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Abstract

Timely and accurate electricity price forecasting is essential for the efficient oper-
ation of competitive electricity markets. However, predicting day-ahead electricity
prices remains challenging due to market volatility, anomalous price observations, and
complex nonlinear relationships in electricity price dynamics. This study proposes a
novel ensemble forecasting framework for predicting day-ahead electricity prices in
the German electricity market. The framework integrates classical time-series models,
machine-learning approaches, and hybrid models as base learners, and combines their
forecasts using three weighting strategies based on validation performance, model
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diversity, and error minimization. To enhance forecasting robustness, six years of
hourly electricity market data were preprocessed to detect and normalize anomalous
observations. Experimental results demonstrate that the proposed ensemble frame-
work consistently outperforms individual classical time-series models, standalone
machine-learning models, and hybrid approaches. Among the benchmark models,
hybrid models show better predictive performance than classical time-series methods
but remain inferior to the proposed ensemble strategies. The findings highlight the
importance of anomaly treatment and intelligent model combination for improving
electricity price forecasting accuracy. The proposed framework provides valuable
insights and practical forecasting tools for energy traders, grid operators, and policy-
makers involved in electricity market decision-making.

Keywords: Electricity Price Forecasting, Anomaly Detection, Ensemble Learning, Machine
Learning, STL Decomposition.vector autoregressive, autoregressive moving average,
autoregressive neural network, k-nearest Neighbors

1 Introduction

To have an efficient and secure deregulated energy market, it is important that electricity
prices should be forecasted accurately. An accurate assessment of what the firms must
pay for power and the direction and magnitude of its volatility plays a role in many types
of decision making, including trading, risk management, and grid stability [26]. Fore-
casting electricity prices is a complicated task because electricity is a unique commodity
having its specific features: it cannot be stored, and demand for electricity must match
supply instantaneously; this leads to a time series with dramatic volatility, sharp price
spikes, complex seasonal patterns (daily, weekly, yearly), and the potential for excessive
shocks accounting for weather, fuel prices, renewable generation, etc, [30; 14]. While
many statistical model types exist to model electricity price data (e.g., ARIMA), the non-
linearities, compounded with the high frequency of data have encouraged researchers in
the field of electricity markets to turn to machine learning model types [13; 16]. These
models (e.g., neural networks and ensemble methods) have a greater ability to identify
these nonlinearities, especially when large datasets are created. This research program
aims to develop a method of forecasting that carefully considers and tackles the unique
challenges facing electricity markets when determining price forecasting, through careful
data preprocessing and careful model selection and implementation also contributes to
the research efforts to make reliable forecasts with some accuracy of what will take place
in the fluctuating German electricity market. Research along with forecasting model
applications have garnered substantial attention from various research domains during
the previous decades. The development of multiple forecasting models has emerged
during recent years to estimate electricity prices. A substantial number of investigations
along with numerous experiments have emerged from different perspectives to create
advanced electrical power system management and electricity market forecasting models
for electricity prices.The research in [25] examined data preprocessing algorithms for
forecasting while [29] focused on feature selection methods. A review of the related
literature reveals that almost all models can be regarded as hybrid forecasting models.
The hybrid electricity price forecasting (EPF) model introduced by [28] combines linear
and nonlinear prediction functions to analyze three real-world electricity markets. The
new hybrid model developed by [5] achieved accurate EPF predictions after testing with
four case studies from the European Power Exchange Spot. The adaptive hybrid model
developed by [29] proved its effectiveness through testing with three actual electricity



market datasets. Studies using hybrid forecasting methods that incorporate the learn
from strong to offset weaknesses concept progress by utilizing the unique advantages
of multiple methods because of the identified deficiencies in single forecasting models
and the current trends in EPF research. New and innovative perspectives in EPF research
emerge through these approaches.

Continuing on this base, it becomes evident that reliable EPF is challenged by anoma-
lies, i.e. extreme price spikes or drops of the market, which are induced by the disruption
of the market, supply shocks, or changes of the policies. When not mitigated, these
problems can lead to a distortion of model estimation and highly exaggerated forecast
errors, as well as misrepresented estimation uncertainty [21]. Although classical time
series models such as ARIMA and seasonal decomposition can be useful to explain linear
trends and regular patterns of seasons, they are usually not successful in explaining such
unusual events and non-linear dynamics of the modern electricity market. Due to this,
they are largely not useful as benchmarks particularly under highly volatile conditions
where the unmodeled anomalies could greatly reduce the forecast accuracy and oper-
ational reliability. Thus, the methods of identifying and dealing with anomalies have
become essential to enhancing the accuracy of classical and novel forecasting strategies.
This explains why the complex hybrid frameworks that have been mentioned above are
necessary.

