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Spurious SpO₂ readings—arising from motion artifacts, environmental 
interference, or device variability—remain a major limitation in wearable pulse 
oximetry, potentially triggering false alarms or missing hypoxemia during 
outpatient monitoring. Conventional devices often lack real-time mechanisms 
to detect and mitigate such errors, with previous reports indicating 
measurement biases of 11.2 - 24.5% across different models, underscoring the 
need for improved accuracy and user guidance. To address this gap, we 
present the design of an IoT-enabled wearable pulse oximeter with real-time 
user feedback, delivered through a mobile application. The system integrates 
a pulse oximetry and heart rate sensor (MAX30100) with a carbon monoxide 
gas sensor (MQ-7) and provides targeted notifications to guide corrective 
actions such as repositioning the probe, removing nail polish, or moving to 
fresh air. Validation involved controlled scenario testing (undetected SpO₂, CO 
>40 ppm, nail polish, and loose contact) and user trials with 15 healthy 
volunteers from varied academic backgrounds. The prototype demonstrated 

high accuracy, with low relative errors—0.92% (HR), 0.93% (SpO₂), and 
0.015% (CO)—and strong usability, achieving 93.3% compliance with 
corrective prompts, an average response time of 4.0±0.7 seconds, and a 
satisfaction score of 4.3/5. Compared with commercial oximeters, the 
proposed system improved reliability by reducing measurement errors by at 
least 87% through real-time corrective feedback. Future work will focus on 
energy-efficient power management and large-scale community-based trials to 
further validate performance across diverse patient populations. 

 
1. Introduction 

Continuous monitoring of heart rate (HR) and oxygen saturation (SpO2) plays a crucial role in the early detection 
of respiratory or cardiovascular deterioration, particularly in outpatient and home care settings [1][2]. For instance, SpO2 
levels below a critical threshold indicate respiratory distress or hypoxemia, which—if left undetected—may lead to 
severe complications such as respiratory failure. Pulse oximetry provides a non-invasive and continuous method for 
estimating arterial oxygen saturation, enabling healthcare providers and patients to identify hypoxemia before clinical 
symptoms become apparent [3][4].  

The relevance of pulse oximetry increased substantially during the COVID-19 pandemic, when home-based 
SpO₂ monitoring helped identify patients who required hospitalization and reduced unnecessary emergency visits by 
approximately 30–38% [5][6][7]. This approach effectively alleviated the burden on emergency departments and 
inpatient wards during the peak period of healthcare demand [8]. An SpO₂ threshold of 92% was frequently used to 
triage patients for hospital admission. Collectively, these findings highlight the increasing importance of reliable 
wearable devices for continuous oxygen monitoring, particularly in unsupervised or home settings. 

Despite its widespread adoption, the accuracy of pulse oximetry is still influenced by several confounding factors. 
Carbon monoxide (CO) exposure, variations in skin pigmentation, motion artifacts, ambient light interference [9][10], 
[11][12], and cosmetic factors such as nail polish can distort optical signals, leading to a 4–6% overestimation of oxygen 
saturation [13]–[15][16][17]. Moreover, clinical studies have shown that conventional pulse oximeters often overestimate 
oxygenation levels in individuals with darker skin tones and are unreliable at detecting hypoxemia when SpO₂ falls 
below 80% [18]. Device-to-device variability further contributes to inconsistent readings, with reported measurement 
biases of up to 24% across commercial models [19][20]. Even home-monitoring alerts are occasionally artifact-induced 
[21]. These limitations underscore the need to enhance sensor design and develop adaptive signal-processing 
algorithms to ensure accurate and consistent readings across diverse users and environmental conditions. 
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1.1 Problem Identification 
Although pulse oximetry has been widely adopted, most commercial devices still lack mechanisms to detect and 

correct spurious readings. Conventional oximeters cannot distinguish oxyhaemoglobin (O₂Hb) from 
carboxyhaemoglobin (COHb), as both absorb light at nearly identical wavelengths, potentially yielding falsely normal 
saturation values even in the presence of oxygen deficiency [22]. While newer portable oximeters have demonstrated 
improved accuracy in detecting hypoxemia, they typically do not provide real-time feedback on the quality of their 
measurements. Users are not actively alerted when inaccuracies arise due to poor perfusion, improper sensor 
placement, or external interferences such as motion and ambient light [23].  

These limitations can lead to delayed clinical responses in outpatient or self-monitoring contexts, undermine user 
confidence, and generate false alarms that strain telehealth systems [24][25][2]. Consequently, a critical research gap 
remains in developing intelligent pulse oximetry systems capable of real-time anomaly detection and providing 
actionable feedback to ensure accurate and reliable SpO₂ measurements across diverse conditions [26]–[29]. 

 
1.2 Research Gap and Motivation 

Existing research on pulse oximetry has focused on hardware, algorithmic correction, optimization [28][30][31], 
and integrated alert systems [32][33]. Although these efforts have improved hypoxemia detection [26][34], current 
technologies still struggle to maintain accuracy in real-world conditions. Common interfering factors—such as motion 
artifacts, skin pigmentation, nail polish, and carbon monoxide (CO) exposure—remain insufficiently addressed [23]. 
Advanced oximeters, such as those from Masimo, demonstrate superior robustness (performance index ≈94%, within 
7% deviation of control values), outperforming older systems like the Criticare 5040 (28%) [35]. However, persistent 
inaccuracies below 90% SpO₂ continue to be reported across populations with varied skin tones and respiratory 
diseases [36][37][38][39]. These findings reveal a critical research gap: the absence of intelligent pulse oximetry 
systems capable of detecting anomalies in real time and providing immediate corrective feedback to users. 

This limitation is particularly consequential for patients self-monitoring at home—such as those with COPD, 
cardiovascular conditions, or post-COVID recovery—where missed hypoxemia events or falsely regular readings can 
compromise safety and clinical response. Yet, few studies have proposed interactive mechanisms involving users in 
measurement correction. 

To address these challenges, this study introduces an IoT-enabled, interactive wearable pulse oximeter that 
integrates physiological (SpO₂ and HR via MAX30100) and environmental (CO via MQ-7) sensing. The system employs 
an anomaly-detection algorithm targeting three primary error sources: (1) nail-polish interference, (2) sensor 
misplacement or poor perfusion, and (3) CO exposure above 40 ppm. Upon detection, the mobile application issues 
real-time prompts (e.g., “Please tighten the finger adaptor,” “Remove nail polish,” “Move to fresh air”) while annotating 
CO-affected readings without modifying raw data. 

The proposed design aims to reduce spurious SpO₂ errors by 90% or more, achieve 85% or higher user 
compliance with corrective actions, and enhance patient safety, healthcare efficiency, and clinical trust. Validation 
includes bench calibration, interference scenario testing, and user trials involving 15 healthy volunteers from diverse 
backgrounds. 
 
2. Research Method 

This section describes the theoretical foundations of pulse oximetry, the design of the proposed wearable system, 
and the algorithm for detecting and mitigating SpO₂ measurement errors. It also outlines validation protocols and ethical 
considerations. 

 
2.1 Basic Principles and Measurement Errors in Pulse Oximetry 

Pulse oximetry (PO) is a non-invasive medical technique that estimates blood oxygen saturation (SpO2) by 
analyzing light absorption at red (660 nm) and infrared (940 nm) wavelengths (see Figure 2a). This technique relies on 
photoplethysmography (PPG), which detects volumetric changes in microvascular tissue or the skin [40]. The PO device 
operates in two primary measurement modes (Figure 1): transmissive and reflective. The reflective mode (e.g., forehead 
or chest) is prone to errors due to variations in tissue density and was therefore excluded from this study [41]. The 
system used in this study operates in transmissive mode, where light passes through translucent tissues (e.g., the 
fingertip). To detect SpO₂ levels, this model is superior in penetrating tissue through translucent or thin body parts such 
as the earlobe or fingertip [42]. It also offers higher accuracy due to consistent tissue thickness and minimal external 
interference [30][43]. 

The Beer-Lambert law governs light absorption (𝐴), as shown in Equation 1, which models the absorbance in 

blood vessel. The parameter 𝑐 represents Hb concentration, 𝜖 denotes the absorption coefficient of haemoglobin at a 
specific wavelength, and 𝑙 is the path length of the emitted light within a blood vessel. Blood volume fluctuations alter 

light absorption, reflection, and scattering, forming the PPG signal for SpO₂ estimation [44]. The modulation ratio 𝑅 in 
Equation 2 and Equation 3 calculates SpO₂ by comparing pulsatile (AC) and non-pulsatile (DC) components of the 
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absorbed light (see Figure 2b). These absorption variations are crucial to the accuracy of SpO₂ measurements. 
𝐴𝑟𝑒𝑑,𝐴𝐶  and 𝐴𝐼𝑅,𝐴𝐶 are the alternating current or pulsatile (AC) components of light absorption in arterial blood. 𝐴𝑟𝑒𝑑,𝐷𝐶  and 

𝐴𝐼𝑅,𝐷𝐶 are the direct current or non-pulsatile (DC) components that represent constant tissue absorption from veins, 

skin, and bone. Based on the Beer-Lambert law [4], these ratios are converted using a calibrated saturation curve 
ranging from 100% to approximately 70% (see Figure 2c).  
 

𝐴 = 𝑐 ∈ 𝑙 (1) 

  

𝑅 =
(𝐴𝑟𝑒𝑑,𝐴𝐶 𝐴𝑟𝑒𝑑,𝐷𝐶⁄ )

(𝐴𝐼𝑅,𝐴𝐶 𝐴𝐼𝑅,𝐷𝐶⁄ )
 (2) 

  
𝐴𝑟𝑒𝑑,𝐴𝐶 𝐴𝑟𝑒𝑑,𝐷𝐶⁄

𝐴𝐼𝑅,𝐴𝐶 𝐴𝐼𝑅,𝐷𝐶⁄
= 𝑅 |𝑅 {

ℎ𝑖𝑔ℎ𝑒𝑟 𝑅, 𝑖𝑓 𝐴𝑟𝑒𝑑,𝐴𝐶 > 𝐴𝐼𝑅,𝐴𝐶

𝑙𝑜𝑤𝑒𝑟 𝑅, 𝑖𝑓 𝐴𝐼𝑅,𝐴𝐶 > 𝐴𝑟𝑒𝑑,𝐴𝐶
 (3) 

 

Despite its clinical utility, pulse oximetry is prone to measurement errors that can yield false-positive or false-negative 
SpO₂ readings, potentially compromising clinical decisions and patient care. These errors arise from multiple sources, 
as summarized in Table 1. 
1. Signal acquisition errors, which may be caused by low perfusion, venous pulsation, poor probe positioning or contact. 
2. Optical interference errors, originating from skin pigmentation, nail polish, and ambient light. 
3. Blood composition-related errors, such as the presence of Carboxyhaemoglobin (COHb) due to Carbon Monoxide 

(CO) poisoning. 
4. Motion artifacts, commonly occuring during patient tremors, movements, or exercise. 
5. Algorithmic and device calibration errors, such as limited low-SpO₂ data (<80%) in empirical curves. 
6. Different pulse oximeter brands or models exhibiting measurement bias, with false-positive and false-negative rates 

ranging from 11.2% to 24.5%. 
 

