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Abstract—This work presents a bidirectional neuromodulation
chipset with 64-channel neural analog front-end (AFE), and a
four-channel current stimulator. The chipset employs a heteroge-
neous architecture, combining a 28-nm low-voltage (LV) CMOS
process for the AFE and the digital backend (DBE) to improve
area and power efficiency, with a 180-nm high-voltage (HV)
bipolar-CMOS-DMOS (BCD) process for the stimulation driver
to achieve HV compliance. An AFE–DBE co-design framework
is proposed to relax AFE noise requirements without sacrificing
classification performance in the DBE, thus enabling significant
reductions in AFE’s area and power consumption. In addition,
we introduce a novel embedded current-steering digital-to-analog
converter (IDAC) structure that addresses key limitations of
conventional IDACs in multichannel direct-digitization recording
architectures, including noise degradation from IDAC switching,
and channel-to-channel gain variations. Overall, the proposed
chipset achieves HV compliance (10 V) in the stimulator,
while maintaining exceptional area and power efficiency in the
AFE and DBE. Notably, the AFE achieves the smallest per-
channel area (0.0009 mm2) and the lowest per-channel power
(204 nW) reported to date for electrocorticography (ECoG)
acquisition (≤1 kHz bandwidth). Together, these results highlight
the chipset’s potential for implantable neuromodulation systems
that enable long-term monitoring of neurological disorders with
closed-loop intervention.

Index Terms—Analog front-end (AFE), bidirectional,
bipolar–CMOS–DMOS (BCD), chipset, closed-loop
neuromodulation, CMOS, electrocorticography (ECoG),
embedded current-steering digital to analog converter (IDAC),
high-voltage (HV) compliance, neurological disorder, stimulation.

I. INTRODUCTION

CLOSED-LOOP neuromodulation systems have emerged
as an important therapeutic approach to the treatment of

neurological disorders such as epilepsy [1], major depression
[2], Parkinson’s disease [3], and memory impairment [4].
These systems typically rely on electroencephalography (EEG)
or electrocorticography (ECoG) for continuous monitoring of
brain activity, enabling real-time detection of symptoms and
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adaptive stimulation [4], which can offer improved treatment
efficacy, reduced side effects, and, particularly in implantable
and wearable devices, extended battery life [5].

As a result, the past decade has witnessed significant
progress in the development of such closed-loop neuromodu-
lation system-on-chips (SoCs), which typically integrate an
analog front-end (AFE) for signal conditioning and digiti-
zation, followed by a digital back-end (DBE) for symptom
detection, and a responsive neurostimulator to close the ther-
apeutic loop [6], [7], [8], [9], [10], [11], [12], [13], [14].
However, existing solutions continue to face critical limitations
in the following aspects.

A. Limited AFE Scalability to High Channel Counts

Conventional neural recording pipelines, instrumentation
amplifiers followed by analog-to-digital converters (ADCs),
are analog intensive and scale poorly with CMOS technolo-
gies [15]. Direct digitization approaches improve area and
power efficiency, yet their scalability to high channel counts
remains challenging with stringent noise and resolution targets
[16]. Electrode-level multiplexing reduces per-channel area by
sharing a single readout circuitry between several multiplexed
electrodes [17], [18], [19], [20], but suffers from limited
rejection of electrode dc offsets (EDOs) and reduced input
impedance (typically ∼100 mVPP and tens of MΩ), and does
not offer power savings under first-order analysis [19].

B. Poor Channel-to-Channel Uniformity

To improve area and power efficiency for scalability, many
recent neural AFEs have adopted open-loop architectures.
However, the inherent open-loop amplification introduces sig-
nificant channel-to-channel variations [14], [17], [21], [22],
[23]. Direct-ADC architectures, particularly those based on
incremental ADCs, have also gained significant attention for
their improved hardware efficiency in scaled CMOS tech-
nologies. Nonetheless, they still remain susceptible to poor
channel-to-channel uniformity [24], [25]. The resulting large
gain errors typically require calibration, adding area and power
overhead.

C. Insufficient AFE–DBE Co-Design

Existing AFE designs are typically prioritized for high
resolution and low noise [8], [16], [19], [26], aligning with
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Fig. 1. Envisioned closed-loop neuromodulation system for the long-term
management of neurological disorders, integrating a flexible high-electrode-
count µECoG array for neural sensing, with stacked CMOS ASICs for signal
acquisition, real-time symptom detection, and responsive neurostimulation.
A rechargeable microbattery and inductive link provide local power, wire-
less recharging, and bidirectional data telemetry, all within a biocompatible
encapsulation for full implantation.

the requirements of general-purpose neuroscience research.
However, such stringent resolution and noise targets may be
unnecessary for application-specific tasks such as deducing the
brain state. Recent studies have shown that relaxing certain
AFE metrics does not significantly degrade decoding perfor-
mance in the DBE [27], [28], highlighting the importance of
tighter AFE–DBE co-design to achieve greater area and power
reductions.

D. Limited Voltage Compliance for Stimulation

To benefit from area and power scaling, closed-loop neuro-
modulation SoCs are increasingly implemented in advanced
CMOS technologies [13], [14]. However, the reduced gate
oxide thickness significantly lowers the gate breakdown volt-
age, thereby reducing the available voltage headroom for
electrical stimulation. Although transistor stacking can be
employed to extend the voltage compliance [14], the maximum
achievable value remains limited by the breakdown voltage of
the parasitic diodes.

