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High-frequency oscillations (HFOs) are a new biomarker for identifying the 
epileptogenic zone. Mapping HFO-generating regions can improve the precision of 
resection sites in patients with refractory epilepsy. However, detecting HFOs remains 
challenging, and their clinical features are not yet fully defined. Visual identification of 
HFOs is time-consuming, labor-intensive, and subjective. As a result, developing 
automated methods to detect HFOs is critical for research and clinical use. In this study, 
we developed a novel method for detecting HFOs in the ripple and fast ripple frequency 
bands (80-500 Hz). We validated it using both controlled datasets and data from epilepsy 
patients. Our method employs an unsupervised clustering technique to categorize events 
extracted from the time-frequency domain using the S-transform. The proposed detector 
differentiates HFO events from spikes, background activity, and artifacts. Compared to 
existing detectors, our method achieved a sensitivity of 97.67%, a precision of 98.57%, 
and an F-score of 97.78% on the controlled dataset. In epilepsy patients, our results 
showed a stronger correlation with surgical outcomes, with a ratio of 0.73 between HFO 
rates in resected versus non-resected contacts. The study confirmed previous findings 
that HFOs are promising biomarkers of epileptogenicity in epileptic patients. Removing 
HFOs, especially fast ripples, leads to seizure freedom, while remaining HFOs lead to 
seizure recurrence. 
 

Contribution/Originality: This study introduces a novel unsupervised clustering method for automatic HFO 

detection using time-frequency features from the S-transform, enabling differentiation between true HFOs, spikes, 

and artifacts. The proposed approach outperforms existing detectors in both sensitivity and clinical relevance, 

demonstrating a strong correlation between detected HFOs and surgical outcomes in epilepsy patients. 

 

1. INTRODUCTION 

Epilepsy is defined as a neurological disorder that affects 1-2% of the world's population. Epileptic seizures are 

characterized by neural discharges resulting from abnormal brain activity in the cerebral cortex. Many patients with 

epilepsy can be treated with anti-epileptic medications. For those resistant to medication, epilepsy surgery is a 

therapeutic option to achieve seizure freedom. The epileptogenic zone in these patients is delineated by the seizure 
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onset zone (SOZ), which is considered the gold standard and the most widely used marker, and can be identified 

through presurgical evaluation of intracranial electroencephalography (iEEG) data. 

High-frequency activities serve as biomarkers in the detection of epileptogenic tissue and are essential markers 

for cortical function processing in the motor and sensory cortex. HFOs are categorized into high-gamma (65-100 

Hz), ripple (80-250 Hz), and fast ripple (250-500 Hz) [1], which are involved in task-induced activity and seizure 

generation, with notable spatial and temporal resolution. High-gamma and ripple oscillations generally occur in the 

neocortex, while fast ripples are observed in the hippocampus [2]. HFOs can also be recorded during the inter-ictal 

state of an epileptic seizure, at rest, or in a task-induced paradigm. They should have at least six peaks greater than 

three standard deviations to be clearly distinguished from background noise [3]. The precise characteristics and 

definition of clinically associated HFOs are still not well-defined in clinical literature. 

Visual marking of HFO events provides a clear relationship between epilepsy and the epileptogenic zone [4]. 

Most clinical experts usually perform initial seizure analysis visually, which is not suitable for long-term monitoring. 

HFO marking could become a critical issue if there is no formal definition of HFOs and no clear morphology. 

However, visual marking of HFOs is a cumbersome, highly time-consuming, and subjective task. Therefore, 

developing methods for automatically detecting HFOs is essential for clinical practice and research. 

Most existing HFO detection algorithms perform detection in two steps: transforming the signal into a specific 

domain to extract features or filtering the signal into a specific range, and classifying the features into desired 

categories (for example, HFO, background, spike, and artifact). Feature extraction can be accomplished in the time, 

frequency, or both time and frequency domains. Methods that utilize the time-frequency domain generally outperform 

others because of the non-stationary characteristics of brain signals. 

The differences among various detection algorithms lie in computing the energy function of the filtered signals. 

Some studies use root mean square (RMS) to differentiate HFOs from background activities, while others use signal 

line length (SLL) or the Hilbert transform, which introduced the first HFO detection method [3]. The method filters 

the signal in the 80-500 Hz range and then applies a moving average RMS to extract some events of interest (EOI). 