  
Figure 1. Transmissive and Reflective Modes of the PPG Measurement Method 

 

 

 
Figure 2. (a) The Optical Absorbance in Medium to the Wavelength of Red and IR LEDs [32], [25]; (b) The Fluctuation 
in Absorbed Red and IR light in Systole and Diastole of the Cardiac Cycle; (c) The Formed Signal Components of AC 

and DC Compartments; (d) The Determined Oxygen Saturation from Modulation Ratio of Red:IR Absorbance 
Amplitudes 
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Table 1. Classification of Unreliable SpO₂ Readings Due to the Root Cause [11] 

No Error Type Possibly Causes 

1 Incapable reading or No signal Poor blood perfusion or poor probe positioning 
2 Falsely high/elevated SpO2 Carbon monoxide exposure 
3 Falsely low SpO2 Venous pulsation, excessive movement, or the presence of fingernail 

polish 
4 Falsely low or high SpO2 Poor probe positioning 

 
Table 2. Carbon Monoxide (CO) Risk Stratification 

Range 
(ppm) 

Exposure 
classification 

[45][46] 

Clinical impact 
[47][48] 

Pathophysiological 
Mechanism 

PO device Protocol 

0 - 5 Normal 
(ambient) 

No adverse effects - The system flags real-time data on 
the website with the label 'CO' when 
both of the following conditions are 
satisfied:  
1) CO level exceeds 4 ppm in 

scheduled measurements 
conducted every 30 minutes; and  

2) SpO₂ readings appear falsely 
normal or elevated while the 
concurrent CO measurement also 
exceeds 4 ppm. See Table 3 and 
Figure 3 for the complete 
protocol. 

6 – 9 Low risk/low 
exposure 

Increased 
cardiovascular risk 
over 8+ hours  

Competitive binding 
to hemoglobin 
(COHb formation) 

10 – 24 Hazardous 
exposure  

Headache, nausea 
within 2–6 hours 

Tissue hypoxia due 
to 10–20% COHb 
saturation 

25 – 49 Acute 
Toxicity 

Dizziness, cognitive 
impairment (COHb 
20–40%) 

Impaired oxygen 
delivery to brain 

50 Fatal Unconsciousness, 
death (COHb >50%) 

Mitochondrial 
cytochrome inhibition 

 
As described in error source number 3 in Table 1, carboxyhaemoglobin (COHb) is a compound formed when 

carbon monoxide (CO) binds irreversibly to haemoglobin, displacing oxygen (O₂) from its binding site. CO has a much 
higher affinity for haemoglobin than oxygen, which significantly impairs the oxygen-carrying capacity of the blood. 
Standard pulse oximeters cannot differentiate between oxyhaemoglobin (O₂Hb) and carboxyhaemoglobin (COHb), as 
both absorb red and infrared light at similar wavelengths. Consequently, pulse oximeters may display falsely elevated 
or normal SpO₂ readings, even in cases of oxygen deficiency. For instance, at a COHb level of 10%, an oximeter may 

report an SpO₂ value of 98% despite the actual oxygen saturation being closer to 88%. When COHb levels exceed 
20%, clinical symptoms of hypoxia—such as headache and dizziness—can emerge without any corresponding 
decrease in the displayed SpO₂ value, presenting a serious diagnostic challenge.  

To mitigate this issue, the system proposed in this study incorporates a CO sensor (MQ-7) to monitor ambient 
CO concentrations. When CO levels exceed 6 ppm and SpO₂ readings are above 98%, the system flags the condition 
as a “CO” risk (see Table 2), indicating a potential overestimation of oxygen saturation due to COHb presence. This 
feature serves as an early warning mechanism, prompting clinicians or users to consider the possibility of CO exposure 
even when SpO₂ values appear within a normal range. To further address these challenges, this study implements real-
time error detection (e.g., motion artifact), user guidance protocols (e.g., probe repositioning prompts for poor signal 
quality), and sensor placement validation to minimize inaccuracies [43][44]. 

 
2.2 Proposed System Design 

The wearable pulse oximeter system proposed in this study is described in a structured manner by presenting 
the system architecture and operational workflow. The system architecture presents the integration of hardware and 
software layers, while the operational workflow describes the processes involved in data acquisition, signal processing, 
error handling, and data display and storage. As overview, the prototype was developed and validated through three 
stages: (i) bench calibration of MAX30100 (HR, SpO₂) and MQ-7 (CO) against commercial references; (ii) scenario 
simulations under controlled interference conditions (probe misplacement/loose contact, nail polish, and CO exposure); 
and (iii) user trials (n=15) evaluating compliance, response time, and usability. HR and SpO₂ are computed from two 
consecutive 30-s windows within each 1-min epoch, while MQ-7 warms up for 60 s on activation. Under routine 

operation, CO is sampled every 30 min; this interval is overridden for immediate sampling when SpO₂ anomalies are 
detected. Data are displayed on the OLED and streamed to the mobile application and Firebase dashboard for real-
time feedback and storage. 
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2.2.1 System Architecture 
The proposed wearable pulse oximeter system integrates hardware and software layers to enhance SpO₂ 

measurement reliability through real-time anomaly detection, adaptive user feedback, and cloud-based data 
synchronisation. The general system architecture, shown in Figure 3, is designed to mitigate errors arising from possible 
causes such as motion artifacts, sensor misplacement, and carbon monoxide exposure. The wearable PO device, 
integrated with a CO sensor, transmits oxygen saturation (SpO2), heart rate, and carbon monoxide data to the OLED 
display. Subsequently, the data was sent to a mobile application using a Bluetooth Low-Energy (BLE) connection. Once 
stored in the local repository of the mobile application, the data are sent to the dashboard web via Firebase with Wi-Fi 
connectivity. The mobile application incorporates a data-handling algorithm to enhance measurement reliability. 

The wearable PO device hardware or electronic system is presented in Figure 4. It comprises a PPG sensor, a 
CO sensor, a microcontroller, a display, and a battery. The integrated heart rate and SpO2 module, featuring the 
MAX30100 sensor’s 16-bit ADC and 100Hz sampling, operates on a 3.3V supply. This sensor consists of a red LED 
with a typical peak wavelength of 660 nm, an infrared LED with a typical peak wavelength of 880 nm, a photodetector, 
optimized optics with ambient light cancellation (ALC), a 16-bits sigma-delta ADC, and a proprietary discrete-time filter 
(DTF) to reject 50/60 Hz interference from cables or other systems, as well as low-frequency residual ambient noise. 
The MQ-7 CO sensor detects and measures carbon monoxide exposure, with a sensitivity range of gas concentrations 
from 4 ppm to 100 ppm. The CO sensor utilizes a 5V PWM heater to preheat the MOS sensing element for 60 seconds 
before taking a measurement, a standard operating procedure that ensures accuracy and reliability. An ESP32 
microcontroller (dual-core at 240 MHz, 12-bit ADC) processes and displays the sensor signals on a 0.96-inch OLED 
with an SSD1306, I2C interface. This OLED has 128x64 pixels and operates at 3.3V. The system is powered by a Li-
ion battery supported by a 134N3P power bank module. Li-ion batteries can store high energy per unit volume, with a 
total capacity of 2200mAh, a voltage of 3.7V, and a TPS61200 boost converter (5V output). 

 
2.2.2 Operational Workflow 

This subsection discusses the software implementation of the operational workflow, which includes data 
acquisition, signal processing, error handling, and data display/storage. Figure 5 illustrates the proposed system’s data 
flow architecture, while Figure 6 presents the operational workflow of the wearable pulse oximeter, including real-time 
user feedback for mitigating spurious SpO₂ readings. 

First, Data Acquisition: The MAX30100 sensor captures PPG signals by sampling at a rate of at least 25Hz to 
determine HR and SpO2, using two consecutive 30-second averaging windows within a one-minute interval. This 
approach is consistent with the definition of heart rate in beats per minute and ensure an adequate temporal window 
for accurate estimation. The 30-second averaging window also aligns with current smartwatch practices, helping to 
reduce transient noise and stabilize measurement. The MQ-7 sensor requires a 60-second warm-up period upon 
system activation. Under regular operation, it measures CO levels at standard periodic intervals of 30 minutes, which 
balances power efficiency with the relatively slow variation of ambient CO concentration. However, this interval is 
overridden when asynchronous validation is triggered by abnormal SpO₂ (e.g., Case 2 or Case 3, see below), ensuring 
real-time CO hazard detection during critical events. All acquired data from both sensors are transmitted to the ESP32 
microcontroller. Estimates are updated every 30 s and published to the mobile application and web dashboard every 
60 s to balance responsiveness and bandwidth usage. 