The last years were characterized by significant advancement in applying machine
learning (ML) methods to electricity price forecasting (EPF). The methods have superseded
classical autoregressive and naive standards. Artificial neural networks (ANN), k-nearest
neighbors (KNN) and autoregressive neural networks (ARNN) have been found to be
more effective in capturing complex price patterns [19]. It is becoming popular as ensemble
learning methods that are combinations of multiple individual models. They leverage
mutual strengths and contribute to reducing the variance of predictions when forecasting
is used at the same time with others of its kind [1; 3]. These are ensemble and ML-based
forecasting methods that are logical extensions of previous forecasting methods.

According to the review by Weren, the approaches to electricity EPF have been studied
throughout the years [26]. These modern techniques might be more computationally
intensive, as demonstrated in the study by [14] but the power of computers is increasing,
so this cost should no longer be a concern. Deep learning (DL) as a component of EPF
is also fairly recent, and the research started gaining momentum in 2016 or later on [17].
This study is based on the previous studies on hybrid and ensemble forecasting whereby
emphasis has been put on long term trends, seasonal trends, and random sub-series to
form very accurate forecasts.

Hybrid models which take after other approaches have also been created [7; 9]. A
single study [18] developed a mid-term load forecasting model which employed input
of normalized seasonal cycles and trends. This model was superior to others such as
Prophet, ETS and ARIMA by 13.7%, 17.4% and 25% percent mean absolute percentage
error (MAPE). This method has the prospects of both mid-term and short-term electric
power demand prediction.

Graph neural networks are applied in models such as Price FM, which considers
spatial dependence between European markets resulting in the creation of more robust
probabilistic predictions [27]. Another form of regime-conditional neural processes (R-
NP) is a regime detection used with multi-criteria optimization. This can deal with the
structural breaks and regime shifts that are important in maintaining some accuracy
during turbulent market times [6] Fueled by these developments and the practical issues
in predicting the price of electricity the present paper examines classical time series models,
machine learning algorithms, and an emerging ensemble framework. This model employs



various weighting models on the ground of training and validation performance using
hourly data 2018-2023. This is aimed at bridging the gap between theory and practice
observing the multifaceted nature of the electricity market today with a combination of
both proven and emerging forecasting techniques.

In addition, STDF has been implemented in smart grids in cities of Australia. This
shows that ANNSs are powerful in terms of generalization of this purpose[? ]. Nevertheless,
it has a number of disadvantages. These are the risk of overfitting, slow convergence rate
and easily getting stuck in a local optimum. There is an increase in renewable energy
sources, and that complicates the process of predicting smart grid loads. To have good
forecasting results, more advanced technologies are required. The recent developments
of these techniques emphasize valuable input by researchers like, but not limited to,
[23; 20; 22; 8; 12; 10].

Their innovative work is pushing the field forward, making it important to stay
updated on these significant developments. The main objects of the current study is:

¢ To analyze short-term electricity price dynamics within the Munich, German day-
ahead market, using hourly data for the entire period from January 2018 to December
2023.

¢ To evaluate the forecasting performances of conventional time series models includ-
ing autoregressive and naive methods.

* To assess machine learning predictive abilities such as k-nearest neighbors (KNN),
artificial neural networks (ANNSs), and autoregressive neural networks (ARNNS).

* The proposed an ensemble forecasting framework where outputs of several individ-
ual models would be integrated.

* Design and benchmark three weighting strategies for ensembles:

1. Equal weights (Ensemble A)
2. Weights based on inverse training errors (Ensemble B)

3. Weights based on validation accuracy (Ensemble C)

* Rank the forecasting methods considering empirical performance and identify the
most effective approach for short-term EPF.

* Provide insights on the advantages of the validation-based weighting schemes in
improving forecasting accuracy in the context of competitive electricity markets.

