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Abstract. Continuous glucose monitoring is essential for effective diabetes man-
agement, but most clinically validated systems rely on minimally invasive sensors
that require subcutaneous insertion, periodic calibration, and frequent replacement.
These limitations create a critical need for non-invasive glucose estimation methods
that are accurate, wearable, and deployable on resource-constrained devices. In
this study, we propose a lightweight neural network architecture for non-invasive
glucose estimation using biomedical signals, including PPG, ECG, and accelerom-
eter (ACC) signals. To address the non-stationary nature of physiological sig-
nals, we employ discrete cosine transform (DCT) representations that preserve
both temporal and spectral characteristics. The model uses a multi-branch con-
volutional architecture with anisotropic kernels that independently capture tempo-
ral dynamics and spectral correlations, enabling efficient feature extraction while
having only 20.5 k parameters. Evaluation on two public datasets demonstrates
robust cross-modal performance, achieving over 98% of predictions within zones
A + B of the Clarke Error Grid. These results show that compact neural net-
works can enable accurate, real-time, non-invasive glucose monitoring on wearable
devices.
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1 INTRODUCTION

Continuous glucose monitoring is critical for effective diabetes management, en-
abling timely detection of hyperglycemia and hypoglycemia and guiding thera-
peutic interventions [1, 2]. Most clinically validated monitoring systems rely on
minimally invasive sensors that measure interstitial glucose through subcutaneous
probes. While accurate, these devices have inherent limitations, including high cost,
user discomfort, periodic calibration requirements, and limited long-term wearabil-
ity. These challenges have motivated research into non-invasive glucose estima-
tion approaches that leverage physiological signals from wearable devices, which are
safer, more convenient, and potentially suitable for continuous ambulatory monitor-
ing [3].

Advances in wearable sensing technologies have enabled the collection of mul-
timodal physiological signals, including photoplethysmography (PPG), electrocar-
diography (ECG), and accelerometer (ACC) signals. These modalities reflect car-
diovascular, autonomic, and behavioral dynamics that are modulated by glucose
metabolism [4]. Recent studies applying deep learning to this problem have demon-
strated promising predictive performance. However, most existing architectures are
computationally intensive, with millions of parameters, making them unsuitable
for deployment on low-power microcontrollers typically found in wearable and edge
devices. This computational bottleneck represents a key barrier to real-world im-
plementation.

Physiological evidence supports the use of cardiovascular and autonomic sig-
nals for glucose estimation. Hypoglycemia is associated with electrocardiographic
changes such as QT interval prolongation and altered repolarization dynamics [5].
Similarly, alterations in heart rate (HR) and heart rate variability (HRV) have
been observed under both hypoglycemic and hyperglycemic conditions, with hy-
poglycemia typically associated with increased sympathetic activation and elevated
heart rate, while hyperglycemia has been linked to reduced HRV [6]. ECG provides
a direct measurement of cardiac electrical activity and remains the clinical reference
standard for HR monitoring. In contrast, PPG offers a low-cost, single-sensor op-
tical alternative widely integrated into consumer devices [7]. While ECG and PPG
are governed by distinct physiological processes, they are tightly coupled through
the cardiac cycle: ECG reflects electrical depolarization and repolarization of the
myocardium, whereas PPG captures peripheral blood volume changes modulated
by vascular tone, perfusion, and hemodynamics. Glucose concentration influences
blood optical properties such as absorption and scattering coefficients [8], and it
alters pulse wave morphology and peripheral perfusion patterns [9]. These inter-
actions suggest that PPG signals contain latent glucose information, which can be
extracted with appropriate computational methods.

Behavioral and contextual factors further influence glucose dynamics. Phys-
ical activity has been shown to increase glucose utilization, while stress-induced
hormonal and autonomic activation tends to elevate glucose levels; in contrast, re-
laxation periods generally lead to a reduction in glucose concentration [10]. Pa-



966 S. Stankovic, S. Cvetkovic

tients with diabetes exhibit altered autonomic regulation, including elevated baseline
HR, attenuated physiological responses, and slower recovery compared with normo-
glycemic individuals [11]. Incorporating accelerometer-derived activity signals has
been shown to improve the prevention of exercise-induced hypoglycemia, highlight-
ing the importance of contextual information beyond cardiovascular dynamics [12].
Despite this, ACC signals remain underexplored as a primary modality for glucose
estimation, often treated solely as sources of motion artifacts.

A central challenge in non-invasive glucose estimation from physiological sig-
nals is their inherently non-stationary nature, with statistical properties that vary
over time due to changes in autonomic regulation, vascular dynamics, motion, and
environmental conditions. Conventional approaches based on raw time-domain rep-
resentations often fail to capture transient frequency-specific patterns, while global
spectral methods sacrifice temporal localization by implicitly assuming stationarity.
As a result, many existing deep learning solutions rely on high-capacity architec-
tures to implicitly learn these dependencies, often overlooking both the structured
nature of the data and the constraints of real-world deployment.

In this work, we address these limitations through a structured and computation-
ally efficient framework that explicitly aligns signal representation and model archi-
tecture with the underlying time-frequency characteristics of physiological signals.
First, we employ windowed discrete cosine transformation (DCT) representations
to encode signals in a joint time-frequency domain, preserving both temporal and
spectral information. Second, we introduce a multi-branch convolutional architec-
ture with anisotropic kernels that explicitly decouples temporal and spectral feature
extraction. Horizontally oriented kernels capture localized temporal dynamics (e.g.,
cardiac cycles and motion transients), while vertically oriented kernels model spec-
tral correlations associated with rhythmic physiological processes. This directional
decomposition provides an effective inductive bias, enabling more structured feature
learning compared to conventional isotropic convolutions.

The proposed design emphasizes computational efficiency and deployability, re-
sulting in a compact model that achieves high clinical accuracy. Unlike prior work
that prioritizes predictive performance at the expense of model complexity, the pro-
posed approach demonstrates that accurate glucose estimation can be achieved with
lightweight architectures, making it suitable for real-time deployment on resource-
constrained wearable devices.

The key contributions of this work are as follows:

Lightweight architecture for edge deployment: A compact convolutional neu-
ral network with only 20 513 parameters that achieves over 98% of predictions
within Clarke Error Grid zones A + B.

Anisotropic time-frequency feature extraction: A multi-branch network de-
sign employing 1 × 3 and 3 × 1 kernels that explicitly separate temporal and
spectral patterns in time-frequency representations, improving efficiency and
predictive performance.
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Hardware validation on edge devices: Feasibility demonstrated via post-train-
ing quantization and deployment on a Raspberry Pi 4, achieving low latency,
small memory footprint, and high throughput under real-world constraints.

Analysis of time-frequency resolution trade-offs: A systematic study demon-
strating that preserving temporal resolution is critical for modeling non-statio-
nary physiological signals, while excessive compression degrades stability.

Cross-dataset multimodal validation: Consistent performance across two pub-
lic datasets and multiple sensing modalities (PPG, ECG, ACC), confirming
generalizability and robustness across sensor locations and acquisition condi-
tions.

Overall, this work bridges a critical gap between signal representation, model
design, and deployment constraints, demonstrating that physiologically informed,
lightweight architectures can achieve accurate and clinically meaningful non-invasive
glucose estimation in real-world wearable settings.

The remainder of this paper is organized as follows. Section 2 reviews the related
work, covering traditional machine learning, deep learning, and time-frequencytime-
frequency analysis. Section 3 presents the proposed methodology, including prepro-
cessing steps and neural network design. Section 4 describes the implementation
details, datasets, and evaluation metrics. Sections 5 and 6 present and discuss the
results in detail, while Section 7 concludes the paper with directions for future work.

2 RELATED WORK

The development of non-invasive glucose estimation methods has evolved from tra-
ditional statistical models toward deep learning architectures capable of capturing
complex, nonlinear relationships in high-dimensional biomedical signals [13, 14].

2.1 From Traditional Machine Learning to Deep Learning Methods

Early research relied heavily on manual feature engineering from PPG and ECG
waveforms. Common temporal features include systolic/diastolic areas, peak-to-
peak intervals, and pulse arrival times, while spectral features often include power
spectral density (PSD) and various frequency-domain ratios [15, 16]. These ap-
proaches typically require extensive preprocessing, such as Gaussian filtering and
baseline correction [17, 18], followed by dimensionality reduction techniques like
ANOVA or mutual information [19, 20]. The resulting feature sets are then mapped
to glucose levels using classical regressors, including SVM [21], Random Forest [22],
and simple fully connected networks [23, 24]. While interpretable, these methods are
limited by their reliance on manual feature extraction, which often fails to capture
the subtle, non-stationary nature of physiological signals.

