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Conventional blood glucose measurement devices remain dominated by invasive 

methods that require direct contact with body tissues and cause patient discomfort, 

motivating the development of accurate and non-invasive blood glucose 

monitoring approaches. Therefore, blood glucose estimation has performed using 

Photoplethysmography (PPG) signals by exploiting the Velocity 

Photoplethysmogram (VPG) and the Acceleration Photoplethysmogram (APG) as 

derivative signals. PPG signals were acquired non-invasively from 58 participants 

using an optical MAX30102 sensor placed on the finger. Morphological fiducial 

features and Mel-Frequency Cepstral Coefficients (MFCCs) were extracted from 

PPG, VPG, and APG signals to capture temporal, morphological, and spectral 

characteristics related to peripheral hemodynamic changes. The extracted features 

were then used to model blood glucose levels using a Random Forest algorithm. 

The results showed that the combined use of PPG, VPG, and APG produced the 

best performance, achieving Mean Absolute Error (MAE), Root Mean Square 

Error (RMSE), and Mean Absolute Relative Difference (MARD) values of 6.35 

mg/dL, 9.74 mg/dL, and 6.07%, respectively. Clarke Error Grid Analysis (CEGA) 

showed that 97.44% of the predictions were located in Zone A and 2.56% in Zone 

B, indicating that all estimates were within clinically acceptable regions. The main 

scientific contribution of this study lies in integrating derivative PPG signals with 

fiducial and MFCC-based feature representations within a unified machine 

learning framework. These findings indicate that combining PPG, VPG, and APG 

provides a richer physiological representation than PPG alone and offers practical 

potential for the development of wearable-based, non-invasive blood glucose 

monitoring technology. 

This is an open-access article under the CC–BY-SA license. 
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I. Introduction  
Diabetes Mellitus (DM) is a chronic metabolic 

disorder that requires continuous monitoring of blood 

glucose levels to support effective disease management 

and prevent complications [1], [2], [3]. However, current 

clinical and daily monitoring practices still largely rely on 

invasive techniques that require direct blood sampling. 

These methods may cause discomfort and potentially 

reduce patient adherence, particularly during long-term or 

frequent monitoring [4], [5]. Therefore, non-invasive 

blood glucose monitoring has gained increasing attention 

as an alternative approach for estimating glucose levels 
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without damaging body tissues or requiring blood 

collection [6], [7].  

Among various non-invasive methods, 

photoplethysmography (PPG) has emerged as a promising 

optical technique for glucose estimation. PPG measures 

blood volume changes in microvascular tissue based on 

light absorption characteristics and has been widely used 

in physiological monitoring, including heart rate, heart rate 

variability, oxygen saturation, and blood pressure [8]. 

Because PPG can capture peripheral hemodynamic 

dynamics that may be influenced by glucose metabolism, 

this technique has been increasingly explored for non-

invasive glucose estimation [9], [10]. In addition, its low 

cost, simplicity, and compatibility with wearable devices 

make PPG suitable for continuous health monitoring 

applications [11], [12].  

Previous studies indicate that PPG contains useful 

physiological information for estimating blood glucose 

levels. As the recent studies used physiological, signal-

oriented, and physical parameters derived from PPG 

signals collected with the SFH7050 sensor by Gupta et al. 

[13]. Nie et al. [9] also employed imaging 

photoplethysmography (IPPG) with pulse wave features 

for glucose prediction, while Cheng et al. [14] investigated 

heart rate features, the Teager–Kaiser Energy Operator, 

and log-energy using a visible–near-infrared light source. 

Other studies have explored raw PPG-based modeling [15] 

and Mel-Frequency Cepstral Coefficients (MFCC)-based 

feature extraction to capture spectral information from 

PPG signals [16].  

However, most existing approaches still rely on raw 

PPG signals, pulse waveforms, or feature representations 

from a single domain. Despite these advancements, several 

limitations remain. Raw PPG-based approaches still face 

challenges in representing complex and time-varying 

hemodynamic changes, particularly those associated with 

fluctuations in blood glucose levels. Relying solely on raw 

PPG may produce representations that do not fully capture 

the physiological mechanisms underlying glucose-related 

signal variations. To address these limitations, this study 

explores PPG-derived signals, namely the velocity 

photoplethysmogram (VPG) and acceleration 

photoplethysmogram (APG), as complementary 

representations. VPG and APG provide additional 

information on blood flow velocity, acceleration, and 

vascular elasticity, thereby potentially improving model 

sensitivity to subtle hemodynamic variations. Therefore, 

this study proposes a non-invasive blood glucose 

estimation framework using fiducial features and MFCC-

based features extracted from PPG and its derived signals. 

