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Abstract— This paper presents the first integrated electrochem-
ical sensing system-on-chip (SoC) for autonomous wound moni-
toring, integrating a custom potentiostat analog front end, 12-bit
dual-slope ADC, RISC-V processor, and neural processing unit
(NPU) on a single silicon die. Conventional wound monitoring
approaches rely on multi-chip architectures that separate sensing
from processing, resulting in high power consumption and con-
nectivity dependencies that limit continuous wearable operation.
This work achieves monolithic integration of the complete signal
chain from electrochemical transduction to biomarker quantifica-
tion by unifying analog sensing, digital processing, and machine
learning. This integration enables wearable point-of-care wound
monitoring by reducing power and connectivity requirements.
Fabricated in 65 nm CMOS with a 1.5 mm x 1.0 mm die area,
the SoC operates at 3.0 mW with 153 pA current resolution
while performing cyclic voltammetry measurements to capture
wound biomarkers including lactate, pH, and uric acid, with
the integrated NPU converting electrochemical measurements
into quantitative biomarker concentrations for continuous wound
assessment.

I. INTRODUCTION

Chronic wound management represents a significant health-
care challenge, affecting over 8.2 million patients annually
with treatment costs exceeding $28 billion in the United States
[1]. Effective wound healing depends on maintaining opti-
mal biochemical conditions, including pH balance, bacterial
load, and inflammatory biomarker levels [2]. Current wound
assessment relies primarily on visual inspection and periodic
sampling, which fails to capture the dynamic biochemical
changes occurring during the healing process [3]. Continuous
electrochemical monitoring offers a promising solution for
real-time assessment of healing progression and early detec-
tion of complications [4].

Potentiostats enable electrochemical detection of wound
biomarkers including lactate (tissue hypoxia), uric acid (in-
flammation), and pH (bacterial colonization) through voltam-
metric and amperometric methods [5], [6]. However, existing
integrated potentiostat systems suffer from limitations: they
rely on external processors for data analysis, lack intelligence
to compensate for biological matrix effects, and utilize rigid
form factors incompatible dynamic wound surfaces [7], [8].
While machine learning can address electrochemical sensing
challenges, implementations require external computation, pre-
cluding autonomous operation [9], [10].
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Fig. 1. Integrated electrochemical sensing SoC concept showing monolithic
integration of potentiostat AFE, RISC-V processor, NPU for autonomous
wound monitoring.

This work presents a novel system-level approach to electro-
chemical biosensing through the integration of analog sensing,
embedded digital processing, and on-chip machine learning on
a single silicon die. Unlike conventional multi-chip solutions,
our SoC unifies the entire signal chain from electrochemical
transduction to decision making, improving the size, weight,
and power of wound monitoring solutions. Figure 1 illustrates
the integrated concept, showing the electrochemical inter-
face with three-electrode configuration, analog front end, and
digital core. When considering the increased practicality of
wireless powering and data transmission for this design, it
provides a pathway for future bandages made with thinner
and more flexible materials. The custom RISC-V processor,
VestaRV [11], orchestrates measurements while the integrated
NPU transforms raw electrochemical signatures into quan-
titative biomarker concentrations, enabling real-time wound
assessment without any off chip processing.

II. SYSTEM ARCHITECTURE

The proposed electrochemical sensing SoC integrates three
primary subsystems: a potentiostat analog front end (AFE)
for electrochemical transduction, a custom RISC-V processor
for system control, and a programmable NPU for intelligent
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signal processing. Figure 2 illustrates the complete system
architecture with the key subsystems described below.

A. Potentiostat Analog Front-End

The potentiostat AFE implements a three-electrode elec-
trochemical measurement system with programmable voltage
control and current sensing capabilities. The design employs
a p-type current mirror topology tailored for electrochemi-
cal measurements within the electrolysis window of water
at approximately 1.5 V, beyond which water decomposition
reactions preclude reliable electrochemical sensing.

The potentiostat AFE operates based on fundamental elec-
trochemical principles governing the sensor-analyte interac-
tion. For cyclic voltammetry measurements, the peak current
1, at the working electrode follows the Randles-Sevcik equa-
tion for diffusion-limited processes:
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ip = 0.4463(nF)2 AC <RT> (1)

where n represents the electron transfer number, F' is Fara-
day’s constant, A is the electrode area, C' is the analyte
concentration, v is the scan rate, D is the diffusion coefficient,
R is the gas constant, and T is the absolute temperature.
This relationship establishes the proportionality between peak
current and the square root of scan rate, which the inte-
grated digital processing section—comprising both the RISC-
V processor and NPU —leverages for accurate concentration
determination.

