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Highlights:

• Introduces a statistical validation framework using the Kolmogorov–Smirnov test for heart rate monitoring signals.

• Demonstrates equivalence between prototype photoplethysmography signals and those from a commercial oximeter.

• Shows that non-parametric distributional comparison detects subtle differences often missed by conventional methods.

• Highlights the effectiveness of synchronous demodulation for accurate and reliable recovery of cardiac pulse signals.

• Contributes to the development of low-cost, non-invasive biomedical monitoring technologies with statistical rigor.




Abstract:

This article establishes a non-parametric validation framework for photoplethysmography (PPG) signals intended for heart rate monitoring, formulated as a methodological proof-of-concept study. The study applies the two-sample Kolmogorov–Smirnov test as a robust and versatile method for comparing the distributions of PPG signals. By integrating the two-sample Kolmogorov–Smirnov test into the validation process of cardiac pulse measurement devices, the work demonstrates its effectiveness in enhancing the accuracy and reliability of biomedical signal analysis. Results show that, when comparing signals against calibrated reference devices and visualizing cumulative distribution functions, the two-sample Kolmogorov–Smirnov test is capable of detecting subtle differences in signal behavior. This innovative use of the two-sample Kolmogorov–Smirnov test provides valuable insights for the design and validation of biomedical signal processing systems and contributes to the advancement of non-invasive health monitoring technologies. The proposed framework is evaluated under controlled experimental conditions using data acquired from a single subject. Consequently, the results should be interpreted as a methodological validation of the proposed statistical approach rather than as a definitive clinical validation, and are intended to demonstrate feasibility and analytical relevance rather than population-level generalizability.
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1. Introduction

Reliable measurement of cardiac activity is fundamental to the design and validation of biomedical devices for non-invasive health monitoring. Among the statistical tools available for signal validation, the Kolmogorov–Smirnov (K–S) test (Zeimbekakis, et al., 2024) stands out as a widely used non-parametric method for assessing the conformity of empirical data to a reference distribution (Massey Jr., 1951). Its extension, the two-sample Kolmogorov–Smirnov test (TK–S), provides a robust framework for determining whether two datasets originate from the same distribution without requiring assumptions about the underlying population. This flexibility makes the TK–S test particularly valuable in biomedical contexts, where noise, physiological variability, and measurement uncertainties often complicate analysis.

The K–S test, originally introduced by (Kolmogorov, 1933) and further developed by (Smirnov, 1948) and (Massey, 1951), has become one of the most widely used nonparametric methods for assessing the goodness of fit and for comparing empirical and theoretical distributions. Its nonparametric nature, simplicity, and robustness have made it a cornerstone tool in statistical analysis across diverse scientific fields. Early foundational work focused on providing the mathematical basis and critical values for the empirical distribution function, which established the test as a benchmark for distributional comparison in both one- and two-sample scenarios.

The K–S test is commonly used to assess normality (Steinskog et al., 2007). Normality tests are important for several reasons; for instance, nonlinearity in physical processes often leads to non-Gaussian distributions. It is therefore essential to determine the non-normality of a given variable to better understand and model such processes. (Burgers and Stephenson, 1999) tested the normality of the amplitude of the El Niño–Southern Oscillation (ENSO) using moment estimates of skewness and kurtosis. These moments can be used to diagnose nonlinear processes and provide powerful knowledge for model validation (see also Gershunov et al., 2001). Other examples include the studies of (Branstator and Berner, 2005) and (Berner, 2005) on planetary waves, as well as that of (Stephenson et al., 2004), which investigates multiple climate regimes.

In climatology and hydrology, the K–S test has been extensively applied to evaluate the adequacy of probabilistic models describing rainfall, temperature, and other environmental variables (Lanzante, 2021). (Vlček and Huth, 2009) demonstrated its application to assess Gamma distributions of daily precipitation, while (Moccia et al., 2021) and (Ballarin et al., 2022) employed it for model validation in rainfall extremes and hydrological forecasting. These studies also underline the limitations of the K–S test when applied to heavy-tailed or skewed distributions, suggesting complementary use of Anderson–Darling or Cramér–von Mises tests for improved sensitivity in the tails.

In the biomedical domain, the K–S test has proven valuable for validating normality assumptions and comparing distributions of physiological signals. (Weiss, 1986) proposed a modified K–S approach for correlated EEG data, addressing autocorrelation issues in biomedical time series. Similarly, (JeyaJothi et al., 2022) employed the test for feature selection in sleep apnea detection, and (Grillenzoni, 2019) integrated it into real-time peak detection algorithms. These applications show how the K–S test remains relevant for analyzing biosignal variability and detecting distributional shifts in physiological data.

Beyond traditional statistics, modern applications have extended the K–S test to online and high-dimensional contexts. (Cardoso et al., 2023) introduced an approximate streaming version for real-time data flows, while (Aslam, 2019) proposed extensions based on neutrosophic uncertainty. In physics and cosmology, (Næss, 2012) applied the test to cosmic microwave background data to examine the randomness of spatial fluctuations, exemplifying its versatility across disciplines. Moreover, in environmental and agricultural research (Luiz & Lima, 2021), they present the non-parametric K-S test as an alternative to compare the effect of flooded irrigation management on methane (CH4) emission throughout the rice crop cycle.

Collectively, these contributions reveal that the Kolmogorov, Smirnov test remains a fundamental and evolving tool in modern data analysis. Although simple in formulation, its adaptation to complex, correlated, or high-frequency data continues to motivate methodological innovation. The literature consistently emphasizes both its strengths, distribution-free flexibility and interpretability, and its limitations, particularly when underlying assumptions are not strictly met.

