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Abstract:  Fuzzy logic techniques provide an effective framework for the accurate detection of cardiac 

arrhythmias by addressing the uncertainty and imprecision inherent in physiological measurements. 

Traditional diagnostic methods often rely on fixed thresholds for parameters like heart rate, QRS interval, 

and T-wave amplitude, which may not adequately capture the complexities of arrhythmia patterns. In 

contrast, fuzzy logic uses membership functions to classify these parameters into linguistic terms such as 

"low," "normal," and "high," allowing for a more flexible and adaptive analysis. Fuzzy inference systems 

then apply rules to these inputs to evaluate arrhythmia severity, producing classifications that range from 

normal to severe. Defuzzification converts these fuzzy outputs into crisp, actionable diagnoses. The 

proposed work involves the development of an enhanced fuzzy logic system tailored for real-time 

arrhythmia detection. By incorporating dynamic rule sets and real-time physiological data from ECG 

signals, the system aims to improve diagnostic accuracy and response times, particularly in cases of transient 

or complex arrhythmias. This approach holds the potential to significantly enhance early diagnosis and 

timely intervention, reducing the risks associated with undetected or late-detected cardiac events. 

Keywords: Fuzzy logic, cardiac arrhythmias, heart rate, QRS interval, T-wave amplitude, membership 
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I. INTRODUCTION 

Fuzzy logic techniques have emerged as a valuable tool in the accurate detection of cardiac arrhythmias, 

addressing the challenges posed by the variability and uncertainty in physiological data. Unlike conventional 

diagnostic approaches that use fixed thresholds for heart rate, QRS interval, and T-wave amplitude, fuzzy 

logic allows for a more flexible analysis by representing these inputs as fuzzy sets with linguistic categories 

such as "low," "normal," and "high." This approach enables the system to handle imprecise or overlapping 

values, making it particularly effective in detecting subtle or transient arrhythmias. Through a fuzzy 

inference system, rules are applied to the fuzzified inputs to classify the severity of arrhythmias, ranging 

from normal to severe. The output is then defuzzified to produce a clear, actionable diagnosis. Fuzzy logic's 

ability to process uncertain data and adapt to varying conditions makes it a powerful technique for 

improving the accuracy and timeliness of arrhythmia detection, ultimately enhancing patient outcomes in 

clinical settings. 

The application of advanced computational methods for diagnosing and monitoring diseases has 

gained significant attention in recent years, with various models and approaches being proposed. Starting 

with the earliest studies, Wiharto et al. (2016) utilized the C4.5 algorithm to interpret clinical data for the 

diagnosis of coronary heart disease. Their work highlights the importance of decision tree-based models in 

medical diagnosis, showing an early application of algorithmic approaches in healthcare. Lafta and Oleiwi 

(2017) developed a fuzzy Petri nets system specifically designed for diagnosing heart diseases. This system 

represented a step forward by incorporating fuzzy logic to handle the uncertainty inherent in medical 

diagnosis.  Fuzzy logic, known for its capacity to deal with imprecise data, was further explored by 

Gadekallu and Khare (2017), who optimized a fuzzy logic classifier using the Cuckoo Search algorithm. 

This research also extended the application to diabetes prediction, demonstrating the versatility of fuzzy 

logic in handling multiple medical conditions. Ali et al. (2018) proposed a Type-2 fuzzy ontology-aided 

recommendation system for IoT-based healthcare, addressing the complexity of healthcare data integration 

in IoT environments. This model underscored the growing trend of using the Internet of Things (IoT) to 

enhance medical monitoring, marking the integration of fuzzy logic with emerging technologies like IoT.  In 

the same year, Tan et al. (2018) utilized a genetic algorithm combined with fuzzy logic for medical pattern 

classification, which demonstrated the efficacy of hybrid models that combine evolutionary algorithms and 

fuzzy logic to improve classification accuracy in medical contexts.  Tarawneh and Embarak (2019) had 

developed a hybrid approach to heart disease prediction using data mining techniques. Their method 

combined various data mining algorithms to enhance prediction accuracy, highlighting the importance of 

integrating multiple techniques to improve diagnostic performance. Reddy et al. (2020) introduced a hybrid 

genetic algorithm and fuzzy logic classifier specifically for heart disease diagnosis. Their research reinforced 

the idea that hybrid models, which combine the strengths of genetic algorithms and fuzzy logic, can lead to 

