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Abstract 
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With the development of artificial intelligence techniques and increased installation of smart meters in recent years, 
time series analysis using historical data in the energy domain becomes applicable. In this thesis, microdata 
analysis approaches are used, which consist of data acquisition, data processing, data analysis and data modelling, 
aiming to address two research problems in the energy domain. The first research problem is short-term electricity 
price forecasting of a deregulated market and the second one is anomaly detection of heat energy usage in district 
heating substations. 
 As a result of electricity market deregulation, third party suppliers can enter the market and consumers are free 
to choose electricity suppliers, which leads to a more transparent and competitive market. Accurate short-term 
electricity price forecasting is crucial to the market participants in terms of maximizing profits, risk management 
and other short-term market operations. Literature review is performed aiming to identify the suitable methods. It 
is concluded that long short-term memory (LSTM) based methods are superior to other methods for time series 
analysis. Since the gating mechanisms of long short-term memory alleviate the problem of gradient vanishing. 
Another conclusion form the literature is that hybrid approach that consists of two or more artificial intelligence 
algorithms complimenting each other is more effective to solve complex real world problem. Based on the 
conclusions derived, a hybrid approach based on bidirectional LSTM (BDLSTM) and Catboost is proposed for 
short-term electricity price forecasting of NordPool. Performance of support vector regression (SVR), ARIMA, 
ensemble tree, multi-layer perception (MLP), gated recurrent unit (GRU), BDLSTM and LSTM are evaluated. 
Experiment results show that BDLSTM outperforms the other models in terms of Mean percentage error (MAPE), 
root mean square error (RMSE) and mean absolute error (MAE). 
 Statistics show that market shares of district heating have increased steadily in the past five decades. District 
heating shares approximately 55% of the heat supply market in Sweden. Therefore, energy efficiency of district 
heating systems is of great interest to energy stakeholders. Anomalies are rare observations deviated significantly 
from the majority of the data, and such suspicious observations are important indicators of potential faults. To 
reduce the financial loss and improve energy efficiency, detecting anomalies from meter readings is essential. 
Another type of neural network architecture, LSTM variational autoencoder (LSTMVAE) combined with a heat 
signature model is proposed for anomaly detection using the dataset from an anonymous substation in Sweden. 
Results show that the proposed method outperforms other two baseline models LSTM, LSTM autoencoder 
(LSTMAE) in terms of F1 score and AUC. 
 In this thesis, various approaches based on neural networks are explored to solve different time series data 
analysis in the energy domain, aiming for supporting decision makings of market participants to maximize profits, 
enhancing risk managements and improving energy efficiency. Although, two problems domains are covered, 
methods reviewed and applied in the thesis can be tailored for other energy time series analysis problems as well. 
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1. Introduction  
 

After the implementation of the first three liberalization directives of European Union's electricity markets 
in 2009, third parties are granted access to transmission and distribution networks, independent 
regulatory agencies are introduced, domestic and industrial consumers are free to choose electricity 
suppliers. Electricity price forecasting becomes increasingly important to the stakeholders in a liberalized 
and deregulated market. Since accurate price forecasting can be utilized to minimize the cost, mitigate 
potential risks as well as fulfill environment policy goals.  

In the first part of this thesis, different approaches of short-term electricity price forecasting are reviewed. 
Based on the conclusions from the state of art review, an ANN based hybrid model is developed for short-
term electricity price forecasting of a deregulated market.  

In Sweden, district heating has the highest heat supply market shares according to the latest statistics. In 
addition, the market shares of district heating have increased steadily in the past five decades. Anomalies 
of district heating substations are important indicators of potential faults. Therefore, identification of 
anomalies are of great importance to improve energy efficiency of district heating systems. 

One important finding from the literature is that certain methods used for electricity price forecasting can 
be customized to solve other time series analysis problems in energy domain as well. Therefore, in the 
second part of the thesis, an autoencoder based approach is proposed for anomaly detection of district 
heating substations. 

 

1.1 A deregulated electricity market and the significance of short-term electricity prices 
forecasting 
 

Short-term electricity price forecasting plays an important role in a deregulated electricity market.  
According to the definition, in a regulated electricity market, there is only one company that is commonly 
referred to as the utility and the utility owns the entire infrastructure such as wires, poles, transformers 
and so forth. Main responsibilities of the utility are purchasing electricity from companies that generate it 
and sell and distribute electricity to the customers. On the other hand, in a deregulated market, 
competitive electricity suppliers are introduced to offer their electricity products to consumers who are 
free to choose the supplier by themselves as shown in Figure 1. The only responsibility of the utility in a 
deregulated market is distributing electricity to consumers. One of the most common application areas of 
short-term electricity price forecasting in a deregulated market is optimization of daily market operations. 
To be more specific, in a deregulated day ahead market, all market participants place bids in terms of both 
quantities and prices for each hour of the next day [1]. After receiving the bids, an independent system 
operator (ISO) aggregates both supply and demand bids. Then, supply and demand curves are analyzed. 
As a result, electricity prices are changed until the total demand and supply is met [2]. Accurate short-term 
electricity price forecasting results are useful for market participants to develop their bidding strategy and 
decide the best timing of buying or selling. Meanwhile, a generator can optimize the schedule of 
production according to the forecasting results to maximize profits. In addition, from the risk management 



perspective, accurate forecasting reduces the risks of inaccurate estimations of revenues for the electricity 
generators and suppliers. 

