
  

 

Abstract— Appropriate detection of clean signal segments 
in extracellular microelectrode recordings (MER) is vital for 
maintaining high signal-to-noise ratio in MER studies. Existing 
alternatives to manual signal inspection are based on 
unsupervised change-point detection. We present a method of 
supervised MER artifact classification, based on power spectral 
density (PSD) and evaluate its performance on a database of 95 
labelled MER signals. The proposed method yielded test-set 
accuracy of 90%, which was close to the accuracy of annotation 
(94%). The unsupervised methods achieved accuracy of about 
77% on both training and testing data. 

I. INTRODUCTION 

Extracellular micro-electrode recording (MER, sometimes 
micro EEG or µEEG) has been in the neuroscientific toolbox 
for decades, being the principal method to study single and 
multi-unit activity. With growing amount of data being stored 
and processed in experiments, there is a still-growing need for 
automatic methods, allowing automatic processing of the 
extensive databases. One of the problems faced in the early 
stages of µEEG processing is dealing with noise and different 
artifacts, introduced during the recording process. Due to the 
small dimensions of the electrode tip used for micro recording 
(commonly around 1 or several µm), the system is susceptible 
to motion artifacts. Other sources of interference, affecting the 
signal between the recording site and the A/D converter of the 
recording system may include the mains (multiples of 50 or 
60 Hz) and other electrical appliances in the recording room. 
Some artifacts caused by these sources may be of short 
duration (mechanical, interference of electrical devices in the 
vicinity, motors etc.), some may be stationary and affect the 
whole recording (e.g. mains noise) [1][2] – several examples 
of commonly seen artifacts can be found in Figure 1. Many of 
these undesirable effects can be removed either by 
precautions: switching off all non-vital electrical devices in the 
vicinity and leaving some safe time period before starting 
recording (both of which may be difficult or impossible in 
clinical conditions when recordings are done in the operating 
theatre, e.g. during deep brain stimulation surgery); or post-
processing: e.g. notch-filtering the mains noise. Some artifacts 
may also be removed by common µEEG preprocessing, which 
includes high-pass filtering at a frequency of ca 200-500 Hz 
and low-pass filtering removing frequencies above ca 
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3-6 kHz [1]. Despite all precautions and preprocessing, it is 
common that the resulting signals contain artifacts that can 
affect further processing. Especially vulnerable is the spike 
detection, which is in most cases based on voltage threshold 
[3][4][5] and can therefore lead to confusing artifact peaks for 
spikes (false positives) or overlooked spikes (false negatives) 
when a higher than appropriate threshold is calculated from 
the contaminated signal [4]. In this perspective, looking for 
artifacts in the recorded signals prior to further processing 
seems like a reasonable step, preventing noise in the results. 
Apart from manual signal checking, which can be done in 
small studies, large databases, as well as automatic processing 
and classification systems call for an automatic artifact 
segmentation method. 

This paper focuses on artifact identification in single-
electrode recordings, where there is just one electrode or the 
electrodes are further apart (in the order of mm), so that 
interference between channels is very low. In this case, blind 
source separation suggested and discussed e.g. in [4] cannot 
be used. As single-electrode recording scenario is very 
common especially in human studies, we consider this 
contribution needed. There are several single-unit 
segmentation methods proposed in literature, which will be 
roughly described in the following. Artifacts related to 
simultaneous electrical stimulation are not considered here, as 
they have very specific character and their filtering is 
supported by common toolboxes [6] and sufficiently 
studied [2]. 

