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An Untethered Heart Rhythm Monitoring System with
Automated AI-Based Arrhythmia Detection for Closed-Loop
Experimental Application

Shanliang Deng, Bram L den Ouden, Tim De Coster, Cindy I Bart, Wilhelmina H Bax,
René H Poelma, Antoine AF de Vries, Guo Qi Zhang, Vincent Portero,
and Daniël A Pijnappels*

The heart produces bioelectrical signals, which can be measured as an
electrocardiogram (ECG) for the detection of rhythm disturbances. Rapid and
precise detection of these arrhythmias is crucial for their termination by
closed-looped therapeutic interventions to counteract detrimental effects.
However, there is a current lack of such systems tailored for experimental
cardiovascular applications. This hampers not only in-depth mechanistic
studies but also translational testing of new therapeutic strategies, especially
in an untethered manner in awake animal models. To break new ground,
recent advances to develop a non-invasive AI-supported heart rhythm
monitoring system for untethered automated arrhythmia detection in a
continuous manner is combined. This system is housed in a lightweight
jacket for mobile use and includes an on-skin ECG sensor, a low-power
microprocessor unit, a massive data storage unit, and a power-management
system. By implementing a novel hybrid algorithm based on so-called heart
rate (R-R) variability and a case-specific AI model, 100% sensitivity and 95%
specificity is achieved in detecting atrial arrhythmias within 2 s upon initiation
in adult rats. Thereby, the novel system sets the stage for advanced
mechanistic studies and therapeutic testing, including closed-loop
applications aiming for the termination of a broad range of atrial arrhythmias.
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1. Introduction

Living organs produce biosignals, which
can be detected and used to monitor the
organ’s health. In the case of the heart,
one of the biosignals generated by the or-
gan is bioelectricity, which can be mea-
sured using the electrocardiogram (ECG)
technique to reveal cardiac rhythm.[1]

ECGs can be used for the detection and
diagnosis of various cardiac rhythm dis-
orders, such as atrial arrhythmias. Atrial
arrhythmias are often characterized by
faster heart rates that are either regular
(atrial flutter – AFL) or irregular (atrial
fibrillation – AF).[2] Animal models, par-
ticularly rats, are widely used in exper-
imental laboratories to investigate the
mechanisms and treatment of atrial ar-
rhythmias. As such disorders are not
only detrimental but also progressive in
nature, there is a clear impetus to de-
tect and terminate them as quickly as
possible.[3] This requires continuous and
precise monitoring of cardiac rhythm to
enable immediate and accurate detec-
tion of atrial arrhythmias, irrespective

of their specific features such as duration and (ir)regularity. In
an attempt to meet these criteria, implantable telemetry devices
have been widely adopted for continuous monitoring of cardiac
electrical activity.[4] However, these commercially available ECG
telemetry systems require surgical intervention for implantation
of the device into the rat body, which not only causes animal harm
but can also lead to unexpected physical and psychological influ-
ences on heart rhythm.[5] Moreover, these devices can only oper-
ate for a certain amount of time and, therefore, require additional
surgical interventions in case of prolonged monitoring.[6] Hence,
these systems are less suited for continuous monitoring over ex-
tended periods of time, which is needed given the timescale on
which arrhythmias develop, progress and exert their detrimen-
tal effects. On top of the disadvantages mentioned above, current
telemetry systems need external receiving devices for real-time
visualization and recording of the ECG data. Therefore, a sepa-
rate computer with signal processing software is required to rec-
ognize abnormal cardiac activities such as atrial arrhythmias. In
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most animal facilities, setting up such a complex system is not
compatible with long-term monitoring due to animal facility con-
straints.

A stand-alone, untethered miniaturized device allowing real-
time atrial arrhythmia detection could offer a solution to these
problems and thereby improve current research possibilities and
unlock new ones. Such a device should have a minimal weight
and be able to measure ECGs in rats in a non-invasive manner.
Then, a processor integrated into the device should allow real-
time analysis and wireless transmission of the ECG, reporting
atrial arrhythmias events when they occur. Also, all the ECG data
and atrial arrhythmias events should be stored in a large storage
unit for later inspection of the data.

