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Abstract 
 
 
 
A trend in increasing electricity consumption and technological innovation has 
resulted in automated energy management systems. Forecasting movement of the 
electricity price with machine learning plays a role in the sustainability of these 
systems.  
 
The aim of the report is to compare two machine learning methods, namely 
Recurrent Neural Network (RNN) with LSTM, and Support Vector Machine (SVM). 
The metric to evaluate is percentage in prediction accuracy, additionally statistical 
analysis is applied for further evaluation. 
 
The models are built and optimized on a single historic dataset from an Australian 
electricity market where the major influencing attributes are price, demand and 
time. The training and test set are split 80/20 whereas the training is done in 10 
folds for cross validation. 
 
Results of the experiment show that the SVM-model had a slightly higher accuracy 
and a lower standard error of the mean. Differences were seen in sensitivity and 
specificity when applied to a confusion matrix. 
 
The conclusion made was that in this specific case, SVM outperformed RNN in 
prediction accuracy, however, there is room for improvement of both 
implementations of these methods which could lead to a different result. In regard 
to specificity and sensitivity the choice of an SVM or RNN would be highly 
dependent on the implementation of real-world application. 
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Sammanfattning 
 
En trend i ökad elförbrukning och teknisk innovation har resulterat i automatiserade 
energiledningssystem. Prognos i förändringen av elpriser med maskininlärning 
spelar en roll för hållbarheten av dessa system.  
 
Syftet med denna rapport är att jämföra de två maskininlärningsmetoderna, 
Reccurent Neural Network (RNN) med LSTM och Support Vector Machine (SVM). 
De värden som utvärderas är procentenheter i förutsägbarhetsnoggrannhet där 
statistisk analys tillämpas för ytterligare utvärdering. 
 
Modellerna är byggda på historisk data från en australisk elmarknad där de 
väsentligaste egenskaperna är pris, efterfrågan och tid. Tränings- och 
testuppsättningen delas 80/20 och träningen görs med 10-delad korsvalidering.  
 
Resultaten från analysen visar att SVM-metoden hade en något högre 
noggrannhet och lägre standardfel. Från en diagnostisk beslutsmatris beräknades 
sensitivitet och specificitet, i dessa värden upptäcktes skillnader. 
  
Slutsatsen i vårt fall var att SVM är mer noggrann än RNN. Vi anser att utrymme 
för förbättring av båda modellerna finns, vilket kan leda till ett annat resultat. När 
det gäller sensitivitet och specificitet skulle valet av RNN eller SVM vara starkt 
beroende på tillämpningen av en verklig applikation. 
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Terminology 
 
AUC Area Under Curve 
AI Artificial Intelligence 
ANN Artificial Neural Network 
BPTT Backpropagation Through Time 
CAP Credit Assignment Path, the number of hidden layers in an ANN 
CV Cross Validation 
EIA Energy Information Administration, a principal agency that collects and 
analyses energy information. 
ELM Extreme Learning Machine 
EMS Energy Management System 
EPF Electricity Price Forecasting 
FFNN Feed Forward Neural Network 
FPR False Positive Rate, a rate calculated from ROC 
ICT Information and Communications Technology 
LSTM Long Short-Term Memory 
ML Machine Learning, a branch in computer science where the aim is to make 
computers perform actions without explicit instructions. 
NEAT NeuroEvolution of Augmenting Topologies 
NSW New South Wales 
RBF Radial Basis Function 
RMS Root Mean Square 
RMSE Root Mean Square Error 
RNN Recurrent Neural Network 
ROC Receiver Operating Characteristic, a graphical plot to analyse a binary 
classifiers performance 
SD Standard deviation 
SEM Standard Error of the Mean 
SVC Support Vector Classifier 
SVM Support Vector Machine 
System Price A calculated electricity price used as reference in the Nordic 
region 
TPR True Positive Rate, a rate calculated from ROC  
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Chapter 1 
Introduction 
 
The Global electricity consumption has more than doubled during the last 30 years 
[1]. This is because of the development of industries in developing countries and 
an increased use of electrical products such as electric vehicles and smart devices. 
Because of this the energy consumption has been a hot topic, in case of 
environmental, safety and economic reasons. 
 
The environmental impact of energy consumption is by many called our biggest 
challenge in modern time. Not only does it affect humans but also our ecosystem 
and wildlife. By improving the efficiency of energy production, our habits and by 
finding technical solutions to minimize wasteful consumption, it is possible to stop 
and even reverse the issues of pollution and greenhouse gasses.  
 
One technical solution to the problem is to implement smart energy management 
systems (EMS) in buildings that are able to produce and store their own electricity.   
 
Implementing EMS provides among other features the ability to schedule energy 
consumption in how and where energy is to be used and if it should be delivered 
from an external supplier, own production or local storage (batteries). 
 
An effective EMS that saves energy and money is essential to be able to attract 
more users. One way of optimizing an EMS is to implement a prediction algorithm 
for electricity price forecasting (EPF). In this study we consider the possibilities of 
predicting electricity prices using Machine Learning. 
 