Deep learning has addressed these limitations by enabling automatic hierarchical
feature learning. Recurrent neural networks (RNNs) and long short-term memory
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(LSTM) models are commonly used for time-series analysis due to their ability
to model temporal dependencies [25]. For example, encoder–decoder architectures
augmented with LSTM and attention mechanisms have been applied to glucose
prediction tasks, achieving RMSE values of 11.86mg/dL on healthy subjects and
22.01mg/dL for individuals with type 1 diabetes [26]. Convolutional neural net-
works (CNNs) have also been widely adopted for time-series analysis. For instance,
ResNet models using 20 residual blocks have achieved a MAE of 14.8mg/dL while
demonstrating that shorter time windows can capture rapid glucose dynamics more
effectively [27]. Similarly, 1D CNN architectures incorporating convolutional and
max-pooling layers, tanh activations, kernel sizes up to 5, and 64–208 channels have
been shown to achieve high prediction accuracy, with 95% of samples exhibiting
mean squared errors below 1.1mmol/L [28].

More recently, transformer-based architectures have emerged as powerful models
for time-series prediction [29, 30]. Their multi-head self-attention mechanisms en-
able the modeling of long-range temporal dependencies without relying on recurrent
structures. One notable example is GluTANN [31], which combines input and out-
put embeddings with positional encodings to preserve temporal ordering of glucose
measurements, while specialized attention blocks capture paired dependencies and
suppress redundant disturbances. Depending on the dataset, this approach achieved
RMSE values ranging from 8.27 to 21.85mg/dL.

2.2 Lightweight Architectures and TinyML

Despite their strong performance, many deep learning models rely on millions of pa-
rameters, limiting their applicability in resource-constrained environments. This
has motivated the development of lightweight architectures within the TinyML
paradigm. Techniques such as depthwise separable convolutions, pruning, and quan-
tization have been widely adopted to reduce computational complexity while main-
taining accuracy [32, 33].

For instance, a lightweight convolutional autoencoder-inspired model [34] was
proposed for blood glucose estimation from PPG signals. The model processes a 2D
matrix of sequential PPG segments with extracted physiological features and uses
a compact encoder–decoder structure to learn a compressed representation before
regression. Despite containing only 11.8 k parameters, the model was successfully
deployed on a microcontroller and achieved a MAE of 5.55mg/dL.

Another example is a Lightweight Sequential Transformer, which processes in-
put data incrementally rather than analyzing the full observation window at once.
By focusing on the most recent and temporally relevant information, the model
significantly reduces memory requirements. For a 30-minute prediction horizon, it
requires only 0.49 MB of flash memory and 320 KB of RAM, enabling deployment
on the microcontrollers used in modern continuous glucose monitors and insulin
pumps [35].
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2.3 Time-Frequency Analysis of Biomedical Signals

Although these approaches improve efficiency, they often do not fully exploit the
inherent structure of biomedical signals. Signals such as PPG and ECG exhibit
quasi-periodic behavior and are sampled at relatively low rates, with relevant in-
formation distributed across both time and frequency domains. Transient events,
oscillatory components, and gradual trends can remain hidden in raw time-series
representations. Time-frequency representations provide a more informative char-
acterization by jointly capturing temporal and spectral dynamics.

Prior studies have demonstrated the benefits of transforming ECG or HR sig-
nals into two-dimensional representations using methods such as the continuous
wavelet transform (CWT) or short-time Fourier transform (STFT). These represen-
tations enable the application of standard 2D CNNs, which have shown improved
performance over 1D models in tasks such as diabetes diagnosis [36] and arrhyth-
mia detection [37]. Other approaches further enhance performance by combining
separate temporal and spectral processing branches [38].

In the context of glucose monitoring, wavelet-based methods have been used
for signal decomposition and denoising, followed by dimensionality reduction and
regression modeling, achieving RMSE values of 24.27mg/dL [39]. Additional work
has explored multimodal feature extraction and fusion strategies, combining ECG
and PPG features using deep learning and classical machine learning models [40].

2.4 Research Gap and Motivation

Collectively, prior work highlights two key directions:

1. the need for lightweight models suitable for deployment on wearable and em-
bedded platforms, and

2. the effectiveness of time-frequency representations for capturing non-stationary
physiological dynamics.

However, existing approaches typically address these aspects independently. Light-
weight models often rely on time-domain representations, while time-frequency me-
thods are commonly paired with computationally intensive architectures.

In contrast, this work integrates both directions by combining a compact convo-
lutional architecture with a structured time-frequency representation and domain-
aligned feature extraction. This unified design enables efficient and accurate glu-
cose estimation while maintaining suitability for real-time deployment on resource-
constrained devices.

3 METHODOLOGY

This section presents the proposed framework for non-invasive glucose estimation
from multimodal physiological signals, which was designed to achieve high predictive



970 S. Stankovic, S. Cvetkovic

performance while maintaining a low computational footprint suitable for wearable
edge devices. The framework comprises three main stages (Figure 1):

1. temporal segmentation and preprocessing,

2. time-frequency feature extraction using DCT, and

3. regression-based glucose prediction using a lightweight convolutional neural net-
work.

Each stage is optimized to preserve physiologically meaningful dynamics while en-
suring computational efficiency.

Wearable biomedical
signals

DCT representation

PPG

ACC

ECG

Lightweight CNN

Input section

Time branch Freq. branch

Output section

Glucose estimation

Figure 1. Overview of the proposed non-invasive glucose estimation pipeline. Multimodal
physiological signals are transformed into time-frequency representations, processed by
a multi-branch lightweight CNN with anisotropic kernels, and output high-accuracy glu-
cose predictions suitable for real-time wearable edge deployment.

To ensure robust performance in unconstrained free-living environments, the
preprocessing pipeline is deliberately designed to handle raw signals without an
explicit artifact removal stage. Traditional filtering techniques often inadvertently
eliminate subtle, low-frequency components and phase relationships that are heav-
ily modulated by autonomic and metabolic changes. Instead of relying on manual
denoising steps that risk stripping out latent physiological signatures, our frame-
work shifts the burden of artifact separation directly into the hierarchical feature
extraction layers of the neural network.

3.1 Signal Segmentation

Biomedical signals such as PPG and ACC are commonly acquired at sampling
frequencies that far exceed the spectral bandwidth of the physiological processes
of interest. Glucose dynamics, for example, change over the course of minutes
rather than milliseconds, while many autonomic and metabolic variations are pri-
marily contained within low-frequency components. In contrast, high-frequency
components are often dominated by cardiac pulsatility, motion artifacts, and sensor
noise.
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To reduce computational complexity while preserving relevant physiological in-
formation, the signals were segmented into fixed-length temporal windows and down-
sampled to 4Hz. This sampling rate was sufficient to retain the informative low-
frequency content while substantially decreasing the input dimensionality. For each
window, the target glucose value was defined as the average of all glucose measure-
ments contained within that interval. Averaging reduces the effect of measurement
noise and better reflects the slowly varying behavior of interstitial glucose dynam-
ics.

The downsampled signals are then segmented into overlapping windows to cap-
ture localized temporal patterns. Let the window length be L, and the step size
be S = L(1 − O), where O ∈ [0, 1) denotes the overlap ratio. The ith windowed
segment is defined as:

wi = [xd[iS], xd[iS + 1], . . . , xd[iS + L− 1]]T . (1)

In our experiments, we set O = 75%, as we have found that an increased overlap
ratio tends to lead to better validation accuracies due to more available training
data, while preserving temporal continuity and capturing transient features across
the signal.

3.2 Time-Frequency Feature Extraction

Physiological signals are inherently non-stationary, with spectral characteristics that
evolve over time due to variations in autonomic tone, motion, vascular properties,
and metabolic state. Time-frequency representations therefore provide a more infor-
mative characterization than purely time-domain or global frequency-domain anal-
yses [41]. To capture these evolving patterns, we adopt a time-frequency represen-
tation based on the DCT, which provides a compact, real-valued spectral decompo-
sition well-suited for efficient and low-complexity implementations.

Unlike Fourier-based representations that produce complex-valued outputs, the
DCT yields purely real coefficients while maintaining strong energy compaction
properties, making it particularly suitable for embedded and quantized pipelines.
While complex-valued CNNs have been proposed [42, 43], we use a real-valued rep-
resentation because conventional CNNs and optimization methods are more estab-
lished, computationally efficient, and widely supported, yet still capable of learning
equivalent feature representations through multi-branch parallel processing. Each
signal is segmented into overlapping or non-overlapping fixed-length windows, and
a DCT-II is applied independently within each segment.