Existing detection methods 

The default way of artifact detection used in most studies 
is manual, consisting of visual inspection of the recorded 
signals. Although this method is able to detect most of the 
most harmful artifacts that clearly alter amplitude of the 
signal, artifacts that are present throughout the whole signal 
may easily be overlooked. Also, the ability to detect 
extraneous events in the time course depends on the level of 
detail and other visualization parameters. This can be 
overcome by auditory inspection (listening to the signal may 
reveal interfering frequencies in the otherwise noisy character 
of the signal) or additional visualizations, such as the power 
spectral density, spectrogram and other. However, proper 
manual artifact annotation usually requires interacting with 
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the visualization at different levels of detail and is relatively 
time consuming. The rest of this paper is thus focused on 
automatic artifact identification methods 

An example of the simplest automatic methods for 
identification of contaminated signals is approach 
implemented in [7]. First, recordings with very high 
maximum amplitude are rejected. Then the authors use 
ANOVA to statistically test consistency of signal energy 
distribution at the beginning and at the end of a signal. If the 
null hypothesis of equal distributions is rejected, the whole 
signal is excluded from further processing. This simple 
approach is easy to implement but is not capable of detecting 
stationary artifacts and artifacts in the middle of a signal. 

A more sophisticated method presented by Falkenberg 
and Aboy in [8][9] divides the signal into a sequence of non-
overlapping segments. Variance of the autocorrelation 
function is then estimated for each segment and variances of 
consecutive segments are divided to form a ratio, which is 
used as a distance measure (See Methods section and Eq. (3) 
and (4) for details). If the ratio of two neighboring segments 
exceeds a preset threshold, the algorithm marks given point 
as a transition. In the last step, the longest signal segment 
without any transitions is returned for further processing. 
Similar approach is adopted in [10], with the difference that 
variance is calculated from stationary wavelet transform of 
the signal, rather than from autocorrelation function.  

The main problem of these unsupervised segmentation 
methods is that the algorithms use no prior information about 
clean signal nor artifact. Our inspections on a database of real 
MER signals indicate that the main type of problem faced in 
real-life data may be different than abrupt changes of 
amplitude in an otherwise clean signal. The unsupervised 
techniques for change point detection will work well on 
signals with short instationarities (such as short-time 
movement artifacts), but will fail from definition on stationary 
artifacts, present in the signal most of the time. 

In this paper, we present a simple supervised method 
based on power spectral density, and compare it to the 
methods mentioned above.   

II. METHODS 

A. MER artifact detection using normalized power spectral 
density 

Our proposed algorithm for supervised detection of MER 
artifacts can be summarized in the following steps: 

a. Mean PSD calculation 

The input to the algorithm is formed by a set of MER 
signals 𝑋1, 𝑋2 … 𝑋𝑛 with manually labelled artifacts in 
corresponding annotation vectors 𝐴1, 𝐴2 … 𝐴𝑛, where 𝐴𝑖 = 1 
if 𝑋𝑖 contains clean signal and 0 otherwise. The mean 
normalized spectrum 𝑚𝑃𝑆𝐷 is then calculated according to 

                     𝑚𝑃𝑆𝐷 =  
1

∑ 𝐴𝑖
𝑛
𝑖=0

∙  ∑ 𝐴𝑗

𝑝𝑠𝑑(𝑋𝑗)

∑ 𝑝𝑠𝑑(𝑋𝑗)

𝑛
𝑗=1  

Where 𝑝𝑠𝑑(𝑋𝑗) is power spectral density (or 

periodogram) of segment 𝑋𝑗, estimated using Welch method 

and ∑ 𝑝𝑠𝑑(𝑋𝑗) sum of the periodogram for given segment. 

The normalization ensures that shape of the power spectrum 
is extracted independently of signal power 

b. Comparison to a signal 

To calculate the distance between the 𝑚𝑃𝑆𝐷 and a signal 

𝑍, a spectrogram �̅� is calculated for the classified signal. In 
case of the presented algorithm, this is equivalent to dividing 
the signal into segments with 50% overlap, each of length 
equal to the number of points used in the FFT algorithm (2048 
in case of the reported results). The distance is calculated 
according to: 

                        𝑑𝑘 = 𝑚𝑎𝑥 |
�̅�𝑘

∑ �̅�𝑘
− 𝑚𝑃𝑆𝐷|  

Where  �̅�𝑘 is k-th slice (spectrum) of the spectrogram with  
∑ �̅�𝑘 being its sum (i.e. total power) and  max | | denotes 

