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Identification of Loads Based on Historical Data

A Machine Learning Approach to Segmenting and Forecasting Electricity Demand
in Response to Price Signals
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Pirapon Supakkeittikul

Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg

Abstract

To tackle the forthcoming electricity grid tension in Gothenburg, Sweden, this thesis
introduces a two-step machine learning approach for managing electricity demand.
Initially, consumers are grouped using K-Means clustering according to their past
patterns of usage in order to identify categories with the most fluctuating behaviour.
Subsequently, several Long Short-Term Memory (LSTMs)—Vanilla, Stacked, Bidi-
rectional, and CNN-LSTM—are trained for predicting electricity demand for such
high-impact consumer groups in response to real-time, varying price signals. These
models are evaluated using mean absolute error (MAE), root mean square error
(RMSE), and loss measures. Among these examined architectures, CNN-LSTM ex-
hibits the most consistent and stable performance across test and prediction datasets.
This approach minimises the data and computation needed for deep learning but
allows for more customised forecasting. The proposed solution provides a resource-
efficient and scalable solution for energy suppliers who wish to monitor changes in
demand in response to price changes.

Keywords: Electricity demand forecasting, customer segmentation, K-Means clus-
tering, LSTM, price signals, demand response.






Acknowledgements

We would like to express our profound gratitude to Prof. Peter Damaschke, our
supervisor, for his timely comments and helpful guidance throughout this thesis.
He helped us stay focused and effectively overcome obstacles during the project
with his timely responses and practical advice.

Additionally, we would like to thank Mihail Chigrichenk of Gothenburg Energy, our
company advisor, for providing us with useful background information, data, and

industry support.

We would especially like to thank our examiner, Marina Axelson-Fisk, for her com-
ments and support in maintaining our high academic standards.

Finally, we would like to thank our families and friends for their support and under-
standing throughout this project.

Meixi Lin and Pirapon Supakkeittikul, Gothenburg, 2025-08-28

vii






Contents

List of Figures

List of Tables

1 Introduction

2

1.1 Background . . . . . ... oo
1.2 Related Work . . . . . . . .. ..
1.2.1 K-Means Clustering for Customer Segmentation . . . . . . . .
1.2.2  LSTM for Time-Series Forecasting . . . .. ... .. ... ..
1.3 Research questions and objectives . . . . . . . .. .. ... ... ...
Theory
2.1 K-Means . . . . . . . .
2.2 CNNs . . e
2.3 LSTM . . .
2.3.1 Bidirectional LSTM . . . . . . . ... ... ... ........
2.3.2 CONN-LSTM . . . . ..
Methods
3.1 Data Ingestion . . . . .. . ...
3.2 Data Preparation for K-Means . . . . . . ... ... ... ... ....
3.3 K-Means Clustering . . . . . .. .. .. .. ... ... ...
3.4 Data Preparation for LSTM . . . . . ... ... .. ... ... ....
3.5 LSTMmodels . . . . . . .. . . .. . .
Results and Evaluation
4.1 Evaluation Metrics . . . . . . . . . ... .. L
4.1.1 K-Means . . . . . . . . ...
4.1.2 LSTM . . . .
4.2 Results. . . . . . . .
4.2.1 K-Means . . . . . . . . . . ..
422 LSTM . . .. o
4.2.3 Model Selection . . . . . . . ...
4.2.4 CNN-LSTM Model Training . . . . . . ... ... ... ....

xi

xiii

11
12
12
13
13
14

15
15
15
16
16
16
17
17
18

ix



Contents

5 Discussion

5.1 Interpretability of Clustering Results . . . . . .. ... ... ... ..
5.2 LSTM Performance and Generalisation . . . . . . . .. ... ... ..
5.3 Practical Utility for Energy Providers . . . . . . . . . . ... ... ..

5.4 Limitations
5.5 Risk Analysis
5.5.1 Risk a
5.5.1.1

and Ethical Considerations . . . . . . . .. ... .. ..
nalysis . . . . ...
Computational cost . . . . . ... ... ... ...

5.5.1.2 Correctnessof data . . . . . . . . . . ... ... ...
5.5.2 Ethical considerations . . . . . . . . . .. ...,

6 Conclusion and Future Work

6.1 Conclusion .
6.2 Future Work

Bibliography

A Appendix 1

21
21
22
23
23
24
24
24
25
25

27
27
28

31



2.1
2.2
2.3
2.4

3.1
3.2
3.3
3.4

4.1
4.2
4.3

4.4

Al

A2

A3

A4

A5

A6

AT

A8

List of Figures

CNN architecture according to [1] . . . . . . ... ... ... ... .. 7
LSTM architecture according to [1] . . . . . ... ... ... ... .. 8
LSTM architecture according to [2] . . . . . . ... .. ... ... .. 8
Convolution operations within LSTM cells according to the approach
of [1] o o 9
Methodology overview . . . . . . . . ... ... o 11
Flattened feature vector for K-Means example . . . . . . . . ... .. 12
A single window structure . . . ... ... oL 13
Boxplot on different techniques of outlier detection . . . . . .. . .. 14
Determining optimal k using elbow method . . . . .. ... ... .. 16
Bubble chart to examine the distribution and size of each cluster . . . 17
Prediction and actual usage during peak winter (December 2022
February 2023) . . . . . . .. 20
Prediction and actual usage of the first week (168 hours) of peak
winter (1-7 December 2022) . . . . .. ..o 20
Vanilla LSTM: Prediction vs Actual on Test Dataset for three different
batches. . . . . . . . 11
Vanilla LSTM: Prediction vs Actual on Prediction Dataset for three
different batches. . . . . . . . .. 111
Stacked LSTM: Prediction vs Actual on Test Dataset for three differ-
ent batches. . . . . . .. 1A%
Stacked LSTM: Prediction vs Actual on Prediction Dataset for three
different batches. . . . . . . . ... A%
Bidirectional LSTM: Prediction vs Actual on Test Dataset for three
different batches. . . . . . . .. VI
Bidirectional LSTM: Prediction vs Actual on Prediction Dataset for
three different batches. . . . . . . . . . .. ... VII
CNN-LSTM: Prediction vs Actual on Test Dataset for three different
batches. . . . . . . . VIII
CNN-LSTM: Prediction vs Actual on Prediction Dataset for three
different batches. . . . . . . .. L IX

X1



List of Figures

xii



3.1

4.1
4.2

4.3
4.4
4.5
4.6

List of Tables

List of Grid Holidays . . . . . . .. ... ... ... ... .....

