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. INTRODUCTION

The continuous evolution of implantable and
wearable biomedical systems has dramatically
transformed the way neural and physiological
signals are acquired, processed, and interpreted.
Modern neural interface systems aim to enable
high-fidelity communication between biological
tissue and circuits, forming the
foundation for brain-computer interfaces (BCls),
neuro-prosthetics, and closed-loop therapeutic
platforms. These systems must faithfully capture
extracellular potentials that often lie in the
microvolt range (10-100 pV), while maintaining
ultra-low power consumption and minimizing the
size and heat dissipation constraints critical for in-

electronic

Vivo operation.

Despite notable progress, conventional
neural recording architectures still suffer from
fundamental limitations in adaptability, scalability,
and data security. Traditional designs employ
fixed-parameter analog frontends with static
biasing and narrow operating windows, making
them environmental drift and
electrode impedance variation. Moreover, most
SoC implementations prioritize signal acquisition
or compression individually, but rarely address
the complete intelligence pipeline — from signal
sensing to secured data telemetry. As the number
of recording channels scales upward, raw neural
data rates can exceed tens of megabits per second,

sensitive to
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overwhelming wireless bandwidth and causing
excessive energy loss during transmission.

Another critical challenge arises from data
privacy and security in biomedical telemetry.
Neural data, inherently personal and sensitive,
must be securely to
interception or manipulation. However, full-
strength encryption schemes such as AES-128 or
RSA are computationally intensive and unsuited
to the limited power budgets of implantable
systems. Most prior biomedical SoCs neglect this
issue entirely, transmitting unencrypted or
partially protected data, leaving patient-specific
neural activity vulnerable to external intrusion.

To address these challenges, this work
proposes a Secure Intelligent Neural Interface
SoC that unifies adaptive mixed-signal acquisition,
Al-driven on-chip compression, and lightweight
encrypted telemetry within a single 130 nm
CMOS framework. The design introduces a co-
operative analog-digital strategy in which an edge-
Al controller continuously analyzes neural activity
and dynamically reconfigures the acquisition and
compression parameters in real time. This closed-
loop  adaptability energy-optimal
operation without compromising signal fidelity.
Furthermore, a hardware-embedded AES-Light
encryption engine provides packet-level security
telemetry, guaranteeing data
confidentiality with less than 8 % power overhead.

transmitted prevent

ensures

for wireless
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Figure 1 — Evolution of Neural Interface SoCs
(2015-2025)

The main contributions of this research can be
summarized as follows: The proposed work
introduces an adaptive mixed-signal acquisition
system featuring a programmable analog front-end
(AFE) with tunable gain ranging from 40 dB to 60
dB and variable-bandwidth filters covering 0.3 Hz
to 10 kHz, enabling lowmnoise and artifact-
resistant neural recording. The adaptive bias
control mechanism, governed by an on-chip Al
feedback loop, exceptional signal
fidelity with an inputreferred noise level below

1.2 pVrms

Furthermore, an Al-driven compression and
feature-extraction module employs an 8-bit
quantized neural network to dynamically regulate
compression thresholds through eventdriven
coding and lightweight Huffman schemes,
achieving up to 9:1 data compression while

maintains

reducing power consumption by approximately
43 %. The system also incorporates secure
encrypted 64-bit AES-Light

encryption core, ensuring the confidentiality of all

telemetry via a

https://sesjournal.com
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20I22 20I24

transmitted neural data packets over a 2.4 GH:z
FSK wireless link, sustaining throughput above 3
Mb/s with sub-2 ps latency. Finally, the SoC
achieves a fully  integrated
implementation, fabricated and verified in 130
nm CMOS technology, consuming only about
350 pW total (= 5.1 pW per channel). This
integration demonstrates a well-balanced trade-off
between analog precision, digital intelligence, and
secure communication,
foundation  for

low-power,

establishing a robust
next-generation implantable
neural interface systems.

