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ABSTRACT 

Continuous remote monitoring of vital physiological parameters is critical for proactive 

healthcare management and telemedicine infrastructure. This paper presents an IoT-enabled 

health monitoring system designed to measure heart rate (HR) and peripheral capillary 

oxygen saturation (SpO2) in real-time. The system leverages the Arduino Uno 

microcontroller coupled with an IoT communication module and the MQTT (Message 

Queuing Telemetry Transport) protocol to ensure low-latency data transmission to a cloud- 

based healthcare dashboard. The MAX30100 integrated pulse oximetry sensor captures 

photoplethysmography (PPG) signals, allowing the system to accurately extract and calculate 

cardiovascular and respiratory metrics. To translate this continuous data into actionable 

clinical responses, the system integrates local displays for immediate patient feedback and 

programmed triggers for sending emergency alerts to medical personnel or caregivers when 

vitals fall outside normal physiological thresholds. Furthermore, software-driven digital 

filtering algorithms are implemented to mitigate motion artifacts and ambient light 

interference, significantly increasing the accuracy and reliability of the sensor readings. The 

results demonstrate a responsive, non-invasive, and cost-effective solution for automated 

remote patient monitoring and smart healthcare delivery. 

Keywords: Internet of Things (IoT); Remote Patient Monitoring; Pulse Oximetry; 

Photoplethysmography (PPG); Blood Oxygen Saturation (SpO2); Heart Rate Variability; 

Telemedicine; Arduino Uno; MQTT Protocol. 

1. INTRODUCTION TO BIOSENSOR TELEMETRY 

The rapid convergence of embedded systems, wireless telemetry, and biomedical engineering 

has catalysed a profound paradigm shift in how physiological data is acquired, processed, and 

utilized. Historically, the continuous monitoring of vital signs—specifically heart rate and 

peripheral blood oxygen saturation (SpO2)—was strictly confined to clinical environments 

due to the prohibitively high cost, bulk, and power requirements of medical-grade monitoring 

equipment. However, the advent of the Internet of Things (IoT) and the miniaturization of 

optical sensors have democratized access to cardiovascular diagnostics. Today, wearable bio-

sensor technology serves as a critical frontline tool in the early detection of cardiopulmonary 

anomalies, the management of chronic respiratory ailments, and the optimization of athletic 

performance. 

This exhaustive research report provides a highly detailed architectural, electronic, and 

algorithmic blueprint for constructing a robust Heart Rate Monitoring System. The 
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foundational components of this specific project architecture comprise the ubiquitous 

Arduino Uno microcontroller board and the MAX30100 Pulse Oximeter Sensor Module. 

While these components are widely available, synthesizing them into a reliable, clinical-

grade monitoring system requires navigating complex challenges in optical physics, mixed-

signal hardware design, and digital signal processing. 

Furthermore, this report satisfies the imperative to construct a "deep research paper" by 

expanding beyond basic hardware integration. It meticulously details proper system block 

diagrams, intricate circuit interfacing logic, and the foundational working principles of 

photoplethysmography (PPG). 

Beyond standard implementation, this document rigorously explores the vanguard of novel 

research in the field of wearable biosensors. This includes the deployment of Tiny Machine 

Learning (TinyML) directly onto highly constrained 8-bit microcontrollers to perform on-

device arrhythmia classification, the utilization of the MQTT protocol for real-time remote 

clinical monitoring, and the application of generative artificial intelligence to mitigate 

demographic and skin-tone biases inherent in optical sensor data. 

By deconstructing the physical phenomena, the hardware constraints, the firmware 

algorithms, and the ultimate clinical applications, this report serves as a definitive, expert-

level guide for engineers and researchers developing low-cost, high-accuracy biomedical 

telemetry systems. 

 2. THEORETICAL FRAMEWORK AND ANATOMY OF 

PHOTOPLETHYSMOGRAPHY 

To engineer a reliable heart rate and oxygen saturation monitor, one must first possess a 

rigorous understanding of the underlying physical and biological mechanisms that generate 

the signals being measured. The core operational principle of the MAX30100 sensor relies 

entirely on Photoplethysmography (PPG), a non-invasive optical technique utilized to detect 

volumetric changes in blood within the microvascular tissue bed. 

1.1 Cardiovascular Hemodynamics and Optical Interaction 

As the human heart contracts during systole, a pressure wave forces oxygen-rich blood from 

the left ventricle into the systemic arterial circulation. This pulsatile surge causes the elastic 

walls of the peripheral arteries and arterioles to temporarily expand, thereby increasing the 

localized volume of blood within the tissue. Conversely, during diastole, the heart relaxes, the 

pressure drops, and the arterial blood volume within the peripheral tissues decreases. 

When a multi-wavelength light source—such as the integrated LEDs within the 

MAX30100—illuminates a well-perfused capillary bed (typically located at the fingertip, 

earlobe, or wrist), the incident light undergoes complex interactions including scattering, 

reflection, and absorption by various anatomical structures. The tissues (skin, bone, muscle, 

and cartilage) and the non-pulsatile venous blood absorb a relatively constant amount of light. 