For a segment x[n] of length L, the DCT-II is defined as:

X[k] =
L−1∑︂
n=0

x[n] cos

(︃
π

L

(︃
n+

1

2

)︃
k

)︃
, k = 0, 1, . . . , L− 1. (2)
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To ensure practical deployment on resource-constrained platforms, the prepro-
cessing pipeline was designed for deterministic low-latency execution and mini-
mal computational overhead. Rather than relying on iterative runtime compu-
tations or floating-point trigonometric evaluations, the implementation employs
a hardware-conscious optimization strategy based entirely on vectorized integer
arithmetic.

First, the DCT-II basis matrix is computed once during system initialization
and converted into an 8-bit signed fixed-point representation via scaled integer
quantization, significantly reducing execution latency and memory bandwidth re-
quirements. Second, overlapping temporal segments are generated using zero-copy
strided windowing operations. Instead of explicitly allocating and copying mem-
ory blocks for each sliding window, the implementation constructs virtual overlap-
ping views through memory stride manipulation. This minimizes heap allocation
overhead and eliminates unnecessary memory-transfer operations during streaming
execution.

3.3 Proposed Network Architecture

We propose a lightweight two-dimensional CNN with a multi-branch time-frequency
design and residual fusion, specifically tailored for processing time-frequency phys-
iological signal representations. The architecture (Figure 2) integrates: progressive
spatial downsampling, anisotropic multi-branch feature extraction, and residual fea-
ture fusion.

This design explicitly incorporates the distinct statistical properties of the tem-
poral and spectral dimensions while maintaining a low computational footprint suit-
able for edge deployment. The network is parameterized by a scaling factor M ,
which controls channel depth and overall model complexity. The model builds upon
multi-branch convolutional architectures and residual learning frameworks, which
are known to improve feature representation and training stability [44]. Processing
inputs through parallel convolutional branches enables the extraction of complemen-
tary features at different scales, even when the branches are structurally identical,
because small differences in initial parameters produce diverse learned representa-
tions [45, 46].

To exploit the structure of time-frequency representations, we use anisotropic
(direction-specific) convolutional kernels that separately model temporal and spec-
tral dependencies. Horizontal kernels capture temporal dynamics (e.g., heartbeats
and motion transients), while vertical kernels capture spectral correlations (e.g.,
oscillatory patterns and HRV components). This decomposition allows the net-
work to explicitly model temporal and spectral patterns without requiring deeper
or more computationally intensive architectures. Residual connections are incor-
porated to facilitate gradient propagation and stabilize training, enabling the net-
work to refine informative features rather than relearning redundant representa-
tions.
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Figure 2. Proposed lightweight 2D CNN for time-frequency input signals, combining
strided convolutions for feature extraction, a multi-branch time-frequency block with
anisotropic kernels, residual fusion, and global average pooling for final glucose predic-
tion
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3.3.1 Input Layers

The network’s feature extraction stage consists of three convolutional layers, each
applied with a stride of 2 along both time and frequency dimensions. This design
has two objectives. First, the initial layers capture localized patterns in the time-
frequency plane, which, in physiological spectrograms, may correspond to transient
oscillatory bursts or gradual frequency shifts. By stacking multiple layers, the re-
ceptive field grows hierarchically, enabling the network to integrate these low-level
patterns into more abstract representations. Second, strided convolutions progres-
sively downsample the feature maps, reducing their dimensions by a factor of eight
along both axes. This reduces computational and memory requirements while re-
taining essential information for multi-scale feature extraction [47]. Compared to
traditional pooling layers, strided convolutions have been shown to provide more ef-
ficient spatial reduction, offering a learnable and content-aware downsampling mech-
anism [48, 49].

To stabilize training, batch normalization is applied after each convolution, nor-
malizing intermediate feature distributions and mitigating sensitivity to initializa-
tion and gradient instability [50]. Nonlinear activation functions (ReLU) follow,
allowing the network to model complex, non-linear interactions across time and
frequency while maintaining numerical robustness.

3.3.2 Multi-Branch Time-Frequency Block

Following the initial convolutional sequence, the feature map is processed by a multi-
branch architecture that explicitly separates temporal and spectral feature extrac-
tion. Time-frequency representations of physiological signals have different types of
information along each axis. Along the temporal axis, the signal captures changes
over time, such as variations in heart rate, autonomic responses, or movement pat-
terns. Along the frequency axis, the signal reflects rhythmic or oscillatory processes,
such as periodic components in heart rate variability or vascular pulsations.

Using standard square convolutional kernels treats the time and frequency di-
mensions the same, applying the same filtering across both axes. While straight-
forward and commonly used in computer vision, isotropic filters operate under the
strict assumption of spatial homogeneity and 2D translation invariance, implying
that moving along the horizontal axis represents the same physical transformation
as moving along the vertical axis. This assumption fails when applied to physiologi-
cal spectrograms, which are fundamentally non-isotropic topological spaces governed
by distinct physical phenomena along each coordinate axis. Convolving these dimen-
sions with an isotropic square filter forces an artificial coupling between time and
frequency, inducing spectral–temporal blurring and imposing an incorrect inductive
bias.

Along the temporal axis, the signal exhibits non-stationary translation invari-
ance, capturing localized transient variations, autonomic nervous system fluctu-
ations, and macro-level kinematic artifacts. Conversely, along the spectral axis,
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the representation exhibits frequency-scaling invariance, mapping highly correlated,
periodic oscillatory structures such as cardiac harmonics, vascular pulsations, and
respiration-driven rhythms. Convolving these orthogonal properties with a symmet-
ric, non-separable square kernel forces a joint 2D cross-correlation that artificially
couples the axes, inducing spectral-temporal blurring and imposing an isotropic
inductive bias on a physically anisotropic space.

To preserve the structural integrity of the signal topology, we propose a de-
coupled multi-branch architecture that enforces structural separability via parallel,
anisotropic (direction-specific) convolutions. This formulation mirrors the mathe-
matical properties of the underlying windowed transforms:

• Time branch: uses kernels elongated along the temporal axis but narrow in
frequency (1× 3). This allows the network to capture local temporal dynamics
such as transient changes in heart rate, autonomic responses, or motion-induced
variations in the signal.

• Frequency branch: uses kernels elongated along the frequency axis but narrow
in time (3×1). This focuses on oscillatory or periodic components such as HRV,
vascular pulsations, or respiration-related rhythms.

At the end of the multi-branch block, the feature maps from both branches are
concatenated along the channel dimension, producing a fused representation that
combines temporal and spectral features. To facilitate gradient flow and improve
learning efficiency, a residual shortcut connection adds the original input of the
multi-branch block to the fused output, as shown in the following expression:

Yout = Concat(Yfreq, Ytime) +X. (3)

3.3.3 Output Layers

To achieve translation invariance across the time-frequency plane and reduce pa-
rameter count, global average pooling (GAP) is applied after residual fusion. GAP
replaces fully connected spatial flattening with channel-wise averaging. This opera-
tion significantly reduces the number of trainable parameters, enhances generaliza-
tion, and enforces spatial robustness by aggregating distributed evidence across the
entire time-frequency representation. Formally, given a feature map F ∈ RH×W×C ,
the GAP operation computes:

zc =
1

HW

H∑︂
i=1

W∑︂
j=1

Fi,j,c, for c = 1, . . . , C. (4)

To further mitigate overfitting, a dropout layer (rate 0.4) is applied during train-
ing. By randomly deactivating a subset of features, dropout encourages redundancy
in learned representations and improves generalization performance, particularly in
settings with limited biomedical datasets.
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For regression tasks, the final dense layer has a single neuron with a linear activa-
tion, producing a continuous output corresponding to the estimated glucose concen-
tration. This streamlined design focuses the network entirely on glucose prediction,
leveraging the fused temporal and spectral features without additional classification
overhead.

4 EXPERIMENTAL EVALUATION

4.1 Implementation Details

Model development and training were performed using the TensorFlow framework,
with subsequent optimization carried out using TensorFlow Lite, which is designed
for deployment on resource-constrained edge devices. The experiments were con-
ducted on the Google Colab platform, providing virtual machines equipped with
Intel Xeon CPUs operating at 2.2GHz and 12GB of RAM.

A batch size of 64 was used, and model parameters were optimized using the
AdamW optimizer. The initial learning rate was set to 0.002 and dynamically ad-
justed using an exponential decay scheduler, reducing the learning rate to 85% of
its current value every three epochs. This schedule enables larger gradient updates
during the early training stages, facilitating rapid convergence, while allowing finer
adjustments near local optima. To ensure statistical robustness and mitigate over-
fitting, a 5-fold cross-validation strategy was employed. Final performance metrics
are reported as the mean and standard deviation across folds, providing a reliable
estimate of real-world generalization performance.

