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Abstract: Microcontroller-based vital-sign monitors are cheap, but they struggle once real-time waveform 

analysis and wireless reporting are required at the same time. This paper examines whether shifting the 

heaviest part of that workload — QRS detection — into reconfigurable hardware improves the trade-off. A 

prototype was built on a ZYBO Z7-20 board around a Xilinx Zynq-7000 SoC. The programmable-logic side 

runs a streaming R-peak detector adapted from the Pan-Tompkins algorithm; the on-chip ARM core reads an 

NTC thermistor for temperature, packages both readings, and sends them over UART to an ESP8266 Wi-Fi 

module for display on a web dashboard. Two rounds of testing were carried out — first against simulator-

generated ECG traces, then on a live subject. The detector held up well under motion-related noise in both 

cases, and the complete loop settled into roughly one-second update cycles once deployed, a delay traced 

mainly to the wireless reporting interval rather than to the FPGA itself. The results suggest that SoC-class 

FPGAs offer a reasonable middle ground for this kind of monitoring — more capable than a bare 

microcontroller, and cheaper and smaller than clinical-grade equipment. 

Index Terms - FPGA, Zynq SoC, IoT, QRS Detection, Electrocardiogram (ECG), Pan-Tompkins Algorithm, 

XADC, Health Monitoring 

I. INTRODUCTION 

Reconfigurable hardware tends to earn its place in a design when timing matters more than software 

flexibility does. Biomedical front ends are a good example. ECG, EEG, and EMG chains all need enough 

concurrent filtering that alone microcontroller core becomes the bottleneck the moment wireless reporting 

gets added on top [10], [12]. 

Take heart-rate tracking. Catching cardiac problems early usually means watching the signal continuously, 

not just during a clinic visit — but the equipment that can do that well has traditionally stayed inside hospitals 

[7]. That has shifted somewhat. Wireless modules are cheap enough now that a device can sample someone 

around the clock and hand the numbers off to a phone or a web page elsewhere [20], [21], [22]. 

That is roughly where this project sits. Instead of splitting acquisition, detection, and networking across 

separate chips, all three are placed on one Zynq SoC [2]: hardware logic performs the detection math, and the 

on-die ARM core handles sensors and the Wi-Fi handoff. The result is one small board that reads ECG and 

skin temperature, computes beats-per-minute on its own, and publishes both numbers to a web page close to 

real time, in the same spirit as [8] and [23]. 
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II. RELATED WORK 

Pan-Tompkins's 1985 method [1] has still not really been displaced for real-time R-peak detection, largely 

because it is cheap to run continuously and forgiving of typical ECG noise — a combination confirmed by 

later validation against the MIT-BIH arrhythmia database [6], [17]. That practicality is likely why it keeps 

appearing in wearable-hardware work that moves detection of a CPU and into dedicated logic [18]; the goal 

in most such projects is keeping power and latency down in a way software on a general-purpose 

microcontroller cannot [12], [13]. The Zynq family shows up often here too [9], [2] — a single chip with 

room for both an embedded processor and reconfigurable fabric maps naturally onto the split between control 

tasks and arithmetic-heavy ones, the same division this design relies on, and one also used in [8] for a 

comparable IoT health-monitoring setup. 

Beyond QRS detection specifically, a broader body of work has examined wearable and remote-monitoring 

architectures more generally [27], [28], including surveys of body-area sensor networks [29], edge-computing 

approaches that keep inference close to the sensor rather than in the cloud [30], [31], and security 

considerations that become relevant once patient data leaves the device [23], [32]. Machine-learning-based 

arrhythmia classifiers are also an active area [33], [34], though they typically demand more computing than a 

lightweight FPGA core, which is part of why this project retains a classical detection algorithm rather than a 

learned model. 

III. SYSTEM ARCHITECTURE 

Two sensors feed the pipeline in Fig. 1: an ECG lead conditioned down to about 0-1 V [3], [14], and an 

NTC thermistor whose divider output tracks body temperature. Both signals go directly into the Zynq-7000's 

built-in XADC rather than an external ADC [15] — a dual 12-bit converter rated up to 1 MSPS, more than 

either signal needs, but it keeps the board count down. 

Inside the chip, the two paths split. The digitized ECG stream goes to a QRS core living entirely in the 

Programmable Logic; the ARM Cortex-A9 on the Processing System side handles configuration registers, 

gathers results, and manages outbound communication [2]. AXI connects the two halves, so from the 

processor's perspective, reading a heart-rate value computed in hardware is no different than reading any other 

memory-mapped register. Once the PS has both readings, they are sent to ESP8266 over UART for the trip 

to a web dashboard [5], [24]. 

 
fig. 1. overall system block diagram. 

A. Sensor Interface 

Most of the work keeping motion artifacts and mains hum out of the ECG trace happens before the signal 

reaches the chip — a single-lead heart-rate front-end IC amplifies and filters it in analog [3], [14]. Temperature 

measurement is simpler: an ordinary 3950-series NTC thermistor, 10 kΩ nominals at 25 °C, in a plain voltage 

divider. 
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B. Zynq SoC Processing 

Fig. 2 shows what is on the die — a dual-core ARM Cortex-A9 (up to 667 MHz) on one side, FPGA fabric 

on the other, both on the same Zynq-7000 [2], [25]. The PS runs the OS, polls sensors, and handles UART 

traffic. The QRS math, covered in Section IV, runs entirely in the PL instead, following the hardware/software 

partitioning pattern used in [9]. Pinning the arithmetic-heavy part to hardware means it executes on predictable 

timing regardless of what the processor is doing at that moment. 

 
fig. 2. xilinx zynq-7000 soc internal architecture. 

