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Basic Arithmetic-Based Arrhythmia Detection for Mobile 3-
Lead ECG System 

By Aatreya Chakravarti 

(1) Introduction 

 The electrocardiogram, or ECG, is a device that measures electrical signals 

originating from a patient’s heart. The measured potentials are used to construct a signal 

that correlates with events occurring during each cardiac cycle (i.e. atrial and ventricular 

systole and diastole). This resulting waveform is known as a PQRST signal due to the 

distinctive and repetitive characteristics that it presents. These characteristics are 

summarized in Fig. 1 below.  

  

 

 

 

 

 

 

 

Three common ECG lead configurations exist to measure cardiac potentials. The 12-lead 

configuration is the gold standard for clinical diagnosis. In this configuration, limb 

electrodes are placed on both the left and right legs and arms. The remaining six 

precordial electrodes are placed between the fourth and fifth intercostal rib spaces [4]. 

The 5-lead configuration retains all the limb electrodes but uses only one of the six 

precordial electrodes based on requirement. Both electrode placement methods described 

above capture clear and undistorted signals, however, they can be expensive and 

inconvenient for the patient.  

 For the application addressed in this paper, a mobile ECG system, the above 

described configurations are not feasible for multiple reasons. Firstly, 12 and 5- lead 

devices are not compact enough for regular use and would significantly reduce the quality 

of life of a patient using the device. Secondly, having more leads results in more data 

being generated. This data must be stored and subsequently processed to produce the 

ECG waveform all of which puts an intense burden on the battery of the device [8]. Due 

to the limited memory, computing power and battery life of mobile phones it is 

favourable to maintain fewer leads in the ECG [16].  For these reasons, 3-lead ECG 

measurement has become increasingly popular in this application.  

Due to advances in filtering technology, issues with noise artifact distortion that 

plagued previous 3-lead systems are no longer relevant. The increased viability of mobile 

Fig. 1. Typical ECG waveform with cardiac events labelled 

accordingly [7]  
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ECG systems over the last decade has given impetus to the growth of the continuous 

measurement applications market. The final goal of such an application is to provide real-

time arrhythmia detection that can alert both the patient and their respective physician of 

the onset of a heart disorder.  

(2) Comparison of R-peak Detection Algorithms 

Many arrhythmias are detected based on heart rate, which is computed by counting 

the number of heartbeats (i.e. R-peaks) that have occurred in one minute. The R-peak 

detection algorithm therefore is an essential component of a 3-lead arrhythmia detection 

system. Many algorithms for this application exist, but not all of them are suitable for a 

mobile device. Three detection algorithms are covered in this paper.  

Continuous Wavelet Transform (CWT) method:  

  There are many types of CWT detection algorithms that have been proposed for 

ECG waveform analysis. One of the most successful of these algorithms is the adaptive 

wavelet transform method using least squares pattern fitting. This method has been 

proposed and tested by [13] using the MIT-BIH database and has resulted in an R-peak 

detection success percentage of 99.99%.  

 A common theme found in all detection algorithms is the pre-processing stage of 

the method. This stage is essential due to the excessive noise present in most signals from 

many sources (e.g. power line interference, contact noise, patient-electrode motion 

artifact, electromyographic noise, baseline drift etc.) which must be eliminated before any 

detection algorithm can be applied. Often embedded in this stage is the preparation of 

the signal into a specific form required for the algorithm that it is being processed by. 

The pre-processing steps applied to the waveform by [13] are listed in Fig. 2 below.   

  

    

  

 

 

  

  

   

The two median filters eliminate high-amplitude P and T-waves respectively, while a 

subtraction filter eliminates the 0.5 Hz baseline drift. The waveform is subsequently 

squared to make all the data points positive and to amplify high-amplitude characteristics 

in the waveform, mainly R-peaks [13]. Post waveform filtering, the CWT R-peak 

detection algorithm is applied to the outputted waveform. An adaptive wavelet matching 

a typical QRS complex is approximated using least squares optimization with a fourth 

order polynomial. Using this wavelet and adjusted thresholds, R-peaks are detected.  