The most common method to detect atrial arrhythmias is
based on the irregularity of the so-called R-R interval of the ECG
signal, which works well in most AF cases.[7] However, a subset of
atrial arrhythmia cases, like AFL, present a stable heart rhythm,
precluding their detection by R-R detection algorithms.[8] With
the development of artificial intelligence (AI), new detection al-
gorithms based on deep learning have been developed, enabling
the detection of all types of atrial arrhythmias in humans.[9] The
development of these AI detection algorithms required training
using large human ECG databases,[10] which are non-existent for
laboratory animals, making a similar strategy not feasible for lab-
oratory animal research. Additionally, these new algorithms re-
quire high calculation power beyond that of a stand-alone minia-
turized system’s ability, making this technology inapplicable to
small animals such as rats.

In order to still exploit the powerful features of AI in arrhyth-
mia detection, an alternative approach could be adopted by us-
ing case-specific AI models. Such a strategy would consist of
training a “personal” AI model for each rat individually based on
short episodes of ECG recordings. This approach would simul-
taneously decrease the model size and calculation power needed
for training, making the use of AI technology compatible with a
stand-alone miniaturized system.[11]

In this manuscript, we have explored and realized all of the
above to present a non-invasive real-time on-chip automatic atrial
arrhythmia detection system for rats. The whole system is minia-
turized and embedded in a spandex jacket designed for rats.
Hardware-wise, this system contains an ECG amplifier, a non-
invasive stretchable electrode, an ESP32 low-power processor, a
removable large data storage unit, and a rechargeable battery. In
terms of software, a hybrid algorithm consisting of an improved
R-R detection algorithm and a case-specific AI algorithm is im-
plemented in the ESP32 processor to detect atrial arrhythmias
by analyzing the ECG signal in real time. Collectively, the re-
sults from our study create a basis for next-generation biomedi-
cal devices addressing unmet needs in biosignal processing for
pre-clinical cardiovascular research including closed-looped ther-
apeutic interventions.

2. Results and Discussion

2.1. ECG Measurement

Our atrial arrhythmia detection system (Figure 1A) was able to
sample ECG signals and automatically detect R-wave peaks as

shown on the ECG traces (Figure 1B) recorded in an anesthetized
rat. The dots on top of the trace show the on-chip automated peak
detection. Our system also allowed the visualization of other ECG
waves (i.e., the QRS complex, T wave, and P wave) similar to con-
ventional PowerLab ECG recordings. The main function of our
device is to detect atrial arrhythmias rather than measure accu-
rate electrophysiological values. No absolute biopotential values
were needed for AI and R-R detection algorithms. Therefore, nor-
malized ECG signals were used throughout this study.

To further validate the system, we pharmacologically changed
the heart rate by intraperitoneal injections of either isoprenaline
or carbachol. This led, within 1 min, to a 30 ms decrease (from
357 to 434 bpm) or a 20 ms increase (from 357 to 319 bpm) in
R-R interval, respectively, as shown in Figure 1C,D. Compari-
son of the R-R interval measured by our system and by Power-
Lab (Figure 1E,F) showed a high correlation between both ECG
systems (R2 = 99.8). Our atrial arrhythmia detection algorithm
reported sinus rhythm (SR) after pharmacological induction of
both faster and slower heart rates, confirming that physiological
heart rate changes should not lead to false positive detection of
atrial arrhythmias (evaluated only with the R-R algorithm).

2.2. Atrial Arrhythmia Detection

The data stored on the microSD card by our system was extracted
and analyzed in each experiment. Atrial arrhythmias were suc-
cessfully generated in 5 rats (108 episodes of atrial arrhythmia
induced by 314 rounds of burst pacing (BP)). The duration distri-
bution of these arrhythmias is shown in Figure S5A. Almost half
of the induced arrhythmias lasted less than 5 s and the average
duration of all arrhythmias was 12.3 s. The detection results dur-
ing BP were ignored. The result of detection can be categorized
into true positive (TP, arrhythmias detected), true negative (TN,
SR detected), false positive (FP, SR detected as arrhythmias), and
false negative (FN, arrhythmias not detected).[12]

In the case of AF, as shown in Figure 2A, the R-R and AI algo-
rithms both detected the arrhythmia. The R-R algorithm detected
the arrhythmia 3 s after initiation because it requires 10 peaks to
confirm or deny AF detection. This also explains the observed
delay in detecting the cessation of AF. The AI algorithm, on the
other hand, provided a much faster indication (i.e., within 1 s) of
the presence or absence of AF.