IV. METHODOLOGY 

A. QRS Detection Algorithm 

Rather than batch-processing recorded traces, this version of Pan-Tompkins [1] runs sample by sample on 

a live 200 Hz ECG stream. The five stages in Fig. 3 stay conceptually close to the original paper [1], with the 

detection-rule refinements from [6] informing the threshold logic. Each stage was rewritten as a hardware 

pipeline stage rather than a software loop, similar to the FPGA-targeted adaptations in [18]. 

1) Low-Pass Filter — attenuates content above roughly 11 Hz, removing high-frequency noise while 

leaving the QRS complex's energy intact [1]. 

2) High-Pass Filter — removes baseline wander below about 5 Hz, computed as a first-order low-pass path 

subtracted from an all-pass path [1], [19]. 

3) Derivative — a five-point difference stage that makes the R-wave's steep edge stand out [1]. 

4) Squaring — every value is squared, forcing positivity and exaggerating the QRS complex relative to the 

smaller P- and T-waves [1]. 

5) Moving-Window Integration — a 32-sample moving average extracts waveform width, an adaptive 

threshold marks the R-peaks, and the spacing between peaks converts directly to BPM [1], [6]. 

 
fig. 3. pan-tompkins qrs detection pipeline. 
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B. Hardware Implementation 

All five stages are pipelined VHDL. The multiply heavy steps are mapped onto DSP48E1 slices instead of 

distributed logic, so a new sample is accepted every clock cycle with no stalling [4]. Fixed-point arithmetic is 

used throughout the chain rather than floating point, keeping resource usage low enough to leave headroom 

for future modules on the same fabric. 

C. Experimental Procedure 

Validation followed two stages. First, register-transfer-level simulation in Vivado, feeding the pipeline 

pre-recorded ECG waveforms — a signal-generator trace and reference beats annotated in the MIT-BIH 

arrhythmia database [16], [17] — and comparing detected R-peaks against known annotations to confirm the 

detector was not drifting or double-triggering. Second, on-board testing on the ZYBO Z7-20 itself: electrodes 

on a volunteer, XADC sampling live, with a calibrated reference pulse oximeter and thermometer running in 

parallel so the FPGA's output could be checked against an independent measurement. Latency was measured 

by timestamping an ADC sample on entry and comparing it against the corresponding update reaching the 

web dashboard. 

V. IOT COMMUNICATION AND DATA FLOW 

The communication side stays deliberately simple. Heart rate and temperature are packed into a short frame 

and sent at 115200 bps (8N1) over UART to the ESP8266 [5], [24]. The module connects to a Wi-Fi access 

point at 2.4 GHz, 802.11 b/g/n, and relays the frame onward over TCP/IP to a remote server — Fig. 4 shows 

the full path, following the general IoT-to-cloud pattern described in [21] and applied to healthcare specifically 

in [22], [23]. On the receiving end, a lightweight page refreshes every second, enough for a caregiver, or the 

patient, to check current readings without installing anything locally. 

 
fig. 4. data flow and communication architecture. 

VI. RESULTS AND DISCUSSION 

Vivado handled synthesis and implementation [4]. The bitstream ran on a ZYBO Z7-20 [25]. Before testing 

on real hardware, the pipeline was run against simulator-generated ECG waveforms across a range of heart 

rates, and R-peaks were confirmed to appear where expected, cross-checked against MIT-BIH reference 

annotations [16], [17]. The subsequent hardware test used a volunteer wearing the electrodes; the board 

reported a steady 74 BPM alongside 36 °C, both matching reference instruments running in parallel. Table I 

summarizes FPGA resource usage for the QRS core, and Table II summarizes the performance figures 

gathered during testing. 
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table i. fpga resource utilization for the qrs detection core 

Resource Used Available 

Slice LUTs 2,143 53,200 

Slice Registers 1,876 106,400 

DSP48E1 Slices 6 220 

Block RAM (36 Kb) 2 140 

 

table ii. measured system performance 

Metric Value 

ECG sampling rate 200 Hz 

Measured heart rate 74 BPM 

Measured temperature 36 °C 

UART baud rate 115200 bps 

End-to-end latency ~1.0 s 

Dashboard refresh rate 1 Hz 

 

One point worth noting: the hardware pipeline never mistook a T-wave for an R-peak during testing, and 

the gap between genuine peaks and background noise stayed wide throughout — consistent with the false-

detection behavior reported for similar filter chains in [18], [19]. Timing, from an incoming ADC sample to 

the corresponding web-page update, landed around one second, but that figure tracks the wireless transmission 

interval almost exactly; the FPGA processing itself accounts for a negligible fraction of the total delay, which 

the resource figures in Table I help explain — the QRS core uses well under 5% of the available LUTs and 

only six DSP slices. 

VII. CONCLUSION 

The goal was a health-monitoring prototype that keeps signal processing in hardware without pricing itself 

out of practical use. The ZYBO-based build gets reasonably close. A Zynq SoC running a modified Pan-

Tompkins detector [1] in programmable logic, with an ESP8266 handling the wireless leg [5], together 

produce steady heart-rate and temperature data on a remote dashboard, with almost all the observed latency 

coming from the network link rather than the computation itself, echoing the latency profile reported in 

comparable IoT health-monitoring work [8], [22]. There is room to extend this further — more sensors, on-

device analytics, perhaps lightweight inference at the edge, in the direction suggested by [10], [12], [30]. As 

a base architecture for real-time, low-cost monitoring, however, it accomplishes what it was meant to. 
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