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Abstract—In order to contribute to the goals set by the Paris
Agreement to combat climate change, economies are increasingly
incorporating renewable energy sources into their energy mix. As
the share of renewables in the energy mix increases, so does the
level of volatility and flexibility. This effect requires stakeholders
to implement advanced methods to maintain grid stability and,
by this, to balance the supply and demand of electricity in real
time. Decisions on different balancing measures are supported by
near real-time forecasts published by the responsible transmission
system operator (TSO). If such control data is corrupted by
ramping artifacts, this could induce unnecessary costs or threaten
stability. Using operational data from the Belgian TSO Elia, we
present a solution to detect these artifacts. Specifically, we use the
knowledge of the internal structure of the artifacts to generate a
synthetic dataset as a foundation for training a supervised deep
learning model. The proposed model architecture contains an
1d-CNN feature extractor combined with transformer encoder
blocks. This architecture is analyzed and compared to other
supervised deep learning models and a classical unsupervised
model, the Isolation Forest, in two training scenarios, a classi-
fication and a regression task. Testing on an unseen synthetic
test set, we manage to outperform all other evaluated models,
achieving an F3-Score of 0.99 in the classification task and 0.75
in the masking task.

Index Terms—deep learning, artificial intelligence, ramping
artifact detection, imbalance price forecasts

I. INTRODUCTION

The growing share of renewable energy sources in the
energy mix introduces increased variability and uncertainty in
the power supply [1]. Transmission System Operators (TSOs)
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manage the electricity system and balance demand and supply
in real-time, in order to provide a reliable and affordable power
supply [2]. To perform precise transactions on the electricity
markets, market participants heavily rely on detailed forecasts
[3], which therefore directly influence the stability of the
power grid and the electricity prices [4].

Through the imbalance price, part of the balancing is
diverted to the market, by incentivizing market participants
to balance the grid and ensure cost-effective operation [5],
[3]. To facilitate reactions to the imbalance price resulting
in counteracting system imbalance, the Belgian TSO Elia
publishes a minutely forecast of the estimated imbalance price,
which is updated every quarter hour [6]. Reactions to the
imbalance prices have to be incorporated into forecasts of the
overall system imbalance, leading to a complex interconnected
system of forecasts. In the process of generating these fore-
casts on imbalance prices and price reactions, Elia discovered
artifacts in their data, caused by ramping times of assets, that
currently diminish the forecast quality and therefore directly
affect the system imbalance. More generally, any energy time
series displaying incorrect data, or artifacts, is a potential
problem for the balancing and control of energy systems.
Hence, detecting, classifying and removing these artifacts from
data is an important challenge for current and future power
systems that rely increasingly on data [7]. Moreover, a key
aspect of this process is to preserve the underlying signal
information, since losing information from the clean signal
would lead to a worse prediction. Thus, falsely detecting an
artifact where none exists is incidentally worse than missing
a few artifacts in the prediction.

While anomaly detection plays a major role in time series



analysis, the task of specific artifact detection has not received
as much attention and is mostly investigated in medical data,
such as Electroencephalography (EEG) [8], [9], Electrocardio-
gram (ECG) [10] or functional Magnetic Resonance Imaging
(fMRI) [11] data. However, anomaly detection in time series
data is essential in a variety of applications, including finance
[12], healthcare [13], [14], [8] and energy [15], [16] sectors. In
general, one of the major challenges in anomaly detection is
the scarcity of labeled data, as manual labeling of data is time
consuming and expensive [17], [18], [19]. There are several
methods to deal with artifact detection with limited labeled
data. In some simpler cases, artifacts can also be removed
directly by filtering [14], [20], but these methods tend to
introduce new artifacts or undesirably affect the underlying
signal [20]. As the signal caused by reactions to the imbal-
ance price is similar to the ramping artifacts, these methods
also pose the problem of filtering out necessary information.
Therefore, we work with more sophisticated approaches and
use one stochastic approach as a baseline.

