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1. Introduction 

Diabetes emerges as one of the most dangerous health threats in the world. The International 
Diabetes Federation (IDF), as published in [1], reported that 10.5% of the world's adult population has 
diabetes, with almost half unaware that they are living with the condition. Moreover, [1] also showed a 
projection that approximately 783 million people will be living with diabetes by 2045, representing a 
45% increase. Despite this reality, a complete cure or treatment is still not available for the disease [2]. 
Furthermore, the disease stages are classified into prediabetes and diabetes [2]. During the prediabetes 
stage, patients are usually unaware that they have the disease. This reality occurs due to a lack of 

ARTICLE  I NFO 

 
ABSTRACT  

 

 

Article history 

Received February 22, 2025 

Revised April 11, 2026 

Accepted April 11, 2026 

Available online August 31, 2026 

 Diabetes remains a major global health challenge. According to the 
International Diabetes Federation (IDF), approximately 10.5% of the 
world’s population is affected, with nearly half unaware of their condition. 
Therefore, accurate and accessible blood glucose level (BGL) monitoring 
remains critical. This paper presents a noninvasive BGL estimation 
approach using in vivo residual infrared (IR) signals collected from patients’ 
fingertips, which is inherently challenging due to weak glucose-related 
signatures and interference from other physiological factors. To address 
this, we propose a tailored feature engineering strategy to uncover hidden 
relationships between residual signals and BGL. The proposed method 
improves BGL range discrimination, as indicated by increased Spearman 
correlations and consistent gains in Kendall and Pearson correlations, 
demonstrating its effectiveness. Furthermore, we propose a task-specific 
hybrid neural network architecture, consisting of parallel 1D convolutional 
and dense blocks to capture both local spectral–temporal patterns and 
global nonlinear relationships. A distribution-aware loss function is also 
introduced to reduce prediction bias toward the dataset mean, improving 
sensitivity across the full BGL range. For validation, the proposed model is 
compared with random forest (RF) and boosting-based methods, showing 
superior performance with a 14.11% mean absolute percentage error 
(MAPE). Clinical reliability is evaluated using Clarke error grid (CEG) 
analysis, where 84.7% of predictions fall within the accurate zone and 
15.3% within the clinically acceptable zone. These results demonstrate the 
potential of the proposed approach for practical, low-cost, and portable 
noninvasive BGL monitoring.  
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knowledge about the disease and unaffordable testing kits for most people, especially in developing 
countries. Consequently, low-cost measurement device inventions to predict BGLs are still relevant. 
Hence, developing models for non-invasive BGL measurement remains a demanding research topic to 
explore 

Many researchers have developed BGL models, generally grouped into regression, forecasting, and 
classification. For regression tasks, [3] utilized photoacoustic spectroscopy (PAS) to predict BGLs. A 
similar sensing methodology was explored by [4], which employed convolutional neural network models 
and demonstrated promising results. High implementation costs remain the primary barrier to the 
widespread adoption of PAS methodology, especially for developing countries. In addition, the approach 
is not sufficiently efficient or portable because significant installation challenges prevent independent 
home operation by users. 

Besides PAS signals, infrared-based sensing methods offer more efficient implementations because 
they are more practical and cost-effective. However, it is more challenging in terms of signal reliability 
[5], which observed near-infrared (IR) signals to predict BGL. Instead of actual blood samples, they 
employed synthetic laboratory samples that simulated blood using aqueous solutions of glucose, 
ascorbate, urea, and alanine at various concentrations, which do not adequately represent the full 
morphological and biochemical complexity of real human blood. Similarly, [6]–[8] developed synthetic 
blood solutions for the same task. In addition, experiments with similar features to [5] were conducted 
by [9]–[12] and concluded that neural networks performed well. Regarding IR sensing methodologies, 
some studies like [7], [13], [14] observed the IR residual signals, [15] deployed IR reflectance features, 
and [16] employed natural IR signals from the human body as features. Despite its practical advantages, 
IR-based sensing remains highly challenging for accurate BGL estimation. This is mainly due to the 
weak glucose-specific absorption in IR spectra, low signal-to-noise ratio, and strong interference from 
other biological components such as water, fat, and proteins. In addition, inter-subject variability and 
environmental factors further distort the residual signals, making it difficult to extract robust glucose-
related features. These limitations explain why IR-based noninvasive BGL estimation is still an open 
problem despite extensive research. 

Alongside PAS and IR signals, multisensor systems [17], microwaves [18]–[21], and EEG signals 
[22] were explored as alternative methodologies. Similar to natural human body IR, multisensor systems 
face inefficiencies in practical applications due to complexity and limitations. At the same time, EEG 
technologies pose significant barriers to widespread use because they require expensive equipment. While 
these modalities offer improved signal reliability, they often suffer from high cost, complexity, or poor 
portability, which limits real-world adoption. In contrast, IR-based sensing is more practical but faces 
fundamental signal quality challenges, creating a trade-off between usability and accuracy. 