The extracted features are then modeled using a Random 

Forest algorithm to capture the nonlinear relationship 

between physiological signals and blood glucose levels. 

The main contributions of this study are threefold: (1) the 

integration of PPG-derived signals, namely VPG and 

APG, to enrich physiological representation; (2) the 

combination of fiducial and MFCC features to capture 

both morphological and spectral characteristics; and (3) 

the development of a machine learning-based estimation 

framework with potential applicability to wearable 

continuous glucose monitoring systems. 

 

 

II. Theory 
Non-Invasive Optical Method 

Non-invasive glucose measurement approaches 

commonly rely on optical method based on light with 

biological tissues. Light at specific wavelengths undergoes 

absorption and scattering before being detected [17], [18]. 

The relationship between the incident light intensity and 

the detected intensity follows the Beer-Lambert law as 

expressed in Equation (1). 

 

𝐼 =  𝐼0𝑒−𝜇𝑡𝑑     (1) 

 

Where 𝐼0 represents the incident light intensity, 𝐼 the 

detected light intensity, 𝑑 the optical path length within the 

tissue, and 𝜇𝑡 the total attenuation coefficient. This 

coefficient is composed of the absorption coefficient 𝜇𝑎 

and the scattering coefficient 𝜇𝑠, as expressed in Equation 

(2). 

 

𝜇𝑡 = 𝜇𝑎 + 𝜇𝑠     (2) 

 

In biological tissues, scattering effect are dominant 

therefore the Modified Beer-Lambert law is applied, as 

expressed in Equation (3). 

 

𝐴 = log (
𝐼0

𝐼
) = 𝜀𝑐𝑙 + 𝐺   (3) 

 

Where 𝐴 represents the optical absorbance, 𝜀 is the molar 

extinction coefficient of the chromophore, 𝑐 represents the 

concentration of absorbing substances including glucose, 𝑙 
is the effective optical path length, and 𝐺 is a correction 

factor accounting for tissue scattering. Variations in 

glucose concentration influence the optical properties of 

the tissue and are reflected in the measured signal [19]. 

 

PPG and Its Derivatives 
PPG is an optical technique used to measure blood 

volume changes. The PPG signal can be further analyzed 

through its derivatives to extract more detailed 

physiological information. The first derivative produces 

the VPG, as expressed in Equation (4). 

 

𝑉𝑃𝐺(𝑡) =
𝑑𝑃𝑃𝐺(𝑡)

𝑑𝑡
    (4) 

 

The second derivative produces the APG, as expressed in 

Equation (5). 

 

𝐴𝑃𝐺(𝑡) =
𝑑2𝑃𝑃𝐺(𝑡)

𝑑𝑡2     (5) 
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VPG represents the rate of change in blood volume, while 

APG is associated with blood flow acceleration and 

vascular elasticity [20]. 

 

MFCCs 
MFCCs are used to represent the nonlinear spectral 

characteristics of physiological signals such as PPG. This 

method effectively captures the frequency energy 

distribution related to hemodynamic dynamics [16]. The 

initial step involves windowing using a Hamming 

function, as expressed in Equation (6). 

 

𝑦(𝑛) = 𝑥(𝑛)𝑤(𝑛)    (6) 

 

The frequency is then mapped to the Mel scale, as 

expressed in Equation (7). 

 

𝑓𝑚𝑒𝑙 = 2595 log (1 +
𝑓

700
)   (7) 

 

Finally, cepstral coefficients are obtained using the 

Discrete Cosine Transform (DCT), as expressed in 

Equation (8). 

 

𝑐(𝑛) =  ∑ log(𝑠(𝑚)) cos (
𝜋𝑛(𝑚+0.5)

𝑀
)𝑀−1

𝑚=0   (8) 

 

 

III. Method 
This study employed an experimental-computational 

research design. The experimental component involved 

acquiring PPG signals using a non-invasive optical sensor, 

while the computational component included signal 

preprocessing, derivative generation, feature extraction, 

machine learning modeling, and performance evaluation 

for blood glucose estimation. 