 

1.1 Problem statement 
 
In this study we explore and compare the two machine learning methods, 
Recurrent Neural Network (RNN) and Support Vector Machine (SVM) in the case 
of short-term forecasting. We will investigate:  

• Which classifier produces the most accurate predictions using a historical 
dataset. 

• How do they compare in sensitivity and specificity? 
 

 
 

1.2 Scope 
 

This study compares two machine learning classifiers, RNN and SVM.  
 
The focus of the study is not to develop our own model algorithms but rather use 
existing algorithms provided by Tensorflow and Scikit-learn. The study is limited to 
two models due to the time frame for implementation and evaluation of the results. 
Additionally, implementation of the classifier models is limited by the number of 
features in the dataset.  
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Training and evaluation are done on a single dataset of historic data. Fine tuning 
of the models is limited to the time frame and the limitation of the machine learning 
libraries extent. 
 
Evaluation of the models is done by comparing average prediction accuracy, 
standard deviation (SD) and standard error of the mean (SEM). Additional 
comparison is done with confusion matrices and receiver operating characteristics 
(ROC). 
 
 
1.3 Outline 
 
Chapter 2 briefly introduces EMS and EPF, followed by explaining the patterns in 
electricity demand and its relation to electricity prices. This is followed by an 
introduction to the core concepts of the machine learning methods RNN and SVM. 
Finally, the chapter contains related work in the field of EPF and machine learning.  
 
Chapter 3 explains the dataset, implementation of the RNN- and SVM-method and 
the set parameters and definitions. This is followed by the explanation and 
implementation of the 10-fold cross validation technique and the different 
techniques of evaluation. 
 
Chapter 4 presents the result divided into three sections, prediction accuracy, 
confusion matrix and ROC curve and AUC. 
 
Chapter 5 contains discussions about the results, method and future work.  
 
Chapter 6 contains the conclusion to the problem statement. 
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Chapter 2 

Background 
 
2.1 Energy Management System 
 
The electrical grid has not seen any major modernizations since it was first 
introduced in the beginning of the 20th century. However, due to rising concerns 
in the beginning of the 21st century regarding greenhouse gases and its impact on 
the environment, the development and modernization of a smart grid has 
increased. The smart grid implements information and communication technology 
(ICT) into the electrical grid to exchange relevant data [2]. In recent years, 
development of smart grids and the priority in many countries to develop a 
modernized smart city infrastructure has led to the development of smart EMS.  
 
EMS utilises the data delivered from the internal smart grid (network connected 
home appliances and electricity meter) and data from the external smart grid to 
improve the efficiency, reliability, economics and sustainability of the smart home 
electricity grid.  
 
This study considers the EMS implemented in buildings, EMS is however used in 
a variety of other objects that use smart electrical grids, such as electrical vehicles. 
EMS are often implemented in buildings and objects that produce their own energy 
from for example solar panels or wind turbines, and or are able to store the 
produced or purchased energy.  
 
The EMS functions as the brain for a smart electrical grid in a building with features 
such as measuring energy consumption and the electricity price, modularity by the 
users’ preference in to schedule different appliances in the building (e.g. lights, 
washing machine, and dishwasher)  
 
One feature of the EMS is to predict electricity prices to improve the household 
economics. Predicting if the price will rise or fall is a good tool for the EMS to plan 
when energy should be stored and when to use stored energy, when energy should 
be sold to the external electrical grid and when it should be bought from the 
external electrical grid.  
 
 
2.2 Electricity Price Forecasting 
 
EPF has become popular during the last decades parallel to the liberalization of 
the electricity markets [3]. 
 
When modelling a forecasting problem, it is crucial to know what type of forecasting 
horizon the problem has. The forecast horizon is the interval of time ahead in which 
you want to make a prediction. 
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Forecasting horizons are split into three time periods: 
• Short-term horizon: Involves a horizon over a few minutes to a few days. 
• Medium-term horizon: Follows the short-term with a horizon of a few days 

to a few months. 
• Long-term horizon: Includes all the forecast horizons which are longer than 

a few months. 
 
When forecasting electricity prices in, it is often interesting to look at a short-term 
horizon because most electricity prices are set 24 hours before the time of 
purchase [4]. However, it is sometimes interesting to look at a medium-term 
horizon as well to see the distribution of prices over a longer time period [4]. 
 
 
2.2.1 Patterns in Electricity Demand 
 
There are general patterns and behaviours in electricity demand over the day. The 
U.S. EIA [5] describe three of these behaviours as: 

• Morning ramp: Occurs early morning when the demand of electricity 
increases. See Figure 2.1 below. 

• Peak demand: Typically occurs in the early evening and is the peak of the 
day in electricity demand. See Figure 2.1 below. 

• Hourly and five minute-peaks: Peaks that can occur in small intervals, they 
are usually not drastic but follow no general pattern. See Figure 2.2 below. 

 
 

 
Figure 2.1: General graph of electricity demand over the day [5]. 
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Figure 2.2: Graph displaying a five-minute peak [5]. 

 
 
2.2.2 Relation Between Price and Demand 
  
In the previous section we acknowledged the patterns and behaviours in electricity 
demand. In this section the aim is to show the correlation between electricity 
market demand and price. 
 