 

 
Figure 3. The General System of the Proposed System is Shown in (a) The Diagram Block and (b) The Illustration of 

the Principal Work 
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Figure 4. The General System of the Proposed System is Shown in (a) The Diagram Block and (B) The Illustration of 

the Principle 
 

 
Figure 5. The General System of the Proposed System is Shown in (a) The Diagram Block and (b) The Illustration of 

the Principle 
 

Table 3. Heart Rate (HR) Interpretation [15], [49] 

Range 
(bpm) 

Clinical category 

Visual display on mobile app Visual example on mobile app 

Display 
text 

Color scheme 
Data 

Example 
Realtime Record 

<30 Severe Bradycardia ‘critical’ white text on red HR: 25 bpm   

30-50 Mild Bradycardia ‘low’ grey text on yellow HR: 48 bpm   

50-100 Normal (Resting) ‘normal’ white text on green HR: 90 bpm   
100-
120 

Mild Tachycardia ‘warning’ 
white text on 
orange 

HR: 115 bpm   

>120 Severe Tachycardia ‘warning’ white text on red HR: 140 bpm   

† AHA (2021) Guidelines for Heart Rate Interpretation 
 

Table 4. Oxygen Saturation (SpO₂) Interpretation 

Range 
(%) 

Clinical category 

Visual display on mobile 
application 

Visual example on mobile app 

Display text  Realtime 
Data 

Example 
Realtime Record 

<85 Critical hypoxemia 
‘warning’ white text on red 

SpO2: 81%   

85-89 Moderate hypoxemia SpO2: 86%   

90-94 Mild hypoxemia 
‘low’ grey text on 

yellow 
SpO2: 92%   

95-100 Normoxia 
‘normal’ white text on 

green 
SpO2: 98%   

NO gas
detector

CO gas

Rear view
Front 

view
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Figure 6. The General System of the Proposed System is Shown in (a) The Diagram Block and (b) The Illustration of 

the Principle 
 

Second, Signal Processing: The acquired PPG signal, sampled at 25 Hz, is used to calculate HR and SpO2. 
Heart rate, expressed in beats per minute (bpm), is derived from the heartbeat period using Error! Reference source 
not found., which converts the interval into beats per millisecond, then scales it to beats per second and finally to beats 
per minute. SpO₂ is determined based on the ratio of red to infrared LED light intensities, as expressed in Error! 
Reference source not found.4. 
 

𝐻𝑅 (𝑏𝑝𝑚) =
1

𝑏𝑒𝑎𝑡𝑝𝑒𝑟𝑖𝑜𝑑
× 1000 × 60 (4) 

 
As part of the signal processing stage, the measured heart rate (HR) and oxygen saturation (SpO₂) values are 

classified based on established thresholds and displayed accordingly. Table 3 provides the classification criteria for HR, 
while Table 4 presents the interpretation of SpO₂ levels. Colour-coded indicators are applied to each category to 
enhance clarity during real-time monitoring, enabling users to identify and differentiate the conditions quickly. 

Third, Error Handling: According to the flowchart in Figure 6, the SpO₂ value calculated by the microcontroller is 
continuously evaluated to determine whether it corresponds to any of the cases defined in Table 4. These cases exhibit 
specific patterns or anomalies that indicate signal distortion, carbon monoxide exposure, or other potential 
measurement errors. Once a case is identified, the mobile application cross-references the detected event with the user 
(see  
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Table 5) to determine the appropriate response. For the CO override rule, as defined in Table 2 and Table 5, if 
SpO₂ ≥95% and changes by ±3–5% within 30 s, or if SpO₂ is persistently undetected for ≥ 30 s, the controller triggers 

immediate CO sampling. When CO exceeds 6 ppm and SpO₂ remains ≥95%, the reading is flagged as “CO risk” and 

annotated in the dashboard; otherwise, the validated SpO₂ is published as usual. This rule ensures real-time detection 
of potential CO-related overestimation without altering raw SpO₂ values. 

 
Table 5. Some Checks of the Utilization of Developed Devices are Needed to Avoid Spurious SpO2 Readings based 

on SpO2 Changes or Acquisitions 

No 
Case Type or 

Criteria  
Following supervising 
act in microcontroller 

 Error Handling on Mobile App Data display and storage 

Display Text: 
Guide for user 

User Response Mobile App Website Data 

1 Incapable 
reading/ No 
signal 
 
SpO₂ = 
NULL for 30s 
 
Possibly 
caused by 
improper 
probe 
position 

- It sends a warning text 
to mobile app. 

- Once SpO₂ is 
detected and the 
value does not 
indicate an error 
condition, the 
measured SpO₂ is 
sent to the mobile app 
and website via 
Firebase. 

Alert 
“SpO2 

undetected. 
Please restart 
your device or 
put the device 
sensor on the 
other fingers” 

User follows 
the instructions 
manually. 

Display and 
store data 
with color 
labels 
according to 
level 
category. 

Stores and 
displays data 
in graphical 
form against 
time. 

2 Falsely 
normal to 
elevated 
High 
 
Normal SpO2 
(>= 95%) 
AND 
suddenly 
elevated (± 
3-5%) 
 
Suspected of 
carbon 
monoxide 
poisoning/ 
exposure 

- It directly measures 
CO level  

- If CO > 6 ppm, a 
warning is sent to the 
mobile app; otherwise, 
the validated SpO₂ 
value is sent to both 
the app and the 
website via Firebase. 

Alert 
‘Excessive CO 

detected” 

If this alert is 
displayed, the 
user should 
take 
immediate 
action by 
ventilating the 
room, 
evacuating the 
area, or 
seeking help if 
symptoms 
such as 
dizziness 
occur. 

Display and 
store data 
with color 
labels 
according to 
level 
category. 

The received 
data is 
saved. On 
the data 
graph, the 
‘CO’ label 
and a dotted 
line are 
added to the 
received 
SpO2 value. 

3 Falsely low 
or high SpO2 
 
<< 90% 
(awfully low) 
or suddenly 
high > 98% 
 
suspected of 
poor/loose 
probe 
positioning 

- It sends a warning text 
to mobile. 

- It retries the 
measurement if the 
user selects ‘YES’. 

Alert 
“Please tighten 

the finger 
adaptor or fix 
the position. 
Has it been 

done?” 
 

Please select 
one option 

below: 
[YES] [NO] 

Users select 
the answer 
according to 
the conditions 
asked.  
If the user 
answers 
’YES’, it 
means the 
user has fixed 
the position of 
the sensor 
probe. 

[For answer 
‘NO’]: 
Display and 
store the 
data 
categorized 
as low (red 
color) 

[For answer 
‘NO’]: The 
received data 
is saved. On 
the data 
graph, the 
‘Loose’ label 
is added to 
the received 
SpO2 value. 

- It resends the warning 
message to the mobile 
app if the user selects 
‘NO’ or remains idle 
for 90 seconds. 

Alert 
"Do you have 
any nail polish 

on your 
fingers?" 

If the answer 
is ‘YES’, the 
user will be 
suggested to 
remove it, and 

[For answer 
‘NO’]: 
Display and 
store data 
with color 

[For answer 
‘NO’]: The 
received data 
is saved. On 
the data 
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- If users answer ‘NO’ 
or idle 90s, then it 
sends the data to both 
the app and the 
website. 

 
Please select 

one option 
below: 

[YES] [NO] 

return to using 
the PO device. 

labels 
according to 
level 
category. 

graph, the 
‘Polish’ label 
is added to 
the received 
SpO2 value. 

4 Mild hypoxia 
 
< 94% Low 
SpO2 
 
suspected 
presence of 
fingernail 
polish  

- It sends a warning text 
to mobile app. 

- When the user 
responds with ‘NO’, it 
transmits the data to 
both the app and the 
website; otherwise, 
the data is not sent. 

Alert 
“Please tighten 

the finger 
adaptor or fix 
the position. 
Has it been 

done?” 
 

Please select 
one option 

below: 
[YES] [NO]  

Users select 
the answer 
according to 
the conditions 
asked.  
If the user 
answers ’NO’, 
it means the 
user has fixed 
the position of 
the sensor 
probe. 

[For answer 
‘NO’]: 
Display and 
store data 
with color 
labels 
according to 
level 
category. 

[For answer 
‘NO’]: The 
received data 
is saved. On 
the data 
graph, the 
‘Loose’ label 
is added to 
the received 
SpO2 value. 
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Figure 7. The UML Activity Diagram of the Error-handling Algorithm 
 

 
Figure 8. Workflow of the Mobile Application for the Proposed Pulse Oximetry Monitoring System. (a) General 

Flowchart of App Development, Including Initialization, UI Design, Firebase Integration, and Deployment. (b) Detailed 
Testing Procedure Illustrating Data Retrieval, Error Handling, and User Interaction Flow 

 
Once discrepancies or abnormal patterns are confirmed, the system initiates corrective actions such as issuing 

real-time warnings, providing actionable recommendations, or prompting the user for confirmation. This mechanism 
constitutes part of the system’s error-handling strategy, designed to minimise inaccuracies in SpO₂ readings (refer to  

 
Table 5 and Figure 7), which may arise from various error sources outlined in Table 1. This error-handling step 

is essential to ensure that only valid and reliable SpO₂ readings are processed in subsequent stages. 
Fourth, Data Storage and Display: After completing signal validation and correction procedures, the system 

proceeds to the data storage and display stage. Raw data from the initial HR and SpO2 measurements are displayed 
directly on the OLED screen. Validated physiological parameters—including heart rate (HR), SpO₂, and carbon 
monoxide (CO) levels—are presented in real-time via the mobile application and web interface. The data are visualized 
with standardized labels and color-coded indicators based on predefined classification thresholds (see Table 3 and 
Table 4). This design ensures an intuitive interpretation of physiological status. Simultaneously, the data are stored in 
a cloud layer that utilizes Firebase Realtime Database for authenticated storage and streaming. The web dashboard 
renders HR, SpO₂, and CO values with labelled flags (e.g., “CO”, “Loose”, and “Polish”) and provides role-based access. 
The use of this dashboard is to support historical tracking and classification.  

Figure 8 and Figure 9 illustrate the stages in designing the mobile application. Diagrams in Figure 8 show how 
the app ensures real-time synchronisation of SpO₂ and HR data, providing corrective prompts to the user when 
abnormal conditions are detected.  Figure 8 also presents the step-by-step development workflow of the mobile 
application for the proposed pulse oximetry monitoring system. The process begins with project initialization and mobile 
app environment setup. Key steps include designing the user interface (UI) components (e.g., login menu, home page, 
and record page) and implementing navigation features for seamless user interaction. Firebase is integrated for data 
storage, ensuring real-time synchronisation of heart rate and SpO2 data. After initializing the API and Firebase 
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credentials, data retrieval and display mechanisms are implemented, allowing the application to handle user input and 
interactions effectively. 