In terms of model comparison, [23] reported that convolutional neural network (CNN) performed 
better than boosting models, linear, ridge, and support vector regression. For BGL forecasting tasks, 
[24] implemented bi-directional long short-term memory (LSTM), and reported that Bi-LSTM 
performed better than the lightweight transformer. A similar model (LSTM) was applied by [25]–[28] 
and produced notable outcomes. The combination of LSTM and transformer also achieved notable 
performances as reported by [29]. Additionally, [30], [31] conducted a BGL forecasting study, where 
LSTM outperformed ARIMA. Moreover, for diabetes classification tasks, [32] found that extreme 
gradient boosting (XGBoost) outperformed convolutional neural networks. In contrast to [32], neural 
network models exhibited better performance than traditional models, as reported by [32], a trend that 
is rapidly emerging in BGL modeling. Neural network superiority predominantly happens when the 
observed features show spatial correlations. 

While most reports confirm the superior performance of the neural network models, as stated in the 
previous sections, we will now examine non-neural network models for BGL predictions. For example, 
[33] found that light gradient boosting machines (LightGBM) demonstrated better performance 
compared to random forest (RF), decision tree (DT), XGBoost,  and LSTM. Furthermore, [32] reported 
that XGBoost demonstrated better performance than RF. The boosting algorithm’s superiority was 
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confirmed by [34], who revealed that XGBoost outperformed k-nearest neighbor (KNN), SVMs, and 
RF. Based on these findings, we conclude that LSTM and RNN show more promise in forecasting 
scenarios, while boosting models sometimes appear to have an edge in classification tasks. Furthermore, 
feature characteristics contribute to model performance. Neural network models mostly excel in BGL 
prediction for input features with spatial characteristics, such as signal sequences or images. Moreover, 
the superiority of LSTM for forecasting tasks stems from its ability to analyze pattern sequences, while 
XGBoost's dominance in classification areas confirms its reputation as a Kaggle-winning algorithm for 
tabular data competitions. In 2015 alone, it was reported that 17 out of 29 Kaggle winning models were 
XGBoost [35].  

Building upon prior work, this research presents several interconnected research contributions for 
noninvasive BGL estimation from in vivo infrared residual signal. First, we propose a unified feature 
engineering pipeline, combining Fourier-based noise filtering with a relative gradient percentage 
transformation. This is a preprocessing strategy specifically designed to enhance the BGL range of 
discriminability in sparse and nonlinear data. Unlike standard normalization approaches, the proposed 
transformation preserves sequential signal characteristics while simultaneously achieving zero-centering 
and scale invariance, as demonstrated empirically through correlation analysis and ablation comparison 
against the well-known Standard Scaler. Second, we introduce a parallel hybrid network that combines 
the convolution block and the dense block. Convolutional blocks capture localized spectral-temporal 
patterns across consecutive residual readings, while dense blocks model global nonlinear feature-target 
relationships. Third, our proposed architecture is specifically designed to enable simultaneous BGL 
regression and range classification within a single forward pass. Moreover, we introduced a distribution-
aware composite loss function combining binary cross-entropy (BCE) and mean squared error (MSE), 
which explicitly prevents prediction collapse toward the dataset mean. The BCE component enforces 
range sensitivity, while the MSE component maintains numerical precision.  The proposed loss was 
empirically compared to the MSE loss function only. Finally, most researchers developed their models 
based on synthetic blood solutions, we utilized actual BGLs and IR residual features obtained in vivo 
from patients' fingers as in [9], supporting the feasibility of future implementation in a portable device. 

2. Method 

2.1. Research Workflow 

The research started with dataset preparation, leveraging the dataset previously utilized in [9] to 
extend and build upon their previous work. Furthermore, we performed dataset descriptive explorations 
such as analyzing the missing values (NaN), outliers, feature correlations, and target distributions. 
Subsequently, we handled the NaNs and outliers, followed by data splitting. The flow of our research is 
presented in Fig. 1. 

We treated missing values and outliers by removing the affected data points. This approach was 
adopted because our modeling was regression-based, where the same target values were often too sparse 
to estimate the actual mean or median of the data. For example, the BGL of 800 mg/dl only consists of 
5 data points; if we were to replace the missing values with the mean, it would probably be inaccurate. 
Moreover, replacing them with these statistical metrics would introduce additional noise into the data. 
In terms of outlier removal, we inspected the data for each 10 mg/dl BGL range. This step is substantially 
critical in terms of ensuring that no noisy features adversely affect the model training. Additionally, we 
employed equation 1 from [36] to determine whether a feature belongs to an outlier category: 

𝑥 < 𝑄1 − 1.5 × 𝐼𝑄𝑅 𝑜𝑟 𝑥 > 𝑄3 + 1.5 × 𝐼𝑄𝑅   () 

where 𝑄1is the first quartile (25th percentile), 𝑄3 is the third quartile (75th percentile), 𝐼𝑄𝑅 is the 
interquartile range. 