Alternative approaches such as the Anderson–Darling or Cramér-von Mises tests (Stephens, 1970), as well as similarity measures like Bland–Altman analysis or RMSE, can be applied to evaluate biomedical signals. However, these methods either focus on specific regions of the distribution or emphasize agreement in magnitude rather than distributional shape. In contrast, the TK–S test directly evaluates entire distributional differences, offering a more versatile framework for comparing physiological signals obtained under variable and often unpredictable conditions. This property is essential in biomedical device validation, where prototypes must be benchmarked against calibrated reference instruments to ensure measurement accuracy and reproducibility.

In the context of cardiac pulse monitoring, photoplethysmography (PPG) has emerged as a cornerstone technology due to its non-invasive nature, portability, and accessibility. PPG-based devices capture variations in blood volume through light absorption or reflection and convert them into electrical signals that can be filtered, amplified, and analyzed digitally (Allen, 2007; Elgendi, 2012). These signals provide critical physiological parameters such as heart rate and pulse variability (Tamura et al., 2014), enabling widespread adoption in health monitoring and diagnostics (Poh et al., 2010). Importantly, the non-invasive character of PPG aligns with the broader goal of minimizing patient discomfort while ensuring clinically reliable outcomes (Bautista López et al., 2023).

A significant body of contemporary research focuses on improving the reliability, accuracy, and interpretability of PPG-derived metrics. (Elgendi et al., 2024) proposed a standardized framework for evaluating the performance of PPG-based algorithms, emphasizing reproducibility, data transparency, and the need for rigorous statistical validation across diverse populations. This methodological contribution is particularly relevant for studies seeking to estimate blood pressure or heart rate variability (HRV) using wearable devices, as it provides criteria to ensure comparability between algorithmic results. Similarly, (Van Vliet et al., 2025) conducted a 28-day validation study of a wrist-worn PPG device for blood pressure monitoring, demonstrating mean errors within clinically acceptable limits and highlighting the feasibility of long-term continuous tracking.

Another recent contribution by Charlton et al. (2025) investigated the determinants of signal quality in wrist-based PPG systems, identifying key factors such as sensor placement, skin tone, and motion artifacts. Their findings underscore the importance of optimizing sensor design and data preprocessing to mitigate physiological and environmental sources of noise. In parallel, Strasser et al. (2025) reviewed the specific challenges and opportunities of forehead PPG sensors, emphasizing their potential advantages for continuous monitoring under varying illumination and motion conditions, thereby expanding the spatial domain of wearable applications.

Beyond contact-based systems, the field has witnessed substantial progress in remote photoplethysmography (rPPG), where cardiac pulse information is extracted from facial video recordings using RGB cameras. (Debnath and Kim, 2025) provided a comprehensive review of 145 studies employing deep learning for remote heart rate estimation, classifying approaches by architecture type and data modality, and identifying persistent limitations in illumination robustness and domain generalization. Complementing this, (Pstras et al., 2025) experimentally demonstrated the capacity of facial video PPG to achieve quasi-instantaneous heart rate estimation with sub-bpm precision under controlled conditions, paving the way for real-time, contact-free cardiovascular monitoring.

In summary, recent literature demonstrates that Photoplethysmography is transitioning from a single-parameter optical sensing method to a comprehensive biosensing platform supported by intelligent algorithms. The collective evidence from (Elgendi et al., 2024; Debnath & Kim, 2025; van Vliet et al., 2025; Charlton et al., 2025; Pstras et al., 2025; and Strasser et al., 2025) converges on three major research directions: (i) the establishment of methodological standards for algorithm evaluation; (ii) the optimization of signal acquisition under variable physiological and environmental conditions; and (iii) the integration of robust algorithms for adaptive, contactless, and personalized health monitoring.

Developing new PPG prototypes requires rigorous validation to confirm that signals obtained are comparable to those from established medical devices. In this context, the TK–S test represents a practical and effective method for detecting subtle distributional differences between signals, ensuring that new designs meet accuracy requirements. Its ability to reveal discrepancies across the entire distribution provides a strong statistical basis for iterative device improvement, supporting both research and clinical translation.

This study establishes the application of the TK–S test as a validation methodology for PPG-based cardiac pulse measurements. By integrating a distributional comparison framework into device evaluation, this approach strengthens the accuracy and reliability of biomedical signal processing. The contribution of this work lies in adapting a classical statistical method to the specific needs of biomedical engineering, providing researchers and developers with a versatile tool for validating non-invasive monitoring technologies.

2. Methods

2.1. Kolmogorov-Smirnov test

The two-sample Kolmogorov–Smirnov (TK–S) test is a non-parametric statistical method used to determine whether two independent datasets originate from the same underlying distribution. Its application requires two fundamental assumptions (Corder & Dale, 2023): (i) observations X1, …, Xm form a random sample from a continuous population (Population 1), with values that are independent and identically distributed (i.i.d.); and (ii) observations Y1, …, Ym form a random sample from another continuous population (Population 2), also i.i.d. The two samples must additionally be independent of each other.

