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Abstract—This project used MATLAB to test whether RR inter‐
val variability can distinguish a regular ECG-like rhythm from
an irregular ECG-like rhythm. We simulated two ECG-like sig‐
nals over 10 s at 500 Hz. The normal signal used evenly spaced
beat times, and the irregular signal used uneven beat times. We
detected R peaks with a threshold-based local maximum method,
calculated RR intervals from consecutive R-peak times, and com‐
pared the mean RR interval, standard deviation, and coefficient
of variation. The normal rhythm produced stable RR intervals
(coefficient of variation 0.007). The irregular rhythm produced
much higher beat-to-beat variability (coefficient of variation
0.309) at a similar mean RR interval.

Clinical relevance—Simple RR interval analysis can help flag ir‐
regular rhythm behavior and support basic ECG screening in
wearable or low-cost monitoring systems.

Keywords—ECG, RR interval, R peak detection, heart rate vari‐
ability, MATLAB, irregular rhythm

I. Introduction

An electrocardiogram, or ECG, records the heart’s electrical
activity over time. Clinicians use ECG signals to evaluate
heart rhythm because each heartbeat creates clear waveform
features, including the P wave, QRS complex, and T wave [1],
[2]. This project focuses on the R peak because it clearly
marks each heartbeat and gives a reliable timing point for
rhythm analysis.

The RR interval measures the time between consecutive R
peaks. A regular rhythm keeps those intervals close together
from beat to beat. An irregular rhythm changes that spacing,
so the RR intervals spread out more. This timing-based mea‐
surement gives a direct way to measure rhythm consistency.
Standard heart rate variability methods also use beat-to-beat
timing to evaluate rhythm changes [3].

This project tests whether RR interval variability can distin‐
guish a normal ECG-like signal from an irregular ECG-like
signal. We used MATLAB to simulate controlled ECG signals,
detect R peaks, calculate RR intervals, and compare variability
metrics. This project asked if a basic timing method could
show a measurable difference between regular and irregular
rhythm behavior.

II. Methods

The signal processing model was created in MATLAB us‐
ing a 10 s time window and a sampling frequency of 500 Hz.

Two sets of beat times were defined in seconds. The normal
rhythm used evenly spaced beats from 1 s to 9 s, while the ir‐
regular rhythm used uneven beat times across the same win‐
dow. This kept the waveform shape controlled and made beat
spacing the main variable being tested. A custom MATLAB
function called make_ecg was used to create each ECG-like
signal. For each beat, the function added a small P wave be‐
fore the R peak, a tall narrow R peak at the beat time, and a
wider T wave after the R peak. Gaussian-shaped curves were
used because they provide a simple way to create smooth
ECG-like peaks. Published synthetic ECG work also uses
Gaussian-based waveform models [4]. The purpose was to
create a clear signal where the R peaks could be detected and
used for timing analysis.

A small amount of random noise was added to both signals
using 0.03*randn. This made the signals look less perfect and
still kept the R peaks clear enough to detect. The random num‐
ber generator was seeded with rng(1), so the noise, and every
value reported below, can be reproduced exactly. The same R-
peak detection method was then applied to both signals. The
detection function scanned through the signal and counted a
point as an R peak when it was above 0.6, larger than the point
before it, larger than the point after it, and at least 0.4 s after
the previous detected peak. This helped the code ignore small‐
er waveform parts, random noise, and repeated points from the
same peak.

After the R peaks were detected, RR intervals were calcu‐
lated using the time difference between neighboring R peaks:

RRi = ti+1 − ti (1)

where ti is the time of one detected R peak and ti+1 is the time
of the next detected R peak.

For each signal, the mean RR interval, standard deviation,
and coefficient of variation were calculated. The mean RR in‐
terval shows the average spacing between beats. The standard
deviation shows how much the RR intervals spread out from
that average. The coefficient of variation compares that spread
relative to the mean RR interval:

CV = σRR / μRR (2)

where σRR is the standard deviation of the RR intervals and
μRR is the mean RR interval. A higher coefficient of variation



means the beat spacing changed more, so it was used as the
main indicator of rhythm irregularity.

III. Results

The normal ECG-like signal produced evenly spaced R
peaks across the 10 s window. The irregular ECG-like signal
also had clear detected R peaks, but the spacing between those
peaks changed throughout the signal. Some intervals were
shorter, and others were longer. Figs. 1 and 2 show this timing
difference, with each detected R peak marked.

Fig. 1. Normal ECG-like signal with detected R peaks (circles). The beats are
evenly spaced. Take-home message: R-peak timing makes the rhythm visible.