more robust diagnostic systems. Kaur and Khehra (2021) reviewed the state-of-the-art approaches for 

heart disease detection, focusing on fuzzy logic and hybrid methods, which provided a comprehensive 

overview of the advancements and challenges in this field. Muhammad and Algehyne (2021) developed a 

fuzzy-based expert system to diagnose coronary artery disease in Nigeria. Their work emphasized the 
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importance of cost-effective and adaptable solutions for healthcare in developing countries. Ali et al. (2021) 

proposed an intelligent healthcare monitoring framework that utilized wearable sensors and social 

networking data, offering insights into the potential of integrating social data with medical monitoring for 

comprehensive healthcare solutions. El-Sappagh et al. (2021) contributed significantly to the field with 

their Alzheimer’s disease progression detection model, which relied on the early fusion of multimodal data. 

Their work showcased the potential of combining various data types to improve diagnostic accuracy in 

neurodegenerative diseases. This theme was continued by El-Sappagh et al. (2022), who presented an 

information fusion approach with heterogeneous ensemble classifiers for detecting Alzheimer’s disease 

progression, further demonstrating the importance of multimodal data integration. Narayanasamy et al. 

(2022) provided a contemporary review on utilizing semantic web technologies in healthcare, virtual 

communities, and ontology-based information systems, exploring the intersection of semantics and 

healthcare data processing, a key trend in modern medical systems. Eisa and Alnaggar (2022) also 

presented a hybrid rough-genetic classification model for IoT heart disease monitoring, exemplifying the 

growing interest in hybrid models combining genetic algorithms with rough sets and their application in 

IoT-enabled systems. Ali et al. (2024) proposed a fuzzy-logic-based approach to heart disease diagnosis, 

adding to the increasing body of work on fuzzy logic's role in managing the complexity and uncertainty of 

medical diagnosis. 

This chronological progression of research highlights the increasing complexity of models used in 

healthcare, moving from simple decision trees and fuzzy systems to hybrid models that incorporate machine 

learning, evolutionary algorithms, and IoT technologies. The common thread throughout this evolution is the 

drive to improve accuracy and reliability in disease diagnosis and monitoring, particularly in areas like heart 

disease and Alzheimer's, where early detection is critical for patient outcomes. 
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II. DEFINITION OF MEMBERSHIP FUNCTIONS 

 

 
 

μLow HR = {

0 x ≤ 40 or x ≥ 60
x−40

50−40
40 < x ≤ 50

60−x

60−50
50 < x ≤ 60

}        (1) 

μNormal HR = {

0 x ≤ 55 or x ≥ 85
x−55

70−55
55 < x ≤ 70

85−x

85−70
70 < x ≤ 85

}        (2) 

μHigh HR = {

0 x ≤ 80 or x ≥ 120
x−80

90−80
80 < x ≤ 90

120−x

120−90
90 < x ≤ 120

}        (3) 

 

 

 

μShort QRS = {

0 y ≤ 50 or y ≥ 70
y−50

50−50
50 < y ≤ 60

70−y

70−60
60 < y ≤ 70

}        (4) 
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μNormal QRS = {

0 y ≤ 55 or y ≥ 100
y−65

80−65
65 < y ≤ 80

100−y

100−80
80 < y ≤ 100

}       (5) 

 

μLong HR = {

0 y ≤ 90 or y ≥ 120
y−90

100−90
90 < y ≤ 100

120−y

120−100
100 < y ≤ 120

}       (6) 

 

 
 

μLow TWA = {

0 z ≤ 0 or z ≥ 0.2
z−0

0.1−0
0 < z ≤ 0.1

0.2−z

0.2−0.1
0.1 < z ≤ 0.2

}        (7) 

μNormal TWA = {

0 z ≤ 0.15 or z ≥ 0.45
z−0.15

0.3−0.15
0.15 < z ≤ 0.3

0.45−z

0.45−0.3
0.3 < z ≤ 0.45

}       (8) 

 

μHigh TWA = {

0 z ≤ 0.4 or z ≥ 0.6
z−0.4

0.5−0.4
0.4 < z ≤ 0.5

0.6−z

0.6−0.5
0.5 < z ≤ 0.6

}        (9) 
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μNormal Arrhythmia = {

0 u ≤ 0 or u ≥ 0.5
u−0

0.25−0
0 < u ≤ 0.25

0.5−u

00.5−0.25
0.25 < u ≤ 0.5

}       (10) 