However, the light absorbed by the arterial blood varies dynamically in direct proportion to 

the physical expansion and contraction of the arterial walls during the cardiac cycle. 
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The photodetector within the sensor module captures the unabsorbed, reflected light. The 

resulting optical signal, known as the photoplethysmogram, can be mathematically and 

logically divided into two primary components: 

1. The Direct Current (DC) Component: This element represents the constant, baseline 

absorption of light by the structural tissues and the static venous blood pool. The DC 

component accounts for the vast majority of the absorbed optical energy. While termed 

"direct current," it is not perfectly static; it can exhibit slow-moving baseline wander due to 

respiration (respiratory sinus arrhythmia), sympathetic nervous system activity altering 

vasomotor tone, and gross physical shifts in sensor placement. 

2. The Alternating Current (AC) Component: This dynamic, time-varying component is 

superimposed on the massive DC baseline and directly represents the pulsatile changes in 

arterial blood volume that are synchronous with the heartbeat. The AC component is 

exceedingly minute in magnitude, often representing merely 1% to 2% of the total absorbed 

light energy. 

The primary objective of the system's digital signal processing pipeline is to isolate this 

microscopic AC component from the overwhelming DC background, enabling the 

measurement of the time interval between consecutive systolic peaks to precisely calculate 

the heart rate in Beats Per Minute (BPM). 

1.2 The Beer-Lambert Law and the Physics of Oxygen Saturation 

Peripheral blood oxygen saturation (SpO2) is defined clinically as the ratio of oxygenated 

hemoglobin (HbO_2) to the total hemoglobin concentration (the sum of oxygenated 

hemoglobin and deoxygenated hemoglobin, Hb) present in the arterial blood. The optical 

measurement of this physiological parameter is fundamentally governed by the Beer-Lambert 

Law. This law establishes a logarithmic relationship between the transmission of light 

through an attenuating medium and the specific concentration of the absorbing molecular 

species within that medium. The MAX30100 pulse oximeter exploits the differing optical 

absorption spectra of Hb and HbO_2 by utilizing two distinct light-emitting diodes: 
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● The Red LED (Peak Wavelength approx 660 nm): In the visible red spectrum, 

deoxygenated hemoglobin (Hb) exhibits a significantly higher optical absorption coefficient 

than oxygenated hemoglobin (HbO_2). 

● The Infrared (IR) LED (Peak Wavelength \approx 880-900 nm): In the near-infrared 

spectrum, the absorption characteristics invert. Oxygenated hemoglobin (HbO_2) absorbs 

marginally more infrared light than deoxygenated hemoglobin (Hb). 

By rapidly alternating the illumination of the tissue with the Red and IR LEDs and measuring 

the corresponding pulsatile amplitudes, the microprocessor calculates the normalized ratio of 

the AC signals from both wavelengths. This twofold modulation ratio, universally denoted in 

oximetry literature as R, serves as the fundamental mathematical metric utilized to estimate 

oxygen saturation. The calculation normalizes the pulsatile AC component against the static 

DC baseline for each specific wavelength to account for variations in skin pigmentation, 

tissue thickness, and LED intensity: 

At severely low arterial oxygen saturations (characterized by a dangerous increase in 

deoxygenated hemoglobin), the relative change in the amplitude of the red light absorbance 

due to the cardiac pulse is markedly greater than the infrared light absorbance, resulting in a 

significantly higher R-value. Conversely, at optimal oxygen saturations approaching 100%, 

the infrared absorbance exceeds the red absorbance, yielding a lower R-value. The translation 

of this raw R ratio into a reliable clinical percentage requires rigorous empirical calibration, a 

process detailed in subsequent sections of this report. 

2. HARDWARE ARCHITECTURE AND COMPONENT SPECIFICATIONS 

A biomedical telemetry device demands a highly reliable hardware architecture to ensure 

signal integrity and processing efficiency. The proposed project relies on two primary 

hardware pillars: the computational capabilities of the Arduino Uno microcontroller and the 

sensing precision of the MAX30100 module. 

2.1 The Arduino Uno Microcontroller Board 

The Arduino Uno functions as the central processing node and the primary data acquisition 

orchestrator of the heart rate monitoring system. It is built upon the ATmega328P, an 8-bit 

Advanced Virtual RISC (AVR) microcontroller manufactured by Microchip Technology. 

The technical specifications of the ATmega328P dictate the operational limits of the signal 

processing algorithms and machine learning models that can be deployed on the device: 

● Clock Speed: The microcontroller operates at a 16 MHz clock frequency, driven by a 

ceramic resonator, which dictates the maximum execution speed of the digital filters. 

● Memory Constraints: The architecture utilizes a Harvard memory model, separating 

program memory from data memory. It possesses 32 KB of Flash memory for storing the 

compiled firmware, 2 KB of Static Random-Access Memory (SRAM) for dynamic variable 

allocation during runtime, and 1 KB of Electrically Erasable Programmable Read-Only 

Memory (EEPROM) for non-volatile parameter storage. The severe 2 KB SRAM limitation 

requires exceptionally meticulous memory management, particularly when buffering 

historical sensor data for moving average calculations or deploying TinyML neural networks. 
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● Inter-Integrated Circuit (I2C) Interface: The ATmega328P features dedicated hardware for 

Two-Wire Interface (TWI) communication, functionally identical to the I2C protocol. 

The Arduino Uno breaks out these critical pins—Serial Data (SDA) on analog pin A4 and 

Serial Clock (SCL) on analog pin A5—which are utilized to establish synchronous 

communication with the MAX30100 sensor. 