To address the limitations outlined above, Fig. 1 presents
our envisioned closed-loop neuromodulation system for the
long-term management of chronic neurological disorders.
The system integrates a flexible µECoG array with compact
low-power CMOS ASICs, enabling full implantation and
autonomous operation. A high electrode count is essential to
achieve both fine spatial resolution and broad cortical cov-
erage [30], enabling more accurate localization of abnormal
brain activity and improved therapeutic efficacy. The ASICs
employ a heterogeneous integration approach: the AFE and
DBE are implemented in scaled low-voltage (LV) CMOS to
achieve high area and power efficiency, whereas the stimu-
lation circuitry (STIM) and power management unit (PMU)
use a high-voltage (HV) technology to provide the voltage
compliance required for effective neural stimulation. The two
dies are vertically integrated via 3-D stacking using flip-chip
(FC) and through-silicon-via (TSV) bumps, together with local
wire bonds, resulting in a compact form factor. A minia-
ture rechargeable microbattery provides local power and is
recharged periodically through an inductive coil coupled with

Fig. 2. System-level diagram of the proposed chipset architecture for closed-
loop neuromodulation.

a transcutaneous link, while the PMU manages rectification,
regulation, and safe charging. The transcutaneous link also
supports bidirectional data telemetry for configuration and
logging. Overall, the implant performs continuous neural mon-
itoring and real-time symptom detection, and delivers spatially
targeted stimulation to suppress abnormal brain activity.

As a proof of concept, Fig. 2 presents our proposed
closed-loop neuromodulation chipset architecture for the
treatment of epileptic seizures. The chipset integrates a
64-channel AFE for neural signal acquisition, a lightweight
DBE for feature extraction and seizure classification, and
a four-channel current stimulator for delivering responsive
neurostimulation. Each stimulation channel is implemented
with a current-steering digital-to-analog converter (IDAC) and
a dedicated current driver. The IDAC is co-integrated with the
AFE and DBE in a scaled 28-nm LV CMOS technology (Chip
A) to improve area and power efficiency, while the current
driver is implemented in a 180-nm HV bipolar–CMOS–DMOS
(BCD) technology (Chip B), enabling HV compliance with
stimulation requirements across a wide range of current
amplitudes and electrode–tissue impedances.

It is worth noting that chipset architectures have been
reported for various biomedical applications, including neural
interfaces; however, prior work either: 1) implement the
AFE and DBE on two separate dies within the same CMOS
node (i.e., without heterogeneous integration) [12], [31]; or
2) employ heterogeneous CMOS primarily to reduce DBE
leakage power by implementing it in an older technology node
[32]. In contrast, our proposed heterogeneous partitioning
aims to enable high area and power efficiency in the AFE and
DBE, while maintaining HV compliance for the stimulation
circuitry. Importantly, realizing these benefits requires
addressing several system-level challenges, including:
1) increased integration and packaging complexity (e.g.,
stacking, bump, and interconnect) and 2) interface overhead
between two stacked chips such as latency and synchronization
constraints.

This work extends [29], with a focus on the design of the
recording AFE and the stimulation circuitry. The remainder
of this article is organized as follows. Section II presents the
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Fig. 3. Left: classifier performance versus added noise, demonstrating
robustness up to ∼10 µVrms before noticeable degradation. Results are
obtained from the software model of [29], and validated using a leave-one-
group-out cross-validation and 2-s data windows (nonoverlapping in interictal
periods and 90% overlap during ictal segments). Right: channel power versus
input-referred noise, comparing this work (target region) with prior neural
AFEs with ECoG bandwidth (≤ 1 kHz).

AFE–DBE co-design. Section III details the AFE. Section IV
describes the HV-compliant stimulation. Section V reports the
measurement results, and Section VI concludes the article.

II. AFE–DBE CO-DESIGN

In high-channel-count neural recording systems, the AFE’s
area and power can grow quickly and thus dominate the
overall resource budget. Therefore, techniques for effective
area and power reductions are essential. As shown in Fig. 3
(right), existing ECoG AFEs prioritize low-noise recordings
[14], [16], [18], [19], [26], [33], [34], achieving noise levels
of ∼1-3 µVrms at the expense of high power; designs targeting
high dynamic range (DR) suffer from an even less favorable
power-noise tradeoff [35], [36], [37]. To achieve such low
noise, input chopping or correlated double sampling (CDS) is
almost exclusively employed to suppress flicker noise, without
which prohibitively large devices would be required. Never-
theless, even with chopping or CDS, transistors must still be
sized reasonably large to ensure a sufficiently low flicker-noise
corner, incurring substantial area overhead and thus limiting
scalability in high-channel-count systems. Furthermore, these
techniques reduce the input impedance and provide limited
rejection of EDOs.

While these low-noise recordings are valuable for neuro-
scientific exploration, they are not necessarily essential for
certain clinical purposes, such as brain state classification. In
fact, recent work has shown that for clinical brain–machine
interfaces (BMIs), the AFE noise can be relaxed without
degrading DBE decoding performance [27].

