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Abstract
Objective. Neuroprosthetic devices require multichannel stimulator systems with an increasing
number of channels. However, there are inherent power losses in typical multichannel stimula-
tion circuits caused by mismatches between the power supply voltage and the voltage required at
each electrode to successfully stimulate tissue. This imposes a bottleneck towards high-channel-
count devices, which is particularly severe in wirelessly-powered devices. Hence, advances in the
power efficiency of stimulation systems are critical. To support these advances, this paper presents
a methodology to identify and quantify power losses associated with different power supply scal-
ing strategies in multichannel stimulation systems. Approach. The methodology uses distributions
of stimulation amplitudes and electrode impedances to calculate power losses in multichannel sys-
tems. Experimental data from prior studies spanning various stimulation applications were ana-
lyzed to evaluate the performance of fixed, global, and stepped supply scaling methods, focusing
on their impact on power dissipation and efficiency.Main Results. Variability in output conditions
results in low power efficiency in multichannel stimulation systems across all applications. Stepped
voltage scaling demonstrates substantial efficiency improvements, achieving an increase of 43% to
100%, particularly in high-channel-count applications with significant variability in tissue imped-
ance. In contrast, global scaling proved effective only in systems with fewer channels and minimal
inter-channel variation. Significance. The findings highlight the importance of tailoring power
management strategies to specific applications to optimize efficiency while minimizing system
complexity. The proposed methodology provides a framework for evaluating trade-offs between
efficiency and system complexity, facilitating the design of more scalable and power-efficient neur-
ostimulation systems.

1. Introduction

Implantable neurostimulation devices are widely
used to treat neurological disorders such as
Parkinson’s disease, hearing loss, and visual impair-
ment. Emerging applications, such as visual and
bidirectional somatosensory prostheses, demand
large-scale multichannel stimulator systems capable
of stimulating hundreds to thousands of channels
[1–3]. The development of such systems is a com-
plex interdisciplinary challenge, requiring intricate
system- and circuit-level considerations for the elec-
tronic circuits [4], and the design of biocompatible

high-density electrode interfaces [5]. As the number
of stimulation channels continues to scale, the avail-
able power becomes amajor bottleneck. Traditionally,
power is delivered wirelessly to the implantable stim-
ulators since it avoids the infection risks posed by
wired connections [6]. However, the power that can
be transferred to the implant is limited by several
safety regulations, such as the specific absorption
rate (SAR) limit [6, 7]. Consequently, optimizing
the power efficiency of stimulator circuits is essential
to enable further channel scaling and ensure these
devices can function effectively within the limits of
available power. Furthermore, power losses in the
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Figure 1. Illustration of the overhead losses in current-mode stimulation (CMS) in a bipolar electrode configuration. (a)
Conventional output stage for CMS with a fixed voltage supply VDD; (b) example of the load voltage (V load) as a result of the
current pulses delivered to the tissue. The mismatch between the load voltage and supply voltage (indicated in the grey area) leads
to power dissipation in the output driver; (c) illustration of how a scaled voltage supply can reduce the power dissipation in the
output driver and thus increase the power efficiency, for the example in (b).

circuits lead to heat generation, which should bemin-
imized to prevent damage to the tissue surrounding
the implantable device [8]. Improving power effi-
ciency reduces excessive heating and improves the
safety of the device.

Stimulator circuits are typically implemented
to allow for current-mode stimulation (CMS) or
voltage-mode stimulation (VMS). CMS is often pre-
ferred due to its precise control over injected charge,
which is critical for safe stimulation [9, 10]. However,
CMS suffers from inherent power inefficiency, as
illustrated in figure 1. In a conventional bipolar CMS
setup figure 1(a), rectangular current pulses are gen-
erated from a fixed voltage supply, VDD. The stimu-
lation current leads to a voltage drop over the tissue
load equal to Vload = IstimZtissue figure (1), where Istim
is the stimulation current and Ztissue the tissue imped-
ance. Any mismatch between Vload and VDD (indic-
ated in grey in figure 1) leads to excessive power dis-
sipation in the current source, reducing overall effi-
ciency. A possible solution is to scale down the voltage
supply, minimizing overhead losses and improving
efficiency (η), as illustrated in figure 1.