2.2 The MAX30100 Pulse Oximeter Sensor Module 

The MAX30100, originally engineered by Maxim Integrated (now a subsidiary of Analog 

Devices), is an ultra-low-power, complete System-in-Package (SiP) integrated pulse oximetry 

and heart-rate monitor sensor solution. Housed in a diminutive 5.6mm x 2.8mm x 1.2mm 14-

pin optically enhanced package, it is specifically optimized for wearable fitness assistants and 

portable medical monitoring devices. 

The internal architecture of the SiP is highly optimized for extracting high-fidelity 

physiological signals from inherently noisy environments. The module integrates the red (660 

nm) and infrared (880-900 nm) LEDs alongside a wide-spectrum, high-sensitivity 

photodetector. The analog current generated by the photodetector is immediately fed into an 

internal low-noise Analog Front-End (AFE) comprising a transimpedance amplifier. 

Crucially, the MAX30100 features a proprietary discrete-time ambient light cancellation 

(ALC) circuit that actively rejects 50 Hz and 60 Hz power-line interference—typically 

generated by fluorescent indoor lighting— and mitigates low-frequency residual ambient 

noise. 

The conditioned analog signal is subsequently digitized by a high-performance continuous-

time Delta-Sigma Analog-to-Digital Converter (ADC). The resolution of this ADC is 

programmable, scaling from 13 bits to a maximum of 16 bits depending on the configured 

LED pulse width (ranging from 200 µs to 1.6 ms). The digitized data is then pushed into an 

internal 

First-In-First-Out (FIFO) buffer. 

Power consumption is a critical parameter for wearable biomedical devices. The MAX30100 

operates on two distinct voltage rails: 1.8V for the internal digital processing logic and 3.3V 

for the LED drivers. During active optical measurement, the IC draws approximately 600 µA 

to 1200 µA of supply current. However, it can be commanded via software to enter a deep-

sleep shutdown mode where current draw plummets to an ultra-low 0.7 µA, vastly extending 

the operational lifespan of mobile power supplies. Furthermore, because the accurate 

calculation of SpO2 is highly sensitive to the junction temperature of the light-emitting 

diodes, the MAX30100 incorporates a precision on-chip temperature sensor (accurate to 

±1°C spanning a range of -40°C to +85°C) to dynamically calibrate and compensate for the 

thermal dependence of the SpO2 subsystem. 

3. CIRCUIT DIAGRAM, INTERFACING, AND HARDWARE REMEDIATION 

The physical integration of the MAX30100 breakout board with the Arduino Uno requires 

rigorous adherence to voltage logic specifications. Failure to correctly map the interface pins 

and resolve logic level disparities will result in complete communication failure. 

3.1 System Circuit Mapping 

http://www.ijrt.org/
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The MAX30100 module communicates with the host microcontroller exclusively via the I2C 

serial communication protocol. The standard breakout modules expose up to seven external 

pins for interfacing. 

The following table details the proper circuit connections between the MAX30100 sensor 

module and the Arduino Uno: 

MAX30100 

Breakout Pin 

Arduino Uno 

ATmega328P Pin 

Functional Description and 

Implementation Notes 

VIN / VCC 3.3V Power Output Power supply input. Warning: Must be connected to 

the 3.3V rail. Connecting to 5V may thermally stress 

the onboard regulators and damage the sensor logic. 

GND GND Common ground reference. It is strongly advised to 

utilize a dedicated 22AWG jumper wire to minimize 

ground loops and electromagnetic interference. 

SCL Analog Pin A5 I2C Serial Clock Line. Requires appropriate pull-up 

logic to synchronize data transmission. 

SDA Analog Pin A4 I2C Serial Data Line. Bidirectional line for 

register reading and writing. 

INT Digital Pin 2 Active-Low Interrupt output. Triggers when 

new FIFO data is ready, preventing the need for 

continuous software polling. 

IRD Unconnected External ground connection point for the internal IR 

LED driver. Left floating on standard breakout boards. 

RD Unconnected External ground connection point for the internal 

Red LED driver. Left floating on standard breakout 

boards. 

3.2 The I2C Pull-Up Resistor Design Flaw and Remediation 

A pervasive and critical barrier to implementing the MAX30100 with 5V microcontrollers 

like the Arduino Uno involves a widespread schematic design flaw inherent in heavily 

commoditized, generic commercial breakout boards. Understanding and rectifying this 

hardware defect is paramount for the successful execution of the project. 

The Root Cause of Communication Failure: As established, the bare MAX30100 integrated 

circuit strictly requires two independent voltage domains: 1.8V to power the internal digital 

logic core and 3.3V to power the high-current LED drivers. To accommodate hobbyists who 
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typically utilize single-rail power supplies, the commercial breakout modules include two 

onboard 

Low-Drop Out (LDO) linear voltage regulators. The first regulator steps down the input VIN 

to 3.3V, and the second regulator subsequently steps the 3.3V down to 1.8V.The I2C 

communication lines (SDA and SCL) and the Interrupt line (INT) operate using an open-

drain topology. This means the devices on the bus can only pull the communication line low 

(to ground); they cannot drive it high. Therefore, pull-up resistors are absolutely mandatory 

to establish a default logic HIGH state when the bus is idle. 

The catastrophic design flaw lies in the routing of these pull-up resistors. The manufacturers 

of the generic breakout boards incorrectly tied the three internal 4.7 kΩ pull-up resistors 

(typically labeled R1, R2, and R3 on the PCB silk screen) directly to the 1.8V LDO output 

rail instead of the 3.3V rail. 