 
Figure 9. (a) Flowchart of Website with Firebase in General, with (b) The Details of Testing the Web Page 

 
The deployment phase follows, during which the application is tested to ensure successful deployment. It is 

reported that in the event of an error, prompting further debugging before retesting. Figure 8 details the operational 
workflow of the mobile application during usage. Upon launching the application, the user is prompted to log in by 
entering their account credentials. Users can register and save their account data in the Firebase database if the 
account does not exist. Once logged in, the application retrieves heart rate and SpO2 data from the database. If no data 
are available, the system prompts the user to perform new measurements. The retrieved data are displayed in real-time 
and categorized into three classifications—LOW, MEDIUM, or HIGH—based on predefined threshold parameters for 
heart rate and SpO2 levels. The system continuously updates the display with the latest data, ensuring accurate 
monitoring. 
 
2.2.3 Firebase and Web-Based Dashboard Setup 

Data are defined as the values of attribute associated with an entity, while a database is a collection of such 
entities. A database is an information system designed to store, process, and manage data for various applications. 
Once the wearable pulse oximeter was worn and the mobile application was accessed, the next step involved 
configuring Firebase, a web-based platform provided by Google that is accessible for free. The Firebase setup included 
creating a database using the Create Database function and utilizing the Realtime Database feature to store and 
manage data efficiently. 

The web-based dashboard for this project was developed using HTML, CSS, and JavaScript. Hypertext Markup 
Language (HTML) was employed to structure and display the website content in a browser. Cascading Style Sheets 
(CSS) define the website's visual appearance, enhancing its design and ensuring an attractive layout. CSS was chosen 
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for its simplicity and robust control over HTML document styling. JavaScript enables client-side interactions and 
supports dynamic user engagement through the web interface [50]. 

The dashboard served as a data visualization tool capable of presenting extensive information across multiple 
pages or a single screen. Although web-based, the dashboard was designed as a private user interface, restricting 
access to ensure security. The website content, written in HTML format, was accessed via the HTTP protocol using a 
designated URL, commonly referred to as the homepage. The dashboard was developed using Visual Studio Code, 
utilizing five files: one .html file, one .css file, one .js file, and two .jpg image files. All files were interconnected, with 
dashboard.html serving as the central file that linked the others to render a cohesive webpage, as depicted in Figure 9. 
Once the dashboard design was finalized, the output was displayed using the Open with Live Server feature in Visual 
Studio Code. This feature allows the HTML file to be opened as a fully functional website in the default browser 
application. 
 

2.3 Ethical and Data Considerations 
As a preliminary prototype validation (non-clinical testing), this study adhered to the following protocols: 

1. Participant Involvement: 
- Healthy volunteers (n=15) tested the device under supervision. 
- No medical diagnosis or decision-making was involved. 

2. Data Collection: 
- Only anonymized SpO₂ and HR values were stored locally on the device. 
- Firebase temporarily stored test data (deleted after analysis) with email-based access controls. 

3. Consent Process 
- Verbal and formal informed consent was obtained, emphasizing the non-medical nature of the trial. 
- Participants could withdraw anytime without penalty. 

Formal ethical review was exempted in accordance with the ethics committee guidelines for low-risk engineering 
prototypes. 
 
3. Results and Discussion 

The results section presents the developed PO device and the sensor validation, including the proposed error-
handling algorithm, as well as the mobile application and web-based interface. 
 
3.1 Developed Wearable Device 

The wearable pulse oximetry device was designed to focus on ergonomic usability and precise sensor alignment 
to ensure accurate signal acquisition.  

Figure 10 highlights the improved finger holder, incorporating a tension-adjustable strap to optimize sensor-skin 
contact pressure. While the design demonstrates reliable performance in controlled settings, further studies are needed 
to evaluate its robustness under high-motion conditions (e.g., walking or manual labour). The adjustable silicone strap 
also ensures secure contact between the optical sensors (LED and photodetector) and the fingertip, accommodating 
finger circumferences ranging from 20 to 35 mm. This design minimizes motion artifacts while maintaining user comfort 
during prolonged use. 
 
3.2 Calibration and Sensor Validation 

This subsection outlines three procedures for calibrating each sensor variable: heart rate in beats per minute 
(bpm), SpO2 in percentage (%), and carbon monoxide (CO) in parts per million (ppm). All sensor calibrations were 
conducted by comparing the measured sensor with each variable meter of a manufactured device. Repeated and 
corrected measurements were performed to validate the MAX30100 sensor by comparing the values of HR and SpO2 
with those from a manufactured pulse oximeter fingertip sensor (model C101A2). The corrected values of HR and SpO2 
were refined using linear Equation 5 and Equation 6, respectively, as shown in Figure 11.  
 

𝐻𝑅 = (0.974 × 𝐻𝑅𝑚) + 5.9194 (5) 
  

𝑆𝑝𝑂2 = (0.1829 × 𝑆𝑝𝑂2𝑚
) + 80.451 (6) 

 
Where 𝐻𝑅 is the heart rate measured by the reference device, and 𝐻𝑅𝑚 is the heart rate measured by the sensor, SpO2 
is the oxygen saturation level measured by the reference device, and 𝑆𝑝𝑂2𝑚 is the oxygen saturation level measured 
by the sensor. These two equations are then used to correct the sensor measurements to obtain the final or corrected 

value. Figure 11 illustrates the calibration and validation results for HR and SpO₂ before and after correction. The 
regression plots demonstrate a strong linear relationship between the MAX30100 output and the reference readings, 
with a significant improvement in proportionality after calibration. The coefficient of determination (R²) increased from 
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0.93 to 0.997 for HR and from 0.95 to 0.999 for SpO₂, confirming that the proposed correction effectively reduces 
measurement deviation and nonlinearity. 

Complementing these visual findings, Table 6 presents a quantitative summary of the calibration performance. 
After applying the correction model, the mean absolute error (MAE) decreased from 11.22 bpm to 0.73 bpm (a 93% 
reduction) for HR and from 0.73% to 0.06% (a 92% reduction) for SpO₂. The root-mean-square error (RMSE) also 
decreased by 76% and 72%, respectively. These results demonstrate that the proposed regression-based 
compensation significantly enhances measurement accuracy while maintaining low computational cost, which is 
essential for real-time processing in wearable systems. 
 

 
Figure 10. (a). Top-view with MAX30100 Finger Holder, (b) Side-view with MAX30100 Finger Holder. (c). Enhanced 

Finger Holder Design featuring an Adjustable Strap for Accurate SpO2 Readings 
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Figure 11. Calibration Results of the MAX30100 Sensor Before and After Correction: (a, b) Heart-rate Regression and 
Comparison Plots, (c, d) SpO₂ Regression and Comparison Plots, Demonstrating Strong Linearity and Proportionality 

Improvement After Correction 
When compared with existing calibration approaches, the proposed method outperforms adaptive filtering (1.03% 

error) [31], Chebyshev-based filtering (1.45% error) [28], and uncalibrated photoplethysmography (PPG) systems, 
which typically report errors of 2–3% [25], [51]. This level of accuracy confirms the effectiveness of the combined 
hardware–software correction strategy and establishes a reliable foundation for the subsequent feedback and user-
interaction experiments described in Section 3.3. 
 

 
Figure 12. Illustration of Calibrating Carbon Monoxide (MQ-7 sensor) Compared to an Automotive Emission Analyzer 

(SUKYOUNG SY-GA 40) 
 

Table 6. Quantitative Summary of Calibration Results Presenting the Mean Absolute Error (MAE), Root-Mean-Square 
Error (RMSE), and the Corresponding Percentage of Error Reduction After Applying the Correction Model  

Parameter 
Heart Rate, HR (bpm) Oxygen Level, SpO2 (%) 

MAE RMSE MAE RMSE 

Before Correction 11.22 3.34 0.73 0.84 
After Correction 0.73 0.82 0.06 0.24 
Error Reduction 10.49 2.52 0.67 0.60 

 

Table 7. Comparison of Carbon Monoxide Measurement Results Between the MQ-7 CO Sensor and the Emission 
Analyzer 

No 
MQ-7 sensor Corrected MQ-7 sensor Emission Analyzer 

CO (ppm) CO (%) CO (%) CO (%) 

1 165.80 0.16580 0.16677 0.17 

2 158.83 0.15883 0.16000 0.16 

3 158.83 0.15883 0.16000 0.16 

4 164.02 0.16402 0.16505 0.17 

5 158.83 0.15883 0,16000 0.16 

. 

. 
. 
. 

. 

. 
. 
. 

. 

. 

21 193.78 0.19378 0.19396 0.19 

22 187.27 0.18727 0.18763 0.19 

23 187.27 0.18727 0.18763 0.19 

24 177.07 0.17707 0.17772 0.18 

25 173.20 0.17320 0.17396 0.18 

. 

. 
. 
. 

. 

. 
. 
. 

. 

. 

38 149.10 0.14910 0.15055 0.15 

39 150.66 0.15066 0.15207 0.15 

40 152.25 0.15225 0.15361 0.15 

Display of CO sensor measurement

Display of emission analyzer

Measurement of CO sensor calibration
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The MQ-7 sensor was used to check for the presence of carbon monoxide (CO) gas. When the SpO2 sensor 
reported an abnormally low values, the CO sensor was also evaluated to verify the accuracy of its reading performance. 
The MQ-7 measurements were validated by comparing it to an automotive emission analyzer (Sukyoung, SY-GA 401). 
The procedure is described in Figure 12, where the MQ-7 sensor and the hose tip of the gas analyzer are attached to 
the motorcycle exhaust. The CO sensor and gas analyzer measured the smoke from motorcycle exhaust in ppm units 
and CO concentration (%). The unit conversion from 𝑝𝑝𝑚 to % is given in Equation 7.  
 

1 𝑝𝑝𝑚 = (1 10000⁄ )% (7) 
 

Table 7 shows the results of calibration and correction. The relative errors of the CO sensor before and after 
correction range from 0.305% to 3.837% and from 0.002% to 3.449%, respectively. These errors are significantly 
decreasing because the average error before and after corrections is 1.531% and 0.015%, respectively. The difference 
in CO measurement obtained using the MQ-7 sensor and emission analyzer is very small, ranging from 2 to 5 ppm. 

The results of this study demonstrate higher accuracy compared with previous works using the same MQ-7 
sensor. For example, an air quality detector reported differences of 1-27 ppm [51], a developed gas detector exhibited 
errors of approximately 0.6-6.7% [52], an early warning system reported an error of 1.115% [53], and other studies 
reported concentration identification errors as high as 11.043% [54]. The low error rate achieved in this study can be 
attributed significantly to the role of validation testing, which involved comparative analysis using a sophisticated 
commercial-grade instrument under field conditions. This approach ensured that the data accuracy and reliability 
against standardized reference device, minimizing discrepancies and enhancing the overall performance of the 
proposed system. 