In multichannel systems, however, the variability
of tissue impedance and current amplitude between
channels complicates this approach. Each channel has
different voltage requirements, making the applica-
tion of voltage scaling more complex [11]. To address
this, several voltage-scaling strategies are proposed
in the literature to reduce the losses at the output
driver. The different scaling strategies are illustrated
in figure 2 for a system with five channels with vary-
ing load voltage requirements.

Figure 2(a) illustrates the conventional approach
of using a fixed voltage supply for all channels.
Ideally, each channel would have its own dedicated
voltage supply precisely matching its load voltage
figure (2(b)), a strategy often referred to as adia-
batic voltage scaling [12, 13]. However, this approach
faces scalability limitations, as each channel requires

a separate voltage supply, and implementing adia-
batic scaling often demands an impractically large
chip area, making it unsuitable for scalable solu-
tions. An alternative is to use a single scalable sup-
ply figure (2(c)) [14, 15], where the supply voltage
is configured to accommodate the worst-case chan-
nel (channel 2 in figure 2(c)). While this ensures
high efficiency for the worst-case channel, it can res-
ult in significant overhead losses for other channels.
Another strategy involves creating N voltage rails
distributed across all channels [16–19], with each
channel connected to the nearest rail above its load
voltage figure (2). This approach offers a trade-off
between power efficiency and system complexity with
the choice of N.

The impact of inter-channel variability on the
power efficiency of multichannel stimulation sys-
tems is often neglected in conventional designs. This
work introduces a novel methodology that incorpor-
ates these effects to evaluate the efficacy of various
supply scaling strategies and quantify the associated
power losses. Using experimental data from various
multichannel stimulation applications, the methodo-
logy calculates channel-specific load-voltage require-
ments and estimates the overhead losses for differ-
ent voltage-scaling strategies. The analysis provides
insight into the trade-offs between power efficiency
and design complexity. The framework is openly
available at github.com/francescvarkevisser/stimloss
and can serve as a practical tool to guide circuit design
decisions formultichannel neurostimulation systems.

2. Methods

2.1. Data collection and extraction
Experimental data was collected using a system-
atic search in the Scopus database for studies on
(micro)stimulation. Inclusion criteria required that
the selected studies report (perception) thresholds
and impedance data and that the subjects are either
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Figure 2. Illustration of the overhead losses for different voltage-scaling strategies in the example of a system with five channels.
Dashed, horizontal lines indicate the available voltage rails, and the colored bars the load voltage (V load) of the specific channel,
where the color indicates to which voltage rail the channel is connected. Grey rectangles indicate the overhead losses. (a) In the
case of a fixed voltage supply, all channels share the same voltage supply. (b) In the case of ideal supply scaling, each channel has a
specific voltage supply matched to its load voltage. Thus, the overhead losses are zero. (c) With a global supply scaling strategy, a
shared supply voltage is scaled to the worst-case V load (channel 2 in the example), eliminating all overhead losses for that channel
and reducing overhead losses in the other channels compared to the fixed voltage strategy. (d) A stepped voltage supply strategy
with 4 rails. Multiple voltage rails are available, and each channel is connected to the nearest rail above its load voltage.

humans or non-humanprimates. For some caseswith
partially available data, the authors were contacted
to request additional data. We collected 26 datasets
from 7 publications, spanning four applications. The
results are organized by application, resulting in cat-
egories for intracortical visual prostheses (V1), ret-
inal implants, intrafascicular peripheral nerve stim-
ulation (iPNS), and extraneural PNS. The extracted
datasets are detailed below. Each study has its own
definitions and methods of collecting and reporting
the data. All values are reported as (mean± sd) unless
stated otherwise.