A variety of forecasting techniques are employed to achieve these objectives. Tra-
ditional statistical models such as regression analysis, time series models like AR, and
naive methods are widely used for their trend and pattern recognition robustness. On the
machine learning front, methods including k-nearest neighbors (KNN), artificial neural
networks (ANN), and autoregressive neural networks (ARNN) are applied due to their
ability to model complex nonlinear relationships within large datasets. Moreover, The en-
semble proposed here incorporates three weighing schemes: Ensemble A (equal weights);
Ensemble B (weights based on inverse training errors); and Ensemble C (weights based on
validation accuracy), approaches that blend statistical and machine learning techniques
are increasingly popular, offering enhanced accuracy by leveraging the strengths of both
methodologies.

The rest of the study follows in Section 2, and that section discusses preparing the data.
Section 3 discusses the models suggested in this paper. Section 4 discusses the methods of
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treatment of anomalies,Section 5 discusses the alternative methods. In Section 6 discusses
measures of quality and implementation of the methodology and discusses the results. It
includes also discussions of the electricity price data, and measures of quality. In Section
7 we present the results and discussion. Lastly the paper concludes with some remarks
(Section 8) about the concluding remarks and ideas for future research.

2 PREPARATION OF RAW DATA

This study focuses on achieving a good, accurate, and efficient one-month-ahead forecast
for Germany electricity price. In Line with this goal a sequential approach was conducted
to model and forecast the electricity price time series in Germany. A sequential approach
was developed as the goal was to better understand the unique complexities of forecasting
electricity prices considering the tendency towards complex structure with missing values,
a nonlinear long-run trend, strong seasonality, high volatility, non-normality, and non-
stationarity which are highly problematic for static forecasting. The main goal of this
study is to achieve an accurate and efficient one-year-ahead forecast for Munich, Germany
electricity price. The authors conducted a step-by-step process to analyze and predict
Munich, German electricity prices using time series data for this purpose. The authors
investigate the intricate patterns which govern electricity price movement throughout
different time periods. The observed characteristics will include anomalies in the data
points when using the moving filter on price.

This is the new strategy that will address the price series anomalies. These abnormal-
ities will be identified and substituted with normal values. This will guarantee a more
accurate set of data. Once this meticulous manipulation is done, then the series of prices
will be anomaly-free. This will allow for more accurate analysis and decision-making. The
second stage is to take the natural logarithm of the series which would reduce variance and
heteroscedasticity associated with the time series. The third stage is an explicit treatment
of the deterministic components that we will model and detrend which in this case is a
linear long run trend and yearly seasonality in the data. We will denote the log of the
hourly price series as Log(Y);; j shows the i hour data point. Thus, the dynamics of the
log hourlyprice times series, Log(Y);, may be described as:

log(Y;) = exp(&i + pj + ¥) (2.1)

The log(Y;) represents the sum of three components which include the long-run linear
trend component (g;), the yearly seasonality component (p;), and the residual component
(yj)- The (y;) component depends on the series values (1,2,3,---,j) and is estimated
through regression splines and dummies which capture the annual periodicity p;, k =

Z%il ¢r ¥ k- The variable ¥ ; holds the value of 1 for the k" hour and 0 for all other hours.
The regression coefficients (¢) which correspond to these components are computed
through the ordinary least square method. The residual or stochastic component can be
computed after obtaining the estimated deterministic component (long-run trend and
annual periodicity) as follows:

yj = log(Y;) — (Gj+p)) (22)

The preprocessing of electric power price time series (Y;) involves first handling missing
values through imputation and then stabilizing variance and standard deviation before
removing deterministic properties before modeling the residual y; series. This study
examines five individual time series models together with three ensemble models for the



modeling of the residual y; series after completing the preprocessing of electric power
prices. The upcoming subsection presents details regarding all forecasting models that
have been included in this study:.

Table 1: Descriptive Statistics of Germany electricity price (MW)

