | 75.03 | 63.45 | 62.57 | 62.96
Fourth block 70.49 | 69.95 | 70.28 | 73.68 | 73.15 | 73.46 | 62.12 | 61.24 | 61.63
First and Second block | 72.77 | 72.13 | 72.46 | 75.94 | 75.42 | 75.73 | 63.88 | 63.01 | 63.40

Experimental results indicate that using adaptive-sized convolutional kernels in the first block
significantly improves accuracy across all tasks. For example, on Task300, the model with
adaptive kernels in the first block achieves an accuracy of 75.77 %, compared to 71.51 % for the
baseline model (ModernTCN). Similar improvements are observed on Task310 (78.06 % vs.
74.92 %) and Task410 (65.80 % vs. 62.84 %). This suggests that the early layers of the model
play a crucial role in capturing periodic features, which are essential for accurate predictions.

However, as the model depth increases, the effectiveness of larger convolutional kernels
diminishes. For instance, applying adaptive kernels in the third block results in lower accuracy
compared to the first block (72.01 % vs. 75.77 % on Task300). This is likely because features in
deeper layers become more abstract, and their inherent periodic characteristics are less
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pronounced. Consequently, the use of extremely large convolutional kernels in later blocks
becomes less meaningful.

Furthermore, due to the constraints of input sequence length, adaptive-sized convolutional
kernels can only be applied simultaneously in the first and second blocks at most. While this
configuration improves accuracy compared to the baseline (72.72 % vs. 71.51 % on Task300), it
underperforms compared to using adaptive kernels solely in the first block (72.72 % vs. 75.77 %).
This further underscores the importance of the first block in capturing critical periodic features.

Table 4. The size of the convolutional kernels provided by different extraction methods.

Method Kernel size
ACF [3.7.9.11.]
HHT [367.104.49. 19.]

PD [3.4.7.14]
WT [5.68.57.39.]
FFT [42.36.44.34.]

To demonstrate the impact of different time series periodicity extraction methods on the
guidance of subsequent representation learning, several non-learning techniques were employed
and tested across three tasks. Specifically, the Autocorrelation Function (ACF), Hilbert-Huang
Transform (HHT), Peak Detection (PD), Wavelet Transform (WT), and Fast Fourier Transform
(FFT) were utilized. The results are presented in the accompanying Fig. 6 and Tabel 4.

80

78 WACE ®wHHT WT

PD uFFT

76

74

72+

70 +

68

66

111
62

Task300 Task310 Task410
Fig. 6. The impact of different extraction methods on the final classification results.

FFT achieved the highest accuracy across all three tasks, followed by WT, while ACE and PD
exhibited poor performance. By comparing the sizes of the convolutional kernels introduced by
these methods, it appears that using larger kernels may be a crucial strategy for enhancing
accuracy.

Contrastive self-supervised learning is a key step in improving the proposed model’s
performance. To explore the impact of different data augmentation combinations on
self-supervised learning performance in smart meter data, pairwise combinations of the four
methods shown in Fig. 5 were evaluated across three datasets. The experimental results are shown
in Fig. 7. It can be observed that “random noise + random mask” and “Permutation + Jitter”
achieve the highest performance in Task300, with "Permutation + Jitter" yielding the best
performance in Task310, and “random noise + Jitter” achieving the best performance in Task400.
Analysis reveals that applying strong and weak augmentation on the two branches of contrastive
learning is the best strategy. This is because different intensities of feature augmentation contain
latent information at varying granularities, which requires the model to have stronger feature
extraction capabilities to achieve the contrastive learning objective.
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Fig. 7. The impact of different data augmentation combinations on the final classification results.

5. Conclusions

This paper proposes a CNN-based self-supervised learning approach to address the task of
identifying demographic information from smart meter data. The proposed architecture utilizes
the FFT to identify frequency cycles within the dataset, which are then used to determine the
convolutional kernel size. This method enhances periodic stability during shallow feature
extraction, thereby improving the model’s feature extraction capabilities. Additionally, the model
is pre-trained in a self-supervised manner, enhancing its ability to learn representations of load
signals through temporal and spatial interaction prediction. The superiority of our proposed
architecture is demonstrated across three experiments, supporting the effectiveness of combining
self-supervised pre-training with fine-tuning, along with a scientifically designed load signal
extraction structure, as a viable solution for this task.

The practical implications of this work are significant. Smart meter data, which captures
nuanced patterns in electricity usage, serves as a valuable resource for identifying demographic
traits such as age, employment status, and household composition. Our model effectively
distinguishes, for instance, the consumption behaviors of young, middle-aged, and older chief
income earners, as well as detects signatures of retirement or the presence of children in a
household. These insights are grounded in the model’s ability to extract and interpret periodic and
behavioral features from the data, as validated by our experimental outcomes. Beyond
demographic identification, this user behavior analysis holds transformative potential for smart
grid development. Utilities can leverage these demographic insights to design targeted demand
response programs, energy efficiency initiatives, and dynamic pricing strategies tailored to
specific consumer segments. For example, understanding the age or employment status of
households enables more precise load forecasting and grid management, enhancing the efficiency
and reliability of smart grids. These advancements pave the way for more responsive and
sustainable energy systems.
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However, key challenges remain in smart meter data analysis, including privacy and security
concerns, the need for robust, generalizable models, and dataset limitations in capturing long-term
trends. Future research should focus on privacy-preserving frameworks, enhancing model
interpretability, leveraging self-supervised and transfer learning, and integrating multi-source data
for richer behavioral analysis.
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