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Abstract. Anomaly detection is one of the critical steps in the diagnosis of disorders. Many anomaly detection methods aim
to use different characteristics of the anomalous data with distinctive features than the normal data. We propose a new feature
extraction method, the WFOD feature which is based on a novel data transformation in the frequency domain called WFOD.
In our analyses, we use a publicly available motion artifact ECG dataset, which are collected in three different cases: standing,
walking and jumping. Such cases are classified by four different classifiers with the pairs of statistical moments of the data, with
and without the WFOD feature. The results show that the WFOD feature enhances the classification accuracy in most cases by
improving accuracy by up to 25% on accuracy values ranging from the worst case, 47% to the best, 93%

INTRODUCTION

Anomalies are defined as the components or intervals in data which behave irregularly compared to the rest of the
data [1]. Therefore, anomaly detection is one of the main steps in detailed data analyses in distinct applications from
classification via machine learning approaches, or diagnosis in biomedical applications [2]. On the other hand, the
detection of the anomalies is often highly dependent on the data features, which make the selection and extraction of
the features from the data, another important step. Most data modalities have specific types of distinguishing features,
but often basic statistical features such as the statistical moments are also used as features in the classification studies
[3].

Apart from the time domain features, frequency domain features are also useful and widely used in many engineer-
ing applications to discriminate data [4]. Time domain features are highly dependent on data trends and environmental
artifacts such as motion, whereas frequency domain features are not much affected by trends or short time anomalies
[5]. On the other hand, frequency domain features are highly susceptible to periodic noises such as hum noise or peri-
odic muscle contractions, while time domain features do not change much with such noises with low signal-to-noise
ratio [6]. Therefore, hybrid features representing both time and frequency domain properties can provide a better
broad sense of applicability on time series data modalities. However, since they include a transformation and several
steps to compute, such hybrid features are generally computationally complex, making them not completely useful
for real-time analyses.

In this study, a new hybrid feature with a novel data transformation, the WFOD feature, which has both time and
frequency domain properties, is proposed. The performance of the new feature is tested by using an open-access
ECG motion artifact dataset in a classification study. The statistical moments, namely, mean, variance, skewness, and
kurtosis, are paired with each other in combination with and without the WFOD feature. Moreover, four classifiers,
namely, tree classifier, linear discrimination analysis (LDA), K-nearest neighbor (K-NN), and Naive Bayes classifier,
classify the features independently. The results are compared with each other, and the performance of the WFOD
feature in terms of discrimination of the ECG data of different cases is investigated.

PROPOSED FEATURE: WFOD TRANSFORM AND FEATURE EXTRACTION

WFOD algorithm consists of several steps in both the time and frequency domain, and based on the frequency domain
based outlier detection method (FOD) [7]. Firstly, the periodogram of the data with defined window size, is estimated.
Such window size, is initially selected to cover at least five heartbeats to generate clear patterns in the frequency
domain. The second step of the algorithm is to find the principal frequency in the periodogram plot. Both to detect
the principal frequency and to discard the extreme or possibly erroneous cases in the data, such as the heartbeat
above 240bpm and below 30bpm, the searching window in periodogram plot is limited between fintmax and fintmin,
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respectively. The formula to compute fintmax can be found in Equation 1, where the constant 0.25 corresponds to the
time between the beats of 240bpm. Similarly, Equation 2 represent the formula to calculate fintmin value, where the
constant 2 stands for the time interval between the beats of 30bpm.

fintmax =
DataLength

0.25∗SamplingRate
(1)

fintmin =
DataLength

2∗SamplingRate
(2)

Finding the principal frequency may be tricky for some data with multiple periodic behavior or noise. Hence,
the next step is to detect the peaks between fintmin and fintmax to provide a somewhat selective approach to detect
the correct peak in the defined frequency interval. Here, the peak with the highest amplitude and the first peak are
selected. If they correspond to the same frequency, then that frequency is decided to be the principal frequency, fint . If
not, the frequency value with the highest peak amplitude is decided. A note for future work should be here to improve
the detection of the principal frequency. Hence, by using fint and the window size in the time domain, w, the common
time domain periodicity, tint can be found by the application of the relationship between the time domain and the
frequency domain by using Equation 3.

tint =
2∗W

fint
(3)