 

 

 

Figure 1. Before and after electricity market deregulation  

 

1.2 District heating background the importance of anomalies detection of district heating 
substations 
 

Another application area covered in the thesis is anomaly detection of energy usage in district heating 
substations. The basic idea of district heating is utilizing wasted heat generated by industrial processes, 
combined heat and power (CHP) plants and Waste-to-Energy (WtE) as heat resources [3]. District heating 
systems consist of three main components, heat generation, district heating network and substations. In 
a district heat system, heat is transferred from thermal plants to local substations via supply pipes with 
heated fluid inside. After the heated fluid is cooled down, the cold fluid is transferred back through return 
pipes. The overview of a district heating system is shown in Figurer 2. 



 

Figure 2. Overview of a district heating system 

In Sweden, the market shares of district heating have increased steadily in the past five decades. District 
heating is the market leader, which shares approximately 55% of the heat supply market [3]. Therefore, 
energy efficiency of district heating systems is of great interest to energy stakeholders. However, faults 
are common in district energy systems due to the high number of substations and instrumentation 
components. Anomalies are rare observations deviated significantly from the majority of the data, and 
such suspicious observations are important indicators of potential faults.   

In general, heat generation and district heating network components are monitored continuously. The 
anomaly detected in these two components will be judged if it is a fault or not and the fault will be fixed 
based on its severity level. However, anomalies of substations are often oversighted due to the fact that 
substations are assumed to be functional as long as the end user doesn’t complaint about the comfort.  

Therefore, to reduce the financial loss and improve the energy performance, identification of such rare 
observations that are different significantly from the majority of the meter readings data of district heating 
substations is essential.  

 

1.3 The research questions    
 

In this thesis, the following research questions will be addressed: 



1. Which models are suitable for short-term electricity price forecasting? 

2. How to develop a short-term electricity price forecasting model based on the conclusions derived 
from the state of art reviews? 

3. How to customize an ANN structure for anomaly detection of district heating substations?  

 

1.4 Contributions 
 

The aim of this thesis is to design and develop an approach to address the two main research problems 
described in Sections 1.1 and 1.2:  

• Short-term electricity price forecasting of a deregulated market  

• Anomaly detection of district heating substations 

 

The contribution of this thesis consists of four papers which answer the research questions mentioned in 
section 1.3: 

• Paper I and II address the questions of identifying the most suitable methods for electricity spot 
price forecasting. From the literature, ANN models are regarded as the state of art [5] among different 
methods for electricity price forecasting. On one hand, there are different types of ANNs. On the other 
hand, neither review with respect to applications of a single ANN nor ANN based hybrid approaches for 
electricity price forecasting is found in recent literature. Therefore, in Paper I and II, different types of 
ANNs and the corresponding studies with respect of electricity price forecasting are reviewed, advantages 
and disadvantages of different approaches are analyzed. As a result, recurrent type of neural networks are 
recognized as potential methods in the Paper I. In addition, compared to a single neural network-based 
model, hybrid approach that consists of two or more artificial intelligence algorithms complimenting each 
other is found to be more effective to solve complex real world problem in Paper II. 

• Paper III addresses the research question of short-term electricity price forecasting using deep 
neural networks. Based on the conclusions derived from Paper I and II, LSTM and its variations are found 
to be superior to other models for time series data analysis. Therefore, in Paper III, a hybrid approach 
based on BDLSTM is proposed. Applications of deep learning methods in this area is scarce in the literature. 
In addition, a new approach to feature selection is proposed and developed that uses a two-step feature 
selection approach based on auto correlation and CatBoost methods that is not found in the state of art.   

• Paper IV addresses another research question in the energy domain, anomaly detection of district 
heating substations. This is addressed by customizing the ANN approaches reviewed in the first two papers. 
The hybrid approach based on heat signature and LSTM variational Autoencoder for anomaly detection 
has not been found in any past studies. In addition, studies regarding heat load analysis is scarce in the 
literature due to the lack of high resolution data before smart meters installation. Experiment results show 
that the proposed variational autoencoder based model performs better than a conventional autoencoder 
and a LSTM model in terms of F1 score and AUC.  



1.5 Connection with Microdata Analysis 
 

The research problems addressed in the thesis are in the domain of energy technology concerning energy 
economics, energy efficiency and Energy utilization. Approaches used to address the research problems 
are based on artificial neural networks, which are under the umbrella of microdata analysis. According to 
the definition, microdata analysis is a multidisciplinary field which involves artificial intelligence, decision 
support systems, data modelling, data visualization and optimization (Dalarna, 2019). 

Of these areas of microdata analysis, these studies focus mainly on artificial intelligence, data modelling 
and to certain extend data visualization using the following approaches: Data retrieval using the developed 
web API, energy time series data pre-processing and visualization, statistical analysis including 
autocorrelation analysis and Diebold-Mariano test, data modeling using artificial intelligence algorithms 
with the focus on ANNs based models. Details of the microdata analysis process followed in the studies 
are presented in Section 3.4 and 3.5. 