 
3.3 Demonstration of Utilizing a Wearable PO Device 

This subsection elucidates the utilization of the developed PO device in conjunction with the mobile application 
and webpage. The device is designed for accurate monitoring by positioning the user's index finger on the MAX30100 
sensor adapter, a compact and reliable optical sensor commonly used for measuring heart rate and oxygen saturation 
(SpO2). After placing the finger on the sensor (see  

Figure 10), the user secures it with an adjustable fabric strap to ensure stability and prevent displacement. Proper 
finger placement is crucial for accurate readings, and the fabric should be snug but not overly tight, thereby preventing 
discomfort and restricted blood flow. This design minimizes errors from misalignment or movement, improving the 
measurement accuracy. 

 
3.3.1 Mobile application 

Sign-in and log-in pages were implemented to secure the users’ oxygen saturation and heart rate data. The 
developed pulse oximeter mobile application consists of three pages: 1) the log-in page, 2) the home page, and 3) the 
record page, as shown in Figure 13. Every user of the PO device is required to create an account to access the recorded 
measurement data using their user ID by clicking “Register an account.” The home page monitors oxygen saturation 
and heart rate data, guiding users in preventing reading errors. Meanwhile, the record page stores the recorded data. 
This system also implements guide checks when the application reads low oxygen saturation. If an error occurs while 
reading, the data are not stored locally. The stored data in local storage are transmitted to the database Firebase and 
deleted from the local repository. 
 
3.3.2 Demonstration of Real-Time User Feedback for Mitigating Spurious SpO2 Readings 

This subsection demonstrates the algorithm’s data handling strategy to prevent SpO2 reading errors by providing 
real-time interactive feedback to the users while using the device. As shown in Table 1, the developed device was 
tested under several conditions, including carbon monoxide (CO) exposure, the presence of nail polish, and scenarios 
with a variety of SpO2 levels, to evaluate the device's features and performance. The procedure is illustrated using a 
Unified Modelling Language (UML) activity flow diagram in Figure 7. Four changes in SpO2 values are monitored or 
marked when the patient or user wears the developed device on a finger. These changes are described as follows. 

 
Case-1: When SpO2 is undetected, the device displays the instruction “SpO2 undetected. Please restart your device 
or put the device sensor on the other fingers”. The user must then turn off the power button and turn it back on or 
replace the current finger with another one (see Figure 14). 
 
Case-2: If SpO2 suddenly increases to 95% or higher than the previous SpO2 value for 30 seconds and fluctuates 
within the range of ±3-5%, the CO sensor measures ambient air conditions. If CO > 45 ppm, an alert is displayed: 
“Detected CO > 40 ppm” (see Figure 14). 
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Case-3: If SpO2 suddenly changes to a value between 90% and 94% for 30 seconds: 

(i) If the user answers “Yes,” the system displays the warning: “Please tighten the finger adaptor or fix the 
position. Has it been done?” (see Figure 14).  

(ii) If the user answers “No,” the system asks: “Do you have any polish on the nail?” (see Figure 14).   
▪ If the user answers “Yes”, the system displays: “It is better to remove the nail polish” (see Figure 

14). This system suggests this to the user.  
▪ For user interactions that require a “Yes” or “No” response, if no response is received within 90 

seconds, the system automatically assumes “Yes,” and the recording is marked in red as a 
warning. A red warning for the reading (illustrated next in Figure 15) indicates that this value may 
be incorrect due to negligence or misuse. 

▪  

 
Figure 13. User Interface of the Developed Mobile Application: Login Page for Secure User Access and Account 
Creation. The Home Page Displays Real-time SpO₂ and HR Data with Colored Indicators, and the Record Page 

Displays Stored Measurements Linked to the Firebase Database. The Red Indicator Highlights Possible Erroneous 
Readings (e.g., Due to Poor Contact or Misuse) to Help Users and Clinicians Identify Data Quality Issues 

 

 
Figure 14. Illustration of Interactive Prompts for Mitigating Possible Spurious SpO₂ Readings: (a) Undetected SpO₂ 
Reading, (b) Falsely normal/elevated SpO₂ caused by CO Exposure, (c) Falsely Low SpO₂ Due to Loose Sensor or 
Excessive Movement, (d) and (e) Falsely Abnormal Readings Due to Nail Polish. Each Prompt Guides the User with 

yes/no Questions or Direct Corrective Instructions (e.g., “Please Tighten the Finger Adaptor”) to Ensure Reliable 
Measurements 

 
Hence, the result of this study provide improved prompt mechanisms for detecting potential errors in SpO2 

readings compared with a previous study that evaluated various skin tones. Despite implementing corrective measures, 
the earlier study reported that over 90% of readings lacked sufficient accuracy [40]. The study also highlighted that skin 

Red warning (as an
indicator for low
SpO2 or an
indication that this
value may be
incorrect due to
negligence or
misuse.
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tone, IMU sensors, and user-level calibration impact measurement accuracy and should be carefully considered in the 
future by designing wrist-worn SpO2 sensors and associated measurement algorithms.  Despite the increasing trend of 
utilizing sensors integrated into Android and iOS smartphones [55][56] to facilitate device accessibility,handheld phones 
present challenges for continuous monitoring. In contrast, wearable devices such as bracelets or smartwatches 
[6][41][57] offer a viable alternative for measuring vital signs, and smartwatches can serve as interim devices for 
continuous vital sign assessment. 
3.3.3 Recorded Data in Web Dashboard 

This web application was developed as a user interface to provide real-time recording data, displaying heart rate 
and SpO2 (see Figure 15. Data are transmitted to the web page via Firebase storage, which is intended to record HR 
and SpO2 reading data, along with data handling markers when SpO2 readings are suspected to be inaccurate. In 
addition to reducing false SpO2 readings, the recorded data can serve as user medical records that can be further 
analyzed by doctors later, if necessary. The red line in Figure 15 indicates the possibility of false SpO2 readings with 
"CO" markers. Another condition occurs when the SpO2 reading is suspected to be inaccurate due to loose probe 
placement, indicated by a "Loose" marker. Furthermore, the platform can support future research by incorporating 
questions about patient awareness of factors such as heart disease and obesity. These questions can be asked at the 
beginning of the user login process. 

In summary, compared with prior wearable pulse oximetry systems that primarily rely on post-processing for 
motion artifact suppression or hardware-only noise mitigation [28][31][35][51], the proposed user-interactive workflow—
combining real-time acquisition prompts (Section 3.3.2) with traceable event flags on the dashboard (“CO”, “Loose”, 
“Polish”, Figure 15—provides an end-to-end mechanism to detect, attribute, and mitigate spurious readings as they 
occur. This integrated approach enables faster recovery from erroneous measurement states and improves user 
adherence (as detailed in Section 3.4), while preserving auditability for clinical review—capabilities that are typically 
absent in passive oximetry systems. 

 

 
Figure 15. Web Dashboard Showing Real-Time SpO₂ (top) and HR (bottom) Data Integrated from Firebase. Labelled 
Markers Indicate Suspected Errors: “CO” for Carbon Monoxide, “Nail polish” for Cosmetic Interference, and “Loose” 

Nail polishCO Loose?
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for Poor Contact. The Interface Helps Users and Healthcare Providers Track History, Spot Anomalies, and Further 
Review Flagged Events 

 

 

 

3.4 User Trial Test Experience 
The wearable pulse oximeter (PO) system was evaluated to ensure accurate device responses under various 

real-world conditions that commonly interfere with SpO₂ measurement. A total of 15 first-year undergraduate students 
participated in the user trial. All participants received a detailed explanation of the study objectives and device operation, 
followed by a brief orientation session that demonstrated proper finger placement and provided examples of potential 
notifications from the mobile application. Each participant signed an informed consent form before the trial, 
acknowledging their voluntary participation and the right to withdraw at any time. 

The participants represented a balanced distribution of backgrounds, with one-third from the Faculty of 
Economics and Business, one-third from the Faculty of Creative Industries, and the remainder from the Faculty of 
Engineering. This distribution ensured that the usability of the device and the app notifications could be assessed not 
only among technically oriented participants but also those from non-engineering backgrounds. To accommodate this 
diversity, the app notifications were designed with intuitive elements, including short text instructions (e.g., “Please 
tighten the finger adaptor”), yes/no prompts (e.g., “Do you have nail polish on your finger?”), and color-coded alerts to 
facilitate quick understanding. 

Each participant performed 50 test runs, consisting of five iterations for each of the four test cases (see Table 5), 
resulting in a total of 20 feedback-related tests per participant. Descriptions and participant responses are summarised 
in below and illustrated in Figure 16. The average number of successful reactions per case, as reported by all 
participants, ranged between 4.3 and 5.0. User perceptions and responses were further evaluated, as outlined in below. 
During the trials, participants from all backgrounds demonstrated high compliance with corrective prompts (93.3%), with 
an average response time between 4 and 5 seconds and a satisfaction rating above 4 on a 5-point scale. Only the nail 
polish warning exhibited a relatively slower response (5.2 ± 0.7 seconds) and lower compliance (87%), suggesting that 
additional user guidance may be necessary in a specific scenario. 

In Case 1 of below, a simulation of SpO₂ signal loss lasting ≥30 seconds demonstrated that the device 

successfully issued an “SpO₂ undetected” alert and prompted the user to replace the finger or restart the device. The 
signal-recovery success rate reached 98%, validated across five different finger positions. Case 2 evaluated the 
detection of carbon monoxide (CO) interference. Under conditions where the SpO₂ reading was ≥ 95% with a 3–5% 
deviation for 30 seconds, the device accurately detected CO concentrations > 40 ppm and displayed a red alert via the 
mobile application. Participants followed the prompt to move to fresh air, achieving a 100% successful detection rate 
and demonstrating robustness against environmental interference. In Case 3a, interference due to poor sensor contact 
was simulated using motion artifacts and intentionally loose or stretched sensor tape. The device issued a yellow alert, 
instructing users to tighten the sensor, resulting in a correction success rate of 92%. Case 3b examined optical 
interference caused by nail polish. When SpO₂ readings were between 90% and 94% without motion artifacts, the 
system prompted users to confirm the presence of nail polish and advised removal if applicable. After user confirmation, 
the results showed an 87% reduction in reading errors, validated across five different nail-polish colours. Compared 
with conventional pulse oximeters (PO) operating without guided feedback, the developed PO system reduced 
measurement errors by at least 87% and achieved an average user compliance rate of 93% when corrective prompts 
were issued. 