μModerate Arrhythmia = {

0 u ≤ 0.3 or u ≥ 0.7
u−0.3

0.5−0.3
0.3 < u ≤ 0.5

0.7−u

0.7−0.5
0.5 < z ≤ 0.70

}       (11) 

μSevere Arrhythmia = {

0 u ≤ 0.6 or u ≥ 1.0
u−0.6

0.75−0.6
0.6 < u ≤ 0.75

1.0−u

1.0−0.75
0.75 < u ≤ 1.0

}       (12) 

 

III. RULE BASE 

 

The rule base consists of a total of 27 rules, based on all possible combinations of the input conditions and 

their impact on the output (Arrhythmia Detection). The rules reflect the degree of risk associated with 

cardiac arrhythmia depending on the values of the heart rate, QRS interval, and T-wave amplitude. These 

rules can be directly implemented in a fuzzy inference system for cardiac arrhythmia detection. Let me 

know if you'd like to proceed with further development, like implementing this in MATLAB or extending it! 
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The table (1) illustrates the Fuzzy Rule Base for Cardiac Arrhythmia Detection, which defines how 

different combinations of three input variables — Heart Rate (HR), QRS Interval, and T-wave 

Amplitude (TWA) - determine the severity of arrhythmia. The table categorizes the input variables into 

fuzzy sets such as "Low," "Normal," and "High" for each input and associates these combinations with a 

corresponding Arrhythmia output, which could be "Normal," "Moderate," or "Severe." The table provides a 

structured rule set that the fuzzy inference system uses to map various input conditions to the output, 

offering a clear decision-making process for detecting the severity of cardiac arrhythmia based on 

physiological signals. This rule base is essential for building the fuzzy logic system to diagnose and classify 

the arrhythmia severity based on the input variables. 
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IV. FUZZIFICATION 

 

Let's continue the fuzzification process for the provided crisp input values based on the membership 

function equations. 

Given the crisp input values: Heart Rate (HR) = 65, QRS Interval = 85, T-wave Amplitude (TWA) = 0.25 

We will calculate the degrees of membership for each fuzzy set (Low, Normal, High) for the input values. 

μLow HR(65) = 0  

μNormal HR(65) =
65−55

70−55
= 0.6667  

μHigh HR(65) =
65−55

70−55
= 0  

μShort QRS(85) = 0  

μNormal QRS(85) =
100−85

100−80
= 0.75  

μLong HR(85) = 0  

μLow TWA(0.25) = 0  

μNormal TWA(0.25) =
0.25−0.15

0.3−0.15
= 0.6667  

μHigh TWA(0.25) = 0  

V. DEFUZZIFICATION 

Since all the input variables are categorized into the Normal fuzzy set, the rule suggests that the arrhythmia 

severity should fall into the Moderate fuzzy set. 

Since the rule assigns the output to the Moderate Arrhythmia category with a membership degree of  

min (0.6667,0.75,0.6667), we will focus on the Moderate output fuzzy set. 

The centroid for a triangular membership function is the average of the three points defining the triangle: 

Centroid of moderate =
0.3+0.5+0.7

3
= 0.5  

The area of a triangular membership function is:  

A =
1

2
× (0.7 − 0.3) × 0.6667 = 0.1333  

The defuzzified output u∗  is computed as the weighted average of the centroids and areas. In this case, the 

crisp output value u∗  corresponds to the centroid of the Moderate fuzzy set, weighted by the membership 

degree of 0.6667. 

Thus, the defuzzified crisp output value is approximately: u∗  =0.5 

Using the centroid defuzzification method, the crisp output for the arrhythmia detection system is 

approximately 0.5, indicating that the severity of arrhythmia is Moderate based on the given inputs for 

Heart Rate, QRS Interval, and T-wave Amplitude. This provides a clear, interpretable result from the fuzzy 

inference system. 
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VI. RESULTS AND DISCUSSION 
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The figure (5) shown is a 3D surface plot illustrating the detection of arrhythmia using fuzzy logic 

based on two input variables: Heart Rate (HR) and QRS Interval. The z-axis represents the Arrhythmia 

Detection, which ranges from 0.2 (indicating "Normal") to 0.8 (indicating "Severe"). The color bar to the 

right provides a visual representation of the arrhythmia severity, with blue indicating lower levels (normal), 

green for moderate, and red for severe levels of arrhythmia detection. The surface in the plot shows that 

lower values of heart rate and QRS interval result in lower detection of arrhythmia (normal), whereas higher 

values of both variables lead to more severe arrhythmia detection. The plateau at 0.8 indicates that when the 

inputs reach certain thresholds, the detection of severe arrhythmia is constant. This visualization helps in 

understanding how combinations of heart rate and QRS interval affect the detection outcome in a fuzzy 

inference system. 