Comparison of LSTM Model Architectures and Hyperparameters
Evaluation metrics of different LSTM-based models on test and pre-
diction datasets . . . . . . . . . ..
Evaluation metrics of the first trial . . . . . . . ... ... ... ...
Evaluation metrics of the second trial . . . . . . . . .. ... ... ..
Evaluation metrics of the third trial . . . . . . . . . .. ... .. ...
Evaluation metrics of the fourth trial . . . . . . . . ... ... . ...

xiii



List of Tables

Xiv



1

Introduction

1.1 Background

According to Sweden’s Updated National Energy and Climate Plan 2021-2030, Swe-
den will be at risk of electricity shortages [3], especially in major cities such as
Stockholm and Uppsala due to the insufficiency of transmission grid capacity and
generation capability in the cities. The Swedish electricity market is divided into
four areas from north to south, called bidding zones. The electricity is typically
transmitted from north to south when demand exceeds the capacity of the trans-
mission grid, leading to the occurrence of a bottleneck. To reduce strain in the grid,
price signals were introduced. Price signals help balance the supply and demand of
electricity under the limited transmission capacity [4].

Gothenburg is one of the biggest industrial cities in Sweden. The city is transi-
tioning from fossil fuels to clean energy. More electricity is needed to support urban
development. Gothenburg Energy imported 89% of its electricity. Svenska kraftnat,
the owner of Sweden’s transmission system, is expanding the capacity of the trans-
mission grid. Unfortunately, it is not expected to be finished before 2035. Thus,
Gothenburg anticipates an electricity supply challenge between 2027 and 2035 [5].
Therefore, price signals will be effective by January 1, 2027 so that consumers can
cooperate and contribute to reducing grid strain during peak hours [6].

Gothenburg Energy started to study its customers’ behaviour. In collaboration
with RISE (Research Institutes of Sweden), Gothenburg Energy gained valuable in-
sights into consumer consumption patterns. The next step involves forecasting the
changes in demand and load diversity upon the introduction of the price signals in

2027 [6].

To address the anticipated electricity grid capacity challenge in Gothenburg from
2027 to 2035, we employ a two-step approach: K-Means clustering for customer seg-
mentation and LSTM (Long Short-Term Memory) for demand forecasting. K-Means
is an unsupervised machine learning algorithm that groups data points into clusters
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based on their similarities. Electricity usage varies across different consumers [7].

By applying K-Means clustering, we can identify consumer segments based on usage
patterns and detect groups that are more sensitive to price signals. LSTM is a type
of recurrent neural network (RNN) that is particularly good at handling time-series
data. It improves traditional RNNs by addressing the long-term dependency prob-
lem, allowing it to remember important patterns over extended periods. LSTM is
well-suited for this task because it can learn patterns in electricity demand over time.
Also, it handles long-term dependencies, making it effective for forecasting future
demand.

1.2 Related Work

1.2.1 K-Means Clustering for Customer Segmentation

K-Means is widely used as a method for clustering electricity usage patterns [8, 9, 10]
due to its simplicity. Hossain [8] used K-Means to cluster different usage patterns of
customers to a) showing strong correlation of adjacent moments and b) weak correla-
tion of adjacent time intervals before forecasting customers’ electricity usage. Kong
et al. [9] also used K-Means to analyse the different patterns of electricity usage
among different areas in Qinghai, China. Given the large and unstructured nature
of the dataset, K-Means clustering was applied to group usage patterns beforehand,
which facilitated subsequent energy consumption structure analysis. Wang et al.
[10] proposed 2-step K-Means to cluster electricity usage for electricity grid service
estimation. They clustered by energy consumption level and then load profile char-
acteristics.

1.2.2 LSTM for Time-Series Forecasting

The LSTM-based algorithm is extensively used to predict the electricity demand
because it is suitable for time-series data [11, 12, 13, 14, 15, 16, 17, 18, 19, 20].
Kisku and Dash [11] compared the performance of LSTM, fuzzy logic, and random
forest in peak demand forecasting. LSTM outperformed the other methods in peak
demand shaving. Kim et al. [12] conducted a comparative analysis of electricity
demand forecasting using LSTM, GRU, and Seq2Seq because these algorithms are
good at time-series prediction. As a result, Seq2Seq surpasses LSTM and GRU with
approximately 30% better performance. Pati and Mistry [13] compared the perfor-
mance of LSTM and SVR from other research to predict the electricity demand.
The result was that LSTM was better than SVR. However, the LSTM and SVR
performance were not evaluated on the same dataset. Simani et al. [14] tried using
two variations of LSTM to predict load profile: a) aggregated all load profiles before
forecasting and b) forecast the individual load profile of the aggregated result. They
found that the aggregated forecasting approach performed better in terms of per-
centage error. Atef and Eltawil [21] analysed the performance among deep-stacked
unidirectional LSTM, deep-stacked bidirectional LSTM, unidirectional LSTM, and
bidirectional LSTM on electricity load forecasting to see if the deep-stacked model