Moreover, we split the dataset into training, validation, and testing with proportions of 80%, 16%, 
and 4%. To avoid information leakage, dataset splitting was performed before feature engineering. 
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Information leakage occurs when information from the test data leaks into the training data, causing 
model performance to be overestimated [37]. The training and validation datasets were employed during 
the training process, while the test dataset was evaluated for final performance only. Subsequently, we 
employed feature engineering followed by model training, which is explained in more detail in the 
following section. 

 

Fig. 1. Research Workflow 

2.2. Data Acquisition 

The data used in this research consists of residual features from infrared signals transmitted through 
patients’ fingers, as shown in Fig. 2. The device was developed in a previous study [9], featuring two 
LEDs with several condition combinations: all LEDs off, an LED with 1550 nm of IR on, and an LED 
with 1600 nm of IR on. The use of the two wavelengths was justified by two previous studies: IR 1550 
nm utilization was studied by [38], and the IR 1600- 1700 nm range was explored by [39]. When the 
LED was on, the sensor captured residual intensity features. Furthermore, each LED was turned on and 
off multiple times, producing sequential waves of residual intensities with peaks and valleys. 
Subsequently, the sensor captured the residual intensity, and the computer recorded the data. As shown 
in Fig. 2, the patient’s right index finger is placed inside the device.  
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Fig. 2. Measurement Device Schematic Design 

Then, the device collects the signal features 5 times for each patient. The data obtained, however, 
does not uniformly consist of five measurements per patient due to technical limitations. An example of 
the collected signal features are shown in Fig. 3. 

 

Fig. 3. Original Blood Glucose Residual Intensities 

From 1400 patients, a total of 6677 data were collected. This number is significantly larger compared 
to [5], [11], [15]. We have obtained the required ethical clearance to conduct the experiments using the 
patient’s data. Moreover, each patient whose data is used for this research had filled in an informed 
consent form to support ethical data collection procedures. The gold standard for our modelling was the 
actual values of the patients’ BGL, measured simultaneously using a gold-standard device. The dataset 
collection was conducted at a hospital in Malang, East Java, Indonesia. Each patient had their BGL 
measured in the hospital’s laboratory. However, the target data are heavily imbalanced, as shown in Fig. 
4. 

 

Fig. 4. Frequency Distribution of BGL 

The detailed frequency breakdown for each BGL range is shown in Table 1. Nearly 80% of our data 
samples are concentrated among 0 –100 mg/dl and 100 – 200 mg/dl classes. This imbalance will push 
the model to favor predictions in that range. Meanwhile, we aim to make the model sensitive toward 
higher BGL ranges, where critical patient conditions are more likely to occur. To solve this issue, we 
proposed a data imbalance handling strategy that will be discussed in more detail in the next section. 

Table 1.  Frequency Distribution of BGL 

 
Parameter 

BGL Range (mg/dl) 

0 - 100 100 - 200 200 - 300 >300 

Frequency 1510 3780 1007 380 

Frequency Percentage 22.61% 56.61% 15.08% 5.68% 
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Moreover, we split the dataset into training, validation, and testing sets with proportions of 80%, 
16%, and 4%. The training and validation datasets were employed for the training process, while the 
test dataset was utilized for testing only to avoid information leaks. We also marked each data point with 
a patient ID, preventing data from the same person from appearing in both the training/validation set 
and the test set. Furthermore, the test data was only 4% (267 data points out of 6677 population). 
Therefore, the test set size complies with Slovin’s sampling equation (a widely adopted statistical 
sampling equation). At this sample size, it achieves a 95% confidence level with a 6% error margin. In 
addition, this sample size exceeds the Central Limit Theorem threshold (n > 30), ensuring that the 
distribution of prediction errors approximates normality and that performance metrics such as MAPE 
and CEG analysis remain statistically reliable. 

2.3. Imbalance Data Handling 

We employed balanced sampling with replacement for each class to overcome the imbalance problem, 
instead of using the well-known SMOTE method. We made this choice because SMOTE relies on linear 
interpolation between features and was originally designed to address classification imbalance. In 
contrast, the study revealed that the inspected BGL features are non-linearly correlated, and the case is 
a sparse regression problem. More detailed analysis and empirical evidence for this decision will be 
presented in the discussion section. The selected imbalance handling method is illustrated in Fig. 5. We 
ensure that the training data is balanced across each BGL class range. Consequently, data points within 
the minority BGL ranges (200-300 mg/dl and > 300 mg/dl) will be exposed more frequently during 
training, driving the model to give more attention to minority areas. 

