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Abstract: Neurofibromatosis comprises genetically distinct tumour-predisposition disorders that
require lifelong, risk-adapted clinical surveillance. Current follow-up relies principally on clinical
examination and 1mmaging, which are essential but intermittent and may not capture short-term
changes in peripheral-nerve function or local tissue electrical properties. This paper presents the
design and bench-level evaluation of a wearable, non-invasive proof-of-concept platform that
combines multifrequency bioimpedance sensing, amplified peripheral bioelectrical-signal
acquisition, embedded feature extraction, and TinyML-based risk-pattern classification. An
ADS5933 impedance-converter circuit is used to estimate impedance magnitude and phase,
whereas an AD620 mstrumentation-amplifier stage conditions low-amplitude nerve- or
electromyography-like signals. An ESP32 microcontroller performs data acquisition, filtering,
feature computation, model inference, and Bluetooth Low Energy transmission. The proposed
feature set mcludes mean mmpedance, phase angle, root-mean-square amplitude, and zero-
crossing rate. Bench testing with simulated impedance loads and generated bioelectrical
waveforms demonstrated stable acquisition and real-time wireless display. However, the reported
thresholds and classification outputs are engineering labels for prototype verification and are not
validated diagnostic criteria. Patient recruitment, clinical reference standards, sensitivity,
specificity, calibration, and longitudinal outcome analysis remain necessary before any clinical
mterpretation. The present work therefore establishes an embedded-systems architecture and
feasibility workflow rather than a clinically validated neurofibromatosis diagnostic device.

Keywords: Bioimpedance Spectroscopy, Embedded Artificial Intelligence, ESP32,
Neurofibromatosis, Peripheral-Nerve Monitoring, Tinyml, Wearable Biomedical System.
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1. Introduction

Neurofibromatosis represents a group of inherited tumour-predisposition disorders
mvolving the skin, peripheral nerves, central nervous system, and other organ systems.
Neurofibromatosis type 1 (NF1) is characterised by age-dependent manifestations that may
mclude café-au-lait macules, cutaneous and plexiform neurofibromas, skeletal abnormalities,
learning difficulties, optic-pathway glioma, and an increased risk of malignant peripheral nerve-
sheath tumour [1-3]. The former term neurofibromatosis type 2 has been replaced by NF2-
related schwannomatosis under revised international nomenclature, reflecting advances in
molecular classification and the clinical overlap among schwannomatosis subtypes [4, 5]. These
conditions differ substantially in genetic basis, tumour spectrum, symptom burden, and
surveillance requirements; consequently, a single sensor output cannot establish or exclude
disease progression.

Clinical surveillance remains the standard of care. Current guidance emphasises periodic
multidisciplinary assessment, symptom-triggered imaging, tumour-specific magnetic resonance
mmaging, hearing and ophthalmological evaluation when indicated, and age-appropriate cancer
surveillance [2, 3, 6]. Whole-body MRI and computational segmentation can support tumour-
burden assessment, but 1maging is resource intensive and is not intended for uninterrupted
ambulatory monitoring [7]. In parallel, wearable sensing and embedded intelligence have
advanced sufficiently to permit low-power acquisition and local analysis of physiological signals
[8]. These technologies may complement—rather than replace—clinical review by identifying
signal changes that warrant further assessment.

Electrical bioimpedance measures the frequency-dependent opposition of biological
tissue to an applied alternating current. Changes in hydration, cell-membrane properties, tissue
composition, electrode contact, and geometry influence measured resistance and reactance.
Accordingly, bioimpedance 1s sensitive but not disease specific. Peripheral bioelectrical signals,
mcluding surface electromyography and evoked or spontancous nerve-related activity, provide
complementary functional information but are also affected by electrode placement, motion,
muscle recruitment, and environmental interference. A multimodal architecture may therefore
be useful for engineering surveillance studies, provided that signal-quality control, calibration,
and clinical validation are explicitly addressed [9-11].