2
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architecture could enhance the performance of LSTM. However, the result revealed
that the deep-stacked LSTM model costs twice the time of the vanilla LSTM but
shows no significant improvement in performance. Silva and Meneses [22] developed
machine learning models to predict both electricity price and demand. They investi-
gated five LSTM architectures: Vanilla LSTM, Stacked LSTM, Bidirectional LSTM,
CNN-LSTM, and attention-based LSTM. For price forecasting, the stacked LSTM
outperforms other models, followed by the vanilla LSTM, and the vanilla LSTM,
followed by the stacked LSTM, outperforms other models for load forecasting. More
advanced LSTM-based research was conducted to improve the accuracy of electricity
demand forecasting. Li et al. [15] found that the combination of LSTM-SVR was
far better than the single LSTM. Ye et al. [16] compared bidirectional LSTM with
one-direction LSTM, and it was 41.7% more accurate. CNN-LSTM is widely used
among hybrid LSTM. Babu et al. [17] found that the A-CNN-LSTM performed best
compared to single LSTM and CNN in forecasting electricity usage. Alhussein et al.
[18] predict individual household electricity load with CNN-LSTM and LSTM. They
experimented with the variation of look back and look forward configurations. The
outcome was CNN-LSTM got an improvement ranging from 1.21% to 8.03%. Agga
et al. [19] implemented a load forecasting model using CNN-LSTM with LSTM as
a baseline. With data from the past two weeks, CNN-LSTM performed better. On
the other hand, with the last three weeks of data, LSTM worked better. The re-
cent case study of electricity and heating usage in six Swedish schools found that
CNN-LSTM achieves higher accuracy than other models [20].

1.3 Research questions and objectives
This thesis focuses on two main questions:

¢ Understanding Load Diversity: How can we segment customers into groups
with similar usage patterns? This insight will help Gothenburg Energy to
proactively approach the customer group that tends to strain the grid during
peak hours.

e Predicting Electricity Demand: How can electricity demand be predicted
under changing price signals? This work involves understanding how cus-
tomers respond to the change in price and building models to forecast future
demand.

To answer these questions, the customers’ usage will be clustered using K-Means
clustering on the Spark engine. After that, their usage will be predicted with varia-
tions of LSTMs, which are vanilla LSTM, stacked LSTM, bidirectional LSTM, and
CNN-LSTM. The goal of this study is to develop a tool that identifies customers ex-
hibiting similar usage behaviour through K-Means clustering, followed by predicting
their electricity demand, taking price into account as one influencing factor.
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Theory

2.1 K-Means

K-Means is a widely used unsupervised learning algorithm for clustering tasks. The
objective of the algorithm is to divide a dataset into k distinct, non-overlapping
clusters, where each data point belongs to the cluster with the nearest mean, also
known as the centroid.

Formally, given a dataset X = {x1,2s,...,2,} with n data points, K-Means aims
to minimize the following objective function:

k
J=3 > o=l

i=1zeC;

where C; denotes the set of data points assigned to cluster i, and p; is the centroid
of cluster 1.

The algorithm proceeds iteratively with the following steps[23]:
1. Initialize k centroids {1, pa, . . ., g}, typically chosen at random.
2. Assign each data point to the nearest centroid: For each data point z, compute

its distance to all centroids and assign it to the cluster with the closest centroid.
Formally, this means:

Ci={reX|o -l <llz—pmll* vie{l,... kt}

In other words, each point is grouped into the cluster of the centroid that is nearest
in terms of Euclidean distance.

3. Update each centroid based on the mean of the points assigned to it:
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1
= x
ol X

4. Repeat steps 2 and 3 until convergence.

K-Means is simple and fast, but it works best when the clusters are roughly equal
in size and shape. It might not perform well on datasets with complex or unevenly
distributed clusters.

2.2 CNNs

CNNs are a type of deep learning model especially good at handling data that has
a grid-like structure, such as images or time series. CNNs use convolutional layers
to automatically learn features from the input by applying filters that move across
the data. These filters help detect patterns like edges, textures, or more abstract
features as the network depth increases.

Mathematically, for a 2D input image I and a filter K of size m x n, the convolution
operation can be expressed as:

S(i,j) =T *K)(i,j) = Z Z (i 4+u,7+v) K(u,v)
Here, S(i,7) is the output feature map, and the summation represents the weighted

sum of the local region covered by the kernel at position (i, 7).

After convolutional layers, CNNs typically use a non-linear activation function such
as the ReLU|[24]:

ReLU(z) = max(0, x)

To reduce spatial dimensions and control overfitting, CNNs often incorporate pooling
layers. A common choice is max pooling, which selects the maximum value within
a local window. For a window size of p X p, max pooling is defined as:

P(i,j)= max S(i+u,j+v)

0<u<p, 0<v<p

Finally, the extracted features are usually passed through one or more fully con-
nected layers to perform classification or regression, depending on the task.

6



2. Theory

CNNSs often include pooling layers to reduce the size of the data and make the
model more efficient. They are widely used in computer vision tasks like image
classification, object detection, and also in some sequence-based problems.

Input Convalutional Pooling Convolutiomal Pooling  Fully connected
image layer 1 layer 1 layer 2 layer 2 lager

Xm_[ﬁutput

Figure 2.1: CNN architecture according to [1]

2.3 LSTM

LSTM networks are a type of RNN designed to handle sequence data such as time
series, speech, or text. Compared to other types of neural networks, LSTMs are well-
suited for tasks where system outputs depend on historical sequences rather than
just the current input. Important properties considered in this context include the
ability to handle nonlinear and time-dependent behaviour, process multidimensional
inputs, support multi-step ahead predictions, and manage error propagation over
time.

LSTM is a type of RNN designed to handle sequence data, such as time series or
text. Unlike traditional RNNs, LSTMs can remember long-term dependencies in
the data, thanks to their special architecture that includes memory cells and three
gates: the input gate, forget gate, and output gate. These gates control the flow of
information, allowing the network to keep or discard information as needed. LSTMs
are particularly useful when the current output depends not just on the recent input,
but on something that happened a long time ago in the sequence [25]. In the next
section, we examine state-of-the-art neural networks built upon the LSTM gating
mechanism, Bidirectional LSTM and CNN-LSTM.

2.3.1 Bidirectional LSTM

Bidirectional LSTM networks extend the standard LSTM architecture by propagat-
ing the cell state not only forward in time but also backward. This bidirectional
processing allows the network to consider dependencies from both past and future
time steps, enhancing its ability to model temporal relationships. As a result, Bidi-
rectional LSTMs can capture more complex time-dependent patterns and resolve
them with greater precision compared to unidirectional LSTMs [25].