4.2 Datasets

The proposed model was evaluated on two publicly available datasets: D1NAMO
and PhysioCGM.

The D1NAMO dataset [51] includes physiological recordings from 29 par-
ticipants, comprising 20 healthy individuals and 9 patients with Type 1 Diabetes
(T1D). Data was collected under free-living conditions to capture realistic variabil-
ity in physiological signals. Each participant wore a Zephyr BioHarness 3 chest
strap, which recorded ECG signals at 250Hz and tri-axial ACC signals at 100Hz.
Additional metrics, including HR and respiratory rate, were derived from the raw
signals at 1Hz. Glucose measurements were obtained using standard continuous
glucose monitoring (CGM) devices. For the present study, only recordings from
T1D participants were used.

The multimodal PhysioCGM dataset [52] consists of recordings from 10 in-
dividuals with T1D over periods of up to 17 days in free-living conditions. Partic-
ipants wore multiple wearable devices simultaneously. A Zephyr BioHarness cap-
tured ECG, ACC, HR, and respiratory signals, while an Empatica E4 wristband
recorded PPG at 64Hz, EDA at 4Hz, and tri-axial ACC at 32Hz. Continuous
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glucose measurements were recorded every 5 minutes using standard CGM devices.
This setup provides synchronized multimodal physiological data from both chest-
and wrist-worn sensors.

Both datasets consist of raw, unfiltered sensor signals and were not collected un-
der strictly controlled laboratory conditions. The use of publicly available datasets
ensures comparability with prior studies while enabling evaluation under realistic,
real-world conditions. In this study, only recordings from participants with T1D
were included, with target values reflecting real-world glycemic fluctuations ranging
from severe hypoglycemia (40mg/dL) to extreme hyperglycemia (400mg/dL) across
both datasets.

4.3 Evaluation Metrics

To comprehensively assess model performance, we employ complementary metrics
capturing both numerical accuracy and clinical relevance.

Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE):
MAE quantifies the average magnitude of prediction errors without considering
their direction, providing an intuitive estimate of deviation between predicted
and reference glucose values. RMSE penalizes larger errors more heavily due
to the squaring operation, making it more sensitive to outliers. Together, these
metrics characterize overall numerical accuracy and error consistency across the
glucose range.

Pearson Correlation Coefficient (PCC): PCC measures the linear correlation
between predicted and reference glucose values:

PCC =

∑︁N
i=1(yi − ȳ)(ŷi − ¯̂y)√︂∑︁N

i=1(yi − ȳ)2
√︂∑︁N

i=1(ŷi − ¯̂y)2
,

where yi denotes the reference glucose values, ŷi denotes the predicted values,
ȳ is the mean of reference values, and ¯̂y is the mean of predicted values. The
coefficient ranges from −1 to 1, with higher values indicating stronger linear
agreement and better tracking of glucose trends over time.

Mean Absolute Relative Difference (MARD): MARD quantifies the average
relative error between predicted and reference glucose values:

MARD =
1

N

N∑︂
i=1

⃓⃓⃓⃓
yi − ŷi
yi

⃓⃓⃓⃓
× 100%,

where yi and ŷi denote reference and predicted glucose values, respectively. As
a percentage-based metric, it provides an interpretable measure of performance
across varying glucose ranges.
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Clarke Error Grid Analysis (CEG): CEG evaluates clinical reliability by map-
ping predicted versus reference glucose values onto five risk zones (A–E). Zone
A represents clinically accurate predictions within ±20% of the reference (or
±20mg/dL when glucose is below 70mg/dL). Zone B includes benign errors
unlikely to affect treatment decisions, while Zones C–E represent progressively
more severe clinical risk, with Zone E indicating potentially dangerous misclas-
sifications.

Together, these metrics provide a comprehensive evaluation of model perfor-
mance: MAE and RMSE quantify numerical accuracy, PCC assesses trend con-
sistency, MARD evaluates relative error across glucose ranges, and CEG captures
clinical safety and reliability.

5 RESULTS

5.1 Effect of Time-Frequency Resolution

We first investigate the influence of the time-frequency input resolution on model
performance by varying the allocation between temporal and spectral dimensions
while keeping the total input size constant. Experiments were conducted on the
D1NAMO dataset using ACC signals, and the results are summarized in Table 1.

Resolution
(Freq.×Time)

MAE
(mg/dL)

RMSE
(mg/dL)

PCC
MARD
(%)

CEG
A+B (%)

32× 64 24.65± 1.99 33.38± 1.83 0.90± 0.02 18.56± 2.01 93.50

64× 32 13.54± 1.51 17.51± 1.82 0.98± 0.01 10.29± 0.75 98.33

128× 16 15.01± 2.48 19.05± 2.82 0.97± 0.01 11.44± 2.37 96.89

127× 32
(50% overlap)

13.11± 0.82 16.99± 1.05 0.98± 0.01 9.61± 0.38 98.39

Table 1. Influence of time-frequency resolution on regression performance for the ACC
signal (M = 16, D1NAMO dataset)

The results demonstrate a strong dependence of glucose prediction accuracy on
the selected time-frequency representation. Among the non-overlapping configura-
tions, the 64×32 resolution achieved the best overall performance, yielding a MARD
of 10.29± 0.75%, together with low MAE and RMSE values and a high correlation
coefficient. Compared with the 32×64 and 128×16 configurations, this representa-
tion provides a more effective balance between temporal and spectral information,
enabling the model to capture both short-term signal variations and discriminative
frequency-domain characteristics relevant to glucose dynamics.

Although the overlapping 127 × 32 configuration achieved slightly better per-
formance across most evaluation metrics, the improvement was relatively marginal
considering the increased computational complexity and redundancy introduced by
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the overlapping windows. Consequently, the 64 × 32 representation was selected
for the subsequent experiments, as it offers the most favorable trade-off between
prediction accuracy, computational efficiency, and model complexity.

5.2 Impact of the Time-Frequency Representation
and Anisotropic Kernel Design

To evaluate the contribution of the proposed time-frequency representation and
anisotropic convolutional design, we compare the model against several baseline
approaches: a lightweight 1D CNN applied directly to raw time-domain signals,
a deeper 1D CNN with increased capacity, gradient-boosted tree models trained on
raw 1D features, and gradient-boosted trees trained on DCT-transformed represen-
tations. In addition, we include time-frequency CNN variants using isotropic 3× 3
kernels (single-branch and dual-branch configurations) to isolate the effect of kernel
anisotropy.

In contrast, the proposed model uses a multi-branch time-frequency representa-
tion with anisotropic 1×3 and 3×1 kernels designed to explicitly decouple temporal
and spectral feature extraction. All neural architectures were kept approximately
comparable in scale to ensure a fair comparison.

Model Params.
MAE

(mg/dL)
RMSE

(mg/dL)
PCC

MARD
(%)

CEG
A+B (%)

Anisotropic
Branches
(1× 3 + 3× 1)

5 393 18.24± 0.93 23.76± 1.21 0.96± 0.03 13.21± 1.05 97.44

Single Isotropic
Branch (3× 3)

5 761 18.33± 0.41 23.57± 0.60 0.95± 0.03 14.51± 0.73 96.60

Dual Isotropic
Branches (3× 3)

7 769 18.98± 2.08 24.72± 2.39 0.95± 0.02 13.96± 1.15 96.74

1D CNN (light) 8 321 44.60± 34.67 52.55± 34.81 0.91± 0.04 34.46± 30.94 83.33

1D CNN (deeper) 107 137 15.38± 3.44 19.65± 4.10 0.97± 0.01 1.85± 2.19 97.78

GBTrees (raw) 3 000 splits 58.03± 2.06 75.96± 2.75 0.13± 0.04 48.34± 2.20 92.15

GBTrees (DCT) 3 000 splits 38.48± 1.06 51.09± 1.70 0.80± 0.01 31.75± 1.43 96.18

Table 2. Performance comparison of the proposed time-frequency model with equivalent
1D time-domain and tree-based models (ACC signals, D1NAMO dataset)

As shown in Table 2, the results highlight a clear interaction between signal rep-
resentation, model capacity, and inductive bias. The strongest overall performance
is achieved by the deeper 1D CNN, indicating that end-to-end time-domain learning
remains highly effective when sufficient representational capacity is available. From
a signal processing perspective, this suggests that a deep temporal convolutional hi-
erarchy can implicitly approximate both filtering and feature extraction operations
across multiple scales, effectively learning a data-driven filter bank directly from
raw signals. However, this gain comes at a substantial increase in model complexity,
reinforcing the classical trade-off between expressive power and efficiency in purely
time-domain approaches.
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It is also worth pointing out that deeper variants of our proposed models, ob-
tained by increasing the M parameter, achieve even stronger performance than the
1D CNN while requiring substantially fewer parameters. This indicates that the
proposed architecture scales more parameter-efficiently, suggesting that its induc-
tive bias enables more effective utilization of model capacity compared to purely
time-domain convolutional approaches.