 

Figure 1.  Example portions of MER signal with artifacts of different severity (top row, artifacts shown in red) together with corresponding 
spectrograms (bottom row). Columns A) and B) show transient artifacts affecting only a small part of the signal, column C) shows artifact of constant 

frequency, present throughout the signal. Sampling frequency is fs=24kHz, spectrograms created with FFT length equal to window length 1024, 50% 

window overlap. Frequency range is truncated  for illustrative purposes in the spectrogram images. 
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maximum element in absolute value of the resulting vector. 
The length of the spectrum is the same as in the calculation of 
mean PSD. When the segments to be compared are longer 
than the number of FFT points in the spectrogram, distance 
𝑑𝑘 is calculated for all slices corresponding to the desired 
segment time and maximum distance is taken as result for the 
whole segment. 

c. Learning and Classification process 

In the learning phase, 𝑚𝑃𝑆𝐷 is first estimated from clean 
segments of labelled signals according to Eq. (1). Next, the 
𝑚𝑃𝑆𝐷 is compared to all signals in the training set. The 
classification threshold value is set to maximize classification 
accuracy on training data. In the prediction phase, the distance 
from mean spectrum is calculated for given signal and 
compared to the threshold. 

B. Extension of existing methods 

We compare our method to algorithms for stationary 
segment identification based on autocorrelation function 
from [8][9] and on stationary wavelet transform from [10]. 
These methods first divide the signal 𝑋 into 𝑚 non-
overlapping segments 𝑋1, 𝑋2 … 𝑋𝑛 and transform the 
segments using autocorrelation function and stationary 
wavelet transform, respectively. In the next step, variance of 
each transformed segment is calculated according to 

                         𝑣𝑖 = 𝑣𝑎𝑟{ 𝛾(𝑋𝑖)} ), 𝑖 ∈ 〈1, 𝑚〉, 

where 𝛾 represents the transformation function – either 
autocorrelation or Stationary Wavelet Transform. Variances 
of neighboring segments are then compared according to: 

              𝑑𝑖𝑗 =
max (𝑣𝑖,𝑣𝑗)

min (𝑣𝑖,𝑣𝑗)
,    𝑖 ∈ 〈1, 𝑚 − 1〉, 𝑗 = 𝑖 + 1 

Divisions between segments with distance statistic 𝑑𝑖𝑗  

exceeding a manually pre-chosen threshold 𝜃 then determine 
breakpoints between stationary segments. The longest 
stationary segment is found and returned. We further extend 
this method by computing distance between all possible 
segment pairs, forming a distance matrix  

             𝐷 = (

0       𝑑12

𝑑21       0
… 𝑑1,𝑚−1

… ⋮ 
⋮ ⋮

𝑑𝑚−1,1 𝑑𝑚−1,1

⋱    ⋮     
…    0     

) 

with zero diagonal. Values 𝑑𝑖𝑗  exceeding the 

classification threshold 𝜃 are replaced with ones, other with 
zero. The resulting matrix is then scanned for the longest 
uninterrupted segment (sequence of zeros) using greedy 
algorithm.  

With these modifications, the algorithm may return even 
a non-contiguous subset of the signal, which is much more 
suitable for comparison with manual annotation. This 
approach can also be used in cases where no contiguity is 
requested and amount of unnecessarily removed data can be 
minimized – such as in background activity feature 
calculation etc. 

C. Data 

To test the algorithm, we used a database consisting of 95 
signals of length 10s from 18 different Parkinson’s disease 
patients (mean 5.3 signals per patient), obtained during 
microrecording and targeting process in deep brain 
stimulation surgery. The length of all signals was 10s, 
sampling frequency was 24 kHz, signals were band-pass 
filtered in the range 500-5000 Hz. Annotation was done for 
each second of the signals according to judgement based on 
visual inspection of time course, spectrogram and listening to 
the signal using headphones by a team of 5 trained evaluators. 
All 5 parallel annotations were then joined using majority 
voting to form the resulting signal annotation. The overall 
agreement of individual team members with the majority 
voting annotation was 93.5%. The data set yielded 255 
seconds of clean signal and 695 seconds of contaminated 
signal, according to majority voting results. In order to 
estimate each methods’ performance on unseen data, the data 
set was divided into training set of 60 signals and test set of 
35 signals. 

