














non-diabetic subjects. Relative to the previous figure 
filtered with M = 5, the signals in this graph exhibit 
increased smoothness and reduced high-frequency 
fluctuations. The diabetic signal Fig. 6 (a) shows a more 
attenuated waveform with less pronounced peaks, 
suggesting that a larger MAV window may suppress subtle 
morphological features critical for classification. 
Meanwhile, the non-diabetic signal Fig. 6 (b) retains its 
periodic structure but with slightly dampened amplitude 
dynamics compared to the M = 5 version. 

This comparison highlights the trade-off introduced by 
increasing the MAV window size: while M = 10 improves 
noise suppression and baseline stability, it may also reduce 
the visibility of fine-grained vascular features, particularly 
in diabetic subjects where signal morphology is already 
compromised. These observations underscore the 
importance of selecting an optimal MAV parameter that 
balances denoising with feature preservation to support 
effective CNN-based diabetic classification.

 
(a)                                                                                                               (b) 

Fig. 6. PPG signals filtered with MAV (M = 10) for (a) diabetic and (b) non-diabetic subjects. 

 
(a)                                                                                                               (b) 

Fig. 7. PPG signals filtered with MAV (M = 15) for (a) diabetic and (b) non-diabetic subjects. 

 
(a)                                                                                                               (b) 

Fig. 8. PPG signals filtered with MAV (M = 20) for (a) diabetic and (b) non-diabetic subjects. 

Increasing M values to 15 and 20, we obtained PPG 
signals as illustrated in Figs. 7 and 8. Compared to the 
earlier figures with M = 5 and M = 10, these signals exhibit 

significantly smoother waveforms with reduced amplitude 
fluctuations and sharper noise suppression. In particular, 
the diabetic signals show a pronounced flattening effect, 
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where peak structures become less distinct, and waveform 
morphology is increasingly attenuated. This may hinder 
the model’s ability to extract fine-grained features relevant 
to vascular abnormalities. 

In contrast, non-diabetic signals retain more of their 
periodic structure even at higher MAV values, though the 
amplitude dynamics are visibly dampened. The 
comparison across all four window sizes reveals a clear 
trade-off: smaller MAV windows (e.g., M = 5) preserve 
more physiological detail but allow residual noise, while 
larger windows (e.g., M = 20) enhance smoothness at the 
cost of morphological fidelity. These observations suggest 
that moderate filtering (e.g., M = 10) may offer a balanced 
compromise between noise reduction and feature 
preservation, particularly for CNN-based diabetic 
classification tasks where waveform integrity is critical.  
B. Evaluation of ResNet Models 

We begin by evaluating three ResNet architectures: 
ResNet18, ResNet34, and ResNet50. These models were 
selected due to their feasibility of deployment on low-
performance machines, thereby making them suitable 
candidates for prototyping. Furthermore, ResNet 
architectures are widely recognized in the literature and 
have consistently demonstrated strong performance across 
a variety of classification tasks. 

In deep learning–based classification, model 
performance is typically assessed using a confusion 
matrix, which provides a detailed summary of predicted 
versus actual class distributions. Figs. 9–11 show the 
confusion matrix results of ResNet18, ResNet34, and 
ResNet50, respectively. These three bar charts present a 
comparative analysis of the performance metrics of 
accuracy, precision, recall, and F1-score, for ResNet18, 
ResNet34, and ResNet50 models, respectively, across 
datasets filtered using a moving average filter (MAV) with 
varying parameter values (denoted as M=5, M = 10, 
M = 15, and M = 20), where M = 1 is corresponds to the 
unfiltered dataset. Each chart illustrates how the 
performance of the respective ResNet architecture varies 
as the MAV window size M increases, reflecting the 
impact of dataset smoothing on model evaluation metrics. 
For all three models, a general trend is observable: as the 
MAV window size M increases from 1 to 20, the 
performance metrics initially exhibit fluctuations, but tend 
to stabilize or slightly improve for moderate values of M. 
Specifically, ResNet18 demonstrates relatively high and 
stable performance across all metrics, with minor 
variations as M increases. The ResNet34 model shows a 
similar pattern, maintaining robust performance in 
accuracy, precision, recall, and F1-score, though a slight 
decline in precision and recall is noticeable at higher M 
values. ResNet50, being the deepest architecture among 
the three, exhibits the most consistent performance across 
all metrics, with only marginal degradation in precision 
and recall at the highest M value (M=20). The results 
suggest that dataset filtering using MAV can influence 
model performance, with moderate filtering (e.g., M = 5 to 
M = 10) potentially enhancing or maintaining evaluation 
metrics by reducing noise in the data. However, excessive 
filtering (e.g., M = 20) may lead to a slight reduction in 
precision and recall, likely due to the loss of fine-grained 