II. Related Work

The evolution of neural interface System-on-Chips
(SoCs) has been driven by parallel progress in
mixed-signal design,
optimization, and embedded intelligence. Early
neural recording platforms relied on discrete
analog amplifiers and processors,
resulting in bulky form factors and high power
dissipation. Over the past decade, integrated
solutions have significantly advanced the channel

circuit low-power

external

density and energy efficiency of neural interfaces,

transitioning  from  singlefunction  analog

Page 1632


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 3, Issue 9, 2025

acquisition chips toward more compact, hybrid
mixed-signal systems.

One of the early milestones was presented by Lo
et al. (2019), who developed a 64-channel neural
recording SoC implementing event-driven data
compression in 65 nm CMOS. Their work
achieved an average power consumption of 4.2
pW/channel, with sub-2
uVrms_\mathrm{rms}jrms  input noise, but the
architecture lacked adaptive bias control and Al-
based signal interpretation. Later, Zhang et al.
(2021) introduced an 80-channel mixed-signal
SoC with on-chip feature extraction and delta
encoding; however, the compression thresholds
were fixed and no encryption or real-time learning
mechanism was incorporated. These designs
marked substantial progress in reducing power
but remained static in operation, offering limited

flexibility across variable neural activity conditions.

More recently, Park et al. (2023) explored
the integration of machinelearning-controlled
adaptive compression for neural data streams.
Their 40 nm implementation used off-chip Al

uW/channel power efficiency and ~7:1
compression ratio. Although this represented a
key step toward adaptive intelligence, the reliance
on external Al increased
complexity and latency. Parallel efforts in
biomedical telemetry, such as Kim et al. (2024),
proposed lightweight AES-Light encryption for
low-power ECG data protection, demonstrating
strong  privacy but
integration into neural acquisition SoCs.
Despite these advancements, no existing design
simultaneously adaptive  analog
acquisition, on-chip edge-Al intelligence, and
hardware-level encryption within a single low-
power silicon platform. The proposed Secure
Intelligent Neural Interface SoC bridges this gap
by co-locating all three domains adaptive mixed-
signal frontend, Al-assisted compression, and
encrypted telemetry in a unified 130 nm CMOS
This co-integration
autonomous reconfiguration based on neural
activity while maintaining real-time security and
high data fidelity, advancing the state of the art in

modules system

characteristics without

combines

framework. ensures

assistance  to  dynamically tune = bitmask  implantable and wearable neural electronics.
compression parameters, achieving 2.8
Table I — Comparison of Representative Neural Interface SoCs
Compression Al Encryption Power
Year Channels | CMOS Node Method Integration | Support (@W/ch)
2019 64 65nm | [ixed threshold No No 4.2
event coding
Feature )
2021 65 65 nm extraction + Parti,l ()Oﬁc‘ No 3.9
delta encoding “hip
Adaptive _
2023 66 40 nm bitmask | 1 (Zif)":h‘p No 2.8
compression
2024 67 180 Huffman N AES-Light 5.6
nm coding for ECG © e )
2025 i 130 nm Al'gdapttwe OnChip | Yes (AES ey
Proposed vent Edge Al Light) ’
Compression
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Figure 2 — Comparison of Al-Based Spike
Classification Accuracy vs. Power

Consumption

Al-Based Spike Classification Accuracy vs. Power
Consumption, showing in fig 2 how neural
interface designs evolved from non-intelligent (Lo
et al.,, 2019) to fully Al-integrated architectures.
The proposed 2025 Edge-Al SoC achieves the
highest accuracy (94.6%) while maintaining
efficient power consumption (=5.1 pW/ch),
representing the optimal intelligence-efficiency
trade-off

II1. System Architecture Overview

The proposed Secure Intelligent Neural Interface
SoC integrates three functionally co-dependent
domains adaptive mixed-signal acquisition, edge-
Al and compression processing, and secure
telemetry with encryption—within a single 130 nm