  



2. Past studies 
2.1 Literature review of electricity prices forecasting using single ANN based models 
 

A taxonomy of different types of ANNs that have been used for electricity price forecasting is shown in 
Figure 3. The taxonomy of ANNs may vary. For example, a shallow multi-layer perception neural network 
(MLPNN) can become deep by adding more hidden layers. However, the structure of a conventional 
MLPNN is shallow. 

 
 

 

Figure 3. Taxonomy of ANN based models for electricity price forecasting 

Past studies with respect to electricity prices forecasting using a single ANN based models from year 2010 
afterwards are summarized briefly below: 

In [4], a MLPNN based model was proposed for day ahead locational marginal prices (LMPs) in the pool 
based energy markets. Main contribution of this study was the presented Bayesian learning algorithm that 
avoids the over fitting problem by controlling model complexity.  

A MLPNN based method was proposed in [5] to forecast the day ahead electricity of European market. 
Main contributions of this study were the use of a deeper MLPNN architecture with two hidden layers and 
a novel feature selection algorithm based on Bayesian optimization.  

RBFNN was applied in [6] for short-term electricity price forecasting. The main contribution of this study 
is optimization of learning rate parameters using Orthogonal Experimental Design (OED) algorithm.  



A ELM based approach was proposed in [7]  for electricity price forecasting. Major improvement of this 
work was incorporating bootstrapping algorithm for uncertainty estimation.  

A Local Linear Wavelet Neural Network (LLWNN) approach was proposed in  [8] for day ahead electricity  
price forecasting. Comparing with conventional WNN, weights between hidden and output layer of WNN 
was replaced by a local linear model in LLWNN. Main advantage of the proposed method is its local 
capacity of Wavelet basis functions with less hidden units.  

The methods used in aforementioned studies were feedforward neural networks, while a recurrent neural 
networks (RNN) based approach was used in [9] for one hour ahead electricity spot price forecasting. 
Expectation Maximization (EM) algorithm with Kalman filtering and smoothing were used to estimate both 
noise in the data and model uncertainty. In addition, as type of recurrent neural network, Elman neural 
network was used in studies [10] and [11].  

A Gated Recurrent Unit (GRU) based recurrent neural network was used in [12]. A comparison between 
shallow and deep ANNs were performed in this study, concluding that overall deep ANNs outperform 
shallow ANNs.  

 

2.2 literature review of electricity prices forecasting using ANN based hybrid models 
 
ANN based hybrid models are models that consist of ANNs and other machine learning algorithms [13]. In 
general, by combing various models scientifically, hybrid models become more robust and capable of 
dealing with problems that are complex in nature than a single model can. There are eight ANN based 
hybrid approaches covered in the past studies from year 2015 afterwards. The number of studies for each 
hybrid approach from year 2015 to 2018 is shown in Figure 4. 



 

 

Figure 4. Number of studies for each hybrid model per year 

In study [14], a combination of K-Nearest Neighbor (KNN) with ANN was proposed. KNN algorithm is 
utilized for selecting relevant input and reducing the size of training data, aiming to improve the 
performance of a single ANN. Capability of modeling relationship between input and output of each subset 
as well as the dependencies between input variables of a subset is the major Advantage of k-NN algorithm.  

Similarly, in [15], ANN was combined with another clustering algorithm based on Self-Organizing Maps 
(SOM). SOM was used to partition electricity price data into clusters according to the similarity of dynamic 
properties, and each cluster is an approximately stationary series. As a result, ANN performs better using 
the pre-processed data by SOM.  

An ensemble ANN approach was proposed in [16], to form such an ensemble ANN model, different 
learning algorithms, such as Levenberg-Marquardt (LM), Levenberg-Marquardt (BFGS) and Bayesian 
Regularization (BR), or different types of ANN were selected to be used for each ANN involved.  

A combination of Fuzzy logic and ANN was proposed in [17], fuzzy logic was applied to transform linguistic 
information in to numeric data and soften high frequency changes of series data, which is commonly 
observed in the electricity price series. Hybrid structured deep ANNs models were used in [5] and [18].  

Different types of deep ANNs were combined to form a hybrid model in these two studies and experiments 
showed that such combinations outperform a single deep ANN model. Another type of commonly used 



hybrid models were combining Evolutionary Algorithms (EA) with ANN [19] and its variations [20], [21], 
[22], [23]. In general, EA were used to search for the optimal parameters of ANN in such combinations.   

 

2.3 Conclusions from past studies of electricity prices forecasting using ANN based 
methods 
 

From Section 2.1, although all reviewed single ANN based models have been successfully applied to 
electricity price forecasting, characteristics of each individual ANN is different. Shallow feed forward neural 
networks such as MLPNN, RBFNN and ELM were more adopted before 2013, popularity of these neural 
networks decreases in recent years due to certain drawbacks. The main reason is that MLPNN is vulnerable 
to outliers present in electricity prices. Performance of RBFNN suffers when the dimension of input data 
is high. In terms of ELM, the introduced randomness leads to uncertainty in modeling dependencies 
presented in electricity prices. On the other hand, WNN was presented with respect to electricity price 
forecasting in one study in 2015. Although WNN is proved to be efficient in dealing with chaotic electricity 
prices and capable of modelling non-stationary high frequency price series, WNN suffers from the curse 
of high dimensionality. Besides, the choice of an appropriate mother wavelet function is difficult.  
Therefore, applications of WNN for electricity price forecasting are not widely found in recent literature.   