 

Fig. 5. Selected Imbalance Handling Method 

2.4. Proposed Feature Engineering  

This section presents feature engineering methods performed in our study. First, we performed a 
Fourier-based filtering approach. This involved converting the feature sequence to the frequency domain 
using the Fourier transform, removing high-frequency components through thresholding, and 
reconstructing the filtered signal using the inverse Fourier transform. These steps remove high-
frequency noise while preserving the main characteristics of the residual features, as shown in Fig. 6. 
Then we applied data scaling approaches to avoid vanishing loss during training, as explained in [40]. 
Especially for target data, we performed zero-one scaling. The method was adopted because some 
machine learning models perform optimally in this range. Moreover, some neural network activation 
functions, such as Softmax and Sigmoid, also have output values in this range. Furthermore, for the 
residual features, we performed data scaling by transforming them to relative gradient percentages based 
on  equation 2: 
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∇𝑓(𝑛)  =  
𝑓(𝑛) − 𝑓(𝑛−1)

𝑓(𝑛−1)
100%   () 

where 𝑓(𝑛) and f(n-1)𝑓(𝑛 − 1) features of n and n-1. The benefit is that we obtain new features 
invariant to intensity scales. In our dataset case, the relative gradient percentage values remain in the 
zero-one range. Subsequently, we performed oversampling with replacement to tackle data imbalance 
for the training dataset only. This approach means that during training, the model pays more attention 
to minority samples. 

  

Fig. 6. Frequency-based noise filtering result (left); relative gradient percentage transformations result (right) 

2.5. Proposed Neural Network Architecture 

We proposed a new neural network architecture designed specifically for the study. Our architecture 
is a hybrid network, composed of a parallel combination of dense blocks and 1D convolutional blocks. 
The intuition behind the design is that dense layer operations tend to observe the residual features 
globally based on their values, whereas 1D convolution operations analyze these features as a sequence 
of interdependent values. In other words, the dense block excels at modeling based on feature intensity, 
such as maximum and minimum values, while convolution is strong in analyzing sequential feature 
patterns like cycles and forms. Furthermore, 1D convolution also excels at automatic feature engineering, 
enabling it to uncover hidden insights from these patterns. In terms of traditional machine learning, 1D 
convolutions act as filters like Gabor or Gaussian filters, but their values are tuned automatically during 
training. Each 1D convolutional operation consists of multiple filters, with the number determined by 
the filter parameter setting. The given input features are then distributed to both 1D convolutional and 
dense blocks. The convolutional block consists of three consecutive layers. Each layer uses 1x3 kernels 
and can be configured with 16, 32, or 64 filters, capturing local patterns across three consecutive readings. 
We adopted a 1x3 kernel size to keep computational complexity manageable. In the dense block, two 
dense layers are implemented with their hidden neuron number configurable to 16, 32, and 64.  We 
chose 16, 32, and 64 as filter counts to keep the model's trainable parameters small while still being 
capable of learning patterns. It also satisfies the 2𝑛 rule of thumb for optimal Nvidia GPU performance. 
The temporary output from the second convolutional layer was copied and then flattened into a dense 
layer with 64 output neurons. The outputs from the flattened layer and dense block were concatenated 
together. Each has 64 output neurons, maintaining balanced contributions between the convolutional 
and dense blocks.  

The proposed architecture is illustrated in Fig. 7. Each fully connected operation in a dense or 
convolutional block is followed by leaky-ReLU activation, batch normalization [41], and then dropout. 
Leaky-ReLU is a new improvement over the ReLU activation function to avoid dead neurons during 
training. At the same time, we combined batch normalization and dropout to buffer neuron value spikes 
in hidden layers and serve as regularization to prevent overfitting.  

The parameter configurations of our proposed network architecture are presented in Table 2. The 
dropout rate was configurable to 10%, 15%, 20%, and 25%. Consequently, some neurons in each layer 
were selected randomly and set to zero or dead during training, a memory loss technique to generalize 
patterns. The approach serves as model regularization to prevent overfitting. Dropout also creates an 
ensemble effect for neural networks, where different neurons learn different patterns in each iteration, 
creating a subnetwork combination effect during inference. The 0.0001 initial learning rate was applied 
during training with 10 iterations of patience and 5% decay. The configuration means that during ten 
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consecutive epochs, if the best model validation loss doesn’t find a new better loss, then the learning 
rate will be reduced by 5%. 