Given the stringent noise–power–area tradeoffs, this work
adopts an AFE–DBE co-design strategy to prevent overde-
signing the noise performance and thereby enable reductions
in AFE’s power and area. To evaluate this approach, the
performance of the neural tree classifier described in [29] is
evaluated by adding artificial white noise with a standard devi-
ation of 2–14 µVrms to the raw iEEG data from the dataset in
[38]. For reference, the classifier is a sparse projection oblique
randomer forest (SPORF) [39] trained with model-aware fea-
ture selection that uses both temporal and synchronization
features. As shown in Fig. 3 (left), the classifier’s performance

Fig. 4. Block schematic of the proposed AFE channel and its timing diagram.

is largely unaffected up to ∼ 10 µVrms, with noticeable degra-
dation only above this level. A parallel analysis with flicker
noise shows comparable robustness over a similar noise range.
These results suggest that, by relaxing the noise specification
within tolerable limits rather than targeting the state-of-the-
art levels of ∼ 2 µVrms, significant power savings can be
achieved [see the uncharted territory at the bottom-right region
of Fig. 3 (right)]. Furthermore, the substantially relaxed flicker
noise requirement enables the use of much smaller transistors,
and even eliminates the need for input chopping or CDS.
As a result, significant area reductions can also be achieved.
When input chopping or CDS is not employed, a high input
impedance can be preserved, and ac-coupling further provides
rail-to-rail EDO rejection.

Classifier robustness to channel-to-channel gain error is
also evaluated. Without added noise, the performance remains
within 2% of baseline for gain errors up to ∼15% (1σ). With
added 10 µVrms white noise, the tolerable gain error reduces
to ∼10% (1σ). Thus, larger gain errors are acceptable in
low-noise conditions, whereas higher noise levels require
smaller gain errors to maintain the decoding performance.

Finally, it is important to note that while SPORF classifier
was employed in this work for its hardware efficiency and
interpretability through feature-importance analysis, the pre-
sented AFE–DBE co-design framework can be beneficial to
other machine-learning algorithms as well. The key principle
is to align the AFE noise–power tradeoff with the noise and
gain-error robustness of the downstream decoding algorithm,
which can be generalized beyond the SPORF classifier
employed here, as demonstrated in a recent study [40].

III. RECORDING AFE

In high-channel-count neural interfaces, direct-digitization
architectures offer excellent area efficiency in scaled CMOS
[25], [41]. Their digitally intensive nature allows for aggressive
area scaling of digital logic, while supply-voltage scaling
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reduces both digital and analog power [15]. In particular,
incremental ADCs are especially attractive, offering superior
area and power efficiency compared to their free-running
counterparts [25], [42], due to much simpler decimation; with
1-bit internal quantization, the decimator reduces to a ripple
counter [24].

Fig. 4 presents the proposed AFE channel, an ac-coupled
transconductance operational amplifier-capacitor (OTA-C)
incremental ADC with extended counting and a novel
embedded IDAC in the feedback path. Each conversion starts
with an incremental reset (RST = 1) to clear any memory
effect. The ADC then runs 511 oversampling clock cycles
to generate nine most significant bits (MSBs), followed by a
one-cycle extended counting, yielding an overall 10-bit res-
olution. To ensure accurate residue evaluation for extended
counting, the feedback is disabled (ENFB = 0) in the first clock
cycle of the incremental conversion, while the input is disabled
(ENIN = 0) during the extended counting phase. Input-reset
switches, normally off, are turned on to short the OTA inputs
to the common-mode voltage (VB) only when the ADC output
approaches saturation [25]. Implemented in 28-nm CMOS, the
proposed AFE channel provides high input impedance, small
area, low power, and robust rail-to-rail EDO rejection.

A. Ac Coupling With Pseudo-Resistor Biasing

In compact ac-coupled neural AFEs, small coupling capac-
itors (typically a few pF) are paired with pseudo-resistors
to support the recording of very-low-frequency neural sig-
nals, often extending below 1 Hz. However, achieving such
low-frequency recordings with small coupling capaci-
tors requires extremely large resistors, which makes the
pseudo-resistor a critical design element. Furthermore, the
pseudo-resistor must maintain a stable input common-mode
voltage for the OTA while introducing negligible noise and
offset [43].

As shown in Fig. 5 (top), a pseudo-resistor can be efficiently
implemented by operating a transistor in the OFF state, whose
drain current is given by

Ids = I0e
Vgs−Vth

nVT

�
1 − e−

Vds
VT

�
(1)

where Vgs is the gate-source voltage, Vds the drain-source
voltage, Vth the threshold voltage, VT the thermal voltage,
and I0 and n are process-dependent parameters. Under desired
operations with very small OTA input gate leakage (Ig) and
µV-level input signals, |Vds| � VT , hence

1 − e−
Vds
VT ≈

Vds

VT
. (2)

The corresponding small-signal resistance can be given by

rds =

�
∂Ids

∂Vds

�−1

∝ e−
Vgs
nVT = e

VB
nVT (3)

indicating that the OTA gate bias voltage VB modulates
rds exponentially. Together with Cin, this resistance sets the
high-pass corner [ fc = 1/(2πrdsCin)] of the recording channel.

On the other hand, to ensure low noise, the dc resistance
(RDS) must be sufficiently large. Because its thermal noise

Fig. 5. AC-coupling with pseudo-resistor biasing (top) and simulated results
(bottom), including small-signal resistance, noise power spectrum density
(PSD), signal transfer function |Vg/Vin |, and input-referred noise (1–500 Hz).