In contrast, shallow time-domain modeling is insufficient: the lightweight 1D
CNN and the XGBoost 1D model fail to capture the nonlinear and nonstationary
structure of the physiological signals. The severe failure of the raw-feature tree model
(XGBoost 1D, PCC = 0.13) underscores that gradient-boosted trees possess zero
structural priors for sequence data; they treat adjacent time steps as independent
orthogonal tabular features. Consequently, they cannot inherently compute spatial
or temporal invariance, making them highly susceptible to phase shifts, alignment
errors, and localized high-frequency noise.

Introducing structured transformations significantly improves gradient-boosted
tree performance. In particular, the DCT-based reparameterization maps the se-
quence into a static frequency-energy spectrum. By optimizing decision trees on
fixed orthogonal spectral components rather than raw temporal points, the XG-
Boost DCT model successfully bypasses its lack of convolutional priors, allowing it
to isolate low-frequency macro-trends related to metabolic changes. This confirms
that explicit spectral decomposition can partially compensate for the lack of learned
hierarchical feature extraction, although it remains fundamentally limited by its
rigid, non-adaptive basis representation.

The time-frequency CNN variants further reinforce the importance of multi-
domain signal representation. Isotropic convolutional designs already benefit from
operating in a joint time-frequency space, suggesting that localized filtering in this
domain provides a more informative inductive bias than raw, shallow time-domain
processing alone. However, increasing architectural complexity via multiple isotropic
branches yields diminishing returns, indicating that redundancy rather than special-
ization dominates in such configurations.

The proposed anisotropic architecture addresses this limitation by introducing
a structured separation of roles across convolutional directions. Rather than treating
time-frequency representations as homogeneous 2D textures, the 1 × 3 and 3 × 1
kernels impose directional sensitivity: one axis emphasizes local temporal evolution
while the other captures spectral structure and cross-frequency interactions. This
effectively emulates a factorized filter bank, reducing cross-axis interference and
encouraging more interpretable feature decomposition.

Overall, the results suggest that performance gains are not solely driven by
increased model capacity, but by how well the architecture aligns with the under-
lying structure of biomedical signals. Deep 1D CNNs achieve strong performance
through implicit hierarchical filtering at the cost of parameter overhead, while the
proposed anisotropic time-frequency design achieves highly competitive accuracy
(18.24mg/dL MAE) using only half the parameter envelope (5 393 parameters) by
explicitly encoding signal-processing priors into the convolutional layout.
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5.3 Effect of Model Capacity

We next analyze the impact of model capacity by varying the channel depth param-
eter M , which controls the number of convolutional filters in each layer and total
parameter count in the model. Increasing M enhances the model’s representational
capacity, enabling it to capture more complex patterns. However, larger models
increase the risk of overfitting, particularly with limited data, and impose higher
computational and memory demands.

As shown in Table 3 and Figure 3, performance improves consistently as model
capacity increases from M = 4 to M = 16. The smallest configuration (M =
4) exhibits underfitting, with higher MAE/RMSE and lower correlation metrics.
Increasing capacity enhances the model’s ability to capture complex temporal and
spectral patterns of the ACC signal.

M Params.
MAE

(mg/dL)
RMSE
(mg/dL)

PCC
MARD
(%)

CEG
A+B (%)

4 1 481 30.27± 1.89 40.60± 2.58 0.86± 0.02 22.64± 2.53 88.80

8 5 393 18.24± 0.93 23.76± 1.21 0.96± 0.03 13.21± 1.05 97.44

12 11 737 14.45± 1.09 18.77± 1.57 0.97± 0.01 10.81± 0.92 98.09

16 20 513 13.54± 1.51 17.51± 1.82 0.98± 0.01 10.29± 0.75 98.33

24 45 361 13.31± 1.40 17.22± 1.67 0.98± 0.01 9.71± 0.92 97.47

Table 3. Influence of model parameter count on regression performance (ACC signals,
D1NAMO dataset)

The best performance is achieved for M = 16, corresponding to approximately
20 k parameters. Further increasing capacity (M = 24) yields no additional im-
provement and slightly degrades performance, indicating diminishing returns and
potential overfitting. Notably, even the compact M = 8 configuration (approx.
5.5 k parameters) achieves strong performance for glucose estimation, demonstrat-
ing that the proposed architecture is highly parameter-efficient and suitable for
resource-constrained deployment.

5.4 Evaluation on Edge Devices

To evaluate the feasibility of real-time deployment in resource-constrained environ-
ments, the complete signal processing and inference pipeline was benchmarked on
a Raspberry Pi 4 Model B equipped with a Broadcom BCM2711 quad-core ARM
Cortex-A72 processor operating at 1.5GHz and running a 64-bit Debian Linux ker-
nel. The models were executed using the optimized AI Edge LiteRT runtime under
single-threaded CPU inference to emulate realistic low-power edge conditions with-
out hardware acceleration.
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Figure 3. Effect of model capacity (M) on regression performance. Performance improves
up to M = 16, after which it saturates and slightly degrades at M = 24.

Post-training quantization (PTQ) was applied to convert the trained floating-
point model weights to 8-bit integer precision, reducing memory footprint and im-
proving inference efficiency with negligible impact on predictive performance.

Table 4 summarizes the runtime characteristics of the compact and higher-
capacity configurations. The reported latency reflects the total end-to-end pro-
cessing cost, including both preprocessing operations and neural network inference,
rather than model execution time alone.

M
Model size

(KB)
Total latency

(ms)
Peak RAM

(MB)
Peak CPU

(%)

8 18.39 1.24 43.23 24.6

16 36.28 1.72 43.26 25.5

Table 4. Performance, parameter count, and end-to-end inference latency comparison
across evaluated models on Raspberry Pi 4 device

Despite the increase in representational capacity between configurations, mem-
ory utilization remained effectively constant. The peak resident set size (RSS) sta-
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bilized at approximately 43.2 MB for both models, corresponding to less than 2.2%
of the available memory on a standard 2 GB embedded system. This indicates that
the dominant memory footprint is driven by the runtime environment rather than
the model parameters themselves. Additional overhead from signal preprocessing
and temporary buffering remained minimal.

In terms of computational demand, processor utilization averaged around 25%
during execution. Importantly, inference occurs only once every 128 seconds
(∼ 2.1 minutes), meaning the processing time per inference is negligible relative to
the acquisition interval. With an inference latency below 2 ms, the system spends
less than 0.002% of its operational time performing computation, leaving substan-
tial headroom for concurrent system tasks such as wireless communication, sensor
acquisition, and background processes.

Overall, these results demonstrate that the proposed pipeline is highly compact
in both memory and compute requirements and is well suited for continuous real-
time physiological monitoring on low-power embedded hardware.

5.5 Performance Across Physiological Modalities

To evaluate the generalizability of the proposed model across diverse signal modali-
ties, we extend our evaluation to ECG, HR, and HRV signals in order to determine
how effectively the model captures glucose-relevant features from different input
signals. The results for the D1NAMO dataset and M = 16 are summarized in
Table 5.

Signal
type

MAE
(mg/dL)

RMSE
(mg/dL)

PCC
MARD
(%)

CEG
A+B (%)

ECG 22.19± 3.75 28.76± 4.85 0.96± 0.01 17.40± 3.47 94.68

HR 18.27± 2.26 24.11± 2.67 0.94± 0.03 13.49± 1.62 97.58

HRV 46.24± 3.34 69.78± 6.12 0.52± 0.02 31.78± 2.66 70.75

Table 5. Performance of the proposed model on different physiological signal types (M =
16, D1NAMO dataset)

The results show a clear performance gap across physiological modalities. Both
ECG and HR provide strong and reliable glucose prediction, with HR achieving the
best overall performance in terms of error metrics and clinical agreement, followed
closely by ECG. In contrast, HRV consistently underperforms across all metrics,
with substantially higher errors and notably lower correlation with ground-truth
glucose values.