The procedure begins by constructing the empirical distribution functions (EDFs) for both datasets. For each real number t, the EDFs are defined as:

Fm(t)= number of X≤tm,Gn(t)= number of Y≤tn

where m and n denote the sample sizes of X and Y, respectively. The maximum absolute divergence between the two EDFs across all possible values of t is then computed as:

D=suptFm(t)−Gn(t)          (1)

This statistic D quantifies the largest observed difference between the two empirical cumulative distribution functions (ECDFs). To account for sample sizes, the test statistic Z is defined as:

Z=D*mnm+n          (2)

Then, use the TK-S test statistic, Z, and the Smirnov (Smirnov, 1948) formula (see Formula 3-8) to find the two-tailed probability estimate p:

if   0≤Z<0.27,then    p=1          (3)

if   0.27≤Z<1, thenp =1−2.506628ZQ+Q9+Q25          (4)

where

Q=e−1.233701Z−2          (5)

if   1≤Z<3.1,then p=2Q−Q4+Q9−Q16          (6)

where

Q=e−2Z2          (7)

if   Z≥3.1, then    p=0          (8)

The value of Z is then used to estimate the corresponding probability (p-value), based on the exact distribution of the TK–S statistic (Smirnov, 1948). The p-value reflects the likelihood of observing a divergence equal to or greater than D under the null hypothesis that both samples arise from the same distribution.

It is important to note that while computational formulas exist for approximating the p-value under different ranges of Z, the standard interpretation of the test does not rely on rigid thresholds of Z alone. Instead, the inference is made by comparing the calculated p-value to a predefined significance level α.



• If p ≤ α, we reject the null hypothesis and conclude that the two samples are significantly different.

• If p > α, we fail to reject the null hypothesis, indicating insufficient evidence to claim a difference between the distributions.



This decision-making framework ensures that the TK–S test remains sensitive to differences across the entire distribution rather than localized measures such as mean or variance. In the context of biomedical signal analysis, this feature is particularly valuable, as it allows the detection of subtle yet clinically meaningful differences between signals obtained from prototype devices and calibrated reference instruments.

The categorization of the TK–S test statistic Z into intervals such as Z < 0.7, 0.27 ≤ Z < 1, or Z > 3.1 is not part of the standard interpretation of the TK-S test and does not reflect an established statistical convention. In traditional K-S analysis, the interpretation of Z is made in conjunction with its corresponding p-value, which is calculated based on the sample sizes and the observed value of D, the maximum difference between the empirical cumulative distribution functions (ECDFs).

If such thresholds were mentioned in an earlier version or in informal discussion, it is important to clarify that no universal or formal categorical scale exists for interpreting the magnitude of Z alone. The significance of any observed Z depends on the context: primarily on the sample sizes n1 and n2, and the level of significance α. For instance, a small Z (e.g., < 0.7) may correspond to a high p-value in large samples (indicating similarity), while the same Z in small samples might yield a different inference. Conversely, a large Z (e.g., > 1.5 or 2.0) typically leads to rejection of the null hypothesis, provided the sample size is sufficient.

Once we have our p-value, we can compare it against our level of risk α to determine if the two samples are significantly different.

Once the p-value is obtained, it is compared to the predetermined significance level, α, which represents the acceptable level of risk for rejecting the null hypothesis. If the p-value is less than or equal to α, we reject the null hypothesis, concluding that the two samples are significantly different. Conversely, if the p-value exceeds α, we fail to reject the null hypothesis, indicating that there is insufficient evidence to suggest a significant difference between the two samples. This comparison allows researchers to make informed decisions regarding the independence of the data samples.

2.2. Signals generated by plethysmography technique

The interaction of light with biological tissues is inherently complex, as it involves multiple physical phenomena such as reflection, transmission, absorption, and scattering (Anderson & Parrish, 1981). The detected intensity depends not only on the optical properties of the tissue but also on external factors, including the pressure exerted on the sensor, which can alter capillary blood flow and, consequently, the recorded signal (Kyriacou & Chatterjee, 2022). Photoplethysmography (PPG) has been widely adopted as a noninvasive technique for monitoring cardiovascular activity. It is particularly effective for capturing cardiac pulse waveforms, traditionally using a single light source to interrogate tissue (Hertzman, 1938).

From a physiological perspective, PPG signals arise from variations in blood volume within the microvascular bed of tissue. At specific wavelengths, hemoglobin exhibits distinct absorption characteristics depending on its oxygenation state. Red light (660 nm) is preferentially absorbed by deoxygenated hemoglobin (Hb), whereas near-infrared light (940 nm) is absorbed to a greater extent by oxygenated hemoglobin (HbO2). By alternating illumination between these two wavelengths, it becomes possible to differentiate changes in arterial blood oxygenation and volume. This principle underlies the operation of pulse oximetry and enhances the robustness of PPG signal acquisition in hemodynamic monitoring.

In this study, PPG signals were obtained using a dual-wavelength approach with red (660 nm) and near-infrared (940 nm) light sources, modulated in the form of a pulse train tp(t) (Equation 9). Signal acquisition was performed in reflectance mode, as illustrated in Figure 1, allowing detection of optical changes as light scattered back from the tissue. The alternating red and infrared pulse trains were generated at a frequency of 122 Hz, while the acquisition system sampled the signal at 1950 Hz, corresponding to a temporal resolution of t=5.12×10-4 seconds. This configuration ensured high fidelity in capturing both the pulsatile (AC) component, which reflects synchronous arterial expansion during each cardiac cycle, and the baseline (DC) component, which represents static absorption by skin, bone, and venous blood. Together, these components provide the physiological basis for analyzing vascular tone, cardiac rhythm, and tissue oxygenation.

tp(t)=sgnsin2πtT=sgn(sin(wt))          (9)


[image: ]

Figure 1: Signal acquisition system diagram.


The sampled signal is applied to a low-pass convolution filter (Stearns & Hush, 2011), yielding the following result:

x(t)=tp(t)*Fpb=A+Bcosωpt=A+Bcos2πfpt          (10)

where ωp and fp are the angular frequency and spatial frequency of the carrier signal (p), and A and B are constants.