Research [2] has demonstrated that bidirectional LSTMs can effectively handle spa-
tially and temporally distributed information, even in the presence of missing data.
This is achieved through a dynamic connection mechanism that adapts to data gaps

7
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4 N

SROA0RO, )

Figure 2.2: LSTM architecture according to [1]

by modifying the links between memory cells. Furthermore, studies such as [26]
show that bidirectional architectures are well-suited for multidimensional problems,
where features from various dimensions are processed in parallel and then integrated
using a bidirectional structure. Given these capabilities, Bidirectional LSTMs show

? o © ¢
Lo Lo H—{o]

| L5T™ I—bl LET™ m _T_ _fr_

CB A) o et o ]
&)

Bidirectional LSTM

Single LSTM

Figure 2.3: LSTM architecture according to [2]

potential for representing spatial-temporal dynamics in manufacturing processes.

2.3.2 CNN-LSTM

To enhance the prediction of long-term dependencies, input data collected over ex-
tended periods can be filtered and reduced through convolutional operations inte-
grated into LSTM architectures. These convolutional enhancements either modify
the overall network structure or are directly embedded within the LSTM cell itself.
The goal is to improve sequence processing by transforming high-dimensional input
data into more compact, informative feature representations [25].

8
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Omne such approach, as proposed in [1], extends the standard LSTM cell by em-
bedding convolution operations. In this model, current input sequences, recurrent
outputs, and weight matrices are convolved to extract relevant temporal and spatial
correlations. The resulting features are then used as inputs to the LSTM gates, pro-
viding a more focused and efficient representation of the information, which improves
the effectiveness of the cell state updates.

Further developments are discussed in [27] and [28], where convolutional layers are
combined with LSTM networks in stacked architectures. These configurations enable
the modeling of locally distributed patterns and temporal dependencies simultane-
ously. The convolutional components help extract spatial features, while the LSTM
layers learn how those features evolve over time. This structure supports better
long-range forecasting by allowing a broader time window to be considered in the
predictions.

Moreover, convolutional LSTM networks can effectively model multiple quantities,
such as spatially and temporally distributed relationships. However, when multiple
outputs are required in their original units rather than in a compressed feature
form, additional decoding or deconvolution layers are necessary to reconstruct the
full-resolution predictions [25].

Ye-1 M Yesn
W, W,

W, Wy | . W,

f!;-].t}_| i .rér.n'.'r ' IIIH.J.fH.]

W, Ly W

Xp—1 g Le+41

Figure 2.4: Convolution operations within LSTM cells according to the approach of

1]
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Usage
(csv)
Customer
Usage > Segmentation
(K-Means)
Electricity A
Price Zure
(csv) Data Lake The most unsta-
ble usage group
Usage
Price
Temperature -
Temperature P Electricity
(csv) Usage Forecast
(LSTM)

Figure 3.1: Methodology overview

The data used in this thesis were usage data, electricity price, and temperature data.
The usage data and electricity price were provided by Gothenburg Energy. The
temperature data was downloaded from SMHI. All of them were in 1-hour intervals.
The data were in CSV and XLSX formats, which were imported into Microsoft
Azure Data Lake. The code was developed in a Jupyter notebook on the Microsoft
Fabric, which operates on a fully managed Apache Spark compute platform [29].
The K-Means model was trained using the Spark engine to accelerate the processing
time. However, Spark does not support TensorFlow, which is the selected library to
train the LSTM models. The LSTM model will be trained on Python runtime. The
overall process is depicted in 3.1. The data from December 2022 to February 2023,
with 363 unique customers, were selected to train the K-Means models. This period
was chosen since it covers the peak winter of the most recent available data. Then
the customer group with the highest fluctuation in usage was taken to predict the
peak. Four variations of LSTM were examined using customer usage data. The best
variation of LSTM was then used to train the whole most unstable usage group.

11
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3.1 Data Ingestion

First, Spark DataFrames were created to load electricity usage, temperature, and
price data. They were then stored in Azure Data Lake. The usage and price were
already in standard time (UTC+1), but the temperature was in clock time, which
will be UTC+2 in summer time [30].

To keep the time consistent, it was converted to the same format as the usage and
price. After that, the data were preprocessed differently for K-Means and LSTM.

3.2 Data Preparation for K-Means

The K-Means clustering process will rely on usage data. The cleaning started with
deduplication and then filtered out unwanted dates and times. Since the focus is
only during peak hours in the winter, the period considered is from December to
February, excluding the grid holidays. The missing hours were imputed using linear
interpolation. The data at the edges that cannot be interpolated were imputed with
0.

Table 3.1: List of Grid Holidays

Date Holiday
24 December Christmas Eve
25 December Christmas Day
26 December | Second Day of Christmas
31 December New Year’s Eve
1 January New Year’s Day
6 January Epiphany Day

Next, the usage data will be pivoted to the columnar structure shown in Figure 3.2.
The usage for the same hour will be encoded in a single list. Each column will store
the list according to its corresponding hour. Then, all hours will be wrapped into a
dense vector before being converted to a feature vector for K-Means training.

anonymised_ ID | hour_ 7 hour_ 8 hour...
12345 [10.1, 10.6, 10, 9, 11, ] | [15.1, 15.6, 15, 14.9, 13, ] | [..]]

lﬂatten

Flattened Feature Vector: [10.1, 10.6, 10, 9, 11, 15.1, 15.6, 15, 14.9, 13, ..]

Figure 3.2: Flattened feature vector for K-Means example

12
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3.3 K-Means Clustering

K-Means clustering was run on the Spark engine using PySpark’s K-Means. The
elbow method was used as the primary method to obtain a candidate range of k
values, and then the Silhouette score was calculated to select the optimal k£ based
on the most obvious elbow and the maximum Silhouette Score. The results will
be stored in the data lake for further use in data analysis, such as year-to-year
comparisons in Microsoft Power BI.