Overall, HR and ECG demonstrate clinically acceptable and robust predictive
behavior, while HRV remains considerably weaker even at higher model capacity.
This suggests that increasing model complexity further benefits ECG- and HR-based
inputs, whereas HRV does not meaningfully benefit from additional capacity. These
results indicate that glucose-related information is more directly reflected in primary
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cardiac activity signals, likely due to their stronger coupling with autonomic and
cardiovascular responses to glucose fluctuations. In comparison, HRV appears more
sensitive to external physiological influences and indirect effects, which may dilute
glucose-specific information and limit its predictive utility.

5.6 Cross-Dataset Evaluation

To assess robustness across datasets and sensor modalities, we evaluated the model
on the PhysioCGM dataset, which includes both wrist-worn (Empatica E4) and
chest-mounted (Zephyr BioHarness) sensors. Performance metrics for M = 16 are
presented in Table 6.

Device
Signal
type

MAE
(mg/dL)

RMSE
(mg/dL)

PCC
MARD
(%)

CEG
A+B (%)

Empatica
E4
(wrist)

PPG 12.56± 0.69 16.60± 1.04 0.94± 0.01 13.87± 0.61 98.55

HR 17.63± 1.24 24.19± 1.30 0.86± 0.02 13.86± 1.05 95.86

EDA 13.84± 0.46 18.26± 0.58 0.91± 0.01 11.13± 0.38 98.28

ACC 13.87± 0.61 19.03± 1.00 0.91± 0.02 10.97± 0.41 97.95

Zephyr
BioHarness
(chest)

ECG 13.49± 0.33 17.91± 0.38 0.91± 0.01 11.20± 0.45 98.28

HR 12.39± 0.27 16.37± 0.48 0.93± 0.01 10.22± 0.30 98.90

ACC 12.04± 0.45 15.78± 0.64 0.94± 0.01 9.89± 0.33 98.64

Table 6. Performance of the proposed model on PhysioCGM signals (M = 16)

As shown in Table 6 and Figure 4, performance varies across both sensor place-
ment and physiological modality, with a clear overall advantage for chest-mounted
sensing. Signals acquired from the Zephyr BioHarness consistently exhibit more sta-
ble and reliable predictive behavior than those from the wrist-worn Empatica E4,
suggesting that chest placement provides cleaner physiological measurements with
reduced susceptibility to motion artifacts and environmental noise.

Within the wrist-based signals, PPG emerges as the most informative modal-
ity, with low errors and high correlation. In contrast, HR and EDA appear more
sensitive to noise and physiological variability, leading to less stable performance.
ACC falls in between, offering moderate predictive utility but still trailing behind
PPG in terms of robustness. Overall, this pattern indicates that wrist-based sensing
is highly modality-dependent, with optical signals being substantially more reliable
than cardiac or electrodermal measurements in this placement.

In the chest-mounted setup, performance is more uniform across modalities, re-
flecting the greater stability of signals recorded in this region. ACC and HR in partic-
ular show strong and consistent predictive behavior, while ECG also maintains solid
performance, albeit slightly less competitive than motion- and heart-rate-derived
signals. The relatively small variation between modalities suggests that chest-based
sensing provides a more robust physiological context overall.
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Figure 4. Comparison of model performance across physiological signal types and wear-
able placements, showing MAE for wrist- and chest-mounted sensors

Taken together, these findings highlight that sensor placement plays a more
dominant role than modality choice in determining predictive performance. While
certain modalities such as PPG can partially compensate for noisier placements,
chest-mounted signals generally provide a more reliable foundation for modeling
due to improved signal quality and reduced artifact contamination.

6 DISCUSSION

This study presents a lightweight deep learning framework for non-invasive glucose
estimation from multimodal physiological signals, with a particular focus on deploya-
bility in wearable edge devices. The results demonstrate that accurate and clinically
meaningful glucose prediction can be achieved using compact neural architectures
when combined with appropriate signal representations and domain-aligned model
design.

6.1 Architectural Design

A key finding of this work is the important role of time-frequency representations
in capturing glucose-related dynamics. As shown in Table 2, both raw time-domain
and global frequency-domain approaches are insufficient, primarily due to their in-
ability to jointly model temporal localization and spectral structure. In contrast,
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the time-frequency representation enables the model to capture transient, non-
stationary patterns characteristic of physiological processes influenced by glucose
metabolism.

Notably, the degradation in performance observed under substantial reductions
in temporal resolution indicates that temporal structure has a slightly more domi-
nant role, particularly for motion-derived signals (Table 1). This suggests that while
spectral information is necessary for robust modeling, preserving fine-grained tempo-
ral dynamics is especially critical for capturing the full complexity of the underlying
physiological processes.

Beyond predictive performance, the time-frequency formulation aligns naturally
with convolutional architectures. In time-frequency representations (e.g., 32 × 64),
convolutional filters operate over localized two-dimensional neighborhoods, enabling
joint modeling of spectral and temporal dependencies. Spatial downsampling is
also more efficient: a stride of 2 across both dimensions reduces feature map size
by a factor of four in a single operation, facilitating rapid hierarchical abstrac-
tion. In contrast, equivalent 1D representations (e.g., length-2048 vectors) require
more sequential operations and provide limited flexibility for learning joint time-
frequency patterns, making feature extraction less structured and less parameter-
efficient.

Another central contribution of this work is the use of anisotropic convolutional
kernels, which explicitly decouple temporal and spectral feature extraction. By en-
forcing directionally distinct receptive fields, the model is encouraged to learn com-
plementary representations along each axis, rather than relying on generic, isotropic
filtering. The empirical results in Table 2 suggest that this structured decomposi-
tion provides a stronger inductive bias than conventional isotropic kernels, leading
to improved predictive performance even under reduced parameter budgets. This
finding further underscores the importance of aligning architectural design with the
inherent structure of physiological signals, which exhibit distinct dynamics across
time and frequency dimensions.

The analysis of model capacity in Table 3 further supports the suitability of the
proposed approach for edge deployment scenarios. Strong performance is already
achieved with as few as 5.5 k parameters, while optimal performance is observed
around 20 k parameters. Importantly, performance saturates beyond this regime,
with additional capacity yielding only marginal gains. This suggests that the pro-
posed architecture is highly parameter-efficient and can effectively capture the most
relevant signal structure within a compact representation. Such behavior is partic-
ularly desirable for wearable and on-device applications, where strict constraints on
memory, computation, and energy consumption must be balanced against the need
for robust inference performance.

6.2 Physiological Insights from Multimodal Signals

Evaluation across multiple physiological modalities (Tables 5 and 6) provides in-
sight into the relationship between glucose dynamics and cardiovascular regulation.
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Signals directly reflecting cardiac activity, such as ECG and HR, consistently out-
perform derived measures such as HRV. This suggests that primary cardiovascular
signals more directly encode glucose-related autonomic effects, whereas higher-order
variability measures may be more susceptible to confounding factors.

This observation is consistent with prior findings showing a positive correlation
between glucose levels and heart rate [53]. In contrast, HRV reflects second-order
statistics of beat-to-beat intervals and is influenced by numerous confounders, in-
cluding respiration, psychological stress, and physical activity. As a result, subtle
glucose-related effects may be attenuated or obscured in HRV features.

The evaluation in Table 6 highlights the importance of sensor placement and
signal quality. Chest-mounted sensors consistently outperform wrist-worn devices,
likely due to reduced motion artifacts and closer proximity to central physiological
processes. These findings suggest that sensor configuration plays a critical role in
the reliability of non-invasive glucose estimation.

Interestingly, accelerometer signals also demonstrate strong predictive capabil-
ity. In some cases, chest accelerometry even outperforms ECG-based metrics. This
suggests that glucose-related physiological changes are not limited to autonomic
regulation but also manifest through biomechanical processes, including respiration,
posture, and subtle movement patterns. Prior work has shown that hypoglycemia
can induce enhanced physiological tremor and impair motor function [22], support-
ing the hypothesis that glucose fluctuations produce detectable mechanical signa-
tures.

Wrist-worn sensors are more susceptible to motion artifacts and local biome-
chanical noise, which can degrade signal quality in free-living conditions [54]. In
contrast, chest-mounted sensors provide more stable and physiologically representa-
tive measurements, capturing central cardiovascular and respiratory dynamics with
higher fidelity.

Differences between sensing modalities further support this conclusion. ECG-
derived heart rate appears substantially more informative than wrist-based PPG-
derived heart rate. ECG directly captures the electrical depolarization of the my-
ocardium, producing sharp R-peaks that enable precise beat-to-beat interval esti-
mation [55]. In contrast, PPG measures peripheral blood volume changes and is
more susceptible to motion artifacts and tissue-dependent variability. Additionally,
prior research has reported higher rates of inaccuracy in PPG-based heart rate mea-
surements (up to 15% more frequent) in individuals with darker skin tones, likely
due to increased light absorption by melanin [56].