Statistic Value
Minimum 0.10
1st Quartile 42.83

Median 53.57
Mean 56.60
3rd Quartile 67.83
Maximum 324.20

Standard Deviation 19.65

150 250
| |

Electrcity prices

50
|

2018 2019 2020 2021 2022 2023 2024

Year

Figure 1: electricity prices: The hourly filtered electricity prices is shown

3 The proposed ensemble models

At its core, an ensemble technique integrates outcomes from various models, each metic-
ulously calibrated before unity. This approach capitalizes on the inherent strengths of
individual models while compensating for their inherent limitations. The initial step of
this investigation uses ensemble methods to create weights which integrate outcomes
from individual models. The proposed ensemble system contains three separate weight-
ing approaches which consist of Ensemble (A) that provides equal weights to all single
models and Ensemble (B) which uses training average accuracy errors (1) and Ensemble
(C) which uses validation mean accuracy measures. The model assigns higher weights to
the ensemble model when training and validation datasets have reduced mean accuracy
errors while models with higher mean accuracy errors receive lower weights for their
ensemble contribution. The model weights exist as small positive values and their sum
equals one thus representing the percentage reliance or expected performance on each
model. After estimating the long-run trend component together with annual periodicity
using spline regression and dummy variables the following step involves forecasting y;
with five single and three proposed ensemble models. The following equation shows the
method to calculate hour electric power price for upcoming hours forecast in this research.

Y]- +1= exp(cfj +0; + ;) (3.1)
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4 Alternative methods

In this section we discussed some of the popular classical time series models and machine
learning models. The results of the suggested and aternative models are compared.

4.0.1 AutoRegressive (AR) model

An AR model is core of TS analysis, that regresses the current value of a variable on its
previous values. The univariate AR model predicts a variable by its own observations
from the past. The AR model of order P, AR(p), describes the current value as a mixture of
j preceding values and a random error term. Here is the mathematical representation:

p
yi=v+ 2(51]/];1 +¢; 4.1)
I=1

Where yjis the current value, v is a constant term, the parameters of the model are J;,
and ¢; is the error term. The model is therefore able to capture temporal dependencies
in the data, rendering it relevant in several applications including, but not limited to
economics, engineering, and environmental science. The current values are identified
and given as per the formulations in equations mentioned above. Current value based on
previous data with stimulus by the number of days. In most of the studies AR(7) is used

for example [11; 21], So in this paper we also use AR(7).

4.0.2 The naive Benchmark

This section describes a naive predictive model classified in similar-day techniques and,
according to the research, is the best naive approach in accuracy [11]. The methodology
can be described as follows:

1. Identification of Reference Day: That is to forecast the Monday. Now for the preced-
ing day (Sunday), denote all metrics as y*.

2. Compiling Similar Days: Collect this data from other Sundays apart from y* to form
a pool of comparable days.

3. Calculated MAE:Calculate the MAE for y* and all other Sundays in the validation
set, then create a vector of MAE values.

4. Optimal Match: Identify the Sunday that corresponds to the minimum MAE, then
data from next Monday will show what will happen on the target Monday. This
procedure will go for all the days of a week. This would mean that the day before
the intended day behaves like all the other days of such a type and thus improves
one’s forecast performance.

4.1 k-Nearest Neighbors

k-Nearest Neighbors (KNN) is a well-known non-parametric technique in machine learn-
ing, effective for solving both classification and regression tasks. The core concept of KNN
is based on the idea of learning by analogy. When estimating the target value for an unseen
instance, the model looks for the k nearest neighbors within the training set. This process
involves computing the distance between the new instance and all other points in the
set. The Euclidean distance is a frequently used measure that calculates the straight-line
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Figure 2: ACF and PACF Plots. Visualizing the strong daily seasonality (peaks at 24-hour
intervals) and short-term autocorrelation in the hourly electricity price series.

distance between two points in a multi-dimensional space. For instance, when comparing
two time series y = (y1,Y2, - - - ,y]-) and T) = (T, Tp, - - -, le), the distance between the
two time series can be calculated as:

d(y, Ty) = ki(yz — Tj.)?
=1

where, y; and Ty represent the demand values at the I-th interval for the time series y and
T}, respectively.

After identifying the nearest neighbors, the model uses the mean of the target values of
the nearest neighbors to estimate the target value of the new instance. A cross-validation
(CV) technique was used to identify the optimum values of the lag and the k value in this
research. This is necessary as it assists in finding the values that minimise model error,
but not lead to overfitting or underfitting. Through experimentation with variations of lag
and k, the experiment found that a lag of 3 and k value of 7 resulted in the most accurate
predictions on the provided dataset and gave the best tradeoff between the complexity of



the model and its performance in prediction.

