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Abstract. The accurate and continuous monitoring of blood glucose levels is crucial for
effective diabetes management. However, existing non-invasive glucose monitoring
techniques often suffer from significant limitations related to accuracy, calibration, sensor
stability, and patient variability. In this research, a novel multi-modal non-invasive glucose
monitoring system is proposed that integrates hybrid sensing technologies, including mid-
infrared spectroscopy, microwave resonance, and sweat-based electrochemical sensors. The
system employs advanced signal fusion algorithms and adaptive calibration models to
dynamically compensate for environmental factors such as humidity, temperature, and skin
properties. Machine learning-based personalized prediction models, trained on diverse real-
world datasets, further enhance predictive accuracy and ensure model generalization across
varied population groups. Microfluidic sweat stabilization chambers and real-time
normalization techniques are incorporated to overcome sweat composition variability,
improving measurement reliability even under varying physiological conditions. The
developed device leverages cost-effective photonic integrated circuits and low-power
embedded Al to enable miniaturization, long-term wearability, and seamless integration into
consumer-grade wearable platforms. Preliminary clinical trials demonstrate high accuracy,
robust stability, and adaptability, offering a promising pathway towards regulatory
acceptance and real-world adoption of non-invasive glucose monitoring systems.

Keywords: Non-invasive glucose monitoring, hybrid sensors, machine learning, adaptive
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1. Introduction

Diabetes mellitus has emerged as a global public health challenge, with the prevalence of the disease
continuing to rise across all age groups. Effective management of diabetes heavily depends on the frequent
monitoring of blood glucose levels to avoid complications such as neuropathy, retinopathy, and
cardiovascular diseases [1], [2]. Conventional invasive glucose monitoring methods, while clinically
reliable, are often associated with pain, inconvenience, and poor patient compliance, which underscores the
critical need for non-invasive glucose monitoring (NIGM) technologies [3]- [5].

Over the past decade, various non-invasive sensing modalities have been explored, including optical
spectroscopy, microwave resonance, terahertz sensing, and sweat-based electrochemical sensors [6]-[10].
Optical techniques, particularly near-infrared (NIR) and mid-infrared (MIR) spectroscopy, have shown
significant potential by detecting glucose-specific absorption peaks [6], [7]. However, challenges such as
low signal-to-noise ratio, tissue scattering, and environmental interferences continue to limit their accuracy
and robustness in real-world conditions [8], [9]. Similarly, microwave-based sensors have been investigated
due to their deeper tissue penetration capabilities, but suffer from electromagnetic interference and limited
specificity in biological media [10]-[12].
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To address these challenges, hybrid sensing approaches that combine multiple modalities have gained
considerable attention. Recent studies have demonstrated that integrating MIR, microwave, and
photoacoustic sensing can enhance the stability and precision of glucose detection [13], [14]. Moreover,
machine learning (ML) and deep learning (DL) algorithms have been increasingly incorporated into NIGM
systems to improve prediction accuracy by compensating for physiological variations such as skin
thickness, hydration level, and metabolic state [15]-[17]. However, existing models often face
generalization issues when applied to diverse populations, primarily due to limited training data and
insufficient clinical validations [18].

Sweat-based glucose monitoring has also been actively explored as a minimally invasive alternative. While
sweat glucose correlates reasonably with blood glucose, its variability caused by sweat rate, pH, and
electrolyte composition remains a significant barrier [19]. To overcome these drawbacks, advanced
microfluidic systems and real-time normalization algorithms are being developed to regulate sweat
collection and improve measurement consistency [20].

In this research, a comprehensive multi-modal NIGM system is proposed that integrates hybrid sensor
modalities with adaptive calibration and ML-driven personalization models. The proposed approach not
only addresses the limitations identified in previous works but also provides a practical pathway towards
clinically viable, low-cost, and wearable non-invasive glucose monitoring solutions.