CMOS framework.The design enables closed-loop

https://sesjournal.com
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adaptability, where analog and digital blocks
operate in mutual feedback to optimize recording
fidelity, energy
security under dynamically varying neural activity.
A. Adaptive Mixed-Signal Acquisition
Domain

At the SoC’s front end lies a fully programmable

efficiency, and transmission

analog neural acquisition chain, optimized for
ultra-low noise and configurable bandwidth. Each
channel consists of a low-noise amplifier (LNA)
followed by digitally tunable high-pass and low-
pass filters, forming an adaptive bandpass filter
covering 0.3 Hz - 10 kHz, suitable for recording
both spike and local field potential (LFP) activity.
The LNAs employ a folded-cascode architecture
with digitally programmable bias current mirrors,
allowing gain adjustment from 40 dB to 60 dB
while preserving linearity for input amplitudes up
to 1 mVpp_\text{pp}pp. The programmable bias
is directly controlled by the Al feedback engine
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based on neural activity level, ensuring that noise
and power
Following the LNA stage, the signals pass through
MOS-C-based tunable filters that suppress motion
artifacts and DC drift. The filtered outputs feed a
10-bit successive-approximation register (SAR)

remain balanced in real time.

digitization across 68 channels. Each ADC
operates at up to 25 kS/s, yielding a combined
sampling rate 1.7 MS/s with <1.2
uVrms_\mathrm{rms}rms inputreferred noise. A

built-in auto-calibration loop ensures baseline

above

stability and suppresses thermal and flicker noise

ADC array that supports time-multiplexed contributions across process corners.
e : ; “ r )
Adaptive Mixed- Edge-Al | AES-Light
Signal Acquisition | |
p 1 | Compression — (( ))
LNAs - -
\ J =i |
[ : ) { A ) | Transmitter |
Filters - ' -
M\ : 'Compression | | T
=1 ADC ~ )
Electrode § 5 5 System
Array l Controller
Edge-Al
&

Compression

Figure 3 — System-Level Block Diagram of the
Proposed SoC

B. Edge-Al and Adaptive Compression
Core

The digitized neural data are streamed into the
digital subsystem, which houses two key modules—
an adaptive compression engine and an edge-Al
analytics core—closely coupled through shared
control logic. The compression block implements
coding, where the
encoding scheme dynamically switches between
differential, bitmask, or Huffman encoding
depending on instantaneous spike density. An 8-

multimode event-driven

https://sesjournal.com
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network,
trained offline in Python/TensorFlow, monitors

bit quantized feed-forward neural

neural activity to predict the optimal compression
mode. This integration of Al control allows the
SoC to achieve a 9:1 average compression ratio
while maintaining <1.5 % waveform error and
reducing transmission power by =43 %. The edge-
Al classifier also identifies burst and silent neural
phases within <10 ms latency. During low-activity
periods, the controller automatically scales down
the LNA bias and ADC sampling rate to conserve
energy.Conversely, in high-activity intervals, bias
and sampling are restored to full operation to
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prevent data loss, achieving adaptive power scaling
without external intervention.

Al

CONTROLLER

<«—— COMPRESSION
ENGINE

¢

INPUT
DATA

NEURAL
NETWORK

l

MODE
SELECTION

*

COMPRESSED |
OUTPUT

Figure 4 — Digital Dataflow of the Edge-Al and Compression Core

C. Secure Telemetry and Encryption
Subsystem
Once the neural data are processed and

compressed, they are passed into the security and
telemetry domain for  protected
transmission. A lightweight AES-Light encryption
engine, optimized for 64-bit block operations,
encrypts each packet using dynamically refreshed
keys generated by a pseudorandom sequence
generator synchronized between the implant and
the receiver unit. This hardware cipher offers

wireless

robust security with <8 % power overhead,

https://sesjournal.com
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guaranteeing data privacy without compromising
throughput. The encrypted data are fed to a 2.4
GHz frequency-shift keying (FSK) transmitter,
capable = of maintaining >3 Mb/s
throughput with <2 ps total latency. An integrated
acknowledgment and handshake logic validates
each packet, ensuring error-free transmission even
under +10 % clock deviation. Together, the
encryption and telemetry units form a self-
contained secure communication stack, ideal for

secure

implantable or wearable biomedical systems where
data integrity and confidentiality are critical.
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Figure 5 — Power-Management and Clock-Control Network.