In some rare cases of AFL, as shown in Figure 2B, the R-R in-
terval varied less than 10% compared to the baseline. Thus, even
our improved R-R algorithm was unable to detect the arrhythmia,
while the AI algorithm could still detect the AFL within a simi-
larly short time period after its initiation as in the case of AF. The
logical OR of the result (R-R: FN, AI: TP) was true. Thus, this AFL
event was reported as a true positive case by the hybrid algorithm.

Figure 2C shows a typical example of a 1 min continuous detec-
tion result containing 6 BP events and 3 spontaneously terminat-
ing arrhythmia episodes. Both algorithms reported SR when no
arrhythmia was induced and detected all 3 arrhythmia episodes.
In most cases, the AI algorithm could give an immediate indica-
tion within 1 s, while the R-R algorithm detected the arrhythmia
with an average delay of 2 s. By applying the hybrid algorithm,
the system could take advantage of the AI algorithm to reach a
shorter detection time.
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Figure 1. ECG recording and automated R wave detection in rats using our system. A) Our system in a compact pocket attached with Velcro (orange) to
the rat jacket (blue) at the back of the animal; B) ECG signal comparison between our system versus the PowerLab bio amplifier (Dot on top of the trace
indicates the on-chip peak detection); C) Monitoring of R-R interval decrease after injection of isoprenaline. Episodes in orange and red background show
the ECG before and after drug administration, respectively; D) Monitoring of heart rate decrease after injection of carbachol. Episodes in orange and red
background show the ECG before and after drug administration, respectively; Correlation between our system and PowerLab (LabChart calculated) R-R
interval measurements during isoprenaline E) and carbachol injection F).

Among all the arrhythmias induced, the R-R algorithm reaches
an overall detection sensitivity (TP/[TP+FN]) of 79.6% and speci-
ficity (TN/[TP+FN]) of 98.5%, with an average detection time of
2.1 s as shown in the red zone of Figure 2D. The AI algorithm had
an overall sensitivity of 84.2% and a specificity of 97%, with an
average detection time of 0.75 s as indicated by the yellow zone in
Figure 2D. Interestingly, the AI algorithm showed a 25% higher
sensitivity to detect short arrhythmias (<3 s) than the R-R algo-
rithm while the R-R algorithm had a ≈10% higher sensitivity to
detect longer arrhythmias (>3 s) than short ones, as illustrated
in Figure 2E. The hybrid algorithm could combine the advantage
of the AI algorithm for short arrhythmia detection and the R-R
algorithm for the detection of longer arrhythmias to reach a high
sensitivity for arrhythmias of all durations. Overall, the hybrid al-
gorithm reached a sensitivity of 96.3% and a specificity of 95.5%,
with an average detection time of 0.85 s. The detection result of
the hybrid algorithm is shown as the blue line in Figure 2D,E.
Compared to individual R-R and AI algorithms, the hybrid algo-
rithm had a higher sensitivity across all arrhythmias durations
and reached 100% sensitivity for arrhythmias longer than 2 s.

3. Conclusion

In this paper, we present a non-invasive system enabling contin-
uous in vivo heart rhythm monitoring and atrial arrhythmia de-
tection in a fully untethered and automated manner. By applying
our system to adult rats, we demonstrate its ability to rapidly de-
tect atrial arrhythmias with high sensitivity. These results set the
stage for long-term investigative studies by continuously moni-
toring heart rhythm in freely walking animals without surgery,
thereby creating ample freedom to replace, adjust and customize
the system components, like the battery.

Compared to traditional atrial arrhythmias detection methods,
our system equipped with an R-R- interval and AI-based hybrid
atrial arrhythmias detection algorithm, can detect a wide range
of atrial arrhythmias, including AF and AFL. Moreover, the al-
gorithm has a high sensitivity to detect arrhythmias of different
durations, including extremely short ones.