Hence, if the data in the window are regular and do not include any secondary oscillation or artifact, the peak can
easily be detected. On the other hand, if the data have an anomaly or artifact, then the location of the peak changes or,
the peak cannot be found. Such cases indicate anomalies in the current time window in which the algorithm is being
iterated. Therefore, the values of tint can be a pre-indicator of the various types of anomalies. Moreover, tint value
can also be used in the transformation of the data into a more basic and stationary version, which we call as ’WFOD
transform’. The transformed data consist of the zero vector with length equal to the window size and single-point
impulse peaks with amplitude equal to the global extreme value of either minimum or maximum, whichever has the
highest absolute amplitude value, of the data in the window. Such single-point impulse peaks are located equidistant
of each other by the interval of tint . Hence, the data window can be represented simply by the common periodicity
and the impulses. The WFOD transformation algorithm uses the following steps:

1. Define the parameter of the window size.

2. Obtain tint from Equation 3.

3. Build a zero vector whose length matches the length of window size.

4. Obtain the global extremum value, i.e., GEamplitude, and its location, i.e., GElocation, in current window.

5. Add impulses with the amplitude GEamplitude at the location GElocation on zero vector.

6. Shift the location backwards and forwards by tint on the zero vector, and place additional impulses.

7. WFOD transformation is obtained.

A representation of the application of WFOD transformation on real data [8] can be found in Figure 1, where
the data are represented with the blue line, and their WFOD transformation is represented with the red line. The
equidistant impulses with the distance of tint and the amplitude of GEamplitude can be observed in this figure too.

After the computation of WFOD transformation, to extract features from this transformation, a dynamic time warp-
ing algorithm (DTW) between the original data and the WFOD transformed data is applied. Hence, the DTW value
is implemented as a new feature, representing both the data’s time and frequency domain characteristics.
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FIGURE 1. A representation of the windowed data (Blue) and their WFOD transform (Red) on real ECG data from BIDMC
Congestive Heart Failure database [8].

3. DATA AND EXPERIMENTAL SETUP

To test the classification performance of the proposed WFOD feature, a publicly available motion artifact anomaly
contaminated ECG dataset with three conditions [9], which is obtained from Physionet website [10], is taken. In this
dataset, the ECG data are collected from a total of 3 subjects while standing, walking, and jumping to observe the
contamination of the data with motion artifacts. Here, the standing case is considered the control, the walking case
refers to the low anomaly condition, and the jumping case reflects the high anomaly condition. The sampling rate of
the data is 500Hz, and each case consists of 8 seconds of measurements. There are three offsets of electrode patches,
namely 0, 45, and 90 degrees, and they are considered as the repetitive measures of the same subject in this study.
Hereby, the experimental conditions for classification are generated in pairs, i.e., standing-walking, standing- jumping,
and walking-jumping cases. Therefore, the classifications are performed independently on those pairs. Therefore, the
data prepared for the classification part comprises 18 instances of measurement, consisting of 9 measurements per
group in binary classification.

On the other hand, the features in this study are selected from the statistical moments of the data, which are mean,
variance, skewness, and kurtosis. Here, the WFOD feature is applied as an additional feature to the pair of those
features on half of the experimental conditions to observe the effects of the WFOD feature in terms of classification
performances. The number of features is needed to be limited to a maximum of three due to the curse of dimensionality
[11]. Therefore, the experiments are performed by using the pairs of such statistical moments.

RESULTS AND DISCUSSION

The classification accuracy results of four different classifiers for each individual pair of experiments are provided in
the tables. Here, Table 1 refers to the experiment, standing and walking pair, i.e., control group and low anomaly
group. Table 2 is for the standing and jumping pair, i.e., control group and high anomaly group. Finally, Table 3
represents the results for the walking and jumping pair, i.e., low anomaly group and high anomaly group.

In all analyses, we implement the well-known classification approaches, namely, tree algorithm, linear discriminant
analysis (LDA), K-nearest neighbour approach (K-NN), and naive Bayes methods while comparing the performance
of different feature pairs.

According to Table 1, WFOD feature has no significant change in the accuracies of the classifiers, where it either
decreases or increases the accuracies by 1% to 6% with no consistency. Hence, it can be inferred that the WFOD
feature has no significant effect on the discrimination of the control and low anomaly groups. Moreover, comparing
the classifiers, the tree classifier has mostly better classification accuracies than other classifier algorithms.
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TABLE I. Classification accuracy of statistical feature pairs with and without WFOD feature for standing - walking experiment
under distinct classification methods.