If the cardiac-pulse–derived signal | P(t) | amplitude-modulates a pulse train as defined in Equation (9), and the pulse-train (carrier) frequency fp greatly exceeds the physiological frequency to be recovered fr (heart rate), then the modulated signal can be treated as a carrier system satisfying:

fr≪fp          (11)

Under this separation of timescales, | P(t) | acts as a slowly varying envelope on the high-frequency carrier, facilitating subsequent demodulation and recovery of the heart-rate component fr.

The following relationship can be considered:

y(t)=P(t)x(t)y(t)=P(t)A+Bcos2πfpt          (12)

When the signal relationship described in Equation (12) is multiplied by two reference signals—sine and cosine functions with frequencies close to the carrier frequency fp≈fp' —the following expressions are obtained:

y(t)cos2πfp,t=P(t)A+Bcos2πfptcos2πfp,t          (13)

y(t)sin2πfp,t=P(t)A+Bcos2πfptsin2πfp,t          (14)

By expanding these expressions and recalling that the physiological frequency fr is much smaller than the carrier frequency (fr≪fp, (Equation 11), it follows that the low-frequency term fr−|fp' remains within the band of interest, while the high-frequency components fr−|fp' and harmonics at 2π fp't are effectively attenuated. These unwanted high-frequency terms are eliminated by applying a low-pass filter. Subsequently, Min–Max normalization yields the following in-phase and quadrature components:

fc=B'P(t)cos2πfp−fp't          (15)

fs=B'P(t)sin2πfp−fp't          (16)

where B'=B2 is a constant term.

Since the interest lies in recovering the magnitude rather than the phase of the cardiac-related signal, the envelope of the demodulated signal is obtained from Equations (15) and (16). The resulting magnitude expression is:

|P(t)|=fc2+fs22          (17)

Here, | P(t) | represents the recovered photoplethysmographic signal associated with the cardiac pulse. This recovery is achieved through synchronous detection, as illustrated in Figure 2, ensuring robust isolation of the physiological component from the high-frequency carrier.


[image: ]

Figure 2: Process of the synchronous detection technique for heart rate recovery.


The synchronous detection technique is extensively employed in communications and has also been adapted for use in optical interferometry (Servin et al., 1994). Its underlying principle relies on the property that when two sinusoidal signals of different frequencies are multiplied, the mean value of the resulting function approaches zero, thereby suppressing the DC component of the output. By exploiting this effect, synchronous detection enables the extraction of weak signals embedded in noise. Specifically, the method involves multiplying the measured signal by a sinusoidal wave of a defined frequency, followed by a time-averaging process. When the reference sinusoid matches the frequency of the input signal, the desired component is selectively enhanced while other frequency components are attenuated (Ghaderi & Bahreyni, 2021).

A schematic representation of this process is presented in Figure 2.

Two datasets were collected, each comprising 50 measurements obtained from a 37-year-old female subject. The first dataset was acquired using a commercial device, the MD300C23 CHOICEMED oximeter, while the second dataset was recorded with the prototype system illustrated in Figure 1, which incorporates the synchronous demodulation technique described in Figure 2. The recorded signals were subsequently analysed using the Fourier Transform, allowing the identification of dominant spectral peaks corresponding to the cardiac frequency. These peaks were then used to calculate the heart rate for each measurement, with the results summarized in Table 1.


Table 1: Peaks in the heart rate frequency spectrum.




	Number of observations

	Estimated spectrum frequency data

	Observed CHOICEMED pulse oximeter data






	1

	67

	69




	2

	78

	79




	3

	71

	72




	4

	63

	65




	5

	55

	54




	6

	72

	70




	7

	64

	65




	8

	85

	84




	9

	61

	63




	10

	56

	57




	11

	70

	70




	12

	65

	64




	13

	86

	85




	14

	85

	87




	15

	66

	70




	16

	76

	73




	17

	105

	107




	18

	98

	99




	19

	76

	75




	20

	85

	86




	21

	66

	69




	22

	85

	87




	23

	70

	73




	24

	89

	88




	25

	67

	66




	26

	75

	77




	27

	74

	72




	28

	80

	79




	29

	64

	66




	30

	91

	89




	31

	82

	80




	32

	81

	80




	33

	87

	88




	34

	88

	90




	35

	87

	85




	36

	68

	67




	37

	66

	69




	38

	83

	82




	39

	86

	87




	40

	62

	64




	41

	80

	79




	42

	85

	86




	43

	77

	78




	44

	68

	70




	45

	80

	80




	46

	86

	88




	47

	85

	84




	48

	83

	84




	49

	58

	59




	50

	87

	86








2.3. Synchronous demodulation parameter selection

The selection of the carrier frequency and the integration time for the synchronous demodulation stage was guided by fundamental signal processing considerations and by the specific characteristics of PPG signals. The cardiac-related physiological information of interest is concentrated at low frequencies, typically below 3 Hz, corresponding to heart rates within the expected physiological range. To ensure adequate spectral separation between the physiological content and the modulation carrier, the carrier frequency was chosen to be significantly higher than the highest expected heart rate component, while remaining well below the Nyquist frequency defined by the acquisition sampling rate.

In addition, the selected carrier frequency was intentionally placed away from dominant sources of ambient and electrical interference, such as power-line frequencies (50/60 Hz) and their harmonics, as well as from low-frequency illumination fluctuations. This choice minimizes spectral overlap and facilitates efficient rejection of unwanted components during the subsequent low-pass filtering stage following demodulation. The selected carrier frequency therefore represents a compromise between spectral separation, noise immunity, and implementation simplicity for the prototype hardware.