Fig. 2. Adaptive Wavelet CWT pre-processing steps to eliminate p-wave 

& t-wave false positive detection and baseline drift [13] 
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Fig. 3. Diagram of Pan-Tompkins algorithm including the filter pre-processing, the smoothening 

functions and finally the R-peak detection using dynamic thresholds [15]   

Advanced So and Chan (SAC) Method 

  The SAC method is a differentiation based R-peak detection algorithm. The 

method relies on changes in the sign of the slope as an indicator of local maxima. From 

there, the peak with the largest amplitude is isolated using multiple slope thresholds. 

Once an R-peak has been detected, a hold period reduces the likelihood of false positive 

T-wave detection. This technique has been repeatedly modified to produce the most 

recent “advanced” SCA method. Among the modifications present in the advanced 

method is a change in how local maxima are detected. Rather than relying solely on 

changes in slope sign, a more through algorithm is implemented where the onset of a 

QRS complex is detected if two successive slopes exceed the dynamic slope threshold.  

 In article [8], the authors tested the advanced SCA method with waveforms from 

the MIT-BIH database. The R-peak detection success percentage resulting from these 

tests was 99.04%.     

Pan-Tompkins Method 

 One of the earliest to be proposed and most commonly used algorithms for R-

peak detection is the Pan-Tompkins method. The most important feature of this method 

is its robust pre-processing which helps eliminate most external noise on the signal. Fig. 

3. below shows the multiple stages of the method.  

 

 

The first step of pre-processing passes the input ECG waveform through a cascaded low-

pass and high-pass filter, also known as a bandpass filter. Following this, the signal goes 

through a derivative function which obtains information about the slope of the 

waveform. A squaring function then carries out non-linear amplification of the signal. 

Finally, a moving window integrator smoothens the signal in preparation for R-peak 

detection and records information about the waveform not related to slope (i.e. RRI, 

QRS width, ST width etc.). In a real system, stage 3 to 5 are repeated multiple times to 

thoroughly remove any remnants of noise. 

 R-peaks are identified using dynamic thresholds that change their value based on 

the amplitude of noise at any given instance. This design allows the thresholds to float 
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Tab. 1. Comparison of WCT, Advanced SCA and Pan-Tompkins Method  

over the noise, but under the largest amplitude of the waveform. Filtering and 

amplification ensures that high-frequency noise, the only deterrent to this system, is not 

found on the signal. Once the R-peaks have been successfully detected, heart rate is 

computed by counting the number of R-peaks detected per minute. It is common 

practice to use the average heart rate when reporting the HR rather than the 

instantaneous HR to avoid rapid fluctuations when displaying the value. 

 The Pan-Tompkins method is ideal for mobile application because it uses basic 

arithmetic operations compared to other methods that require greater computing power 

to carry out their algorithms. Robust filtering and amplification allows systems using this 

method to accept more distorted signals such as the ones recorded by a 3-lead ECG 

device versus a 5 or 12-lead device.  

Though in this paper only three algorithms have been discussed, there exist many 

different algorithms that are equally effective in R-peak detection. However, due to the 

limitations placed by a mobile system, the above three methods were seen as the most 

apt. A comparison of the three R-peak detection algorithms discussed is summarized in 

Tab. 1. below. Computing requirements, filtering method and R-peak detection success 

percentage are listed as basic parameters for evaluation.      

 

 

 

 

(3) Extracting Basic ECG Parameters Using Pan-Tompkins Method 

QRS Width: The width of the QRS complex can 

be determined by looking at the output waveform 

of the moving window integrator. The distance 

between the isoelectric line and the end of the 

upward sloping wave is correlates with the width of 

the QRS complex. This is illustrated in Fig. 4. 

below. 

RR Interval: The time elapsed between the 

detection of two R-peaks 

ST Segment: ST Segment deviation calculation is described at the end of section 4.  

Heart Rate: The HR that is displayed is often not the instantaneous HR but rather the 

average of a certain number of beats preceding the present one. This ensures that the HR 

does not fluctuate rapidly and allows for arrhythmia detection algorithms to run 

smoothly.  