A non-invasive approach based on the optical 

MAX30102 sensor has been developed as illustrated in 

Figure 1. This sensor has been widely employed for finger-

based PPG signal acquisition [21]. Data collection was 

conducted with 58 subjects, and PPG signals were 

recorded at 100 Hz for 100 s per subject. For clinical 

reference and comparison, invasive measurements were 

also performed using a commercial EasyTouch glucometer 

to obtain ground-truth blood glucose values. 

Subjects were recruited using a convenience 

sampling approach. The reference blood glucose 

measurements were obtained under pre-prandial and post-

prandial conditions to capture variations in glucose levels 

before and after food intake. During data acquisition, each 

subject was instructed to remain seated and keep the finger 

stable on the sensor to minimize motion artifacts. Subjects 

with incomplete measurements or severely distorted PPG 

recordings were excluded from further analysis. Detailed 

demographic characteristics, such as age, sex, and diabetes 

status, were not analyzed in detail in this study and are 

therefore acknowledged as a methodological limitation. 

The PPG signals from each subject were 

subsequently segmented into 10-s windows to increase the 

sample count. Prior to derivative computation, the raw 

PPG signals were preprocessed using a fourth-order 

Chebyshev Type II bandpass filter, which has been 

reported to enhance PPG signal quality [22]. Filtering was 

implemented with a stopband attenuation of 20 dB within 

the frequency range of 0.5–8 Hz. From the filtered PPG 

signals, first- and second-order derivatives were 

computed. 

 

 
Figure 1. Data acquisition device using the MAX30102 sensor 

 

Fiducial feature extraction was performed on the 

PPG, VPG, and APG signals, as illustrated in Figure 2. 

Two principal points (a and b) were identified in the PPG 

waveform, three points (a, b, and c) in the VPG waveform, 

and five points (a through e) in the APG waveform. All 

fiducial points were detected at local extrema, either peaks 

or troughs, corresponding to slope changes in the 

waveform [23]. 

 

 
Figure 2. Fiducial points in the signals 
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In addition to fiducial features, spectral features were 

extracted using MFCCs. This process involves segmenting 

the signal into frames of 128 samples with a hop length of 

32 samples. Each frame is then multiplied by a Hamming 

window to reduce spectral discontinuities. The spectral 

energy is subsequently projected onto the Mel scale using 

triangular filter banks, followed by logarithmic 

compression and a DCT to obtain the MFCCs coefficients. 

Blood glucose estimation modeling was conducted 

using the Random Forest algorithm, an ensemble learning 

method based on decision trees that independently 

construct multiple trees via bootstrap sampling. For 

regression tasks, the final prediction is obtained by 

averaging the outputs of all constituent trees, thereby 

reducing model variance and mitigating overfitting 

relative to a single-tree approach. In addition, Random 

Forest is robust to noise and facilitates the analysis of the 

relative contributions of individual features to the model 

output [24]. The model was configured using predefined 

parameters, as summarized in Table 1.  

 
Table 1. Random forest parameter 

Parameter Value 

n-estimators 300 

max_depth 15 

min_samples_leaf 2 

 

Model validation was performed using a hold-out 

validation strategy. The dataset was divided into 80% 

training data and 20% testing data. The training data were 

used to build the Random Forest model, while the testing 

data were used to evaluate the final prediction performance 

on unseen data. This validation approach was applied to 

assess the ability of the model to estimate blood glucose 

levels beyond the data used during training. 

System performance was evaluated using a 

combination of numerical and clinical metrics, namely 

Mean Absolute Error (MAE), Root Mean Square Error 

(RMSE), Mean Absolute Relative Difference (MARD), 

and Clarke Error Grid Analysis (CEGA), to provide a 

comprehensive assessment of predictive accuracy and 

clinical relevance. MAE was employed to quantify the 

average absolute deviation between estimated and 

reference values, expressed in mg/dL. RMSE penalizes 

large errors more heavily and thus reflects overall 

prediction stability. MARD is expressed as a percentage 

and is widely used in glucose monitoring systems. CEGA 

was applied to assess the clinical significance of the 

estimation results by mapping predictions into Zones A–

E, where dominance in Zones A and B indicates clinically 

acceptable performance. 

 

IV. Results and Discussion 
This study evaluates a non-invasive approach to 

estimate blood glucose from PPG signals and their 

derivatives, VPG and APG. After preprocessing, the 

signals were analyzed using two main representations: 

fiducial features from pulse morphology and spectral 

features based on MFCC. These inputs were then provided 

to a Random Forest model to capture peripheral 

hemodynamic changes linked to blood glucose 

fluctuations, which are nonlinear and not fully evident in 

the raw PPG waveform. 