The experimental procedures involving human subjects 
described in this paper were approved by the Institutional 
Review Board. 

III. RESULTS 

The mean power spectrum of clean data, necessary for the 
proposed algorithm was first computed on the test set, 
according to Eq. (1) – see Figure 2 for the result. Next, ROC 
curve was computed for each method by shifting the detection 
threshold, see Figure 3. Optimal threshold was chosen for 
each method according to F1 score (geometric mean of 
precision and recall as suggested method by [10]) and the 
threshold was used to perform classification on training and 
testing set – see TABLE I. for results. Due to the unexpectedly 
high performance drop of the unsupervised methods on the 
test set and after evaluating the ROC curves, we performed 
additional classification using threshold selected by 
maximum accuracy on the training set. The improved results 
are also presented in the table. 

 

 

Figure 2.  Mean PSD spectrum from training data with 5% and 95% 

percentile bounds. Note similarity in general shape of the spectrum in 

all curves, induced by spectral formation of the mEEG signal and 

filtering (see [11] for details).  
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TABLE I.  CLASSIFICATION RESULTS 

Method 

TRAIN SET accuracy TEST SET accuracy 

Max acc. 
thresholda 

Max(F1) 
threshold)b 

Max acc. 
thresholda 

Max(F1) 
thresholdb 

COV 76.7% 72.5% 76.3% 64.0% 

SWT 77.3% 71.7% 70.6% 64.4% 

PSD 91.7% 91.7% 89.7% 89.7% 

Classification threshold set for a) maximum train-set accuracy b) maximum train-set F1 score 

 

IV. DISCUSSION 

When comparing results of the proposed supervised 
method and the unsupervised segmentation algorithms, the 
supervised method achieved much higher accuracy of 
91.7% / 89.7% accuracy on the training/testing set, which is 
close to the accuracy of the annotation itself (93.5%). The 
unsupervised methods achieved around 77% on both training 
and testing set. 

The unsupervised stationary segmentation methods can 
identify the break points well, but possess no mechanism to 
mark the resulting segments as either clean signal or artifact. 
Therefore, such methods fail on signals with long-term or 
very stationary artifacts (such as mains noise etc.). The results 
indicate that a supervised approach may be a worthy step in 
real µEEG preprocessing, even despite the necessity to 
manually select clean signals for mean spectrum calculation. 
The strain of manual classification step is further eased by the 
fact that some sort of visual inspection will always be present 
in a proper data-evaluation pipeline and is also necessary for 
threshold selection in the unsupervised methods as well.  

It has to be noted that autocorrelation function, used 
in [8][9] and PSD of a signal is clearly related through a single 
step of Fourier transformation and will therefore provide 
similar results. However, we chose the power spectral density 
due to its more intuitive interpretation – by visualization of 

difference from the mean PSD, dominant artifact frequencies 
may be identified and may possibly indicate the cause of the 
artifact. 

V. CONCLUSION 

The presented supervised method for artifact detection 
based on power spectral density showed highly improved 
results over unsupervised change point detection models on 
real MER data. The price paid is the necessity to manually 
mark artifacts in the first stage, which can possibly be eased 
by an appropriate graphical tool in the future. A full 
classification system, based on more signal features can then 
be a good solution to detection of MER artifacts. 
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Figure 3.  Receiver-operating characteristic for setting threshold on 

the training data. Points corresponding to thresholds set based on 
maximum F1 score and maximum accuracy  are shown for each 

method: Autocorrelation (COV), Stationary Wavelet transform (SWT) 

and proposed Power spectral density (PSD) method.  
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