4.2 Artificial Neural Networks

Artificial Neural Networks (ANNSs) are a type of machine learning method inspired by
how the human brain processes information. They have several layers of connected nodes
that look like biological neurons. These networks are designed to replicate the brain’s
learning and decision-making processes. Information flows into the system through the
input layer, moves through one or more intermediate layers, and ultimately reaches the
output layer. Each node in the network receives signals from other nodes, processes these
inputs, and sends a resulting output. The strength of the connections between nodes,
referred to as weights, determines the degree of influence one node has over another. A
widely used type of ANN is the feedforward neural network, where data flows in one
direction, from the input layer to the output layer, without any recurrent feedback loops.

Model MAPE MAE RMSE
AR 4.63 6.45 7.22
naive 8.72 9.45 10.94
KNN 4.88 7.23 8.25
ANN 4.68 6.63 7.35
ARNN 4.43 6.17 7.03
Ensemble(A) 3.58 5.63 5.25
Ensemble(B) 3.37 5.43 5.15
Ensemble(C) 3.28 5.35 5.07
Table 2:  Out-of-sample forecasting performance comparison between AR,

naive, KNN,ANN, ARNN,Ensemble(A),Ensemble(B), and Ensemble(C) usingMAPE,
MAE, and RMSE

4.2.1 Autoregressive Neural Networks

An Autoregressive Neural Network (ARNN) is a deep learning model that combines the
principles of AR models with neural networks to capture complex temporal dependencies
in time series data. The fundamental idea behind ARNN is the same as the AR models,
wherein historical values are invested in as an input to predict upcoming values. Nonlinear
relationships however can be captured by ARNN unlike the traditional AR models,
and therefore ARNN is suitable with the complex time series data. In the ARNN(j, 1)
architecture in particular, p lagged inputs and k hidden layer neurons are used. This
architecture is being trained to do one step ahead prediction using the latest past note



300

200

Price (.../MWh)

100

2018 2020 2022 2024
Time

Figure 3: The original time series appears in light gray. The extracted components are
highlighted in color: a strong upward trend in red, consistent seasonal patterns in blue,
and significant outlier events in green. This visualization clearly shows the long-term
direction, predictable cycles, and unexpected volatility in the market.

as input. The ARNN model has certain similarities to the ARIMA models but operates
without having any stationarity requirements. It is also more flexible and can be used
with various kinds of time series data. The equation of the model is as follows:

N
Yir=8 (Z wjz’]/i(t—l)) + Kij(t—l)et
i=1

In which the notation yj; denotes the response of the node j and time t and w;; denotes
the strength of the connection between node j and node i. This expression denotes the
external influences, which is represented by the product of the preceding year terms: the
outside impacts denoted by the term Kx].T( 1) the nonlinear activation term g(+), and the
shock expression t by the term €;. ARNN model is optimized by estimations that include
profile least squares estimation and local linear approximation. Such techniques are useful
in modeling the unclear linking function and also giving good estimates of the parameters.
The model is repeatedly trained using history data to both make one-step-ahead and
multi-step predictions. The ARNN(3,7) model is applied in this research. This implies that
three observations were taken in the past and the hidden layer had seven neurons as an
input and this was determined by trial and error.
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Table 3: Daily forecasting errors of all models

Method Error Days of the Week
Monday Tuesday Wednesday Thursday Friday Saturday Sunday

AR 4.55 3.98 3.15 4.09 3.77 4.88 3.88
naive 5.77 6.57 7.11 5.60 791 8.87 9.31
KNN MAPE 4.83 3.68 4.95 4.26 4.26 5.31 5.43
ANN 4.61 3.42 4.03 3.59 3.89 4.59 5.06
ARNN 429 3.76 3.02 3.94 3.62 3.78 3.47
Ensemble (A) 3.00 3.06 3.17 2.94 2.88 3.26 3.17
Ensemble (B) 3.09 3.04 2.87 2.84 2.77 3.13 3.04
Ensemble (C) 3.05 3.01 2.82 2.77 2.72 3.06 2.92
AR 5.99 6.52 7.09 6.20 7.82 6.01 5.01
naive 7.27 8.96 9.76 7.20 9.92 9.40 8.67
KNN MAE 6.11 7.11 7.29 8.16 8.08 7.99 7.40
ANN 5.98 6.85 6.02 5.70 7.16 5.33 4.68
ARNN 5.68 6.32 6.92 7.61 5.83 4.89 4.93
Ensemble (A) 4.40 5.28 5.16 5.20 425 4.56 427
Ensemble (B) 4.30 5.16 5.07 5.13 5.14 442 4.10
Ensemble (C) 427 5.10 5.03 5.04 5.03 429 4.01
AR 7.09 6.81 6.88 8.23 7.17 6.92 8.00
naive 11.63 10.66 10.76 9.22 10.09 11.33 11.47
KNN RMSE 7.51 7.71 7.30 9.46 8.39 7.06 8.63
ANN 6.29 6.41 6.26 7.99 7.03 6.54 7.84
ARNN 6.88 6.70 6.45 8.14 6.92 6.35 7.79
Ensemble (A) 5.02 5.76 5.27 6.24 5.42 5.66 6.47
Ensemble (B) 493 5.70 5.20 6.14 5.36 5.57 6.36
Ensemble (C) 491 5.69 5.18 6.06 5.28 5.54 6.27
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Table 4: Monthly forecasting errors of all models