Fig. 2. Irregular ECG-like signal with detected R peaks (circles). The spacing
between peaks changes from beat to beat. Take-home message: R-peak timing
makes the rhythm difference visible.

The RR interval values showed the same pattern more clear‐
ly (Fig. 3). The normal rhythm had RR intervals that stayed
close to 1.00 s. The irregular rhythm had RR intervals that
changed more from beat to beat, from 0.69 s to 1.51 s. This
showed that the two signals had similar overall pacing, but dif‐
ferent timing consistency.

Fig. 3. RR interval comparison for normal and irregular ECG-like signals. The
normal rhythm stays almost flat, while the irregular rhythm moves up and
down across beats. Take-home message: the irregular signal has more beat-to-
beat timing variation.

The variability metrics gave the clearest quantitative com‐
parison between the two signals (Table I, Fig. 4). The normal
rhythm had a mean RR interval of 1.000 s, a standard devia‐
tion of 0.007 s, and a coefficient of variation of 0.007. The ir‐
regular rhythm had a mean RR interval of 1.025 s, a standard
deviation of 0.317 s, and a coefficient of variation of 0.309.
This means the average beat timing was close between the two
signals, but the consistency of that timing was very different:
the irregular rhythm’s coefficient of variation was more than
40 times larger.

Table I
RR Variability Metrics

Signal type Mean RR
interval (s)

Standard
deviation (s)

Coefficient of
variation

Normal
ECG 1.000 0.007 0.007

Irregular
ECG 1.025 0.317 0.309

Fig. 4. RR variability metrics for normal and irregular ECG-like signals. The
mean RR interval stays similar between signals, and the irregular rhythm has a
higher standard deviation and coefficient of variation. Take-home message:
the irregular rhythm mainly changes timing consistency.

Overall, the results showed that RR interval variability was
much higher in the irregular ECG-like signal than in the nor‐



mal ECG-like signal. This supports the idea that even a simple
R-peak timing method can detect differences between regular
and irregular rhythm patterns.

IV. Discussion and Conclusion

The results show that RR interval variability can separate
the regular rhythm from the irregular rhythm in this controlled
ECG-like model. The two rhythms had similar mean RR inter‐
vals, so their average pacing was close. The main difference
was that the irregular rhythm had a much higher standard de‐
viation and coefficient of variation. This means the irregular
rhythm was defined by inconsistent beat spacing. This result
fits the project goal because RR intervals measure beat-to-beat
timing directly. The ECG plots show uneven R-peak spacing
in the irregular signal, and the RR interval calculations turn
that visual pattern into measurable values. This is useful be‐
cause numbers like standard deviation and coefficient of varia‐
tion make rhythm differences easier to compare in a clear and
consistent way.

There are important limitations. The ECG signals were sim‐
ulated, so they do not include the full complexity of real pa‐
tient ECG recordings. Real ECG data can include motion arti‐
fact, baseline drift, stronger noise, and abnormal waveform
shapes. The R-peak detection method was also basic because it
used a fixed threshold and local maximum approach. It found
all 18 beats in this model, but marking the detections exposed
a weakness: near 5.0 s in Fig. 1 and 6.1 s in Fig. 2, noise on
the rising edge of the R wave formed a local maximum above
the threshold, and the 0.4 s window then skipped the true
peak. These two detections came about 14 ms and 8 ms early,
and they account for most of the normal rhythm’s 0.007 s stan‐
dard deviation; with those beats placed at their true peaks it
would fall to about 0.002 s. Taking the largest sample within a
short window after each threshold crossing would remove this
error. The same fixed threshold may also fail when ECG am‐
plitude changes or noise increases.

This method identifies timing irregularity. A separate clini‐
cal interpretation would still be needed to diagnose a specific
cardiac condition. Future work should test the same RR inter‐
val method on real ECG datasets, such as the MIT-BIH
Arrhythmia Database [5]. More advanced R-peak detection
methods, such as the Pan–Tompkins algorithm [6], could also
improve accuracy when the signal contains more noise or less
consistent waveform shapes. The model could also be adjusted
by changing the noise level, changing the beat times, or modi‐
fying the height and width of the P waves, R peaks, and T
waves. Overall, this project shows that RR interval variability
works as a simple MATLAB-based method for detecting irreg‐
ular rhythm behavior in ECG-like signals.
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Appendix: MATLAB Code

The complete script used for every figure and value in this paper (rr_variability.m). The plots in Figs. 1–4 were redrawn from these variables in
a consistent print style.