The study by Fernández et al [20] explored the use
of a Utah electrode array (UEA) with 96 electrodes
implanted in the visual cortex of a humanpatient. The
authors applied stimulation trains of 50 monopolar
charge-balanced cathodic-first biphasic stimuli, with
a pulse width (PW) of 170µs, an interphase delay
(IPD) of 60µs, and a repetition frequency of 300Hz
for the threshold procedure. A binary search proced-
ure was used to determine the stimulation threshold
that led to a visual perception in 50% of the trials. The
magnitude of the electrode impedance was measured
at 1 kHz. The current threshold for single-electrode

stimulation was (66.8 ± 36.5)µA, while electrode
impedances of (47± 4.8) kΩ were recorded.

Building on similar stimulation parameters, Chen
et al [21] implanted 1024 microelectrodes (16 64-
channel UEAs) in the visual cortex of two mon-
keys (‘Monkey A’ and ‘Monkey L’). For both mon-
keys, two current thresholds are reported, one in
the early stage after implantation (µearly) and one in
the late stage of the experiments (µlate). The repor-
ted thresholds are µearly = (65 ± 45)µA and µlate

= (60 ± 58)µA for Monkey A, and µearly = (19
± 17)µA and µlate = (80 ± 71)µA for Monkey L.
Additionally, we received the dataset of recorded elec-
trode impedances from the authors. From this data-
set, we obtained the impedance values (at 1 kHz) for
both monkeys in the first and last experiment ses-
sions. These values were filtered to include only elec-
trodes with impedance below 300 kΩ for Monkey A
and below 150 kΩ for Monkey L, as these electrodes
were used for the current threshold measurements
[21]. InMonkey A, the recorded electrode impedance
was (144.7 ± 72.6) kΩ and (71.1 ± 70.6) kΩ in the
early and late stages, respectively, and for Monkey L,
it was (75.1± 36.3) kΩ and (74.9± 36.4) kΩ.
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While Fernández and Chen focused on cortical
implants, De Balthasar et al [22] investigated epiret-
inal implants in six human subjects (S1–S6). Since the
impedance data is only reported for subjects S4–S6,
the other subjects are not included in this analysis.
The array consisted of 16 (4×4) platinum electrodes
in a checkerboard arrangement with alternating elec-
trode sizes of 260µm and 520µm. The stimulation
thresholds were determined using single-pulse sym-
metric cathodic-first pulses with a PW of 0.975ms
and an IPD of 0.975ms. The perceptual thresholds,
in this case, are defined as the current amplitude that
causes a percept in 79% of the trials. The electrode
impedance was reported separately for the two sizes
and are therefore treated as separate datasets in this
analysis. The reported current thresholds (µsubject,size)
are: µS4,260 = (233 ± 20.9)µA, µS5,260 = (30.3 ±
1.7)µA, µS6,260 = (40.9 ± 6.1)µA, µS4,520 = (222.9
± 16)µA, µS5,520 = (26.9 ± 1.3)µA, µS6,520 = (37.8
± 4.9)µA. Furthermore, the reported impedances are
as follows: ZS4, 260 = (25.6± 3) kΩ, ZS5, 260 = (40.8±
1.5) kΩ, ZS6, 260 = (36.5 ± 1.8) kΩ, ZS4, 520 = (13.6 ±
1.1) kΩ, ZS5, 520 = (22.9 ± 0.3) kΩ, ZS6, 520 = (18.7 ±
0.4) kΩ.

