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ABSTRACT  ARTICLE INFO 

Heart rate measurement based on electrocardiogram (ECG) signals is 
commonly performed through traditional observation techniques, which 
can be less effective especially when restricted to short-range. Such 
limitations may hinder the detection of subtle variations in cardiac 
rhythm, potentially resulting in the omission of critical time-dependent 
physiological information. To overcome this challenge, a computational 
approach is introduced to enhance both the accuracy and consistency of 
heart rate estimation. The fast Fourier transform (FFT) is applied to 
convert ECG signals from the time domain to the frequency domain, 
allowing for accurate identification of dominant spectral components 
associated with cardiac activity. This transformation also enables the 
evaluation of long-range, which is often impractical to analyze using 
time-domain methods alone. A dataset consisting of ten ECG signal 
recordings from subjects with normal heart function was utilized. 
Waveform images were digitized using PlotDigitizer software and 
further processed in MATLAB through spectral transformation. The 
resulting frequency components were accurately identified, with a mean 
absolute error of less than 0.2% when compared to reference values. 
These results demonstrate the effectiveness of a frequency-based 
analytical approach in improving measurement precision and promoting 
efficiency in digital cardiac monitoring. The findings contribute to the 
development of advanced biomedical signal processing techniques. 
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1. INTRODUCTION 

Advances in medical diagnostic technology continue to evolve, with cardiac electrical activity 

monitoring emerging as a widely applied innovation. Cardiovascular diseases remain the leading cause 

of death worldwide. According to data from the World Health Organization, 17.9 million deaths were 

recorded in 2019, representing approximately 32% of all global mortality, with 85% resulting from 

stroke and heart attacks [1]. Key risk factors include lifestyle, occupational stress, and dietary habits 

[2], underscoring the critical role of early detection in effective clinical management [3]. 

The electrocardiogram (ECG) serves as a fundamental tool for assessing heart function by 

recording the electrical activity produced during myocardial contraction. These signals, generated 

through synchronized depolarization, results in measurable voltages on the body's surface in the 

millivolt range [4]. Due to its non-invasive procedure, rapid execution, and wide diagnostic 

capabilities - including detection of arrhythmias, coronary artery disease, and structural abnormalities - 

ECG has become indispensable in clinical settings [5]. 

Despite its advantages, manual analysis of ECG signals presents several limitations [6]. Noise 

interference, patient movement, and inconsistent electrode placement can diminish accuracy [7, 8]. In 

addition, the interpretation process is prone to subjectivity and fatigue, even among experienced 

clinicians [9]. These constraints have led to increased interest in computational methods that aim to 

improve both precision and analytical efficiency. 

https://creativecommons.org/licenses/by/4.0/
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Signal transformation techniques that convert time-domain data into frequency-domain 

representations have gained recognition for addressing these challenges. Among them, the fast Fourier 

transform (FFT) offers high efficiency and reliability in isolating dominant spectral components [10]. 

The analytical workflow typically involves three core stages: data preprocessing, feature extraction, 

and classification [9]. Numerous studies have demonstrated successful applications of this approach, 

including blood pressure analysis, detection of sleep apnea, and tumor identification in CT imaging 

[11-13]. 

In practical application, the method begins with converting ECG signal graphs into numerical 

data. The resulting data is then processed using spectral transformation to extract dominant frequency 

characteristics. This approach is particularly useful for revealing patterns that may not be visible 

through time-based observation alone [14]. The analysis is structured in sequential steps, from 

preprocessing through frequency transformation to identification of rhythm abnormalities based on 

spectral output. 

2. THEORETICAL REVIEW 

ECG is a diagnostic tool used to detect electrical activity in the heart in the form of a graph 

that records electrical changes in the heart, which are then linked to time [15]. Conventional ECG 

machines consist of 12 leads divided into two groups, namely limb leads and precordial leads. Limb 

leads are further categorized into standard bipolar limb leads (I, II, and III) and augmented unipolar 

leads (aVL, aVF, and aVR). The precordial leads include V1 to V6 [1]. The limb leads view the heart 

in the vertical plane, while the precordial leads record the heart's electrical activity in the horizontal 

plane [16]. The typical ECG waveform obtained from lead II consists of five feature waves P, Q, R, S, 

and T waves [17]. 

 

Figure 1. main components of the ECG signal. 

FFT is a mathematical calculation method used to convert analog signals into digital signals 

based on frequency. This method breaks down a signal into different frequencies using complex 

exponential functions [18]. The Fourier transform consists of representing signals by summing 

frequencies and amplitudes as follows [10]:  

 

     
  

 
   ∑    

 
     

    
    (1) 

 

where,    is frequency at index   (Hz),    is sampling frequency (Hz),   is frequency index,   is 

number of samples,    is amplitude of the spike (mV), and    is signal at time k (mV). 