information in the dataset. Overall, these findings 
underscore the importance of selecting an appropriate 
MAV. 

 

 
Fig. 9. Classification performance metrics of ResNet18. 

 
Fig. 10. Classification performance metrics of ResNet34. 

 
Fig. 11. Classification performance metrics of ResNet50. 

In addition to the confusion matrix, learning curves are 
employed as graphical tools to illustrate a model’s 
performance (e.g., accuracy, loss, or error rate) relative to 
the number of training iterations, epochs, or sample size. 
These curves play a critical role in evaluating and 
diagnosing the effectiveness of deep learning models.  In 
this simulation, we present the learning curve results of 
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models trained, validated, and tested using the PPG-BP 
Dataset-M10, which is the filtered dataset obtained with 
M = 10 in the MAV filter. This dataset was selected 
because it demonstrated perfect performance in the 
confusion matrix. 

Figs. 12–Fig. 14 present the learning curves of three 
variants of the ResNet architecture—ResNet18, ResNet34, 
and ResNet50—indicating the training and validation loss 
over 100 epochs. Each graph illustrates the progression of 
loss values for both the training (blue line) and validation 
(orange line) datasets, offering insight into the models’ 
learning dynamics and generalization capabilities. 

In terms of loss plots, a similar trend is observable: both 
the training and validation loss values exhibit a rapid 
decline in the initial epochs, followed by a gradual 
stabilization as training progresses. 

This pattern is characteristic of effective model training, 
where the loss decreases sharply at the beginning due to 
the model learning general features, and then plateaus as it 
refines its parameters. The close alignment between the 
training and validation loss curves across all models 
suggests that there is no significant overfitting, as the loss 
on the validation set remains comparable to that of the 
training set throughout the epochs. 

 
Fig. 12. Learning curve of ResNet18 model using PPG-BP Dataset-M10. 

 
Fig. 13. Learning curve of the ResNet34 model using PPG-BP Dataset-M10. 

 
Fig. 14. Learning curve of the ResNet50 model using PPG-BP Dataset-M10 

The training and validation loss curves employing PPG-
BP Dataset-M10 for three variants of the ResNet 
architecture—ResNet18, ResNet34, and ResNet50—over 
100 epochs. Each graph illustrates the progression of loss 
values for both the training (blue line) and validation 
(orange line) datasets, offering insight into the models’ 

learning dynamics and generalization capabilities. 
Remarkably, the ResNet18 model appears to achieve 
slightly lower loss values compared to ResNet34 and 
ResNet50, which may indicate its efficiency in converging 
faster with fewer parameters. 
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The ResNet50 model, while deeper and more complex, 
does not show a substantial advantage in terms of loss 
reduction, implying that the increased depth does not 
necessarily translate to better performance on this 
particular dataset. Overall, these curves reflect the models’ 
ability to generalize well to unseen data, with minimal 
divergence between training and validation losses, thus 
demonstrating robust learning and effective regularization. 