2. Problem Statement

Despite significant advancements in non-invasive glucose monitoring technologies, several technical and
clinical limitations still hinder their widespread adoption in real-world diabetes management scenarios.
Sweat-based monitoring techniques, though minimally invasive, often suffer from inconsistent correlation
with blood glucose levels due to variations in sweat rate, electrolyte composition, and pH levels, which
directly affect sensor accuracy and repeatability [21]— [24]. Additionally, optical and microwave-based
modalities, while promising, are susceptible to environmental factors such as temperature, humidity, skin
pigmentation, and tissue scattering, which complicate consistent signal acquisition and interpretation [25],
[26].

Moreover, many of the current machine learning models applied to glucose estimation lack sufficient
diversity in training datasets, leading to limited generalizability across broader population groups with
varying metabolic states, demographics, and comorbidities [27], [28]. This results in models that often
require frequent recalibration and customization for each individual, reducing the practical applicability of
these devices in everyday life. Furthermore, the majority of reported clinical trials remain limited to small
sample sizes and short observation periods, which prevents proper validation of long-term reliability and
safety for regulatory approval [29], [30].

From a hardware perspective, the high cost and complexity of mid-infrared lasers, quantum cascade laser
modules, and specialized photonic components pose challenges in terms of miniaturization, affordability,
and mass-market scalability of wearable non-invasive devices [31]-[33]. In addition, sweat-based
microfluidic systems, while providing improved sample control, introduce design complexity in
manufacturing and require robust integration with real-time signal processing units [34], [35].

Given these unresolved challenges, there remains a critical need for an innovative, hybrid sensing approach
that can integrate multiple modalities, adaptive calibration mechanisms, advanced machine learning
algorithms, and hardware optimization strategies to achieve reliable, affordable, and clinically valid non-
invasive glucose monitoring solutions.

3. Literature Review

The growing demand for non-invasive glucose monitoring (NIGM) systems has led to extensive research
into various sensing modalities and analytical models to overcome the limitations of traditional invasive
methods [1], [2].
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3.1 Optical-Based Non-Invasive Glucose Monitoring

Optical sensing, particularly near-infrared (NIR) and mid-infrared (MIR) spectroscopy, has been widely
investigated due to its ability to detect glucose-specific absorption features [3], [4]. Al-Masri and Lee [1]
proposed a time—frequency analysis—based feature fusion approach to enhance non-invasive glucose
estimation using MIR data. Han et al. [S] demonstrated in-vivo NIR-based glucose detection but highlighted
challenges with tissue scattering and temperature effects. Lubinski et al. [6] and Kaysir et al. [7] further
explored MIR photoacoustic spectroscopy, showing promising sensitivity but emphasizing the need for
stability under variable physiological and environmental conditions.

Recent studies have attempted to address these limitations through improved sensor designs. Kitazaki et al.
[9] demonstrated glucose emission spectra imaging through MIR spectroscopy of the wrist, while Nagae et
al. [10] combined complex-valued neural networks with silicon-loaded millimetre-wave probes to enhance
detection accuracy.

3.2 Microwave, Terahertz, and Electromagnetic-Based Monitoring

Microwave and terahertz-based methods provide deeper tissue penetration and show potential for
continuous glucose monitoring. Yilmaz et al. [21], [30] and Zapasnoy et al. [11] studied microwave near-
field sensors and electromagnetic approaches to improve signal stability across biological layers. Moreno-
Oyervides et al. [13] clinically assessed W-band spectroscopy, validating its potential but highlighting the
need for improved specificity in real-world use cases. Al-Naib [19] and Kaurav et al. [ 18] proposed terahertz
met surface and sub-terahertz neural network sensors to enhance selectivity and robustness.

3.3 Sweat-Based and Microfluidic Glucose Monitoring

Sweat-based sensing has emerged as a highly attractive minimally invasive technique. Ling Liu et al. [32]
developed a plasmonic nanopillar structure to improve sweat glucose sensing sensitivity, while
Ozkahraman et al. [34] and Sankhala et al. [35] investigated heterostructure-based and impedance-based
sweat glucose detection approaches. However, these studies emphasized that sweat glucose concentration
remains highly variable due to external factors such as sweat rate, pH, and hydration [24], [25].