 
Table 8. User Trials Evaluation for Wearable PO Device (n=15) 

Test case Device Response 
User Action 

Required 

Average ± 
uncertainty of 

successful 
response 

Success 
Criteria 

Remarks 

Case 1: 
Undetected 

SpO₂ 

"SpO₂ undetected. 
Please restart device 
or change fingers" 

1. Power cycle 
device 

2. Switch finger 

4.7±0.5 
Signal 
recovery 
within 60s 

Validated with 5 finger 
positions 

Case 2: CO 
Interference 

"Detected CO >40 
ppm" 

Move to fresh 
air area 

5.0±0.0 
CO < 40 ppm 
within 5 mins 

Tested with controlled 
CO exposure near 
motorcycle exhaust 

Case 3a: Poor 
Contact 

"Tighten finger 
adaptor" 
(Yellow warning) 

Adjust fabric 
(probe) 
tightness 

4.7±0.6 
Stable 
reading 
within 30s 

Validated with 
loose/stretched fabric 
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Case 3b: Nail 
Polish 

"Do you have nail 
polish?" → "Remove 
polish" if yes 

Remove polish 
or confirm 

4.3±0.6 
Reading 
stability 
improvement 

Tested with 5 polish 
colors (red, deep red, 
blue, magenta, purple) 

 

 
Figure 16. User Compliance Across User Responses on Feedback Scenarios 

 
Table 9. User Feedback Evaluation (n=15) 

Prompt Type User Action Required 
Average ± 

uncertainty of 
Response Time (s) 

Success 
Rate 

User 
Satisfaction 

(scale of 1-5) 

Undetected SpO₂ Restart/change finger position 4.6±0.5 93% 4.53 

CO warning Move to fresh air 4.2±0.4 100% 4.73 

Poor contact warning Reposition sensor 4.0±0.7 93% 4.66 

Nail polish alert Remove polish or confirm 5.2±0.7 87% 4.13 

 

User perception and response were surveyed for all participants, as summarized in above. Each command type 
was evaluated based on action success rate, response time (mean and uncertainty response time), and user 
satisfaction (scale 1–5 or Very Satisfied–Satisfied –Fair–Dissatisfied–Very Dissatisfied). Uncertainty response time was 
calculated using the standard deviation. The “SpO₂ undetected” command achieved a 93% success rate, with a 
response time of 4.6±0.5 seconds and a satisfaction rating of 4.53. The CO alert received the highest satisfaction rating 
(4.73), with a response time of 4.2±0.4 seconds and 100% success rate. The nail polish alert exhibited the slowest 
response time (5.2±0.7 seconds), with an 87% success rate and the lowest satisfaction rating (4.13), indicating a 
potential need for additional user education. The poor-contact alert achieved 93% compliance, with a rapid response 
time of 4.0±0.7 seconds and a satisfaction rating of 4.66. These results demonstrate that the developed wearable PO 
device can accurately detect and respond to disturbances, thereby maintaining user comfort and trust in the interaction. 

Beyond technical improvements, these findings have important practical implications. Real-time feedback 
enables patients to self-correct during home or outpatient monitoring, thereby reducing their reliance on continuous 
supervision by healthcare professionals. This capability may help lower the workload of medical staff in long-term 
monitoring programs, particularly for chronic conditions such as COPD or cardiovascular diseases, where continuous 
SpO₂ assessment is critical. Furthermore, integrating such systems into telehealth platforms could improve early 
anomaly detection, enhance patient safety, and promote more efficient utilisation of healthcare resources. Future 
development will focus on optimizing device energy efficiency and conducting larger-scale trials to validate performance 
across broader populations and real-world environments. 

While the current validation was limited to 15 first-year university students from diverse faculties, further 
evaluation with larger populations is required. Future work will therefore prioritize testing the system in community-
based settings that involve diverse age groups and health backgrounds. Such trials will enable assessment of usability, 
compliance, and accuracy under real-world conditions, where users may have varying levels of technical familiarity and 
different health risk profiles. Expanding to larger community cohorts will provide more substantial evidence for clinical 
adoption and integration into public health monitoring programs. 

Another significant limitation of the current prototype is its energy efficiency. The device achieves an average of 
4–5 hours using a 9V battery, which may limit its long-term use in outpatient settings. Future development will therefore 
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focus on optimized LED activation, implementation of ESP32 deep-sleep modes, and higher-capacity lithium-ion or 
rechargeable batteries with boost converters. 
 
 
4. Conclusion 

This study successfully designed and developed a wearable pulse oximeter with an interactive system capable 
of detecting and correcting inaccurate SpO₂ readings in real-time. Experimental validation demonstrated that the device 
accurately monitored vital signs and provided immediate user feedback to prevent errors in reading. Integrating 
intelligent algorithms with a responsive user interface improved the reliability and usability of the device in ambulatory 
settings. The main contributions of this work include: (1) real-time mitigation of oximetry errors, enhancing data integrity 
compared to passive monitoring systems; (2) a user-centric design approach that promotes active engagement in health 
monitoring and supports informed clinical decision-making; and (3) potential benefits for clinical and home healthcare, 
particularly in reducing false alarms and improving care delivery in low-resource settings. Future work will focus on 
refining the algorithm and validating the system through large-scale clinical trials involving diverse populations. 
Advancements in sensor technology are also needed to further minimize the impact of external factors on measurement 
accuracy. 

Additionally, the current device provides an average operating time of 4–5 hours using a 9V battery. Future 
improvements in power management will be required to extend its applicability for continuous outpatient monitoring. 
Future trials should expand to involve larger community cohorts. This step is essential for evaluating usability and 
compliance across a more representative population and ensuring the system’s readiness for real-world outpatient and 
community healthcare applications. Overall, this study advances wearable health monitoring technologies and offers 
promising implications for improving patient care in both clinical and remote environments. 
 
Acknowledgement 

We extend our deepest gratitude to the Directorate of Research and Community Service at Telkom University for 
providing the internal funding and resources that enabled us to conduct this study. We would like to acknowledge the 
assistance and guidance provided by a technician from BRIN Bandung in measuring the carbon monoxide level. Last, 
we express our heartfelt gratitude to all participants who generously contributed their time to the experiment.  
 
References  
[1] Torres-Robles, A., Allison, K., Poon, S. K., Shaw, M., Hutchings, O., Britton, W. J., Wilson, A., & Baysari, M. (2023). Patient and Clinician 

Perceptions of the Pulse Oximeter in a Remote Monitoring Setting for COVID-19: Qualitative Study. Journal of medical Internet research, 25, 
e44540. https://doi.org/10.2196/44540. 

[2] Liu, Y., Arnaert, A., da Costa, D., Sumbly, P., Debe, Z., & Charbonneau, S. (2023). Experiences of Patients With Chronic Obstructive Pulmonary 
Disease Using the Apple Watch Series 6 Versus the Traditional Finger Pulse Oximeter for Home SpO2 Self-Monitoring: Qualitative Study Part 
2. JMIR aging, 6, e41539. https://doi.org/10.2196/41539. 

[3] Shah, S., Majmudar, K., Stein, A., Gupta, N., Suppes, S., Karamanis, M., Capannari, J., Sethi, S., & Patte, C. (2020). Novel Use of Home Pulse 
Oximetry Monitoring in COVID-19 Patients Discharged From the Emergency Department Identifies Need for Hospitalization. Academic 
emergency medicine : official journal of the Society for Academic Emergency Medicine, 27(8), 681–692. https://doi.org/10.1111/acem.14053. 

[4] Patterson, S., Sandercock, N., & Verhovsek, M. (2022). Understanding pulse oximetry in hematology patients: Hemoglobinopathies, racial 
differences, and beyond. American journal of hematology, 97(12), 1659–1663. https://doi.org/10.1002/ajh.26721. 

[5] Stell, D., Noble, J. J., Kay, R. H., Kwong, M. T., Jeffryes, M. J. R., Johnston, L., Glover, G., & Akinluyi, E. (2022). Exploring the impact of pulse 
oximeter selection within the COVID-19 home-use pulse oximetry pathways. BMJ open respiratory research, 9(1), e001159. 
https://doi.org/10.1136/bmjresp-2021-001159. 

[6] Khushhal, A. A., Mohamed, A. A., & Elsayed, M. E. (2024). Accuracy of Apple Watch to Measure Cardiovascular Indices in Patients with 
Chronic Diseases: A Cross Sectional Study. Journal of multidisciplinary healthcare, 17, 1053–1063. https://doi.org/10.2147/JMDH.S449071. 

[7] McCauley, K. E., Schroeder, A. A., DeBoth, T. K., Wiebe, A. M., Bosley, C. L., Ballweg, D. D., & Fang, J. L. (2021). Reducing Alarm Burden in 
a Level IV Neonatal Intensive Care Unit. Pediatric quality & safety, 6(2), e386. https://doi.org/10.1097/pq9.0000000000000386. 

[8] Crooks, C. J., West, J., Morling, J. R., Simmonds, M., Juurlink, I., Briggs, S., Cruickshank, S., Hammond-Pears, S., Shaw, D., Card, T. R., & 
Fogarty, A. W. (2022). Pulse oximeter measurement error of oxygen saturation in patients with SARS-CoV-2 infection stratified by smoking 
status. The European respiratory journal, 60(5), 2201190. https://doi.org/10.1183/13993003.01190-2022. 

[9] Dewi Lia Listyawati, Rachmaniyah, Marlik, Khambali, & Edza Aria Wikurendra. (2024). The Effect Of Carbon Monoxide Gas Exposure Levels 
On Oxygen Saturation In Parking Attendants . Window of Health : Jurnal Kesehatan, 7(3), 320-328. https://doi.org/10.33096/woh.v7i2.1281. 

[10] Aggarwal, A. N., Agarwal, R., Dhooria, S., Prasad, K. T., Sehgal, I. S., & Muthu, V. (2023). Impact of Fingernail Polish on Pulse Oximetry 
Measurements: A Systematic Review. Respiratory care, 68(9), 1271–1280. https://doi.org/10.4187/respcare.10399. 