In the case of training and validation accuracy across all 
three models, a rapid increase in accuracy is observed 
within the initial epochs, followed by a plateau as training 
continues. This trend indicates that the models quickly 
learn discriminative features from the data, achieving high 
accuracy early in the training process. The close overlap 
between the training and validation accuracy curves for 
each model suggests effective generalization, with 
minimal signs of overfitting. Notably, all three 
architectures ultimately converge to similar accuracy 
levels, hovering around 0.95 to 1.00, which underscores 
their capability to achieve high performance on the given 
task. The ResNet18 model, despite its relatively simpler 
architecture, demonstrates competitive accuracy compared 
to the deeper ResNet34 and ResNet50 models. The 
consistency between training and validation accuracy 
further reinforces the robustness of these models in 
maintaining performance across unseen data, aligning with 
expectations for well-regularized deep learning 
architectures. 

C. Evaluation of EfficientNet Models 
Confusion matrix results of the EfficientNet models’ 

evaluation are shown in Figs. 15–17, summarizing the 
performance of three EfficientNet variants, EfficientNet 
V2-M, EfficientNet V2-S, and EfficientNet-Lite, across 
datasets filtered using MAV with varying parameter 
values. The evaluation metrics include accuracy, 
precision, recall, and F1-score, offering insights into how 
each model responds to different levels of dataset 
smoothing. Overall, the results indicate that moderate 
dataset filtering (M = 10) enhances model performance 
across all EfficientNet variants, particularly in terms of 
accuracy and recall. However, excessive filtering (M = 20) 
tends to reduce accuracy and precision, suggesting that an 
optimal MAV parameter is crucial for balancing data 
smoothing and the preservation of informative features. 
EfficientNet Lite consistently demonstrates resilience to 
varying MAV parameters, particularly in precision and recall, 
making it a robust choice for tasks requiring high 
generalization and reliability. 

These findings highlight the importance of selecting an 
appropriate MAV parameter to maximize model 
performance while mitigating the loss of critical data 
features.  

Similar learning curve patterns are observed in the 
evaluation of EfficientNet models, as illustrated in Fig. 18, 
where EfficientNet-Lite is used as an example. In contrast 
to the ResNet models, which achieved stable and high 
accuracy with minimal divergence between training and 
validation metrics, the current model displays more erratic 
behavior in both loss and accuracy. 

 

 
Fig. 15. Classification performance metrics of EfficientNet V2-M. 

 
Fig. 16. Classification performance metrics of EfficientNet V2-S. 

 
Fig. 17. Classification performance metrics of EfficientNet-Lite. 

 
(a) 
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(b) 

Fig. 18. Learning curve of the EfficientNet-Lite model using PPG-BP 
Dataset-M10 for (a) loss and (b) Accuracy trends. 

D. Evaluation of MobileNet Models 
The metric evaluation of the MobileNet series is shown 

in Figs. 19–21. The different performance of the 
MobileNet variants, MobileNet-V3-Large, MobileNet-
V3-Small, and MobileNet-V2-Small, is illustrated in the 
confusion matrix. 

Each figure presents the performance metrics of 
accuracy, precision, recall, and F1-score across various 
values of the MAV window size M, which represents the 
average number of the moving averaging filter. This 
parameter influences the smoothing effect on the model’s 
predictions and, consequently, its performance metrics. 

 
Fig. 19. Classification performance metrics of MobileNet-V3-Large. 

Fig. 19 shows the performance of MobileNet-V3-Large 
Evaluation. The performance metrics exhibit distinct 
trends as the MAV window size M varies. At M = 1, the 
model starts with relatively lower performance across all 
metrics, likely due to minimal smoothing. As M increases 
to M = 5 and M = 10, there is a significant improvement in 
accuracy, precision, recall, and F1-score, with all metrics 
peaking at M = 10. This suggests that an intermediate level 
of smoothing enhances the model’s ability to generalize 
and perform optimally. However, beyond M = 10, 
particularly at M = 15 and M = 20, the performance metrics 
decline. This indicates that excessive smoothing may 
introduce lag or over-smoothing, thereby degrading the 

model’s performance. 
Fig. 20 indicates the MobileNet-V3-Small model 

evaluation, demonstrating a similar pattern in its 
performance metrics as the MAV window size M 
changes. Initially, at M = 1, the metrics are lower, 
reflecting insufficient smoothing. However, as M 
increases to M = 5 and M = 10, the performance metrics 
improve significantly, reaching their highest values at 
M = 10. This indicates that the model benefits from an 
optimal level of smoothing at this point. Beyond M = 10, 
the performance metrics decline at M = 15 and M = 20, 
suggesting that further increasing the moving average 
parameter leads to diminished returns and potential over-
smoothing. 