The integration time used in the synchronous demodulator was selected to balance noise reduction and temporal resolution of the recovered PPG signal. A longer integration window improves signal-to-noise ratio by averaging out high-frequency noise components, but excessively long integration times may attenuate physiologically relevant temporal variations in heart rate. Conversely, very short integration times preserve temporal resolution but reduce noise suppression. Based on these trade-offs, the integration time was selected to be sufficiently longer than the carrier period while remaining short relative to the timescale of heart rate variations, ensuring stable recovery of the PPG envelope without distortion of the underlying cardiac rhythm.

Parameter optimization for the prototype was performed through a combination of literature-based design guidelines and preliminary experimental testing. Initial parameter ranges were defined based on prior studies employing synchronous detection in biomedical and optical measurement systems. These ranges were then refined empirically by evaluating the stability of the demodulated signal, the clarity of the recovered cardiac waveform, and the consistency of the resulting heart rate estimates. The final parameter values were selected to maximize signal stability and repeatability while maintaining compatibility with the constraints of the acquisition hardware and real-time processing requirements.

2.4. Bland–Altman plot construction for derived heart rate comparison

To evaluate the agreement between heart rate (HR) values derived from the proposed system and those obtained from the reference commercial oximeter, a Bland–Altman analysis was conducted. For each paired measurement, the mean heart rate between the two devices was computed and plotted along the horizontal axis, while the difference between the corresponding HR estimates, defined as HRprototype – HRreference, was plotted along the vertical axis. The mean of the differences was calculated to quantify systematic bias between the two measurement methods. The 95% limits of agreement were determined as the bias ± 1.96 times the standard deviation of the differences. This graphical representation enables visualization of agreement, identification of potential systematic trends, and assessment of the dispersion of differences across the range of observed heart rate values (Bland & Altman, 1986).

3. Results and discussion

By applying the described procedure, the spectral peaks obtained through synchronous demodulation, along with the corresponding measurements from the MD300C23 CHOICEMED pulse oximeter, are summarized in Table 1.

The data presented in Table 1 were used to demonstrate the application of the TK-S test. This table summarizes the peak values extracted from the heart rate frequency spectrum. Specifically, Column 1 lists the observation number, while Columns 2 and 3 report, respectively, the estimated spectral frequency values obtained through synchronous demodulation and the corresponding reference measurements recorded with the CHOICEMED MD300C23 pulse oximeter for the same subject.

3.1. Null and alternate hypotheses

Let X1, … , Xm and Y1, … , Yn denote two independent random samples. The null hypothesis states that there is no difference between the distributions of the two samples X and Y. Conversely, the research hypothesis is two-tailed and non-directional, indicating that a difference exists between the two distributions without specifying its direction (Corder & Dale, 2023). This approach enables the detection of deviations in either direction from the null hypothesis.

Formally, the hypotheses are defined as follows:

Ho:F(t)=G(t), for all t

HA:F(t)≠G(t), for at least one value of t

The significance level commonly adopted is α = 0.05, which corresponds to a 95% confidence that any observed statistical difference reflects a true underlying difference rather than random variation.

In this study, we compare two random samples, X and Y, where each sample consists of mutually independent and identically distributed observations. Furthermore, the values of X and Y are independent of each other. To assess whether these samples originate from the same distribution or exhibit significant differences, we apply the TK–S, which provides a non-parametric statistical framework for evaluating distributional equality.

3.2. Compute the test statistic

To initiate the analysis, the first step involves computing the empirical distribution functions (EDF) for the two samples, X and Y. The EDF provides a non-parametric estimate of the cumulative distribution function (CDF) of the data and serves as the foundation for the TK–S test. The procedure can be summarized as follows:

Fm(t)= number of observed X's≤tm

And

Gn(t)= number of observed Y's≤tn

where m = 50 and n = 50.

Using the data presented in Table 1 and applying Equation (1), each divergence value between the empirical distribution functions of the two samples was calculated. These values are summarized in Table 2. This table provides the basis for identifying the maximum divergence between the distributions, which constitutes the TK–S test statistic. By examining these divergences, it becomes possible to determine whether the differences observed between the two datasets are statistically significant, thereby supporting or rejecting the null hypothesis.


Table 2: Divergence values.




	 
	Zi

	F50(Zi)

	G50(Zi)