The majority of previous work on anomaly detection utilizes
an unsupervised approach, exploiting the assumption that
artifacts classify as anomalous behavior and only occur in
a vast minority of cases [21]. Alternatives include manually
labeling data or creating synthetic training datasets to apply
supervised learning techniques [16]. In the case of ramping
artifacts, the underlying structure is known and can be formally
defined. Hence, we leverage this additional knowledge to
apply supervised learning methods to a synthetically generated
training dataset.

The remainder of the article first discusses how to model and
detect artifacts (Sec. II) before showing how our Transformer
approach outperforms baselines and alternatives (Sec. III) and
finally discussing our results in IV, in which the article is
concluded.

The code for the results of the present paper is available on
[22].

II. METHODS

In the following, we work with an example dataset of a
combined cycle gas turbine provided by Elia, which con-
tains schedule deviation, schedule, generation and manual
Frequency Restoration Reserve (mFRR) activation for each
minute in one year. To ensure confidentiality, all data was
normalized to a mean of 0 and standard deviation of 1. We
therefore use arbitrary units on the y-axis and refer to time
steps on the x-axis, which in this case are in minutes.

A. Modeling and generating ramping artifacts

Both, reactions to imbalance prices and ramping artifacts
can be found in schedule deviation data, which is the differ-
ence between scheduled generation or consumption and actual
generation or consumption plus control power requested by the
TSO. A scheme showing the composition of the scheduled
generation data is presented in [22].

Figure 1 right panel shows an idealized isolated artifact,
which shows the following characteristic properties:
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Fig. 1: Left: The schedule deviation (blue) of an example
asset displays a ramping artifact (red shade). We note that
the discontinuity characteristically takes place at a full quarter
hour. Right: A generalized model of an isolated ramping
artifact (blue) and its parameters are shown. Artifacts differ
in width (green), slope (yellow), and position of the activation
(gray), meaning the position of the discontinuity.

o A steep jump (discontinuity) at the point where the new
schedule takes effect.

o The same slope before and after the discontinuity.

« Start and endpoint share the same y-value, the difference
in x marks the width of the artifact.

In order to determine the possible variable spans, we have
identified possible 123 artifacts in the schedule deviation of the
provided industry dataset. Due to limited information and man-
ual labeling, they can merely provide an approximate range
of the variable assignment and do not represent a validated
ground truth. We define the three parameters characterizing a
ramping artifact as follows:

Yref — Ystart

slope = ——————,
Tref — Lstart

Lact — Lstart

width = Teng — Tstart TLrelAct —

Tend — Tstart ’
Here (%start, Ystart) marks the start point of the artifact,
(Tend, Yena) the endpoint, (Zact, Yaer) the point of the discon-
tinuity and (Zref, Yrer) One other reference point. In xejac the
relative position of the activation is calculated.

Using these properties we exploit the known structure of
the ramping artifact to generate synthetic ramping artifacts
and introduce them to several open-source datasets, which
originally do not contain artifacts of this shape. The algorithm
for generating process synthetic artifacts can be found in [22].

For the synthetic training dataset we use a collection of dif-
ferent open source datasets. As we calculated all properties of



the artifacts in general time steps, we can use any open-source
dataset independent from the original heritage of their data.
The datasets vary in data type, source, number of time series,
time series length and sampling interval. Four energy related
datasets were provided by Monash University [23], [24], [25],
[26], two other energy related datasets are part of the UCI
ML repository [27], [28] and a last energy related dataset was
taken from Kaggle [29]. Ten datasets were taken from the UCR
Time Series Classification Database [30], two are ECG data
[31] and another two are transformer temperature data [32].
The UCR Time Series Classification archive is renowned in
the time series community and widely used for time series
analysis tasks. At Elia, ramping artifacts were observed for
different types of assets. Throughout different asset data, the
structural information of the artifacts remain the same due
to their physical properties, while the size and structure of
the underlying time series data vary. The goal is therefore
to detect the artifacts based on the structural information only,
generalizing to a variety of data. In addition, since we train the
proposed model on other data than the target data, we want to
analyze how variety in the underlying data (modeled through
utilizing a wide range of datasets) contributes to the model
performance, when tested on an unseen dataset structure.