 
Fig. 20. Classification performance metrics of MobileNet-V3-Small. 

 
Fig. 21. Classification performance metrics of MobileNet-V2-Small. 

The selection M = 10 for the MAV filter is considered 
optimal because it balances noise suppression with the 
preservation of physiologically relevant signal features. 
Smaller window sizes, such as M = 1 or M = 5, fail to 
adequately smooth high-frequency noise, leaving residual 
fluctuations that obscure waveform morphology. Larger 
windows, on the other hand, tend to over-smooth the 
signal, distorting critical features such as systolic peaks 
and dicrotic notches. With M = 10, the filter achieves 
sufficient smoothing to reduce random noise while 
maintaining temporal resolution, ensuring accurate 
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detection of PPG characteristics essential for biomedical 
analysis. 

Similarly, the evaluation of the MobileNet-V2-Small 
model (Fig. 21) also reveals a comparable trend in 
performance metrics as the MAV window size M varies. 
The model starts with lower values for accuracy, precision, 
recall, and F1-score at M = 1. These metrics improve as M 
increases to M = 5 and M = 10, with the highest 
performance observed at M=10. However, further 
increasing M to M = 15 and M = 20 results in a decline in 
performance metrics. This pattern is consistent with the 
evaluations of the other MobileNet variants, reinforcing 
the idea that M = 10 is the optimal value for achieving the 
best balance between smoothing and model performance. 

Among the MobileNet series, MobileNet-V2-Small 
was selected based on its favorable learning curve 
characteristics. The training plots demonstrate effective 
convergence and strong generalization performance over 
100 epochs. In the loss curve, both training and validation 
losses show a steep decline during the initial epochs, 
indicating rapid learning and successful optimization of 
model parameters. The losses stabilize near zero in later 
epochs, suggesting that the model has minimized error 
without overfitting, as evidenced by the close alignment 
between training and validation trajectories. 

The accuracy curve further supports this observation. 
Both training and validation accuracies increase sharply in 
the early stages and plateau near 1.0, reflecting high 
classification performance across both datasets. The 
minimal gap between training and validation accuracy 
implies that the model generalizes well to unseen data, a 
critical requirement for reliable diabetic classification. 
This behavior is particularly notable given the limited size 
of the dataset, highlighting the effectiveness of transfer 
learning and the architectural efficiency of MobileNet-V2-
Small. 

Overall, the learning curves suggest that MobileNetV2S 
achieves a favorable balance between model complexity 
and performance. Its lightweight design enables fast 
convergence and high accuracy while maintaining 
robustness against overfitting—making it a strong 
candidate for deployment in resource-constrained 
environments such as portable diagnostic devices. 

TABLE IV. THE SELECTED MODEL FOR M = 10 (OPTIMAL VALUE) 

Model Size 
(MB) Accuracy Precision Recall F1-

score 
ResNet34 81.3 100 100 100 100 

EfficientNet-Lite 13.1 100 100 100 100 
MobileNet-V2-

Small 8.73 100 100 100 100 

 
Considering computational complexity and model size, 

it is also important to evaluate the feasibility of 
implementing the model as a prototype within practical 
resource constraints. We propose that the top-performing 
models from each family—specifically ResNet34, 
EfficientNet-Lite, and MobileNet-V2-Small—are suitable 
for implementation as prototypes on microcontrollers, 
Raspberry Pi, and other single-board computers (SBCs). 
The memory footprints of these models are summarized in 

Table IV. As indicated by the data, MobileNet-V2-Small 
and EfficientNet-Lite are particularly well-suited for 
deployment on resource-constrained microcontroller 
devices. 