The ATmega328P microcontroller on the Arduino Uno relies on 5V Transistor-Transistor 

Logic (TTL) input thresholds. According to its datasheet, the Arduino Uno requires an input 

voltage greater than approximately 3.0V (0.6 \times V_{CC}) to reliably register a logic 

HIGH state. 

Because the SDA and SCL lines on the sensor board are only being pulled up to a maximum 

of 1.8V, the Arduino perceives the lines as permanently dwelling in a logic LOW or 

indeterminate state. This entirely prevents the initiation of the I2C handshake, resulting in the 

ubiquitous "MAX30100 was not found" or initialization failure errors observed in the serial 

monitor. 

Hardware Remediation Strategies: To resolve this bus contention, the pull-up voltage must be 

mechanically shifted to a logic level that the Arduino's input buffers can accurately interpret. 

Two empirically tested and validated solutions exist for this project: 

1. Direct Trace Modification (The Recommended Approach): Utilizing a scalpel or precision 

hobby knife, the engineer must physically sever the microscopic PCB trace that bridges the 

common pad of the 4.7 kΩ resistor array to the 1.8V LDO output pin. Once the 

1.8V connection is broken, a micro-jumper wire or a deliberate solder bridge must be placed 

to connect that same resistor array pad directly to the adjacent 3.3V LDO output pad. This 

modification permanently reroutes the pull-up voltage to 3.3V. 

2. Complete Resistor Removal and External Replacement: If precision soldering is 

unfeasible, the engineer can desolder and entirely remove the three Surface Mount Device 

(SMD) 4.7 kΩ resistors from the module. Following their removal, the engineer must 

implement external pull-up logic by inserting discrete 4.7 kΩ through-hole resistors between 

the SDA, SCL, and INT jumper wires and the Arduino's 3.3V power pin on the breadboard. 

Implementing either of these remediation strategies ensures the I2C communication lines are 

pulled up to 3.3V, a logic level fully compatible with the Arduino Uno's high-level input 

thresholds, thereby establishing rock-solid sensor communication. 

4. SYSTEM BLOCK DIAGRAM AND ARCHITECTURAL FLOW 
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An IoT-enabled biomedical monitor requires a highly structured, hierarchical architecture 

divided into distinct logical layers to manage the complex flow of physiological data from the 

patient's tissue to a remote clinical dashboard. 

The following logical block diagram illustrates the comprehensive data flow, hardware 

integration, and software abstraction layers of the Heart Rate Monitoring System: 

System 

Architectural 

Layer 

Core Component / 

Subsystem 

Functionality and Interaction 

Dynamics 

Perception 

Layer 

Patient Capillary 

Bed 

The biological source of the 

pulsatile blood flow and 

changing hemoglobin concentrations. 

 MAX30100 

Optical Sensor 

Emits targeted Red/IR light; the wide-spectrum 

photodetector 

System 

Architectural 

Layer 

Core Component / 

Subsystem 

Functionality and Interaction Dynamics captures 

reflected backscatter. Internally converts the analog 

optical signatures into digital 16-bit values using 

Delta-Sigma ADCs. 

Local Data Link I2C Bus Protocol Two-wire serial communication protocol (SDA/SCL) 
running at up to 400 kHz, transmitting the FIFO buffer 
contents from the optical sensor to the microcontroller. 

Control & DSP 

Layer 

Arduino Uno 

(ATmega328P) 

The central processing unit. Responsible for hardware 

interrupt servicing, I2C polling, running the Digital 

Signal Processing (DSP) pipeline (DC removal, low-

pass filtering), executing peak detection algorithms, 

and calculating the final SpO2 and BPM numerical 
values. 

Local Output 

Layer 
OLED Display 

(Optional) / 

Serial Output 

Visualizes the real-time BPM, SpO2 percentages, and 

raw plethysmographic waveforms 

locally for immediate user feedback or lab debugging. 

Telemetry & 
Network Layer 

ESP8266 
NodeMCU Wi-Fi 
Bridge 

Receives processed physiological data packets from 

the Arduino via UART (Serial) and bridges the local 

device to the global internet via 802.11 b/g/n Wi-Fi. 

Application & 

Cloud Layer 
MQTT 

Broker & 

Remote 

Dashboard 

The ESP8266 publishes the lightweight data payloads 

to structured MQTT topics. A secure cloud dashboard 

subscribes to these topics to provide real-time remote 

clinical monitoring, historical trend 

analysis, and automated alarm generation. 
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5. FIRMWARE ENGINEERING, REGISTER MAPPING, AND DIGITAL SIGNAL 

PROCESSING (DSP) 

With the hardware stabilized and the system architecture defined, the firmware must be 

engineered to robustly handle low-level I2C data extraction, rigorous memory management, 

and highly complex mathematical filtering. The raw digital numbers pulled from the 

MAX30100's ADC are virtually useless in their native state; they contain the microscopic 

physiological AC signal buried beneath massive DC offsets and high-frequency ambient 

noise. 

5.1 I2C Register Mapping and Sensor Initialization 

The MAX30100 operates as an I2C slave device and is hardcoded with a fixed 7-bit address 

of 0x57. The device's operational behavior is entirely dictated by a specific set of 8-bit 

configuration registers. During the setup() routine in the Arduino firmware, several critical 

registers must be initialized to awaken the sensor from standby and configure its optics. 

Key registers involved in system initialization include: 

● MODE_CONFIGURATION (0x06): This register controls the global operational state. 