Differences in PPG signal characteristics before and 

after preprocessing are illustrated in Figure 3. The raw 

PPG signal showed irregular amplitude fluctuations, 

baseline drift, and undesirable low- and high-frequency 

components, which were likely caused by finger motion 

artifacts, sensor contact instability, and environmental 

noise. After applying a fourth-order Chebyshev Type II 

bandpass filter within the frequency range of 0.5–8 Hz, the 

waveform became smoother and more periodic, with 

clearer systolic peaks and diastolic decay phases. This 

improvement indicates that the filtering process 

successfully preserved the dominant cardiovascular 

components while suppressing non-physiological 

disturbances. A cleaner waveform is important because 

inaccurate peak detection may directly affect the reliability 

of fiducial feature extraction, especially for derivative 

signals such as VPG and APG, which are more sensitive 

to noise amplification.  

 

 
Figure 3. PPG signals before and after preprocessing 

 

The extraction of fiducial points from PPG, VPG, and 

APG signals demonstrates that relevant pulse morphology 

information was successfully captured. In the PPG 

waveform, the systolic peak and diastolic peak represent 

blood ejection and peripheral wave reflection during early 

diastole. In the VPG signal, the detected characteristic 

points reflect changes in the slope of the PPG waveform, 

which are related to blood flow velocity within one cardiac 

cycle. Meanwhile, the APG signal provides second-order 

information associated with acceleration and deceleration 

of blood volume changes, which may reflect vascular 

elasticity, arterial stiffness, and peripheral resistance. 

Therefore, the use of derivative signals is physiologically 

meaningful because glucose-related changes may not only 

affect the amplitude of the PPG waveform but may also 

influence vascular tone, microcirculatory dynamics, and 

pulse wave propagation. Collectively, the fiducial points 

extracted from PPG, VPG, and APG produced 20 

amplitude- and temporal-based features.
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(a) 

 
(b) 

Figure 4. (a) Preprocessed PPG signal and (b) MFCCs coefficients map in the time-frequency domain 

 

 

Table 2. Blood glucose estimation performance for different 

signal combinations 

Feature 
MAE 

(mg/dL) 

RMSE 

(mg/dL) 

MARD 

(%) 

PPG 6.39 9.96 6.08 

VPG 6.47 9.82 6.17 

APG 6.75 9.87 6.49 

PPG+VPG 6.42 9.87 6.12 

PPG+APG 6.51 9.85 6.16 

VPG+APG 6.49 9.79 6.21 

PPG+VPG+APG 6.35 9.74 6.07 

 

The performance of the Random Forest model under 

different signal combinations is reported in Table 2. The 

combination of PPG, VPG, and APG achieved the best 

performance, with an MAE of 6.35 mg/dL, RMSE of 9.74 

mg/dL, and MARD of 6.07%. This result suggests that the 

original PPG signal alone may not contain sufficient 

information to fully represent blood glucose-related 

physiological changes. The addition of VPG and APG 

improved the model performance because these derivative 

signals provide complementary information regarding 

blood flow velocity and acceleration patterns. The 

improved accuracy may be due to a richer representation 

of peripheral hemodynamic responses when 

morphological, velocity-related, and acceleration-related 

features are combined. This finding supports the 

assumption that blood glucose variation may influence 

peripheral circulation through complex and nonlinear 

mechanisms, which are better captured using multiple 

signal representations rather than a single waveform [25]. 

The MFCC features also contributed to the 

approach's performance by capturing the spectral 

characteristics of the PPG-derived signals. While fiducial 

features describe specific time-domain pulse morphology, 

MFCCs summarize frequency-domain patterns that may 

not be directly observable from peak-based measurements. 

The combination of fiducial and MFCC features therefore 

enables the model to learn both local morphological 

changes and broader spectral patterns. 

The clinical relevance of the estimation results was 

further examined using CEGA, as shown in Figure 5. The 

distribution of predictions indicates that 97.44% of the 

points fell within Zone A and 2.56% within Zone B, with 

all predictions residing in clinically acceptable regions. 

