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Abstract 

Hemoglobin (Hb) concentration is a fundamental physiological marker widely used in the diagnosis of 

anemia and the assessment of cardiovascular health. Although invasive blood testing provides high 

accuracy, its reliance on laboratory infrastructure limits scalability and real-time applicability. Here, we 

present Hb-PPG, a four-wavelength photoplethysmography (PPG) dataset designed to support research on 

non-invasive hemoglobin assessment and cardiovascular monitoring. The dataset comprises 1008 PPG 

signal segments acquired at 660, 730, 850, and 940 nm from 252 adult subjects, alongside reference 

measurements of hemoglobin, fasting blood glucose, and brachial artery systolic and diastolic blood 

pressure. Hb-PPG enables systematic investigation of wavelength-dependent PPG signal characteristics 

and their relationships with hematological and hemodynamic parameters. By providing high-quality, 

multi-wavelength optical signals with clinically grounded reference data, this dataset facilitates the 

development, validation, and benchmarking of non-invasive approaches for hemoglobin estimation and 

related vascular health applications. 

Background and Summary 

Hemoglobin (Hb) is the major protein in blood erythrocytes and is responsible for transporting oxygen 

from the lungs to tissues and organs throughout the body, and is a key molecule in maintaining the balance 

of oxygen metabolism in the body1. The total Hb (tHb) concentration in the blood is an important clinical 

indicator, and abnormalities in its level may indicate the presence of disease or pathology in the body2. 

Specifically, high Hb levels may lead to increased blood viscosity, increasing the risk of thrombosis and 

cardiovascular disease, while low Hb levels may lead to anemia, causing a range of symptoms such as 

fatigue, malaise, and cognitive decline, with a particularly pronounced impact on susceptible populations 

such as women, children, and the elderly3,4,5. Thus, accurate detection of Hb in blood is important for early 

prevention and diagnosis of diseases. 

Currently, the gold standard for Hb assessment is invasive venous blood sampling combined with 

laboratory analysis6. This method relies on specialized technicians and complex equipment, which is costly, 

time-consuming, and is likely to cause discomfort to patients. In view of limitations of traditional Hb 

detection methods, more and more studies have focused on the development and application of non-invasive 

detection technologies in clinical fields7,8,9. Among these, photoplethysmography (PPG) technology stands 

out as a research hotspot in the field of non-invasive Hb detection due to its advantages, such as easy 

operation, low cost, stable performance, and strong adaptability10,11,12. PPG is a non-invasive technique 

based on optical principles for detecting changes in peripheral circulating blood volume. This principle is 

based on the Beer-Lambert law, in which a light beam with a specific wavelength is directed at the surface 

of skin rich in blood vessels, which is transmitted or reflected and subsequently received by a photoreceiver. 
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In this process, the light signal is attenuated when absorbed by skin, muscle and blood, and the degree of 

attenuation is proportional to the concentration of the substance in blood and light travel length, finally 

results in PPG signal13. PPG signal contains a wealth of physiological and pathological information, and it 

can be used to detect hemoglobin, oxygen saturation14, respiratory rate, blood glucose15, blood pressure16, 

arterial stiffness17, and other physiological information. 

Through analyzing the optical properties of blood, it has been found the absorption of a particular 

wavelength beam by blood is mainly determined by the oxygen saturation of hemoglobin18. In the spectral 

range of 600 nm to 1000 nm, hemoglobin exhibits unique absorbance properties at different wavelengths, 

reflecting the changes in the concentration of oxyhemoglobin and deoxyhemoglobin19. Regard to different 

light wavelength, one single wavelength can only provide limited information and usually only measure 

the concentration of oxyhemoglobin or deoxyhemoglobin, making it difficult to distinguish them accurately. 

In contrast, multi-wavelength technique is able to capture more hemodynamic changes by using different 

light wavelengths penetrating tissues at different depths, thus reflecting more comprehensively changes in 

blood components20. Based on this, we acquired multi-wavelength PPG (MW-PPG) signal to disclose 

hemodynamic changes of body blood and tissues in this study. 