𝐻𝑅 =  𝑎𝑣𝑒𝑟𝑎𝑔𝑒 (
60 𝑠

𝑅𝑅𝐼1 
+

60 𝑠

𝑅𝑅𝐼2 
+ ⋯ +

60 𝑠

𝑅𝑅𝐼𝑛−1 
+

60 𝑠

𝑅𝑅𝐼𝑛 
) 

Fig. 4. MWI Waveform α with QRS width extraction 
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𝑁𝑜𝑟𝑚𝑎𝑙 𝑅𝑅𝐼 =>  𝛼 < 𝐻𝑒𝑎𝑟𝑡 𝑅𝑎𝑡𝑒 𝑉𝑎𝑟𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦 <  𝛽  

𝑊ℎ𝑒𝑟𝑒 𝛼 𝑎𝑛𝑑 𝛽 𝑎𝑟𝑒 𝑑𝑦𝑛𝑎𝑚𝑖𝑐𝑎𝑙𝑙𝑦 𝑠𝑒𝑡 

 

(4) Arrhythmia Detection Algorithms Based on Basic ECG Parameters  

As stated in the previous section, specific to the application of mobile arrhythmia 

detection certain limits exist on the amount of memory, computing power and battery life 

that can be used by any implemented software. Though many capable arrhythmia 

detection systems exist, only those methods which utilize basic ECG parameters and 

simple logic can be used for a mobile system. With that note, we can proceed in outlining 

how each of the twelve arrhythmias can be detected.  

Premature Atrial Contraction (PAC) 

 Patients of PAC experience premature heart beats originating from the other parts 

of the atria rather than from the sinoatrial node. In such patients, the rate of electrical 

discharge from conduction cells in the atrial wall is faster than the electrical discharge rate 

of the SA node. Symptoms include feeling a “skipped” beat, urge to cough, dizziness and 

weakness [20].  

General Waveform Characteristics: P-wave occurs earlier than normal (sometime hidden 

in preceding T-wave) [6] 

Method of Detection: (𝑖) 𝑅𝑅𝐼𝑛  >  𝑅𝑅𝐼𝑛+1   (𝑖𝑖) 𝑅𝑅𝐼𝑃𝐴𝐶 <  𝛿 ∙ 𝑅𝑅𝐼𝑚𝑒𝑎𝑛 [8] 

Premature Ventricular Contraction (PVC)  

 PVC is caused by the initiation of the heart beat from the Purkinje fibres located 

in the wall of the ventricles. Symptoms include palpitations, feeling of “fluttering” and 

dizziness [20].  

General Waveform Characteristics: Abnormal P-wave (may be inverted or of abnormally 

low/high amplitude), P-wave occurs earlier than normal (sometime hidden in preceding 

T-wave) [6] 

Method of Detection:  

(𝑖) 𝑅𝑅𝐼𝑃𝑉𝐶  <  𝑅𝑅𝐼𝑚𝑒𝑎𝑛   (𝑖𝑖) 𝑅 𝑃𝑒𝑎𝑘 𝐴𝑚𝑝𝑛  <  𝑅 𝑃𝑒𝑎𝑘 𝐴𝑚𝑝𝑛+1 } PVC Type I 

(𝑖) 𝑅𝑅𝐼𝑃𝑉𝐶 < 𝑅𝑅𝐼𝑚𝑒𝑎𝑛   (𝑖𝑖) 𝑅 𝑃𝑒𝑎𝑘 𝐴𝑚𝑝𝑛 < 0   (𝑖𝑖𝑖) 𝑅𝑅𝐼𝑛  < 𝑅𝑅𝐼𝑛+1} PVC Type II 

𝑊ℎ𝑒𝑟𝑒 𝑛 = 𝑃𝑉𝐶 𝑏𝑒𝑎𝑡 [8] 

Bigeminy 

 This arrhythmia is characterized by the occurrence of a PVC every other beat. 

Symptoms are similar to that of a single PVC.  
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Fig. 5. Binary wave generated from pre-processed signal 

Method of Detection:  

(𝑖) 𝑅𝑅𝐼𝑛 𝑛𝑜𝑟𝑚𝑎𝑙 (𝑖𝑖) 𝑅𝑅𝐼𝑛+1𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙 (𝑖𝑖𝑖) 𝑅𝑅𝐼𝑛+2 𝑛𝑜𝑟𝑚𝑎𝑙 

 𝑂𝑅 

(𝑖) 𝑅𝑅𝐼𝑛 𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙 (𝑖𝑖) 𝑅𝑅𝐼𝑛+1𝑛𝑜𝑟𝑚𝑎𝑙 (𝑖𝑖𝑖) 𝑅𝑅𝐼𝑛+2 𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙 [3] 

Trigeminy 

 This arrhythmia is characterized by the occurrence of a PVC every third beat. 

Symptoms are similar to that of a single PVC.  