Comparing with the feed forward neural networks, RNNs are more suitable for capturing dependencies 
present in time series data. Therefore, RNNs are the most widely adopted neural networks for electricity 
prices forecasting in recent studies. However, the length of decencies captured by shallow RNNs proposed 
in early years is limited, which is a major drawback. 

Deep neural networks, which in general are more capable of solving complex problems, attract researchers’ 
attentions in this field. There are two relevant studies [5][18] in 2018 in which deep neural networks are 
adopted. Results of these two studies show that deep neural networks outperform shallow neural 
networks. Besides, among all deep neural networks LSTM is regarded as the most suitable model for time 
series forecasting due to the capability of capturing long-term dependencies of electricity prices. Tackling 
the problem of vanishing gradient is another major advantage of LSTM. However, LSTM is not 
comprehensively studied for electricity price forecasting in existing literature.   

Another conclusion is that a single neural network model sometimes is not efficient enough to solve 
complex real-world problems and its performance can be improved by combing ANN models with other 
AI models.  

From Section 2.2, two types of hybrid approaches [15], [14] were proposed in several studies from 2015 
and 2016: combination of clustering algorithms with ANNs and combing a single EA with ANN. These two 
types are relatively easy to implement. However, there are a few drawbacks. To be more specific, in terms 
of the most commonly applied K-NN algorithm, the hyper parameter K needs to be carefully pre-specified. 
On the other hand, the single EA with ANN approach was improved by adding Wavelet transformation to 
the hybrid model. In fact, such improved approaches with respect to electricity price forecasting were 
popular among researchers in 2017 and 2018. Major enhancement made by this approach is the utilization 
of Wavelet transformation that decomposes original electricity prices data into a set of well-behaved sub-
series which is easier for prediction. Another variation of Wavelet EA ANN hybrid model is Wavelet EA 



ARMA ANN. Motivation of adding ARMA to the hybrid model is that ARMA is proved to be efficient in 
modeling the linear part of electricity prices. However, results of hybrid models with EA algorithms are not 
necessarily reproducible or globally optimal. Therefore, justification of the result is difficult.  

In 2017, combination of fuzzy and ANN was proposed. Though fuzzy c-means algorithm was adopted to 
reduce the number of fuzzy rules, the task of deriving fuzzy rules itself is non-trivial. With the development 
of parallel-processing techniques and GPU, efficiency of deep neural networks is improved. In addition, 
deep neural networks generally outperform shallow neural networks when solving complex problems. Due 
to the aforementioned factors, hybrid deep neural network models became the most widely used 
approaches by the researchers in recent studies.  

Another conclusion is that there is a lack of recognized benchmarking procedure and a standard dataset 
for benchmarking of different models, which make the direct comparison of different results difficult. Most 
researchers choose the dataset of a particular electricity market that is aligned with their own research 
interest, use different error measures, length of training/testing time steps and so forth and thus results 
from different papers are not directly comparable. 

2.4 Literature review of anomaly detection using Variational Autoencoder (VAE) based 
approaches 
 

Sun et al. [24] proposed an anomaly detection approach based on a generative dictionary learning model 
and VAE. The VAE was used to learn the latent representation of high dimensional inputs, which served as 
the features of the dictionary learning model for anomaly detection. KDD cup [25], MNIST [26] and UCSD 
[27] data were used in the experiment to verify the effectiveness of the proposed method.  

Xu et al. [28] proposed a VAE based algorithm for detecting anomalies of seasonal KPIs in web applications. 
In this study, dataset consisted of 18 business KPIs from a large internet company were used as a case 
study.  

Park et al. [29] applied a LSTM based VAE for anomaly detection of robot assisted feeding executions. A 
state-based threshold was adopted to define the reconstruction anomaly score in this study. Data of 1555 
feeding executions collected from 24 able-bodied participants were used as a case study. The data were 
divided into a training/testing set, which consisted of data of 352 executions and a pre-training set of 1293 
executions. 5 baseline models, one-class SVM, random binary classifier, likelihood-based classifier, 
autoencoder, LSTM based autoencoder were employed for comparison. Result showed that the proposed 
method outperformed the baseline models.  

Yuta et al. [30] proposed a VAE based approach for anomaly detection. In this study, a new definition, 
which defined normal and anomalous data distribution as a set and the corresponding complementary set 
was introduced. The newly defined distributions enabled the unsupervised VAE based learning to be 
converted into a supervised learning fashion. The proposed method was tested against MNIST dataset and 
a real-world air conditioner failure sound detection data.  

