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Abstract 

This study presents the development of an electrocardiogram (ECG) signal acquisition and analysis 
system based on Arduino hardware and a personal computer. The recorded ECG signals were processed 
in MATLAB to extract key diagnostic parameters, including sinus rhythm, the amplitude and width of 
the P, S, and T waves, as well as the slope of the ST segment. These features were subsequently 
transformed into Time-domain representations, enabling clinicians to simultaneously examine hundreds 
of cardiac cycles. By providing a comprehensive view of ECG variability, the proposed waveform 
effectively reduces the influence of artifacts caused by technical errors or transient physiological and 
emotional fluctuations. Consequently, the integration of s enhances diagnostic precision and reliability 
compared to conventional visual inspection methods currently used in clinical practice.     

Keywords: electrocardiography (ECG), PQR waves, waveform, Arduino, MATLAB, cardiovascular 
disease diagnosis 

1. Introduction 

Electrocardiography (ECG) is a common, non-invasive clinical test that records the heart's electrical 
activity, widely used for diagnosis and monitoring of cardiovascular diseases [1]–[3]. In this method, 
electrodes are attached to the chest, arms, and legs to measure the electrical signals as they propagate 
through the heart, and the ECG signal is displayed as a waveform corresponding to each cardiac cycle [4], 
[5]. Within an ECG cycle, a wealth of pathological information is conveyed through the amplitude and 
width of component waves such as P, Q, R, S, and T [6]. The cycle duration and morphology of the ECG 
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provide critical diagnostic markers for conditions such as arrhythmias, myocardial ischemia and 

infarction, cardiac hypertrophy, pericarditis, and electrolyte imbalances [7]–[9]. 

Traditionally, clinical practice relies on visual inspection of ECG graphs, where physicians analyze 
the waves by measuring amplitudes and time intervals to assess cardiac electrical activity [10]. The heart 
rate and rhythm, reflected in ECG frequency, can indicate whether the heart is functioning regularly [11]. 

Alterations in the shape and size of the P, QRS, and T waves reveal structural or functional abnormalities 
in different cardiac chambers [12]. For example, disappearance of the P wave combined with irregular 

rhythm can indicate atrial fibrillation [13], while increased R-wave amplitude in limb leads and S-wave 
amplitude in chest leads suggests left ventricular hypertrophy (LVH) [14]. Similarly, a wide or notched P 
wave is linked to left atrial enlargement (LAE), whereas prolonged PR interval or widened QRS complex 
may indicate hyperkalemia [15]. Abnormalities in the QT interval are associated with electrolyte 
disturbances such as hypocalcemia [16]. Furthermore, the slope and morphology of the ST segment 
provide essential diagnostic insights: ST depression with inverted T waves suggests myocardial ischemia, 
while ST elevation across contiguous leads indicates myocardial infarction [17]. 

However, manual ECG interpretation has intrinsic limitations. Visual analysis requires considerable 
clinical experience and can be subjective, leading to inter-observer variability [18]. The human eye may 

not detect subtle waveform changes or rare abnormal beats when analyzing large volumes of ECG data, 
which risks missing early but clinically significant pathologies [19]. To overcome these challenges, recent 

studies have increasingly adopted automated ECG analysis methods, often enhanced with artificial 
intelligence (AI) and machine learning algorithms, which improve diagnostic accuracy and efficiency 
while supporting clinical decision-making [20]. Unlike conventional statistical methods where histograms 
only display frequency, the Waveform do more than represent instantaneous values (amplitude, position, 
etc.); they provide insights into the rate of change, peak amplitude, and fluctuation cycles of wave 
parameters in real-time. Most importantly, the spectral values are compared against standard clinical 
safety ranges in real-time. 

Despite these advances, many existing studies primarily focus on pattern recognition of cardiac 
arrhythmias or large-scale classification tasks. Less attention has been paid to lightweight, real-time ECG 
acquisition and analysis systems that can be deployed in low-resource or educational settings. 
Furthermore, developing an integrated framework that not only acquires ECG signals but also performs 
fundamental spectral decomposition of cardiac waves (e.g., P-wave amplitude, R-wave height, ST slope) 

is essential for both clinical research and training applications. Our study addresses this gap by designing 
a low-cost ECG measurement system using AD8232 and Arduino, combined with MATLAB-based signal 

processing for real-time visualization and spectral feature extraction. This approach is expected to provide 
a practical tool for both clinical support and biomedical engineering education, highlighting the necessity 
and timeliness of our research.  