3.4 Data Preparation for LSTM

For LSTM, the data preparation steps are different from K-Means. The usage, price,
and temperature data will be used. The data was taken from November 2021 to
February 2023 without filtering any data out, like in K-Means, to preserve the con-
tinuity of usage values. Starting with usage data, deduplication was done before
outlier removal and imputation. Two-step outlier removal was conducted to smooth
usage data, using Isolation Forest and IQR (Fig.3.4). For temperature data, the
outlier removal was done using Isolation Forest only. Subsequently, usage, temper-
ature, and price were imputed using the same method as for K-Means. When all
of the data were cleaned and imputed, they were joined into a single DataFrame.
Then, Z-score normalisation was applied. Moreover, frequency features were added
to enhance the dataset with time-related information. Date, day of the week, month,
and year were transformed into sine and cosine waves as frequency features. The
train/validation/test sets were split by a 70:10:20 ratio from November 2021 to
November 2023. Next, each dataset—training, validation, and testing—was trans-
formed into a tensor with short- and long-term input in one window to capture
both short- and long-term changes in the data over the period. The plan was to
predict the next 90 days based on the previous 270 days. Therefore, there will be
6480 hours (270 days) for the long input and 2160 hours for the prediction. But,
since the memory and compute resources are limited, the maximum possible hour
for a long input is 720 hours (30 days) and 168 hours (7 days) for the prediction.
The short input covers 24 hours to capture daily changes. The window structure is
depicted in Fig.3.3

prediction = 168 hrs

—_—Y—

[——

short__input = 24 hrs

long input = 720 hrs

Figure 3.3: A single window structure
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3.5 LSTM models

Four variations of LSTM were compared in this step: Vanilla, Stacked, CNN-LSTM,
and Bidirectional. Each variation will be trained using the same set of hyperparam-
eters. The models’ architectures were kept the same as much as possible.
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Figure 3.4: Boxplot on different techniques of outlier detection
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4

Results and Evaluation

4.1 Evaluation Metrics

This section presents the results obtained from the K-Means clustering and LSTM-
based prediction models. The evaluation is divided into two main parts: clustering
analysis for identifying usage patterns and time series forecasting to predict future
electricity consumption. The performance of both models is assessed using relevant
evaluation metrics and visual inspection to verify the effectiveness of the proposed
methodology.

In the first part, seasonal usage data is grouped using K-Means clustering. The
objective is to classify similar consumption behaviours within the desired period.
The elbow method and Silhouette score are used to determine and validate the
optimal number of clusters.

In the second part, four LSTM variants are developed to predict electricity usage
of the most fluctuating usage cluster from K-Means. Based on a comparison of
performance metrics, the best LSTM variation was selected for final forecasting.
The predicted values are then compared to actual usage to evaluate model accuracy.

4.1.1 K-Means

To determine the optimal number of clusters (k), the elbow method was used. This
method helps identify the point where increasing the number of clusters no longer
significantly reduces the within-cluster sum of squares, which indicates a good bal-
ance. In addition, the Silhouette score was calculated to evaluate the quality of
the clustering result for the chosen k. A higher Silhouette score indicates that the
objects are well matched to their own clusters and poorly matched to neighbouring
clusters, implying better-defined clustering. The bubble chart from standard devia-
tion and variance is also used to visualise the spread and size of clusters; this chart
is also easier to understand for a general audience.
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Figure 4.1: Determining optimal k£ using elbow method

4.1.2 LSTM

The models were evaluated by three metrics: loss, MAE (mean absolute error), and
RMSE (root mean square error). Loss was used to determine how close the predicted
and actual values are. Then MAE was used to indicate the error of the models on
average, and RMSE was used to verify that large prediction errors remained within
acceptable levels.

4.2 Results

4.2.1 K-Means

The optimal number of clusters from the elbow method for peak winter (December
2022-February 2023) is four (Fig.4.1). Then the bubble chart was plotted (Fig.4.2)
to examine the distribution and size of each cluster. The bubble chart shows that
cluster 2 is the most fluctuating group, with the smallest number of users (by bubble
size). Since resources were very limited, only cluster 2 was taken to predict the usage
with LSTM, as this cluster had the worst usage behaviour.
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Figure 4.2: Bubble chart to examine the distribution and size of each cluster

4.2.2 LSTM
4.2.3 Model Selection

To determine the most suitable LSTM-based model, four model architectures were
trained and evaluated while keeping the model structure as similar as possible (Table
4.1). As shown in Table 4.2, Vanilla LSTM underperforms relative to the others,
while Stacked LSTM is more consistent across the test and prediction datasets.
Bidirectional LSTM performs well on the test set but overfits on the prediction
dataset. Finally, CNN-LSTM has the most balanced and consistent performance,
with the lowest or near-lowest error across all metrics. The plots for each variation
on the test and prediction dataset are shown in Appendix 1.

Table 4.1: Comparison of LSTM Model Architectures and Hyperparameters

Model LSTM Layers | Hidden Size | Convolutional Layers | Directionality
Vanilla LSTM 1 64 None Unidirectional
Stacked LSTM 2 64 None Unidirectional
CNN-LSTM 1 64 1 ConvlD + MaxPool Unidirectional
Bidirectional LSTM 1 64 None Bidirectional
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4. Results and Evaluation

Table 4.2: Evaluation metrics of different LSTM-based models on test and prediction
datasets

Metrics Vanilla LSTM Stacked LSTM Bidirectional LSTM CNN-LSTM
Test Prediction Test Prediction Test Prediction Test Prediction
Dataset Dataset Dataset Dataset Dataset Dataset Dataset Dataset
Loss 0.4103 0.7824 0.1931 0.7413 0.1821 1.1656 0.1773 0.8691
MAE 0.5318 0.7277 0.3502 0.6948 0.3454 0.7974 0.3109 0.7342
RMSE 0.6405 0.8845 0.4394 0.8610 0.4268 1.0796 0.4211 0.9323

4.2.4 CNN-LSTM Model Training

The same model structure from the previous step was used for hyperparameter
tuning. The number of convolutional layers, learning rate, batch size, and early
stopping are the four hyperparameters that will be tuned.