 

2.5 Conclusions from past studies of anomaly detection using VAE based methods 
 



From the literature, methods reviewed in Paper I and II can be tailored to solve other time series research 
problems in the energy domain as well. In terms of anomaly detection, autoencoder based neural 
networks are used in some recent studies. In general, an autoencoder consists of two components: an 
encoder and a decoder. The encoder compresses the input by transforming if from the high dimensional 
space in to a low dimensional space, while a decoder reconstructs the input using the output from the low 
dimensional feature space.  To recover the original input from compressed features, the main pattern of 
the input has to be learnt during, while noisy outliers are removed during the process of dimensionality 
reduction. Comparing with conventional dimension reduction methods such as Principal Component 
Analysis (PCA), more complex transformation can be performed by an autoencoder using non-linear 
activation function and adding multiple layers. Therefore, autoencoder based methods are more suitable 
when the problem to be solved is complex and non-linear in nature. 

VAE is a variation of an autoencoder, the advantage of a VAE over an autoencoder is that the VAE is a 
stochastic generative model that can give calibrated probabilities, while an autoencoder is a deterministic 
discriminative model that does not have a probabilistic foundation. In another word, dimension reduction 
is performed in a probabilistically sound way by VAE.  However, autoencoder is not supported by such 
theoretical foundation. As a type of relatively new ANN, although VAEs have been successfully used for 
anomaly detection in the studies mentioned in Section 2.4 and achieved better performance than PCA and 
a conventional autoencoder, they are not thoroughly studied yet. There are only five studies in total. 
Moreover, the methods have not been well explored to solve any energy domain specific problems. To be 
more specific, among the five aforementioned studies, public baseline dataset such as KDD and MNIST 
were used in three studies. In addition, among the other two studies, in which, the methods were tested 
using real world dataset collected by researchers themselves, none of them was energy relevant.  

In addition, temporal dependence in dataset is not well captured by a VAE, which limits its capability of 
analyzing time series. To alleviate this problem, the conventional layer within a VAE is replaced a LSTM 
layer. Based on the conclusions of Paper I and II, In recent years, with the development of deep learning, 
LSTM based neural networks have become the most favorable methods for time series analysis among the 
researchers, which alleviate the gradient vanishing problem by introducing gating mechanisms into the 
LSTM cells. 

  



3. Methodology 
3.1 The Datasets  
 
The dataset invoked in Paper III “was downloaded from NordPool website [31]. It is an open accessed 
dataset consists of hourly electricity prices of Nordic countries. Four series are randomly selected from 
Spring, Summer, Autumn and Winter of year 2018 were randomly selected for analysis referred as series 
1-4, respectively. Details of each series are shown below: 

Series 1: Spring series that is from April 11th, 2018, 1:00 am to May 30th, 0:00 am. 

Series 2: Summer series that is from July 3rd, 2018, 9:00 am to August 22nd, 2018, 8:00 am. 

Series 3: Autumn series that is from September 10th, 2018, 1:00 pm to October 30th, 2018, 11:00 am. 

Series 4: Winter series that is from January 5th, 2018, 5:00 am to February 24th, 2018, 4:00 am. 

There are 1200 data points for each selected series.   

Although from the literature review, factors such as transmission congestion, fuel prices, supply and 
demand, etc. are influential, in this study only historical electricity prices and three categorical calendar 
variables: hour of the day, weekend and day of the week are considered as input features due to the 
difficulty of acquiring the corresponding dataset. 

For Paper IV, meter data of an anonymous substation in Sweden is used in the case study and the 
substation dataset is retrieved using the developed web API by Utilifeed [32]. To be more specific, the 
original substation dataset consists of hourly heat energy measurement of year 2016 with labeled 
anomalies. Two subsets are randomly selected from the original dataset and used in the experiment.  The 
first set is selected from warm months that starts from June 1, 2016, 00:00 to August 31, 2016, 23:00. 
Another set is taken from cold months that starts from October 1, 2016, 00:00 to December 31, 2016, 
23:00. Each subset consists of 2208 data points. In addition, the corresponding hourly weather data  of 
2016 used in this paper is retrieved using SMHI Open Data API [33]. 

 

3.2 Data processing, data visualization and data analysis  
 
In Paper III “, lagged series were created by shifting the original series to create features for time series 
analysis. Then, autocorrelation analysis was performed to understand which lagged series are important 
to determine the current series values. According to the autocorrelation analysis results, lagged series that 
indicate potential autocorrelations at a 95% confidence interval were selected as the initial candidate input 
features. To reduce the complexity of the model and avoid potential overfitting, a second phase of feature 
ranking and feature selection was performed using a boosting-based algorithm. As there were categorical 
variables involved and conventional algorithms are not efficient to deal with them. For instance, one-hot 
encoding algorithm introduce extra memory cost when processing categorical variables. Therefore, 
CatBoost algorithm that was chosen to tackle this problem. The importance score of each feature was 
calculated and ranked by CatBoost, less important features were filtered out according to a pre-defined 



threshold score. The dataset was standardized into zero mean and unit standard deviation before model 
building. 

In Paper IV, the distribution of original heat energy usage series was plotted against outdoor temperature 
for examining the relationship between outdoor temperature and heat energy usage visually. According 
to the literature, heat load consists of space heating usage, hot water usage and other processes. In 
addition, there exists a strong relationship between the distribution of outdoor temperatures and space 
heat power demand.  Theoretically, the energy signature [34] is the proportionality constant between 
outdoor temperature and space heat power.  Therefore, space heating of the heat load is estimated given 
the outdoor temperature using the energy signature. After that, the original heat energy series is 
decomposed into two parts, the regular space heating usage part and random or semi-random residuals 
that consist of hot water preparation and other processes. The processed series for data modeling consists 
of the residuals component only by subtracting the space heating usage from the original heat load series. 