4kTRDS is low-pass filtered with a corner frequency fc, which
equals the high-pass cutoff of the signal path. The root-mean-
square (rms) noise integrated within the fL- fH signal band can
be expressed as

Vn,rms =

s
2kT
πC
·

�
arctan

�
fH
fc

�
− arctan

�
fL
fc

��
(4)

which reduces to the well-known (kT/C)1/2 noise when fL = 0
and fH = ∞. For fH � fL � fc (using x � 1, arctan(x) ≈
π/2 − 1/x)

Vn,rms ≈

r
kT
C
·

s
2 fc
π fL

. (5)

Here, the attenuation factor (2 fc/π fL)1/2 accounts for the
filtering effect and the specific bandwidth starting at fL.
Thus, increasing RDS (i.e., reducing fc) effectively reduces the
integrated noise within the signal band.

Notably, the OFF-state dc resistance closely matches the
small-signal ac resistance. This is because when Vds � VT ,
Ids varies approximately linearly with Vds, leading to

RDS =
Vds

Ids
≈

�
∂Ids

∂Vds

�−1

= rds. (6)

The simulation results, shown in Fig. 5 (bottom), indicate that
while a VB of 0 V is sufficient to set the fc well below 1 Hz, a
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Fig. 6. Multichannel direct-digitization recording architectures employing front-end OTA with (a) conventional IDAC and (b) proposed embedded IDAC.

substantially higher VB of 150 mV, corresponding to an RDS of
> 100 T·Ω, is required to suppress the Vn,rms below 1.5 µVrms.

However, such a high resistance results in a large time
constant rdsCin > 100 s, leading to a very slow recovery from
artifact-induced OTA saturation (e.g., motion or stimulation
artifacts). To address this, a control signal is introduced to
dynamically regulate the transistor’s gate terminal (see SWin
in Fig. 4). During periods of saturation, the control signal
turns the transistor on to enable rapid recovery. During normal
conditions, it remains low to keep the transistor off and
preserve the desired high OFF resistance [25], [44].

For a target linear range of 4 mVpp at the AFE input, the
biasing pseudo-resistor experiences a maximum voltage swing
of 2 mV under unipolar recording configuration, where the
reference input Rref (see Fig. 4) is connected to a fixed bias
voltage (ground in this design). Simulation results show that
the pseudo-resistor induced total harmonic distortion (THD)
remains below −130 dB. Under large artifacts (such as due
to motion or stimulation) that drive the AFE input beyond
its linear range, the THD can degrade quickly (e.g., −64 dB
with 40 mVpp artifacts). Nevertheless, the input reset logic
pulls back the OTA input nodes (Vgp and Vgn) to the common
mode voltage VB whenever the AFE output approaches satu-
ration. As a result, the voltage across the pseudo-resistor stays
bounded within the AFE’s linear input range (IR) and hence its
voltage-dependent nonlinearity remains negligible.

Finally, the OTA input gate leakage (Ig) is another critical
design consideration. When Ig flows through the off transistor,
it creates a dc voltage drop that can lower the effective OFF
resistance and may drive the OTA input outside its common-
mode range, degrading performance or even compromising
functionality. To address this, thick-oxide devices are typically
employed due to their lower gate leakage. Unfortunately,
based on the authors’ experience, thick-oxide gate leakage
is either poorly modeled or entirely omitted in most CMOS
technologies, as modeling primarily focuses on thin-oxide
devices for digital circuits. Nevertheless, a reasonable estimate
can be obtained as follows.

Gate leakage in MOS transistors strongly depends on the
gate-oxide thickness tox. For tox of a few nm, where direct
tunneling dominates, the leakage current under a given device
dimension and bias condition can be approximated by an

exponential relation [45]

Ig (tox) ≈ Ke(−αtox) (7)

where K and α are process-dependent parameters determined
by the oxide stack and material properties. The data reported
in [45] confirm this exponential dependence. Since tox values
are specified in the process design kit (PDK) and thin-oxide
gate leakage is typically well characterized, tunneling-based
models can be employed to predict thick-oxide gate leakage. In
addition, in the 28-nm technology used here, the high-k/metal-
gate (HK/MG) stack lowers the leakage by over three orders
of magnitudes compared to silicon dioxide [45]. This leads
to a total reduction of more than five orders of magnitude
when tox is increased by ∼2 nm (from thin to thick oxide).
For the utilized device dimensions and bias conditions, a thin-
oxide transistor exhibits ∼10 pA of gate leakage, resulting
in an estimated Ig of well below 0.1 fA for the thick-oxide
devices. When incorporated into the simulations of Fig. 5
(top), this estimate shows negligible impact on overall voltage
drop, transfer function, and noise performance.

B. Input Stage With Embedded IDAC

Incremental ADC-based neural readouts have demonstrated
superior area and power efficiency [24], [25], [46], [47].
However, their multichannel implementations with con-
ventional IDAC feedback present two critical challenges:
1) interchannel noise coupling caused by IDAC switching
through shared bias lines; and 2) channel-to-channel gain
variations [24].

Typically, the feedback IDAC is realized as either a current
source or a current sink, rather than using both, to avoid
mismatch between the two [24], [25]. To save power and area,
and to simplify system-level configuration, channels often
share OTA/IDAC bias lines. However, fast IDAC switching can
inject noise onto these shared lines, degrading overall noise
performance.