Nord Pool AS is the largest electricity market in Europe. Electricity prices for private 
consumers following a real-time price subscription often buy their electricity for a 
price which is highly dependent on the market price. Nord Pool explains in Day-
ahead market [6] a relationship between supply and demand resulting in the price 
of electricity, see Figure 2.3. 

 
Figure 2.3: Graph of relationship between Supply & Demand and how it affects price [6]. 
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Figure 2.4 is a graph of the system price market at Nord Pool. Comparing it to the 
graph in Figure 2.1 a relationship can be seen between the patterns of morning 
ramp and peak demand and price patterns.  
 

 
Figure 2.4: A graph of the over day price of the System Price at Nord Pool 2019-03-23 [7]  

 
2.3 Machine Learning 
 
Machine learning is a field in computer science where programs are written to 
improve and learn from experience rather than being explicitly told what to do, 
training data is used to be able to make future decisions. 
 
Machine learning can be split into four different learning strategies:  

• Supervised Learning  
o Supervised learning uses labelled training data to learn how to 

predict future results of previously unseen input data. From the 
training data the algorithm produces its own function to make 
predictions [8]. 

• Unsupervised Learning 
o The data used in unsupervised learning is unlabelled, the algorithm 

draws conclusions from data to find hidden structures from unlabelled 
data [8]. 

• Reinforced Learning 
o Reinforced learning differs from supervised learning in that it does 

not need any labelled data, instead the reinforcement agent decides 
what to do for a given task [9]. It uses its environment by performing 
actions and discovers errors and rewards. It uses these rewards as 
feedback to learn a correct behaviour [8]. 
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• Semi-supervised Learning 
o Semi-supervised learning uses both labelled and unlabelled data 

for training, the labelled data is often in a smaller quantity than the 
unlabelled data. These algorithms are often highly accurate [8]. 

 
 
2.3.1 Artificial Neural Networks 
 
Artificial neural networks (ANN) are algorithms inspired by biological neural 
networks, ANN are built by nodes which represent a neuron and by weighted 
edges which represent the neuron synapses [10]. 
 
ANN consist of different layers of neurons, the first layer is a called the input layer, 
where training data and critical data is inserted, the last layer is called output layer 
which outputs the result depending on the defined problem. Additional layers are 
hidden layers which are placed between the input and output layers. Hidden layers 
are implemented to perform different tasks in different combinations to solve a 
variety of problems. Learning algorithms with one hidden layer are considered as 
non-deep while algorithms with more than one hidden layer are considered to be 
deep neural networks or deep learning. 
 
Data flows through the layers of the ANN where each neuron adjusts for each 
passthrough to give the best possible answer [11], this means that if you provide 
the ANN with a lot of data the end result will be better. It is however important not 
to train on the same data to many times, this will result in an ANN produces results 
by memorizing the training data, this is called overfitting.  
 
ANN is an umbrella term that contains several different neural network techniques 
as well as hybrids of different neural networks. 
 
 
2.3.2 Recurrent Neural Networks 
 
Recurrent neural networks are one of the many variations of ANN’s. RNN’s are 
common amongst tasks such as speech recognition, translation but also time-
series forecasting [12]. The difference between RNN’s and regular feedforward 
neural networks (FFNN) are that RNN’s data moves in both directions [13]. 
Therefore, decisions made in an RNN are based on both the current input and 
previous predictions, with this in consideration it makes clear how the application 
of RNN to sequential data is relevant.  
 
In deep neural networks Jürgen Schmidhuber introduces Credit Assignment Paths 
(CAP) [14], which is a system for analysing and classifying the depth of a neural 
network related to the depth of a problem. In this regard RNN’s, due to the reuse 
of previous data can potentially solve problems of unlimited depth whereas in feed 
forward neural networks increasing the depth of the model in relation to the depth 
of the problem is more relevant.  
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A basic visualization of an RNN (Figure 2.5) compared to a FFNN (Figure 2.6) 
follows below. 
 
 

 
Figure 2.5: RNN-concept visualization             Figure 2.6: FFNN-concept visualization 

 
The issue with regular RNN’s are that they often suffer from exploding or vanishing 
gradients. Exploding gradients occur when temporal components of the model 
grow exponentially large, corresponding vanishing gradients occur when the 
components exponentially move towards an average of zero [13]. 
 
There are several techniques to solve this problem such as vanishing gradient 
regularization, scaling down the gradients or using rectifier- instead of a tanh- or 
sigmoid-activation function. The most effective and recent solution for the 
vanishing gradient problem is long short-term memory (LSTM) [13]. 
 
 
2.3.3 Long Short-Term Memory 
 
Long short-term memory is a method introduced by Schmidhuber and Hochreiter 
in 1997 [15]. LSTM is an RNN architecture that consists of additional gates that 
help the neural network adapt to error values from the output layer when 
backpropagating. They found many advantages of LSTM in comparison to 
previous solutions. They came to the conclusion that LSTM was efficient in a broad 
range of problems and completely solved the issue with backpropagation through 
time (BPTT).  
 