3. METHODOLOGY 

The FFT method was applied to analyze the frequency spectrum of cardiac bioelectrical 

signals. Raw data were initially extracted using the PlotDigitizer application, which enabled the 

conversion of graphical waveform data into numerical values. The resulting dataset, consisting of 110 

samples with two columns (time and amplitude), was then exported to Excel format for further 

processing. 
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Before transformation, the signal undergoes linear interpolation to ensure uniform time 

intervals between samples, with the sampling frequency defined as 1000 Hz. A time vector was 

constructed using a fixed sampling period (T = 1/Fs), and the interp1 function in MATLAB was 

employed to generate a uniformly sampled signal based on the digitized data. 

The transformation from the time domain to the frequency domain was performed using the 

fft() function with 1000 points. Although the NFFT parameter was calculated based on the next power 

of two, the transform length was explicitly set to 1000 to maintain consistent spectral resolution. The 

frequency vector ranges from 0 to half of the sampling frequency (Fs/2), corresponding to the positive 

half of the spectrum. 

The complex output of the transformation was converted to amplitude and normalized against 

its maximum value, resulting in a relative power spectrum. This normalization facilitates comparison 

between different signals. The dominant frequency component, typically associated with heart rate, 

was identified by locating the highest amplitude peak in the spectrum and was visually highlighted in 

the frequency plot for easier interpretation. 

 

Figure 2. Fourier analysis. 

To represent the ECG signal spectrum based on the results of the transformation from the time 

domain to the frequency domain, one commonly used approach is the Gaussian model. This model is 

used for symmetrical shape and suitability for the characteristics of biological signals, which are 

concentrated at particular frequencies. The mathematical equation is expressed as follows: 

 

  ( )    
 
(   ) 

    (2) 

 

where,  ( ) is amplitude at frequency  ( ),   is maximum amplitude (V),   is center frequency (Hz), 

and   is spectrum width standard deviation (Hz). 

4. RESULTS AND DISCUSSION 

This data presents the results of extracting ECG signal data using PlotDigitizer software. The 

data obtained reflects the waveform of the ECG signal that has been converted into digital form. 

Table 1. Numerical values derived from ECG images using PlotDigitizer. 

Time (s) Amplitude (mV) 

34.8540146 -0.097561 

36.38686131 -0.3170732 

37.11678832 -0.902439 

37.62773723 3.63414634 

37.91970803 7.87804878 

38.64963504 -0.6829268 

39.16058394 -0.0243902 

40.40145985 0.19512195 

41.20437956 0.63414634 

 

The time function describes the change in voltage with respect to time, while the frequency 

function describes the distribution of signal energy with respect to frequency. The result of this 

processing is a heartbeat rhythm graph that shows the distribution of amplitude against time and the 
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frequency spectrum. This information is used to identify the dominant frequency in the ECG signal 

and analyze the heartbeat pattern based on the characteristics of the resulting frequency spectrum. 

  
(a) (b) 

Figure 3. (a) ECG signal data 1 – 5 displayed on standard ECG paper, (b) The result of converting numerical 

data into heart rhythm from ECG 1 – 5 using MATLAB. 

The results of the numerical data conversion using MATLAB in Figures 3 and 4 produce a 

representation of the heartbeat rhythm displayed in the form of an ECG signal graph. On the graph, the 

horizontal axis shows time (in seconds), while the vertical axis shows the amplitude of the ECG 

signal. Visually, it can be observed that all the signals show typical periodic patterns, namely P waves, 

QRS complexes, and T waves which are the main components in one heart beat cycle [19]. 
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(a) (b) 

Figure 4. (a) ECG signal data 6 – 10 displayed on standard ECG paper, (b) The result of converting numerical 

data into heart rhythm from ECG 6 – 10 using MATLAB. 

This section presents the results of transforming ECG signals from the time domain to the 

frequency domain using the FFT method. This process is done to extract the frequency information 

from the recorded signal, so that the heart rhythm pattern can be analyzed more clearly. The result is a 

frequency spectrum graph that shows how the amplitude of the signal changes with frequency. This 

graph provides an overview of the dominating frequency components in the ECG signal, which will 

then be used to identify the main frequency patterns. 
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Figure 5. Transformation results of ECG 1 – 10 signals from time domain to frequency domain using FFT. 

The analysis results show that all ECG signals have a dominant frequency in the range of 1.1 

to 1.6 Hz, which is equivalent to a normal heart rate of 68 to 96 beats per minute. The highest 

amplitude appears at low frequencies (around 1 – 2 Hz), then decreases sharply after passing the peak, 

generally in the frequency range of 2 – 5 Hz. Above this range, the amplitude tends to flatten and 

approach zero, indicating that most of the signal energy is concentrated at low frequencies [20]. 