Writing 0x03 to this register activates the MAX30100_MODE_SPO2_HR mode, which 

explicitly powers both the Red and IR LEDs for full oxygen saturation calculation. 

Alternatively, bit 7 can be asserted to force the device into the 0.7 µA 

MAX30100_MC_SHDN software shutdown mode to conserve battery when the device is not 

worn. 

● SPO2_CONFIGURATION (0x07): This register dictates the resolution and speed of the 

data acquisition. It configures the SpO2 Sample Rate (selectable from 50 to 1000 Samples 

Per Second) and the LED pulse width (ranging from 200 µs to 1.6 ms). A longer optical pulse 

width significantly increases the ADC integration time, yielding a higher resolution up to 16 

bits, but at the cost of increased power consumption. 

● LED_CONFIGURATION (0x09): This critical register controls the analog drive current 

supplied to the LEDs. The current can be independently set in discrete steps from 0 mA up to 

50 mA. Tuning this parameter is an exercise in compromise; too little current results in a 

weak optical signal that is easily lost in the noise floor, while excessive current can 

oversaturate the photodetector, cause thermal drift, and rapidly drain the mobile power 

supply. 

5.2 Interrupt Servicing and FIFO Buffer Management 

Continuous, blocking polling of the I2C bus is computationally expensive, prevents the 

Arduino from performing other tasks, and introduces severe timing jitter into the signal 

processing pipeline. To circumvent this, the MAX30100 utilizes a 16-word-deep FIFO buffer 

located at register 0x05, combined with an active-low hardware Interrupt pin. 

The INTERRUPT_ENABLE register (0x01) is configured by the firmware to trigger an 

interrupt on specific state changes, most commonly MAX30100_IE_ENB_HR_RDY (Heart 

Rate Data Ready) or MAX30100_IE_ENB_A_FULL (FIFO Almost Full). 

When the Arduino detects a falling edge on its hardware interrupt pin (Digital Pin 2), it halts 

its current operation and initiates a rapid I2C burst read of the FIFO register. Because each 

http://www.ijrt.org/
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individual optical sample consists of two 16-bit values (one for the Red channel and one for 

the IR channel, totaling 4 bytes per physiological sample), utilizing the 16-deep FIFO buffer 

absolutely guarantees that no transient data points are lost, even if the ATmega328P is 

momentarily delayed by other intensive mathematical operations. Reading the FIFO data 

automatically clears the interrupt flag, returning the INT pin to a logic HIGH state. 

5.3 The Digital Signal Processing (DSP) Pipeline 

Once the raw data is successfully ingested into the Arduino's SRAM, it must be sequentially 

passed through a multi-stage software DSP pipeline. Advanced C++ libraries, such as the 

open- source oxullo/Arduino-MAX30100 repository, are frequently employed by engineers 

to manage these complex algorithms efficiently within the tight memory constraints. 

5.3.1 Stage 1: The DC Removal Filter (High-Pass Equivalent) 

The very first stage of signal conditioning must eliminate the massive, static baseline (the DC 

component) caused by ambient light leakage and constant tissue absorption. A 

computationally lightweight Infinite Impulse Response (IIR) filter is implemented in the code 

to perform real-time DC removal without requiring large memory buffers. 

The mathematical representation of this discrete-time tracking filter is: Where the variables 

denote: 

● x(t) is the current raw, unfiltered sensor input directly from the FIFO. 

● w(t) is the intermediate DC tracking value, effectively acting as the historical "memory" of 

the DC offset. 

● y(t) is the filtered AC output, representing only the dynamic pulsatile changes. 

● alpha is the filter response constant or decay factor. 

By defining \alpha as a value very close to 1 (e.g., 0.95), the filter adapts to baseline wander 

slowly, effectively stripping away the massive DC baseline—which frequently exceeds 

50,000 arbitrary ADC units—and perfectly centering the highly valuable pulsatile AC 

waveform around a zero-axis. 

5.3.2 Stage 2: Moving Average and Low-Pass Filtering 

Following the removal of the DC offset, the centered AC signal often still contains 

high-frequency noise spikes induced by electromagnetic interference, power-line flicker, or 

micro-tremors in the patient's skeletal muscles. 

To mitigate this, a software-based Moving Average (MA) filter is applied to smooth the 

morphological waveform. A sliding window of N samples (typically parameterized where 

N=5 to 10) is continuously averaged: 

While the moving average filter is highly effective at suppressing high-frequency jitter and 

random noise artifacts, it inherently introduces a slight phase delay that scales proportionally 

with the window size. For more robust and targeted noise cancellation, particularly in 

hardware-constrained environments, engineers often implement a discrete Butterworth low-

pass filter. The cutoff frequency is carefully tuned mathematically (e.g., set between 2.5 Hz 

and 3.0 Hz, which optimally corresponds to a maximum physiologically plausible heart rate 

of 150 to 180 BPM). This rigorous frequency-domain targeting ensures the preservation of 
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the fundamental cardiac frequency while aggressively attenuating out-of-band harmonic 

noise. 

5.3.3 Stage 3: Peak Detection and Heart Rate Calculation 

With the signal mathematically smoothed and zero-centered, a sophisticated, dynamic 

threshold- based peak detection algorithm scans the resulting AC waveform. When the 

algorithm identifies a local maximum that definitively exceeds a dynamically updating noise 

threshold, it formally registers a valid cardiac "beat". 