B. Detecting artifacts
To detect ramping artifacts we pursue two approaches:

1) Mask Approach: The mask approach solves the problem
as a regression task and will predict a value for each point
of each input time series between 0 and 1. The closer the
value is to 1, the more confident the model is that this point
belongs to an artifact. For this approach, for each input time
series, the model will predict a mask of the same size.

2) Sliding Window Approach: This approach solves the prob-
lem as a classification task and will predict a single label
for each window, 0 meaning no artifact present and 1
predicting an artifact in the center.

In this second case, the sliding window approach, we want
to leverage the given additional information about the position
of artifacts. Since we know that artifacts can only occur during
schedule changes, we determine positions possibly containing
artifacts by finding all positions at which a schedule change or
a change in mFRR activation occurs. These positions always
mark the position of the discontinuity of the artifact. Detecting
artifacts in the target data can therefore be performed by
solely evaluating these possible artifact positions. We mimic
this behavior with a time series classification task, for which
models are trained to produce a single output per input time
series, predicting whether the window contains an artifact. For
the generation of the synthetic dataset, we place the artifacts
in the center of the sequence. Figure 2 shows two examples of
generated training samples. The ground truth will be a mask
in the mask approach and a single bit in the sliding window
approach.

Because we do not have reliably labeled test data from
the target dataset, we determine one dataset of the training
datasets to exclude from training and use that dataset for

testing purposes only. This mimics the anticipated workflow
of training on synthetic data, in order to then apply the model
on an unseen target dataset. As a test dataset we choose
the dataset most similar to the provided industry dataset. To
measure similarity, we compute chosen time series measures
per time series in a dataset and average over all time series
in one dataset. This yields one value per measure per dataset.
Afterwards, we calculate the absolute distance between each
value of each dataset to the respective value of the industry
dataset. In this way, we are able to rank the dataset per measure
from 1 (most similar to the industry data) to 21 (least similar
to the industry data). The chosen measures include common
measures of the data distribution and the increment distribution
of the datasets. The dataset that is the most similar with respect
to the industry data is then selected as test dataset while the
20 remaining sets are chosen as training sets.
For generating a labeled dataset, we use an iterative approach,
which means that we generate the training time series step
by step as the model is training. In each step of the training
process, one of the 20 training datasets is chosen. Following
that, one single time series is chosen randomly from that
specific dataset and in this time series, a window of a pre-
viously decided fixed window length is chosen. In case the
activity in the window is below a certain threshold, the window
is discarded and a new window is chosen. Once a suitable
window has been sampled, an artifact is introduced.
Utilizing the introduced synthetic artifacts and the open
source datasets, we propose a model that combines a 1D Con-
volutional Neural Network (CNN) with transformer encoder
blocks inspired by [19], see [22] for details. The hypothesis
is that the 1D CNN block extracts local spatial features from
the time series that are then fed into the transformer encoder,
which can extract long-range dependencies in the time series
to decide whether an artifact is present or not.

C. Loss functions and performance metrics

For the mask approach we choose the mean squared error
loss, for the sliding window approach the binary cross entropy
loss. The dataset for the mask approach is highly imbalanced,
due to the fact that all positions not containing an artifact are
labeled as negative. In addition, Elia’s industry requirement
includes that false positives have a higher negative impact than
false negatives. Following the detection of the artifacts, the
next step will be to remove the detected artifacts. For this
it is not desirable to remove valid signal in places where a
false artifact is detected, while the negative effects of missing
some artifacts in the prediction are smaller. To compare and
evaluate our models we therefore choose the Fg-score, which
combines precision and recall into one metric, allowing to give
more weight to one of them through adjusting the /3 parameter.
Since we want to penalize a high number of false positives we
choose 5 = 0.5, which gives more weight to precision.