Briefly backpropagation is a method used to calculate the weights of an artificial 
network to increase performance of training, in an RNN with LSTM BPTT is used. 
BPTT uses stochastic gradient descent to calculate the weights and therefore the 
relevance of a non-vanishing gradient becomes essential. For further reading see 
[16]. 
 
Recently LSTM has had success in a variation of real AI applications including 
DeepMind’s AlphaStar [17] and OpenAI’s robotic hand [18]. 
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2.3.4 Support Vector Machine 
 
Support Vector Machine (SVM) is a supervised machine learning method 
developed by Cortes and Vapnik in 1995 used for binary classification [19]. It has 
since then been developed for use in regression and outlier detection [20]. SVM 
classifies data in different groups with support vectors used as divisors in a 
multidimensional space. Support vectors are hyperplanes which is a subspace of 
one dimension lower than its ambient space [21]. Support vectors are calculated 
with a kernel function, the three most popular kernel functions are Linear, 
Polynomial and Radial Basis Function (RBF), however there are several other 
kernel functions. 
 
To classify a linear classification problem a linear kernel function is recommended 
[21]. Linear kernel functions calculate linear support vectors that are placed in the 
multidimensional space with a maximum calculated space from different 
classification group elements. 
 
Nonlinear classification problems require a nonlinear kernel function such as 
polynomial- or RBF- kernel function. Polynomial kernels work in a similar way as 
linear functions, except they use a polynomial function that produces polynomial 
hyperplane curves as divisors in the multidimensional space. 
 
RBF kernels nonlinearly maps samples into a multidimensional space [22]. This 
kernel is usually time consuming due to the fact that it maps every sample in the 
multidimensional space. 
 
 

2.4 Related Work 
 
This section will introduce a few studies in EPF and machine learning techniques.  
 
In the review written by R. Weron [4] which looks at hourly EPF, he found that there 
are several popular methods to solve the problem such as, Reduced-form, Multi-
agent, Statistical and Computational intelligence (machine learning among others). 
These methods had varying ranges of success depending on the premises. 
 
In many cases machine learning methods outperform a lot of conventional 
methods according to the conclusion in the study written by P. Pike and B. Kumari 
[23]. The paper is a review of ANN, SVM and ELM and on their ability to predict 
stock prices. An additional conclusion in the study is that data processing improves 
the prediction results.  
 
The study written by Z. Li and V. Tam [24] applies SVM and LSTM RNN to a 
classification problem regarding next-day trends in stock prices i.e. an upward or 
downward trend in closing price. The stocks were sorted into three groups, low 
volatility, high volatility and all stocks. Evaluation was carried out on all three 
groups. The results in the study show that their SVM had a better prediction 
accuracy than the LSTM RNN in the high-volatility and all stock groups. 
 
A study by K. Ashwin et.al. [25] compares linear problems in NEAT to nonlinear 
problems in SVM and evaluate them using RMS. The study concluded that a 
nonlinear approach is more accurate than a linear. 
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RNN LSTM is in relation to SVM a modern method in machine learning appliances 
and has had variating performance through studies. In time the series prediction 
report by Y. Tian, L. Pan [26] they came to the conclusion that RNN LSTM had a 
significant lower RMSE in comparison to other ML methods including SVM, when 
it came to short term prediction of traffic flow.  Y. Duan, Y.  LV and F. Wang [27] 
made a comparative study step ahead prediction of LSTM in the range of 1 to 4. 
They found that the RMSE was low for 1-step ahead and significantly increased in 
further steps. 
 
In the study written by F. Gers, D. Eck and J. Schmidhuber [28] they found that 
LSTM can have issues finding chaotic patterns which in their case a multilayer 
perceptron did not. They came to the conclusion that LSTM should be used in 
cases in which traditional methods fail. 
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Chapter 3 

Method 
 
3.1 Dataset 
 
The dataset used in these experiments are from the Australian New South Wales 
Electricity Market. The market price is set every 5 minutes and is determined by 
the demand. Like many other electricity markets fluctuations are highly dependent 
on factors such as seasonality, weather conditions, time of day, etc. [29].  
 
The dataset in the experiment was created by recording the current state of price 
and demand in intervals of 30 minutes, each row in the dataset represents one of 
these samples [30]. Furthermore, the dataset consists of 9 columns which 
represent 9 unique attributes of which the following 5 used in the experiment are 
detailed below. 

• Date - between the dates 7 May 1996 and 5 December 1998 
• Period - being the index of the days half-hour. Between 0-48 (24 hours). 
• New south wales price (NSWP) 
• New south wales demand (NSWD) 
• Class/Target - identifies as UP or DOWN relative to the price average of 

the past 24 hours 
 
The columns of data excluded are: 

• Day, index which represents the day of the week 1-7 
• Victorian price (VICprice) 
• Victorian demand 

 
When retrieved the dataset was already normalized by A.Bifet [30]. The original 
dataset was used for a classification problem therefore the need for adjusting the 
dataset to represent a 30-minute forecast was implemented. 
The dataset was adjusted by iterating over the data with the pseudo-algorithm in 
figure 3.1. 
 