 

Fig. 7. Proposed Neural Network Architecture 

Table 2.  Neural Network Configurations 

Parameter Value 

Optimizer Adam optimizer 
Regularization Dropout 

Dropout rates 0.10, 0.15, 0.20, 0.25 
Variable initialization Kaiming initialization 

Conv 1D kernel size 1 x 3 
Number of dense layer neurons 16, 32, 64 

Num of 1D convolution kernel 16, 32, 64 
Learning rates 0.0001 

Learning rates decay 5% 
Learning rate patience 10 

Hidden layer activation Leaky-ReLu 
Output activation Sigmoid 

 

2.6. Proposed Output Layer 

The network output network was designed distinctly as presented in Fig 8, compared to widely used 
regression neural networks. Instead of using a single neuron for prediction, we designed the output layer 
to consist of multiple neurons corresponding to predetermined BGL ranges. The study defined four 
BGL ranges, 0 - 100, 100 - 200, 200 - 300, and 300 - 800 mg/dl. Subsequently, we applied a Sigmoid 
activation function to the layer, and the result was obtained using Equation 3. 

𝑂𝑢𝑡𝑝𝑢𝑡 = 𝐵𝐺𝐿𝑘
𝑚𝑖𝑛 + 𝑝𝑘 ∙ (𝐵𝐺𝐿𝑘

𝑚𝑎𝑥 − 𝐵𝐺𝐿𝑘
𝑚𝑖𝑛)    () 
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where 𝑘 = arg max
𝑖

(𝑝𝑖) is the index of the neuron with the highest activation, 𝐵𝐺𝐿𝑘
𝑚𝑖𝑛 and 𝐵𝐺𝐿𝑘

𝑚𝑎𝑥 

are the minimum and maximum BGL boundaries of range k, and 𝑝𝑘 is the output of neuron k after 
Sigmoid activation. When the output vector is [0.0, 0.0, 0.3, and 0.0], the largest value is in the third 
neuron, which is 0.3, corresponding to the BGL range of 200mg/dl - 300 mg/dl. The minimum and 
maximum boundaries for this range are 200 mg/dl and 300 mg/dl. Applying Equation 3, the final 
prediction is computed as: 200 mg/dl + 0.3 (300 mg/dl - 200 mg/dl) = 230 mg/dl. The loss was inspired 
by object detection loss, where BGL ranges represent object grids, and Sigmoid probability represents 
the object center point within the range. The benefit of the output design is that the proposed network 
can perform regression and classification tasks simultaneously. 

 

Fig. 8. Proposed Network Output 

2.7. Proposed Loss 

The most widely used loss function for BGL regression tasks is a mean squared error (MSE). The 
challenge of using this loss is that model predictions tend to concentrate near the mean or median of 
targets, especially for complex modeling tasks like BGL regression. To overcome this behavior, we 
proposed a new paradigm for BGL regression loss by adding binary cross-entropy (BCE) as a classification 
loss alongside MSE loss. Hence, the model can be trained for regression and classification 
simultaneously. The new equation is written as follows: 

𝑙𝑜𝑠𝑠  =  𝛼 𝐵𝐶𝐸  +  𝛽 𝑀𝑆𝐸   () 

where α and β are hyperparameters controlling the relative contribution of each loss component. 
The approach was inspired by object detection by [42], where their loss is a combination of classification 
and regression loss. BCE loss will prevent prediction results from concentrating near the mean and push 
them toward their actual ranges, while MSE loss will maintain the Euclidean distance between actual 
and predicted values as close as possible. Additionally, based on the  [42] object detection algorithm, 
their objectness loss represents which grid the object lies in. This is similar to our BCE loss, which 
represents the range in which the BGL value lies. Moreover, their center loss represents the actual value 
of the object's center, similar to our MSE loss, which represents the actual BGL values. 

At the beginning of training, we guided the model to excel in range classification by setting 𝛼 values 
far greater than 𝛽  When the model achieved good range-classification performance, indicated by high 
and robust range accuracy on validation data (accuracy > 85%), we shifted the model to focus on the 
regression task by reducing α and increasing β. 

2.8. Performance Metrics 

Model performance was evaluated using Clarke Error Grid Analysis (CEG) [43]. The method is 
categorized as a gold standard approach to validate the measurement accuracy of BGL. Furthermore, the 
plot has five zones: A, B, C, D, and E. Predictions resulting in zone A indicate a clinically accurate 
prediction; zone B reveals clinically acceptable results with minor errors (while not perfect, these 
predictions are still useful for general treatment guidance); and zone C demonstrates inappropriate 
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predictions. The two other zones are clinically unacceptable and potentially cause mistreatment for 
patients. Zone A covers an area of around 20% error from actual results. Besides CEG, we adopted mean 
absolute percentage error (MAPE) as a model performance metric. The metric was selected due to 
MAPE's interpretation being invariant to BGL ranges, which is more reliable for evaluating predictions 
across all ranges. In contrast, MSE or RMSE metrics sometimes have different interpretability between 
low and high BGL ranges. 