2. Design of the ECG Signal Measurement System 

To construct the Waveform, we will identify the positions (timing) and measure the values 
(amplitude, width, slope, etc.) of the waves (P, Q, R, S, T, etc.) within each recorded ECG signal cycle, 
then represent their variations (amplitude, width, position, etc.) over real-time. The block diagram of the 

ECG measurement system is connected as shown in Figure 1. 

 
 
 

Figure 1. ECG measurement system diagram. 
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Electrodes: These are small metal pads or adhesive patches placed on the patient's skin at specific 
locations on the arms, legs, and chest. Their function is to pick up the electrical signals generated by the 
heart. 

Amplifier: Because the electrical signals produced by the heart are very small, an amplifier is needed 
to boost the signal's amplitude so the machine can record it. In this report, we use the AD8232 module 
(Figure 2). 

 

 

Figure 2. AD8232 Sensor Module. 

 

Figure 3. Arduino Uno Module. 

 

Signal Processor/ADC (Analog-to-Digital Converter): This component converts the analog signal into a 
digital signal and inputs it into the PC. In this report, we use the analog ports of Arduino (Figure 3). 

ECG Display: The display is a Figure window in MATLAB, showing the electrocardiogram in real 

time. 

Signal Processing to Find Wave-waveform: The ECG signal is processed by MATLAB through a 
program for storage and analysis. The waveforms are also output as graphs, such as P-wave amplitude, 
P-wave width, R-wave amplitude, ST segment slope, and more.  

To receive ECG signals from the sensor and transmit them to the computer, Arduino was 
programmed to meet the connection requirements. The connection program was written in C++ language 
using the IDE application. This program is then compiled into binary code and uploaded to the 
microcontroller chip's memory on the Arduino. After conversion to a digital signal, the signal is connected 
to the computer via a USB port. MATLAB then reads the signal from the USB port and reconstructs it as 
a graph. 

The circuit diagram of connection is shown in Figure 4 and the program to connect the AD8232 
module with Arduino is written as follows. Whereas, the Analog-to-Digital Converter (ADC) resolution 
used on our device is 10-bit (the default setting for Arduino) and the reference voltage for the Arduino is 
set at the standard 5V. 
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Figure 4. The circuit diagram of the ECG measurement system. 

The sampling frequency is determined by the time interval (period) required to measure an ECG 
value over time. In this study, we programmed this interval to be 5 ms, corresponding to a sampling 
frequency of 200 Hz. The code of connection is written in C as follows. 

// Define A0 as Analog input 
#define ECG_IN A0 
float voltage = 0.0; 
float max_voltage = 5.0; 
int ADC_value = 0; 
  
void setup(){ 
   Serial.begin(9600); 
   Serial.println("ECG signal"); 
} 
  
void loop(){ 
   // Read Analog ECG 
   adc_value = analogRead(ECG_IN); 
    
   // Convert ADC_value  to float 
  voltage  = (ADC_value * max_voltage) / 1024.0;  
    
   // Print voltage to Serial Monitor 
  Serial.print("ECG Voltage = "); 
  Serial.println(voltage, 2); 
  delay(5); 
} 

 

To receive the ECG signal from Arduino, we use MATLAB to open the computer's COM port, which 
is connected to the Arduino. This allows us to receive the ECG signals and plot them on MATLAB's 
graphical window, displaying 100 signals per frame. The MATLAB program is written simply as follows. 

 
% Open COM3 
close all; clear all; clf; 

Sensor 
ECG 

AD8232 
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s = serial('COM3','BaudRate',9600); 
fopen(s); 
disp('Press CTRL + C to Stop'); 
%Plot data 
i = 0; 
while (1) 
    i = i + 1; 
    ECG(i) = fscanf(s,'%d'); 
    plot(ECG); 
    pause(0.001); 
    if i > 100 
        i = 1; 
        clf; 
    end; 
end; 
fclose(s); 

3. Processing ECG Signal for Constructing Waveform 

In our system, approximately 18 points define a cycle, which will contain enough P, Q, R, S, and T 
waves. Since the start time of signal acquisition is quite random, determining the exact positions of these 
waves within a cycle is rather complex. 