Microfluidic platforms have been proposed to control sweat sampling and improve signal consistency. Yin
et al. [33] introduced a personalized model using sweat measurements normalized through microfluidic
control, improving the correlation between sweat and blood glucose levels.

3.4 Machine Learning and Personalized Prediction Models

Machine learning (ML) has become integral to NIGM systems for dealing with complex physiological
variations. Wei et al. [3] and Noman et al. [15] demonstrated feature fusion and single-wavelength
photoacoustic models that leverage ML for improved prediction accuracy. Nevertheless, many ML models
still face overfitting and lack generalizability due to limited population diversity in training data [27], [28].
Recent works suggest that federated learning and adaptive model personalization could mitigate these
issues by training models across diverse datasets while preserving data privacy [14], [27].

3.5 Clinical Validation and Commercial Readiness

Despite encouraging technological advances, large-scale clinical validations remain scarce. Studies by Di
Filippo et al. [21], Hirsch et al. [31], and Harb et al. [29] emphasize the lack of sufficient longitudinal
studies across varied demographics. Several companies, including Know Labs [22], [23], HAGAR [24],
Apple [26], and Rockley Photonics [28], have recently reported early-stage clinical studies, but widespread
regulatory approval is still pending.

3.6 Hardware Cost, Miniaturization, and Wearability

High manufacturing costs remain a barrier for commercial deployment, particularly for MIR QCL,
microwave, and terahertz devices [6], [7], [31]. Ahmed et al. [27] and Park [28] have highlighted the
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ongoing efforts toward miniaturization through photonic integrated circuits, MEMS, and low-cost printed
sensors to make these devices affordable and suitable for long-term wearability.

Summary of Literature Gaps: While significant progress has been made across multiple sensing domains,
challenges remain related to accuracy, signal stability, sweat variability, model generalization, clinical
validation, and hardware affordability. These gaps justify the need for hybrid multi-modal sensing
frameworks integrated with adaptive calibration, microfluidic control, and advanced ML algorithms to
achieve clinically viable NIGM solutions.

4. Research Objectives

The primary objective of this research is to develop an advanced, clinically viable, non-invasive glucose
monitoring (NIGM) device that overcomes the current limitations related to accuracy, calibration, patient
variability, and hardware constraints. Building upon the drawbacks identified in the existing time-frequency
analysis—based feature fusion approach proposed by Al-Masri and Lee [1], this study aims to introduce
innovative solutions that integrate hybrid sensing, adaptive modelling, and hardware optimization.

The specific objectives of this research are as follows:

To Design a Hybrid Multi-Modal Sensing Framework: Integrate mid-infrared spectroscopy, microwave
resonance, and sweat-based electrochemical sensors to combine the strengths of each modality while
compensating for their individual weaknesses in signal penetration, environmental sensitivity, and glucose
specificity.

To Develop Adaptive Calibration Algorithms: Introduce real-time dynamic calibration models that
automatically adjust to environmental changes (e.g., temperature, humidity, hydration levels) and individual
patient physiological differences (e.g., skin tone, tissue thickness, metabolic rate).

To Implement Advanced Machine Learning Models for Personalized Prediction: Apply ensemble learning,
federated learning, and transfer learning approaches trained on diverse, large-scale datasets to enhance
model generalization, reduce overfitting, and ensure robust glucose prediction across heterogeneous
populations.

To Stabilize Sweat-Based Monitoring via Microfluidic Control: Employ microfluidic sweat sampling
chambers with integrated pH and electrolyte normalization to address the variability of sweat glucose
concentration and improve correlation with blood glucose levels.

To Achieve Cost-Effective, Wearable Hardware Implementation: Leverage photonic integrated circuits,
printed electronics, MEMS-based sensors, and embedded low-power Al processors to miniaturize the
system while maintaining performance, energy efficiency, and affordability for long-term daily wearability.

To Conduct Comprehensive Clinical Validation: Design and execute longitudinal clinical studies across
varied demographics and real-world conditions to rigorously validate system accuracy, stability, safety, and
patient usability for potential regulatory approval.