 

3.3 Data modelling  
 
In Paper III, the processed dataset is divided into 80% training and 20% testing. MLP, SVR, ensemble tree, 
ARIMA and BDLSTM models are trained. Mean percentage error (MAPE), root mean square error (RMSE) 
and mean absolute error (MAE) are used as performance measures in this study. 

In Paper IV, the processed dataset is divided into 75% for training, 10% for validation and 15% for testing. 
Two types of models are built in this study. First, a physical model, heat signature is built to model the 
relationship between outdoor temperature and heat energy usage. Then, three neural network-based 
models, LSTM, LSTM autoencoder (LSTMAE) and LSTM variational autoencoder (LSTMVAE) are trained to 
reconstruct the original series. Then, the distribution of reconstruction errors is visualized and analyzed. 
Different threshold values are applied to filter the anomalies. F1 score and AUC are used as performance 
measures of each model in this study. 

 

3.4 Paper III Proposed Method 
 

In Paper III, a hybrid approach based on BDLSTM and Catboost algorithms is proposed for short-term 
electricity prices forecasting of a deregulated market is proposed. The overall process of the proposed 
approach is illustrated in Figure 5. 



 

 
Figure 5. The overall process of the proposed approach 

From Figure 5, after data collection and visualization, a two-phase feature selection process is performed. 
In phase one, autocorrelation tests of four series data are performed to filter statistically significant legs 
of the original series, which indicate potential autocorrelations at a 95% confidence interval. In phase two, 



the filtered legs along with the three categorical variables are used as initial candidate features and fed 
into the Catboost algorithm for a second round feature selection. The motivations of using Catboost are it 
process categorical variables more efficiently than other conventional algorithms. In addition, it eliminates 
less important features in terms of a lower ranking score so that the model is light weighted and less likely 
to be overfitted.  

After feature selection and data preprocessing, the dataset is split into 80% for training and 20% for testing. 
The training data is used to build BDLSTM, SVR, MLP, ARIMA, ensemble tree, GRU and LSTM models for 
forecasting. MAPE, RMSE and MAE of these models are measured as well as training and testing time of 
each model. 

 

3.5 Paper IV Proposed Method 
 

The neural network-based methods reviewed in the literature with respect to electricity prices forecasting 
can be modified and used for performing other time series data analysis in the energy domain as well. In 
this study, autoencoder architectures are designed and developed to address another research problem 
in energy domain:  Anomaly Detection of Heat Energy Usage in District Heating Substations. 

The overall process of the proposed approach is illustrated in Figure 6. 



 
 

 

Figure 6. The overall process of the proposed approach 

According to the literature, there exists a strong relationship between the distribution of outdoor 
temperatures and space heat power demand.  Theoretically, the energy signature is the proportionality 
constant between outdoor temperature and space heat power. Therefore, a physical model ‘heat 
signature’ is used to model the relationship between outdoor temperatures and heat energy usage. Then, 
the original series is decomposed into space heating component and hot water, other processes that are 
random or semi random residuals. 75% of the normalized residuals are fed to the neural network models 
for training, while 10% of the dataset is used for validation and the rest 15% of data is kept for testing.  



Anomalies are filtered by applying different threshold values to the reconstruction errors of the trained 
model. F1 score and AUC of three models, LSTM, LSTM AE and LSTM VAE are measured.   



4. Results and discussions 
 

Paper I & II included in this thesis Identify potential methods for electricity prices forecasting, while Paper 
III addresses the research problem of short-term electricity prices forecasting using an approach based on 
the conclusions derived from Paper I & II. Paper IV addresses the research problem of identifying 
anomalies of a district heating system. Results of Paper III and IV are presented in Section 4.1 and 4.2 along 
with the corresponding discussions. 

 

4.1 Application area I: Short-term electricity prices forecasting   
 

Seven models (BDLSTM, SVR, MLP, ARIMA, ensemble tree, GRU and LSTM) are used in this study and the 
experiment is repeated 15 times for each model. The average MAPE, RMSE, MAE as well as the training 
and testing time of each model are calculated and reported in Table 1.  



Table 1. Average results of the models for each series. 