 

 
Figure 3.1: Pseudo-algorithm used for adjusting the datasets class label to fit a 30-minute future 
forecast. 
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A visual representation of the final dataset used is shown in table 3.1. The date, 
period, market price and market demand are normalized from 0-1, the class labels 
(“UP” or “DOWN”) were swapped to a binary integer for machine learning 
compatibility. 
 
Date Period nswprice nswdemand Class 

Range (0,1) Range (0,1) Range (0,1) Range (0,1) Binary 

Table 3.1: Table visualization of the final dataset used for training and testing in the experiment. 

 
3.1.1 The Dataset Visualized 
 
In figure 3.2 and 3.3 graphs of the price and demand over all of the data is 
visualized for an understanding of how the price and demand varies in the dataset. 
In figure 3.4 and 3.5 graphs of the price and demand and are displayed over a day. 
The dataset has a tendency to relate to the market patterns and behaviour 
described in section 2.2.1 and 2.2.2. 
 

 
Figure 3.2: A graph of the normalized nswprice over the whole time period of recorded data, time 
index refers to each timestamp in the dataset, each time index represents 30 minutes or 1800 
seconds. 

 

(1800 seconds/step) 
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Figure 3.3: A graph of the demand over the whole time period of record data, time index refers to 
each timestamp in the dataset, each time index represents 30 minutes or 1800 seconds.  

 

 
Figure 3.4: A graph of nswprice over a day, time index refers to each timestamp row in the dataset, 
each time index represents 30 minutes or 1800 seconds. 

(1800 seconds/step) 

(1800 seconds/step) 
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Figure 3.5: A graph of nswprice over a day (same day as Figure 3.3), time index refers to each 
timestamp row in the dataset, each time index represents 30 minutes or 1800 seconds. 

3.2 Implementation 
 
3.2.1 RNN 
 
All parameters and functions refer to Tensorflow in Python3. Implementation of the 
theoretical parameters and functions. I.e. LSTM refers to a built-in layer available in the 
Tensorflow library. 
 
The final RNN model consisted of 6 LSTM layers each followed by a dropout in the 
variation of 0.1-0.5. The batch size was 64 and each sequence consists of 96 
values from the data. Two dense layers are present, the first has an input size of 
32 with a rectified linear unit (ReLU) activation function followed by a dropout of 
0,2. The last dense layer has an input size of 2 with a softmax activation function. 
The model is compiled with an Adam optimizer with a learning rate of 10-4 and a 
decay of 1e-6, the loss function is sparse categorical cross entropy. 
 
Each model was trained for 10 epochs. The model state with the best validation 
accuracy was saved using Tensorflows checkpoint function. For a full view of the 
RNN architecture see Figure A.6 
 
 
  

(1800 seconds/step) 
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3.2.2 SVM 
 
The SVM was written in Python3 with Scikit-learn, the data used is pre-processed 
in the same way as the RNN. The SVM is imported with scikit-learns svm.SVC 
method and implemented with the parameter C set to 1, the kernel set to ‘rbf’ and 
the gamma set to 0.1.  
 
The C parameter is a penalty parameter of the error term, gamma defines how far 
the influence of a single training example reaches [31]. The kernel parameter 
defines what kernel function to use. RBF kernel function is defined in equation 3.1 
where 2!2 represents gamma and d(x, x’) is the Euclidean distance function [32].  

 

"($, $&) = )
*+

,-.,./0
1

231 4
 

Equation 3.1: RBF kernel function 

 
The SVM was then implemented with a 10-fold cross validation and with a plotted 
ROC curve.  
 
 
3.2.3 K-fold Cross Validation 
 
K-fold CV is a method in which the training data is split in k folds and variate 
between which fold is validation data. In statistical analysis this method is used to 
estimate the prediction error, in machine learning this also serves as a method to 
extract the model which performance best using the same dataset.  
 
The outcome of this is training k different models, in a real-world application usually 
one would select the model with the best validation accuracy for implementation. 
Below follow two figures visualizing the process of k-fold CV in figure 3.7 in 
comparison to the process of training and evaluation without CV in figure 3.6. 
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Figure 3.6: A visualization of the process of splitting data, training and evaluation without cross 
validation. 

 

 
Figure 3.7:  A visualization of the process of splitting data, training and evaluation without cross 
validation in a RNN. 
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3.2.4 Evaluation 
 
Evaluation of the RNN method was performed by using Tensorflows evaluate 
function on each of the models with the best validation accuracy. A similar 
approach was used for the SVM where Scikit-learns predict method was used with 
the test data for every fold and the best prediction model was chosen for evaluation 
with the test data. 
 
With the prediction accuracies obtained from these two methods we then 
calculated the average prediction accuracy (equation 3.1), SD (equation 3.2) and 
SEM (equation 3.3), maximum prediction accuracy and minimum prediction 
accuracy. 
 
 

56)789) = 	
1
<
=>7)?. 8AAB

C

BDE

 

Equation 3.2: Average prediction accuracy 

 

FG =	H
1
<
=(>7)?. 8AAB 	− 56)789))2
C

BDE

 

Equation 3.3: Standard deviation of average prediction accuracy 

 

FJK =	
FG

√<
 

Equation 3.4: Standard error of the mean of average prediction accuracy 

Additional evaluation of both models was performed with a confusion matrix which 
displays how the models predict by giving us the data of every prediction compared 
against the true values.  
 