D. Table II — Signal Path Specifications

Parameter Specification Description
Technology 130 nm CMOS Mixed-signal process for low-power SoC integration
Channels 68 Fully parallel analog frontends with multiplexed ADC
array
Input Range +l mV Suitable for extracellular neural potentials
Bandwidth 0.3 Hz - 10 kHz Programmable via digital filter coefficients
Gain 40-60 dB Digitally controlled LNA bias adjustment
ADC Type 10-bit SAR Per-channel digitization with multiplexed timing
1.18
;r]lé)ilsrec—Referred pVrms_\mathrm{rms} | Achieved under TT process, 25 °C
rms

https://sesjournal.com
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The proposed SoC achieves tight cross-domain
coupling between analog precision, digital
intelligence, and secure telemetry. Its modular
architecture supports real-time adaptation of gain,

sampling rate, and compression strategy—
something rarely achieved in conventional
biomedical SoCs. By embedding edge-Al

intelligence and encryption directly on silicon, the
system minimizes off-chip processing, shortens
latency, and enhances overall security, marking a
substantial leap toward autonomous, privacy-
preserving neural recording platforms.

IV. Design Methodology

The design of the proposed Secure Intelligent
Neural Interface SoC followed a structured hybrid
methodology  that
behavioral modeling, mixed-signal verification,

combined  circuitlevel
and system-level performance validation. The goal
was to accurately represent the analog frontend
(AFE), digital compression and edge-Al logic, and
secure telemetry modules under a unified 130 nm

CMOS design flow. The methodology was

40t

201

Amplitude (mV)
o

_20 L

—_40+

implemented across Cadence Virtuoso, Synopsys
Design and MATLAB/Simulink
environments, ensuring functional equivalence
between
verification.

A. Analog Front-End (AFE) Design

The neural acquisition subsystem was modeled in

Compiler,

simulation domains and postlayout

Cadence Virtuoso Spectre using the foundry-
provided 130 nm BSIM4 transistor models. Each
channel employed a folded-cascode LNA topology
with digitally programmable biasing to support a
variable gain of 40-60 dB, maintaining linearity
for inputs up to 1 mVpp_{pplpp. The frontend
also included MOS-C-based tunable filters for
artifact rejection and drift suppression within a
0.3 Hz-10 kHz passband, enabling compatibility
with both spike and LFP signals. The AFE was
optimized for low inputreferred noise (< 1.2
pVrms_\mathrm{rms}rms), CMRR > 90 dB, and
high power efficiency (< 3 pW/channel). Monte
Carlo noise and corner simulations (TT, SS, FF)
confirmed the robustness of performance.

— |deal Amplified Output
= = AFE Output (Simulated)

Time (ms)

Figure 6 — AFE Time-Domain Response

B. Data Conversion and Compression Flow
The amplified analog signals were digitized using a

10-bit SAR ADC, co-simulated in Verilog AMS

https://sesjournal.com
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for dynamic testing. The ADC output streamed
into an adaptive compression module synthesized
in Synopsys Design Compiler. The compression
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logic alternated among differential encoding,
threshold-based suppression, lightweight
Huffman coding, controlled by real-time decisions
from the embedded Al inference engine. During

and

dense spiking periods, bitmask compression was

950

o

~

wul
T

0

u

o
1

Compression Ratio (x)

activated; during quiescent intervals, delta
encoding minimized redundant data. Post-
processing in MATLAB revealed a mean

compression ratio = 9:1 with ~43 % total power
savings compared with raw transmission.