5. Methodology
5.1 Hybrid Multi-Modal Sensing Framework

The proposed system architecture employs a hybrid sensing framework that integrates mid-infrared (MIR)
spectroscopy, microwave resonance sensing, and sweat-based electrochemical analysis for comprehensive
glucose monitoring. The MIR spectroscopy unit utilizes quantum cascade laser (QCL) sources operating in
the 810 pm wavelength range, which corresponds to the glucose-specific absorption bands. The
microwave resonance module operates within the 10-30 GHz range to probe deeper tissue layers and
capture glucose-induced dielectric changes in interstitial fluid. The sweat-based electrochemical sensor
employs functionalized nanomaterials (e.g., graphene-based enzymatic electrodes) embedded within a
microfluidic sampling chamber to stabilize sweat composition and allow continuous analysis. Figure 1
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illustrates the block diagram of the proposed hybrid multi-modal glucose monitoring device, integrating
MIR, microwave, and sweat sensors with a data fusion module, ML engine, and embedded Al controller.

MIR
SENSOR

DATA ADAPTIVE
MICROWAVE —>»( FUSION CALIBRATION
SENSOR MODULE

SWEAT l

SENSOR ML EMBEDDED Al
ENGINE [ CONTROLLER

Figure 1: Block Diagram of the Proposed Hybrid Multi-Modal Glucose Monitoring Device.
5.2 Adaptive Signal Fusion and Calibration Module

The acquired signals from the three sensor modalities undergo real-time preprocessing to filter noise,
normalize amplitude fluctuations, and synchronize multi-modal time stamps. The fusion algorithm
combines weighted feature sets derived from each sensor using adaptive weighting coefficients that
dynamically adjust based on environmental conditions and prior error profiles. For instance, when sweat
rate is unstable, the fusion algorithm automatically reduces the weight contribution of sweat sensors while
relying more on MIR and microwave signals.

A dynamic calibration model based on recursive least squares (RLS) is implemented, where environmental
parameters (temperature, humidity, skin impedance) are continuously recorded through auxiliary sensors
and fed into the model to adjust the glucose estimation algorithm. This adaptive model corrects for short-
term variability and long-term drift, reducing the need for manual recalibration.

5.3 Machine Learning-Based Personalized Glucose Estimation

Following signal fusion and calibration, the processed data is fed into a multi-layer ensemble learning
model consisting of gradient boosting, random forests, and recurrent neural networks (RNN). The model
architecture incorporates real-time federated learning where anonymized patient-specific updates are
continuously integrated into a global model, enhancing its generalization across diverse populations.

The model is initially trained on a dataset collected from multi-site clinical trials involving 500 diabetic and
non-diabetic participants across various age groups (18—75 years), skin tones, metabolic states, and
hydration levels. The dataset includes synchronized data from all sensing modalities along with
corresponding reference blood glucose levels obtained via standard finger-prick glucometers. Table 1
presents a sample data structure used for training the glucose prediction model, incorporating features such
as MIR absorption, microwave reflection, sweat glucose, temperature, humidity, and skin impedance
alongside reference glucose levels.
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Table 1: Sample Data Structure for Model Training.

- MIR Microwave  Sweat - Skin Reference
Participant . . Temp Humidity
ID Absorption  Reflection  Glucose ©C) (%) Impedance  Glucose
(a.u.) (dB) (mg/dL) ¢ () (mg/dL)
P001 0.213 -12.4 80 33.1 52.5 423 162
P002 0.185 -11.9 92 31.5 58.0 410 175
P003 0.226 -13.2 78 34.2 49.8 437 158

The personalized ML model updates the weight matrix for each patient as more longitudinal data becomes
available, allowing the system to adapt to metabolic shifts, hormonal cycles, or stress-induced glucose
changes.

The training dataset incorporated participants from diverse geographic and ethnic backgrounds, including
representation from Asian, Caucasian, African, and Hispanic populations. This diversity enhances the
generalization ability of the machine learning model to handle population-level metabolic variations such
as differences in skin pigmentation, hormonal profiles, dietary habits, and regional environmental
conditions. Future data collection phases will focus on expanding this global dataset to strengthen cross-
population model robustness further.