First, we identify the positions of the extrema as the locations of unidentified waves within an ECG 
cycle. If we consider the ECG signal as a discrete function of time, F(t), then the identification of these 

extrema positions is performed by solving the discrete equation F′(t) = 0 using numerical methods. The 
positions (time) of these extrema will be organized into a vector called the extrema position vector (Tmax
). The corresponding amplitudes of these extrema (wave peaks) will be stored in the extrema amplitude 
vector Fmax). 

Looking at the ECG signal graph, we can see that the R-wave has the highest amplitude and is 
significantly different from the amplitudes of the other waves. This makes it a good indicator for 
identifying the R-wave's position within an ECG cycle and its index within the Tmax vector. 

If we divide the cycle T of an ECG signal into N segments (in this paper, we choose N = 17), with 
each segment defined as follows: 

∆𝑡 =
்

ே
                                                                         (1) 

We have, 𝑡௜ = 𝑡଴ + 𝑖∆𝑡, where t0 is the initial measurement time determined from real-time, and i = 

1… N + 1 are integers. At that time, the ECG wave amplitudes are recorded as values 𝐹௜ = 𝑆𝐸𝑅𝐼𝐴𝐿(𝑡௜), 
where SERIAL(t) is the value measured from the USB port via the sensor ECG and Arduino. The first-
order numerical derivative is approximated as: 

𝐹௜
ᇱ =

ி೔శభିி೔

∆௧
=

∆ி೔

∆௧
                                                              (2) 

Where i = 1 … N, by the halving method. 

For i = 1 to N 
𝑡௜ = 𝑡଴ + 𝑖∆𝑡 
𝐹௜ = 𝑆𝐸𝑅𝐼𝐴𝐿(𝑡௜) 
𝑘 = 1 
IF (𝐹௜

ᇱ ∗ 𝐹௜ାଵ
ᇱ < 0) then 

𝑡୫ୟ୶ (௞) =
𝑡௜ + 𝑡௜ାଵ

2
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𝐹୫ୟ୶ (௞) =
𝐹௜ + 𝐹௜ାଵ

2
 

END 
 𝑘 = 𝑘 + 1 

END 

Using the bisection method, we found the extreme values (peaks of the waves) as an extreme 
amplitude vector Fmax and the positions (time) of these extremes as an extreme position vector Tmax. 
Also using this algorithm, we can easily find the largest value in the extreme amplitude vector (the R-
wave peak). Thus, the extreme position vector Tmax and the extreme amplitude vector Fmax have been 
determined. We can write these two vectors in matrix form. 

𝑇௠௔௫ = (𝑡௉    𝑡ொ   𝑡ோ   𝑡ௌ   𝑡்)                                                         (3) 

𝐹௠௔௫ = (𝐹௉   𝐹ொ    𝐹ோ    𝐹ௌ    𝐹்)                                                       (4) 

Each measurement has an undefined starting time, so the amplitude and position of the R-wave are 
determined as follows. 

𝐹ோ = 𝑀𝑎𝑥(𝐹௠௔௫) = 𝐹௠௔௫(𝑘) 

𝑡ோ = 𝑇௠௔௫(𝑘) 

If k is called as the index or position of FR or tR in the vector Tmax, then the positions of the other 

waves like S, T, P, and Q are determined as follows: 

The amplitude and position of the S-wave. 

𝐹ௌ = 𝐹௠௔௫(𝑘 + 1)  
𝑡ௌ = 𝑇௠௔௫(𝑘 + 1) 
IF (𝑘 + 1 > 5) then 

𝑘 + 1 = 𝑘 + 1 − 5 
𝐹ௌ = 𝐹௠௔௫(𝑘 − 4)  
𝑡ௌ = 𝑇௠௔௫(𝑘 − 4) 

END 

The amplitude and position of the T-wave 

𝐹ௌ = 𝐹௠௔௫(𝑘 + 2)  
𝑡ௌ = 𝑇௠௔௫(𝑘 + 2) 
IF (𝑘 + 2 > 5)then 

𝑘 + 2 = 𝑘 + 2 − 5 
𝐹ௌ = 𝐹௠௔௫(𝑘 − 3)  
𝑡ௌ = 𝑇௠௔௫(𝑘 − 3) 