Feature Pairs Tree LDA K-NN Naive Bayes
Mean + Variance 0.58 0.60 0.52 0.48
Mean + Variance + WFOD 0.57 0.61 0.51 0.49
Mean + Skewness 0.67 0.48 0.61 0.51
Mean + Skewness + WFOD 0.66 0.48 0.63 0.51
Mean + Kurtosis 0.73 0.53 0.56 0.49
Mean + Kurtosis + WFOD 0.67 0.52 0.62 0.50
Variance + Skewness 0.67 0.52 0.61 0.50
Variance + Skewness + WFOD 0.64 0.51 0.60 0.51
Variance + Kurtosis 0.73 0.58 0.56 0.53
Variance + Kurtosis + WFOD 0.72 0.56 0.63 0.47
Skewness + Kurtosis 0.70 0.52 0.67 0.60
Skewness + Kurtosis + WFOD 0.67 0.51 0.64 0.53
WFOD 0.66 0.51 0.46 0.50

TABLE II. Classification accuracy of statistical feature pairs with and without WFOD feature for standing - jumping experiment
under distinct classification methods.

Feature Pairs Tree LDA K-NN Naive Bayes
Mean + Variance 0.75 0.57 0.73 0.56
Mean + Variance + WFOD 0.84 0.72 0.68 0.62
Mean + Skewness 0.87 0.73 0.71 0.68
Mean + Skewness + WFOD 0.88 0.80 0.76 0.66
Mean + Kurtosis 0.87 0.66 0.61 0.58
Mean + Kurtosis + WFOD 0.88 0.80 0.70 0.62
Variance + Skewness 0.86 0.71 0.75 0.72
Variance + Skewness + WFOD 0.87 0.81 0.73 0.72
Variance + Kurtosis 0.87 0.66 0.68 0.62
Variance + Kurtosis + WFOD 0.83 0.78 0.73 0.67
Skewness + Kurtosis 0.86 0.74 0.76 0.76
Skewness + Kurtosis + WFOD 0.89 0.80 0.75 0.76
WFOD 0.81 0.66 0.67 0.66

TABLE III. Classification accuracy of statistical feature pairs with and without WFOD feature for walking - jumping, experiment
under distinct classification methods.

Feature Pairs Tree LDA K-NN Naive Bayes
Mean + Variance 0.78 0.66 0.65 0.53
Mean + Variance + WFOD 0.90 0.71 0.67 0.63
Mean + Skewness 0.77 0.69 0.69 0.66
Mean + Skewness + WFOD 0.90 0.65 0.73 0.71
Mean + Kurtosis 0.84 0.70 0.69 0.65
Mean + Kurtosis + WFOD 0.89 0.66 0.73 0.67
Variance + Skewness 0.77 0.67 0.67 0.66
Variance + Skewness + WFOD 0.92 0.67 0.69 0.66
Variance + Kurtosis 0.81 0.69 0.59 0.66
Variance + Kurtosis + WFOD 0.93 0.68 0.69 0.63
Skewness + Kurtosis 0.68 0.71 0.65 0.71
Skewness + Kurtosis + WFOD 0.93 0.69 0.70 0.70
WFOD 0.87 0.62 0.76 0.60

Table 2 refers to the comparison of the control and high anomaly groups, where the difference between the groups
is expected to be highest among the pairs of groups. Here, it can be observed that the WFOD feature mostly provides
an improvement in the classification accuracy from 0% up to 14%. However, there are a few cases in that WFOD
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reduces the classification accuracy slightly up to 4%. For this pair of groups, again, the tree classifier provides better
overall results than other classifiers.

Finally, Table 3 refers to the results of discriminating the low and high anomaly groups.
According to these results, the WFOD algorithm has a superior performance with the improvement of the accuracy

by up to 25% in contribution to the discrimination of the groups. It can be observed that the WFOD feature perfor-
mance is the best in this pair of groups. Moreover, similar to the previous pairs of groups, the tree classifier has the
best assessment compared to the other classifiers.

CONCLUSION

In this study, a new hybrid feature, namely the WFOD feature, which is based on the data’s time and frequency
domain characteristics is proposed. The performance of the underlying feature is tested with an experimental setup,
compared to the statistical moments used as features in a classification study. The results imply that the WFOD
feature generally improves the classification accuracies of ECG data with different groups of anomalies. The effect
of the WFOD feature is highest when the classification of low and high anomalies indicates an improvement up to
25% in classification accuracy. Moreover, the unimodal classification with the WFOD feature also provides a good
classification rate up to 87% for low and high anomaly groups. Hereby, we consider that the current results of the
study are promising, and some further modifications to the WFOD algorithm may even improve the performance of
the WFOD feature in the classification of the time series data. Hence, as future work, we think to improve the WFOD
algorithm and to test it on different data modalities. On the other hand, the comparison of classifiers yields that the tree
classifier provides the best accuracy values among the list of classifiers. Accordingly, in the extension of this study,
especially, with the applications on biomedical data, it is found that the tree classifier provides the highest accuracy
values. Therefore, we consider to use this specific method as the main classifier in order to obtain the optimal pair of
classifiers versus feature extraction approaches in biomedical data analyses.
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