5.4 Microfluidic Sweat Stabilization and Sensing

The sweat sampling module integrates microfluidic control to regulate sweat collection rate and normalize
glucose concentration. This chamber maintains a constant sweat flow via miniaturized hydrophilic channels
and embedded pH buffers that stabilize sweat electrolyte balance. Simultaneous sensors monitor sweat rate
(nL/min), conductivity, and pH to dynamically correct glucose measurements through normalization
algorithms.

Cover Layer

Hydrophobic Coatings

|
SKin

Microfluidic Sweat
Sampling Chamber

Figure 2: Microfluidic Sweat Sampling Chamber with Integrated pH and Conductivity Control.

This design ensures consistent sampling even under highly variable sweat production conditions,
significantly improving the correlation between sweat glucose and blood glucose values compared to
conventional passive sweat sensors. Figure 2 depicts the microfluidic sweat sampling chamber featuring
hydrophobic coatings and integrated pathways for sweat collection, enabling controlled pH and
conductivity analysis directly from the skin surface.
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5.5 Embedded Hardware and Wearable Integration

The entire system is miniaturized into a compact wrist-wearable form factor. Core components include:
e Alow-power photonic integrated circuit (PIC) for MIR detection.
e  Ahigh-frequency microwave module with miniaturized antenna arrays.
e A sweat microfluidic module bonded to skin-contact layers.

e An embedded Al processor (e.g., ARM Cortex-M55 with Al accelerator) to run real-time ML
inference and signal fusion locally.

e  Wireless communication module (Bluetooth Low Energy) for data syncing to mobile health
platforms.

The total device power consumption is maintained below 150 mW, enabling up to 72 hours of continuous
operation on a single charge. Figure 3 illustrates the physical layout of the wearable non-invasive glucose
monitor, showcasing the integration of MIR, microwave, and sweat microfluidic modules, along with an
embedded Al processor for real-time glucose level estimation.

MIR Sensor

Physical Layout of the Wearable Non-Invasive
Glucose Monitor

Microwave
Module

Sweat
Microfluidic
Module

Embedded
Al Processor

Physical Layout of the Wearable
Non-Invasive Glucose Monitor

Figure 3: Physical Layout of the Wearable Non-Invasive Glucose Monitor.
5.6 Real-Time Application Workflow
The system operates in a fully autonomous mode for end-users. Upon wearing the device:
e  Multi-modal sensor data is continuously acquired every 5 minutes.
e Adaptive calibration models dynamically adjust readings in real-time.
e Personalized ML predictions provide accurate glucose estimations on the wearable display.
e Data is securely uploaded to cloud-based clinical platforms for physician review.
e  Alerts are generated for hypoglycemic (<70 mg/dL) or hyperglycemic (>180 mg/dL) conditions.

This real-time feedback loop empowers users to make informed decisions regarding insulin dosing, physical
activity, and dietary intake without invasive procedures. Figure 4 illustrates the real-time data flow and
adaptive feedback loop in the wearable glucose monitoring system, where sensor inputs undergo data fusion
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and calibration, followed by machine learning-based glucose estimation, cloud integration, and user
alerting.
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Figure 4: Real-Time Data Flow and Adaptive Feedback Loop for Glucose Monitoring.
5.7 Clinical Evaluation Protocol

The system undergoes a longitudinal clinical evaluation involving 100 participants monitored over a 90-
day period. Daily measurements are compared against laboratory-based venous blood draws and standard
continuous glucose monitoring (CGM) systems to evaluate accuracy, mean absolute relative difference
(MARD), and system stability. Table 2 presents preliminary clinical accuracy results of the proposed
glucose monitoring system, demonstrating compliance with FDA CGM requirements in terms of MARD,
sensitivity, and specificity, while offering reduced calibration frequency and near-continuous wearability.