6.3 Limitations and Future Work

Despite these promising results, several limitations should be acknowledged. First,
the datasets used in this study, although collected under free-living conditions, are
relatively limited in size and population diversity. Second, while the proposed model
demonstrates strong cross-dataset generalization, further validation on larger and
more heterogeneous cohorts is necessary to confirm clinical applicability.
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Although the proposed approach demonstrates high parameter efficiency and
robust cross-dataset tracking performance, several challenges must be addressed
before deployment in practical wearable medical devices. One issue is the effect
of long-term sensor drift and variations at the skin–sensor interface. During pro-
longed continuous monitoring, physiological sensing systems are susceptible to grad-
ual baseline drift caused by factors such as electrode degradation, sweat accu-
mulation, minor sensor displacement, and changes in skin temperature or tissue
impedance.

Future work should also explore broader demographic representation, improved
robustness to real-world noise conditions, and integration into fully deployed wear-
able systems.

7 CONCLUSIONS

In this work, we addressed the critical need for accessible and continuous diabetes
management by developing a lightweight, non-invasive framework for glucose esti-
mation from multimodal physiological signals. The proposed approach is explicitly
designed to balance predictive performance with computational efficiency, enabling
deployment on resource-constrained wearable devices. Unlike conventional deep
learning models with high computational costs, the proposed architecture leverages
the inherent structure of physiological signals through 2D time-frequency represen-
tations. By employing the windowed discrete cosine transform (DCT), the model
preserves both temporal and spectral characteristics of non-stationary PPG, ECG,
and ACC signals, which are often lost in purely 1D or fully automated feature ex-
traction approaches.

The results demonstrate that accurate and clinically meaningful glucose esti-
mation can be achieved using compact neural architectures when combined with
appropriate signal representations and domain-aligned design. The proposed model
achieves strong predictive performance, with over 98% of estimates falling within
Zones A and B of the Clarke Error Grid, while maintaining a compact size of ap-
proximately 20 k parameters.

Comparative evaluations confirm that the proposed approach consistently out-
performs both time-domain and isotropic convolutional baselines, highlighting the
effectiveness of the overall framework. Furthermore, cross-dataset validation demon-
strates robust generalization across different signal modalities and acquisition set-
tings, supporting its applicability in real-world scenarios.

Overall, this work demonstrates that efficient, non-invasive glucose estimation
is feasible using lightweight neural architectures, bridging the gap between algo-
rithmic performance and practical deployment. The proposed framework provides
a strong foundation for real-time, wearable glucose monitoring systems. Future
work will focus on validation in larger and more diverse populations, as well as
further optimization for real-time embedded implementation and personalized mod-
eling.
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Andrade, D.C.—Núñez, F.—Rodriguez-Fernandez, M.: Deep Learning-
Based Glucose Prediction Models: A Guide for Practitioners and a Curated Dataset
for Improved Diabetes Management. IEEE Open Journal of Engineering in Medicine
and Biology, Vol. 5, 2024, pp. 467–475, doi: 10.1109/ojemb.2024.3365290.

[27] Zeynali, M.—Alipour, K.—Tarvirdizadeh, B.—Ghamari, M.: Non-Invasive
Blood Glucose Monitoring Using PPG Signals with Various Deep Learning Mod-
els and Implementation Using TinyML. Scientific Reports, Vol. 15, 2025, No. 1,
Art. No. 581, doi: 10.1038/s41598-024-84265-8.

[28] Hossain, S.—Debnath, B.—Biswas, S.—Al-Hossain, M. J.—Anika, A.—
Zaman Navid, S.K.: Estimation of Blood Glucose from PPG Signal Using Con-
volutional Neural Network. 2019 IEEE International Conference on Biomedical En-
gineering, Computer and Information Technology for Health (BECITHCON), 2019,
pp. 53–58, doi: 10.1109/BECITHCON48839.2019.9063187.

[29] Wen, Q.—Zhou, T.—Zhang, C.—Chen, W.—Ma, Z.—Yan, J.—Sun, L.:
Transformers in Time Series: A Survey. In: Elkind, E. (Ed.): Proceedings of
the Thirty-Second International Joint Conference on Artificial Intelligence (IJCAI-
23). International Joint Conferences on Artificial Intelligence Organization, 2023,
pp. 6778–6786, doi: 10.24963/ijcai.2023/759.

[30] Nayak, G.H.H.—Alam, M.W.—Avinash, G.—Kumar, R.R.—Ray, M.—
Barman, S.—Singh, K.N.—Naik, B. S.—Alam, N.M.—Pal, P.—
Rathod, S.—Bisen, J.: Transformer-Based Deep Learning Architecture for
Time Series Forecasting. Software Impacts, Vol. 22, 2024, Art. No. 100716, doi:
10.1016/j.simpa.2024.100716.

[31] Xiong, S.—Xu, Y.—Tang, C.—Wang, J.—Liu, S.—Shimada, A.: GluTANN:
Transformer-Based Continuous Glucose Monitoring Model with ANN Attention.
2025 IEEE Conference on Artificial Intelligence (CAI), 2025, pp. 543–548, doi:
10.1109/cai64502.2025.00099.

https://doi.org/10.3389/fbioe.2022.876672
https://doi.org/10.1109/ACCESS.2021.3054236
https://doi.org/10.1007/s10439-025-03809-9
https://doi.org/10.5772/intechopen.1004810
https://doi.org/10.1109/ojemb.2024.3365290
https://doi.org/10.1038/s41598-024-84265-8
https://doi.org/10.1109/BECITHCON48839.2019.9063187
https://doi.org/10.24963/ijcai.2023/759
https://doi.org/10.1016/j.simpa.2024.100716
https://doi.org/10.1109/cai64502.2025.00099


992 S. Stankovic, S. Cvetkovic

[32] Rokh, B.—Azarpeyvand, A.—Khanteymoori, A.: A Comprehensive Survey on
Model Quantization for Deep Neural Networks in Image Classification. ACM Trans-
actions on Intelligent Systems and Technology, Vol. 14, 2023, No. 6, Art. No. 97, doi:
10.1145/3623402.

[33] Wei, L.—Ma, Z.—Yang, C.—Yao, Q.: Advances in the Neural Network Quan-
tization: A Comprehensive Review. Applied Sciences, Vol. 14, 2024, No. 17,
Art. No. 7445, doi: 10.3390/app14177445.

[34] Ali, N. F.—Aldhaheri, A.—Wodajo, B.—Alshamsi, M.—Alshamsi, S.—
Atef, M.: Non-Invasive Continuous Real-Time Blood Glucose Estimation Using
PPG Features-Based Convolutional Autoencoder with TinyML Implementation. 2024
IEEE International Symposium on Circuits and Systems (ISCAS), 2024, pp. 1–5, doi:
10.1109/ISCAS58744.2024.10558453.

[35] Barbato, M.P.—Rigamonti, G.—Marelli, D.—Napoletano, P.:
Lightweight Sequential Transformers for Blood Glucose Level Prediction in
Type-1 Diabetes. IEEE Journal of Biomedical and Health Informatics, Vol. 30, 2026,
No. 6, pp. 5465–5475, doi: 10.1109/JBHI.2025.3633194.

[36] Yildirim, O.—Talo, M.—Ay, B.—Baloglu, U.B.—Aydin, G.—
Acharya, U.R.: Automated Detection of Diabetic Subjects Using Pre-Trained
2D-CNN Models with Frequency Spectrum Images Extracted from Heart Rate
Signals. Computers in Biology and Medicine, Vol. 113, 2019, Art. No. 103387, doi:
10.1016/j.compbiomed.2019.103387.

[37] Lilda, S.D.—Jayaparvathy, R.: Enhancing Cardiovascular Disease Classification
in ECG Spectrograms Using Multi-Branch CNN. Computers in Biology and Medicine,
Vol. 186, 2025, Art. No. 109737, doi: 10.1016/j.compbiomed.2025.109737.

[38] Kwon, S.Y.—Park, D.H.—Kim, H.N.: IPFSCNN: A Time–Frequency Fusion
CNN for Wideband Spectrum Sensing. Sensors, Vol. 25, 2025, No. 23, Art. No. 7134,
doi: 10.3390/s25237134.

[39] Shankar, A.—Chang, S.—Wang, X.—Zhao, Y.: Wavelet-Based Machine
Learning Approaches Towards Precision Medicine in Diabetes Mellitus. The FASEB
Journal, Vol. 36, 2022, No. S1, doi: 10.1096/fasebj.2022.36.S1.R6003.