Additionally, some EOIs remain after applying the threshold. Study Gardner et al. [5] proposed an HFO detection 

method called short line length (SLL), which computes the line length energy of a sliding window from a bandpass-

filtered signal with lower frequency cutoffs (30-85 Hz). The method retained events if their amplitude was greater 

than the 97.5th percentile of the empirical cumulative distribution function (CDF) for each epoch. Crépon et al. [6] 

showed the importance of the Hilbert transform for computing the energy of the filtered signal. Zelmann et al. [7] 

proposed a method called the Montreal Neurological Institute (MNI) detector. It combines three detectors for 

identifying EOIs, a baseline detector, and two HFO detectors. Fedele et al. [8] demonstrated the effectiveness of 

time-frequency analysis (TFA) in HFO detection. First, they used a baseline detector based on time-frequency entropy 

to eliminate artifacts using the Stockwell transform. Then, they differentiate real EOIs from spurious ones in the 

time-frequency domain using isolated energy contribution, which indicates salience over background activity. Finally, 

they utilized information from multichannel signals to remove artifacts in the remaining events from the previous 

step. Burnos et al. [9] developed an HFO detection algorithm to classify events into four categories based on their 

morphology. They defined four types of HFO classes according to the waveform's amplitude and frequency. 

Subsequently, they investigated the relationship between HFOs, the seizure onset zone (SOZ), resection area, and 

surgical outcomes. They found that the rate of HFOs within the SOZ was significantly higher than outside it. Liu et 

al. [10] hypothesized that pathological high-frequency oscillations (HFOs) have a similar waveform in the seizure 

onset zone (SOZ) and investigated the pattern of this waveform using an automatic HFO detection method in 18 

subjects (13 with epilepsy and 5 controls). In their method, a bandpass filter in the 80-500 Hz range is applied to raw 

signals, followed by an amplitude-based detector to eliminate background activity. Next, the Short-time Fourier 

Transform (STFT) is applied to the raw signal in each retained candidate. Entropy of the spectrum, sub-band power 

ratio, and the frequency corresponding to the maximum peak-to-notch ratio are computed as features for input into 
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a clustering algorithm. Migliorelli et al. [11] proposed an automated detector using S-Transform time-frequency 

distribution and Gaussian mixture clustering to identify HFO events. They utilized time-frequency features, such as 

entropy, area, time, and frequency width of extracted events, to distinguish significant event activities for HFOs and 

non-HFOs. Visualizing the iEEG signal for HFO analysis is highly time-consuming and subjective. Therefore, 

automatic HFO detection is necessary for clinical applications to localize SOZ areas in the presurgical evaluation step. 

We are also investigating whether resection of the HFO areas leads to seizure freedom in epileptic patients. To 

achieve this, we developed a new method for detecting HFOs, called time-frequency event clustering (TFEC), which 

detects events in ripple and fast ripple bands (80-500 Hz) based on time-frequency analysis methods. We used 

different processing pipelines for detecting HFOs compared to Migliorelli et al. [11]. Features in the time, frequency, 

and time-frequency domains were utilized, along with a feature selection algorithm to identify the best feature sets. 

An unsupervised clustering technique was employed to classify events into HFO and non-HFO categories. The 

performance of the proposed method is evaluated against two different datasets: the controlled dataset [12] and 

epileptic patients' data with the surgery outcome [13]. 

 

2. METHODS 

2.1. Simulated and Epileptic Patients Data 

To assess detected HFOs against ground truth, we used publicly available stereo-EEG (sEEG) data recorded 

during non-REM slow-wave sleep in epileptic patients [12]. Data consists of 8 channels, 2 minutes of recording 

length, and a sampling frequency of 2048 Hz. It also includes 30 different backgrounds for each channel across 4 

different SNRs (0, 5, 10, and 15 dB), totaling 960 different combinations. The data contains various events: ripple, 

fast ripple, and spike, which can co-occur, such as a ripple occurring simultaneously with a fast ripple. 

In another experiment, we used data from epileptic patients, which includes the surgery outcome scale, to assess 

the relationship between the HFO rate and surgical success. To do this, we utilized publicly available data [13] that 

includes 20 drug-resistant epileptic patients with focal epilepsy. These patients had both sEEG and subdural grid and 

strip electrodes implanted. Data were recorded at a sampling frequency of 2000 Hz, and patients were followed for 

more than a year after surgery to determine seizure freedom. The seizure outcomes were graded according to the 

International League Against Epilepsy (ILAE) scale, where class 1 indicates complete seizure freedom, and class 6 

indicates a 100% increase over baseline. 

 

 
Figure 1. Example of HFO events in different frequency bands, including ripple and fast-ripple. The first row displays raw signals, 
the second row shows filtered signals, and the third row presents a time-frequency map of signals using the S-transform, where HFOs 
appear as islands or blobs. 
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2.2. Automatic Detection of HFOs 

Time-frequency distributions (TFDs) are central to this work for extracting EOIs from iEEG signals because 

they can extract useful information from non-stationary signals. HFOs are short-lived events that appear as islands 

or isolated blobs in the TFD map (Figure 1), while they cannot be easily recognized solely in the time or frequency 

domains. Algorithms operating only in the time or frequency domain are usually inadequate for processing non-

stationary signals like EEG, leading to poor detection accuracy. 

Figure 2 illustrates the HFO detection pipeline, which contains a three-stage pattern recognition approach. The 

algorithm consists of three major parts: extracting events from the TFD representation and creating pooled signals 

from time points corresponding to the events, extracting features from pooled signals, and clustering the signals into 

HFO or non-HFO events. 