Table 2: Preliminary Clinical Accuracy Results

Metric Proposed System FDA CGM Requirement
MARD (%) 9.2% <10%
Sensitivity (Hypo) 94.5% >90%
Specificity (Hyper) 96.2% >95%
Calibration Frequency  Once per 30 days Daily
Daily Wear Time 22 hours 24 hours

The device successfully maintains clinical-grade accuracy while significantly reducing calibration
requirements compared to existing CGM technologies.

5.8 Application Domains
While primarily intended for diabetes management, the proposed system also finds application in:
e  Continuous glucose trend monitoring for prediabetic individuals.

e Non-invasive metabolic monitoring during athletic performance optimization.
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e Remote patient monitoring for high-risk hospitalized patients.
e Post-operative glucose management in surgical recovery units.
e Lifestyle tracking integration with mobile health applications.

This methodology demonstrates a fully integrated hybrid non-invasive glucose monitoring system that
overcomes conventional technical and clinical limitations. Through fusion of multiple sensing technologies,
adaptive real-time calibration, machine learning personalization, and hardware miniaturization, the
proposed device provides a highly accurate, wearable, and patient-friendly solution for continuous glucose
management.

6. Results and Discussion

The proposed hybrid non-invasive glucose monitoring system was evaluated through both laboratory
simulations and clinical trials conducted on a cohort of 100 subjects over a 90-day period. The participants
included individuals across various age groups (18—75 years), skin tones, metabolic states (Type 1, Type 2,
prediabetic, and non-diabetic), and hydration levels, ensuring a diverse representation of real-world
conditions.

6.1 Accuracy Assessment

The performance of the device was benchmarked against both venous blood draws (reference laboratory
method) and standard finger-prick glucometer readings. The Mean Absolute Relative Difference (MARD),
which is widely accepted for glucose monitoring systems, was calculated across the entire participant pool.

The system achieved a MARD of 8.9%, outperforming several commercially available non-invasive
prototypes and staying well within the FDA CGM recommended threshold of 10%. Table 3 summarizes the
key performance metrics:

Table 3: Accuracy Metrics Compared to Standard Reference

Metric Proposed System FDA Requirement
MARD (%) 8.9% <10%
Sensitivity (Hypo) 95.2% >90%
Specificity (Hyper) 96.7% >95%
Calibration Frequency ~ Once per 30 days Daily
User Compliance 98% daily wear —

In addition to MARD evaluation, Bland-Altman analysis was conducted to assess agreement between the
proposed system and reference venous glucose measurements. The 95% limits of agreement ranged from -
14.5 mg/dL to +13.2 mg/dL, indicating strong consistency across varying glucose concentrations. The
standard deviation of differences was 6.3 mg/dL. Furthermore, confidence intervals for MARD were
calculated at 95% confidence level as [8.3%, 9.5%], confirming the statistical robustness of the system’s
accuracy across the studied cohort.

6.2 Machine Learning Model Performance

The ensemble learning model combining Random Forest, Gradient Boosting, and Recurrent Neural
Networks demonstrated strong predictive performance. The model was trained on 50,000 synchronized data
samples collected from multiple sensors and validated on an independent test set.

e Root Mean Square Error (RMSE): 11.4 mg/dL

e R2?Score (Goodness of Fit): 0.94
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e  Model Convergence Time: 3.5 seconds (real-time inference)

The adaptive model updates allowed personalization to each patient’s metabolic profile with minimal
overfitting, resulting in stable longitudinal accuracy.

6.3 Sweat-Based Sensor Stabilization Results

To address sweat variability, microfluidic control with integrated pH buffering successfully minimized
measurement noise. Sweat glucose concentration fluctuations (which previously exhibited deviations of up
to £30%) were stabilized to within £8% after normalization. The impact of microfluidic stabilization on
sweat glucose measurement consistency is evident in the reduced variability post-stabilization, as shown in
the trend comparison in Figure 5.
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Figure 5: Sweat Glucose Measurement Variability Before and After Microfluidic Stabilization.
6.4 Device Stability and Wearability Performance

The wearable system was continuously worn for up to 22 hours/day. Average battery life per charge was 68
hours, with power consumption averaging 142 mW, which validates its long-term wearability potential.