Hence, it is generally recommended to separate the OTA
and IDAC bias lines. Such an N-channel example is shown
in Fig. 6(a). The shared OTA bias line VGT sets the OTA
bias current IBIAS, while a separate bias line VGB establishes
the feedback current IFB. Vgp and Vgn denote the OTA input
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Fig. 7. Simulated transconductance efficiency (gm/ID) and IR versus OTA
bias current (IBIAS).

signals, while Dp and Dn control the polarity of the feedback
current. For simplicity, the remaining circuitry of the recording
channel is not shown. Although the OTA and IDAC use sep-
arate biases, inter-IDAC coupling can still occur through the
shared IDAC bias line VGB. In addition, gate leakage currents
Igt and Igb flowing through parasitic resistances RGT and RGB
can introduce voltage drops, creating voltage gradients along
the VGT and VGB lines. Notice that the two edge channels (CH1
and CHN) correspond to the extremes of gate leakage, with
CH1 showing the maximum (NIg) and CHN the minimum (Ig).
Furthermore, when the OTA tail transistors MT1,...,N and IDAC
bias transistors MB1,...,N are widely distributed across the array,
device-to-device mismatch increases and can deviate from the
predictions of commonly used ABAB interdigitated layout
models. These factors can result in significant channel-to-
channel gain variations and increased noise levels. Large gain
errors can degrade DBE performance for seizure detection,
necessitating on-chip gain calibration [48].

To mitigate the noise coupling and achieve good
channel uniformity without calibration, we propose an embed-
ded IDAC seamlessly integrated into the OTA input pair, as
illustrated in Fig. 6(b). This novel approach divides each input
transistor into two smaller devices, with widths a and b (fixed
length). The drain terminals of the transistors (b) are connected
together, forming a current

IFB =
b

a + b
IBIAS (8)

which is then steered to the positive or negative output based
on the feedback control signals Dp and Dn. In this case, the
input transconductance can be expressed as

gm =
gm

ID
ID =

gm

ID

a
a + b

IBIAS

2
(9)

and therefore the peak-to-peak IR is given by

IR =
2IFB

gm
=

4b
a

1
gm/ID

. (10)

Thus, the IR, and therefore the channel gain, is mainly set
by the transistor width ratio (b/a) and, to first order, is
independent of IBIAS because the transconductance efficiency
gm/ID remains nearly constant in weak inversion regions,
which are typically chosen to maximize power efficiency.
Since the width ratio can be accurately controlled with proper
layout techniques, our embedded IDAC enables high channel-
to-channel gain uniformity without calibration. Notably, this
comes at the cost of reduced flexibility in adapting the IR

Fig. 8. Schematic of the front-end OTA with the embedded IDAC.

compared to a conventional IDAC, where the IR can be easily
adjusted by trimming the IDAC reference current.

Because an IR of only a few mV is sufficient to accom-
modate the neural signals of interest, typical gm/ID values in
weak inversions (∼30 S/A) lead to b � a. Consequently, the
embedded IDAC has a negligible impact on the operations of
the input and tail transistors.

Fig. 7 presents the simulated gm/ID and the corresponding
IR versus IBIAS for b/a = 1/38. As expected, gm/ID remains
largely constant (∼32 S/A) over a wide IBIAS range from 10 to
500 nA, thus ensuring stable IR (or channel gain). The gm/ID

tends to drop slightly at higher bias current levels due to the
minor increase in the inversion level. Interestingly, at very low
bias currents, a slight decrease in gm/ID is also observed due
to gate-induced drain leakage (GIDL) [49].

Although the embedded IDAC maintains good channel
gain uniformity with minimal noise coupling, voltage drops
along the OTA bias lines VGT can still introduce spatial IBIAS
gradients and thus noise gradients, across channels. To address
this, we implement local generations of IBIAS, ensuring good
matching before routing them to each input pair. Given the low
current levels (up to 400 nA), even routing resistance (RD) of
a few kΩ introduces voltage drops of a few mV, which are
negligible for circuit operation and performance.

For linearity, a similar analysis can be performed following
the approach in [19], yielding the ADC output:

Dout ∝ Vin −
V3

in

12 (nVT )2 (11)

where Vin denotes the differential input signal. The behavior
closely resembles that of a conventional IDAC paired with an
input stage, where linearity is limited by the input differential
pair operating in the weak inversion region. The dominant
third-order harmonic distortion

HD3 ≈
1
48

�
Vm

nVT

�2

(12)

with Vm denoting the amplitude of the input signal [49].
Furthermore, since the switched transistors are much smaller

than the always-on input transistors (b � a), the noise or
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interference coupled onto the bias line during IDAC switch-
ing is minimal. In addition, our embedded IDAC eliminates
the dummy current path typically employed in conventional
IDACs to improve transient response during switching [24].

C. Front-End OTA

Fig. 8 shows the transistor-level schematic of the front-end
OTA with the embedded IDAC. The width ratio a/b is set to
38 to achieve an IR of >3.5 mVPP at gm/ID ≈ 32 S /A (see
Fig. 7). Each input device is further divided into two equally
sized transistors to support the cross-coupled configuration that
cancels the differential input during extended counting [46].

To reduce power, the input stage operates at a lower supply
of 0.7 V, while the output stage is biased at one-tenth of
the input current. The nominal IBIAS is 400 nA and tunable
for noise–power tradeoff. Cgd neutralization minimizes the
effective gate parasitic capacitance to ∼100 fF. With a compact
1.6 pF ac-coupling capacitor, the resulting capacitive division
attenuates the signal by <10%. Note that while the embedded
IDAC introduces extra parasitic capacitance at the OTA input
nodes, its impact is negligible because the IDAC devices (MFB)
are sized substantially smaller than the input transistors (MIP)
for a small IR of a few mV. However, when the IR is extended
(e.g., to tens of mV to accommodate large artifacts), the added
parasitics can become significant, thereby reducing effective-
ness of the Cgd neutralization. The neutralization capacitors are
implemented with high-density metal–oxide–metal (MOM)
structures (∼5 fF/µm2, M1–M6), offering ∼ 7× higher density
than MOS capacitors. Nevertheless, this approach degrades the
effectiveness of neutralization under different bias conditions,
as will be shown later in the measurements. Furthermore,
internal chopping ( fchp = fchn = 256 kHz) suppresses offset
and flicker noise, allowing the use of small load transistors
(MLN and MLP). Finally, the load PMOS transistors are cross-
coupled and self-biased by the OTA outputs, eliminating the
requirement for an auxiliary common-mode feedback (CMFB)
amplifier [46].