This study proposes a wearable proof-of-concept platform that integrates AD5933-based
bioimpedance acquisition, AD620-based low-amplitude signal conditioning, ESP32 processing,
TinyML inference, and wireless visualisation. The objectives are to describe the hardware and
software architecture, define a reproducible feature-processing pipeline, and demonstrate bench-
level signal acquisition and communication. The work does not claim that the prototype detects
neurofibroma growth or provides clinically validated risk stratification. Instead, it establishes the
technical basis for subsequent ethics-approved studies using patient data and appropriate clinical

reference standards.
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2. Related Work

NF surveillance research has concentrated on clinical examination, genotype-informed
follow-up, and imaging of tumour burden. Updated consensus criteria and European
surveillance guidelines stress that assessment must be tailored to the patient’s molecular
diagnosis, age, symptoms, and tumour phenotype [2-6]. Deep interactive segmentation has also
been investigated for whole-body MRI of NF1-associated neurofibromas, demonstrating the role
of artificial intelligence in image-assisted tumour quantification [7]. These approaches address
clinically established imaging workflows but do not provide continuous peripheral physiological

sensing.

Bioimpedance spectroscopy has been applied to body-composition estimation,
hydration assessment, tissue characterisation, electrode-contact monitoring, and several
exploratory diagnostic applications. Its principal advantages are low excitation energy, portability,
and compatibility with embedded hardware. Its limitations include dependence on calibration,
electrode-skin interface quality, excitation frequency, anatomical geometry, temperature, and
motion [9, 10]. The AD5933 provides a compact frequency generator and impedance-
measurement engine, but biomedical implementation requires an appropriate analogue front

end, current limitation, calibration impedance, and patient-safety isolation [12].

Wearable electrophysiological systems similarly require high common-mode rejection,
low-noise amplification, protection circuitry, and robust artefact suppression. The AD620
mstrumentation amplifier is suitable for prototype amplification of low-level differential signals,
although the complete acquisition chain must still meet medical-electrical safety and
electromagnetic-compatibility requirements [13]. TinyML frameworks enable compressed
machine-learning models to run on microcontrollers with limited memory and power budgets.
On-device mference can reduce communication latency and data exposure, but model validity
depends on representative training data, transparent preprocessing, external validation, and
careful control of dataset leakage [14, 15].

The present work combines these engineering elements in one prototype. The specific
contribution is architectural integration and bench demonstration. The unresolved research gap
1s clinical validation: there is currently insufficient evidence to treat bioimpedance and surface
nerve-signal features as established biomarkers of neurofibromatosis progression.

3. Methodology
3.1 System Architecture

Figure 1 presents the end-to-end architecture. Surface electrodes provide two acquisition
pathways. The first pathway uses the ADD5933 to generate a controlled sinusoidal excitation and
estimate complex impedance. The second pathway uses an AD620 mstrumentation-amplifier
stage to condition low-amplitude peripheral bioelectrical signals. The ESP32 coordinates
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sampling, preprocessing, feature extraction, TinyML inference, and Bluetooth Low Energy
communication. A mobile or computer dashboard displays the processed values and prototype

class output. The power subsystem supplies regulated rails to the analogue and digital blocks.
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Figure 1. Block diagram of the proposed multimodal wearable monitoring architecture

3.2 Hardware Components

The sensing interface uses disposable or reusable surface electrodes selected according
to the intended measurement mode. Bioimpedance measurements require a defined electrode
configuration, controlled excitation amplitude, and calibration with a known reference
mmpedance. The AD5933 communicates with the ESP32 through the I2C bus. Because the
ADS933 alone 1s not a complete human-connected bioimpedance instrument, the prototype
design must include current limiting, analogue buffering, protection, and electrical 1solation
before any volunteer study [12].

The AD620 stage provides differential amplification for the peripheral bioelectrical
channel. Gain is set by an external resistor, and analogue high-pass, low-pass, and mains-
frequency rejection stages are used as required by the selected signal bandwidth. The amplified
output 1s constrained to the ESP32 analogue-to-digital converter input range. Electrode
placement, skin preparation, cable motion, and reference-electrode stability are controlled
because these variables can dominate the recorded waveform [13].