However, one sample, ECG 9, shows several additional peaks after the dominant frequency. This 

condition may indicate the presence of noise or certain complexities in the signal, although it does not 

significantly affect the identification of the main components. Analysis of the frequency spectrum 

shows that most of the ECG signal energy is concentrated at low frequencies, consistent with the 

physiological characteristics of human heartbeats [21]. Thus, the results obtained from the Fourier 

transform can serve as a basis for further research in the development of an automatic detection system 

for diagnosing heart disorders. The frequency values for each ECG will be discussed in Table 2. 



 

Optimization of heart rate measurement using fast … (Fatimah and Defrianto) 

119 

Table 2. Comparison between FFT results and reference data. 

ECG 
Heartbeat 

(bpm) 

Frequency result from FFT 

(Hz) 

Heartbeat result from FFT 

(bpm) 

Error 

(%) 

ECG 1 86 1.434 86.040 0.046 

ECG 2 96 1.602 96.120 0.125 

ECG 3 85 1.418 85.080 0.094 

ECG 4 68 1.133 67.980 0.029 

ECG 5 77 1.285 77.100 0.130 

ECG 6 75 1.250 75.000 0.000 

ECG 7 73 1.219 73.140 0.192 

ECG 8 73 1.219 73.140 0.192 

ECG 9 96 1.600 96.000 0.000 

ECG 10 70 1.168 70.080 0.114 

This evaluation discusses the accuracy of the FFT method in analyzing ECG signals based on 

the results of frequency spectrum transformation. The evaluation was carried out by comparing the 

results obtained with reference data and measuring the level of error that occurred. In addition, 

interpretation of heartbeat patterns was also carried out to determine how FFT is able to accurately 

represent the characteristics of ECG signals. The comparison between FFT results and reference data 

is used as a benchmark to evaluate the error rate in frequency spectrum analysis. This process involves 

calculating the difference between FFT results and reference values to determine the accuracy of the 

method in detecting heartbeat frequencies. 

The evaluation of the Fourier transform results on the ECG signal was performed by 

comparing the FFT results with the reference data to assess the accuracy of this method. Based on 

Table 2, the frequencies obtained through the FFT method were within the range corresponding to the 

reference heart rate frequencies, with a relatively small error rate. These results indicate that the FFT 

method is capable of converting ECG signals from the time domain to the frequency domain with a 

high degree of precision. The differences observed between the FFT results and the reference values 

may be attributed to factors such as the quality of the initial signal, the presence of noise, and the 

parameters used in the frequency analysis [22]. The error percentage shown in the table indicates that 

the FFT method has a sufficiently high accuracy in detecting the dominant frequency of the ECG 

signal. Error values ranging from 0.000% to 0.192% indicate that the difference between the FFT 

results and the reference data is still within acceptable limits. The main factors influencing the error 

are the resolution of the transformation, the length of the signal used, and the quality of the signal pre-

processing before the transformation. In some cases, small differences in frequency values can also be 

caused by individual physiological variations that affect heartbeat patterns [23]. 

5. CONCLUSION 

The FFT method demonstrates a high level of accuracy in detecting the main heartbeat 

frequency. The average error in measurements is below 0.2%, indicating that this method is reliable 

for biomedical signal analysis. Heart rate values calculated using the FFT method have a very small 

difference compared to patient data from ECG results. FFT is able to identify the main frequency 

peaks with high precision, thus providing results that are very close to patient data obtained from 

standard ECG devices.  

ACKNOWLEDGMENTS  

The author would like to thank the Ministry of Higher Education, Science, and Technology for 

its financial support for this research in 2025. Thanks are also extended to the Riau University 

Research and Community Service Institute and the Plasma and Computational Physics Laboratory at 

Riau University for their support and the use of laboratory facilities.   

 

 



 

Science, Technology and Communication Journal, 6(2), 113-120, February 2026 

120 

REFERENCES 
[1] Anbalagan, T., Nath, M. K., Vijayalakshmi, D., & Anbalagan, A. (2023). Analysis of various 

techniques for ECG signal in healthcare, past, present, and future. Biomed. Eng. Adv., 6. 

[2] Alradwan, I., Al Fayez, N., Alomary, M. N., Alshehri, A. A., Aodah, A. H., Almughem, F. A., 

Alsulami, K. A., Aldossary, A. M., Alawad, A. O., Tawfik, Y. M., & Tawfik, E. A. (2024). 

Emerging trends and innovations in the treatment and diagnosis of atherosclerosis and 

cardiovascular disease: a comprehensive review towards healthier aging. Pharmaceutics, 16(8). 