Method of Detection:  

(𝑖) 𝑅𝑅𝐼𝑛 𝑛𝑜𝑟𝑚𝑎𝑙 (𝑖𝑖) 𝑅𝑅𝐼𝑛+1𝑛𝑜𝑟𝑚𝑎𝑙 (𝑖𝑖𝑖) 𝑅𝑅𝐼𝑛+2 𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙 
 𝑂𝑅 

(𝑖) 𝑅𝑅𝐼𝑛 𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙 (𝑖𝑖) 𝑅𝑅𝐼𝑛+1𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙 (𝑖𝑖𝑖) 𝑅𝑅𝐼𝑛+2 𝑛𝑜𝑟𝑚𝑎𝑙 [3] 
 

Ventricular Flutter (VFL) 

 VFL is caused be a re-entry circuit between the atrium and ventricles. A re-entry 

circuit is created when some of the conduction cells on the walls of these chambers start 

to slow or speed up their charge and discharge rates. This imbalance causes the charges 

to circle in a predictable path causing the ventricles to “flutter” [12]. Symptoms include 

loss of consciousness, absence of peripheral pulse and low blood pressure [19].  

General Waveform Characteristics: Continuous sine wave, No identifiable P-waves, QRS 

complexes or T-waves [6], HR between 250-300 bpm [8]  

Method of Detection:  

(𝑖) 𝑆𝑖𝑔𝑛𝑎𝑙 𝑖𝑠 𝑓𝑖𝑙𝑡𝑒𝑟𝑒𝑑 𝑎𝑛𝑑 𝑝𝑟𝑒 𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑒𝑑 𝑑𝑎𝑡𝑎 𝑖𝑠 𝑢𝑠𝑒𝑑 𝑡𝑜 𝑐𝑟𝑒𝑎𝑡𝑒 𝑎 𝑏𝑖𝑛𝑎𝑟𝑦 𝑠𝑖𝑔𝑛𝑎𝑙.  

𝐵𝑖𝑛𝑎𝑟𝑦 𝑠𝑖𝑔𝑛𝑎𝑙 𝑖𝑠 𝑐𝑟𝑒𝑎𝑡𝑒𝑑 𝑏𝑦 𝑐ℎ𝑒𝑐𝑘𝑖𝑛𝑔 𝑖𝑓 𝑤𝑎𝑣𝑒 𝑎𝑡 𝑎𝑛𝑦 𝑜𝑛𝑒 𝑝𝑜𝑖𝑛𝑡 𝑖𝑠 𝑎𝑏𝑜𝑣𝑒 20% 𝑜𝑓 𝑡ℎ𝑒  

𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑝𝑜𝑖𝑛𝑡 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑.  

(𝑖𝑖)                                                                                   𝑇𝐶𝐼 =   
1000

(𝑛 − 1) +  
𝑡2

𝑡1 + 𝑡2
+

𝑡3

𝑡3 + 𝑡4

 

                                                                                                      𝑊ℎ𝑒𝑟𝑒 𝑆 = 𝑐ℎ𝑜𝑠𝑒𝑛 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 

                                                                                                      𝑛 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑢𝑙𝑠𝑒𝑠 𝑖𝑛 𝑆 

 

  

 

(𝑖𝑖𝑖) 𝑇𝐶𝐼 ≥ 400 𝑚𝑠 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒𝑠 𝑡ℎ𝑎𝑡 𝑉𝐹𝐿 𝑖𝑠 𝑜𝑐𝑐𝑢𝑟𝑖𝑛𝑔 [2]  
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Ventricular Tachycardia (V-TACH) 

 V-TACH is characterized by sustained periods of fast heart rate above 100 bpm. 

This arrhythmia is engendered by abnormally fast discharge from ventricular conduction 

cells. Symptoms include hypotension, decreased cardiac output and possibility of acute 

cardiac failure [6].  

General Waveform Characteristics: Broad QRS complexes, Appearance of RSR 

complexes  

Method of Detection:  

(𝑖) 𝐻𝑅 > 100 𝑏𝑝𝑚 𝑓𝑜𝑟 𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑏𝑢𝑓𝑓𝑒𝑟 

(𝑖𝑖) 𝑄𝑅𝑆𝑤𝑖𝑑𝑡ℎ > 160 𝑚𝑠 [8] 

Bradycardia 

 This arrhythmia is distinguished by the sustained periods of slow heart rate below 

60 bpm. Bradycardia can be caused by any irregular electrical activity in the heart. 