The potentiostat circuit topology, shown in Figure 3, op-
erates through a feedback control system where operational
amplifier A; maintains v,.. at the programmed pattern voltage
Upattern DY generating output vy, that drives the p-type current
mirror gates. This feedback loop modulates cell current to
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System architecture of the integrated electrochemical sensing SoC showing the potentiostat front-end, VestaRV processor, and on-chip NPU.
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Fig. 3. Potentiostat circuit schematic featuring p-type current mirror, digitally
programmable reference voltage vpattern, and variable gain transimpedance
amplifier with programmable feedback resistance Ry and common-mode bias
voltage Ve,.

maintain v, = Vpattern While v adjusts to accommodate the
required current and v,,. remains at signal ground. Transistors
@5 and Q¢ regulate the drain voltages of mirror transistors (01
and 3, increasing output impedance and improving current
mirror accuracy.

The transimpedance amplifier As converts i,,; to a voltage
range suitable for the downstream 12-bit ADC. The non-
inverting input of A, is biased at a DAC-generated common-
mode voltage V., that establishes the operating point for
both the TIA and downstream dual slope ADC. Programmable
feedback resistor Ry is configurable from 0 Q to 2 MQ
in 60 kQ steps. This programmable gain accommodates cell
currents from 153 pA to 20.8 A while maintaining optimal
ADC dynamic range utilization.

Combining the Randles-Sevcik equation with the tran-
simpedance amplifier transfer function and solving for analyte
concentration yields:

out, peak
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Where Vout, pear: 15 the output voltage corresponding to
the peak current ¢, measured during the voltammetric sweep.
This equation enables the digital processing section to in-
fer analyte concentration from the digitized output voltage
measurements, with all electrochemical parameters and circuit
gains accounted for. The programmable feedback resistance
Ry allows dynamic range optimization based on expected
concentration levels.

The AFE noise performance is designed to ensure the total
integrated noise remains below half the quantization noise of
the downstream 12-bit ADC. The primary noise sources in the
potentiostat include the current mirror transistors ()1 and Qs,
along with A,. By increasing the size of ); and (3 current
mirror transistors, the input-referred current noise is reduced to
56.5 pA, maintaining noise below half the ADC quantization
step.

B. Digital Processing Back-End

The on-chip NPU works in conjunction with the custom
RISC-V processor to transform raw electrochemical measure-
ments into actionable wound status assessments. VestaRV
orchestrates the measurement sequence, extracting key features
from cyclic voltammograms — electrochemical measurement
where a triangular voltage waveform is applied to an electrode
and the resulting current response is recorded — including
peak currents, peak potentials, and time domain waveforms
from the cell. These features may then be processed by
the NPU to determine biomarker concentrations and wound
healing status.
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Fig. 4. Block diagram of the NPU showing single-port SRAM interface,
MAC unit, and activation function module.

The NPU architecture in Figure 4 supports configurable
network topologies in both number of hidden layers and
neurons per layer, with programmable synapses enabling a
wide range of network topologies. This configurability allows
adaptation to different biomarker profiles and wound types.
The implementation employs 32-bit fixed-point arithmetic (24-

bit fractional, 8-bit signed integer) to maintain precision while
minimizing power consumption and silicon area.
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Fig. 5. Hardware-optimized piecewise quadratic activation function.

Figure 5 shows the hardware-optimized piecewise quadratic
activation function [12], used by the neural network. This
activation function requires only shift, multiply, and add oper-
ations, eliminating computationally expensive divisions while
maintaining smooth gradients for stable training. The param-
eter p adjusts the dynamic range. The NPU supports both
on-chip training for adaptive learning and off-chip training
with weight loading for deployment of pre-trained models. To
validate the NPU design, we evaluated its performance on the
standard benchmark f(z) = 222 + 1, showing mean squared
error (MSE) convergence over 10,000 epochs with a 5-neuron
hidden layer architecture, as shown in Figure 6.
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Fig. 6. NPU training on the standard f(z) = 222 + 1 benchmark, showing
MSE convergence.