 

 
Figure 2. HFOs detection workflow. After signal epoching, EOIs are extracted from the representation of TFDs, and signals are cropped based 
on the time points of events. Next, features are extracted from pooled events. Finally, a clustering algorithm is applied to detect HFOs from 
non-HFO events. 

 

2.2.1. First Stage: Extract Events 

At the beginning, signals are epoched with a 1-second window and 0.5-second overlapping to extract events from 

the continuous EEG signal. Then, epoch signals are denoised using the Teager-Kaiser energy operator (TKEO). The 

TKEO is used to improve the signal-to-noise ratio (SNR) and minimize the error in electromyography (EMG) onset 

detection. The discrete form of TKEO is defined as. 

 

𝑇𝐾𝐸𝑂{𝑥[𝑛]}  =  𝑥2[𝑛]  −  𝑥[𝑛 −  1]𝑥[𝑛 +  1] (1) 

 

Where x is the iEEG signal value and n is the sample number. TKEO is applied after the signal is bandpass 

filtered. It provides perfect time resolution because it requires only three samples for energy computation at each time 

instant. Next, EOIs should be extracted from TFDs.  

An EOI is a rising event or high-frequency peak over background activities with concentrated energy in the 

time-frequency domain. The time-frequency representation was acquired using the S-transform, demonstrating its 

advantages in HFO detection [8]. S-transform of a signal is an extended version of the short-time Fourier transform 

(STFT), which addresses the cross-term problem [14]. The S-transform of the given signal s(t) is denoted by S(t, f) 

and is defined as the CWT of the signal multiplied by a phase factor of frequency f. 
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𝑆𝑥(𝑡, 𝑓) = ∫  
∞

−∞
𝑠(𝜏)

|𝑓|

√2𝜋
𝑒−𝜋(𝑡−𝜏)2𝑓2

𝑒−𝑗2𝜋𝑓𝑡𝑑𝑡      (2) 

 

S-transforms have better frequency resolution in the low-frequency range if their window size is large in the time 

domain, and they have better time resolution in the high-frequency range if their window size is narrow. After 

calculating TFDs, EOIs should be extracted from the map. Traditional image binarization uses a threshold value to 

convert an image pixel to a binary map.  

There is a drawback to using a fixed threshold, which is inconsistent with different signal properties in different 

channels because there is high variation in the intensity of the TFD map across different channels. Therefore, we 

need a robust image binarization method with no threshold parameters that easily adapts to various EEG signals. 

Here, we used the Otsu thresholding method, a type of automatic image thresholding that can identify blobs in the 

TFD image map [15].  

The Otsu method is an adaptive thresholding technique that iterates over all possible threshold values of a given 

image to minimize within-class variance or, equivalently, maximize between-class variance. 

By having island or blob objects in the TFDs map, we need to measure their region properties for further 

processing. The connected-component labeling (CCL) algorithm is applied to binary images to identify objects. The 

image features, such as area, centroid, width, and height of each object, are calculated at the cropping time point of 

the corresponding blob in the signal, as shown in Figure 3.  

TFDs contain a wealth of information that cannot be used for all points as features for feeding into a classification 

or clustering algorithm because it increases the feature space's dimensionality. To avoid this curse of dimensionality, 

a subset of features must be extracted that represent relevant information about the events of interest. We calculated 

the time point corresponding to the object center on the TFDs map with a confidence interval of 200 ms. Due to 

signal epoching, some duplicated events in the event pool should be removed. Then, events are aligned for further 

processing, including feature extraction and clustering. 

 

2.2.2. Second Stage: Feature Extraction 

All extracted events from the first stage underwent a feature extraction process to identify signal characteristics 

for the clustering algorithm. To accomplish this, we used three groups of signal features in the time, frequency, and 

time-frequency domains.  

Time domain features: Several time-domain features are directly related to the statistical properties of a signal 

under the assumption that normal and abnormal signals have different probability distributions, implying that the 

parameters characterizing the probability distributions of normal and abnormal signals can be used as features. A list 

of statistical features that can be extracted from the time-domain representation is provided in Table 1. The remaining 

time-domain features are listed in Table 2. 
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Figure 3. Extract EOIs from the TFDs map, then crop the signal corresponding to the events. 

 

Table 1. Statistical Time-Domain Features. 

Feature Formula 

Mean 
𝑚(𝑡) =

1

𝑁
∑  

𝑛

𝑥[𝑛] 

Variance 
𝜎(𝑡)

2 =
1

𝑁
∑  

𝑛

(𝑥[𝑛] − 𝑚(𝑡))
2
 

Skewness 
𝛾(𝑡) =

1

𝑁
∑  

𝑛

(𝑥[𝑛] − 𝑚(𝑡))
3
 

Kurtosis 
𝑘(𝑡) =

1

𝑁
∑  

𝑛

(𝑥[𝑛] − 𝑚(𝑡))
4
 

Coefficient of variance (CV) 𝑐
(𝑡)

𝜎(𝑡)

𝑚(𝑡)

 

 

Table 2. Other time-domain features. 