Month Errors AR naive KNN ANN ARNN Ensemble (A) Ensemble (B) Ense
MAPE 696 7.23 7.10 6.93 6.77 6.28 6.17
January MAE 756 7.94 7.69 7.51 7.38 7.14 7.03
RMSE 922 984 9.36 9.30 9.04 8.66 8.56
MAPE 6.38 7.65 7.18 6.85 6.21 6.06 5.83
February MAE 6.78  7.42 7.29 7.06 6.34 6.03 5.85
RMSE 859 940 8.89 8.75 8.22 8.08 7.86
MAPE 598 6.93 6.23 6.15 5.62 5.11 4.92
March MAE 6.81 7.92 7.14 7.06 6.59 5.99 5.67
RMSE 723 8.14 7.45 7.32 7.10 6.88 6.74
MAPE 499 6.56 5.85 5.72 4.63 4.15 3.98
April MAE 558 6.68 5.94 5.64 5.27 4.78 4.52
RMSE 634 7.84 7.19 7.07 6.16 5.23 5.15
MAPE 579 7.32 6.29 6.11 5.71 5.45 5.28
May MAE 6.12 7.55 7.16 7.03 6.02 5.56 5.34
RMSE 649 7.44 6.88 6.72 6.23 5.34 5.08
MAPE 598 6.69 5.34 5.17 5.46 4.45 4.34
June MAE 6.34 7.53 6.52 6.46 6.21 5.94 5.73
RMSE 737  8.80 7.29 7.10 7.13 6.54 6.39
MAPE 523 6.02 5.77 5.66 5.12 4.45 4.16
July MAE 647 7.83 6.63 6.51 6.25 5.67 5.88
RMSE 706 794 7.35 7.24 6.90 5.94 5.73
MAPE 345 5.69 4.84 4.73 3.17 2.45 2.26
August MAE 588 757 6.44 6.14 5.77 4.01 3.78
RMSE 6.09 7.51 6.85 6.66 5.79 4.44 3.99
MAPE 639 791 7.20 7.10 6.18 5.34 5.19
September MAE 6.56 8.94 6.99 6.81 6.34 5.14 5.03
RMSE 6.21 7.63 6.75 6.64 6.03 5.27 5.12
MAPE 567 7.34 5.90 6.78 5.40 4.44 4.19
October MAE 6.16 8.75 6.82 6.73 5.82 4.23 4.07
RMSE 6.89 8.54 7.16 7.03 6.33 4.63 4.34
MAPE 511 7.35 5.84 571 4.75 3.88 3.56
November MAE 6.28 8.52 6.71 6.55 5.25 5.04 4.84
RMSE 539 6.66 6.22 6.14 5.08 3.88 3.74
MAPE 523 7.89 5.63 5.58 457 3.29 3.09
December MAE 622 924 6.57 6.39 5.86 4.55 4.45
RMSE 584 9.38 6.48 6.27 541 4.34 4.23

5 Anomalies detectation method

The literature often calls anomalies by different names in various fields. These include
outliers, novelty, flaws, unusual observations, extreme values, change points, intrusions,
misuses, exceptions, aberrations, surprises, peculiarities, odd values, and contaminants
[4; 24]. Anomalies can greatly impact forecasting and estimation. Time series models are
particularly challenging to estimate and forecast because extreme values frequently occur
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in time series data. A crucial step in the data cleaning process for time series analysis
is identifying anomalies and replacing them with normal values. This often improves
parameter estimation and the performance of forecasting models. Anomalies in data
related to electricity consumption or prices can be caused by various events, such as
sudden spikes in demand, power plant outages, severe weather, and more. The box plot
of 60 min electricity prices is plotted in Figure 4. One can see that there are anomalies
present in the prices series. Many strategies are generally used to identify and replace
these anomalies [21]. The moving filter on price method proposed by [2] is used to treat
them in this study.
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Figure 4: Eleectricity price distribution by day of week