The Hb-PPG dataset consists four-wavelength (660 nm, 730 nm, 850 nm and 940 nm) PPG signal 

collected from 252 adult subjects, aged 21–90 years, with a median age of 47 years. Females accounted for 

56.7%. The dataset covers groups with different Hb and blood glucose concentration levels, and also records 

brachial artery blood pressure values. It provides opportunities for exploring relations between PPG signal 

and Hb, and conducting joint analysis of multiple physiological parameters. In the following section, we 

will describe the dataset building process, dataset detail records, dataset usage descriptions and explain its 

potential application scenarios. 

Methods 

● Experimental design 

We established a non-invasive hemoglobin detection system, which consists of two parts: hardware 

device and a host computer software. The hardware sensor used includes a multi-mode sensor front-end 

chip (ADPD4100, Analog Devices Inc.), a contact pressure sensor (FSR400, Interlink Electronics), a PPG 

sensor (DCM08, APM Korea), and a microcontroller unit (STM32F411, Core ARM Cortex-M4 100 MHz). 

These hardware sensors cooperate with each other to complete the process from signal acquisition to data 

transmission. Specifically, the PPG sensor is responsible for transmitting multi-wavelength optical signals 

and receiving the reflected optical signals to realize PPG signal 
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Figure 1. Illustration of the data acquisition device and working principles of PPG sensor. LEDS: 

light emitting diode(s). MW-PPG: multi-wavelength PPG. 
 

recording. The wavelengths emitted include 660 nm (red light), 730 nm (near infrared light), 850 nm 

(infrared light) and 940 nm (infrared light), which covered the wavebands sensitive to the absorbance 

characteristics of hemoglobin21. The front-end chip is responsible for initial processing of the original MW-

PPG signal, it processes four optoelectronic signals, conducts the current-to-voltage conversion, filters and 

amplifies, and converts the analog signal into the corresponding digital signal for transmission to the master 

control chip. The contact pressure sensor captures pressure changes between the PPG sensor and fingertip, 

ensures the sensor maintains normal contact with the subject skin, and transmits the pressure signal to the 

microcontroller unit for subsequent processing. The microcontroller unit, as the core control unit of the 

system, assumes many functions. It interacts with the front-end chip via serial peripheral interface (SPI) 

communication to acquire the MW-PPG digital signal in real time. Meanwhile, it utilizes analog-to-digital 

(ADC) module to convert the analog pressure signal acquired by the pressure sensor into a digital signal. 

Finally, the microcontroller unit transmits these data to the laptop via serial communication for further 

analysis and processing by the host computer software. 

The design of host software is based on the computer interface, which can communicate with the MW-

PPG acquisition device through the serial port or Wi-Fi, acquire the MW-PPG signal in real time and store 

its data in the local SQLite database. Before data acquisition, users need to enter the physiological 

information of subjects and prompt the subjects to sit still and prepare for acquisition; During the acquisition 

process, the software interface is eligible to display the remaining time of acquisition and contact pressure 

prompts in real time, which will help subjects better calibrate the applied force to PPG sensor and ensure 

data acquisition was carried out smoothly. Meanwhile, users can choose to draw the acquired PPG 
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waveform to visual the signal quality. After data acquisition is completed, each subject data will be stored 

and saved in the database, and the computer software supports the export of physiological information and 

PPG signal from this database to .csv file by subject ID number, which is convenient for offline data 

processing and analysis. The platform integrates the functions of data reception, real-time mapping, data 

storage and subject information management, which makes data easy to use and the system more practical. 

Figure 1 illustrates the experimental design of this study, it mainly consists three parts: the PPG signal 

acquisition device, the working principle of PPG sensor, and acquired four-wavelength PPG waveform. 

 

Figure 2. Illustration of data acquisition process. Data acquisition comprises invasive blood test, PPG signal 

acquisition and brachial artery blood pressure measurement three steps. The whole process takes about 15 

minutes. 