END 
 

The amplitude and position of the Q-wave 

𝐹ொ = 𝐹௠௔௫(𝑘 − 1)  
𝑡ொ = 𝑇௠௔௫(𝑘 − 1) 
IF (𝑘 − 1 < 0) then 

𝑘 − 1 = 𝑘 − 1 + 5 
𝐹ொ = 𝐹௠௔௫(𝑘 + 4)  
𝑡ொ = 𝑇௠௔௫(𝑘 + 4) 

END 
 

The amplitude and position of the P-wave 

𝐹௉ = 𝐹௠௔௫(𝑘 − 2)  
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𝑡௉ = 𝑇௠௔௫(𝑘 − 2) 
IF (𝑘 − 2 < 0) then 

𝑘 − 2 = 𝑘 − 2 + 5 
𝐹௉ = 𝐹௠௔௫(𝑘 + 3)  
𝑡௉ = 𝑇௠௔௫(𝑘 + 3) 

END 
 

After each cycle, the time vector t and amplitude vector F are recorded to determine the width of the 
P, Q, R, S, and T waves. 

With the wave height error 𝜀 = 10ିଶ (%), the width of the P-wave can be determined by the 

following algorithm. 

FOR i = 1 to N + 1  
𝑡௜ = 𝑡଴ + 𝑖∆𝑡 
𝐹௜ = 𝑆𝐸𝑅𝐼𝐴𝐿(𝑡௜) 
𝑤௉ = 0 
IF (𝑡௜ > 𝑡௉) & (|𝐹௜| > 𝜀) then 

𝑤௉ = 𝑤௉ + 1 
END 
𝑤௉ = 2 ∗ 𝑤௉ ∗ ∆𝑡 

END 

This algorithm is applied similarly to find the width of the Q, R, S, and T waves.  

The slope of the ST segment is determined by the angle 𝛼ௌ் as shown in Figure 5, where 

tan(𝛼ௌ்) =
ி೅ିிೄ

௧೅ି௧ೄ
                                                                 (5) 

 
 
 
 
 
 
 
 

 
 

Figure 5. The slope of the ST segment is calculated using the angle αୗ୘. 

After m ECG cycles, we obtain the matrices. 

𝑇௠௔௫ =

⎝

⎜
⎜
⎛

𝑡௉
(ଵ)

   𝑡ொ
(ଵ)

   𝑡ோ
(ଵ)

   𝑡ௌ
(ଵ)

   𝑡்
(ଵ)

𝑡௉
(ଶ)

   𝑡ொ
(ଶ)

   𝑡ோ
(ଶ)

   𝑡ௌ
(ଶ)

   𝑡்
(ଶ)

⋯
⋯

𝑡௉
(௠)

   𝑡ொ
(௠)

   𝑡ோ
(௠)

   𝑡ௌ
(௠)

   𝑡்
(௠)

⎠

⎟
⎟
⎞

                                                     (6) 

and  

𝐹௠௔௫ =

⎝

⎜
⎜
⎛

𝐹௉
(ଵ)

   𝐹ொ
(ଵ)

   𝐹ோ
(ଵ)

   𝐹ௌ
(ଵ)

   𝐹
(ଵ)

𝐹௉
(ଶ)

   𝐹ொ
(ଶ)

   𝐹ோ
(ଶ)

   𝐹ௌ
(ଶ)

   𝐹
(ଶ)

⋯
⋯

𝐹௉
(௠)

   𝐹ொ
(௠)

   𝐹ோ
(௠)

   𝐹ௌ
(௠)

   𝐹
(௠)

⎠

⎟
⎟
⎞

                                                 (7) 

P 

Q 
αST 

R 

S 

T 
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From these matrices, we can also find the column matrices for the widths of the waves WP, WQ, WR, 

WS, WT and 𝛼ௌ் for the slope of the ST segment. 