The simulated OTA input-referred noise is 3.94/5.28 µVrms
for an IBIAS of 400/200 nA. Accounting for the noise con-
tributions from the pseudo-resistors [(2)1/2 × 1.5 µVrms] and
the capacitive attenuation (∼10%) at the OTA input nodes, the
AFE’s intrinsic input-referred noise is 4.92/6.26 µVrms. As
a comparison, the theoretical quantization noise of the AFE
channel is 1.13 µVrms, which is designed to be negligible
compared to the intrinsic noise floors under various OTA
bias conditions. Notably, the overall noise is designed with
sufficient margin relative to the ∼ 10 µVrms tolerance to
accommodate potential channel performance degradation and
variations introduced in the measurements.

D. Comparator and Reconstruction

The single-bit internal quantizer is implemented with a
strong-arm latch-based dynamic comparator [50], followed by
an set–reset (SR) latch. This single-bit quantization enables
a highly efficient decimation architecture, realized with a
simple ripple counter. To minimize leakage power, all standard
cell-based digital logic employs ultrahigh threshold voltage

Fig. 9. Channel schematic of the HV-compliant neurostimulator (anodic path
omitted for simplicity).

(UHVT) devices, which are sufficient to support the maximum
operating frequency of 1.024 MHz.

IV. HV-COMPLIANT NEUROSTIMULATION

Electrical stimulation for epileptic seizure suppression typ-
ically requires current amplitudes of several hundred µA.
Depending on the electrode–tissue interface impedance, this
current can easily lead to voltage drops of several volts across
the interface. HV technologies can support HV compliance
to accommodate these large drops, but suffer from poor area
and power efficiency when integrating the AFE and DBE
[51]. LV CMOS with transistor stacking improves efficiency,
yet remains constrained by the breakdown voltage of the
parasitic junction diodes [14]. In the 28-nm CMOS technology
employed in this work, the breakdown voltage is <10 V, which
limits the maximum voltage compliance.

To decouple the tradeoff between hardware efficiency and
HV compliance, the presented heterogeneous chipset architec-
ture partitions the HV stimulator from the LV AFE and DBE.
As shown in Fig. 9, each stimulation channel consists of a
segmented 8-bit IDAC, a push–pull (PP) stage, and an output
driver (the anodic path is omitted for simplicity). To improve
power efficiency, only the output driver is implemented in HV
BCD, while the IDAC and PP stage are realized in LV CMOS.
The segmented IDAC, consisting of 4-bit binary and 4-bit
unary segments, provides fine-grained current control (LSB
≈ 0.4 µA) and is implemented using cascode current sources.
The subsequent PP stage converts the unipolar input current
(Iin) into an anodic or cathodic current (IA or IC) depending
on the operating phase. Finally, the HV driver delivers the
programmed stimulation current to the electrodes.

To reduce power, the HV current driver operates with a
gain of 8. A regulated cascode topology is employed to
boost the output impedance. Bulk-driven feedback is proposed
to improve the output swing and loop stability compared
to the conventional gate-driven feedback architecture [52].
Because achieving a large output swing requires VDS2 to be
small (<200 mV in this work), the conventional gate-driven
approach, where VDS2 is applied to the gate terminal of MBN,
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Fig. 10. Die microphotographs of the fabricated chipset, and summary of the
chip dimensions, process nodes, and metal-stack specifications.

Fig. 11. Layout of the AFE channel and shared bias circuitry (per 32
channels), with corresponding area and power breakdown.

would require a large MBN device to properly bias the branch
indicated by the dashed gray box. The large device dimension
increases parasitic capacitance and consequently degrades the
phase margin of the impedance-boosting loop. In contrast,
the proposed bulk-driven approach allows for a low VDS2
(= VB2) while keeping MBN compact, since the bias condition
is primarily established by the gate bias VD with an additional
minor contribution from the bulk modulation through VB2.
The series resistor RB2 (17 kΩ) limits potentially large current
flow through the bulk terminal during start-up. Under normal
operating conditions, the voltage drop across RB2 is negligible
because the bulk leakage IBL2 is small (<1 pA) at the targeted
low values of VDS2. In addition, the input branch employs a
matched regulated cascode with replica bias, ensuring high
mirror accuracy through matched VDS (VDS1 ≈ VDS2). A small
bleeder current (IBLE = 500 nA) prevents the internal nodes
from floating in the OFF state, which enables rapid transitions

Fig. 12. Measured channel output codes with dc component removed (top),
and corresponding IRs (bottom) versus IBIAS for (a) 400, (b) 300, and (c) 200
nA.

to the desired operating points when the driver is turned on.
Operating from dual ±5.5 V supplies, the driver enables zero
dc bias across the stimulation electrodes.