● Data acquisition 

The entire data acquisition process takes about 15 minutes and consists invasive blood test, PPG signal 

acquisition and blood pressure measurement three steps, as shown in Figure 2. Hb concentration and blood 

glucose were acquired from venous blood samples. Subjects were required to cease eating before 9:00 p.m. 

on the day before the blood test for at least 8 hours, to obtain fasting blood glucose and ensures Hb and 

blood glucose are obtained under consistent clinical conditions22. During acquisition day, a venous blood 

sample was collected by medical staffs from the university hospital. As a reference, Hb concentration was 

measured by HemoCue Hb 201+ portable hemoglobin analyzer (HemoCue AB, Ängelholm, Sweden), it 

was calibrated against the hemiglobincyanide (HiCN) method, the international reference method 

recommended by the International Council for Standardization in Haematology (ICSH). The analyzer is 

factory calibrated and needs no further calibration23. Before usage, ensure it works with an appropriate 

environment temperature 15–30 degrees (℃), a humidity 40–80% and is fully charged. Press the left button 

until all symbols appear on the display. The analyzer performs a self-test to verify the performance of the 
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optronic unit24. Blood glucose was measured by auto hematology analyzer BC-6100 (Mindray, Co., Ltd., 

Shenzhen, China), researchers conduct calibration using the calibrator from manufacturer before 

experiment and ensure it works at 18–25 degrees (℃), 40–80% humidity25. In order to ensure data reliability, 

subjects were told to refrain from alcohol intake and intensive exercise at least 2 hours before the 

experiment26. Researchers inquiries about these criteria, only eligible participants were allowd to enter the 

data acquisition room. After entering data acquisition room, subjects were given 5 minutes to familiarize 

themselves with the environment and maintain relaxed and clam. 

During PPG acquisition process, set the waveform sampling rate as 200 Hz, and the analog-to-digital 

conversion precision as 12-bit. Researchers collected PPG signals from the left index fingertip of subjects 

using the MW-PPG acquisition device developed in this study. The signal recording lasts for 60 seconds, 

and each subject comprises four PPG channels with each channel contains 12,000 sampling points. During 

PPG data acquisition, researchers monitored recorded signals through the computer software and ensured 

waveform was relative smooth and has discernible periods, otherwise, subjects needed to take a break and 

re-acquire. This process aims to minimize the interference of motion artifacts and ensure the quality of the 

acquired signals. 

After PPG signal acquisition, we measured brachial arterial blood pressure of each subject using 

Omron U724J  
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Figure 3. (a) Distribution of subject numbers in different hemoglobin concentration intervals. (b) Boxplots of 

hemoglobin levels for male and female subjects. (c) Distribution of subject numbers in different blood glucose 

concentration intervals. (d) Distribution of subjects in different blood pressure stages. 

 

(Omron Corp., Kyoto, Japan) electronic upper arm sphygmomanometer27. Each participant was asked to sit 

upright with their legs uncrossed, and relax their right forearms on a clean table, ensuring they were 

naturally extended. We recorded systolic (SBP) and diastolic (DBP) blood pressure of subjects. 

This study was approved by the medical Institutional Review Board (IRB) of Guilin University of 

Electronic Technology in China (approval number: GUET-20220301-001), and complied with regulations 

set by it. Each participant has been fully informed the experimental procedure and signed an informed 

consent before the study. All participants were compensated monetarily at 20 Yuan. Participants fill in the 

necessary information before data collection, including age, gender, height and weight, and data acquisition 

was conducted at a private, and comfortable clinical room in the university hospital. 

● Participants 

The dataset was acquired from 252 adult participants, participants were recruited through 

advertisements on university bulletin boards and personal recommendations. The age range of the subjects 
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is 21–90 years (mean±standard deviation age, 47±21 years), and the gender distribution is relatively 

balanced, with 56.7% females (109 male, 143 female). This dataset covered people with different Hb 

concentration levels, and recorded information on fasting blood glucose concentration and brachial artery 

blood pressure. Some subjects suffered from diabetes and cardiovascular diseases such as anemia and 

hypertension. The statistical results are shown in Figure 3. 

● De-identification 

In the process of creating the dataset, we removed personal information of each subject such as name, 

record date, personal address and so on, in order to protect their privacy. And named the data by ID plus 

the number, e.g. ID1, ID2, ..., ID252. 

Data Records 

The dataset has been packed and is available on Figshare research repository, it is under international 

(CC BY 4.0) license (https://doi.org/10.6084/m9.figshare.22256143.v6)28. The dataset includes a table file 

and 252 waveform data files. The table file is named “subject information.xlsx”, it records basic information 

of all subjects, including age, gender, height, weight, Hb concentration, blood glucose concentration, 

systolic and diastolic blood pressure values. The ID number represents the number of subjects. “Signal 

length” column represents the four-wavelength PPG length in seconds (e.g., 60 s, 50 s, 45 s). PPG data was 

stored in .mat format. Each .mat file was named by subject ID, representing one subject PPG data, it 

contains a structure named “PPGdata” which includes four fields: nm_660, nm_730, nm_850, and nm_940. 