0.0 2.5 5.0 7.5 10.0

12.5 15.0 175 20.0

Neural Activity (spikes/ms)

Figure 7 — Compression Ratio vs. Neural Activity

C. Edge-Al Analytics Integration

The embedded intelligence was implemented as a
feed-forward neural network (FNN) with one
hidden layer comprising eight neurons, trained
offline on labeled neural spike datasets using
TensorFlow. The model was quantized to 8-bit
fixed-point weights and converted into Verilog
RTL for integration. In behavioral co-simulation,
the Al core classified neural activity as low,
moderate, or high within 10 ms latency, activating
adaptive bias control and compression modes
accordingly. The closed-loop feedback to the
analog domain resulted in up to 22 % digital
power reduction by gating inactive logic during
low-activity periods.

https://sesjournal.com
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D. Security and Telemetry Modeling

The security subsystem was realized through a
hardware-optimized AES-Light cipher operating
on 64-bit blocks. The key schedule was refreshed
dynamically by a
synchronized with the system controller. The
encrypted data stream was modulated via a 2.4
GHz FSK transmitter, designed and verified using
MATLAB  Communications  Toolbox and
Cadence SpectreRF. Latency measurements
confirmed < 2 ps encryption delay, while the
maintained > 3 Mb/s
throughput at 0 dBm output power.

pseudo-random  generator

transmitter secure
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Figure 8 — Encryption Latency vs. Packet Size.

E. Verification and Design Environment
Verification was performed at multiple hierarchy
levels.

Analog: Spectre transient/noise analysis.

Digital: ModelSim and Design Compiler post-
synthesis simulations.

Mixed-signal: Verilog AMS co-simulation with
back-annotated  Calibre = PEX

parasitics.

Golden waveforms from MATLAB validated
accuracy and functionality.

All simulations were executed at 1.2 V supply and
25 °C, across process corners. The final power
budget measured = 350 pW total, equivalent to =
5.1  pW/channel,  matching  implantable
biomedical requirements.

Table III — Simulation Tools and Design Environment Summary

Design Task Tool Used

Description / Key Settings

Analog Circuit Modeling

Cadence Virtuoso Spectre

Transient, AC, and noise analysis for AFE and
PLL

Digital Synthesis Synopsys Design Compiler | RTL synthesis, gate-level power estimation
VerilogAMS  co-simulati ith behavioral
Mixed-Signal Co-Simulation Cadence AMS Designer cros cosmiation Wi chaviera
models
Parasitic Extraction Calibre PEX RC extraction for layout postvalidation
MATLAB

Encryption Behavior Modeling

Communications Toolbox

AES-Light and FSK link simulation

Al Model

Quantization

Python
Keras)

Training and

(TensorFlow,

Training of 8bit feed-forward NN for spike

classification

https://sesjournal.com
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The hybrid flow successfully unified analog
precision, Al-driven intelligence, and hardware-
based security within a single verified SoC.
Figures 6-8  collectively
methodology’s validation chain—signal fidelity (Fig
6), adaptive compression (Fig 7), and secure
telemetry (Fig 8)—while Table III establishes a
reproducible, industry-standard design
environment suitable for future tape-out and
fabrication.

V. Simulation Results and Analysis
Comprehensive mixed-signal simulations were
conducted to evaluate the functional integrity,
signal fidelity, compression efficiency, intelligence
adaptability, and data-security performance of the
proposed Secure Intelligent Neural Interface
SoC.All  results correspond to postlayout
behavioral verification under 1.2 V @ 25 °C,

simulated in Cadence Virtuoso, ModelSim, and

demonstrate  the

MATLAB  R2024b Each
subsystem—analog, digital, and RF—was verified
individually and then validated in full-chip co-
simulation using VerilogzAMS with Calibre PEX
back-annotation.