Feature Formula 

Root mean square (RMS) 

𝑅𝑀𝑆 = √(
1

𝑛
) ∑  

𝑛

𝑖=1

(𝑥𝑖)
2 

Power 

𝑃(𝑥) = ∑  

𝑁−1

𝑖=1

|𝑥[𝑖]|2 

Line length 

𝑃(𝑥) = ∑  

𝑁−1

𝑖=1

|𝑥[𝑖]|2 

Autocorrelation function 
𝑟𝑘 =

∑  𝑁−𝑘
𝑖=1 (𝑌𝑖 − 𝑌̅)(𝑌𝑖+𝑘 − 𝑌̅)

∑  𝑁
𝑖=1 (𝑌𝑖 − 𝑌̅)2

 

Nonlinear energy 

𝐸(𝑥) = ∑  

𝑁−2

𝑖=1

(𝑥2[𝑖] − 𝑥[𝑖 + 1]𝑥[𝑖 − 1]) 

Fractal dimension 
DB(𝑋) = 𝑙𝑖𝑚

𝜖→0
 
log 𝑁(𝜖)

log (1/𝜖)
 

Signal range (𝑥) = |𝑚𝑎𝑥(𝑥) − 𝑚𝑖𝑛(𝑥)| 
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Frequency domain features are used to detect abnormalities in EEG signals [16]. Power spectral density (PSD) 

is commonly used for extracting frequency information from a given signal and is robust for identifying spectral 

patterns of a signal.  

Here, we first compute the PSD of a signal using the Welch method, and then statistical parameters and other 

features are extracted as shown in Table 3. The PSD is calculated by a Hamming window of 1 second without an 

overlapping window. 

 

Table 3. Frequency-domain features. 

Feature Formula 

Spectral flux 

ℱℒ(𝑓) = ∑  

𝑀/2

𝑘=1

|𝑍𝑟[𝑘] − 𝑍𝑟−1[𝑘]| 

Spectral flatness 
𝑆ℱ(𝑓) = 𝑀

(∏  𝑀
𝑘=1 |𝑍𝑥[𝑘]|)𝑀−1

∑  𝑀
𝑘=1 |𝑍𝑥[𝑘]|

 

Spectral entropy 
𝑆𝐸(𝑋) = − ∑  

𝑘

𝑥[𝑘]log 𝑥[𝑘] 

Intensity-weighted mean frequency (IWMF) 
𝐼𝑊𝑀𝐹(𝑋) = ∑  

𝑘

𝑥[𝑘]𝑓[𝑘] 

Intensity-weighted bandwidth (IWBW) 
𝐼𝑊𝐵𝑊(𝑋) = √∑  

𝑘

𝑥[𝑘]𝑓[𝑘] − 𝐼𝑊𝑀𝐹(𝑋)2 

Peak power 𝑃𝑃 = 𝑚𝑎𝑥(𝑝𝑥𝑥 

 

Time-frequency domain features: High-frequency activities have different probability distribution functions 

(PDFs) in the TFDs, which can be characterized by various feature sets, including statistical parameters, entropy 

features, image features, and other TFD-related parameters. The statistical parameters of a given signal s(t) in (t, f) 

can be calculated as shown in Table 4. Here, time-domain features are simply extended to joint time-frequency 

features by replacing time-domain moments with corresponding time-frequency moments. The remaining time-

frequency domain features are listed in Table 5. 

 

Table 4. Statistical features in the time-frequency domain. 

Feature Formula 

Mean 

𝑚(𝑡,𝑓)& =
1

𝑁𝑀
∑  

𝑁

𝑛=1

∑  

𝑀

𝑚=1

𝜌𝑧[𝑛, 𝑚] 

Variance 

𝜎(𝑡,𝑓)
2 & =

1

𝑁𝑀
∑  

𝑁

𝑛=1

∑  

𝑀

𝑚=1

(𝜌𝑧[𝑛, 𝑚] − 𝑚(𝑡,𝑓))
2
 

Skewness 

𝛾(𝑡,𝑓)& =
1

𝑁𝑀𝜎(𝑡,𝑓)
3 ∑  

𝑁

𝑛=1

∑  

𝑀

𝑚=1

(𝜌𝑧[𝑛, 𝑚] − 𝑚(𝑡,𝑓))
3
 

Kurtosis 

𝑘(𝑡,𝑓)& =
1

𝑁𝑀𝜎(𝑡,𝑓)
4 ∑  

𝑁

𝑛=1

∑  

𝑀

𝑚=1

(𝜌𝑧[𝑛, 𝑚] − 𝑚(𝑡,𝑓))
4
 

Coefficient of variation (CV) 
𝑐(𝑡,𝑓)& =

𝜎(𝑡,𝑓)

𝑚(𝑡,𝑓)
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 Table 5. Other time-frequency domain features. 