In order to reach the best possible Fg-Score through the
training process, we can choose a loss function that will
contribute to improving the Fj3-Score. Since the Fg-Score
itself is not differentiable, it is unsuitable for gradient-based
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Fig. 2: Tllustration of synthetic time series for the supervised learning approach: We plot the original data (gray) and compare
it with an added generated artifact (blue). Depending on the randomly sampled parameters of the artifact, the size varies and
can be relatively big and easily identifiable (top right) or rather small and more difficult to identify (bottom right). The top row
uses the Australian electricity demand dataset (AuEIDe) [23], and the bottom row uses the electricity hourly dataset (EIHo)
[24]. The left column examples are generated for the mask approach, with the ground truth in the form of a mask. The plots
on the right side show examples generated for the sliding window approach, where the artifacts are always placed with the

discontinuity in the center.

optimization methods [33]. There are approaches that intro-
duce an adapted differentiable version of the Fg-Score as a
loss function [33], however, we decide to implement a simpler
loss function, penalizing a high number of false positives. For
this reason, we introduce an additional parameter € that adds a
penalty for a high loss on negatively labeled samples. The new
loss with the respective loss function of the mask or the sliding
window approach is composed of the classic loss function plus
the penalty term:

lossc(1,y) = loss(l,y) + € - loss(Is,yr),

where [ describes the actual label and y the prediction of
the according model. Additionally, the arrays l;,y; consist
of exactly the samples ¢ with label [; = 0.

D. Model selection

In order to determine whether transformer encoder blocks
add value to a model detecting ramping artifacts, we evaluate
the performance of the 1D convolution block combined with
the output layers only, and of the transformer blocks plus
the output layers without feature extraction through a CNN.
Since one requirement of the transformer architecture is that
the embedding dimension must be divisible by the number
of attention heads [19], we do need to choose some form
of embedding even though we want to evaluate the sole
performance of the encoder blocks as good as possible. For
this we follow an approach called ConvTran [19] using only
one 1D convolutional layer to perform a feature extraction
as input embedding, choosing the embedding dimension as
four times the number of attention heads. To evaluate the
contribution of the transformer blocks further, we also evaluate

our proposed model composed of a 1D CNN plus transformer
encoder blocks against a model consisting of the 1D CNN plus
a bigger dense block with approximately the same number of
parameters as the transformer blocks have.

The proposed solutions are benchmarked against two baseline
approaches. The first baseline approach is a very simple
stochastic-based detector. It is known that the artifacts always
contain a discontinuity, so at least one position with an espe-
cially high increment. Thus we define our baseline detector in
terms of the sliding window approach to classify windows as
containing an artifact, in case the absolute increment in the
center of the artifact is higher than the mean increment plus
k times the standard deviation, where we choose k = 3. For
details of the implementation and the choice of k, see [22].

Furthermore, we compare our approaches to the fully
convolutional network (FCN) by Wang et al. [34] claiming
the FCN to be a simple but strong baseline for time series
classification. They evaluated their architecture on the UCR
TSC archive [30], which is also the source of 10 of our
training datasets. The FCN corresponds to the first block of
our architecture of 1D convolutions with batch normalization
and a ReLU activation function after each layer, followed by
a Global Average Pooling (GAP) and a softmax activation,
which we exchange with a sigmoid activation, as we are only
differentiating between two classes.

To understand the effect of the FCN configuration on the
result, we also use an adapted version of the FCN with a
different number of layers. Finally, as we will see in Section
IIT and in Table I, we use different combinations of FCN and
transformer blocks, therefore, we consider the following deep
learning models: a FCN and an adapted FCN, a Transformer



network with both a GAP and a linear layer as output layer
(Transformer GAP and Transformer Lin.), the FCN and the
adapted FCN with a linear output layer (FCN Dense and
adaFCN Dense), and the FCN and the adapted FCN combined
with the Transformer network (FCN Trans. and adaFCN
Trans.).

We are convinced that transforming the artifact detection
problem into a supervised learning task by exploiting the struc-
tural information about the artifacts brings significant value.
To assess this assumption, we also compute the performance
of an Isolation Forest [35], as a basic unsupervised approach
and alternative to our supervised approach.