V. MEASUREMENT RESULTS

A prototype chipset was fabricated using a hybrid process
flow that combines 28-nm high-performance compact-plus
(HPC+) and 180-nm HV-BCD technologies, with chip micro-
graphs shown in Fig. 10. The 64-channel AFE is arranged
in two groups, each sharing a bias circuitry. A zoomed-in
layout of a single AFE channel and the shared bias circuitry
(per 32 channels) is shown in Fig. 11. Due to well-proximity
effect (WPE), the four edge-tail transistors MT15,16,31,32 exhibit
∼2% lower current than the others. The resulting AFE channel
occupies an area of only 868 µm2, dominated by the OTA and
input capacitors. Operating from 0.7 V (OTA input stage) and
0.9 V supplies, each channel consumes 204 nW, with the OTA
input stage consuming ∼70% of the power. The input-stage
supply cannot be reduced below 0.7 V due to the constraint
set by the input common-mode voltage (VB = 0.15 V).

A. Electrical Characterizations

The 64-channel raw data, two 32-channel groups, were
serialized using two serializers and streamed off-chip for
analysis. In testing, only the first 12 channels from group
1 (channels 1–12) and the first 11 channels from group 2
(channels 33–43) consistently produced valid waveforms. The
remaining channels exhibited varying levels of data corruption,
such as unexpected glitches or jumps, likely caused by timing
issues in the data serialization or in the subsequent off-chip
acquisition chain. As a result, only channels 1–12 and 33–43
were considered in the subsequent analysis.
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Fig. 13. Measured signal transfer function of the AFE channel.

Fig. 14. Measured input-referred noise voltage for a grounded input with
internal chopping disabled (top left) and enabled (top right), and corresponding
noise PSD (bottom).

The effectiveness of the proposed embedded IDAC was
evaluated under three OTA bias currents: 400, 300, and 200
nA. As shown in Fig. 12 (top), for a 30-Hz 2-mVpp input,
the measured channel output codes (with dc components
removed for better comparison) exhibit nearly identical ampli-
tudes across all bias settings. The corresponding IR, presented
in Fig. 12 (bottom), have mean values of 3.94, 3.99, and
4.05 mV, with standard deviations of 3.6%, 3.5%, and 3.6%
(n = 23, 1σ), respectively. The IR variation appears random,
with no observable gradient within each group. Notably, the
two edge channels (1 and 33) exhibit the largest deviations,
likely due to degraded matching of transistor width ratio b/a.
Introducing a dummy channel at each edge could potentially
mitigate this effect. A slight increase in IR is observed at
lower bias currents, which contrasts with the simulated trend
in Fig. 7(b). The deviation is attributed to variations in
the parasitic gate capacitance of the input pair at reduced
IBIAS, which diminishes the effectiveness of Cgd neutralization.
The resulting increase in capacitive attenuation marginally
enlarges the IR. Nonetheless, the IR variations remain small, all
at approximately 3.6%. Therefore, except for the comparison
in this analysis, all measurement results are obtained with a
bias current of 200 nA to reduce power consumption while
maintaining acceptable noise performance.

Fig. 15. Measured channel output spectrum with 80- and 350-Hz input
sinewaves, each applied at amplitudes of 0.2 and 2 mVPP.

Fig. 16. Measured input reset events when the channel output code crosses
the lower (63) or upper (960) threshold.

The measured signal transfer function of the AFE channel
is shown in Fig. 13. The gain remains flat at low frequencies,
with a 3-dB bandwidth of approximately 500 Hz. At higher
frequencies, the response follows a sinc-shaped filtering pro-
file, with notches at the Nyquist rate (1 kHz) and its harmonics,
which reflects the inherent anti-aliasing of the continuous-time
incremental conversion.

The measured input-referred noise voltage of all 23 channels
is shown in Fig. 14 (top) with grounded input. Without internal
chopping, several channels saturate and appear as flat traces
near −2 and 2 mV, caused by large offsets introduced in the
small PMOS/NMOS load transistors. Enabling internal chop-
ping eliminates this saturation. The corresponding spectrum in
Fig. 14 (bottom) shows that the internal chopping reduces the
integrated noise (1–500 Hz) from 25.1 to 7.6 µVrms. Since the
OTA input pair is not chopped, flicker noise from the input
transistors is not suppressed. Note that the measured noise
level is ∼20% higher than the simulated value (6.26 µVrms),
which could be attributed to additional noise introduced by
the measurement setup.

Fig. 15 shows the measured channel output spectrum for
different sinewave inputs at 80 and 350 Hz. At an amplitude
of 0.2 mVPP, no harmonic distortion is observed. Increasing
the amplitude to 2 mVPP produces a clear second harmonic
(HD2) of the 80-Hz tone at 160 Hz, as well as an aliased
HD2 of the 350-Hz tone at 300 Hz. The strong HD2 limits
the THD to −51.4 dB. This second-order harmonic distortion
originates from nonlinearities introduced by the single-ended
input, where the reference input (see Rref in Fig. 4) is tied to
ground. Under such an input amplitude (2 mVPP), the HD3
predicted by (12) remains well below −90 dB.

Fig. 16 illustrates the occurrence of input reset events, trig-
gered when a channel output crosses the predefined lower (63)
or upper (960) threshold. This reset mechanism enables rapid
recovery from saturation caused by any undesired artifacts.
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Fig. 17. Measured driver output I–V characteristics at its maximum output
current (768 µA).

Fig. 18. Measured driver output voltage with biphasic stimulation.