[3] Kumar M, A. & Chakrapani, A. (2022). Classification of ECG signal using FFT based improved 

Alexnet classifier. PLOS one, 17(9), e0274225. 

[4] Herminingsi S., Uddin I., Nugroho M. A., Sofia S. N., Suyono, A. P., Tonang, A. (2021). 

Elektrokardiografi: Metode pembelajaran praktis. Perhimpunan Dokter Spesialis 

Kardiovaskular Indonesia cabang Semarang: Semarang. 

[5] Li, H. & Boulanger, P. (2020). A survey of heart anomaly detection using ambulatory 

electrocardiogram (ECG). Sensors, 20(5), 1461. 

[6] Schamroth, L. (1990). An introduction to electrocardiography. Blackwell Science: Oxford. 

[7] De Lannoy, G., François, D., Delbeke, J., & Verleysen, M. (2011). Weighted conditional 

random fields for supervised interpatient heartbeat classification. IEEE Transactions on 

Biomedical Engineering, 59(1), 241–247. 

[8] Dupre, A., Vincent, S., & Iaizzo, P. A. (2005). Basic ECG theory, recordings, and 

interpretation. Handbook of Cardiac Anatomy, Physiology, and Devices, 191–201. 

[9] Liu, X., Wang, H., Li, Z., & Qin, L. (2021). Deep learning in ECG diagnosis: A review. 

Knowledge-Based Systems, 227, 107187. 

[10] Slimane, A. B. & Zaid, A. O. (2021). Real-time fast fourier transform-based notch filter for 

single-frequency noise cancellation: Application to electrocardiogram signal denoising. Journal 

of Medical Signals & Sensors, 11(1), 52–61. 

[11] Sharma, A., Tanwar, R. S., Singh, Y., Sharma, A., Daudra, S., Singal, G., Gadekallu, T. R., & 

Pancholi, S. (2022). Heart rate and blood pressure measurement based on photoplethysmogram 

signal using fast Fourier transform. Computers and Electrical Engineering, 101, 108057. 

[12] Molin, N. L., Molin, C., Dalpatadu, R. J., & Singh, A. K. (2021). Prediction of obstructive sleep 

apnea using Fast Fourier Transform of overnight breath recordings. Mach. Learn. Appl., 4. 

[13] Yoshimasu, T., Kawago, M., Hirai, Y., Ohashi, T., Tanaka, Y., Oura, S., & Okamura, Y. 

(2015). Fast Fourier transform analysis of pulmonary nodules on computed tomography images 

from patients with lung cancer. Annals of Thoracic and Cardiovascular Surgery, 21(1), 1–7. 

[14] Dougherty, G. (2009). Digital image processing for medical applications. Cambridge 

University Press. 

[15] Verweij, N., Benjamins, J. W., Morley, M. P., van de Vegte, Y. J., Teumer, A., Trenkwalder, T., 

Reinhard, W., Cappola, T. P., & van der Harst, P. (2020). The genetic makeup of the 

electrocardiogram. Cell Systems, 11(3), 229–238. 

[16] Sattar, Y. & Chhabra, L. (2023). Electrocardiogram. StatPearls Publishing. 

[17] Chen, C. L. & Chuang, C. T. (2017). A QRS detection and R point recognition method for 

wearable single-lead ECG devices. Sensors, 17(9), 1969. 

[18] Kusuma, D. T. (2020). Fast Fourier transform (FFT) dalam transformasi sinyal frekuensi suara 

sebagai upaya perolehan average energy (AE) musik. Petir, 14(1), 522785. 

[19] Sörnmo, L. & Laguna, P. (2005). Bioelectrical signal processing in cardiac and neurological 

applications. Academic press. 

[20] Acharya, U. R., Fujita, H., Oh, S. L., Hagiwara, Y., Tan, J. H., & Adam, M. (2017). Application 

of deep convolutional neural network for automated detection of myocardial infarction using 

ECG signals. Information Sciences, 415, 190–198. 

[21] Rangayyan, R. M. & Krishnan, S. (2024). Biomedical signal analysis. John Wiley & Sons. 

[22] Kaçar, S. & Sakoğlu, Ü. (2016). Design of a novel biomedical signal processing and analysis 

tool for functional neuroimaging. Computer Methods and Programs in Biomedicine, 125, 46. 

[23] Gutierrez, G., Williams, J., Alrehaili, G. A., McLean, A., Pirouz, R., Amdur, R., Jain, V., Ahari, 

J., Bawa, A., & Kimbro, S. (2016). Respiratory rate variability in sleeping adults without 

obstructive sleep apnea. Physiological Reports, 4(17), e12949. 