Symptoms include fatigue, dizziness, fainting and risk of cardiac arrest [14].   

General Waveform Characteristics: RR Interval longer than average  

Method of Detection: 𝐻𝑅 < 60 𝑏𝑝𝑚 𝑓𝑜𝑟 𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑏𝑢𝑓𝑓𝑒𝑟 [8]  

Atrial Flutter (AF)  

  AF is caused by the rapid and continuous firing of signals from muscle cells in the 

atria resulting in a faster than average heart rate. Symptoms of AF include agina (chest 

pain), shortness of breath, dizziness and palpitations [14].  

General Waveform Characteristics: Saw-tooth waveform, Lack of isoelectric lines, 

Narrow QRS complexes [6] 

Method of Detection: 𝐴𝑡𝑟𝑖𝑎𝑙 𝐻𝑅 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 200 − 350 𝑏𝑝𝑚 𝑓𝑜𝑟 𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑏𝑢𝑓𝑓𝑒𝑟 

[17]  

Complete (Third Degree) Atrio-ventricular (AV) Block  

 Patients with a complete AV block have two conduction cells each separately 

controlling the contraction of the atria and ventricle respectively. Because neither of the 

conduction cells are the SA nodes, conduction is very poor. In extreme cases, no 

conduction occurs at all in the atria. Symptoms of this arrhythmia are similar to those 

experienced by patients of AF.  

General Waveform Characteristics: Low amplitude or no P-waves [6] 

Method of Detection:  

(𝑖) 𝐴𝑡𝑟𝑖𝑎𝑙 𝐻𝑅 > 𝑉𝑒𝑛𝑡𝑟𝑖𝑐𝑢𝑙𝑎𝑟 𝐻𝑅  

(𝑖𝑖) 𝑉𝑒𝑛𝑡𝑟𝑖𝑐𝑢𝑙𝑎𝑟 𝐻𝑅 < 60 𝑏𝑝𝑚 [10]  



8 
 

Left Bundle Branch Block (LBBB)  

 LBBB occurs when the left ventricle contracts later than the right ventricle 

causing the cardiac cycle to be out of sync. This arrhythmia can be caused by weak or 

stiff heart muscles on one side of the heart. Symptoms include dizziness, palpitations and 

hypertension [20]. 

General Waveform Characteristics: Small Q-waves, Large amplitude negative S-waves 

Method of Detection: 

(𝑖) 𝑄𝑅𝑆𝑤𝑖𝑑𝑡ℎ > 120 𝑚𝑠  

(𝑖𝑖) 𝑅 𝑃𝑒𝑎𝑘𝑤𝑖𝑑𝑡ℎ > 60 𝑚𝑠 [10]  

 Supraventricular Premature Beat (SVPB)  

 SVPB occurs when there is a premature contraction of the atria from a site before 

(hence supra-) the ventricles. Symptoms of this arrhythmia are similar to those 

experienced by patient of AF and Complete AV Block.  

General Waveform Characteristics: Wide QRS complexes, RR Interval longer than 

average  

Method of Detection:  

(𝑖) 𝑅𝑅𝐼 𝑝𝑟𝑒𝑚𝑎𝑡𝑢𝑟𝑒 𝑏𝑦 ≥ 10% 𝑜𝑓 𝑅𝑅𝐼𝑚𝑒𝑎𝑛 

(𝑖𝑖) 𝑄𝑅𝑆𝑤𝑖𝑑𝑡ℎ > 120 𝑚𝑠  

(𝑖𝑖𝑖) 𝑁𝑜 𝑃 − 𝑤𝑎𝑣𝑒 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 [10] 

Ventricular Fibrillation (V-FIB) 

 V-FIB arises when the ventricle contracts irregularly causing it to “quiver” and 

effectively stop pumping blood. Obvious symptoms include a decrease in cardiac output, 

dizziness and fatigue.  

General Waveform Characteristics: Irregular peaks of varying amplitude, No identifiable 

PQRST characteristics, Amplitude decrease over time 

Method of Detection: 𝐻𝑅 > 240 𝑏𝑝𝑚 𝑓𝑜𝑟 𝑡ℎ𝑟𝑒𝑒 𝑐𝑜𝑛𝑠𝑒𝑐𝑢𝑡𝑖𝑣𝑒 𝑏𝑒𝑎𝑡𝑠 [18]  

Wolff Parkinson White (WPW) 

 Patients with WPW have an accessory between the atria and ventricle called the 

Bundle of Kent that allows electrical signals to bypass the AV node. This causes these 

signals to not be delayed by the customary amount resulting in an abnormally high HR.  