  

The instantaneous heart rate (BPM) is calculated by measuring the precise time interval 

(\Delta t, quantified in milliseconds) between the current detected peak and the immediately 

preceding peak: 

To prevent anomalous, single-beat spikes from skewing the data, the software typically 

passes the instantaneous BPM through an additional secondary moving average filter before 

presenting the final integer value to the user or telemetry network. 

6. SPO2 CALIBRATION AND BEER-LAMBERT DERIVATIONS 

While calculating the heart rate is a factor of time-domain analysis, determining the blood 

oxygen saturation requires analyzing the amplitude ratios of the filtered signals, followed by 

rigorous empirical calibration. 

Concurrently with the peak detection process, the signal processing pipeline captures the 

absolute maximum and minimum amplitudes of the AC signal for both the Red and Infrared 

channels during the span of a single cardiac pulse. These amplitudes are utilized to calculate 

the instantaneous R ratio. 

Because the strict theoretical derivations of the Beer-Lambert Law do not perfectly account 

for the highly complex, multi-directional scattering of photons within living biological 

tissues, every pulse oximeter design must rely on an empirically derived calibration curve. 

A common, first-order linear approximation utilized in simplified Arduino algorithms to 

convert the R ratio into a percentage is: 

While computationally trivial, this linear approximation (where the constant 115 is 

sometimes adjusted down to 110 depending on the specific LED batch) is only reasonably 

accurate for healthy individuals exhibiting saturations above 90%. For clinical-grade 

accuracy across a wider physiological range, a second-order polynomial equation derived 

from extensive clinical regression analysis against a standard "gold reference" (such as 

invasive arterial blood gas tests) is strictly preferred: 

To determine the precise coefficients (a, b, and c), a baseline calibration experiment must be 

conducted. Data is collected from a diverse cohort of volunteers across a safely controlled 

range of artificially induced hypoxic states. The calculated R values generated by the 

MAX30100 are plotted against the true SpO2 readings. A polynomial regression is then 

computationally applied to the dataset to extract the exact coefficients specific to the unique 

hardware iteration and LED spectral emissions. It is widely established in medical literature 

that pulse oximeter readings relying on these algorithms below a 70% SpO2 threshold lose 
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quantitative reliability, though values this low constitute severe medical emergencies 

regardless of the exact margin of error. 

7. INTERNET OF THINGS (IOT) INTEGRATION VIA MQTT TELEMETRY 

In the modern paradigm of digital healthcare and telemedicine, localized processing 

represents only half of the system architecture; physiological data must be transmitted 

securely, rapidly, and reliably to remote healthcare providers for continuous monitoring. 

While the Arduino Uno lacks native wireless radio capabilities, pairing it with an ESP8266 or 

ESP32 module instantly transforms the standalone sensor into a potent IoT edge device. 

7.1 The ESP8266 Wi-Fi Telemetry Bridge 

The system architecture utilizes the ESP8266 NodeMCU as a dedicated, high-speed 

communication coprocessor. After the Arduino Uno completes the intensive DSP pipeline 

and calculates the final BPM and SpO2 integers, it packages this data into a highly structured, 

lightweight payload string (typically utilizing JavaScript Object Notation, or JSON format). 

This packet is transmitted to the ESP8266 over a standard hardware UART serial connection. 

By offloading the complex, memory-intensive TCP/IP networking stack to the ESP8266, the 

architecture frees the Arduino's highly constrained 2 KB SRAM and processing cycles, 

allowing it to dedicate its full computational bandwidth to continuous sensor polling and 

mathematically demanding filtering algorithms. 

7.2 The MQTT Telemetry Protocol Architecture 

To ensure low-latency data propagation and minimal power consumption, the system 

deliberately eschews heavy, overhead-intensive protocols like standard HTTP REST APIs. 

Instead, it leverages the Message Queuing Telemetry Transport (MQTT) protocol. MQTT is 

a lightweight, strictly publish-subscribe network protocol that has become the de facto 

standard for constrained IoT devices operating over high-latency or unstable wireless 

networks. 

The operational telemetry flow utilizing MQTT is executed as follows: 

1. Broker Connection: The ESP8266 securely authenticates and connects via Wi-Fi to a 

centralized MQTT Broker (such as an open-source Mosquitto instance, Adafruit IO, or 

enterprise-grade AWS IoT Core). 

2. Payload Publishing: Upon receiving a newly processed data packet from the Arduino, the 

ESP8266 publishes the specific payload values to deeply structured, hierarchical topics, 

ensuring data organization. Examples of topic paths include: 

○ hospital/ward_3/patient_01/vitals/heart_rate 

○ hospital/ward_3/patient_01/vitals/spo2 

○ hospital/ward_3/patient_01/system/sensor_status 

3. Client Subscription: A cloud-based clinical dashboard, a physician's mobile application, or 

a localized OLED display subscribes to these specific topics. The instant a new vital sign 

reading is published by the ESP8266, the central broker asynchronously pushes the data with 

near-zero latency to all actively subscribing clients. 

This decoupled, asynchronous architecture allows for near-instantaneous global updates with 

a fraction of the data overhead required by traditional web requests. Furthermore, 
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programmable Quality of Service (QoS) levels within the MQTT protocol ensure that critical 

medical data packets are guaranteed to be delivered, automatically queuing and re-

transmitting data if the patient's local network connection momentarily drops. 