[11] Fawzy, A., Ali, H., Dziedzic, P. H., Potu, N., Calvillo, E., Golden, S. H., Iwashyna, T. J., Suarez, J. I., Hager, D. N., & Garibaldi, B. T. (2023). 
Skin Pigmentation and Pulse Oximeter Accuracy in the Intensive Care Unit: a Pilot Prospective Study. medRxiv : the preprint server for health 
sciences, 2023.11.16.23298645. https://doi.org/10.1101/2023.11.16.23298645. 

[12] Smith, R. N., & Hofmeyr, R. (2019). Perioperative comparison of the agreement between a portable fingertip pulse oximeter v. a conventional 
bedside pulse oximeter in adult patients (COMFORT trial). South African medical journal = Suid-Afrikaanse tydskrif vir geneeskunde, 109(3), 
154–158. https://doi.org/10.7196/SAMJ.2019.v109i3.13633. 

[13] Gudelunas, M. K., Lipnick, M., Hendrickson, C., Vanderburg, S., Okunlola, B., Auchus, I., Feiner, J. R., & Bickler, P. E. (2024). Low Perfusion 
and Missed Diagnosis of Hypoxemia by Pulse Oximetry in Darkly Pigmented Skin: A Prospective Study. Anesthesia and analgesia, 138(3), 
552–561. https://doi.org/10.1213/ANE.0000000000006755. 

[14] Naseer, U., Siddiqi, F. A., Rehman, A., Shaheen, S., Gul, H., & Aziz, M. S. (2022). Impact of Nail Polish Colour on the Accuracy of Pulse 

https://creativecommons.org/licenses/by-nc-sa/4.0/
https://doi.org/10.2196/44540
https://doi.org/10.2196/41539
https://doi.org/10.1111/acem.14053
https://doi.org/10.1002/ajh.26721
https://doi.org/10.1136/bmjresp-2021-001159
https://doi.org/10.2147/JMDH.S449071
https://doi.org/10.1097/pq9.0000000000000386
https://doi.org/10.1183/13993003.01190-2022
https://doi.org/10.33096/woh.v7i2.1281
https://doi.org/10.4187/respcare.10399
https://doi.org/10.1101/2023.11.16.23298645
https://doi.org/10.7196/SAMJ.2019.v109i3.13633
https://doi.org/10.1213/ANE.0000000000006755


Kinetik: Game Technology, Information System, Computer Network, Computing, Electronics, and Control 
 
 

Cite: H. Mukhtar, D. Rahmawati, S. Setiyadi, Istiqomah, and R. A. Madani, “Design of Real-Time User Feedback for Mitigate Spurious SpO₂ 
Readings in Pulse Oximetry for Outpatient Monitoring”, KINETIK, vol. 11, no. 1, Feb. 2026. https://doi.org/10.22219/kinetik.v11i1.2371 
 
 

  

  
    

39 

Oximeter Reading in Healthy Individuals. Pakistan Armed Forces Medical Journal, 72(5), 1843-46. https://doi.org/10.51253/pafmj.v72i5.8861. 
[15] Yek, J. L. J., Abdullah, H. R., Goh, J. P. S., & Chan, Y. W. (2019). The effects of gel-based manicure on pulse oximetry. Singapore medical 

journal, 60(8), 432–435. https://doi.org/10.11622/smedj.2019031. 
[16] Cabanas, A. M., Fuentes-Guajardo, M., Latorre, K., León, D., & Martín-Escudero, P. (2022). Skin Pigmentation Influence on Pulse Oximetry 

Accuracy: A Systematic Review and Bibliometric Analysis. Sensors (Basel, Switzerland), 22(9), 3402. https://doi.org/10.3390/s22093402. 
[17] Yikar, S.K., Arslan, S. and Nazik, E. (2019). The Effect of Nail Polish on Pulseoximeter’s Measurements in Healthy Individuals. Int. J. Caring 

Sci., 12(2), 1144–1147. https://www.internationaljournalofcaringsciences.org/docs/62. 
[18] Gottlieb, E. R., Ziegler, J., Morley, K., Rush, B., & Celi, L. A. (2022). Assessment of Racial and Ethnic Differences in Oxygen Supplementation 

Among Patients in the Intensive Care Unit. JAMA internal medicine, 182(8), 849–858. https://doi.org/10.1001/jamainternmed.2022.2587. 
[19] Turanli, M., Ilhan, I. & Yavsan, E. Development of wearable device and synchronized Mobile application to monitor vital signs in real time. 

Multimed Tools Appl 84, 36435–36451 (2025). https://doi.org/10.1007/s11042-024-19600-2. 
[20] Chan, E. D., Chan, M. M., & Chan, M. M. (2013). Pulse oximetry: understanding its basic principles facilitates appreciation of its limitations. 

Respiratory medicine, 107(6), 789–799. https://doi.org/10.1016/j.rmed.2013.02.004.  
[21] Nguyen, H., Jang, S., Ivanov, R., Bonafide, C. P., Weimer, J., & Lee, I. (2018). Reducing Pulse Oximetry False Alarms Without Missing Life-

Threatening Events. Smart health (Amsterdam, Netherlands), 9-10, 287–296. https://doi.org/10.1016/j.smhl.2018.07.002. 
[22] Webb, R. K., Ralston, A. C., & Runciman, W. B. (1991). Potential errors in pulse oximetry. II. Effects of changes in saturation and signal quality. 

Anaesthesia, 46(3), 207–212. https://doi.org/10.1111/j.1365-2044.1991.tb09411. 
[23] Poorzargar, K., Pham, C., Ariaratnam, J., Lee, K., Parotto, M., Englesakis, M., Chung, F., & Nagappa, M. (2022). Accuracy of pulse oximeters 

in measuring oxygen saturation in patients with poor peripheral perfusion: a systematic review. Journal of clinical monitoring and computing, 
36(4), 961–973. https://doi.org/10.1007/s10877-021-00797-8. 

[24] Arefin, M. S., Shmuylovich, L., & Patil, C. A. (2024). Modification of Oximeter Ratio to Reduce Pigmentation Bias in Pulse Oximetry. In G. 
Vargas, J. Hwang, & T. J. Pfefer (Eds.), Design and Quality for Biomedical Technologies XVII Article 1283303 (Progress in Biomedical Optics 
and Imaging - Proceedings of SPIE; Vol. 12833). SPIE. https://doi.org/10.1117/12.3003274.  

[25] Okunlola, O. E., Lipnick, M. S., Batchelder, P. B., Bernstein, M., Feiner, J. R., & Bickler, P. E. (2022). Pulse Oximeter Performance, Racial 
Inequity, and the Work Ahead. Respiratory care, 67(2), 252–257. https://doi.org/10.4187/respcare.09795. 

[26] Dini, M. Z., Rakhmatsyah, A., & Wardana, A. A. (2022). Detection of Oxygen Levels (SpO2) and Heart Rate Using a Pulse Oximeter for 
Classification of Hypoxemia Based on Fuzzy Logic. Jurnal Ilmiah Teknik Elektro Komputer Dan Informatika, 8(1), 17–26. 
https://doi.org/10.26555/jiteki.v8i1.22139. 

[27] Ajrina, A. (2021). Pulse Oximeter Usage in Patient Covid-19 Treatment : At A Glance. Journal of Vocational Health Studies, 5(1), 53–57. 
https://doi.org/10.20473/jvhs.V5.I1.2021.53-57. 

[28] Tham, O. Y., Markom, M. A., Bakar, A. H. A., Tan, E. S. M. M. and Markom, A. M. IoT Health Monitoring Device of Oxygen Saturation (SpO2) 
and Heart Rate Level. (2020). 1st International Conference on Information Technology, Advanced Mechanical and Electrical Engineering 
(ICITAMEE), Yogyakarta, Indonesia, 2020, 128-133. https://doi.org/10.1109/ICITAMEE50454.2020.9398455.  

[29] Anggraini, N., Irianto, B.G., Wisana, I. D. G. H., Triwiyanto and Kumbhare, A. Monitoring SpO2, Heart Rate, and Body Temperature on 
Smartband with Data Sending Use IoT Displayed on Android. Jurnal Teknokes, 16(4), 200-207. https://doi.org/10.35882/teknokes.v16i4.615.  

[30] Davies, H. J., Williams, I., Peters, N. S., & Mandic, D. P. (2020). In-Ear SpO2: A Tool for Wearable, Unobtrusive Monitoring of Core Blood 
Oxygen Saturation. Sensors, 20(17), 4879. https://doi.org/10.3390/s20174879. 

[31] Magfirawaty, M., Waskita, N. I., Tandungan, H. M.,  Hafizh, R. and Suwaendi, S.J. (2024). ESP32  and MAX30100  with  Chebyshev  Filter  for 
Enhanced  Heart  and  Oxygen Measurement. J. RESTI  (Rekayasa  Sist. Teknol. Inf.), 8(5), 651 - 657. https://doi.org/10.29207/resti.v8i5.5945. 

[32] Khan, A., Rabbani, B., Jameel, A., Khan, B., Husain, T. and Ahmed, J. (2024). Comparison between Portable Pulse Oximeter and Conventional 
ICU Pulse Oximeter measurements in healthy adults: A Cross Sectional Study. Ann. ABBASI SHAHEED Hosp. KARACHI Med. Dent. Coll., 
29(1), 4-11. https://doi.org/10.58397/ashkmdc.v29i1.794.  

[33] Trie Maya Kadarina, & Priambodo, R. (2021). Performance Evaluation of IoT-based SpO2 Monitoring Systems for COVID-19 Patients. Journal 
of Electronics, Electromedical Engineering, and Medical Informatics, 3(2), 64-71. https://doi.org/10.35882/jeeemi.v3i2.1. 

[34] Jouffroy, R., Jost, D., & Prunet, B. (2020). Prehospital pulse oximetry: a red flag for early detection of silent hypoxemia in COVID-19 patients. 
Critical care (London, England), 24(1), 313. https://doi.org/10.1186/s13054-020-03036-9. 

[35]  Barker, S. J. PhD, MD. (2022). "Motion-Resistant” Pulse Oximetry: A Comparison of New and Old Models. Anesthesia & Analgesia, 95(4), 967-
972. https://doi.org/10.1213/00000539-200210000-00033. 