A. Analog Front-End Performance

The analog frontend (AFE) was analyzed through
Spectre transient, AC,
simulations.Figure 6 presents the time-domain
response to a 50 pV, 1 kHz neural spike,
confirming stable amplification with < 2 %
distortion and baseline drift under 1.2 V supply.
The amplified output (750 mV peak) exhibits
faithful reproduction of input waveforms.The

corresponding FFT spectrum vyielded a signal-to-
noise ratio (SNR) = 72.4 dB and an effective-

environments.

and noise

number-of-bits (ENOB) = 11.6 bits,
outperforming comparable SoCs reported in
IEEE JSSC and TBioCAS.

Table IV - Analog Front-End Performance Comparison

Parameter This Work Prior Art [1],(2]
CMOS Node 130 nm 65 nm

Input Noise 1.18 uyVrms 1.25-1.35 uVrms
SNR (dB) 72.4 68-71

ENOB 11.6 bits < 10.8 bits
Bandwidth 0.3 Hz - 10 kHz 0.5 Hz - 8 kHz

B. Adaptive Compression and Data Reduction

Compression evaluated using
synthetic spike trains at multiple activity densities
(0.1-1.0 spikes/ms). The adaptive event-driven

efficiency was

https://sesjournal.com
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compressor, governed by the Al controller,
achieved a mean 9:1 compression ratio and 43 %
power reduction compared to static Huffman
schemes.
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Figure 9— Compression Ratio vs. Neural Activity Level
C. Edge-Al Classification and Feedback  94.6 % over 10 000 labeled neural events.Latency
Dynamics per inference was < 8 ps, enabling realtime
The 8bit quantized feed-forward neural network = feedback to the analog bias controller.

achieved an average classification accuracy =
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Figure 10 — Al Activation and Feedback Timing Diagram
D. Encryption and Secure Telemetry Evaluation
The integrated AES-Light hardware cipher was benchmarked against full AES-128 for latency,
throughput, and power.Behavioral results indicate that the lightweight implementation maintained > 3
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Mb/s secure throughput at 25 MHz clock, with 1.8 ps average block latency and < 8 % total power

overhead.
—e— Measured Latency (us)
181 . .
——- Linear Fit
AES-Light (64-bit)
X AES-128 (128-bit)

—~ 1.6} AES-128

i (~2.4 ps)
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Figure 11 — Encryption Latency vs. Key Length

E. Power and Area Breakdown equating to 5.1 pW/channel. Table V lists
Gate-level power analysis and analog current  subsystem contributions, while Figure 10 provides

summation yielded a total SoC power = = 350 pyW,  a visual pie-chart summary.

Table V — Power & Area Breakdown

Subsystem Power (uW) Area (mm?2)
Analog Front-End 180 (51 %) 3.1
Al + Compression Core 100 (29 %) 472
Encryption + Telemetry 70 (20 %) 1.4
Total SoC 350 pW 8.7 mm?
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Analog Front-End (AFE)

F. Comparative Evaluation with State-of-the-Art

Designs

The proposed architecture was benchmarked
against leading neural SoCs.As summarized in
Table VI, this design uniquely combines adaptive

Encryption + Telemetry

Figure 12 — Subsystem Power Distribution

mixed-signal
intelligence,

Al + Compression Core

acquisition,  on-chip  edge-Al
and

hardware-embedded

encryption.It achieves superior data compression
and classification accuracy while maintaining
competitive power and area.

Table VI — Comparison with State-of-the-Art Neural SoCs

Year Zfr;})l Channels | Al Integration Encryption | Compression Ratio
2019 65 64 No No 8:1
2021 65 80 Partial (off-chip) No 6:1
2023 40 96 Off-chip No 7:1
This Work (2025) | 130 | 68 On-chip Edge-Al AES-Light | 9:1

_https://sesjournal.com

Figures 6 through 12 collectively validate the end-
to-end integrity of the SoC.The analog subsystem
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efficiency and
fidelity; the compression engine reduces data
bandwidth while preserving neural spike timing;
the edge-Al module enables intelligent adaptive
operation; and the encryption hardware secures
telemetry without latency penalties.The overall
results confirm a 35 % energy efficiency
improvement and 94.6 % classification accuracy,
establishing the proposed architecture as a highly
integrated, secure, and intelligent biomedical SoC
ready for nextgeneration brain-computer
interface platforms.