Similarly targeting retinal stimulation,
Demchinsky et al [23] implanted one human patient
with the Argus II [24] retinal prosthesis. The Argus
II has an epiretinal electrode array of 6×10 platinum
electrodes with a diameter of 200µm [24]. The para-
meters for stimulation thresholds and impedance
measurements are not specified in this study, but the
perception threshold is reported as the amplitude
evoking a visual percept in 50% of the trials. The
measured perception threshold and electrode imped-
ance after six months of implantation were (251 ±
197)µA and (5.10± 1.77) kΩ.1

Instead of targeting the central nervous sys-
tem, Tan et al [25] examined extraneural peri-
pheral nerve stimulation (PNS) in two human
amputees. They implanted flat interface nerve elec-
trodes (FINE) around the median and ulnar nerves
in their mid-forearm and Case Western Reserve
University (CWRU) electrodes around the radial
nerve to produce selective sensory responses. The
FINE electrode around the ulnar nerve in subject 2
did not retain good contact with the nerve and is
therefore not included in the results. The stimulation
pattern was a pulse train (100Hz) of monopolar, bi-
phasic, charge-balanced, cathodic-first square pulses,
with a sinusoidal modulated PW (1Hz) to evoke a
natural, pulsing perception. Furthermore, the PW,
as well as the amplitude, were stepped during

1 In [23], the current and impedance values are reported inmA and
Ω, respectively in table 2. Based on impedance and current values
reported in other Argus II studies, it is assumed that this is amistake
and that these values should be µA and kΩ instead, respectively.

the threshold process. As a result, the stimulation
charge is used to report the perception threshold.
However, the current amplitude is required for the
power loss calculations presented in this work. To
estimate the current amplitude from the reported
charge thresholds, the average PW is estimated at
100µs, and the current threshold is calculated as
Ith,i = Qth,i/100µs. The resulting perception current
thresholds are: µS1,median = (0.96± 0.43)mA, µS1,ulnar

= (0.71 ± 0.59)mA, µS1,radial = (0.41 ± 0.12)mA,
µS2,median = (1.26 ± 0.42)mA, µS2,radial = (1.20
± 0.33)mA. To measure the electrode impedance,
0.3mA and 50µs pulses at 20 and 100Hz between
pairs of electrodes within each cuff were used. The
mean of eight measures of the resulting peak voltage
drop between each pair of contacts was measured to
calculate the impedance. The reported impedances
are: ZS1,median = (3.12 ± 0.15) kΩ, ZS1,ulnar = (2.66
± 0.15) kΩ, ZS1,radial = (2.91 ± 0.22) kΩ, ZS2,median =
(2.92± 0.21) kΩ, ZS2,radial = (3.09± 0.19) kΩ.

Finally, Davis et al [26] and George et al [27]
focused on iPNS using Utah Slanted Electrode
Arrays (USEA). In [26], two human amputees were
implanted with a USEA of 96 electrodes in the sens-
ory nerves in the forearm. The USEA delivers intra-
fascicular microstimulation, in contrast to the elec-
trodes used in [25], which wrap around the nerve.
In subject 1, the array was implanted in the median
nerve, while in subject 2, it was implanted in the
ulnar nerve. Biphasic, cathodic-first stimulation was
used to determine the perception threshold. In most
thresholding experiments, a constant frequency of
200Hz and train duration of 0.2 s were used. The
resulting perception thresholds were µS1 = (27.0 ±
20)µA,µS2= (12.0± 11.0)µA. The electrode imped-
ancewasmeasured using a sinusoidal current at 1 kHz
through a reference electrode. Electrodes with an
impedance <500 kΩ were defined as working elec-
trodes. The measured impedances for the working
electrodes areZS1= (222± 133) kΩ andZS2= (143±
76) kΩ. The number of working electrodes in subject
1 rapidly dropped over the duration of the study.