Our case-specific AI algorithm is the core component of
the hybrid algorithm. Instead of collecting a big dataset of rat
ECGs to train a generic model, the case-specific AI algorithm
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Figure 2. Atrial arrhythmia detection results of our system. A–C) Atrial arrhythmia detection results generated by R-R and AI algorithms. The grey zones
across all traces indicate arrhythmia induction by BP, the red zones represent arrhythmias confirmed by manual inspection, the orange zones show
the detection result of the R-R algorithm, and the yellow zones show the result of the AI algorithm (0: SR, 1: Atrial arrhythmia); A) Detection result of
induced AF; B) Detection result of induced AFL; C) Detection result for 1 min recording; D) Times required for the different algorithms to detect atrial
arrhythmia. The X-axis indicates the time to detect an atrial arrhythmia while the Y-axis shows the number of arrhythmias detected in consecutive 0.2 s
time periods; E) Atrial arrhythmia detection sensitivity for the different algorithms as a function of arrhythmia duration. The X-axis indicates the duration
of atrial arrhythmias, whereas the Y-axis shows the sensitivity to detect atrial arrhythmia of different duration.

drastically decreases the amount of data needed for AI training
while maintaining high accuracy by using data sampled from
the same rat to train its own model. As a consequence, our de-
vice benefits from the advantages offered by AI while presenting
a low processing demand compatible with a stand-alone minia-

turized system’s ability for ambulatory use in rats. In long-term
applications, the case-specific AI model could be retrained and
easily re-uploaded in case false positive or negative events were
be discovered by visual inspection. Such a strategy would allow
the sensitivity of the algorithm to be further improved.

Adv. Sensor Res. 2024, 3, 2400057 2400057 (4 of 7) © 2024 The Author(s). Advanced Sensor Research published by Wiley-VCH GmbH
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Figure 3. Hardware and software description of the system. A) System diagram of the system; B) Top (left) and bottom view (right) of the hardware
module; C) The on-skin flexible electrode for bioelectrical signal recording; D) Peripheral circuit configuration of AD8232 for the ECG amplifier; E) Transfer
function of the ECG amplifier; F) Flow chart of the atrial arrhythmia detection algorithm.
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Since our system is able to perform fast and accurate detec-
tion of atrial arrhythmias in an ambulatory setting, it could be
integrated into closed-loop systems to restore normal rhythm
through swift intervention. Such closed-loop applications are
especially relevant for determining the therapeutic and trans-
lational potential of novel strategies for acute arrhythmia ter-
mination in awake animals, such as low-voltage multi-pulse
therapy,[13] optogenetics,[14] and chemogenetics.[15] Determining
this potential in an ambulatory setting is so relevant because it is
largely unknown due to the previous absence of systems enabling
such investigation. This could provide unique opportunities to
prevent or reverse the gradual deterioration of cardiac function
caused by the natural progression of AF.[16]

4. Experimental Section
System Hardware Design: The system hardware contains five main

parts (Figure 3A). The core of this system is an ESP32-S3 (Figure 3A–I)
dual-core processor running at 160 MHz clock frequency, located on the
top side of the module. This processor serves four functions: reading ECG
values using a built-in analog-to-digital converter (ADC), processing ECG
data, storing data, and wireless communication. The average power con-
sumption of the processor was 49 mA without real-time wireless stream-
ing, which could consume up to 200 mA. The second part was a flexible
body surface electrode (Figure 3A-II,C), which was designed to be placed
on the chest of the rat, presenting a flexible structure to avoid discomfort in
freely walking animals. The electrode was connected to the ECG amplifier
via a flexible printed cable connector. The ECG amplifier (Figure 3A-III) was
a modular printed circuit board (PCB) located at the backside of the mod-
ule, which filters out and amplifies the ECG signal for ADC to read (circuit
and transfer function shown in Figure 3D,E). All the ECG data and analysis
results were stored on a removable 32 GB micro SD card (Figure 3A-IV),
which allows for 1017 h of recording (8 KB s−1). The whole system was
powered by a battery management system containing a lightweight remov-
able lithium battery (Figure 3A-V) with a capacity of 200 mAh, allowing 4
h of continuous operation without streaming. For research applications
in which discrete recordings would suffice, the processor could be put
in deep sleep mode in between recordings to consume as little as 8 μA.
This greatly extends the battery lifetime of the device and allows for longer
follow-up investigations without human interaction with the animals. All
parts in this system were modular, scalable and designed for easy replace-
ment and integrated on a single PCB, as shown in Figures 3B and S1A,B
(for PCB design and size, see Figure S4B). To enhance the functionality
and research potential of this system, it was tailored and housed in a wear-
able jacket for the adult rat (Lomir Biomedical). Details about the surface
electrode and ECG amplifier are described in the Supporting Information.