The ESP32 was selected because it integrates a microcontroller, analogue-to-digital
conversion, [2C communication, and Bluetooth connectivity in a compact platform [16]. It
executes deterministic acquisition tasks and a small inference model. This prototype is intended
for laboratory evaluation; a future human-use version would require compliance with applicable
medical-device risk-management, electrical-safety, biocompatibility, cybersecurity, and software-
life-cycle standards.
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3.3 Signal Acquisition and Preprocessing

For the impedance channel, the device performs a frequency sweep over a predefined
band and records the real and imaginary response components after calibration. Repeated
measurements are averaged to reduce random variation. For the peripheral bioelectrical channel,
the ESP32 samples the conditioned waveform at a fixed rate. Baseline removal, band-hmited
digital filtering, and amplitude clipping checks are applied before feature extraction. Windows
contaminated by saturation, electrode detachment, or excessive motion should be rejected rather
than classified.

Bench evaluation used known resistor-capacitor loads to emulate different complex
mmpedances and generated low-amplitude waveforms to exercise the electrophysiological
channel. No patient-derived dataset was reported in the source manuscript. Therefore, all results

n this paper are interpreted as engineering verification only.

3.4 Feature Extraction
Complex impedance is represented by
Z =R+ jX (1)

Where R 1s resistance and X is reactance. Impedance magnitude and phase are
calculated as

12| = V(R* + X?) @)
¢ = tan” (X/R) 3)

For a sampled peripheral bioelectrical window x(n) containing N samples, the root-
mean-square amplitude 1s

RMS = V[(1/N) £ x(n)?*], n = 1,..,N (4)

The zero-crossing rate 1s computed as the number of sign changes per unit time after
applying a small dead band to suppress noise-induced crossings. When spectral features are
required, the discrete Fourier transform is

X(k) = Yx(n)er(—j2rkn/N), k = 0,..,N—-1 )

Only features defined before model training should be retained. Scaling parameters
must be estimated from the training partition and then applied unchanged to validation and test

data to prevent information leakage.
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3.5 TinyML Model and Prototype Labels

A compact feed-forward neural network can accept four inputs: mean impedance, mean
phase, RMS amplitude, and zero-crossing rate. One or two small dense layers with rectified-
linear activation are followed by a three-node softmax output. Training is performed offline, after
which the quantised TensorFlow Lite model 1s deployed on the ESP32 using a microcontroller
inference runtime [14, 15].

Table 1 lists the engineering thresholds supplied in the prototype dataset. They are
retained solely to reproduce the software demonstration. They are not derived from a clinical
cohort, do not correspond to accepted NF diagnostic criteria, and must not be used for patient
management. A clinical study would require prospectively defined outcomes, expert-labelled
reference data, prespecified inclusion criteria, independent testing, and reporting of

discrimination, calibration, uncertainty, and subgroup performance.

Table 1. Prototype Feature Thresholds Used For Software Verification

Parameter (unit) No-risk label | Low-risk label | High-risk label
Mean impedance (£2) 190-230 >230-330 >330
Mean phase (°) >—20 —20 to —35 <—35
Nerve RMS (V) <0.04 0.04-0.07 >0.07
Nerve ZCR (Hz) 0.05-0.12 >0.12-0.20 >0.20
3.6 Software Implementation

The firmware nitialises the AD5933, analogue-to-digital converter, filters, Bluetooth
mterface, and inference model. Each acquisition cycle collects impedance and waveform data,
performs quality checks, computes the selected features, applies stored normalisation
parameters, executes inference, and transmits a compact packet containing the feature values,
signal-quality flags, and prototype class. The dashboard plots trends and displays warnings when
the input 1s outside the calibrated range. Raw-data retention, encryption, user authentication, and
audit logging should be implemented before clinical deployment.