Notice that due to the channel’s input-referred offset voltage
and the switching-induced kT/C “noise”, the output code
immediately following each reset exhibits a deviation from
its nominal mid-scale value of 512.

Fig. 17 shows the maximum output currents measured from
the HV driver as a function of the output voltage, demonstrat-
ing stable current delivery over a wide voltage range from
−5 to + 5 V under ±5.5 V supply rails. With biphasic
stimulation, the measured output waveform (6 kΩ + 470 nF
load) is presented in Fig. 18, achieving HV compliance up to
10 V. A residual voltage is clearly observed after stimulation
due to the mismatch between the cathodic and anodic paths.
While an H-bridge was not implemented in this design to
minimize the chip pad count, future implementations can adopt
this structure to reuse the same conduction path for both
polarities, thereby minimizing the mismatch.

B. In vitro Validation

To further validate the functionality of the proposed neu-
ral recording chip in a biologically relevant environment,
in vitro experiments were conducted with the setup shown
in Fig. 19 (top). A 32-channel flexible µECoG array with
40- × 40 -µm electrodes (PEDOT:PSS) was immersed in
a recording chamber filled with phosphate-buffered saline
(PBS) to mimic physiological conditions. Pre-recorded ECoG
signals were applied through an injection electrode (Ag/AgCl)
using an arbitrary waveform generator (AWG). The array was
positioned close to the injection electrode, while a reference
electrode (Pt) was placed on the opposite side to provide a
return path. The resulting saline potentials were sensed by the
µECoG array and subsequently recorded by the ASIC. The
recorded output waveforms are shown in Fig. 19 (bottom),
alongside the original input signal for comparison, demon-
strating close agreement. The recorded amplitudes are slightly
reduced due to the voltage gradient in the saline between
the injection and reference electrodes. Two reset events are

Fig. 19. Experimental setup for saline measurements (top), applied input
signal (middle), and corresponding recorded output waveforms (bottom).

TABLE I
COMPARISON WITH OTHER NEUROMODULATION SOCS

also triggered when the channel input crosses the −1.75 mV
threshold.

C. Comparison to State-of-the-Art

Table I compares our proposed chipset with other bidi-
rectional neuromodulation SoCs. In contrast to monolithic
single-chip solutions, our presented heterogeneous chipset
architecture achieves high area and power efficiency in the
recording AFE, while simultaneously supporting HV compli-
ance for the stimulation.

Table II summarizes the performance of the proposed neural
AFE and compares it with state-of-the-art ECoG readouts
(≤ 1 kHz bandwidth). Combining optimal architecture choices
and the AFE–DBE co-design, our proposed AFE achieves the
smallest per-channel area and the lowest per-channel power.

Furthermore, a novel embedded IDAC-based incremen-
tal ∆Σ ADC is proposed to address the limitations in
conventional IDACs and open-loop recording architectures,
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TABLE II
PERFORMANCE SUMMARY AND COMPARISON TO STATE-OF-THE-ART NEURAL AFES

Fig. 20. Comparison of channel power versus area for this work and prior
neural AFEs with ECoG bandwidth (≤ 1 kHz).

namely the large channel-to-channel gain variations and the
noise degradation caused by multichannel IDAC switching.
The proposed embedded IDAC achieves high channel-gain
uniformity without calibration and is robust against a wide
range of bias current variations.

Fig. 20 presents a power-area scatter plot, comparing this
work with prior neural AFEs with ECoG bandwidth (≤ 1 kHz).
In general, time-division multiplexing (TDM) architectures
achieve a smaller channel area. Compared to non-multiplexed
designs (w/o TDM), this work achieves up to 5× smaller area,
while consuming over 3× lower power, thanks to the employed
algorithm-aware AFE optimization. Furthermore, our area is
even smaller than those highly multiplexed designs, despite
being implemented in an older CMOS technology compared to
the leading 22-nm FDSOI design in [19]. Above all, prior work
exclusively relies on input chopping or CDS to achieve very
low noise, leading to significantly reduced input impedance
and limited EDO rejection.

Finally, when our proposed design is scaled to 1000 chan-
nels, the projected resource requirements are only ∼1 mm2

in area and ∼ 200 µW in power, thus holding promise for
the development of next-generation epilepsy monitoring and
intervention systems with wide cortical coverage and high
spatial resolution.

VI. CONCLUSION

In this article, we present a bidirectional neuromulation
chipset tailored for epileptic seizure management, with the key
contributions summarized as follows.

1) A heterogeneous chipset architecture that delivers a
highly area- and power-efficient neural AFE alongside a
HV-compliant neurostimulator, overcoming the tradeoffs
inherent to monolithic single-chip solutions.

2) An AFE and digital backend (DBE) co-design
framework, which leverages algorithm-aware hardware
optimization to significantly reduce the AFE’s power
and area, while maintaining decoding performance in
the DBE.

3) A novel embedded current-steering IDAC that addresses
key limitations of conventional IDACs, including noise
degradation and channel-to-channel gain variations,
thereby enhancing scalability and signal integrity in
multichannel neural recording systems.

4) State-of-the-art performance, achieving the lowest per-
channel power and the smallest per-channel area
to date for neural AFEs with ECoG bandwidths
(≤ 1 kHz).

Together, these contributions pave the way for more efficient
and scalable closed-loop neuromodulation interfaces, offering
a promising path toward compact, low-power implantable
systems for the long-term management of epileptic seizures.
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