General Waveform Characteristics: ECG pattern depends on where the Bundle of Kent 

is located which may differ from patient to patient 
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Method of Detection: 

(𝑖) 𝑃𝑅𝑤𝑖𝑑𝑡ℎ < 120 𝑚𝑠 

(𝑖𝑖) 𝑄𝑅𝑆𝑤𝑖𝑑𝑡ℎ ≥ 120 𝑚𝑠  

(𝑖𝑖𝑖) 𝑅 𝑃𝑒𝑎𝑘𝑤𝑖𝑑𝑡ℎ ≥ 60 𝑚𝑠 [10] 

Asystole 

Also known as flatlining, this waveform appears when the heart is no longer 

beating and the patient has passed away. 

General Waveform Characteristics: No deflection in waveform from baseline 

Method of Detection: 𝑁𝑜 𝑅 𝑃𝑒𝑎𝑘 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 𝑓𝑜𝑟 ≥ 10 𝑠 [1] 

Ischaemia 

Ischaemia is caused by the blocking of the major and/or minor coronary arteries 

that supply blood to your heart. Symptoms include chest pain and heart burn when 

patients exert themselves. Depending on the degree of coronary blockage, excessive 

exercise can trigger a heart attack which can be fatal. 

General Waveform Characteristics: ST segment is angled rather than resting at the 

isoelectric line [6]  

Method of Detection: 𝑆𝑇 𝑠𝑒𝑔𝑚𝑒𝑛𝑡 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 ≥ 65 µ𝑉 [11]  

ST Segment Analysis Algorithm 

ST segments may take on a host of morphologies dependent on the condition and 

patient. Due to this, ST-segment based arrhythmia detection algorithms utilize wavelet 

transforms or neural networks to cope with the complexity of this type of analysis. Both 

of these techniques require extensive computation which is not feasible on a mobile 

phone due to the limited computing power.  

𝑆𝑇 𝑆𝑒𝑔𝑚𝑒𝑛𝑡 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 = 𝑆𝑇 𝐴𝑚𝑝. −𝐼𝑠𝑜𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐 𝐿𝑖𝑛𝑒 𝐴𝑚𝑝. −𝑅𝑒𝑓.  𝑆𝑇 𝐿𝑒𝑣𝑒𝑙 

𝑊ℎ𝑒𝑟𝑒 𝑅𝑒𝑓.  𝑆𝑇 𝐿𝑒𝑣𝑒𝑙 = 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑆𝑇 𝑙𝑒𝑣𝑒𝑙 𝑓𝑜𝑟 𝑓𝑖𝑟𝑠𝑡 30 𝑠 𝑡ℎ𝑒 𝐸𝐶𝐺 𝑖𝑠 𝑂𝑁 

𝑆𝑇 𝐸𝑙𝑒𝑣𝑎𝑡𝑖𝑜𝑛 𝑖𝑓 |𝑆𝑇 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛| ≥ 0.1 𝑚𝑉 

𝑆𝑇 𝐷𝑒𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑖𝑓 |𝑆𝑇 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛| ≤ 0.1 𝑚𝑉 [5] 

 The above algorithm does not detect arrhythmias, however, it does identify ST 

segments that are abnormal. Alerting a patient that a given ST segment is abnormal gives 

the patient’s physician a chance to observe the ECG signal. From here the physician can 

appropriately diagnose the condition based on the morphology of the ST segment based 

on manual inspection.   
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(5) 3-Lead ECG Viability for Arrhythmia Detection  

 All the above algorithms have been cited from papers specifically focusing on 3-

lead application and therefore are compatible with a mobile ECG application. Article [9], 

focusing specifically on the feasibility of 3-lead ECG devices, used factor analysis 

dimensionality reduction to analyse which sensors provide the most information in an 

ECG. The conclusion from this article was that 98.86% + 0.57% of the variance in 19-

lead ECG + 3-Lead VCG collected data was accounted for by 3 measured ECG leads. 

These three leads were the limb leads LA, RA and LL/RL. This conclusion further 

substantiates the viability of a 3-Lead ECG for arrhythmia detection.  
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