The predominance of Zone A indicates that most estimates 

were very close to reference values, whereas the small 

proportion in Zone B represents minor deviations unlikely 

to influence clinical decision-making. These findings 

confirm that the approach is not only statistically robust 

but also demonstrates practical potential for non-invasive 

blood glucose monitoring. 

 

 
Figure 5. Distribution of glucose predictions on the 

CEGA 
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A summary of the comparison with previous studies 

is presented in Table 3. Compared with Study [9], which 

reported an MAE of 30.96 mg/dL, an RMSE of 8.90 

mg/dL, and an MARD of 22.25% using IPPG pulse 

waveform data, the method achieved substantially lower 

MAE and MARD. This difference may be related to the 

use of derivative signals and combined fiducial-MFCC 

features, which provide a more complete representation of 

pulse dynamics. Compared with Study [16], which used 

two MFCC variants and achieved MAE and RMSE of 9.85 

mg/dL and 16.66 mg/dL, respectively, the method also 

showed lower estimation errors. This suggests that MFCC 

features may be more effective when combined with 

physiologically interpretable fiducial features rather than 

used alone. Compared with Study [14], which used HR, 

TKEO, and log-energy features and reported an MAE of 

11.16 mg/dL and an RMSE of 14.60 mg/dL, the approach 

also demonstrated better  

The results indicate that combining PPG, VPG, and 

APG signals with fiducial and MFCC features is a 

promising approach for non-invasive blood glucose 

estimation. The method achieved competitive performance 

compared with previous PPG-based studies and 

demonstrated clinically acceptable predictions based on 

CEGA analysis. However, further investigation with larger 

datasets, broader glucose ranges, more subjects, and 

stronger statistical validation is required before the method 

can be considered reliable for practical wearable-based 

glucose-monitoring applications. 

 

Table 3. Comparison of the approach with previous studies 

Reference Dataset 

Range 

Glucose 

(mg/dL) 

Features 

Result 

MAE 

(mg/dL) 

RMSE 

(mg/dL) 

MARD 

(mg/dL) 
CEGA (%) 

[13] Self-collected 

using 

SFH7050 

sensor 

84-199 Physiological, 

signal 

oriented 

characteristic, 

and physical 

parameter 

8.31 - - A = 96.15 

B = 2.85 

[9] Self-collected 

IPPG using 

NIR camera 

70-150 Pulse 

waveform 

30.96 8.90 22.25 A = 89.60 

B = 10.40 

[16] Self-collected 

dataset 

50-400 Two MFCCs 

variants 

9.85 16.66 - A = 92.10 

B = 5.82 

[15] VitalDB and 

MUST 

datasets 

0-400 Raw PPG 14.80 19.70 - A = 76.60 

B = 32.40 

[14] Self-collected 

using 

photodiode 

with Vis-NIR 

light source 

70-167 HR, TKEO & 

Log-energy 

11.16 14.60 - A = 95.09 

B = 4.91 

Our Study Self-collected 

using 

MAX30102 

70-150 PPG, VPG, 

and APG 

fiducial with 

MFCCs 

6.35 9.74 6.07 A = 97.44 

B = 2.56 

 

V. Conclusion 
This study demonstrates that integrating fiducial 

morphology features and MFCC-based spectral 

representations from PPG and its derivatives provides a 

promising framework for non-invasive blood glucose 

estimation. The main scientific contribution of this work 

lies in the systematic use of PPG, VPG, and APG signals 

within a unified feature-extraction and machine-learning 

framework, enabling the comprehensive representation of 

both morphological and spectral characteristics of 

peripheral hemodynamics. The best performance was 

achieved with the combined PPG, VPG, and APG signals 

and the Random Forest model, yielding MAE, RMSE, and 

MARD values of 6.35 mg/dL, 9.74 mg/dL, and 6.07%, 

respectively. In addition, CEGA showed that all predicted 

values were located in clinically acceptable regions, with 

97.44% in Zone A and 2.56% in Zone B. These findings 

indicate that derivative-based PPG representations can 

provide complementary physiological information on 

blood flow velocity, acceleration, and vascular responses, 

thereby improving glucose estimation compared with PPG 

alone. Despite these promising results, this study has 

several limitations, including the use of a self-collected 

dataset with a relatively small number of subjects and a 

narrow glucose range. Therefore, future research should 

involve larger, more diverse datasets and a wider range of 

glucose concentrations. Further studies may also explore 

deep learning approaches and the development of real-

time wearable systems for continuous non-invasive blood 

glucose monitoring. 
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