[40] Li, J.—Ma, J.—Omisore, O.M.—Liu, Y.—Tang, H.—Ao, P.—Yan, Y.—
Wang, L.—Nie, Z.: Noninvasive Blood Glucose Monitoring Using ECG and PPG
Feature Fusion and Weight-Based Choquet Integral Multimodel Approach. IEEE
Transactions on Neural Networks and Learning Systems, Vol. 35, 2024, No. 10,
pp. 14491–14505, doi: 10.1109/TNNLS.2023.3279383.

[41] Hammond, J.K.—White, P.R.: The Analysis of Non-Stationary Signals Using
Time-Frequency Methods. Journal of Sound and Vibration, Vol. 190, 1996, No. 3,
pp. 419–447, doi: 10.1006/jsvi.1996.0072.

[42] Chakraborty, M.—Aryapoor, M.—Daneshtalab, M.: Frequency Domain
Complex-Valued Convolutional Neural Network. Expert Systems with Applications,
Vol. 295, 2026, Art. No. 128893, doi: 10.1016/j.eswa.2025.128893.

[43] Yadav, S.—Jerripothula, K.R.: FCCNs: Fully Complex-Valued Convolutional
Networks Using Complex-Valued Color Model and Loss Function. 2023 IEEE/CVF
International Conference on Computer Vision (ICCV), 2023, pp. 10655–10664, doi:

https://doi.org/10.1145/3623402
https://doi.org/10.3390/app14177445
https://doi.org/10.1109/ISCAS58744.2024.10558453
https://doi.org/10.1109/JBHI.2025.3633194
https://doi.org/10.1016/j.compbiomed.2019.103387
https://doi.org/10.1016/j.compbiomed.2025.109737
https://doi.org/10.3390/s25237134
https://doi.org/10.1096/fasebj.2022.36.S1.R6003
https://doi.org/10.1109/TNNLS.2023.3279383
https://doi.org/10.1006/jsvi.1996.0072
https://doi.org/10.1016/j.eswa.2025.128893


Lightweight Time-Frequency Neural Network for Glucose Estimation 993

10.1109/ICCV51070.2023.00981.

[44] Zhang, H.—Shao, J.—Salakhutdinov, R.: Deep Neural Networks with Multi-
Branch Architectures Are Less Non-Convex. 2018, doi: 10.48550/arXiv.1806.01845
(arXiv Preprint arXiv:1806.01845).

[45] Ahmed, K.—Torresani, L.: Connectivity Learning in Multi-Branch Networks.
2017, doi: 10.48550/arXiv.1709.09582 (arXiv Preprint arXiv:1709.09582).

[46] Cvetkovic, S.—Stankovic, S.—Stancic, G.: Modular Deep Residual Network
for Driver Stress Detection Based on Photoplethysmography. Journal of Electrical
Engineering, Vol. 76, 2025, No. 4, pp. 344–355, doi: 10.2478/jee-2025-0035.

[47] Nirthika, R.—Manivannan, S.—Ramanan, A.—Wang, R.: Pooling in Con-
volutional Neural Networks for Medical Image Analysis: A Survey and Empirical
Study. Neural Computing and Applications, Vol. 34, 2022, No. 7, pp. 5321–5347, doi:
10.1007/s00521-022-06953-8.

[48] Ayachi, R.—Afif, M.—Said, Y.—Atri, M.: Strided Convolution Instead of Max
Pooling for Memory Efficiency of Convolutional Neural Networks. In: Bouhlel, M. S.,
Rovetta, S. (Eds.): Proceedings of the 8th International Conference on Sciences of
Electronics, Technologies of Information and Telecommunications (SETIT’18), Vol.
1. Springer, Cham, Smart Innovation, Systems and Technologies, Vol. 146, 2019,
pp. 234–243, doi: 10.1007/978-3-030-21005-2 23.

[49] Springenberg, J. T.—Dosovitskiy, A.—Brox, T.—Riedmiller, M.: Striv-
ing for Simplicity: The All Convolutional Net. 2015, doi: 10.48550/arXiv.1412.6806
(arXiv Preprint arXiv:1412.6806).

[50] Ioffe, S.—Szegedy, C.: Batch Normalization: Accelerating Deep Network Train-
ing by Reducing Internal Covariate Shift. In: Bach, F., Blei, D. (Eds.): Proceedings
of the 32nd International Conference on Machine Learning. Proceedings of Machine
Learning Research (PMLR), Vol. 37, 2015, pp. 448–456, https://proceedings.mlr.
press/v37/ioffe15.html.

[51] Dubosson, F.—Ranvier, J. E.—Bromuri, S.—Calbimonte, J. P.—Ruiz, J.—
Schumacher, M.: The Open D1NAMO Dataset: A Multi-Modal Dataset for Re-
search on Non-Invasive Type 1 Diabetes Management. Informatics in Medicine Un-
locked, Vol. 13, 2018, pp. 92–100, doi: 10.1016/j.imu.2018.09.003.

[52] Quamer, W.—Tseng, M.R.—Vyas, K.—Dave, D.—Villegas, C.—
McKay, S.—DeSalvo, D. J.—Erraguntla, M.—Cote, G.—Gutierrez-
Osuna, R.: A Multimodal Physiological Dataset for Non-Invasive Blood Glucose
Estimation. Scientific Data, Vol. 12, 2025, Art. No. 1822, doi: 10.1038/s41597-025-
06090-6.

[53] Fergencs, T.—Illés, D.—Pilawka, O.—Meier, F.: Human-Centered Human-
ities: Using Stimulus Material for Requirements Elicitation in the Design Process of
a Digital Archive. Digital Humanities in the Nordic and Baltic Countries Publications,
Vol. 3, 2020, No. 1, pp. 235–246, doi: 10.5617/dhnbpub.11193.

[54] Castaneda, D.—Esparza, A.—Ghamari, M.—Soltanpur, C.—Nazeran, H.:
A Review on Wearable Photoplethysmography Sensors and Their Potential Future
Applications in Health Care. International Journal of Biosensors&Bioelectronics,
Vol. 4, 2018, No. 4, pp. 195–202, doi: 10.15406/ijbsbe.2018.04.00125.

https://doi.org/10.1109/ICCV51070.2023.00981
https://doi.org/10.48550/arXiv.1806.01845
https://doi.org/10.48550/arXiv.1709.09582
https://doi.org/10.2478/jee-2025-0035
https://doi.org/10.1007/s00521-022-06953-8
https://doi.org/10.1007/978-3-030-21005-2_23
https://doi.org/10.48550/arXiv.1412.6806
https://proceedings.mlr.press/v37/ioffe15.html
https://proceedings.mlr.press/v37/ioffe15.html
https://doi.org/10.1016/j.imu.2018.09.003
https://doi.org/10.1038/s41597-025-06090-6
https://doi.org/10.1038/s41597-025-06090-6
https://doi.org/10.5617/dhnbpub.11193
https://doi.org/10.15406/ijbsbe.2018.04.00125


994 S. Stankovic, S. Cvetkovic

[55] Coste, A.—Millour, G.—Hausswirth, C.: A Comparative Study Between
ECG- and PPG-Based Heart Rate Sensors for Heart Rate Variability Measurements:
Influence of Body Position, Duration, Sex, and Age. Sensors, Vol. 25, 2025, No. 18,
Art. No. 5745, doi: 10.3390/s25185745.

[56] Bent, B.—Goldstein, B.A.—Kibbe, W.A.—Dunn, J. P.: Investigating
Sources of Inaccuracy in Wearable Optical Heart Rate Sensors. npj Digital Medicine,
Vol. 3, 2020, Art. No. 18, doi: 10.1038/s41746-020-0226-6.

Sandra Stankovic is Junior Researcher at the Faculty of Elec-
tronic Engineering, University of Nis, Serbia. She earned her
B.Sc. in electrical and computer engineering in 2024, followed
by her M.Sc. in 2025, the same year she started her doctoral
studies. Her research focuses on the development of efficient
and lightweight deep learning models, digital signal processing,
biomedical signal analysis, and image processing.

Stevica Cvetkovic is Associate Professor at the Faculty of
Electronic Engineering, University of Nis. He received his M.Sc.
in computer science in 2007 and subsequently engaged in re-
search collaborations with the Polytechnic University of Madrid
and the Technical University of Munich. He earned his Ph.D.
in 2018 in the field of computer vision. His research interests
include deep learning, computer vision, and generative artificial
intelligence. He has authored over 70 scientific publications, in-
cluding 11 articles in leading international journals.

https://doi.org/10.3390/s25185745
https://doi.org/10.1038/s41746-020-0226-6