𝑀𝐴𝑃𝐸  =  
1

𝑛
∑ |

𝑦𝑖 − 𝑦𝑖
′

𝑦𝑖
| 100𝑛

𝑖=1 %   (5) 

2.9. Comparison Models 

To validate our proposed network performance, model comparisons were performed between the 
model and other machine learning algorithms that are widely used for BGL regression tasks, such as 
random forest (RF) and boosting models. Random forest (RF) is an ensemble model of decision trees 
(DT), a machine-learning model inspired by hierarchical decision structures. RF was selected for model 
comparison due to its ensemble nature, which is relatively resilient to data imbalance and complex 
feature-target relationships. The configuration of the boosting models is shown in Table 3. 

Table 3.  RF Configurations 

Parameter Value 
maximum depth 5, 7, and 10 

Max leaf nodes 20, 30, and 40 
Min sample split 2, dan 5 

Random state 42 
Number of estimators 100 

 

Gradient boosting decision tree (GBDT) is an improved version of decision tree ensemble models, 
consisting of sequential weak classifiers. Each weak classifier learns to minimize errors from previous 
classifiers using gradient descent. The final prediction is obtained by combining all tree outputs, 
weighted by their learning rates. For implementations, our study employed XGBoost [35] and a light 
gradient boosting machine (LightGBM) as comparison models. The decision to use XGBoost and 
LightGBM as comparison models was based on their boosting nature, which tends to be resilient to 
imbalanced data. It also has a strong reputation as a Kaggle-winning algorithm for tabular data 
competitions [35]. The parameter configuration of our boosting implementations is presented in Table 
4. 

Table 4.  XGBoost and LightGBM Configurations 

Parameter Value 
maximum depth 5, 7, and 10 

Max leaf nodes 20, 30, and 40 
Min sample split 2, dan 5 

Random state 42 
Number of estimators 100 

Num leaves 20, 30, and 40 
Learning rates 0.05 and 0.1 

3. Results and Discussion 

3.1. Feature Engineering Insights 

The proposed feature engineering successfully centered our feature sequence around zero while 
keeping the data range between -1 and 1, as shown in Fig. 9.  
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Fig. 9. Plot Features Across Blood Glucose Levels, Before and After Feature Engineering 

Thus, the transformation effectively combines data scaling, zero mean, and normalization into a single 
operation. The proposed feature engineering demonstrates promising results, indicated by the 
improvement in residual feature-target correlations, measured by Spearman, Pearson, and Kendall, as 
shown in Fig. 10. 

 
 

 

Fig. 10. Correlations between Features and BGLs, Before and After Feature Engineering 

Fig. 9 visualizes feature sequences across BGLs, before and after feature engineering. The figure shows 
that before feature engineering, discrimination between low and high BGLs was challenging, indicating 
no clear pattern between residual features and BGLs. After feature engineering, the figure demonstrates 
that residual features across BGLs become more separable. Additionally, higher BGLs tend to be more 
compact in gradient-relative percentage and more separable from lower BGLs. These findings suggest 
that feature engineering produced features with better discrimination across BGLs, confirming the 
results of the correlation analysis. Furthermore, the figure also reveals that high BGLs yield clear signal 
patterns, similar to BGL signals reported by [14], [44]. Lastly, the figure also shows that residual features 
become zero-centric after feature engineering, successfully achieving the initial goals. 

Fig. 10 illustrates that Spearman correlations improve significantly after feature engineering, from 
around 0.1 to 0.243, an approximately 2.5-fold improvement. The improvement suggests that the 
methodology uncovers monotonic and hidden nonlinear relationships between residual features and 
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BGLs. Meanwhile, Kendall and Pearson correlations improve moderately. These improvements across 
all metrics indicate that the proposed feature engineering has robust positive impacts. Furthermore, the 
relatively higher Spearman and Kendall correlations than Pearson correlations suggest that features and 
targets have nonlinear relationships. Consequently, instead of using the synthetic minority oversampling 
technique (SMOTE), we prefer using oversampling with replacement to handle data imbalance during 
training. 