A complementary study by George et al [27]
provides further insight into the long-term viabil-
ity of iPNS in humans. In [27], two human amputees
(S5 and S6) were chronically implanted with USEAs
in their residual arm nerves to restore sensorimo-
tor function. In both participants, one array was
implanted in the median nerve and one in the ulnar
nerve. The study included a third participant (S7).
However, the stimulation thresholds are only repor-
ted for S5 & S6. Therefore, S7 is excluded from the
analysis in this work. Contrary to the other studies,
the perception threshold values in [27] are reported in
the format ‘median (IQR).’ The perception thresholds
are reported for the first and last session, leading to
a total of 8 datasets; however, since the last session
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in S6-ulnar contains a very limited set of electrodes,
it is left out of the analysis in this work. The repor-
ted perception thresholds are as follows: µS5M,first =
25µA (17µA), µS5U,first = 31µA (31µA), µS6M,first =
21µA (11µA), µS6U,first = 36.5µA (42.5µA), µS5M,last

= 60µA (40µA), µS5U,last = 70µA (52.5µA), µS6M,last

= 72.5µA (25µA). The electrode impedance data
is only shown in figure format in the paper. The
data behind this figure was provided to us by the
authors and we used the impedance data of the first
and last sessions of each participant for our analysis.
The recorded impedance data is as follows: ZS5M,first

= 81.6 kΩ (99.6 kΩ), ZS5U,first=77.5 kΩ(101.5 kΩ),
ZS6M,first=67.6 kΩ(130.6 kΩ), ZS6U,first=49.0 kΩ(71.4
kΩ), ZS5M,last=131.3 kΩ(163.8 kΩ), ZS5U,last=178.6
kΩ(65.9 kΩ), ZS6M,last=50.6 kΩ(42.8 kΩ).

The datasets are summarized in table 1.

2.2. Data analysis
The power losses at the output are the result of a mis-
match between the supply voltage and the channel-
specific load voltage. To compare the impact of differ-
ent voltage-scaling strategies, channel-specific voltage
requirements need to be calculated. To that purpose,
a numerical dataset with 100 000 entries per subject
listed in table 1 was created. The current amplitude
and electrode impedance data for these datasets were
calculated using three different methods, depending
on the available information. For variables reported
as mean µ sd, the dataset was assumed to follow a
truncated normal distribution with the given para-
meters. The distribution was truncated at the repor-
ted extreme values or at the minimal step size of the
parameter, ensuring no negative values were gener-
ated. For data provided as a dataset by the authors, the
probability density function (PDF) of the variablewas
estimated using kernel density estimation. The data-
set was then filled with values such that the variable
followed the estimated PDF. In cases where the data
was reported as the median and IQR, the distribution
is also estimated to be normal. Although [27] men-
tions that the data is not normally distributed, the lack
of additional information on the distribution led us to
assume a normal distribution as a reasonable estim-
ation. Similar to the mean ± sd data, the dataset fol-
lowed a truncated normal distribution, with themean
and standard deviation estimated from the median
and IQR values, respectively.

In the resulting dataset, each entry received a
random value for the current amplitude (Ith) and
electrode impedance (Z), following these distribu-
tions. For simplification of the calculations, this work
assumes the combined impedance of the electrode-
tissue interfaces (ETIs) and the tissue, Z, to be real
(resistive) and equal to the impedance magnitude
measured at 1 kHz. The required load voltage at
each entry was then calculated using the following

equation

Vload,i = Ith,iZi. (1)

Using this dataset, the power losses of different
voltage-scaling strategies were calculated as described
in section 2.3. The resulting data is available at [28].

2.3. Calculating power losses
To calculate the power losses for each scaling strategy,
aMonte Carlo samplingmethod is used. Thismethod
involves the following steps:

1. For each subject in the dataset, a subset of M
samples is randomly chosen from the dataset
described in section 2.2. The size of M is tailored
to the target application.

2. On each subset, the power losses on each channel
are calculated with the methods outlined below.

3. The efficiencies and power losses of the subset are
averaged to obtain the expected average efficiency
and power loss per channel for each application.

4. The sampling method is repeated for nrepeats repe-
titions on each subject. In this work a repetition
rate of nrepeats = 1000 was used.