Each field is a column vector, these fields represent 660 nm, 730 nm, 850 nm and 940 nm wavelength PPG 

signal, respectively. For ease of access, four-wavelength PPG data is co-deposited as .csv format, named 

by subject ID, and the 660 nm, 730 nm, 850 nm and 940 nm wavelength PPG were stored in the first to 

fourth column, respectively. 

Technical Validation 

The MW-PPG signal quality has an impact on estimation accuracy of physiological parameters such 

as Hb concentration, and in order to ensure the reliability of PPG signal, validation of the waveform quality 

is particularly important. Therefore, we used signal-to-noise ratio (SNR) to assess the quality of acquired 

PPG signal in this section. It reflects the ratio of useful information of the signal to the degree of noise 

interference, and has been widely used while examining the signal validity29,30. 

The definition of SNR varies a little, but the primary object is to quantify the proportion between valid 

information and noise in one signal record. For example, Elgendi et al. used the ratio of signal variance to 

noise variance to define SNR and used it as a basis for validating the optimal signal quality index31. 

Parsaoran et al. utilized the ratio of the filtered signal to the signal noise to define SNR and used it as one 

of the key metrics for evaluating the denoising effects of PPG signals32. In this study, we used the ratio 
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between the bandpass signal and the bandstop signal in decibels (dB), defined as follows: 

SNR=10 log
10
(
SBandpass

NBandstop
⁄ ) 

Where SBandpass indicates a bandpass signal in the range of 0.5 to 10 Hz and NBandstop indicates a bandstop 

signal outside the range of 0.5 to 10 Hz. 

To ensure the calculation accuracy of SNR, four channels of each subject signal were preprocessed to 

remove interfering factors such as baseline drift. Then, we used Chebyshev type II second-order filter to 

process each PPG channel since it can better remove high-frequency noise while maintaining the original 

shape of the signal, avoiding the loss of systolic peaks, dicrotic notches and other fiducial points33. After 

processing stage, the bandpass and bandstop signal are calculated and SNR is further figured. The validation 

algorithm operates on MathWorks MATLAB R2023b. 

● Data screening 

Before archiving the data acquired from the university hospital, it is necessary to go through data 

screening processes to eliminate abnormal data and correct defective data, so as to ensure high quality of 

the final dataset. The data screening process consists data integrity check, data availability check and signal 

quality assessment three steps, as shown in Figure 4. After data screening processes, we excluded 15 

subjects data due to invalid signals, and finally retained valid data from 252 subjects. The final dataset 

contains 1008 PPG data segments with each subject contributing 4 valid wavelengths. The steps are 

described as follows: 

1. Data integrity check: This process verifies for missing values for the following: subjects’ basic 

physiological information (gender, age), hemoglobin values, and four-channel waveform data. If one or 

more items are missing for one subject, the corresponding record was discarded. 

2. Data availability check: Examine noise in PPG, and ensure signal components such as systolic and 

diastolic phase are identifiable. This may caused by loose sensor connections, ambient light or industrial 

frequency interference. We removed distorted PPG segments with signal components unrecognizable, and 

if signal length for any channel was less than 30 seconds, the corresponding subject record was excluded. 

3. Signal quality assessment: Check the signal quality using SNR. If SNR for all four PPG channels 

are less than 10 dB, the signal quality was considered poor, and the corresponding subject data was 

removed34. 
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Figure 4. The flowchart of data screening process. 

 

● Validation of four-wavelength PPG waveforms 

The boxplots and bar charts of SNR statistical results for four wavelengths PPG are shown in Figure 

5. It shows discrepancies of four PPG wavelengths, 660 nm and 850 nm signal exhibits better SNR values 

and stability, while 940 nm signal exhibits worse. For 850 nm, SNR has the highest mean SNR 19.04 dB, 

the lowest standard deviation 4.77 dB, and 41.7% subjects with SNR greater than 20 dB, while 0.8% 

subjects less than 10 dB. For 940 nm, SNR has the lowest mean 16.44 dB, the largest standard deviation 

6.53 dB, and 34.5% subjects with SNR greater than 20 dB, 17.5% subjects less than 10 dB, indicating poor 

signal stability. Results for 730 nm are distributed between 850 nm and 940 nm.  