III. RESULTS

To test our algorithm on unseen data, we exclude the dataset
from training that is most similar to the training data to
approximate the typical i.i.d. assumption. In our collection of
datasets this is the CIECGT dataset from the UCR TSC archive
[30] which consists of ECG sensor data of the torso surface.
All remaining datasets are split, using 80 % of the included
time series for training and 20 % for creating a validation
dataset. The validation dataset of a fixed size (2048 samples)
is created once and stays the same during the training process.
We choose the validation set to be composed of a fraction
of the datasets, rather than selecting one specific dataset as
the validation dataset because we do not want the model to
adapt to a separately chosen single validation dataset. The
classification threshold is determined by maximizing the Fz-
Score on the validation set.

Since there are no epochs that define when to do the

validation step, a parameter is set to define after how many
steps the validation step will be performed. Per default, we
set this parameter to 500 steps. The sliding window approach
gives one prediction per sample on the synthetic balanced test
dataset with 2048 samples, so the prediction ratios in Table I
are based on 2048 predictions.
The deep learning models are trained on NVIDIA Tesla V100-
GPUs. Table I shows the results of evaluating all models in the
synthetic dataset chosen for testing. Since the mask approach
predicts one value for each point in each time series (of length
512 time steps) of the test dataset (with 2048 samples), the
overall number of predictions is very large (2048 x 512 > 106).
To increase readability and comparability between the two
test sets, the prediction measures of true positives (TP), false
positives (FP), false negatives (FN), and true negatives (TN)
are shown as ratios of the total number of predictions.

Starting with the stochastic baseline approach, we see in
Table I that it can point out some of the positive samples,
however, it predicts more FP than TP and shows a low F3-
Score. We see that the adapted FCN model performs slightly
better on all measures than the original FCN model presented
in [34]. When determining the more suitable output layer for
the transformer models without an elaborate input embedding,
we see that the linear output layer performs significantly better,
though it has to be noted that this version also trains on (few)
more parameters. The original and adapted FCN architectures,

which are flattened over the feature and time dimension and
use a dense block as the output layer, do not learn much in
the mask approach and perform the worst.

Although the adapted FCN outperforms the original FCN
model, when adding transformer encoder blocks, the original
FCN plus transformer encoder yields the best results in the
mask approach when tested on the synthetic test dataset, espe-
cially regarding Fg-Score and the ratio of FP. Figure 3 shows
the predictions before applying the classification threshold
of the FCN transformer model, as well as the predictions
of its isolated components: the original FCN model and the
transformer block with a linear output layer. Within the figure,
Figure 3a shows the sample with the least FP accumulated
overall model predictions on this sample, Figure 3b the sample
with the most FP. Analogously, Figure 3¢ and Figure 3d show
the samples with the least and most FN predictions.

We can see from these examples that an artifact with
comparably high values for slope and width as in Figure 3a
is confidently detected by all three visualized models, while
the two transformer models are more precise. Also the artifact
with a high slope, but small width in Figure 3c is detected
by all models. The artifact with small width and small slope
in Figure 3b is not detected at all and Figure 3b and Figure
3d show that the models tend to predict a non-existing artifact
in the window, even though they completely miss the actual
artifact. This indicates that the share of windows without an
artifact during training of the mask approach is currently too
low, or the models have learned a bias towards predicting
artifacts otherwise. This behavior is undesirable, especially
taking into consideration the higher penalty for FP. Figure
3d shows another artifact that is missed by all models. The
artifact presents a high value for width, and a smaller value
for slope and is introduced in an area with high activity. We
note that in this case, only the two transformer based models
predict an artifact at a different position. The transformer
model without FCN block as input embedding (labeled Trans.
in the legend) predicts the false artifact confidently, while the
FCN transformer model (labeled FCN Trans.) does not exceed
its classification threshold of 0.687 (Table I). In this case,
the transformer model benefits from the more extensive input
embedding using a fully convolutional network.

In the sliding window approach, the stochastic baseline
manages to detect artifacts quite well only producing 1 % FP.
The construction of the synthetic dataset benefits the stochastic
baseline approach since samples without an artifact in the
center will just be random samples of the underlying dataset,
which makes it unusual to show a disproportionately high
increment in the center of the window.