For the first step, the size of M needs to be
determined for each application. The size of M mat-
ters mainly for the calculation of the power losses
in case of a global scaling supply, but the subset is
applied to the calculation for all methods to ensure
fair comparison of the methods. For intracortical
visual prostheses, current efforts are aimed at devel-
oping systems with more than 1000 channels to
provide visual information that could restore useful
vision [1]. In retinal prostheses, it has been estim-
ated that 625 channels would be sufficient for useful
vision [29]. However, using smaller and more elec-
trodes could improve the field of view and efficacy
of the implant [30]. In the case of PNS applications,
the channel requirements are generally much lower.
For intrafascicular interfaces, such as those using the
USEA, one or two arrays, each with 100 channels,
can provide sufficient information for neuropros-
thetic applications [27]. This suggests that a total
channel count of approximately 200 may be adequate
for many tasks. On the other hand, extraneural elec-
trodes, such as the FINE, offer much lower resolu-
tion, with individual electrodes typically containing
only 8 channels. Therefore, a system utilizing two
FINE electrodes would have only 16 channels in total
[25]. Additionally, only a subset of the available chan-
nels will be active at the same time. For this ana-
lysis, it is assumed that only 20% of the channels will
be active simultaneously. Consequently, in this study,
the sample size M is set to 200, 125, 40, and 4 for
V1, Retinal, iPNS, and extraneural PNS applications,
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Table 1. Summary of the datasets used in this work. All numerical data is presented as ‘mean± sd,’ except for [27], where it is presented
as ‘median (IQR).’ U(S)EA= Utah (slanted) electrode array, FINE= flat interface nerve electrode, V1= primary visual cortex, and
(i)PNS= (intrafascicular) peripheral nerve stimulation.

# Source Dataset Electrode impedance [kΩ] Current threshold [µA] Target Electrodes

1 [20] Human 47(4.8) 67(37) V1 UEA
2 [21] Monkey A early 144.7(72.6) 65(45) V1 UEA
3 [21] Monkey A late 71.1(70.6) 60(58) V1 UEA
4 [21] Monkey L early 75.1(36.3) 19(17) V1 UEA
5 [21] Monkey L late 74.9(36.4) 80(71) V1 UEA
6 [22] S4 260µm 25.6(3) 233(21) Retina Custom
7 [22] S5 260µm 40.8(1.5) 30(2) Retina Custom
8 [22] S6 260µm 36.5(1.8) 41(6) Retina Custom
9 [22] S4 520µm 13.6(1.1) 222(16) Retina Custom
10 [22] S5 520µm 22.9(0.3) 27(1) Retina Custom
11 [22] S6 520µm 18.7(0.4) 38(5) Retina Custom
12 [23] Human 5.1(1.8) 251(197) Retina Argus II
13 [25] S1 median 3.1(0.2) 955(425) PNS FINE
14 [25] S1 ulnar 2.7(0.2) 707(592) PNS FINE
15 [25] S1 radial 2.9(0.2) 407(124) PNS FINE
16 [25] S2 median 2.9(0.2) 1260(415) PNS FINE
17 [25] S1 radial 3.1(0.2) 1200(325) PNS FINE
18 [26] S1 median 222(133) 27(20) iPNS USEA
19 [26] S2 ulnar 143(76) 12(11) iPNS USEA
20 [27] S5-M first 81.6 (99.6) 25 (17) iPNS USEA
21 [27] S5-U first 77.5 (101.5) 31 (31) iPNS USEA
22 [27] S6-M first 67.6 (130.6) 21 (11) iPNS USEA
23 [27] S6-U first 49.0 (71.4) 37 (43) iPNS USEA
24 [27] S5-M last 131.3 (163.8) 60 (40) iPNS USEA
25 [27] S5-U last 178.6 (65.9) 70 (53) iPNS USEA
26 [27] S6-M last 50.6 (42.8) 73 (25) iPNS USEA

respectively. It is important to note that, regarding the
value of M, the important aspect is its order of mag-
nitude and not its exact value. When repeating this
method for a new application, the sample size can be
iterated to evaluate the impact of the number of chan-
nels on the efficacy of each scaling strategy.