The data ranged from '2021-11-01" to "2022-12-01" and was divided into 70:10:20
train/validation/test splits. The next 168 hours were taken as a prediction dataset
to evaluate each variation. All customer usage in the cluster were used to train the
model, and a single user was sampling for the prediction dataset.

The first trial is to add an extra convolutional layer to the original model. The result
indicates that the original hyperparameter set performs better. The hyperparameter
set is reverted to the original, and the learning rate is reduced to 0.00001 for the sec-
ond attempt. The result was the same as the first one; the original hyperparameter
set performed better. Then, the batch size is increased to 64, and the result is still
the same, so the original hyperparameter set was taken to compare against a version
with increased early stopping, and the result is that the original hyperparameter set
performed better. Tables 4.3-4.6 show the comparisons of loss, MAE, and RMSE
for each try.

Table 4.3: Evaluation metrics of the first trial

Metrics Original Hyperpara'm('eter Set | Added a Convoluti(?na}l Layer
Test Prediction Test Prediction
Dataset Dataset Dataset Dataset
Loss 0.4952 0.8411 0.4994 0.9957
MAE 0.4393 0.7513 0.4486 0.7986
RMSE 0.7037 0.9171 0.7067 0.9979
Table 4.4: Evaluation metrics of the second trial
Metrics Original Hyperpara'm(_eter Set | Reducing Learnir.lg _Rate
Test Prediction Test Prediction
Dataset Dataset Dataset Dataset
Loss 0.4952 0.8411 0.3736 0.9285
MAE 0.4393 0.7513 0.3949 0.7521
RMSE 0.7037 0.9171 0.6113 0.9636
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4. Results and Evaluation

Table 4.5: Evaluation metrics of the third trial

Mot rics Original Hyperpara.m(?ter Set || Increased Batch S.iZ('% (64)
Test Prediction Test Prediction
Dataset Dataset Dataset Dataset
Loss 0.4952 0.8411 0.5492 0.9988
MAE 0.4393 0.7513 0.4697 0.8105
RMSE 0.7037 0.9171 0.7411 0.9994
Table 4.6: Evaluation metrics of the fourth trial
Metrics Original Hyperpara.me'ter Set || Increasing Early S.to.pping
Test Prediction Test Prediction
Dataset Dataset Dataset Dataset
Loss 0.4952 0.8411 0.53 1.2429
MAE 0.4393 0.7513 0.4586 0.8704
RMSE 0.7037 0.9171 0.728 1.1148

Then, the whole peak winter period was predicted with the original hyperparameter
set. Fig.4.3 shows the comparison between actual and prediction for the whole
period, and Fig.4.4 shows the first 168 hours’ comparison.
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Figure 4.3: Prediction and actual usage during peak winter (De-
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Figure 4.4: Prediction and actual usage of the first week (168 hours) of peak winter
(1-7 December 2022)
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Discussion

5.1 Interpretability of Clustering Results

The application of K-Means clustering to the user consumption data resulted in
the identification of four distinct customer segments. These clusters were differ-
entiated not only by average consumption levels but also by temporal variability
and behavioural consistency. This segmentation proved instrumental in enhancing
the interpretability of the dataset and improving the subsequent forecasting perfor-
mance.

By grouping users with similar consumption characteristics, the clustering approach
enabled the development of specialized LSTM models tailored to each cluster’s dy-
namics. This targeted modeling strategy outperformed a single global model applied
to the unsegmented dataset, as the LSTM models were better able to learn intra-
cluster temporal dependencies and recurring usage patterns.

From Fig.4.2, Cluster 0 represents customers with low usage, characterized by the
smallest variance and standard deviation. However, Cluster 2 exhibited the highest
variability in both variance and standard deviation, indicating irregular usage pat-
terns that significantly reduced forecast accuracy. Cluster 1 shows moderately high
variability, reflecting irregular but fewer fluctuations compared to Cluster 2, while
Cluster 3 represents intermediate variability, falling between the stable Cluster 0
and Cluster 1.

The choice of K-Means clustering, despite its inherent limitations, such as sensitivity
to initial centroids and the assumption of spherical cluster shapes, was justified in
this context. The relatively low dimensionality of the input features and the need for
computational scalability made K-Means a suitable candidate. Its fast convergence
and interpretability further supported its use, especially when cluster boundaries and
centroids could be meaningfully interpreted in relation to real-world user behaviour.

However, it is important to acknowledge that K-Means does not necessarily pro-
duce the most semantically meaningful segmentation, particularly in datasets with
overlapping or non-globular patterns. Future work could explore more advanced
clustering techniques, such as Gaussian Mixture Models or density-based methods,
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to potentially capture more nuanced behavioural structures. Additionally, incor-
porating domain-specific features or metadata could further enrich the clustering
process and enhance both model interpretability and performance.

Overall, the clustering step played a crucial role in uncovering latent structure in the
consumption data, facilitating not only more accurate predictions but also a deeper
understanding of user behaviour patterns.

5.2 LSTM Performance and Generalisation

The LSTM models worked well in clusters where users had clear and regular patterns
of electricity use. This shows that deep learning, especially LSTMs, can be very
effective for forecasting time series data like energy consumption. By learning from
past data, LSTMs were able to capture trends and seasonal changes that simpler
models might not detect.

However, getting the models to perform well was not straightforward. It required
careful tuning of key hyperparameters—such as sequence length (how much past
data to look at), batch size (how much data to process at once), and learning rate
(how quickly the model updates during training). These settings had a big impact
on how fast the model learned and how well it performed on new, unseen data. This
required substantial time and effort in experimentation.

To avoid overfitting, where the model learns the training data too well but fails on
new data, we used techniques like early stopping and dropout layers. Early stopping
helps stop the training when the model’s performance stops improving, and dropout
randomly ignores some connections during training to make the model more general
and less likely to overfit. These techniques were especially helpful for smaller clusters
where there was less data to train on.