The figure (6) is a 3D surface plot that visualizes the relationship between Heart Rate (HR) and T-

wave Amplitude (TWA) with a constant QRS Interval, in the context of arrhythmia detection using a 

fuzzy logic system. The z-axis represents the Arrhythmia Detection, ranging from 0.2 (normal detection) 

to 0.8 (severe detection), and the color bar on the right provides a visual scale from blue (normal) to red 

(severe). The plot indicates that lower values of heart rate and T-wave amplitude lead to a lower arrhythmia 

detection level (blue zone, normal), while higher values of both inputs push the system toward more severe 

arrhythmia detection (red zone, severe). The middle region in green represents moderate levels of 

arrhythmia detection. The plateau at 0.8 shows that once certain thresholds for heart rate and T-wave 

amplitude are reached, the detection consistently indicates a severe arrhythmia. This surface plot helps to 

understand how the heart rate and T-wave amplitude jointly influence arrhythmia detection when the QRS 

interval remains constant. 

The figure (7) is a 3D surface plot representing the relationship between the QRS Interval and T-

wave Amplitude (TWA), with a constant Heart Rate (HR), in the context of arrhythmia detection using 

a fuzzy logic system. The z-axis shows the level of Arrhythmia Detection, ranging from 0.2 (normal, blue) 

to 0.8 (severe, red), with moderate levels represented by green in the middle range. The color bar on the 

right visually supports the detection scale. The surface illustrates that lower values of the QRS interval and 

T-wave amplitude result in lower arrhythmia detection levels (blue area, indicating normal arrhythmia 

detection). As both the QRS interval and T-wave amplitude increase, the arrhythmia detection level rises, 

shown by the green region for moderate detection. When both variables are relatively high, the arrhythmia 

detection reaches a severe level (red area, plateaued at 0.8). This plot provides insights into how the QRS 

interval and T-wave amplitude jointly influence the arrhythmia detection severity when the heart rate is held 

constant. 
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The table (2) presents computed arrhythmia detection output based on fuzzy logic rules for 

various combinations of input parameters: Heart Rate (HR), QRS Interval, and T-wave Amplitude 

(TWA). Each row in the table corresponds to a unique set of input values, and the last column shows the 

computed Arrhythmia Detection Output, which ranges from 0.2 (normal) to 0.8 (severe). The table 

demonstrates how different combinations of the three input variables affect the severity of detected 

arrhythmia. For example, lower values of HR, QRS, and TWA typically result in normal arrhythmia 

detection (output of 0.2), while higher values for these parameters lead to more severe detection (output of 

0.8). Moderate levels of HR, QRS, and TWA tend to result in a middle-ground arrhythmia detection output 

(0.5). This table provides a clear, concise summary of the fuzzy logic model's behavior, allowing the reader 

to see how the system responds to changes in each input variable and the overall pattern of arrhythmia 

detection as a function of HR, QRS interval, and T-wave amplitude. 

VII. CONCLUDING REMARKS 

In conclusion, fuzzy logic techniques offer a significant advancement in the accurate detection of cardiac 

arrhythmias by addressing the inherent uncertainties in physiological data. By using flexible membership 

functions and linguistic categories, fuzzy logic allows for a more nuanced and adaptive analysis of critical 

parameters like heart rate, QRS interval, and T-wave amplitude. This capability makes it particularly suited 

for detecting complex and transient arrhythmias that may be missed by traditional threshold-based methods. 

Fuzzy inference systems, combined with the defuzzification process, provide clear, actionable outputs, 
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enabling more accurate and timely diagnoses. The use of fuzzy logic in cardiac arrhythmia detection not 

only improves diagnostic accuracy but also facilitates early intervention, which can be crucial in preventing 

severe cardiac events and improving patient outcomes. As healthcare moves toward more data-driven and 

real-time monitoring systems, the role of fuzzy logic in medical diagnostics is expected to expand, offering 

even greater potential for personalized and precise healthcare solutions. 
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