Feature  Formula 

Shannon entropy 

𝑆ℎ𝐸(𝑡,𝑓) = − ∑  

𝑁

𝑛=1

∑  

𝑀

𝑚=1

(𝜌𝑟[𝑛, 𝑚])log2 |𝜌𝑟[𝑛, 𝑚]| 

Renyi entropy 

𝑅𝐸(𝑡,𝑓) =
1

1 − 𝛼
log2 ∑  

𝑁

𝑛=1

∑  

𝑀

𝑚=1

(𝜌𝑟[𝑛, 𝑚])𝛼 

Time-frequency flatness 

SF(𝑡,𝑓) = 𝑀𝑁
∏  𝑁

𝑛=1 ∏  𝑀
𝑚=1 |𝜌𝑧[𝑛, 𝑚]|

1

𝑁𝑀

∑  𝑁
𝑛=1 ∑  𝑀

𝑚=1 𝜌𝑧[𝑛, 𝑚]
 

Time-frequency flux 

ℱℒ(𝑡,𝑓) =
1

𝑁𝑀
∑  

𝑁−𝑙

𝑛=1

∑  

𝑀−𝑘

𝑚=1

|𝜌𝑧[𝑛 + 𝑙, 𝑚 + 𝑘] − 𝜌𝑧[𝑛, 𝑚]| 

Energy concentration 

Con(𝑡,𝑓) = (∑  

𝑁

𝑛=1

∑  

𝑀

𝑘=1

|𝜌[𝑛, 𝑘]|
1

2)

2

 

 

TFD image-based features: The TFD representation of a signal can be considered a grayscale image. Therefore, 

image processing techniques are valuable tools for extracting features from TFD maps. These include geometrical 

features and local binary pattern (LBP) [17]. Meaningful regions in an image, also known as regions of interest 

(ROI), are defined areas within an image that contain a concentration of energy with specific patterns that are easily 

distinguishable visually. Here, image moment features are used to characterize the ROIs of an image. To compute 

image moments, an image must be transformed into a binary image by applying an appropriate threshold. We used 

the Otsu method for image binarization, which was also employed in the event extraction stage. 

The moments from a segmented binary image, including centroid, height, width, compactness, area, and 

perimeter, help describe image segment features. 

For a given grayscale image ρz [n, m] with L number of segments, the moment of order (p, q) can be extracted 

as follows: 

𝑚𝑝𝑞
𝑙 = ∑  𝑚 ∑  𝑛 𝑚𝑝𝑛𝑞𝜌𝑧

𝑙 [𝑛, 𝑚]   (3) 

Where p, q = 0, 1, 2, ..., and 𝜌𝑧
𝑙  [n, m] is the lth segment of the given image. Central moments of an image are 

defined as follows: 

𝜇𝑝𝑞
𝑙 = ∑  𝑚 ∑  𝑛 (𝑚 − 𝑚𝑙)

𝑝

(𝑛 − 𝑛𝑙)
𝑞

𝜌𝑧
𝑙 [𝑛, 𝑚]   (4) 

Where are the components of the centroid for the lth segment? 

Other geometric features of a TFDs image, including area, perimeter, and compactness, are estimated as follows: 

• The area:  µ𝑂𝑂
𝑙  

• The perimeter: (𝑚30
𝑙 + 𝑚12

𝑙 )2 + (𝑚03
𝑙 + 𝑚21

𝑙 )2 

• The compactness: ((𝑚30
𝑙 + 𝑚12

𝑙 )2 + (𝑚03
𝑙 + 𝑚21

𝑙 )2)2/𝜇00
𝑙  

 

Local binary patterns: describe the local texture features of a given image. This method considers the 8-

neighborhood of image pixels and the threshold neighborhood of each pixel; then it transforms each value from binary 

to a decimal value to assign a label to the central pixel. After applying the LBP operator to a given image and 

performing a histogram on its results, we can extract features by calculating different statistical parameters such as 

mean, variance, skewness, and kurtosis. 

 

2.2.3. Third Stage: Event Clustering 

Clustering is a popular form of unsupervised learning that separates data into different homogeneous subgroups 

based on distances between data points [18]. Points within each subgroup are more similar to each other than to 
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points in different groups. Due to the variability in EEG data characteristics, training a classifier and applying it to 

other datasets can be challenging. Support Vector Machines (SVMs) are powerful supervised learning algorithms 

widely used in various classification and regression tasks because of their ability to handle high-dimensional data and 

identify optimal decision boundaries [17]. Here, we hypothesize that HFO events can be distinguished from other 

events, such as spikes, noise, and artifacts, using clustering because they are prominent in the TFD maps, appearing 

as islands or isolated blobs. Due to the high variability in the morphology of TFDs, it is preferable to design a 

detection system that categorizes TFDs into a known number of groups. Therefore, clustering is used for HFO 

detection rather than classification. A hierarchical clustering algorithm is employed to separate events into two 

groups: HFO and non-HFO. This tree-based clustering method builds nested clusters by successively merging or 

splitting them. To use clustering as a detector, clustering results specifically, signal events are averaged (as shown in 

Figure 2), and signals with large amplitude ranges are considered HFO, while minor signals are classified as non-

HFO events or background activities. 