	|F50(Zi) - G50(Zi)|






	1

	54

	0.00

	0.02

	0.02




	2

	55

	0.02

	0.02

	0.00




	3

	56

	0.04

	0.02

	0.02




	4

	57

	0.04

	0.04

	0.00




	5

	58

	0.06

	0.04

	0.02




	6

	59

	0.06

	0.06

	0.00




	7

	61

	0.08

	0.06

	0.02




	8

	62

	0.10

	0.06

	0.04




	9

	63

	0.12

	0.08

	0.04




	10

	63

	0.12

	0.08

	0.04




	11

	64

	0.16

	0.12

	0.04




	12

	64

	0.16

	0.12

	0.04




	13

	64

	0.16

	0.12

	0.04




	14

	64

	0.16

	0.12

	0.04




	15

	65

	0.18

	0.16

	0.02




	16

	65

	0.18

	0.16

	0.02




	17

	65

	0.18

	0.16

	0.02




	18

	66

	0.24

	0.20

	0.04




	19

	66

	0.24

	0.20

	0.04




	20

	66

	0.24

	0.20

	0.04




	21

	66

	0.24

	0.20

	0.04




	22

	66

	0.24

	0.20

	0.04




	23

	67

	0.28

	0.22

	0.06




	24

	67

	0.28

	0.22

	0.06




	25

	67

	0.28

	0.22

	0.06




	26

	68

	0.32

	0.22

	0.10




	27

	68

	0.32

	0.22

	0.10




	28

	69

	0.32

	0.28

	0.04




	29

	69

	0.32

	0.28

	0.04




	30

	69

	0.32

	0.28

	0.04




	31

	70

	0.36

	0.36

	0.00




	32

	70

	0.36

	0.36

	0.00




	33

	70

	0.36

	0.36

	0.00




	34

	70

	0.36

	0.36

	0.00




	35

	70

	0.36

	0.36

	0.00




	36

	70

	0.36

	0.36

	0.00




	37

	71

	0.38

	0.36

	0.02




	38

	72

	0.40

	0.40

	0.00




	39

	72

	0.40

	0.40

	0.00




	40

	72

	0.40

	0.40

	0.00




	41

	73

	0.40

	0.44

	0.04




	42

	73

	0.40

	0.44

	0.04




	43

	74

	0.42

	0.44

	0.02




	44

	75

	0.44

	0.46

	0.02




	45

	75

	0.44

	0.46

	0.02




	46

	76

	0.48

	0.46

	0.02




	47

	76

	0.48

	0.46

	0.02




	48

	77

	0.50

	0.48

	0.02




	49

	77

	0.50

	0.48

	0.02




	50

	78

	0.52

	0.50

	0.02




	51

	78

	0.52

	0.50

	0.02




	52

	79

	0.52

	0.56

	0.04




	53

	79

	0.52

	0.56

	0.04




	54

	79

	0.52

	0.56

	0.04




	55

	80

	0.58

	0.62

	0.04




	56

	80

	0.58

	0.62

	0.04




	57

	80

	0.58

	0.62

	0.04




	58

	80

	0.58

	0.62

	0.04




	59

	80

	0.58

	0.62

	0.04




	60

	80

	0.58

	0.62

	0.04




	61

	81

	0.60

	0.62

	0.02




	62

	82

	0.62

	0.64

	0.02




	63

	82

	0.62

	0.64

	0.02




	64

	83

	0.66

	0.64

	0.02




	65

	83

	0.66

	0.64

	0.02




	66

	84

	0.66

	0.70

	0.04




	67

	84

	0.66

	0.70

	0.04




	68

	84

	0.66

	0.70

	0.04




	69

	85

	0.78

	0.74

	0.04




	70

	85

	0.78

	0.74

	0.04




	71

	85

	0.78

	0.74

	0.04




	72

	85

	0.78

	0.74

	0.04




	73

	85

	0.78

	0.74

	0.04




	74

	85

	0.78

	0.74

	0.04




	75

	85

	0.78

	0.74

	0.04




	76

	85

	0.78

	0.74

	0.04




	77

	86

	0.84

	0.80

	0.04




	78

	86

	0.84

	0.80

	0.04




	79

	86

	0.84

	0.80

	0.04




	80

	86

	0.84

	0.80

	0.04




	81

	86

	0.84

	0.80

	0.04




	82

	86

	0.84

	0.80

	0.04




	83

	87

	0.90

	0.86

	0.04




	84

	87

	0.90

	0.86

	0.04




	85

	87

	0.90

	0.86

	0.04




	86

	87

	0.90

	0.86

	0.04




	87

	87

	0.90

	0.86

	0.04




	88

	87

	0.90

	0.86

	0.04




	89

	88

	0.92

	0.92

	0.00




	90

	88

	0.92

	0.92

	0.00




	91

	88

	0.92

	0.92

	0.00




	92

	88

	0.92

	0.92

	0.00




	93

	89

	0.94

	0.94

	0.00




	94

	89

	0.94

	0.94

	0.00




	95

	90

	0.94

	0.96

	0.02




	96

	91

	0.96

	0.96

	0.00




	97

	98

	0.98

	0.96

	0.02




	98

	99

	0.98

	0.98

	0.00




	99

	105

	1.00

	0.98

	0.02




	100

	107

	1.00

	1.00

	0.00







Next, we find the largest divergence Dmax = 0.10. Now, we use Equation (2) to calculate the K-S test statistic Z:

Z=Dmax*m*nm+n=0.10*50*5050+50=0.50

Now, we find the p-value using Equation (4) since they satisfy the condition that if 0.27 ≤ Z < 1.

We first need Q using Equation (5):

Q=e−1.233701Z−2=0.0071919

Now, we can use Formula (4):

p=1−2.506628ZQ+Q9+Q25=0.9639

The two-tailed probability, p = 0.9639, was computed and is now compared with the level of risk specified earlier, α = 0.05. If it is greater than the p-value, we must reject the null hypothesis. If is less than the p-value, we must not reject the null hypothesis. Since it is not greater than the p-value (0.05 > 0. 9639), we do not reject the null hypothesis.

We do not reject the null hypothesis, suggesting that the two signals do not present a significant difference.

When reporting the results from the TK-S test, include such information as the sample sizes for each group, the D statistic, and the p-value’s relation to α.

Figure 3 illustrates the CDF of the estimated spectral frequency data (blue) and the reference CHOICEMED pulse oximeter measurements (orange). The TK–S test quantifies the maximum vertical difference between the two CDFs, representing the point of greatest divergence between the empirical distributions. In this case, the maximum difference is approximately 0.10, as indicated by the black arrow. The red dashed line marks the data value at which this divergence occurs, approximately 68.00.


[image: ]

Figure 3: Comparison of the cumulative distribution function of estimated spectrum frequency data and CHOICEMED.