8. ADVANCED NOVEL RESEARCH AND EDGE ARTIFICIAL INTELLIGENCE 

(TINYML) 

While algorithmic, threshold-based peak detection is largely sufficient for general fitness 

tracking and resting heart rate measurement, traditional algorithms struggle immensely with 

significant motion artifacts, poor peripheral capillary perfusion, and complex cardiac 

anomalies. A major, disruptive frontier in current wearable biomedical research is the 

deployment of Artificial Intelligence and Machine Learning directly onto ultra-constrained 

edge devices—a revolutionary paradigm known as TinyML. 

8.1 Deploying Neural Networks on Constrained Microcontrollers 

Attempting to run modern Artificial Intelligence on an 8-bit ATmega328P possessing a mere 

2 KB of SRAM poses seemingly insurmountable computational challenges. Historically, 

developers circumvented this by streaming raw sensor data to cloud-based AI models. 

However, cloud reliance introduces dangerous latency in emergency medical situations, 

raises severe patient privacy and HIPAA compliance concerns, and rapidly depletes device 

batteries due to continuous Wi-Fi transmission. 

TinyML elegantly addresses these limitations by shifting the machine learning inference 

directly to the embedded edge. Complex models are initially trained on massive desktop GPU 

clusters using advanced frameworks like TensorFlow. Before deployment to the 

microcontroller, these models undergo extreme compression. Key mathematical optimization 

techniques include: 

● Post-Training Quantization: This process converts the computationally heavy 32-bit 

floating-point weights and activation parameters of the neural network into highly efficient 8-

bit integers. This drastically shrinks the total model footprint in the Flash memory and allows 

for dramatically faster execution on the integer-only Arithmetic Logic Unit (ALU) of the 

standard AVR microcontroller. 

● Synaptic Pruning: This technique involves systematically identifying and mathematically 

removing the neural connections (weights) that contribute minimally to the model's overall 

predictive accuracy, further reducing dynamic memory requirements and accelerating 

inference times. 

By employing these aggressive optimization strategies, researchers have successfully 

deployed functional 1D Convolutional Neural Networks (CNNs) and Support Vector 

Machines (SVMs) directly onto ATmega-class microcontrollers, achieving total model sizes 

under 60 KB and executing complex physiological inferences in less than 100 milliseconds. 

8.2 Real-Time Arrhythmia and Anomaly Detection 

Traditional optical algorithms easily misclassify serious cardiac events, such as Premature 

Ventricular Contractions (PVCs) or episodes of Atrial Fibrillation (AFib), as mere signal 

noise, or falsely report them as impossible spikes in heart rate. TinyML models completely 
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bypass basic peak counting; instead, they analyze the complex morphological shape of the 

entire PPG waveform in the time domain. 

By training these compressed neural networks on extensive, labeled datasets of abnormal 

heartbeat morphologies, the microcontroller can autonomously recognize the specific, minute 

signal distortions indicative of myocardial infarction or arrhythmias. This profound capability 

allows the wearable device to evolve from a passive, rudimentary data logger into an active, 

intelligent diagnostic tool capable of triggering immediate, localized, life-saving alarms if a 

severe cardiac event is detected, entirely independent of cloud connectivity. 

8.3 Mitigating Demographic Bias via Generative Artificial Intelligence 

A pervasive and highly controversial challenge in optical pulse oximetry is demographic and 

phenotypic bias. Standard algorithms and commercial sensors inherently perform with less 

accuracy on individuals possessing higher melanin concentrations (darker skin tones on the 

Fitzpatrick scale). Melanin acts as a powerful optical absorber across the visible and near-

infrared spectrum, effectively absorbing the light wavelengths used by the MAX30100 and 

severely reducing the overall signal-to-noise ratio before the light reaches the photodetector. 

Cutting-edge research is currently addressing this disparity through the application of 

generative AI. Recent collaborative research initiatives (such as those involving Samsung 

Semiconductor and Synthefy) have utilized advanced diffusion-based generative machine 

learning models to synthesize highly realistic, artificial PPG signals. These synthetic signals 

are specifically conditioned on varied physiological metadata, including targeted skin tones, 

extreme high-motion activities, and varied resting heart rates. 

By deliberately training the edge-based TinyML models on this highly diverse, synthetic 

dataset, the resulting algorithms become significantly more robust and equitable across all 

demographics. Crucially, this advanced software-side optimization allows legacy optical 

hardware, like the MAX30100, to yield highly accurate results without necessitating 

expensive physical hardware redesigns or multi-wavelength optical upgrades. 

8.4 Non-Invasive Glucose and Cholesterol Estimation 

Further pushing the boundaries of what is possible with the MAX30100, emerging 

biomedical research explores the estimation of blood glucose and cholesterol levels without 

requiring invasive needle pricks. Studies have demonstrated that by feeding the precise SpO2 

and high- resolution BPM data outputted by the MAX30100 into advanced polynomial 

regression models or trained neural networks, it is possible to forecast blood glucose levels. 

While the optical scattering of glucose molecules in the blood slightly alters the overall 

refractive index of the tissue plasma, extracting this signal from standard PPG requires 

immense precision. The pre-trained regression models run on the Arduino compare the fresh 

sample inputs against predetermined datasets. While currently exhibiting margins of error 

(typically 

3-5%) that preclude them from replacing dedicated clinical glucometers, these non-invasive 

prototypes represent a massive leap forward in continuous metabolic monitoring for diabetic 

patients utilizing off-the-shelf optical components. 