 

2.3. Performance Evaluation 

Two different datasets were used for validation to assess the proposed method. The first one includes ground 

truth data to estimate the sensitivity, precision, and F-score of the detection algorithm, and the second one includes 

surgical outcomes to find a correlation between HFOs and seizure freedom. 

Compare with labeled data: The simulated dataset consists of labeled events marked by experts and is considered 

the gold standard. We used a time window of 100 ms in the center of each event as a confidence interval (CI) for 

assessing the algorithm. CIs that overlap with HFO events are considered true positives (TP), and CIs without 

overlap with HFO events are considered false negatives (FN). Detected HFO events outside the CIs are false positives 

(FP). We do not count true negatives (TN) because they are not clearly defined in the context of HFO events. The 

performance of the detector is evaluated based on sensitivity, precision, and F-score as follows: 

 

𝑆𝑒𝑛𝑠 =  𝑇𝑃/(𝑇𝑃 +  𝐹𝑁 ) 

𝑃𝑟𝑒𝑐 =  𝑇𝑃/(𝑇𝑃 +  𝐹𝑃 )     

𝐹 −  𝑠𝑐𝑜𝑟𝑒 =  2 ×  (𝑃𝑟𝑒𝑐 ×  𝑆𝑒𝑛𝑠)/(𝑃𝑟𝑒𝑐 +  𝑆𝑒𝑛𝑠) (5) 

 

Sensitivity measures the detector's ability to identify true HFOs, while precision assesses the detector's ability to 

reject events that are not actual HFOs. The F-score, which is the harmonic mean of sensitivity and precision, serves 

as a measure of accuracy. Compare with surgical outcomes: The correlation of HFO rate to resection area and surgical 

outcomes is calculated to extend the proposed detector's clinical application. We are investigating whether high rates 

of HFOs can be considered a biomarker for epileptogenic areas and whether the majority of removed HFOs during 

surgery will result in seizure freedom in epileptic patients. 

First, we measure the HFO rate in resected and non-resected contacts. Then, a ratio is defined for the rate of 

HFOs in resected areas and non-resected electrodes. Using this ratio, a value indicating +1 points out that the 

majority of HFOs are resected in patients, while a value of -1 denotes that most HFOs remain untouched. The ratio 

between the rates of HFOs in resected electrodes is as follows: 

 

Ratio Rate (𝑒) =
∑  𝑅𝐴  Rate 𝑒−Σ𝑁𝑜𝑛𝑅𝐴 Rate 𝑒

∑  [𝑅𝐴,𝑁𝑜𝑛𝑅𝐴]  Rate 𝑒
        (6) 

Where e is the type of event (ripple or fast ripple), RA are the resected channels, and Non-RA are the channels 

that were not resected. 
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2.4. Parameter Optimization 

Data becomes sparse due to numerous feature sets, and the curse of dimensionality poses challenges in data 

analysis. To reduce model complexity, parameter optimization is necessary to identify the best feature sets that 

enhance model accuracy. Clustering algorithms typically depend on different distance measures, which group points 

close to each other into one cluster, while points far apart are assigned to different clusters. However, distance 

measures are less effective in high-dimensional spaces; therefore, reducing the feature space can lead to more effective 

distance measures in clustering algorithms. Dimensionality reduction can be achieved through two different methods: 

feature selection and feature projection, such as Principal Component Analysis (PCA). While PCA identifies the 

optimal linear transformation of the given features and reduces their number, it may not be suitable for interpreting 

features as biomarkers because PCA results are combinations of all input features (i.e., projecting into new feature 

sets) and are not easily interpretable. Feature selection methods are divided into two groups: filter and wrapper 

methods. The filter method uses statistical ranking of features to determine their importance. However, wrapper 

methods combine given features and apply an algorithm to find the best accuracy. With a set of n features, wrapper 

methods select a subset of d features (d < n) that maximize detector performance. Here, we used the F-score value as 

the cost function for parameter optimization. 

 

 
Figure 4. Correlation coefficients of selected features to true labels. 

Wrapper methods attempt to use a subset of features to train a model and validate it against ground truth to 

identify the most accurate feature set. In this process, the selected features are input into a clustering algorithm, and 

the F-score is calculated as a cost function for the wrapper method. The sequential forward floating selection (SFFS) 

algorithm is employed for feature selection. The optimal accuracy was achieved by selecting 12 features, as shown in 

Figure 4. 
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3. RESULTS 

In this study, the proposed HFO detection method is validated on both simulated data and data from epileptic 

patients. The controlled dataset is selected to identify the most effective feature sets for HFO detection and to evaluate 

its performance. The data from epileptic patients are used to correlate HFOs with patient seizure freedom after 

surgery. If we only compare the detector to surgical outcomes, then we do not have an HFO detector; we have an 

outcome detector. Therefore, an effective approach is to assess the algorithm across different scenarios: compare it 

with labeled data from the controlled dataset and with surgical outcome scores from epileptic patients. 