4. Results and Discussion

Bench testing showed that the AD5933 pathway produced repeatable values for the
resistor-capacitor loads used during prototype evaluation. The AD620 pathway also reproduced
the generated low-amplitude waveforms sufficiently to calculate RMS and zero-crossing features.
Bluetooth transmission supported continuous dashboard updating during the reported test

mterval. Figure 2 shows representative software output from successive acquisition windows.
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phase mean: 172 Phase impedance: 119  Nerve RMS: 167
phase mean: 176 Phase impedance: 119  Nerve RMS: 167
Phase mean: 174 Phase impedance: 118  Nerve RMS: 165
phase mean: 175 Phase impedance: 119  Nerve RMS: 167
Phase mean: 176 Phase impedance: 121  Nerve RMS: 176

Phase mean: 176 Phase impedance: 121  Nerve RMS: 161
phase mean: 155 Phase impedance: 117  Nerve RMS: 167
Phase mean: 175 Phase impedance: 117  Nerve RMS: 169
Phase mean: 170 Phase impedance; 121  Nerve RMS: 169
Phase mean: 176 Phase impedance: 118  Nerve RMS: 169

Figure 2. Representative software output showing successive feature values during bench-level
prototype testing

The screenshot confirms data flow through the acquisition, feature-extraction, display,
and communication pipeline. It does not establish measurement accuracy because the source
manuscript does not report reference-instrument comparisons, error distributions, confidence
mtervals, sampling duration, number of repeated trials, or environmental test conditions.
Likewise, the TinyML output demonstrates executable inference but not clinical classification
performance. No confusion matrix, receiver-operating-characteristic analysis, sensitivity,
specificity, calibration plot, or independent test cohort was available.

The main technical strength 1s multimodal integration on a low-cost embedded platform.
The main limitations are more consequential: absence of patient-derived data; absence of ethics
and consent information; unvalidated thresholds; no documented electrode geometry or
excitation-current  safety analysis; incomplete analogue-filter specifications; no power-
consumption or battery-life measurements; and no comparison with clinical or laboratory
reference systems. Biloimpedance is also highly sensitive to contact and geometry, whereas
surface bioelectrical activity 1s influenced by muscle activation and motion. Consequently,

observed changes cannot presently be attributed specifically to neurofibroma growth or nerve
dysfunction.

A rigorous next-stage study should proceed in two steps. First, laboratory validation
should quantify impedance error across known loads, frequency-dependent repeatability,
electrophysiological gain and noise, artefact rejection, wireless packet loss, latency, and energy
consumption. Second, an ethics-approved observational study should compare longitudinal
wearable features with predefined clinical assessments and imaging outcomes. Model
development should use patient-level data partitioning, nested validation where appropriate, and
external testing at a separate site.
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5. Conclusion

This study presents a wearable embedded-Al architecture that combines bioimpedance
sensing, low-amplitude peripheral bioelectrical-signal acquisiion, ESP32-based feature
extraction, TinyML inference, and Bluetooth visualisation for exploratory neurofibromatosis
surveillance. The prototype demonstrates end-to-end acquisiion and real-time software
operation under bench conditions. The revised interpretation is deliberately limited: the system
1s not a validated diagnostic or monitoring device, and the supplied thresholds are software-
verification labels rather than clinically established decision limits. Publication of the architecture
1s nevertheless useful because it identifies a compact implementation pathway and the validation
requirements that must be satisfied before human use. Future work should prioritise electrical-
safety engineering, traceable calibration, complete reporting of hardware and firmware
parameters, controlled laboratory benchmarking, ethics-approved patient studies, independent
model validation, and comparison with accepted clinical reference standards. Only after these
steps can the value of multimodal wearable sensing for longitudinal neurofibromatosis

management be determined.

6. Future Work

Future development should include a medically appropriate isolated analogue front end,
four-electrode bioimpedance measurement where feasible, electrode-contact quality estimation,
adaptive motion-artifact rejection, and power profiling under realistic duty cycles. The software
should preserve raw and processed data with time stamps, calibration metadata, signal-quality
flags, and secure transmission. Clinical evaluation should recruit a sufficiently diverse cohort,
define the target condition and outcome precisely, and compare device outputs against specialist
examination, imaging, and electrophysiological reference tests. The final model should report
uncertainty and abstain when signal quality 1s inadequate or the input lies outside the validated

operating domain.
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