To calculate the power loss at the output, the
load power in the ideal case, when the voltage sup-
ply tracks the load voltage accurately for each channel
(figure 2(b)), is used as a reference. In the ideal case,
all the power at the output is delivered to the load.
Using the current and impedance information of the
samples, the load power can be calculated as:

Pload,i = I2th,iZi. (2)

Subsequently, the efficiency for all non-ideal cases is
calculated using:

η =
Pload,i

Pload,i + Ploss,i
, (3)

where Ploss is the losses associated with the voltage-
scaling strategy.

In the case of a fixed voltage supply figure (2(a)),
the power losses at each channel can be calculated
using:

Ploss,fixed,i = (Vfixed −Vload,i) Ith,i, (4)

whereVfixed is the same for all channels.When design-
ing a system to deliver the stimulation from a fixed
voltage supply, different considerations could lead to
the choice of Vfixed. In this work, Vfixed is based on
grouping all data with the same target (in table 1)
together. Furthermore, a reasonable design consid-
eration is the trade-off between channel yield and
efficiency. Here, channel yield is defined as the per-
centage of the total number of available channels
that can be stimulated. IfVfixed <max(Vload,target), not
all channels can be stimulated, resulting in a lower
yield, but the overall system efficiency will improve.
Whether it can be tolerated to allow for yield<100%
depends on the application and the design require-
ments. In this work, a yield of 75% is chosen for most
calculations, unless stated differently. In other words,
Vfixed is equal to the third quantile (Q3) of Vload,target.
The channels with a load voltage higher thanVfixed are
excluded from the power and efficiency calculations.
Note that a yield of 75% might be considered low for
some applications and that higher yields are desirable.
This will favor the more flexible scaling strategies as
the variability in load voltages increases. The effect
on the yield choice will also be considered in the res-
ults section. In practice, the technology used to design
the stimulator circuit will also influence the choice of
Vfixed as some values (e.g. 3.3 V, 5 V, 10V) are com-
mon for given technologies. This consideration is not
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included in the analyses presented in this work, but
the method could be repeated if these constraints are
known.

The first supply scaling strategy considered in this
work is the use of a globally scaled supply voltage
(figure 2(c)). In this case, the global supply would
have to accommodate for the worst-case channel that
is being stimulated. The power losses for this strategy
are calculated as:

Ploss,global,i =
(
max

(
Vload,j

)
−Vload,i

)
Ith,i, j ∈M.

(5)
Thus, the maximum load voltage in the subset M
is used as the supply voltage for all channels in the
sampled subset.

The other supply scaling strategy is the use of
a stepped supply voltage figure (2). In this case, N
voltage steps are created, and each channel is connec-
ted to the nearest available step above the load voltage.
Thus, the power losses can be calculated as:

Ploss,stepped,i =
(
Vstep,i −Vload,i

)
Ith,i, (6)

where Vstep,i is the nearest available voltage rail above
Vload,i. The available supply rails depend on the num-
bers of steps chosen. For the results in this work, the
voltage rails are calculated using a uniform distribu-
tion of the rails between 0V andVfixed. As an example,
in the case of Vfixed = 5V and N= 4, the available
voltage steps will be 1.25V, 2.5 V, 3.75 V and 5V. The
methodology is not limited to a uniform distribution
and could be repeated using any desired distribution
of the voltage rails.

3. Results

3.1. Voltage and load power distributions
The calculated load voltage distributions are shown
in figure 3(a). The resulting load voltages for the dif-
ferent applications are 2.8 V (2.4 V) (median (IQR)),
1.3 V (2.2 V), 3.9 V (6.1 V), and 3.5 V (5.3 V) for PNS,
Retina, V1, and iPNS, respectively. These results sug-
gest that PNS and Retina stimulation operate at relat-
ively lower voltages compared to iPNS andV1, reflect-
ing varying requirements across applications.