The comparative results presented in the table highlight 
a critical dimension in modern machine learning research: 
the balance between model performance and 
computational efficiency. While ResNet34, EfficientNet-
Lite, and MobileNet-V2-Small all achieve perfect scores 
across Accuracy, Precision, Recall, and F1-score, their 
model sizes differ substantially. This discrepancy 
underscores the importance of considering not only 
predictive capability but also the computational footprint 
of a model when evaluating its suitability for real-world 
applications. From a deployment perspective, smaller 
models such as EfficientNet-Lite (13.1 MB) and 
MobileNet-V2-Small (8.73 MB) offer significant 
advantages. 

The perfect classification performance across 
ResNet34, EfficientNet-Lite, and MobileNet-V2-Small 
can be attributed to the effectiveness of transfer learning. 
By initializing the models with pretrained weights, the 
networks inherited robust feature representations that 
generalized seamlessly to our dataset. This enabled the 
classifier to achieve complete separability of the classes, 
as reflected in the flawless confusion matrix values. The 
consistency across architectures of varying sizes further 
demonstrates that the discriminative features required for 
this task were adequately captured by the pretrained 
models, highlighting the efficiency of transfer learning in 
biomedical signal classification. Their reduced memory 
requirements and faster inference times make them 
particularly well-suited for environments with limited 
resources, such as mobile devices, embedded systems, and 
edge computing platforms. In contrast, ResNet34, with a 
size of 81.3 MB, may pose challenges in such contexts 
despite its flawless performance. This observation aligns 
with broader trends in the field, where lightweight 
architectures are increasingly favored for practical 
implementation without compromising accuracy. 

The fact that EfficientNet-Lite and MobileNet-V2-
Small match ResNet34’s performance demonstrates the 
success of these innovations in bridging the gap between 
efficiency and effectiveness. This raises important 
questions about scalability: whether similar efficiency 
gains can be maintained across more complex datasets, 
larger-scale tasks, or domains requiring higher variability 
in input data. The ability to achieve high accuracy with 
minimal resource demands is increasingly valued. Thus, 
the table provides compelling evidence that lightweight 
models are not merely alternatives but viable frontrunners 
in the pursuit of efficient, scalable, and accessible artificial 
intelligence systems. 

The dataset used in this study is the same as that 
employed in previous work [28]. No new dataset was 
added, as expanding the dataset was constrained by the 
need for ethical clearance, the time-intensive process of 
subject recruitment, and the logistical challenges 
associated with obtaining diabetic measurements. To 
reduce the risk of overfitting, this study employed transfer 
learning using pretrained CNN models rather than training 
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all models from scratch. However, we acknowledge that 
transfer learning alone is not sufficient to guarantee model 
generalizability. 

Table V presents a comparative analysis of various 
methodologies for diabetes detection using PPG signals, 
contrasting established literature with the authors’ proposed 
approach. While previous studies have utilized a range of 
techniques, including time-frequency analysis (Susana et 
al.), lightweight 1D Convolutional Neural Networks 

(CNNs) [23, 25], and feature-based machine learning [28], 
they often rely on raw temporal data or manual feature 
extraction. In contrast, the proposed study introduces a 
novel pipeline that converts PPG-BP signals into waveform 
images processed through a MAV filter and pretrained 2D 
CNNs. This methodology achieves a perfect 100% in 
accuracy, precision, recall, and F1-score at a window size of 
M=10, effectively addressing the performance gaps 
identified in prior research. 