Table 1, Table 1 summarizes the statistical power, effect size (ES), p-values, and confidence intervals 

(CI) used to assess statistical differences in SNR across wavelength conditions. Confidence intervals were 

estimated using the Bootstrap percentile method, and wavelength comparisons were performed using the 

Friedman test with Bonferroni correction applied to account for six pairwise comparisons35. All wavelength 

pairs exhibited statistically significant differences (corrected p < 0.05). Notably, the comparison between 

730 nm and 940 nm achieved a statistical power of 0.990, indicating a 99% probability of detecting a true 

difference, while the largest effect size was observed between 850 nm and 940 nm (Cohen’s d = 0.742). 

These results demonstrate systematic, wavelength-dependent differences in PPG signal quality, consistent 

with variations in optical penetration depth and wavelength-specific light attenuation within heterogeneous 

biological tissues12. 
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Figure 5. (a) Boxplot of SNR at 660 nm, 730 nm, 850 nm and 940 nm four wavelengths. (b) Distribution of 

subjects across three SNR categories, designated as SNR ≥ 20 dB, 10 dB ≤ SNR < 20 dB, and SNR < 10 dB, 

illustrated as 660 nm, 730 nm, 850 nm and 940 nm four wavelengths. The hatched pattern indicates SNR greater 

or equals to 20 dB, solid fill indicates SNR greater or equals to 10 dB and less than 20 dB, empty fill indicates 

SNR less than 10 dB. 

Table 1. Statistical results of SNR for PPG data at 660 nm, 730 nm, 850 nm and 940 nm wavelengths. w1 and 

w2 (95% CI): using Bootstrap sampling for SNR confidence interval (CI) at one wavelength. Diff (w1 − w2), 

95% CI: using Bootstrap sampling for differences between two wavelengths SNR means. Effect size (ES) was 

computed as average of paired SNR differences divided by standard deviation. p (raw): uncorrected p-value. 

p (corrected): p-value after Bonferroni correction. α: significance level (0.05). sample size=252. 

Comparison 

(wavelengths) 
w1 

(95% CI) 

w2 

(95% CI) 

Diff (w1 − w2), 

95% CI 

ES 

(Cohen’s d) 

Statistical 

power 
p (raw) p (corrected) 

w1 w2 

660 nm 730 nm (17.16, 19.24) (16.67, 18.76) (0.60, 1.15) 0.358 0.980 1.29 × 10-8
 7.73 × 10-8

 

660 nm 850 nm (17.16, 19.24) (17.96, 19.64) (−0.74, −0.31) 0.362 0.982 9.13 × 10-9
 5.48 × 10-8

 

660 nm 940 nm (17.16, 19.24) (14.80, 17.32) (1.72, 2.42) 0.635 1.000 6.78 × 10-24
 4.07 × 10-23

 

730 nm 850 nm (16.67, 18.76) (17.96, 19.64) (−1.76, −1.04) 0.451 0.999 7.68 × 10-13
 4.61 × 10-12

 

730 nm 940 nm (16.67, 18.76) (14.80, 17.32) (0.81, 1.59) 0.382 0.990 1.29 × 10-9
 7.74 × 10-9

 

850 nm 940 nm (17.96, 19.64) (14.80, 17.32) (2.29, 2.91) 0.742 1.000 4.71 × 10-32
 2.82 × 10-31

 

In reflective PPG sensors, as the wavelength increases, the optical range length becomes longer and 

the average penetration depth increases, and different light wavelengths can acquire physiological 

information at different depths36. Human tissue exhibits varying absorption coefficients for different light 
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wavelengths37, and the light will be affected by the interactions of absorption, reflection, and scattering 

( i . e . ,  p h o t o n - t i s s u e  i n t e r a c t i o n s )  w h e n  i t  p e n e t r a t e s  h u m a n 