The Isolation Forest does perform better than random guess-
ing, but does not manage to outperform any other model in
this section. Again, the adapted FCN outperforms the original
FCN, and the transformer encoder with a linear output layer
performs better than the transformer encoder with Global
Average Pooling output, although less clearly than in the mask
approach. As opposed to training on the mask approach, both
versions of the FCN with a dense output block perform well



Model || Threshold | Fg-Score Accuracy Precision Recall | TP FP FN TN

Mask Approach
Stoch. Baseline - 0.162 0.938 0.734 0.078 0.2 % 0.5 % 57 % 93.6 %
Isolation Forest - 0.370 0.937 0.438 0.229 1.3 % 1.7 % 4.5 % 924 %
FCN 0.505 0.499 0.941 0.535 0.561 3.8 % 3.7 % 22 % 90.3 %
adapted FCN 0.515 0.577 0.967 0.578 0.630 4.4 % 1.7 % 1.6 % 923 %
transformer GAP 0.596 0.534 0.943 0.576 0.555 35 % 33 % 2.4 % 90.8 %
transformer Lin. 0.758 0.745 0.985 0.769 0.719 4.8 % 0.3 % 1.2 % 93.8 %
FCN Dense 0.636 0.053 0.906 0.063 0.041 0.2 % 37 % 57 % 90.4 %
adaFCN Dense 0.626 0.059 0914 0.074 0.039 0.2 % 29 % 57 % 91.1 %
FCN Trans. 0.687 0.750 0.985 0.780 0.724 4.7 % 0.2 % 1.3 % 93.8 %
adaFCN Trans. 0.545 0.577 0.967 0.578 0.630 3.7 % 1.6 % 23 % 92.5 %
Sliding Window Approach
Stoch. Baseline - 0.974 0.967 0.980 0.952 471 % 1.0 % 23 % 49.6 %
Isolation Forest - 0.541 0.483 0.472 0.491 209 % 234 % 217 % 339 %
FCN 0.525 0.700 0.712 0.681 0.783 387% 229% 107 % 325 %
adapted FCN 0.515 0.889 0.860 0.918 0.790 387 % 35% 105% 47.1 %
transformer GAP 0.333 0.990 0.980 0.997 0.961 475 % 0.1 % 1.9 % 404 %
transformer Lin. 0.505 0.991 0.980 0.999 0.959 474 % 0.0 % 2.0 % 50.5 %
FCN Dense 0.343 0.990 0.980 0.998 0.961 475 % 0.1 % 1.9 % 50.4 %
adaFCN Dense 0.373 0.981 0.967 0.992 0.942 465 % 39 % 29 % 50.2 %
FCN Trans. 0.252 0.993 0.984 1.00 0.968 478 % 0% 1.5 % 50.6 %
adaFCN Trans. 0.343 0.982 0.977 0.987 0.965 477 % 0.6 % 1.7 % 49.9 %

TABLE I: Selected performance measures and the classification threshold of the chosen models are reported on a synthetic test
set (not previously seen during training). All models are trained on the mask and the sliding window approach. The last four
columns contain the ratio of true positives (TP), false positives (FP), false negatives (FN), and true negatives (TN) compared
to the total number of test samples. Bold values mark the best performance in the respective column separately for the mask
and the sliding window approach.
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Fig. 3: Samples of the synthetically generated test dataset are plotted with the predictions by the FCN model (yellow), the
transformer with minimal input embedding and linear output layer (Trans. in green) and the FCN transformer model (FCN
Trans. in lime green) in the mask approach. The legend applies to all images. All graphs show the underlying time series
window in gray and the time series with an added artifact in blue. The ground truth mask is shown in red. The top row shows
the samples with the least and most FP, while the bottom row shows the samples with the least and most FN.