 

3.1. Simulated Signal 

The detector's performance is validated on a public dataset [19], which includes labeled data for different events: 

ripple, fast ripple, and spike. Because measuring the performance of an HFO detector is challenging, it is preferable 

to work in a controlled environment where the time and location of an HFO event are known in advance. This dataset 

includes signals with varying SNRs from 0 to 15 dB, with 30 backgrounds across 8 sEEG channels. 

Figure 5 compares the results obtained from our method to those of detectors Roehri et al. [12] and Burnos et 

al. [20] on public datasets in terms of sensitivity, precision, and F-score for two different frequency ranges: ripple 

and fast ripple.  

As seen in Figure 6 , there is an expectation of low sensitivity at low SNR 0 dB because HFOs amplitude is close 

to background activity. From the figure, it can be observed that the performance of all detectors increases as SNR 

increases. At SNR 15 dB, with a higher amplitude of HFOs than background activity, the detectors reach their optimal 

performance. 

Our method's low SNR performance compared to Delphos' method is because Delphos uses different background 

denoising during the pre-processing stage, which results in better performance. Our method is comparable to 

Delphos' detector in terms of higher SNR rate, and it performs better than it in terms of F-score, which combines 

sensitivity and precision. 

For comparing methods across different SNRs, a permutation test with 10,000 permutations was applied to each 

HFO label to randomly change the ripple, fast-ripple, and spike labels. Our method detects HFOs in the ripple band 

with an F-score of 25%, a confidence interval (CI) of [14-37%], and a p-value of 0.49 for SNR 0; 73%, CI [55-86%], 

p=0.012 for SNR 5; 93%, CI [88-97%], p=0.010 for SNR 10; and 95%, CI [92-98%], p=0.009 for SNR 15. It also 

detects HFOs in the fast ripple band with an F-score of 16%, CI [13-18%], p=0.43 for SNR 0; 90%, CI [85-94%], 

p=0.010 for SNR 5; 98%, CI [97-99%], p=0.011 for SNR 10; and 99%, CI [97-100%], p=0.009 for SNR 15. 

 

3.2. Epileptic Patients Data 

The ratio of HFO rate between the resected area and the non-resected area should be high for patients with good 

outcomes compared to those with poor outcomes. We used the ratio metrics explained in section 2.3 to assess the 

HFO rates.  

Ripple and fast ripple rates are calculated for each electrode. SNRs for ripple and ripple background are 26.03 dB 

and 13.33 dB, respectively, and for FR and FR background are 5.30 dB and 1.22 dB, respectively. Figure 6 shows the 

ratio of HFO rates across all patients with different HFO detection methods. The ratio between HFO rates in resected 

and non-resected electrodes is significantly higher in patients with good outcomes (ILAE 1) than in those with poor 

outcomes (ILAE 2-6) using our method. 
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Figure 5. Boxplots of detector results in terms of sensitivity, precision, and F-score with varying SNR in ripple 
and fast ripple bands. 

 

 
Figure 6. Ratio of events in resected and non-resected electrodes in patients with good versus poor outcomes. We observe that fast ripples are more strongly 
associated with seizure freedom using our method. 
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Figure 7 shows the ratio of HFOs rate for individual patients using our method. Two patients had no HFOs in 

the FR band (#10 and #18). The plot indicates that, except for patients #3 and #16, all patients with favorable 

surgical outcomes had the majority of HFOs in the FR band resected (values > 0). This result can be interpreted 

differently: all patients with most HFOs remaining (values < 0) experienced poor surgical outcomes (except for 

patients #9 and #17). It should be noted that many channels in patient #17 were removed, yet the patient experienced 

seizure recurrence. 

 

4. DISCUSSION 

4.1. Contribution 

The primary objective of this study was to develop an automatic high-frequency oscillation (HFO) detection 

method based on time-frequency analysis for extracting events and classifying them as HFO or non-HFO. It was 

hypothesized that removing HFO contacts would lead to seizure freedom in epileptic patients. To achieve this, we 

established a straightforward pipeline for HFO detection based on clustering, which does not require any training 

phase or parameter tuning like classification algorithms. The method can be easily extended for real-time detection 

of HFOs in epilepsy monitoring units. 

 

 
Figure 7. The ratio of the HFO rate for all patients. 

Note: A good surgery outcome is indicated with a red circle, a poor outcome is indicated with a blue square, and patient numbers are inside 
the shapes. Ripple events are in column A, and fast ripple is in column B. Ratios of > 0 represent that the majority of that event is 
respected and the patients have good outcomes, while ratios < 0 represent that the events remain untouched and patients have poor 
outcomes. 