 
Tot = number of 
classifications Predicted Down Predicted Up 

Sum of 
target results 

Actual Down True Negative (TN) False Positive (FP) TN+FP 
Actual Up False Negative (FN) True Positive (TP) FN+TP 
Sum of predictions TN+FN FP+TP  
Table 3.1: Example of confusion matrix 

 
The Confusion Matrix (table 3.1) is a 2x2 matrix which contains the True Negative, 
False Positive, False Negative and True Positive values. The True Negative and 
True Positive values represent the correctly predicted classifications, while False 
Negative and False Positive values represent the incorrectly predicted 
classifications.  
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Using the confusion matrix, it is possible to calculate different ratios that are 
interesting in an evaluation. The two values that is interesting for this study is the 
sensitivity and the specificity.  
 
The sensitivity (Equation 3.5) (also called the true positive rate) is the rate of how 
well the classifier predicts rising electricity prices correctly. The specificity 
(Equation 3.6) ratio tells us how well the classifier predicts declining electricity 
prices. The goal with an optimized classifier is to achieve a high sensitivity and 
specificity as possible. 
 
 
 

F)<MNON6NOP = 	
QR

ST + QR
 

Equation 3.5: Sensitivity equation 

 

F>)ANVNANOP = 	
QT

QT + SR
 

Equation 3.6: Specificity equation 

 
The third and final evaluation technique used was the ROC curve and AUC value.  
 
ROC curve is implemented in Scikit-learn with predicted values and actual values 
as parameters which returns the True Positive Rate (TPR) and False Positive Rate 
(FPR), these rates are then plotted against each other together with a reference 
line representing a 50% accuracy rate.   
 
The AUC is calculated from TPR and FPR and is a value between 0 and 1 which 
represents the area under the ROC curve. A high AUC (closer to 1) implies a good 
performing classifier, while a classifier with a low AUC (below 0.5) performs worse 
than randomly guessing. 
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Chapter 4 

Results 
 
The result is divided into three parts which represent the three different evaluation 
techniques done during the study.  
 
The first part represents the validation and prediction accuracy of both methods, 
we look at a comparison of the model with the highest, the lowest and average 
accuracy over the ten-fold cross validation.  
 
The second part contains the confusion matrix where different values calculated 
from the matrix is presented. 
 
In the third and final part of the results, the ROC curve is visualized in a diagram 
together with the calculated AUC value.  
 
 
4.1 Prediction Accuracy 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Table 4.1: RNN-models cross fold accuracy.              Table 4.2: SVM-models cross fold accuracy 

 
The second column in Table 4.1 and 4.2 is the validation accuracy, this is the 
accuracy of the validation that is done during each training phase. In the third 
column the prediction accuracy is presented for each fold. The prediction accuracy 
is the accuracy gained from prediction of test data (previously unseen data). 
 
The last five rows of the table contain the average accuracy, SD, SEM, maximum 
accuracy (max. acc.) and minimum accuracy (min. acc.) calculated from the ten 
folds of the different accuracies. 

Fold 
Validation 
accuracy  

Prediction 
accuracy 

1 0,662 0,608 
2 0,658 0,609 
3 0,651 0,607 
4 0,591 0,604 
5 0,632 0,606 
6 0,590 0,614 
7 0,565 0,609 
8 0,524 0,610 
9 0,595 0,617 

10 0,583 0,593 
Average: 0,605 0,608 
SD 0,045 0,006 
SEM 0,014 0,002 
Max. acc. 0,662 0,617 
Min. acc. 0,524 0,593 

Fold 
Validation 
accuracy 

Prediction 
accuracy 

1 0,544 0,585 
2 0,554 0,591 
3 0,555 0,585 
4 0,562 0,590 
5 0,587 0,557 
6 0,599 0,595 
7 0,604 0,588 
8 0,587 0,576 
9 0,555 0,594 

10 0,574 0,593 
Average: 0,572 0,585 
SD 0,018 0,012 
SEM 0,007 0,004 
Max. acc. 0,604 0,595 
Min. acc. 0,544 0,557 
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Figure 4.1 and 4.2 are visualizations of how the validation accuracy and the 
prediction accuracy compares to each other for each fold. 
 

Figure 4.1: RNN-models cross fold accuracy percentage 

 

Figure 4.2: SVM-models cross fold accuracy percentage 
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The results regarding prediction accuracy used for comparison is collected from 
Table 4.1 and 4.2 and presented in Table 4.3. 
 
Values RNN  SVM 
Average pred. acc. 0,585 0,608 
SD 0,012 0,006 
SEM 0,004 0,002 
Max. pred. acc. 0,595 0,617 
Min. pred. acc. 0,557 0,593 
Table 4.3: Comparisons of the two methods. 

 
Table 4.3 contains average prediction accuracy (average pred. acc.), SD, SEM, 
maximum prediction accuracy (max. pred. acc.) and minimum prediction accuracy 
(min. pred. acc.) calculated from both methods models.  
 