Design of R-R Interval-Based Atrial Arrhythmia Detection Algorithm:
Commercial atrial arrhythmia detection algorithms, which commonly use
the standard deviation of R-R interval variation as an indication, were un-
able to detect AFL in most cases.[8] This was because AFL had a relatively
stable R-R interval as compared to AF. Therefore, AFL’s R-R interval stan-
dard deviation can appear similar to the one observed in sinus rhythm
(SR). Here, an improved atrial arrhythmia detection algorithm (hereafter
named R-R algorithm) is introduced, illustrated in Figure 3F, which can
also detect AFL using the accumulated R-R interval error as an indication.
Details about the R-R algorithm are described in the Supporting Informa-
tion.

Design of Case-Specific AI-Based Atrial Arrhythmia Algorithm: The case-
specific AI algorithm (hereafter named AI algorithm) was built using Ten-
sorFlow Convolutional neural network (CNN), the layer configuration of
which is shown in Table S1 (Illustrated in Figure S3). This model is meant
to train with a limited amount of data in a short time during the experi-
ment. The final size of this model is 12.1 kilobytes, which is small enough
to deploy on the ESP32 microprocessor used in the detection device.

The input for this CNN is an array of 200 points, which equals 1 s of
ECG data (200 Hz sampling rate). By examining the input ECG data, aside
from SR (Figure S2A) and AF (Figure S2C), some events of stable AFL were
recorded (Figure S2E). The flutter wave (F wave) in AFL patterns is similar
to the noise coupled to the SR in the time domain, which causes false neg-
ative arrhythmia detection by the AI algorithm, especially when the train-
ing data set is limited. However, in the frequency domain, the noise in the
signal clearly differs between SR, AF, and AFL in a frequency-dependent
manner. For SR, the heart rate frequency and its harmonics are dominant
in the frequency spectrum (Figure S2B), while for AF (Figure S2E) and AFL
(Figure S2F), the frequency spectrum of F waves is distributed over all fre-
quencies, causing less clear harmonics. Thus, instead of directly feeding
the AI with the ECG signal, it is fed with the Fast Fourier Transforms of the
ECG traces in order to enhance the atrial arrhythmia detection sensitivity
of the AI algorithm.

In order to train the case-specific AI model to detect atrial arrhythmias,
a recording lasting at least 1 minute (60 samples) for both SR and atrial
arrhythmias is needed for each rat. The training of the model takes ≈30 s
by using an NVIDIA GeForce GTX 1660 Ti graphics card with a training ac-
curacy above 99.5%. The model is then wirelessly transferred to the ESP32
to detect atrial arrhythmias. The AI model generates results every second
with a value comprised between 0 and 1 for SR and atrial arrhythmia de-
tection, respectively. By averaging these values over 3 s, a score above 0.5
indicates an ongoing atrial arrhythmia.

Hybrid Algorithm Design: A hybrid algorithm was created to achieve
higher atrial arrhythmias detection sensitivity by combining the two algo-
rithms (i.e., the R-R and AI algorithms) mentioned above. The atrial ar-
rhythmias were determined by taking the logical “OR” from the detection
result of both algorithms, meaning the hybrid algorithm reports positive
as long as one algorithm detects an atrial arrhythmia, and reports negative
if both algorithms detect SR. The full flowchart of atrial arrhythmias detec-
tion is shown in Figure 3F, with signals highlighted in grey background
stored in the micro-SD card for analysis.

Animal Experiment: All animal experiments were approved by the
Animal Experiments Committee of Leiden University Medical Center
(AVD11600202216629) and conformed to EU Directive 2010/63. This
study was conducted with the approval of the institutional review board
of the Leiden University Medical Center (PE.16629.01.001).

Supporting Information
Supporting Information is available from the Wiley Online Library or from
the author.
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