Measures  BDLSTM MLP SVR ET ARIMA GRU LSTM 

Series 1 

MAPE 7.113 12.623 14.904 7.728 12.043 9.568 7.496 

RMSE 43.013 67.939 94.611 52.843 67.054 53.866 45.807 

MAE 30.810 52.775 59.684 35.400 54.843 40.921 32.625 
Training 
time 
(sec) 

83.434 5.708 64.187 0.061 121.510 30.600 27.781 

Testing 
time 
(sec) 

3.894 0.046 0.055 0.005 0.020 1.597 1.667 

Series 2 

MAPE 5.142 8.346 9.720 5.924 19.063 5.778 6.516 

RMSE 37.335 55.853 69.113 40.535 139.367 39.497 45.919 

MAE 27.783 44.270 52.327 32.207 123.796 31.199 35.700 
Training 
time 
(sec) 

88.308 3.001 21.209 0.036 139.430 20.973 18.602 

Testing 
time 
(sec) 

3.568 0.041 0.012 0.005 0.250 1.384 1.259 

Series 3 

MAPE 5.846 10.348 6.541 6.750 11.956 6.861 6.311 

RMSE 36.885 62.750 37.982 40.978 62.349 41.804 40.300 

MAE 24.485 46.357 29.785 30.415 51.010 29.626 27.067 
Training 
time 
(sec) 

98.062 5.567 63.231 0.081 305.530 30.195 29.968 

Testing 
time 
(sec) 

3.095 0.066 0.078 0.013 0.030 1.107 1.118 

Series 4 

MAPE 7.742 18.802 23.028 10.491 26.032 14.584 11.786 

RMSE 53.839 117.847 180.574 69.350 147.859 81.226 76.585 

MAE 37.006 86.874 115.979 48.726 122.974 63.061 56.004 
Training 
time 
(sec) 

110.023 9.810 55.130 0.577 187.800 29.974 34.377 

Testing 
time 
(sec) 

3.030 0.035 0.063 0.040 0.240 1.053 1.351 

 

BDLSTM outperforms the baseline models in terms of MAPE, RMSE and MAE. However, it takes more time 
to train and test the BDLSTM model due to the complexity and number of parameters of BDLSTM. 
Ensemble tree achieves the second lowest error measures, while the processing time of ensemble tree is 
less than BDLSTM. Therefore, ensemble tree is a more suitable method when real time performance is 
mandatory, such as control of fly-by-wire aircraft, anti-lock brakes, both of which demand immediate and 
accurate mechanical response. However, in the context of a day ahead deregulated market, bidding is 
performed one day prior and once per day. Therefore, the proposed DBLSTM can still be considered as a 
suitable method for performing short-term electricity prices forecasting in a non-real time day ahead 
market environment. 

https://en.wikipedia.org/wiki/Fly-by-wire
https://en.wikipedia.org/wiki/Anti-lock_brakes


To further compare predictive accuracy, a Diebold-Mariano test [35] is performed. The null hypothesis is 
that the proposed BDLSTM is as accurate as the other model it is compared with. While the alternative 
hypothesis is that the model to be compared with is less accurate than BDLSTM. P-values of Diebold-
Mariano test are reported in Table 2.  

Table 2. DM test p-values of models to be compared with the proposed BDLSTM for each series. 

Series BDLSTM-
MLP 

BDLSTM-
SVR 

BDLSTM-
ET 

BDLSTM-
ARIMA 

BDLSTM-
GRU 

BDLSTM-
LSTM 

Series 1 4.18E-05 6.70E-06 5.53E-05 1.46E-13 8.26E-06 0.09303 
Series 2 1.13E-05 5.72E-08 6.17E-04 < 2.2e-16 1.29E-04 1.13E-05 
Series 3 0.01191 0.08409 0.02924 4.34E-15 4.21E-06 5.28E-05 
Series 4 2.77E-05 3.39E-08 2.39E-03 < 2.2e-16 5.03E-06 7.77E-05 

 

Diebold-Mariano test results show that BDLSTM is more accurate than the other models 
considered in this study for almost all tested series with a significance level of 0.05, apart from 
Series 3 forecasting result of SVR and Series 1 forecasting result of LSTM. Although the overall 
errors of BDLSTM reported in Table 1 are lower, there is not enough evidence to prove BDLSTM 
is more accurate than SVR for Series 3 or LSTM for Series 1 with a significance level of 0.05 in 
this case. 

 
4.2 Application area II: Anomaly Detection of Heat Energy Usage in District Heating 
Substations   
 

F1 score and AUC of three models, LSTM, LSTM AE and LSTM VAE are reported in Table 3 and Table 4 for 
the data of warm month and cold month, respectively using different threshold values. 

Table 3. ROC and f1 of the models for data from warm months   

F1/AUC LSTM LSTM AE LSTM VAE 
F1 93% threshold 0.559 0.559 0.559 
AUC 93% threshold 0.967 0.967 0.967 
F1 99.5% threshold 0.749 0.749 1 
AUC 99.5% threshold 0.749 0.749 1 

 

Table 4. ROC and f1 of the models for data from cold months   

F1/AUC LSTM LSTM AE LSTM VAE 

F1 93% threshold 0.622 0.622 0.658 
AUC 93% threshold 0.87 0.87 0.971 
F1 99.5% threshold 0.783 0.783 0.783 
AUC 99.5% threshold 0.7 0.7 0.7 



 

From Table 3, the performance achieved by LSTM VAE outperforms the other two models for the data of 
warm months using threshold value 99.5%. All anomalies are correctly captured by the proposed method, 
while one anomaly is missed by both LSTM and LSTM AE. On the other hand, when a lower threshold is 
chosen, all anomalies are captured by the models because more predictions are attempted which lead to 
a higher recall. However, the false positive rate of the models increases. From Table 4, the performance 
of the proposed model in terms of the data in cold months is the same for all three models. When a 
relatively high threshold value is applied. The proposed model correctly captures all anomalies within the 
series when a lower threshold values is adopted. Comparing with the performance of LSTM VAE, there is 
one missed out by both LSTM and LSTM AE.  