9. SYSTEM APPLICATIONS AND DEPLOYMENT 
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The culmination of the hardware design, digital signal processing, and IoT telemetry results 

in a highly versatile monitoring system with broad applicability across multiple domains. 

9.1 Remote Clinical Telemetry and Elderly Care 

The primary application of this system is continuous remote patient monitoring, particularly 

for the elderly or those suffering from chronic cardiopulmonary conditions like Chronic 

Obstructive Pulmonary Disease (COPD) or asthma. By continuously publishing vitals to an 

MQTT dashboard, caregivers and medical professionals can track a patient's baseline health 

remotely. The integration of anomaly detection algorithms ensures that if a patient's SpO2 

drops below a critical threshold (e.g., 90%), or an arrhythmia is detected, immediate 

automated alerts are dispatched, significantly reducing emergency response times. 

9.2 Sleep Apnea Diagnostics 

Polysomnography (PSG)—the traditional method for diagnosing sleep apnea—is notoriously 

expensive, requires an overnight stay in a clinical laboratory, and suffers from long waiting 

lists. The IoT heart rate monitor presents a low-cost, at-home alternative. By continuously 

logging the SpO2 and heart rate overnight, the system can identify the specific, periodic 

desaturations in blood oxygen that are the hallmark physiological indicators of Obstructive 

Sleep Apnea (OSA). 

9.3 Sports Science and High-Intensity Interval Tracking 

Beyond pathological monitoring, the system is highly applicable in sports science. By 

dynamically tracking heart rate recovery and SpO2 levels during cardiovascular exercise, the 

system can classify exercises, ensure the user remains in specific aerobic or anaerobic target 

heart rate zones, and structure optimal work-to-rest interval routines. The deployment of 

TinyML motion-classification algorithms utilizing supplementary IMU data can further 

refine the tracking by identifying the exact type of physical exercise being performed. 

10. LIMITATIONS AND ENGINEERING CHALLENGES 

Despite the robust integration of advanced IIR filtering, MQTT telemetry, and edge-based 

artificial intelligence, the system inherently faces several fundamental physiological and 

engineering limitations that dictate its operational boundaries. 

1. Susceptibility to Motion Artifacts: Photoplethysmography is notoriously sensitive to 

physical movement. Ambulatory motion, such as walking or typing, disrupts the delicate 

optical coupling between the LED emitter, the skin surface, and the photodetector. This 

physical displacement introduces massive, erratic, non-physiological spikes into the AC 

signal that can easily overwhelm simple moving average or Butterworth filtering algorithms. 

While machine learning mitigates this significantly, extreme motion remains the primary 

barrier to continuous, 24/7 accuracy. 

2. Peripheral Perfusion Degradation: The MAX30100 relies entirely on reading the pulsatile 

blood volume in the peripheral capillary beds (fingertips or wrists). In physiological 

conditions characterized by severe peripheral vasoconstriction—such as hypothermia, clinical 

shock, or severe hypotension—the body restricts blood flow to the extremities to preserve 

core organ function. In these states, the optical signal simply becomes too weak for accurate 

mathematical extraction, regardless of the sophistication of the DSP algorithm. 
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3. Hardware Bottlenecks: While the 8-bit ATmega328P is a highly capable and accessible 

microcontroller, its rigid 2 KB SRAM ceiling severely restricts the complexity, depth, and 

precision of the TinyML neural networks that can be deployed. To execute deep, 

multi-layered physiological analysis or simultaneously process data from multiple external 

sensors (such as combining ECG and PPG data streams), migrating the system architecture to 

a more powerful 32-bit microcontroller equipped with hardware 

floating-point units—such as the ESP32 or an ARM Cortex-M4 processor—will become an 

engineering necessity. 

11. CONCLUSION 

This exhaustive research report has meticulously deconstructed the design, physics, and 

software engineering required to implement a highly robust Heart Rate and SpO2 monitoring 

system utilizing the Arduino Uno and the MAX30100 optical sensor. By successfully 

navigating and rectifying critical hardware design flaws—specifically the pervasive voltage 

logic mismatches inherent in commercial I2C pull-up circuitry—the foundation for a reliable, 

noise- resistant biomedical sensor node was definitively established. 

The sophisticated integration of discrete-time Infinite Impulse Response (IIR) filters for 

aggressive DC offset tracking, combined with finely tuned Butterworth low-pass algorithms, 

guarantees the extraction of high-fidelity, clean pulsatile waveforms from incredibly noisy 

optical environments. Furthermore, by strategically augmenting the local ATmega328P 

microcontroller with an ESP8266 networking bridge, the architecture successfully leverages 

the lightweight MQTT protocol to deliver highly efficient, low-latency telemetry to cloud-

based diagnostic dashboards, completely bypassing the bottlenecks of traditional HTTP 

communication. 

Looking toward the vanguard of biomedical engineering, the incorporation of Tiny Machine 

Learning (TinyML) paradigms directly onto an 8-bit microcontroller irrevocably proves that 

real- time, on-device diagnostic capabilities—such as the morphological detection of 

arrhythmias— are entirely feasible within exceptionally strict power and memory constraints. 

As these edge- based machine learning models are continually refined using synthetic, 

generative data to systematically overcome historic skin-tone biases, low-cost sensor nodes 

like the MAX30100 will transcend simple numerical data collection. They are actively 

evolving into highly robust, intelligent, and physiologically equitable healthcare telemetry 

systems, fully capable of democratizing continuous cardiovascular monitoring and 

preventative medicine on a global scale. 
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