No significant signal degradation was observed over the 90-day trial, and recalibration was only required
once every 30 days, a considerable improvement over current CGM systems that require daily recalibration.

6.5 Comparison with Existing Technologies

A comparative analysis was performed against leading commercially available CGM systems and several
published non-invasive prototypes. Table 4 summarizes the comparison.

Table 4: Comparative Performance Summary.

System Type MARD (%) Calibration Wear Time Invasiveness
Proposed System Hybrid NIGM 8.9% 30 days 22 hrs/day ~ Non-invasive
Dexcom G7 (FDA 2023) Invasive CGM 8.2% Daily 24 hrs/day Invasive
Know Labs (2024) NIR prototype ~11.1% Daily 12 hrs/day ~ Non-invasive
Apple (2023 prototype) Optical POC ~12-14% Frequent 6-8 hrs/day Non-invasive

The proposed system demonstrated superior long-term stability, lower calibration requirements, and strong
accuracy compared to both invasive and emerging non-invasive solutions.
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6.6 Clinical Implications

The system provided real-time alerts for hypoglycemic and hyperglycemic events with a detection latency
of less than 2.3 seconds, enabling early corrective interventions. Clinical feedback indicated high user
satisfaction, improved adherence, and better lifestyle integration compared to finger-prick or patch-based
CGMs. The system design adheres to clinical accuracy standards outlined by the FDA’s 2018 guidelines
for continuous glucose monitoring devices and aligns with ISO 15197:2013 requirements for system
accuracy and safety. The significant reduction in calibration frequency and clinically validated performance
metrics position the proposed system for a feasible regulatory approval pathway, subject to further multi-
centre clinical trials and post-market surveillance studies.

In practical deployment, the system also showed significant potential for:
e Continuous remote monitoring in outpatient diabetes clinics
e Integration into hospital recovery units for perioperative glucose monitoring
e Support for athletic performance and metabolic optimization

7. Conclusion

In this study, a fully integrated hybrid non-invasive glucose monitoring (NIGM) system has been
developed, addressing several long-standing limitations observed in conventional glucose monitoring
technologies. By combining mid-infrared spectroscopy, microwave resonance sensing, and sweat-based
electrochemical detection within a wearable wrist-worn platform, the system successfully overcomes
challenges associated with single-modality approaches, such as signal instability, environmental
interference, and patient-specific variability.

The implementation of adaptive signal fusion, real-time dynamic calibration, and machine learning-based
personalized prediction has demonstrated significant improvements in both measurement accuracy and
model generalization. The proposed system achieved a MARD of 8.9% in clinical trials involving 100
participants over a 90-day period, positioning its accuracy within clinically acceptable thresholds for
continuous glucose monitoring. Furthermore, the integration of microfluidic sweat stabilization chambers
has significantly improved sweat glucose measurement consistency, minimizing previously reported
concentration fluctuations due to sweat rate and composition variability.

The wearable system also offers substantial advantages in terms of power efficiency, miniaturization, and
long-term user compliance, with daily operation extending up to 72 hours per charge and recalibration
requirements reduced to once every 30 days. The adaptive feedback loop enables real-time alerts for
hypoglycemic and hyperglycemic events, enhancing patient safety and decision-making in daily diabetes
management.

The combination of hybrid sensing modalities, embedded artificial intelligence, and clinical-grade
performance provides a strong foundation for the next generation of non-invasive glucose monitoring
technologies. The proposed framework demonstrates strong potential not only for personal diabetes
management but also for broader applications such as remote patient monitoring, athletic performance
optimization, and perioperative glucose control.

Future Work: Future research will focus on integrating explainable Al (XAI) modules into the prediction
engine to improve clinical interpretability and physician trust in automated glucose readings. Additionally,
multi-centre clinical trials involving larger and more diverse populations will be conducted to support
global regulatory approvals. Expansion of the system’s connectivity to electronic health records,
telemedicine platforms, and cloud-based healthcare analytics will enable real-time physician monitoring
and personalized treatment optimization. Furthermore, hardware miniaturization efforts will continue to
reduce device size, cost, and improve comfort for 24/7 wearability.
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