The progression of the two CDFs demonstrates how cumulative probabilities accumulate across the data range. The close alignment of the two curves across most values suggests a high degree of similarity between the distributions, supporting the assumption that the measurements obtained with the proposed synchronous demodulation method are consistent with those recorded by the commercial pulse oximeter.

From the maximum difference observed in Figure 3 (D = 0.10), the TK–S test statistic was calculated and compared with the corresponding critical value at a significance level of α = 0.05. Since the obtained value of D did not exceed the critical threshold, the null hypothesis could not be rejected. This indicates that there is no statistically significant difference between the distributions of heart rate measurements obtained with the synchronous demodulation method and those recorded with the CHOICEMED oximeter. These findings reinforce the reliability of the proposed method, as it produces results statistically consistent with those of a validated commercial device.

For two independent samples of sizes m and n, the Kolmogorov–Smirnov test statistic is defined as

Dm,n=suptFm(t)−Gn(t)

where Fm(t) and Gn(t) are the empirical distribution functions of the two samples. In this case, the maximum difference observed between the two CDFs was Dm,n = 0.10 (Figure 3).

The corresponding critical value for the test at a significance level of α = 0.05 is given by

Dα=c(α)m+nmn

where c(0.05) ≈ 1.36. Substituting the sample sizes into this expression yields the threshold for rejection of the null hypothesis. Since the observed value Dm,n = 0.10 is less than the critical value Dα, the null hypothesis cannot be rejected.

Thus, the statistical analysis confirms that the heart rate distributions obtained with the synchronous demodulation method and with the CHOICEMED oximeter do not differ significantly, demonstrating that the proposed method provides results consistent with those of the commercial reference device.

3.3. Considerations on motion artifacts

During data acquisition, the subject remained at rest, and no controlled motion was introduced, with the goal of minimizing motion-induced distortions in the recorded PPG signals. It is well known that real-world PPG measurements are prone to motion artifacts, which can alter the morphology and distribution of the acquired signals. Within the context of the proposed TK-S framework, such artifacts would likely manifest as significant divergences between the empirical distributions of the reference and prototype signals, potentially increasing the test statistic and leading to the rejection of distributional equivalence. Although motion artifacts were not explicitly evaluated in the present study, future work will examine the behavior of the method under realistic dynamic conditions to assess its robustness in wearable or ambulatory monitoring scenarios.

3.4. Clinical comparison of derived heart rate

To complement the distribution-based comparison provided by the Kolmogorov–Smirnov test, a direct clinical comparison of the derived Heart Rate (HR) values from both devices was performed. The mean absolute error (MAE) between the two measurements was 1.71 bpm, indicating a small average deviation (See Table 3). The mean bias was −0.44 bpm, showing that the proposed device tends to slightly underestimate the heart rate relative to the commercial oximeter. These values fall within clinically acceptable ranges typically reported for photoplethysmography-based heart-rate monitors. Although a complete Bland–Altman analysis is recommended for future studies with larger populations, the present results suggest that the distributional equivalence observed with the TK-S test is consistent with a clinically reasonable agreement in HR estimation.


Table 3: Mean absolute error value.




	Number of observations

	Estimated spectrum frequency data

	Observed CHOICEMED pulse oximeter data

	Sum of the squared errors






	1

	67

	69

	4




	2

	78

	79

	1




	3

	71

	72

	1




	4

	63

	65

	4




	5

	55

	54

	1




	6

	72

	70

	4




	7

	64

	65

	1




	8

	85

	84

	1




	9

	61

	63

	4




	10

	56

	57

	1




	11

	70

	70

	0




	12

	65

	64

	1




	13

	86

	85

	1




	14

	85

	87

	4




	15

	66

	70

	16




	16

	76

	73

	9




	17

	105

	107

	4




	18

	98

	99

	1




	19

	76

	75

	1




	20

	85

	86

	1




	21

	66

	69

	9




	22

	85

	87

	4




	23

	70

	73

	9




	24

	89

	88

	1




	25

	67

	66

	1




	26

	75

	77

	4




	27

	74

	72

	4




	28

	80

	79

	1




	29

	64

	66

	4




	30

	91

	89

	4




	31

	82

	80

	4




	32

	81

	80

	1




	33

	87

	88

	1




	34

	88

	90

	4




	35

	87

	85

	4




	36

	68

	67

	1




	37

	66

	69

	9




	38

	83

	82

	1




	39

	86

	87

	1




	40

	62

	64

	4




	41

	80

	79

	1




	42

	85

	86

	1




	43

	77

	78

	1




	44

	68

	70

	4




	45

	80

	80

	0




	46

	86

	88

	4




	47

	85

	84

	1




	48

	83

	84

	1




	49

	58

	59

	1




	50

	87

	86

	1




	Average

	76.48

	76.92

	2.92








Figure 4 presents the Bland–Altman plot comparing the heart rate (HR) values derived from the proposed system and those obtained from the reference commercial oximeter. The analysis shows a small positive mean difference (bias = 0.44 bpm), indicating minimal systematic overestimation of HR by the proposed method relative to the reference device. The 95% limits of agreement, defined as −2.83 to 3.71 bpm, demonstrate that the majority of the paired measurements fall within a narrow and clinically reasonable range.


[image: ]

Figure 4: Bland-Altman Plot for Heart Rate.


The dispersion of the differences does not exhibit a clear dependence on the magnitude of the mean heart rate, suggesting the absence of proportional bias across the observed HR range. Furthermore, no evident clustering of extreme deviations is observed, and the differences remain relatively uniformly distributed across low and moderate heart rate values. These findings indicate good agreement between the two measurement methods under the controlled experimental conditions considered in this study.