 
TABLE V.  COMPARISON OF THE PROPOSED METHOD WITH PREVIOUSLY PUBLISHED PPG-BASED DIABETES CLASSIFICATION STUDIES 

Ref. Dataset Method Main Result Remarks 

[10] PPG signal Time–frequency 
analysis Promising classification performance Relies on feature/time–frequency 

representation 

[23] Raw PPG wave Light CNN Effective type-2 diabetes detection Uses a lightweight CNN on raw/single PPG 
wave 

[25] PPG features Machine learning-based 
diabetes detection 

Demonstrated feasibility of PPG-
based diabetes detection Uses a feature-based ML approach 

[28] Short-time PPG signal 1D CNN Diabetes detection using temporal 
PPG representation Directly processes a 1D time-series signal 

Proposed PPG-BP converted into 
waveform images 

MAV filter + pretrained 
2D CNNs 

Demonstrated superior classification 
performance metrics at M = 10 

Systematically evaluates MAV window size 
and lightweight CNN models 

 
E. Limitations and Future Work 

This study has several limitations, as it relies on a single 
public dataset (PPG-BP) comprising 219 subjects, of whom 
38 were diagnosed with diabetes. The relatively small 
sample size, along with the use of a binary classification 
framework (diabetic vs. non-diabetic), may limit the 
generalizability of the findings. Expanding the dataset was 
constrained by ethical clearance requirements, the time-
intensive nature of subject recruitment, and the logistical 
challenges of obtaining diabetic measurements. Although 
transfer learning with pretrained CNN models was 
employed to reduce overfitting, this approach alone cannot 
fully guarantee model generalizability. 

Future work should validate the proposed framework 
using larger and more diverse datasets, independent external 
datasets, and subject-wise evaluation strategies. More 
rigorous validation methods, such as cross-validation, 
longitudinal testing, and real-world pilot studies under 
varied sensor conditions, are needed to confirm robustness. 
In addition, comparative studies between image-based 2D 
CNNs, raw-signal-based 1D CNNs, and hybrid 
architectures would help evaluate trade-offs in classification 
performance, computational efficiency, and deployment 
feasibility. Broader validation across different populations 
and acquisition conditions will be essential to establish the 
clinical and consumer applicability of the proposed method. 

IV. CONCLUSIONS 

This paper investigated a non-invasive diabetes 
classification framework based on PPG signals and 
convolutional neural networks (CNNs), with particular 
emphasis on the role of preprocessing optimization 
through moving average filtering. The results demonstrate 
that preprocessing is not merely a supportive step but a 
decisive component that substantially influences 
classification performance. Across all evaluated CNN 

families—ResNet, EfficientNet, and MobileNet—
moderate signal smoothing consistently improved 
predictive accuracy, while insufficient or excessive 
smoothing led to degraded performance. 

The central finding of this work is that a MAV window 
size M = 10 provides an optimal balance between noise 
suppression and preservation of diagnostically relevant 
signal morphology. At this configuration, multiple CNN 
architectures achieved near-perfect or perfect 
classification performance, as reflected by accuracy, 
precision, recall, and F1-score metrics. These results 
empirically support the theoretical expectation that 
moderate smoothing enhances feature learning by 
reducing high-frequency noise and motion-related artifacts 
without obscuring subtle waveform characteristics linked 
to diabetes-related vascular changes. 

The analysis shows that both deep and lightweight CNN 
models can achieve strong classification performance with 
proper preprocessing, with compact architectures like 
EfficientNet-Lite and MobileNet offering an effective 
balance of accuracy and efficiency for resource-
constrained devices. However, the study’s dependence on 
a single dataset and binary classification limits 
generalizability, underscoring the need for broader 
validation across diverse populations, sensor setups, and 
real-world conditions, as well as more rigorous evaluation 
strategies to strengthen confidence in practical 
deployment. 

Future research should therefore explore multi-class 
classification scenarios, such as differentiating stages of 
diabetes or related comorbidities, and investigate 
robustness under uncontrolled measurement environments 
typical of wearable use. Integrating explainability methods 
to enhance transparency and clinician trust, as well as 
addressing ethical and regulatory considerations, will also 
be critical for translation into healthcare practice. 
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