3.2. Proposed Data Scaling Performances 

As discussed in the previous section, we proposed a feature engineering approach that includes 
Fourier-based noise filtering and data scaling. Particularly for data scaling, it is a conventionally 
recommended procedure for a neural network architecture, as mentioned by [39]. To evaluate the 
proposed data scaling performance, we conducted an ablation study by comparing it with the well-known 
Standard Scaler algorithm, as shown in Fig. 11. The other parameters for this comparison are set to 
default, meaning both use Fourier-based noise filtering, the selected imbalance handling, the proposed 
architecture, and the proposed loss function. Fig. 11 illustrates that the proposed scaler method 
outperforms the Standard Scaler algorithm in both accuracy and MSE loss. Furthermore, the proposed 
scaler achieves 95% BGL range accuracy, indicating that it can recognize the minority area of higher 
BGL levels. 

  

Fig. 11. Performance Comparison of the Proposed Scaling and Standard Scaler 

3.3. Selected Balancing Method Performances 

Regarding the correlation analysis in the previous section, we revealed that the Spearman and Kendall 
correlations of features and BGL are significantly higher than Pearson. The finding indicates that the 
relationships between features and BGL are nonlinear. Consequently, instead of employing SMOTE to 
tackle imbalance problems, we proposed range-balanced random sampling. As additional evidence, we 
explored some empirical studies regarding the performance comparison of the selected imbalance 
handler, SMOTE, and without a balance handler algorithm, as illustrated in Fig. 12. The other 
parameters were set to default, meaning we employed Fourier-based noise filtering, the proposed data 
scaling, the proposed hybrid network, and the proposed loss function. For the architecture, we set each 
convolutional operation to have only 16 filters, and each dense layer to have only 16 hidden neurons, 
small enough to observe the performance quickly. 

The figure uncovers some insights, which are the no-balancing model results in predictions favoring 
the median of the data. This outcome is reasonable since 80% of our data points lie in the range of 0 – 
100 mg/dl and 100 – 200 mg/dl. A similar pattern comes from the SMOTE balancing method, but it 
tends better, predicting the median values of class ranges. This occurs because SMOTE preforms data 
balancing, but suboptimal due to its reliance on linear interpolations, which does not suit the nature of 
BGL features. In contrast, the selected imbalance handling method was performed well, where the plot 
between actual and predicted BGL begins to synchronize, although not yet perfectly. This is expected 
given the very small architecture used. 
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Fig. 12. (a) Proposed balancing, (b) SMOTE, (c) No-Balancing Performance 

3.4. Proposed Loss Performances 

To validate the proposed loss function, we compared its performance with mean squared error (MSE) 
loss. We set the other parameters to their defaults. For the architecture, we set each convolutional 
operation to have only 16 filters, and each dense layer to have only 16 hidden neurons, small enough to 
observe the performance quickly. The proposed loss outperforms the MSE loss, both in RMSE and 
correlation metrics, as presented in Fig. 13. 

 

Fig. 13. Proposed loss performance and MSE loss performance 

3.5. Model Learning Interpretations 

We trained the proposed model and recorded the loss and accuracy profiles across epochs as shown 
in Fig. 14. The loss profile reveals the model’s capability to analyze patterns. The training loss decreased 
steadily across epochs, suggesting that feature engineering strengthened the relationships between 
features and BGLs. Consequently, the model learns rapidly. 

  

Fig. 14. Training and Validation Loss and Accuracy 

 Furthermore, the validation loss decreases alongside training loss, suggesting the model's capability 
to generalize patterns across features. Once the validation loss improved, indicating the best model 
performance was achieved, we saved the model. Furthermore, the accuracy profile describes our proposed 
loss’s ability to prevent model predictions from clustering around the dataset mean during training. Fig. 

(a) (b) (c) 
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14 shows that the accuracy profile increased steadily across epochs, revealing the proposed loss was 
achieving our expected goal. When the training accuracy achieved robust performance, we adjusted the 
loss function hyperparameters by lowering 𝛼 and increasing the 𝛽 parameter, shifting the model to focus 
more on regression tasks. 

3.6. Proposed Architecture Evaluations 

We compared the performance of the proposed hybrid, dense, and conv1d architectures. We set other 
parameters such as feature engineering, balancing method, and the loss function to default. We also used 
the same batch size, optimizer, momentum, dropout rate, learning rate decay, and learning rate patience. 
For the Conv1D training, we simply removed the dense block from the proposed architecture, while for 
the dense training, we excluded the Conv1D block of the architecture. The performance results are 
illustrated in Fig. 15.  

 

Fig. 15. Performance comparison of the hybrid, conv1d, and dense architecture 

Based on validation data, the study found that the proposed hybrid architecture performs better than 
the dense-only or conv1d-only architectures. Furthermore, we evaluated model performance on the test 
dataset, as shown in Table 5, and reached a similar conclusion. 