When interpreted in conjunction with the signal-level distributional equivalence demonstrated by the TK-S test, the Bland–Altman results support the conclusion that statistical equivalence at the PPG signal level translates into practically consistent heart rate estimates in this proof-of-concept validation. Nevertheless, given the single-subject and motion-free nature of the dataset, these results should be interpreted as preliminary evidence of methodological consistency rather than definitive clinical validation.

3.5. Experimental conditions and motion artifact considerations

Data acquisition was performed under controlled experimental conditions in which the subject remained at rest, with no intentional body or limb movement during signal recording. This protocol was adopted to minimize motion-induced artifacts and to ensure stable optical coupling between the sensor and the measurement site, thereby allowing the proposed TK-S based validation framework to be evaluated under motion-free conditions. Therefore, the results reported in this study correspond to a controlled scenario and should be interpreted as a methodological validation of the signal processing and statistical comparison approach, rather than as an evaluation under ambulatory or real-world monitoring conditions.

Motion artifacts in photoplethysmography measurements typically manifest as non-physiological amplitude fluctuations, baseline shifts, and spectral distortions, which alter the empirical distribution of the recorded signal. In the presence of such artifacts, these effects would be reflected as increased divergence between empirical distributions and would likely lead to rejection of the null hypothesis of equivalence in the TK-S test. Accordingly, while the proposed framework does not aim to suppress or compensate for motion artifacts, it can serve as a diagnostic tool to assess their impact on signal integrity and agreement between measurement systems. Extension of the present analysis to datasets acquired under controlled or semi-controlled motion conditions constitutes an important direction for future work.

3.6. Limitations and scope of the study

An important limitation of the present study is that the experimental validation was conducted using data acquired from a single subject. As a result, the findings reported here should not be interpreted as a definitive clinical validation of the proposed photoplethysmography-based system. Instead, this work is intended as a methodological and statistical proof of concept, demonstrating the feasibility and sensitivity of the TK–S test for assessing distributional equivalence between PPG signals obtained from a prototype device and a calibrated commercial reference under controlled conditions.

The use of a single subject was a deliberate design choice aimed at minimizing inter-individual physiological variability, such as differences in vascular compliance, skin tone, tissue composition, or body mass index, in order to isolate and evaluate the statistical behaviour of the validation methodology itself. By analysing multiple repeated measurements (n = 50 per device) obtained under comparable conditions, the proposed framework enables a robust within-subject distributional comparison, allowing subtle differences in signal behaviour to be detected without confounding population-level effects.

Consequently, the statistical equivalence demonstrated in this study should be understood as conditional on the specific experimental context and subject considered. While this approach provides strong internal validity for the proposed TK–S based validation strategy, it does not address inter-subject variability and therefore does not support population-wide generalization at this stage.

3.7. Future work

Future studies will extend the proposed validation framework to a heterogeneous cohort of subjects (N > 10), encompassing variability in age, skin tone, and body mass index, to evaluate the robustness and generalizability of the method at the population level. Applying the same TK–S–based distributional comparison across multiple subjects will enable assessment of inter-subject consistency and will constitute a necessary step toward clinical validation of the proposed system.

4. Conclusions

The TK–S test represents a robust and versatile statistical method for comparing distributions of PPG signals. Its non-parametric nature, coupled with simplicity and ease of implementation, makes it a valuable tool for the statistical analysis of cardiac pulse signals.

The present study substantiates the integration of TK–S test into the validation of cardiac pulse measurement devices. By comparing PPG signals acquired through synchronous demodulation with those obtained from a calibrated reference oximeter, the test proved capable of assessing distributional equivalence in a rigorous yet computationally efficient manner. Visualization of the empirical CDFs further illustrated the ability of the method to detect subtle differences in signal behavior, strengthening its role in biomedical signal processing.

The results revealed that the maximum absolute difference between the two empirical CDFs was D = 0.10, with a corresponding test statistic of Z = 0.701. Using the Smirnov approximation, the two-tailed p-value was 0.9639, which is well above the significance threshold α = 0.05. Consequently, the null hypothesis was not rejected, indicating no statistically significant difference between the distributions of the two datasets.

These findings confirm that the proposed device is capable of producing heart rate measurements statistically equivalent to those obtained from a validated commercial instrument. More broadly, the application of the TK–S test in this context underscores its practical value in the validation of biomedical signals without requiring assumptions about the underlying data distribution. Incorporating non-parametric statistical methods such as the TK-S into validation pipelines contributes to the development of reliable, low-cost, and non-invasive monitoring technologies, supporting innovation in both clinical and wearable health applications.

This study establishes the feasibility of using the TK-S test as a rigorous, non-parametric statistical framework for the validation of photoplethysmography-based cardiac pulse measurements. The results show that, under controlled experimental conditions and within a single subject, the heart rate distributions obtained via synchronous demodulation are statistically consistent with those recorded by a validated commercial oximeter. These findings support the proposed approach as a reliable methodological tool for preliminary device validation. However, the results should be interpreted as methodological rather than clinical validation, and future studies involving larger and more diverse cohorts are required to establish population-level generalizability.

5. List of Abbreviations




	TK-S
	two-sample Kolmogorov–Smirnov.


	CDF
	Cumulative distribution function.


	CH4
	Methane.


	PPG
	Photoplethysmography.


	D
	Divergence.


	Z
	Kolmogorov-Smirnov test statistic.


	α
	Significance level.


	p
	Carrier signal.


	r
	Frequency.


	VHR
	Heart rate variability.
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