% Nora Dabbagh and Dania Sirhan
% BME 240 Term Project
% RR Interval Variability for Detecting Irregular Heart 
Rhythms
clear; clc; close all
% fixed random seed so the noise, and every reported number, 
can be reproduced
rng(1);
% samples per second
fs = 500;
% 10 seconds of time
t = 0:1/fs:10;
% beat times in seconds
normal_beats = [1 2 3 4 5 6 7 8 9];
irregular_beats = [1 1.85 3.1 4.0 5.4 6.1 7.6 8.3 9.2];
% make the ECG signals
normal_ecg = make_ecg(t, normal_beats);
irregular_ecg = make_ecg(t, irregular_beats);
% add a little noise so it looks more realistic
normal_ecg = normal_ecg + 0.03*randn(size(normal_ecg));
irregular_ecg = irregular_ecg + 
0.03*randn(size(irregular_ecg));
% detect R peaks
[normal_peak_values, normal_peak_times] = 
detect_r_peaks(normal_ecg, t);
[irregular_peak_values, irregular_peak_times] = 
detect_r_peaks(irregular_ecg, t);
% calculate RR intervals
normal_rr = diff(normal_peak_times);
irregular_rr = diff(irregular_peak_times);
% calculate numbers for results table
normal_mean = mean(normal_rr);
normal_std = std(normal_rr);
normal_cv = normal_std / normal_mean;
irregular_mean = mean(irregular_rr);
irregular_std = std(irregular_rr);
irregular_cv = irregular_std / irregular_mean;
% print results
fprintf('NORMAL ECG\n')
fprintf('Mean RR interval: %.3f seconds\n', normal_mean)
fprintf('Standard deviation: %.3f seconds\n', normal_std)
fprintf('Coefficient of variation: %.3f\n\n', normal_cv)
fprintf('IRREGULAR ECG\n')
fprintf('Mean RR interval: %.3f seconds\n', irregular_mean)
fprintf('Standard deviation: %.3f seconds\n', irregular_std)
fprintf('Coefficient of variation: %.3f\n', irregular_cv)
% Figure 1: normal ECG
figure
plot(t, normal_ecg)
hold on
plot(normal_peak_times, normal_peak_values, 'ro')
title('Normal ECG with Detected R Peaks')
xlabel('Time (s)')
ylabel('Amplitude')
grid on
% Figure 2: irregular ECG
figure

plot(t, irregular_ecg)
hold on
plot(irregular_peak_times, irregular_peak_values, 'ro')
title('Irregular ECG with Detected R Peaks')
xlabel('Time (s)')
ylabel('Amplitude')
grid on
% Figure 3: RR interval comparison
figure
plot(1:length(normal_rr), normal_rr, 'o-')
hold on
plot(1:length(irregular_rr), irregular_rr, 'o-')
title('RR Interval Comparison')
xlabel('Beat Number')
ylabel('RR Interval (s)')
legend('Normal Rhythm', 'Irregular Rhythm')
grid on
% Table figure for results
figure
metrics = categorical({'Mean RR', 'Std Dev', 'CV'});
normal_vals = [normal_mean normal_std normal_cv];
irregular_vals = [irregular_mean irregular_std irregular_cv];
bar(metrics, [normal_vals; irregular_vals]')
title('RR Variability Metrics')
ylabel('Value')
legend('Normal', 'Irregular')
grid on
function ecg = make_ecg(t, beat_times)
    ecg = zeros(size(t));
    for i = 1:length(beat_times)
        beat = beat_times(i);
        % P wave
        ecg = ecg + 0.15*exp(-((t-(beat-0.2)).^2)/(2*0.03^2));
        % R peak
        ecg = ecg + 1.2*exp(-((t-beat).^2)/(2*0.015^2));
        % T wave
        ecg = ecg + 0.35*exp(-((t-
(beat+0.25)).^2)/(2*0.06^2));
    end
end
function [peak_values, peak_times] = detect_r_peaks(signal, t)
    threshold = 0.6;
    peak_values = [];
    peak_times = [];
    for i = 2:length(signal)-1
        if signal(i) > threshold && signal(i) > signal(i-1) && 
signal(i) > signal(i+1)
            if isempty(peak_times)
                peak_values(end+1) = signal(i);
                peak_times(end+1) = t(i);
            elseif t(i) - peak_times(end) > 0.4
                peak_values(end+1) = signal(i);
                peak_times(end+1) = t(i);
            end
        end
    end
end