 

4.2 Confusion Matrix 
 

Tot = 9015 Predicted Down Predicted Up Sum of target result 
Actual Down 3922 2806 6728 
Actual Up 841 1446 2287 
Sum of predictions 4763 4252  
Table 4.4: Highest performing RNN-model confusion matrix 

 
Tot = 9015 Predicted Down Predicted Up Sum of target result 

Actual Down 3365 1401 4766 
Actual Up 2051 2198 4249 
Sum of predictions 5416 3599  
Table 4.5: Highest preforming SVM-model confusion matrix 

 
Table 4.4 and 4.5 contains the confusion matrix for the highest performing models 
of the RNN and SVM, these values are generated by both respective algorithms.  
 
The sensitivity and specificity of the classifier is calculated with equations 3.5 and 
3.6 using values obtained from the confusion matrix. 
 
Sensitivity: 
F)<MNON6NOPWXX = 0,6322… ≈ 0,632 
F)<MNON6NOP_`a = 0,5172… ≈ 0,517 
 
Specificity: 
F>)ANVNANOPWXX = 0,5829… 	≈ 0,583 
F>)ANVNANOP_`a = 0,7060… 	≈ 0,706 
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4.3 ROC Curve and AUC 
 
In figure 4.3 and 4.4 follows the ROC curves for both methods top performing 
models. The dotted red line is a theoretical model using random guesses which is 
commonly used as a benchmark in the ROC curve. The legend in both diagrams 
display the AUC of both models.  
 

Figure 4.3: Best SVM-model ROC curve with AUC score. 

 
 

Figure 4.4: Best RNN-model ROC curve with AUC score.
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Chapter 5 

Discussion 
 
5.1 Discussion of Results 
 
In this study, two classifiers from two different machine learning methods were 
compared on their ability to accurately predict future electricity prices. This section 
contains discussions regarding the results presented in chapter 4. 
 
 
5.1.1 Discussion of Prediction Accuracy 
 
The results in table 4.3 in section 4.1 regarding accuracy, we identified a marginal 
difference between the SVM and RNN. The SVM had a higher accuracy in 
average-, maximum- and minimum prediction accuracy of the models, as well as 
a lower SD and SEM. All the above results points to the SVM being a better 
performing method in forecasting electricity prices. 
 
Most noticeable is the SVMs standard deviation of +/- 0,6% compared to +/- 1,2% 
in the RNN which makes the SVM method less likely to fluctuate depending on the 
fold of the given dataset. 
 
The results from this comparison of accuracies is in line with the results obtained 
by Z. Li and V. Tam [24] of predicting stock prices with the results from our study 
having a higher prediction accuracy. 
 
 
5.1.2 Discussion of Confusion Matrix, Sensitivity and 
Specificity 
 
From table 4.4 and 4.5 we calculated both classifiers sensitivity and specificity. A 
well optimized and well performing classifier will have a sensitivity and specificity 
close to one.  
 
The best performing RNN-model had a higher sensitivity at 0,632 compared to 
0,517 in the highest performing SVM-model, this implies that the RNN has a higher 
true positive rate which tells us that the model predicts a correct rising electricity 
price more frequently than the SVM. However, the SVM-model did reach a 
specificity at 0,706 and outperformed the RNN-model with its score at 0,583, this 
implies that the SVM is better at predicting falling prices.  
 
There are classification problems that require either a higher sensitivity or 
specificity. However, in this case they are both equally valued, therefore we cannot 
draw a conclusion whether a model outperforms the other.  
 
One could argue that the RNN-model is the better choice due to it being more 
stable with a smaller difference between its sensitivity and specificity. However, 
you could argue that the SVM-model is the better choice because it has a much 
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higher specificity and it will predict a lowering price more accurately. Ultimately 
assessment of the models by these values depends on what the user expects from 
the classifier, or how the user develops the management system around the 
classifier. 
 
 
5.1.3 Discussion of ROC Curve and AUC  
 
The diagrams in section 4.3 (Figure 4.3 and 4.4) represent the ROC curve and 
AUC of both methods highest performing model which are discussed in this 
section. 
 
Comparing the models ROC curve by its own is not interesting while 
benchmarking. However, the RNN-model has its peak notably higher in the 
diagram, which is a result of its higher sensitivity.  
 
More interesting in a benchmarking point of view is the AUC value calculated from 
the ROC curve. In this evaluation we see a minimal however noticeable difference 
of 0,004 between the two models AUC, with the SVM-model having a higher AUC 
score of 0,612 compared the RNN with 0,608. 
 
 
5.2 Discussion of Method 
 
5.2.1 Discussion of the Dataset 
 
This specific dataset was chosen for a few reasons. Firstly, the data represents the 
specific field in which we were to investigate, namely electricity markets. Secondly 
the data was highly suitable for machine learning implementation referring to size, 
labels, normalization etc. In result this relieved a lot of time so that we could focus 
on creation and evaluation of the models. 
 