5.1 Moving filter on price

The Standard Deviation Filter on price (SFP) is a technique that builds on the concept of
the Moving Filter on price (MFP). While the MFP operates using a rolling window of a
constant width, the SFP utilizes the entire time series.

If we denote the window width as s and the total number of observations in the series
as v, the original time series is divided into w = v/s segments during the first step. The
initial segment of the time series is then processed using the MFP. Anomalies are identified
as price values whose absolute difference from the estimated mean (ji) exceeds a defined
multiple of the estimated standard deviation (SD). Using the MFP filter, the subset of
spikes y;? found is obtained as
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i ={yj: |y — | > 1.64-SD(y)}

After the initial analysis, the window moves forward by a set number of observations, and
anomalies are detected by applying the filtering process to the next window. This process
continues until all w components have been examined. Once the anomalies are identified,
the median value of the corresponding window is used to construct a price series that is
free from anomalies.
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Figure 5: Performance Comparison of Methods

6 Quality Measures

In this section various quality indicators are computed to compare the models and the
electricity data are presented in this section. We turn the projected curves into 60-min
electricity price data to make the comparison easier. The mean absolute percentage error
(MAPE), mean absolute error (MAE), and root mean square error (RMSE) are all used to
evaluate forecast accuracy. The eletricity price data are also presented in this section.
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6.1 Mean Absolute Percentage Error

To calculate the MAPE, divide the average absolute error for each period by the observed
values and multiply by 100. The MAPE is useful for evaluating accuracy when a prediction
variable is large [15]. The MAPE gives a relative measure of forecast error. It shows the
difference between the forecasted and observed values. Mathematically, the MAPE can be
expressed as:

MAPE = mean(|Z2 Y1) » 100
Yim
where y; , is the observed data and y; , is the predicted one-day-ahead electricity load for
i"(j=1,2,...,365) day and m™" (m = 1,2,...,24) price period.

6.2 Mean Absolute Error

To make sure that negative numbers do not cancel out positive numbers, we calculate the
Mean Absolute Error (MAE) by averaging the absolute differences between the forecasted
and actual values for the same time period as follows:

MAE = mean(|y;m — Yjml)

6.3 Root Mean Square Error

The scale of the dependent variable affects the Root Mean Square Error (RMSE) and
causes it to increase. This method compares forecasts from different models applied to the
same dataset. To calculate the RMSE, take the square root of the average of the squared
differences between the actual and forecasted values. Mathematically, it is defined as
follows:

RMSE = \/mean(yj,m — y]fm)2

6.4 Out-of-sample electricity price forecasting

The day-ahead electricity market in Munich, Germany, is one of the largest and most
active in Europe. It shows significant volatility because of the high use of renewable
energy sources, price changes, and regulatory shifts. The data was taken from the
(https : / /data.open — power — system — data.org). The main goal of this study is to model
and forecast 60-minute electricity price data from the Munich market, covering January
2018 to December 2023. To ensure effective modeling and forecasting, we divided the
data into two separate groups: one for model estimation and the other for out-of-sample
forecasts.

e Validation data: From 1%, January 2018 to 31%, December 2022 (43,824 observa-
tions,covering j=1826 days)

¢ Testing data: From 15¢, January 2023 till 1%, December 2023 (8,760 observations,
covering j=365 days.