The main limitation in our setup was the environment in which we trained the
models. Since all data are on Microsoft Fabric, we need to train our model on
Microsoft Fabric, which has no GPU support since it is designed to work with big
data with the Spark engine. Hence, we cannot create a longer sequence of training
data, which meant being unable to create a window with many years of input.
Therefore, the LSTM model could not capture the temporal features as much as it
would. Another limitation was the small number of extra input features, also known
as exogenous variables. We only used temperature and electricity price, which are
important but not enough to fully explain why people use electricity the way they do.
Other factors—like whether people are home (occupancy), what kinds of appliances
they use, or whether it’s a holiday—could have added useful context and helped the
model make better predictions.

In future work, including a wider range of features could make the forecasts more ac-

curate and reliable. Also, exploring different model structures or combining LSTMs
with other methods could help in capturing more complex behaviours, especially in
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clusters with irregular or unpredictable usage.

5.3 Practical Utility for Energy Providers

The results of this project can be useful for Gothenburg Energy. By using clustering
to group customers based on their electricity usage patterns, energy providers can
develop more targeted and efficient strategies. For example, in our clustered fore-
casts, Cluster 2 users (high variability) were found to deviate strongly during peak
hours. This suggests that they could be prioritized for targeted demand response
incentives, while Cluster 0 (stable users) might be better suited for fixed pricing
plans.

Forecasting electricity demand at the cluster level also helps with managing total
electricity loads more effectively. This is especially important for local energy net-
works and microgrids, where balancing supply and demand in real time is critical.

However, using this type of system in the real world is not without its challenges.
People’s energy usage habits can change over time due to many factors, such as
changes in weather, household routines, or even the adoption of new technologies.
To keep the forecasts accurate, the models would need to be updated regularly. This
would involve setting up systems to monitor model performance, detect when the
model becomes less accurate—which is known as concept drift—and retrain the
models using new data. These kinds of features were not part of this project but
are important for any real-world application.

Despite these challenges, the results of this study show that combining clustering
with LSTM forecasting has strong potential for use in smart energy systems. With
further development, such models could help Gothenburg Energy make better de-
cisions, reduce costs, and support the transition to more efficient and sustainable
power grids.

5.4 Limitations

In practice, model drift happens when a machine learning model becomes less ac-
curate over time because the data it was trained on no longer represents the real
world. In our case, this risk is particularly relevant once dynamic pricing signals are
introduced. For example, during our summer test period, it might be that several
households in Cluster 2 reduced their evening electricity consumption when the spot
price was unusually high. This would represent a form of concept drift, as the rela-
tionship between input features (price, time of day) and the target (consumption)
could shift compared to the training set.

Basically, there are three main types of model drift: concept drift, data drift, and

upstream data change. Data drift happens when the overall distribution of input
data changes, making the model less effective. Upstream data changes occur when
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the format or structure of the data changes, such as switching from one currency to
another or from Celsius to Fahrenheit, which can cause errors if the model is not
adjusted accordingly [31].

Data drift could occur if adoption of rooftop solar panels or batteries increases. In
such cases, the overall distribution of grid consumption decreases, even if household
activity remains the same. Additionally, if customers attempt to avoid using elec-
tricity during high-price periods and instead opt for lower-cost alternatives, this can
lead to a change in the distribution of usage, which in turn can result in a data drift.
Both concept drift and data drift cause model drift, which leads to inaccuracy in
the model’s prediction.

In our proposed solution, K-Means clustering would first be affected if the customers’
behaviours changed, and then LSTM would be degraded by new usage distributions.
We would resolve these issues by assessing the performance of models periodically;
if there is any declining trend in performance, the models should be retrained.

5.5 Risk Analysis and Ethical Considerations

This section outlines the potential risks associated with the project and discusses how
ethical concerns, particularly related to data privacy, have been addressed. As this
study involves large-scale electricity usage data and sensitive behavioural patterns, it
is essential to acknowledge the technical and ethical implications of the methodology.

5.5.1 Risk analysis

5.5.1.1 Computational cost

Training deep learning models such as LSTMs on large volumes of historical usage
data presents a significant computational challenge. The size of the dataset requires
substantial memory resources, especially when handling long input sequences and
multiple customer groups.

During the data cleaning phase, only a portion of the files is processed at a time to
avoid overwhelming system memory. This step is repeated until the entire dataset is
cleaned and preprocessed. The cleaned dataset is then stored in a Microsoft Fabric
table to support efficient access and scalability.

To handle the computational demands of model training, the project makes use of
the PySpark Engine, a distributed computing tool built into the Microsoft Fabric
ecosystem. PySpark allows data to be processed in parallel across multiple nodes,
enabling the full dataset to be loaded and used for training without memory overload.
This infrastructure ensures that model training remains efficient and scalable, even
as data volume increases.
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5.5.1.2 Correctness of data

Another critical risk concerns the correctness and reliability of the raw data. Since
the electricity usage data was automatically collected from smart meters and sensor
systems, it is susceptible to various types of errors. These include duplicated records,
missing values, outliers, and sensor glitches often caused by networking issues or
device malfunctions.

To mitigate this risk, rigorous data cleaning was conducted before any modeling was
performed. The data cleaning process included duplicate removal, outlier detection,
and basic sanity checks. Special care was taken to ensure that only accurate and
consistent data was used for training, as poor data quality would directly impact
the performance and trustworthiness of the models.

Following the cleaning phase, an additional round of Exploratory Data Analysis
(EDA) was conducted. This involved randomly sampling data subsets to manually
inspect and verify the quality of the cleaned dataset. This iterative approach helped
ensure that the models were trained on reliable data.

5.5.2 Ethical considerations

Given that energy usage data can reflect sensitive information about household
habits and behaviours, privacy and ethical concerns are necessary. Gothenburg
Energy, the data provider for this study, took steps to protect customer identities
by assigning each user an anonymised ID. Each user was assigned a 10-character
anonymised ID generated via a hashing function. No names, addresses, or meter
numbers were stored in the dataset.