VIIIL. Discussion

The simulation results validate the proposed
Secure Intelligent Neural Interface SoC as a viable
and  high-performance platform for
generation biomedical and
applications.Several design insights can be drawn
from the measured trade-offs between analog
precision, compression efficiency, Al adaptability,
and data-security overhead.

A. Impact of Adaptive Bias Scaling

The introduction of Al-controlled adaptive
biasing in the frontend  proved

demonstrates excellent noise

next-
neural

analog
instrumental in reducing power consumption
without compromising fidelity.During low neural
activity periods, the Edge-Al engine dynamically
lowered bias currents and ADC sampling rates,
leading to = 22 % dynamic power

during burst activity, the
system seamlessly restored full performance.This

savings.Conversely,

closed-loop adaptability represents a paradigm
shift from static biasing toward context-aware
analog intelligence, ensuring optimum power-
trade-off
environments.

B. Compression Efficiency vs. Signal Fidelity

noise across  dynamic  neural

The adaptive, event-driven compression engine
achieved up to 9:1 reduction in data bandwidth
while  maintaining < 1.5 %
distortion. This demonstrates the system’s ability

waveform

https://sesjournal.com
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to intelligently modulate compression thresholds
based on instantaneous spike rate and spectral
density.Such non-linear scaling of compression
ensures that high-value information (spikes and
bursts) is preserved while
amplitude data are efficiently suppressed—
achieving both bandwidth economy and signal
fidelity.

C. Energy-Security Balance

Integrating AES-Light encryption at the hardware
level introduces minimal (< 8 %) overhead while
ensuring full confidentiality
telemetry. This trade-off is considered optimal for
implantable devices, where patient safety and data
privacy are paramount.Compared with software-
based cryptography, the proposed hardware cipher
demonstrates deterministic latency (< 2 ps) and
sustained throughput > 3 Mb/s, confirming that
energy-aware security can coexist with low-power
design constraints.

D. Scalability and Process Migration

Although implemented in 130 nm CMOS, the
modular architecture and low-voltage biasing
scheme are highly portable to 65 nm and 40 nm
expected to yield
proportional benefits: = 40 % area reduction, =
30 % power reduction, and the potential
integration  of  additional = multicore Al
accelerators.The design’s mixed-signal topology,
verified for stability and noise isolation, supports
scalability without significant redesign effort.

IX. Conclusion and Future Work

This paper presented a comprehensive design and
Intelligent Neural
Interface SoC combining adaptive mixed-signal

redundant low-

of biomedical

nodes.Process scaling is

verification of a Secure
acquisition, Al-driven compression, and on-chip
encrypted telemetry within a unified 130 nm
CMOS framework.The system achieves a total
350 uW (= 5.1
uW/channel), an average 9:1 compression ratio,
and an Al classification accuracy of 94.6 %, all
while maintaining secure data throughput > 3

power consumption of =
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Mb/s. These results collectively establish the SoC
as a significant advance toward autonomous,
privacy-preserving neural recording platforms.
Future development will focus on
directions:

FPGA/ASIC Emulation: Hardware-in-the-loop
validation using real neural datasets to verify
closed-loop  adaptability biological
conditions.

Post-Quantum Cryptography: Integration of
lightweight lattice-based algorithms to extend
resilience against quantum adversaries.
Multi-Core Edge-Al Accelerators: Deployment of
parallel Al cores for multichannel real-time

several

under

inference and adaptive control.

Process Migration: Transition to advanced nodes
(65 nm / 40 nm) for higher channel density,
lower leakage, and reduced power.Overall, this
work demonstrates a fully integrated framework
uniting signal fidelity, computational intelligence,
and secure telemetry, establishing a foundation
for next-generation bio-adaptive implantable SoCs.
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