A factor that possibly affected the final result is that in the electricity market during 
the time of data collection transfers occurred to a neighbouring state to prevent 
fluctuations [30]. The possibility to include these attributes such as the price and 
demand of the neighbouring state (Victoria) was investigated. However, the 
decision not to include these attributes was based on the fact that the partnership 
began a time after the initial start date of data collection.  
 
It is worth mentioning that this study is specialized to an Australian electricity 
market, and a generalization of the algorithm is therefore not explored. It would 
however be interesting to test the model on several similar markets to evaluate if 
the results hold, for now we can only assume the results hold for the specific 
market. 
 
 
5.2.2 Discussion of Implementation 
 
The base structure of the RNN was inspired by Tensorflows guidelines [33] to 
follow best practices. Tensorflow was chosen for the reason it being a library 
specialized for deep learning. The choice of final model parameters was a lengthy 
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process of trial and error and concurrent research in evaluating model performance 
[34].  
 
In depth we experimented with LSTM layers in a range from 2-10, we found that 6 
seemed to produce the best loss graph in reference to guidelines as [34]. Batch 
size was experimented with sizes as 32,64,128 and 256. The choice of 64 followed 
the same procedure as the LSTM layers. Worth noting is that we used 
cudNNLSTM which is the GPU-accelerated implementation of LSTM by Nvidia to 
speed up training. 
 
Dropout variation was also experimented with, we found these did not have the 
same major impact as differentiating LSTM layers, we did however increase the 
dropout from being around 0,2 in all layers to 0,5 then declining to 0,1. 
Following every dropout we used a batch normalization, in theory batch 
normalization would also help mitigate overfitting therefore a discussion arises if 
both dropouts in combination with dropouts are needed. This is something we did 
not experiment, and it should therefore be investigated in future work.  
 
The choice of an Adam optimizer and Softmax activation function was not 
thoroughly investigated, we acknowledged the fact that it was used in other 
implementations, therefore this should also be a parameter to investigate in future 
work. We strongly believe this model could be further developed for the given 
dataset with time, resources and expertise. 
 
Implementation of the SVM was partially inspired by a tutorial in machine learning 
with Scikit-learn [35] and the study by D. Karmiani et. al.  [36]. The choice to use 
an RBF kernel function was done because it was used in several other studies, as 
well as that it gave the best prediction accuracy compared to linear and polynomial 
kernel functions. The RBF kernel has the slowest runtime of these three functions 
which may be a reason to use the polynomial function for nonlinear problems 
instead. The issue of runtime is however not a factor that we have considered in 
this study and therefore the RBF was a better choice. 
 
Both the RNN- and SVM-method used a 10-fold CV that was implemented with 
identical functionality. Notably there are a few variations of CV out there, and for 
time series, walk-forward optimization is applicable and could be a method to 
further increase the model accuracy [37] [38]. 
 
As a side note we would also like to point out that we trained the models on the 
original dataset [30], without the altered target class and produced a true prediction 
accuracy of 97-98%. This is not surprising it being a different classification problem 
which we believe follows a more consistent pattern, however this serves as a 
possible indication that improvements of accuracy for both models can mainly be 
found in data selection. 
 
 
5.3 Future Work 
 

• Expand the scope of the dataset to several datasets from different markets 
to see if SVM is in general more accurate than RNN in EPF. 

• Evaluate the methods with a walk-forward cross validation, to investigate if 
an approach suited for time-series forecasting will have a different impact 
on individual methods. 
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Chapter 6 

Conclusion 
 
From the tables in the results SVM outperformed the RNN in regard to maximum, 
minimum and average prediction accuracy. Furthermore, over the 10 cross folds 
the SVM displays a more stable average accuracy in the form of a lower SEM. The 
SVM also had a larger AUC in the ROC diagram in relation to the prediction 
accuracy. The RNN showed a higher sensitivity compared to the SVM which 
showed a higher specificity.  
 
A conclusion drawn from this is that even though the difference in accuracy is 
marginal there are clear differences in how the methods would perform in an EMS 
depending on implementation.  
 
While the results in the study are final it is worth noting further tuning of the models 
can be developed as noted in chapter 5. 
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Appendix 
 

A.1 Step graphs 
 
Step graphs are unsmoothed which show accuracy or loss in percentage on the y-axis 
relative to the epoch on the x-axis of the RNN 

model.  
Figure A.1. Training Accuracy for RNN model, 10-fold. 



APPENDIX 
 

 

31 

 

 
Figure A.2. Training loss/step for RNN model, 10-fold. 

 
Figure A.3. Validation accuracy/step for RNN model, 10-fold. 
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Figure A.4. Validation loss/step in RNN model, 10-fold. 
 
A.2 Wall graphs 
 
Wall graphs are unsmoothed graphs which show accuracy or loss in percentage on the y-
axis relative to time on the x-axis, even though this paper does not include time to build a 
model as an evaluated metric the graphs give an improved visual representation of the 
models graphs due to the implicit relation between epochs and time and therefore serves 
complementary to step graphs. The wall graphs follow time and therefore run 0 correlates to 
leave most line plot. 
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Figure A.6.1 Part 1. 
 

 
Figure A.6.1 Part 2. 
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Figure A.6.2 
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Figure A.6.3 
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