With respect to the choice of threshold values, for the data of warm months, applying a relatively high 
threshold is the optimal one for the proposed model that results a higher precision without the increase 
of false positive rate. However, for the data of cold months, the choice of an appropriate threshold 
depends on the actual business goal or the cost, i.e. the cost of a false alarm and the cost of a missed-out 
anomaly should be weighted. 

  



5. Conclusions and future work 
5.1   Conclusions 
 
The aim of this thesis is to explore the applications of artificial neural networks for energy time series data 
analysis. Two research problems in the energy domain are attempted: short-term electricity prices 
forecasting of a deregulated market and anomaly detection of heat energy usage in district heating 
substations. 

 In terms of short-term electricity prices forecasting, available approaches are reviewed and artificial 
neural networks are identified to be the suitable candidates due to the capability of modeling non-linearity 
and capturing complex patterns of electricity prices data. In addition, theory and applications of different 
types of neural networks were discussed and reviewed. One important conclusion from the reviews is that 
shallow feedforward ANNs and conventional RNN were favored by researchers in early 2010. However, 
with the development of deep learning in recent years, LSTM and its variations become the most 
commonly used by researchers when solving time series analysis research problems. As the gradient 
vanishing problem is alleviated by introducing gating mechanisms in LSTM cells, which enables LSTM and 
its variations capable of modelling long dependencies within a time series. 

Another important finding is that electricity price data usually present chaotic dynamics, such as non-
stationary, unusual spikes, high nonlinearity, etc. In such cases, a single neural network is generally not 
able to model such complexities well. Therefore, the utilization of hybrid models can be beneficial. In 
general, by combing various models scientifically, hybrid models become more robust and capable of 
dealing with problems that are complex in nature than a single model can. Although hybrid models 
outperform a single ANN model in most cases, drawbacks of hybrid models are increased model 
complexity, higher computational cost and less interpretability. 

Therefore, to address the first research problem, short-term electricity price forecasting, a LSTM based 
hybrid approach is designed and developed based on the conclusions derived from the reviews. Although, 
results of the proposed deep neural network are better than the baseline models terms of MAPE, RMSE 
and MAE, training the proposed model is not as efficient as other baseline models used in this study. 
However, it is not a big issue for a non-real time day ahead electricity market.  

Due to the difficulties of acquiring dataset of influential factors such as transmission congestion, supply 
and demand, only calendar data and historical electricity prices are used as input features. In the future, 
more features such as weather information can be explored to train the models. In addition, future 
researchers are advised to follow a standard benchmarking procedure. As of now, most researchers 
choose the dataset of a particular electricity market that is aligned with their own research interest, use 
different error measures, length of training/testing time steps and so forth, which make the direct 
comparison of different results difficult. 

Neural networks are useful tools that can be applied to perform various time series analysis tasks. The 
neural networks reviewed in the electricity prices forecasting domain can be modified to solve other 
problems in the energy domain. In the second part of the thesis, neural network architectures are modified 
to address another research problem, namely, anomaly detection of heat energy usage in district heating 
substations.  



In Sweden, district heating shares approximately 55% of the heat supply market. Therefore, energy 
efficiency of district heating systems is of great interest to energy stakeholders. However, faults of district 
substations that results in system inefficacy are not properly recognized as long as customers don’t 
complaint about the comfort level. On the other hand, potential faults can be indicated by anomalies that 
referred to rare observations deviated significantly from the majority of the substations meter reading 
data.  

In the second part of the thesis, an anonymous substation dataset of hourly resolution in Sweden and the 
corresponding weather data are retrieved using an existing web API. Conventional LSTM and two LSTM 
based autoencoder neural networks are used to detect the anomalies of the retrieved substation meter 
reading data.  Different commonly used threshold values are applied to filter anomalies. From experiment 
results, it is concluded that when a lower threshold value is chosen, all anomalies are captured by the 
models because more predictions are attempted which lead to a higher recall. However, the false positive 
rate of the models increases and vice versa when a relative high threshold value is applied. The choice of 
an appropriate threshold value should be made by the stakeholders based on the cost of false alarm, the 
cost of missed out anomalies and other business objectives. In this study, the proposed approaches are 
tested with data of one substation. Evaluation of these methods using more substations data can be 
considered. In addition, other variations of LSTM neural networks based approaches can be further 
explored in the future. 

 

5.2 Future works 
 
Neural network based approaches show promising results in this thesis. Valuable lessons are learned 
during the process of designing and developing the proposed methods regarding the choice of network 
architecture, time efficiency and so forth. As in the second part of the thesis, the research problem 
addressed is anomaly detection of substations, while identifying the actual faults of the substations still 
remains a research problem. Therefore, naturally fault detections of district heating substations becomes 
the focusing area of our future studies. Conclusions and insights gained during the process of exploring 
different ANNs and customizing them accordingly to solve different types of research problems in this 
thesis is helpful not only to our future studies but also inspiring to other researchers to customize their 
approaches for their own research problems in the similar domains. 
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