 
Figure 6. Example of one cycle PPG signal after filtering (Chebyshev II second-order bandpass filter, 0.5–10 

Hz)33 from subject ID31 and ID118 at 660 nm, 730 nm, 850 nm and 940 nm wavelengths, reflecting PPG 

morphological differences caused by depths of light penetration into tissue and subject age. (a) ID31 indicates 

subject number 31. (b) ID118 indicates subject number 118. 

tissues. Thus, different light wavelengths exhibit distinctive optical properties, reflecting the corresponding 

physiological information38. The SNR characteristics of PPG signal are closely related to the optical 

behavior of Hb. The distinctive absorption properties of Hb at four distinct wavelengths (660 nm, 730 nm, 

850 nm, 940 nm) indicate four-wavelength PPG signal is eligible to reflect oxygenation state and changes 

of Hb concentration (Figure 6). The percentages of subjects with SNR greater 10 dB at four wavelengths 

are over 80%. Through wavelength-dependent analysis, SNR provides a quantitative basis for signal quality 

assessment and reveals the potential used for Hb extraction and other physiological information. Statistical 

results illustrate discrepancies for different wavelengths. Therefore, SNR statistical results showed the 

proposed Hb-PPG dataset is reliable, and is eligible for discovering biochemical states in tissues and 

estimation of physiological parameters such as Hb, blood glucose and blood pressure. 

Usage Notes 

The Hb-PPG dataset was stored in standard file formats (mat, csv and xlsx), can be read by various 

software packages including MATLAB and R. facilitating data reading and processing. It covers a 

hemoglobin concentrations range of 85–173 g/L, along with diabetes, hypertension cases with 

cardiovascular diseases. Researchers can select different PPG wavelengths or choose data records under 

different SNR conditions for further analysis. If researchers use this repository or its components, please 

cite the publication as reference28. Specifically, (1) Multiple types of PPG features can be extracted, 
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including morphological features (e.g., time-, frequency-domain, etc.) and statistical features (e.g., mean, 

standard deviation, skewness, quartiles and other metrics) to analyze correlations among four-wavelength 

PPG signals, and disclose differences of MW-PPG in reflecting physiological information39; (2) Analyze 

the relation between MW-PPG characteristics (e.g., pulse transit time, PTT) and hemodynamics and blood 

fluid properties, and investigate the physiological mechanisms hemoglobin levels affects MW-PPG. Based 

on machine learning and deep learning techniques, establish classification, estimation models for 

hemoglobin, blood glucose or blood pressure40,41,42 or perform joint research of multiple physiological 

parameters43; (3) It may helpful for conducting joint research or data collection on cardiac and brain imaging 

to investigate brain-heart associations, especially four-wavelength PPG and multi-frequency bands. 

Researches indicate multi-frequency imaging helps decoding complex brain activity, exhibiting similar to 

multi-wavelength optical signals and non-invasive Hb measurement. This may provide value for future 

collection of brain imaging dataset and studies in cardiovascular and neuroscience fields44,45; (4) Evaluate 

algorithm performances for Hb, blood glucose and blood pressure46,47, and devise methods to help improve 

the accuracy and reliability of non-invasive hemoglobin testing and health monitoring devices48,49. 

Hb-PPG dataset minimize errors through data acquisition device and data screening process. 

Hemoglobin, blood glucose and blood pressure were acquired by HiCN testified and clinical hematology 

analyzer, and are unlikely change during experimental period. Thus, the collected data can be considered 

reliable doing test-retests50,51. However, skin tone and finger skin thickness may vary across different 

regions and body profiles, affecting blood perfusion and introducing physiological variations in PPG 

signals52. There also exists variances for hemoglobin in male and female, healthy adults and children, 

pregnants groups. Researchers should note this when applying it to different populations53. In addition, 

hemoglobin and blood glucose were obtained via venous blood samples using portable device and 

hematology analyzer, researchers should acknowledge this when comparing with other studies from 

fingerstick capillary sampling54. 

By analyzing the PPG waveform data, researchers were able to extract physiological indicators that 

are closely related to health status, contributing to non-invasive health monitoring, early detection of 

cardiovascular diseases and development of personalized treatment. Hb-PPG helps promote the application 

of PPG technique and enhance clinical and ambulatory health monitoring devices in public health. 
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