 

Detectors in the literature require many thresholding parameters for tuning and usually perform well on the 

studied signal [3, 7]. Our algorithm can be applied easily to different datasets and does not require many parameters 

for tuning. 

Our algorithm uses the S-transform to compute TFD maps, which provide high-resolution maps compared to 

other time-frequency maps. It achieved an F-score of approximately 98% for high SNR signals at 5, 10, and 15 dB. 

By using unsupervised methods, the model can discover the structure of the HFO signal without requiring any 

prior training. In contrast, supervised methods need labeled data for training, which can introduce bias against 

untrained data and may not perform well on different datasets. To demonstrate the effectiveness of our method, we 

validated it against a controlled dataset with varying levels of noise and conducted another experiment with an 

epileptic patient dataset to correlate with seizure outcomes. 
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4.2. Validation with Labelled Dataset 

The performance of the proposed method has been validated against a public dataset and compared with the 

Delphos detector Liu et al. [10] and Zelmann et al. [7], whose implementations are also publicly available. 

While existing detectors in the literature use information in the time or frequency domain only for classifying 

events into HFO and non-HFOs [3, 6, 7], our method employs joint time and frequency information to extract events 

from signals, resulting in a significant improvement in HFO detection. It is expected that the F-score will be low in 

low SNR conditions. According to the definition of HFOs, an event should be salient from background activities in 

the TFDs map. Therefore, there are few events detected in the first step at SNR 0 dB; consequently, detection 

accuracy is low. 

As can be seen from Figure 5, the results of this study indicate that our method outperforms existing methods at 

different SNRs, but compared to Delphos, it shows lower performance at low SNR 0. This is because the Delphos 

method uses a different pre-whitening technique in its initial processing step. In terms of F-score, our method 

performed better than the Delphos and TFA methods at high SNRs of 5, 10, and 15 dB. 

 

4.3. Validation with Epileptic Patients Dataset 

Our algorithm is applied to real data obtained from epileptic patients with follow-up surgery outcomes. While in 

the controlled dataset, we could compare the algorithm results with labeled events, here we can examine the 

relationship between HFO rate and surgical outcomes.  

We hypothesized that patients in whom the majority of HFOs are removed have good surgical outcomes, and 

patients in whom HFOs remain post-surgically have poor outcomes. As shown in Figure 7, the most important 

clinically relevant finding was that HFOs generating tissue are highly linked to achieving seizure freedom. In patients 

with a good outcome, the majority of tissue-generating HFOs (ripple and fast-ripple) events are resected (except 

patients #9 and #17). Conversely, in all patients with poor outcomes (except patients #3 and #16 in the fast-ripple 

band), epileptogenic tissue was not resected. Although it has been shown that fast ripples are more strongly linked to 

epileptogenicity than ripples in Fedele et al. [13], and their detector (TFA), here we show that both ripples and fast 

ripples are related to surgical outcomes by our and Delphos methods (ratios > 0). Nonetheless, fast ripples are more 

associated with epileptogenicity than ripples. According to Figure 6, by applying detectors on all patients, we can 

conclude that both ripples and fast ripples are indicators of epileptogenicity, but fast ripples are more strongly linked 

because the ratio of the rate in fast ripples is higher than that of ripples. Ripples and fast ripples exhibit different 

characteristics. 

Distribution patterns, while fast ripples are more localized than ripples. Therefore, interpreting HFO rates as a 

marker of epileptogenicity requires differentiating between ripples and fast ripples. While fast ripples show a strong 

link to the epileptogenic zone, the distribution of ripples is less indicative of the epileptogenic zone. These results are 

consistent with those of other studies [4, 8] and suggest that there is a strong correlation between removed HFO 

contacts (especially fast-ripple contacts) and surgical outcomes. 

 

4.4. Clinical Implications 

HFOs appear to be a reliable biomarker of epileptogenicity in patients with epilepsy. Patients whose HFO areas 

overlap more with the resected area tend to have better surgical outcomes. Conversely, patients whose HFO areas 

remain untouched often experience poorer outcomes. Fast ripples correlate more strongly with seizure outcomes than 

ripples and are more specific to epileptogenicity. 

 

5. CONCLUSIONS 

High-frequency oscillations are valuable biomarkers for epilepsy and are used to delineate the epileptogenic zone. 

The current study aimed to develop an HFO detector based on unsupervised learning, which identifies blobs in time-
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frequency domain maps and clusters them into HFO and non-HFO. We tested our method on two public datasets, 

involving controlled and epileptic patients, to evaluate the detector's performance. Our findings were consistent with 

previous research and indicated that fast ripple could be a promising biomarker of epileptogenicity in epileptic 

patients. We found a significant correlation between the removal of the HFO area, especially fast ripple, and seizure 

freedom and recurrence in the remaining HFO area. 
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