with an Fg-Score of 0.990 and 0.981 for original and adapted the original FCN with added transformer encoder blocks
FCN, respectively. Similar to training on the mask approach, performs slightly better than the adapted version, even though
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Fig. 4: Samples of the synthetically generated test dataset are classified by the FCN transformer model in the sliding window
approach. All graphs show the underlying time series window in gray. The top row, (a) and (b), shows two negative samples
without an added artifact. The center of the sequence, where a possible artifact would have been added is shown with a dashed
orange vertical line. The bottom row, (c) and (d), shows positive samples with the time series with the added artifact shown
in blue. The position of the artifact is shown with a dashed red vertical line in the center of the image. On the left side, in (a)
and (c), the two samples with the lowest prediction score of the respective category are chosen, and on the right side, in (b)

and (d), the samples with the highest prediction value.

the individual models without transformer blocks showed the
opposite behavior. The best model, the FCN with transformer
encoders, does not predict any FP.

Figure 4 shows four exemplary sequences of the synthetic test
dataset, classified by the best sliding window model on the
synthetic test data, the FCN plus transformer encoder model.
The figure shows the sample without an artifact with the lowest
prediction score in Figure 4a, the sample without an artifact
with the highest prediction score in Figure 4b, the sample with
an artifact with the lowest prediction score in Figure 4c and
the sample with an artifact with the highest prediction score in
Figure 4d. In Figure 4b we see that the highest prediction of
a negative sample is 0.2, which shows that the prevention of
FP is successful in the whole model, as no negatively labeled
sample reaches a prediction score higher than 0.2. Meanwhile,
it still yields 1.5 % FN (see Table I).

The artifact introduced in Fig. 4c is not detected and is in
this graph invisibly small. We note that the FCN transformer
approach can prevent a large number of FP on the synthetic test
set, while predicting a still reasonable amount of FN, mainly
struggling with small artifacts.

IV. DISCUSSION AND CONCLUSION

Artifacts (or other erroneous measurements) in power sys-
tem time series pose a threat to system stability. Hence, we set
out to identify and remove artifacts, utilizing empirical data
from the Belgian TSO Elia.

Due to the lack of labeled real-life data, we exploited the
known structure of the ramping artifacts to train supervised
deep learning models on synthetically generated training data.
In addition to a manually labeled industry dataset of a com-

bined cycle gas turbine, we used a separate synthetic dataset
for evaluation. We have introduced an architecture composed
of a 1D convolutional feature extraction which was then
passed as an input embedding to transformer encoder blocks.
This architecture was compared to a stochastic baseline, a
classically used unsupervised model, the Isolation Forest, and
other supervised learning models. The supervised learning
models included the separated components of the proposed
methods, as well as the convolutional block with an added
dense block of approximately the same count of trainable
parameters.

Our results demonstrate that the sliding window approach
outperforms the mask approach. We might explain this based
on the difficulty of the respective task. Classifying a whole
window is a simpler task compared to extracting the exact po-
sition of an artifact or possibly several artifacts in a sequence.
In addition, the imbalance of the data set in the mask approach
also has an influence on the performance. This approach is
not limited to ramping artifacts but could also prove useful for
artifact detection tasks in other (power system) time series. The
main assumption is that domain knowledge of the underlying
artifacts allows us to synthetically generate training samples
for the supervised learning problem formulation. We have
assumed all artifacts in the target datasets to occur with a
time resolution of one minute. As most data that the TSOs
collect and publish is on a minute resolution, it is likely that
artifacts occurring in other data sources will also show a time
interval of one minute.

Concluding, artifact detection with deep learning, specifi-
cally with convolutional and transformer approach is feasible
and could contribute to a more secure and stable power grid.



With this promising approach established, there is much
room for further research and improvement. First, we would
like to include more training data, in particular from the real-
istic power system application. Second, the machine learning
implementation could move beyond the vanilla transformer
block [36], e.g. implementing a customized attention layer [37]
or considering LSTM encoding [38]. In addition, the sliding
window and mask approach could also be combined in the
future to exploit the advantages of both models. Alternatively,
restructuring the mask approach into a classification task
and thus also using a different loss function, such as the
cross-entropy loss, could improve the model performance.
Finally, generalization to other data sets might be improved by
including more domain knowledge, e.g. via physics-informed
machine learning models [39].
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