[36]    Barker, S. J., & Wilson, W. C. (2023). Racial effects on Masimo pulse oximetry: a laboratory study. Journal of clinical monitoring and computing, 
37(2), 567–574. https://doi.org/10.1007/s10877-022-00927-w. 

[37] Sjoding, M. W., Dickson, R. P., Iwashyna, T. J., Gay, S. E., & Valley, T. S. (2020). Racial Bias in Pulse Oximetry Measurement. The New 
England journal of medicine, 383(25), 2477–2478. https://doi.org/10.1056/NEJMc2029240. 

[38]  Lipnick, M. S., Feiner, J. R., Au, P., Bernstein, M., & Bickler, P. E. (2016). The Accuracy of 6 Inexpensive Pulse Oximeters Not Cleared by the 
Food and Drug Administration: The Possible Global Public Health Implications. Anesthesia and analgesia, 123(2), 338–345. 
https://doi.org/10.1213/ANE.0000000000001300. 

[39]  Fawzy, A., Wu, T. D., Wang, K., Robinson, M. L., Farha, J., Bradke, A., Golden, S. H., Xu, Y., & Garibaldi, B. T. (2022). Racial and Ethnic 
Discrepancy in Pulse Oximetry and Delayed Identification of Treatment Eligibility Among Patients With COVID-19. JAMA internal medicine, 
182(7), 730–738. https://doi.org/10.1001/jamainternmed.2022.1906. 

[40]  Phillips, C., Liaqat, D., Gabel, M. and de Lara, E. (2021). WristO2: Reliable Peripheral Oxygen Saturation Readings from Wrist-Worn Pulse 
Oximeters. 2021 IEEE International Conference on Pervasive Computing and Communications Workshops and other Affiliated Events (PerCom 
Workshops), Kassel, Germany, 623-629. https://doi.org/10.1109/PerComWorkshops51409.2021.9430986. 

[41] Ionescu, M. (2019). Glucometry and pulse oximetry-comparative noninvasive methods for determining blood glucose. 2019 7th E-Health 
Bioeng. Conf. EHB 2019, 5(1), 1–11. https://doi.org/10.54647/isss12058. 

[42] A Mohammadieh, A. M., Sutherland, K., Chan, A. S. L., & Cistulli, P. A. (2022). Mandibular Advancement Splint Therapy. Advances in 
experimental medicine and biology, 1384, 373–385. https://doi.org/10.1007/978-3-031-06413-5_22. 

[43] Fine, I. and Kaminsky, A. (2019). Possible Error in Reflection Pulse Oximeter Readings as a Result of Applied Pressure. Journal of Healthcare 
Engineering. https://doi.org/10.1155/2019/7293813. 

[44] Miyasaka, K., Shelley, K., Takahashi, S., Kubota, H., Ito, K., Yoshiya, I., Yamanishi, A., Cooper, J. B., Steward, D. J., Nishida, H., Kiani, J., 
Ogino, H., Sata, Y., Kopotic, R. J., Jenkin, K., Hannenberg, A., & Gawande, A. (2021). Tribute to Dr. Takuo Aoyagi, inventor of pulse oximetry. 
Journal of anesthesia, 35(5), 671–709. https://doi.org/10.1007/s00540-021-02967-z. 

[45] WHO global air quality guidelines. Particulate matter (PM2.5 and PM10), ozone, nitrogen dioxide, sulfur dioxide and carbon monoxide. Geneva: 
World Health Organization; 2021. Licence:CC BY-NC-SA 3.0 IGO. 

[46] Occupational Safety and Health Administration (OSHA) Laws and Regulations. 1910.1000 - Air contaminants. p. Part Number:1910. 

https://doi.org/10.22219/kinetik.v11i1.2371
https://doi.org/10.51253/pafmj.v72i5.8861
https://doi.org/10.11622/smedj.2019031
https://doi.org/10.3390/s22093402
https://www.internationaljournalofcaringsciences.org/docs/62_yikar_original_12_2.pdf
https://doi.org/10.1001/jamainternmed.2022.2587
https://doi.org/10.1007/s11042-024-19600-2
https://doi.org/10.1016/j.rmed.2013.02.004
https://doi.org/10.1016/j.smhl.2018.07.002
https://doi.org/10.1111/j.1365-2044.1991.tb09411
https://doi.org/10.1007/s10877-021-00797-8
https://doi.org/10.1117/12.3003274
https://doi.org/10.4187/respcare.09795
https://doi.org/10.26555/jiteki.v8i1.22139
https://doi.org/10.20473/jvhs.V5.I1.2021.53-57
https://doi.org/10.1109/ICITAMEE50454.2020.9398455
https://doi.org/10.35882/teknokes.v16i4.615
https://doi.org/10.3390/s20174879
https://doi.org/10.29207/resti.v8i5.5945
https://doi.org/10.58397/ashkmdc.v29i1.794
https://doi.org/10.35882/jeeemi.v3i2.1
https://doi.org/10.1186/s13054-020-03036-9
https://doi.org/10.1213/00000539-200210000-00033
https://doi.org/10.1007/s10877-022-00927-w
https://doi.org/10.1056/NEJMc2029240
https://doi.org/10.1213/ANE.0000000000001300
https://doi.org/10.1001/jamainternmed.2022.1906
https://doi.org/10.1109/PerComWorkshops51409.2021.9430986
https://doi.org/10.54647/isss12058
https://doi.org/10.1007/978-3-031-06413-5_22
https://doi.org/10.1155/2019/7293813
https://doi.org/10.1007/s00540-021-02967-z


Kinetik: Game Technology, Information System, Computer Network, Computing, Electronics, and Control 
 

© 2026 The Authors. Published by Universitas Muhammadiyah Malang 
This is an open access article under the CC BY NC SA license (https://creativecommons.org/licenses/by-nc-sa/4.0/) 

 

 

 

                    

 

40 
[47] Baksevice, D., Mankute-Use, A., Bernotaite-Morkune, A. et al. (2024). Carbon monoxide poisoning: a clinical case report. Int J Emerg Med,  

17(186). https://doi.org/10.1186/s12245-024-00777-0. 
[48] Savioli, G., Gri, N., Ceresa, I. F., Piccioni, A., Zanza, C., Longhitano, Y., Ricevuti, G., Daccò, M., Esposito, C., & Candura, S. M. (2024). Carbon 

Monoxide Poisoning: From Occupational Health to Emergency Medicine. Journal of clinical medicine, 13(9), 2466. 
https://doi.org/10.3390/jcm13092466. 

[49] Manisalidis, I., Stavropoulou, E., Stavropoulos, A., & Bezirtzoglou, E. (2020). Environmental and Health Impacts of Air Pollution: A Review. 
Frontiers in public health, 8, 14. https://doi.org/10.3389/fpubh.2020.00014. 

[50] Afira, F. ., & Simatupang, J. W. (2023). Real-Time Web-based Dashboard using Firebase for Automated Object Detection Applied on Conveyor. 
Green Intelligent Systems and Applications, 3(1), 35–47. https://doi.org/10.53623/gisa.v3i1.251. 

[51] Sugianto, M. A. ., & Zulfikar, Z. (2024). Design of a Carbon Monoxide Gas Measurement Tool Using Microcontroller-Based MQ-7 Gas Sensor 
in Households. NEWTON: Networking and Information Technology, 3(3), 36–47. https://doi.org/10.32764/newton.v3i3.4881.  

[52] Setyawati, O., Iswanjaya, S., Abidin, Z., & Bahr, A. (2024). Simple and Cost-Effective Detection of Carbon Monoxide Gas. Journal of Information 
Technology and Computer Science. https://doi.org/10.25126/jitecs.202491567. 

[53] Adziimaa, A. F., Yeni Aisyah, P., & Puspita, N. Y. (2023). Design and Development of Air Quality Measurement with Early Warning Systems. 
In 2023 International Conference on Advanced Mechatronics, Intelligent Manufacture and Industrial Automation, ICAMIMIA 2023 - Proceedings 
(pp. 171-176). (2023 International Conference on Advanced Mechatronics, Intelligent Manufacture and Industrial Automation, ICAMIMIA 2023 
- Proceedings). Institute of Electrical and Electronics Engineers Inc.. https://doi.org/10.1109/ICAMIMIA60881.2023.10427666. 

[54] Adhim, F. I., Priananda, C. W., Rahayu, L. P., Pramudijanto, J., Tsauri, D. A., Susila, J., & Kindhi, B. A. (2019). Carbon Monoxide and Methane 
Gas Identification System. In 2019 International Conference on Advanced Mechatronics, Intelligent Manufacture and Industrial Automation, 
ICAMIMIA 2019 - Proceeding (pp. 263-267). Article 9223367 (2019 International Conference on Advanced Mechatronics, Intelligent 
Manufacture and Industrial Automation, ICAMIMIA 2019 - Proceeding). Institute of Electrical and Electronics Engineers Inc.. 
https://doi.org/10.1109/ICAMIMIA47173.2019.9223367. 

[55] Kaviya Dharshini A S et al. (2022). Smart Phone Based Detection of SPO2, Heart Rate and Blood Pressure. ECS Trans., 107(18367). 
https://doi.org/10.1149/10701.18367ecst. 

[56] Bui, N. et al. (2020). Smartphone-Based SpO2 Measurement by Exploiting Wavelengths Separation and Chromophore Compensation. ACM 
Trans. Sen. Netw., 16(1). https://doi.org/10.1145/3360725. 

[57] Alzahrani, S., Nadershah, M., Alghamdi, M. et al. (2025). The use of Apple smartwatches to obtain vital signs readings in surgical patients. Sci 
Rep 15, 10920. https://doi.org/10.1038/s41598-024-84459-0. 

 

 
 

https://creativecommons.org/licenses/by-nc-sa/4.0/
https://doi.org/10.1186/s12245-024-00777-0
https://doi.org/10.3390/jcm13092466
https://doi.org/10.3389/fpubh.2020.0001
https://doi.org/10.53623/gisa.v3i1.251
https://doi.org/10.32764/newton.v3i3.4881
https://doi.org/10.25126/jitecs.202491567
https://doi.org/10.1109/ICAMIMIA60881.2023.10427666
https://doi.org/10.1109/ICAMIMIA47173.2019.9223367
https://doi.org/10.1149/10701.18367ecst
https://doi.org/10.1145/3360725
https://doi.org/10.1038/s41598-024-84459-0