All modeling and analysis were carried out using these anonymised IDs. Any insights
derived from customer behaviour patterns are intended strictly for internal use by
Gothenburg Energy, with the goal of improving energy services and system efficiency.

When sharing results through this thesis, only cluster-level findings are reported, and
no customer-specific data or patterns are disclosed. This approach ensures trans-
parency in research while fully respecting the confidentiality of individuals involved
in the dataset.

Additionally, ethical considerations extend beyond privacy. Care must also be taken
to avoid bias in modeling and ensure fair treatment of all customer groups. Al-
though a fairness analysis was not within the scope of this study, in future work,
we plan to evaluate whether clusters with smaller household sizes or lower historical
consumption are systematically over- or under-predicted, and adjust the model to
reduce such bias.
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Conclusion and Future Work

6.1 Conclusion

This thesis has explored a practical and data-driven approach to electricity demand
forecasting by integrating unsupervised learning techniques with deep learning mod-
els. Specifically, it demonstrated how customer segmentation through K-Means
clustering can be used to enhance the performance of LSTM-based time-series fore-
casting models. The segmentation of electricity users based on their historical con-
sumption patterns enabled the development of more specialised forecasting models
that are better suited to capturing the distinct behaviours of each group. This ap-
proach led to improved prediction accuracy and provided greater interpretability of
the underlying consumption dynamics.

The project successfully delivered the following key outcomes:

e A scalable and reusable data processing pipeline for electricity consumption
data.

« Behavioural segmentation of customers using unsupervised learning techniques.

o Cluster-specific LSTM models were trained to capture intra-group consump-
tion dynamics.

e A comparative evaluation showing the benefits of clustering prior to forecast-
ing.

The results strongly support the main hypothesis of the study: that customer seg-
mentation can enhance the accuracy of energy demand forecasting. By tailoring mod-
els to the unique characteristics of different user groups, utilities can gain more pre-
cise insights into consumption trends, allowing for more informed decision-making.
For example, energy providers could use this approach to develop targeted demand
response programs, offer customized pricing plans, or plan more efficiently for peak
load scenarios.

Moreover, the findings highlight the potential of combining traditional data mining
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techniques with modern machine learning models in the context of smart grids and
energy management. Although the current study employed a limited feature set
and static clustering, it lays a strong foundation for future work in more dynamic,
real-time applications.

In summary, this thesis contributes to the growing body of research focused on
intelligent energy forecasting. The integration of clustering and deep learning tech-
niques not only improves forecasting performance but also brings practical value to
energy providers. With further development—such as the inclusion of additional
data sources, adaptive retraining mechanisms, and deployment in live systems—this
framework could support more flexible, efficient, and sustainable energy systems in
the future.

6.2 Future Work

Building upon the insights and limitations of this study, several avenues for future
research and development are recommended. These directions aim to enhance model
performance, improve real-world applicability, and ensure responsible and ethical
deployment of forecasting solutions.

Model Enhancement

While LSTM models proved effective for capturing sequential patterns in consump-
tion data, there is room for improvement through the use of more advanced archi-
tectures. For instance, CNN-LSTM [32] hybrids could enable the model to better
detect local trends and patterns within time windows, while Transformer-based archi-
tectures [33] could improve long-range dependency modeling through self-attention
mechanisms. These models have demonstrated state-of-the-art performance in vari-
ous time-series and sequence-modeling tasks and could further boost accuracy and
robustness in energy forecasting.

Feature Expansion

The current study was limited to a small set of exogenous variables—namely, tem-
perature and price. Expanding the feature space could significantly improve the
model’s ability to explain and forecast consumption behaviour. Potential additions
include:

e Occupancy data: Reflecting real-time presence or activity levels in households
or buildings.

o Calendar features: Including weekday/weekend flags, holiday indicators, and
seasonality tags.

o External events: Large public events (e.g., sports matches, festivals) that
might affect energy usage patterns.
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o Appliance-level data: If available, could allow for disaggregated modeling and
more detailed analysis of usage drivers.

Model Retraining and Drift Monitoring

Real-world data is dynamic, and user behaviour may evolve over time due to eco-
nomic changes, technological adoption, or policy interventions. Therefore, it is cru-
cial to develop pipelines that continuously monitor for concept drift and automati-
cally retrain models when performance degrades. This could involve the following:

o Scheduled retraining, e.g., models could be retrained monthly.
o Performance-based retraining triggered by error thresholds

e Online learning methods that incrementally update the model as new data
becomes available.

Deployment and Real-Time Forecasting

For practical adoption, the forecasting system should be deployed in a real-time
environment. A real-time dashboard on Microsoft Fabric could integrate cluster-level
predictions with live electricity prices and sensor feeds, enabling Gothenburg Energy
to issue demand-response signals or provide personalized recommendations to users.
Additionally, integration with energy management systems or smart meters would
allow providers to act on predictions. For example, by issuing demand response
signals or sending personalized recommendations to end-users.
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Prediction vs Actual on Test Dataset (Batch 1, Sequence 1)
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Figure A.1: Vanilla LSTM: Prediction vs Actual on Test Dataset for three different
batches.
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Figure A.2: Vanilla LSTM: Prediction vs Actual on Prediction Dataset for three
different batches.
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Figure A.3: Stacked LSTM: Prediction vs Actual on Test Dataset for three different
batches.
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Figure A.4: Stacked LSTM: Prediction vs Actual on Prediction Dataset for three
different batches.
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Figure A.5: Bidirectional LSTM: Prediction vs Actual on Test Dataset
different batches.
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Figure A.6: Bidirectional LSTM: Prediction vs Actual on Prediction Dataset for
three different batches.
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Figure A.7: CNN-LSTM: Prediction vs Actual on Test Dataset for three different
batches.
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Figure A.8: CNN-LSTM: Prediction vs Actual on Prediction Dataset for three dif-
ferent batches.
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