Table 5.  Performance Comparisons of various Architecture Types 

ML Model 
Performance Matrice 

MAPE RMSE 

Hybrid 17.79 27.22 

Conv1D 27.86 38.05 

Dense 20.68 36.75 

In addition, we explored hybrid-architecture performance by increasing the number of convolutional 
filters and hidden neurons in each layer across various dropout rates, then evaluated performance, as 
shown in Table 6. The result reveals that a larger model size yields better predictions, achieving a MAPE 
of 14.11%. However, the study limits the model size to 64 filters for the convolutional layers and 64 
neurons for each dense block layer. Future work will assess larger models. 

Table 6.  Performance Comparisons of Various Architecture Sizes 

Conv1D 
Filter Number 

Dense Hidden 
Neuron Number 

Dropout 
Rate (%) 

Performance Matrice  

MAPE RMSE R2 

16 16 10 17.79 27.25 0.77 

  15 20.73 27.22 0.85 
  20 25.88 32.09 0.80 

  25 25.76 35.88 0.74 
32 32 10 15.26 26.46 0.90 

  15 13.15 27.60 0.86 
  20 19.98 35.32 0.81 

  25 23.75 39.11 0.79 
64 64 10 14.80 21.54 0.93 

  15 17.75 30.59 0.89 
  20 14.11 23.12 0.91 

  25 14.15 23.72 0.89 
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3.7. CEG Analysis Evaluations 

To evaluate our model’s clinical safety and acceptability, we mapped the prediction results to the 
Clarke error grid (CEG), as illustrated in Fig. 16. 

 

Fig. 16. Clarke Error Grid Analysis and Plot Model Predictions vs Actual References 

According to the plot, 84.7% of the model predictions fall in zone A, which is clinically accurate, 
and the remaining 15.3% lie in zone B, which is clinically acceptable with minor errors. Based on these 
findings, we conclude that 100% of model predictions are clinically accepted and safe. Some other studies 
reported a higher percentage of predictions in zone A [7]. However, their studies were conducted in 
vitro and employed synthetic blood.  Furthermore, the regression plot between the prediction and target 
values shows a 0.914 correlation, demonstrating the model's robust performance in predicting the BGLs. 
Of course, some data points are still predicted incorrectly, as indicated by red rectangles in Fig. 16. These 
discrepancies are likely caused by variations in patients' finger morphology (either too big or too small) 
or the presence of thick pigmentation. In addition, the figure shows that our model tends to be more 
precise at higher BGLs. This is because higher BGLs contribute more strongly to residual feature 
patterns than lower BGLs. It also confirms the illustration in Fig. 9, which shows higher BGLs have 
clearer signal patterns. 

3.8. Comparison Results 

In addition to CEG analysis, we validated our model with other machine learning algorithms, such 
as RF, XGBoost, and LightGBM. We trained these comparison models with MSE loss, reflecting the 
widely used approach for BGL regression tasks. The results (Table 7) show that our proposed model 
with modified loss achieves superior performance compared with RF, XGBoost, and LightGBM based 
on the MAPE evaluation metric. Moreover, the proposed model's percentage error is 14.11%, 
outperforming LGBM (38.75%), XGBoost (39.59%), and RF (41.71%) by more than 24 percentage 
points. The 14.11% MAPE is considered clinically acceptable because the defined accurate zone is 20% 
around actual BGL references based on the CEG analysis. 

Table 7.  Performance Comparisons 

ML Model 
MAPE (%) 

Range 0 - 800 mg/dl Range 0 - 400 mg/dl 

LGBM 38.75 37.81 

XGBoost 39.59 38.75 

RF 41.71 40.64 

Proposed model 14.11 14.15 
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4. Conclusion 

This paper presents noninvasive BGL modeling, based on residual infrared signals, obtained in vivo 
throughout patients’ fingers. The study presents substantial complexity due to the features not solely 
dependent on BGL. To address this, we performed feature engineering to assess hidden relationships 
between features and BGLs. Our proposed feature engineering discriminates against BGLs better, 
indicated by significant improvements in Spearman correlations. The evidence reveals that the 
methodology uncovers features with strong monotonic relationships with BGLs. In addition, the 
Pearson and Kendall correlations also demonstrate moderate improvements, indicating that the approach 
has robust positive impacts. These outcomes are validated by visualizing feature sequences across various 
BGLs and show clear separability. Furthermore, our proposed hybrid neural network architecture with 
a custom loss function demonstrates superior performance compared to other machine learning models 
including LightGBM, XGBoost, and RF, achieving 14.11% MAPE. To analyze clinical acceptability, we 
conducted CEG analysis, which revealed that 84.7% of our model predictions fell within zone A or 
clinically accurate, while the remaining 15.3% resided in zone B, or clinically acceptable. Finally, these 
results validate that our model achieved 100% clinically acceptable predictions, supporting its potential 
implementation for BGL measurements. Future work could explore the model’s generalization across 
more diverse patient populations. 
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