III. SIMULATION RESULTS

Figure 7 presents the simulation results of the proposed
potentiostat circuit performing a cyclic voltammetry measure-
ment. The top panel displays the applied triangular voltage
waveform vpqirern, While the bottom panel shows control
voltage vy, the electrochemical cell current i..;, and the
corresponding analog output voltage v,,¢. The circuit demon-
strates excellent linearity with a normalized root mean square
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Fig. 7. Cyclic voltammetry measurement showing the applied voltage

waveform and the corresponding electrochemical response.

TABLE I
PERFORMANCE SUMMARY AND COMPARISON

Parameter This Work [7] [8] [13]
Modality CA/CV CA/CV  CA/CV  CVIEIS
Sensitivity (pA) 56.5% 41 0.47 1.7
Imaa (pA) +20 +5 + 20 -48/+16
Power (mW) 3.0t 16 m 9.3 1.0
Process (nm) 65 180 350 180
On-Chip DSP VestaRV [11] No No No
On-Chip ML Yes No No No

*AFE sensitivity; ADC quantization limits system to 153 pA

TAFE only: 258 uW

error of 0.025% between i..;; and v,,:, meeting the perfor-
mance requirements for accurate potentiostat measurements.
Current clipping is observed when vpq¢tern €xceeds 2V,
attributed to the PMOS current mirror transitioning out of
saturation. However, this limitation does not impact the in-
tended application, as the circuit is specifically designed for
electrochemical measurements within the water electrolysis
window of approximately 1.5 V. Beyond this potential, water
decomposition reactions dominate, making electrochemical
sensing unreliable.

Table 1 demonstrates the capabilities of this architecture
compared to state-of-the-art electrochemical sensing systems.
This work uniquely integrates both a RISC-V processor and
NPU on-chip, enabling autonomous biomarker quantification
without the need for external processing.

The analog section, comprising the potentiostat AFE con-
sumes 258 W while achieving 56.5 pA input-referred current
noise. The digital section contains the RISC-V processor,
NPU, and all associated peripherals and memory blocks. The
VestaRV core operates at 24 MHz with a power efficiency
of 117 yW /MHz, consuming up to 2.8 mW during active
operation, with total system power of 3.0 mW.

IV. PHYSICAL IMPLEMENTATION

The electrochemical sensing SoC was implemented with
the complete physical layout shown in Figure 8. The design

Fig. 8. Layout of the integrated electrochemical sensing SoC showing analog
AFE, digital processor, and NPU, with dimensions of 1.50 mm x 1.00 mm
in 65 nm CMOS.

is implemented in a 65 nm CMOS technology with overall
dimensions of 1.50 mm x 1.00 mm. The VestaRV [11] core,
microcontroller peripherals, and NPU are synthesized together
as a unified digital block to optimize timing closure and
minimize area overhead, occupying an area of 0.447 mm?.
The AFE occupies the occupies 0.135 mm? at the northeast

of the chip.

V. CONCLUSION AND FUTURE WORK

Future work will involve encapsulation of the chip proto-
type for wearable integration using ultralow modulus silicone
elastomer to ensure mechanical compatibility with dynamic
wound surfaces. Based on our previous work [14]-[18], the
SoC will be integrated into flexible bandage architectures using
liquid-metal interconnects that maintain electrical connectivity
during mechanical deformation. This approach will enable
direct integration of the sensing system into conformable
wound dressings for continuous monitoring applications.

The integration of analog sensing, embedded digital pro-
cessing, and on-chip machine learning represents an advance-
ment in autonomous wound monitoring. Unlike conventional
approaches that rely on discrete components and external
processing, this SoC achieves miniaturization by unifying the
entire signal chain on a single 1.5 mm x 1.0 mm silicon
die, small enough for direct integration into flexible bandages.
The VestaRV processor orchestrates measurements and feature
extraction, while the neural processing unit transforms elec-
trochemical signatures into quantitative biomarker concentra-
tions for lactate, pH, and uric acid. Critically, the monolithic
integration reduces power consumption to 3.0 mW, enabling
wireless power transfer for battery-free chemical sensing - a
requirement for practical wearable deployment. By converging
analog precision, digital control, and on-chip processing at the
point of care, this system demonstrates progress toward wound
management platforms where miniaturized diagnostic capabil-
ities can be seamlessly integrated into bandages and powered
wirelessly for continuous, unobtrusive patient monitoring.
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