Using the moving or rolling window method for our one-day-ahead out-of-sample fore-
casts gives us a strong and flexible way to understand electricity prices. This study aims
to shed light on past market behavior and to lay the groundwork for future forecasting
and decision-making in the energy sector.
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The models are estimated using the expanding window approach, and the annual
one-day out-of-sample forecast is derived. The graph 1, the discrete 60-min electricity
pricefrom 1% January 2018 to 31% December 2023. 4 indicates that electricity prices
fluctuate across different days of the week, with noticeable variations between weekdays
and weekends. Prices tend to peak on certain days, suggesting higher demand or market
activity, while relatively lower values are observed on others, highlighting potential off-
peak periods. The graph 2 denotes the acf, pacf used for the order section of AR,ARNN
and KNN models. The graph 5 shows that, the Ensemble methods (particularly Ensemble
B and C) consistently demonstrate the lowest error values across all three metrics (MAE,
MAPE, RMSE), indicating they are the most accurate forecasting models for this dataset.
The naive and KNN methods appear to be the least accurate, consistently showing the
highest error values. The performance of the ANN, AR, and ARNN models falls in the
middle range of the results. The graph 3 The STL decomposition reveals a clear, steady
upward trend in electricity prices from 2018 to 2024. It also shows a strong, consistent
seasonal pattern that repeats every year. Finally, the remainder component indicates
significant short-term volatility, pointing to unpredictable events causing sharp price
spikes and dips outside of the normal trend and seasonality.

7 Result and Discussion

This section presents a comprehensive assessment of the out-of-sample forecasting perfor-
mance of the described models. Initially, the price series outliers are detected by applying
a moving filter to the price series. Following this, the filtered price series is decomposed
into two components: deterministic and stochastic. The deterministic component captures
seasonal patterns such as annual cycles, weekly fluctuations, bank holiday effects, and
long-term trends, and is modeled using a generalized additive model (GAM). For the
stochastic component, both the proposed and competitive models, such as AR, naive,
KNN,ANN ,ARNN, Ensemble(A),Ensemble(B) and Ensemble(C), are utilized to generate
one-day-ahead out-of-sample forecasts. Based on the table 3, the Ensemble models (A, B,
and C) consistently achieve the lowest error values on the estimation for each weekday
per evaluation metric (MAPE, MAE, RMSE). This indicates that they have the greater
robustness and accuracy. Among them, Ensemble (C) performs extremely well, and pro-
duces the least errors on most of the days, proving its effectiveness in modeling daily
pattern phenomenon. Correspondingly, the naive method is the worst one at all times,
while ARNN proves to be the best individual model, although still low as compared to
ensemble methods. As found from the monthly forecast results using the table 4, the
Ensemble models like A, B, and C have shown a consistent trend across all months and
metrics MAPE, MAE, RMSE to yield the least values of error. Among all these, the most
promising has been Ensemble (C). With the exception of some months, the nave model
has been consistently the worst performing among all others, while the ARNN model
usually beats the individual models but still lags behind the ensemble methods. This
shows the strength and accuracy of ensemble methods in modeling the capture of the
monthly seasonal and variation profile of electricity prices in general.

8 Conclusion
This study provided a solid framework for EPF by simultaneously addressing the dual

challenges of data quality and model selection. First, it determined that when anomalous
price data are estimated in a model, forecasts are unreliable; thus, it is impossible to make
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utility decisions based on forecasts we cannot trust. As a solution, the study employed a
moving filter method to find outliers, then replaced the outlier estimates with their normal
values. This was a critical data cleaning process that happened prior to model estimation
and is a process that the study felt improved the integrity of the input data significantly.
The ensemble models proposed performed best when modelled on the cleaned dataset,
but especially Ensemble (C) model. Overall, the Ensemble (C) model outperformed all
other benchmark models including the classical (AR, naive) and machine learning (KNN,
ANN, ARNN) models across all metrics and prediction horizons evaluated.

The consistent outperformance of the ensemble approach lends support to the con-
clusion that when each of the individual forecasts has an error in them, successfully
combining forecasts attenuates the error of each of the forecasts with the combined fore-
cast thus providing a more reliable and robust forecast. This study emphasizes that
successful forecasting, in volatile markets such as electricity, cannot rely solely on mod-
elling sophistication, but is inheretly reliant on data cleaning and prefiltering. Future work
must also include external variables such as renewable generation and load data, and
develop dynamic ensemble forecasting methods that capture the effect of shocks to the
electricity market or sudden changes in prices so that they better improve forecasts for
energy trading and grid operations.

Future research can incorporate external variables, like renewable energy generation
or weather data, to further improve the predictive ability of themodels. The framework
outlined in this paper can also be applied and tested to forecasting in other volatile energy
markets to assess its applicability. Lastly, there can be further dynamic weighting methods
for the ensemble models, that could include real-time learning to improve response to
abrupt changes in the market.
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