         𝑊௉ =

⎝

⎜⎜
⎛

𝑤௉
(ଵ)

𝑤௉
(ଶ)

⋯
⋯

𝑤௉
(௠)

⎠

⎟⎟
⎞

; 𝑊ொ =

⎝

⎜
⎜
⎛

𝑤ொ
(ଵ)

𝑤ொ
(ଶ)

⋯
⋯

𝑤ொ
(௠)

⎠

⎟
⎟
⎞

; 𝑊ோ =

⎝

⎜⎜
⎛

𝑤ோ
(ଵ)

𝑤ோ
(ଶ)

⋯
⋯

𝑤ோ
(௠)

⎠

⎟⎟
⎞

⋯ ⋯ 𝛼ௌ் =

⎝

⎜⎜
⎛

𝛼ௌ்
(ଵ)

𝛼ௌ்
(ଶ)

⋯
⋯

𝛼ௌ்
(௠)

⎠

⎟⎟
⎞

                    (8)         

By collecting the values in the first column of the Fmax matrices, we were able to plot the amplitude 
spectrum of the P-wave. The amplitude waveform of the Q, R, S, and T waves were similarly constructed 

from the remaining columns of the Fmax matrix. The width waveform of the P, Q, R, S, T waves and the 
spectrum of the ST segment slope were also determined using the column matrices (8). 

Sinus rhythm can also be calculated using the Tmax position matrix. 

𝑓ா஼ீ =
଺଴

்ಶ಴ಸ
    (rhythm/minute)                   (9) 

Where 𝑇ா஼ீ is the period of an ECG signal measured in seconds, for the i-th cycle, it is calculated as 
follow 

𝑇ா஼ீ
(௜)

= 𝑡ோ
(௜ାଵ)

− 𝑡ோ
(௜) 

The sinus rhythm spectrum can be constructed from the elements of the vector 𝑓ா஼ீ 

𝑓ா஼ீ = (𝑓ா஼ீ
(ଵ)

  𝑓ா஼ீ
(ଶ)

   ⋯   𝑓ா஼ீ
(ேିଵ)

)                                               (10) 

Unlike the Pan–Tompkins algorithm, which relies on signal slope (first-order derivative) to detect 
the R-wave position and subsequently identify other waveforms, our algorithm first identifies the local 

extrema of all waves within an ECG cycle. By searching for the maximum peak (R-wave) followed by 
the minimum peak (S-wave), the position and amplitude of both R and S waves are determined with high 
precision and zero ambiguity. Consequently, it can be concluded that our algorithm offers superior 
accuracy and stability 

To demonstrate an educational prototype for the construction and application of wave spectra (P, Q, 
R, S, T) in diagnosing cardiovascular diseases. Our experiment was conducted for the unipolar limb lead 

I (negative electrode on the right arm, positive electrode on the left arm) as shown in Figure 6. 

 

Figure 6. The unipolar limb leads. 
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The waveforms obtained are shown in the following figures from 7 to 12. The ECG voltage is plotted 
on the default scale of the Arduino's analog input, which consists of integers from 0-1023. To convert 
these digital values into clinical ECG voltages, the following formula can be applied 

𝑉௖௟௜௡ =
௏೔೙×ହ଴଴଴

ଵ଴ଶସ
  (mV)                                                         (11) 

 

Figure 7. The R-wave peak amplitude waveform. 

 

Figure 8. The Q-wave peak amplitude waveform. 

 

 

Figure 9. The S-wave peak amplitude waveform. 

 

Figure 10. The T-wave peak amplitude waveform. 
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Figure 11. The P-wave peak amplitude waveform. Figure 12. The T-wave peak width waveform. 

4. Conclusions 

In this paper, we successfully constructed an electrical circuit to connect an ECG sensor to a personal 

computer via an ADC converter using an Arduino board. The code for Arduino was written in C using 
the IDE software. The ECG signal was fully displayed on the screen in real-time. We utilized MATLAB 

as a tool for signal processing and display. Within the scope of this paper, only one unipolar limb lead 
was implemented, and we successfully constructed the amplitude and width waveform for the P, Q, R, S, 
and T waves for this lead. The slope spectrum of the ST segment and the sinus rhythm spectrum for this 
lead were also obtained. By observing the waveform, physicians can easily identify abnormal values that 
need to be excluded and reliable, stable values that can be used for diagnosis. The safe ranges (such as 
amplitude, width, slope, etc.) for each type of lead should be strictly referenced according to current 
medical literature. The standardization of the signal with standard medical ECG signals for various 
subjects (men, women, elderly, children, etc.) was not performed in this paper. 

The construction of Waveform for other leads (12-lead ECG) can be performed in an entirely 
analogous manner. In practice, the technician or physician simply needs to reposition the electrodes on 
the patient's body. Naturally, the spectral profiles for different leads will be compared against the clinical 
reference database corresponding to each specific lead 
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