The corresponding load power distributions
are presented in figure 3. The resulting val-
ues are as follows: 2.6mW (4.2mW) for PNS,
55µW (656µW) for Retina, 243µW (637µW) for
V1, and 117µW (306µW) for iPNS. These results
show that the median load power per channel is
highly application-dependent, spanning more than
one order of magnitude between Retinal and PNS
stimulation.

To further explore inter-subject differences, the
load voltage andpower distributions of all subjects are
compared in figure 4. This figure highlights the differ-
ences between applications. For Retinal stimulation,

the load power spans a wide range on the application
level, while the range within each subject is small. On
the other hand, both iPNS and V1 stimulation show
wide ranges both on the application level and on the
subject level.

The application-specific voltage supplies for a
channel yield of 75%, used in subsequent power loss
calculations, are listed in table 2. The effect of channel
yield on the voltage supply is illustrated in figure 5. As
shown there, a yield of 100% would require a supply
voltage of 44V and 54V for the applications of iPNS
and V1, respectively. Next to the inefficiency that this
would cause, it would also require special circuits that
can generate and handle such voltage levels.

3.2. Losses with fixed voltage supply
The power losses per channel for a conventional fixed
voltage supply are shown in figure 6, where the mark-
ers denote the different subjects in table 1. Most
subjects exhibit efficiencies below 60%, with power
losses typically in the range of 100µW per chan-
nel. However, PNS subjects display higher efficien-
cies despite experiencing greater power losses in the
order of 1mWper channel. This emphasizes that even
though efficienciesmay be high, it could still be worth
improving to save significant power. Except for the
PNS subjects, the plot shows small variations within
each subject, which can be attributed to two factors.
In the Retina subjects, the spread in load power and
load voltage within each subject is small, as shown
in figure 4. For the V1 and iPNS subjects, the small
variation is likely an effect of the sample size for res-
ampling since the resampling and averaging filters out
extreme values. This shows that, within a subject, the
losses for a fixed voltage supply would be predictable
and constant for different subsets of channels.

3.3. Losses for global supply scaling
The efficiencies and power loss per channel for global
supply scaling are compared to fixed voltage sup-
plies in figure 7. In applications with high channel
counts and wide spread in load conditions (iPNS
and V1), the efficiency is negligible due to the fact
that the supply has to accommodate the worst case
channel. However, in low-channel-count applications
like PNS, the approach can reduce power losses sub-
stantially. For PNS, the median power loss per chan-
nel is reduced from 914µW to 404µW, while the
median efficiency is increased from 62.9% to 77.3%.
Furthermore, if the variability in load conditions
within subjects is small, as is the case for the Retina
data, global supply scaling also leads to significant
improvements. In the Retina data, the median power
loss per channel is reduced from 58µW to 14µW,
while the median efficiency is increased from 43.1%
to 80.2%. These results show that global scaling is
most effective when the channel count is low and the
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Figure 3. Load (a) voltage and (b) power per channel distributions grouped by application.

Figure 4. Load voltage and power distributions of the individual datasets. Markers indicate the median value and error bars the
IQR.

Table 2. Application-specific voltage supply (for a channel yield of
75%) used for the power loss calculations.

Application Vfixed [V]

iPNS 7.0
V1 8.1
Retina 2.9
PNS 3.9

variability in voltage requirements within subjects is
small.

3.4. Losses for a stepped supply
For the stepped supply strategy, the power loss reduc-
tion and efficiency improvements are calculated for
uniformly distributed supplies of 1 (fixed), 2, 4, and
8 voltage rails. This strategy demonstrates efficiency
improvements across all applications figure (8), with
efficiencies exceeding 81% when using eight voltage
rails. Compared to the fixed voltage supply, this yields

an increase in efficiency of 43% (PNS) to 100%
(iPNS and Retina). However, the incremental bene-
fit of adding more rails diminishes with each step.
Nonetheless, the flexibility to tune each channel spe-
cifically makes this strategy broadly applicable.

3.5. Comparison of scaling strategies
The comparative performance of all strategies is sum-
marized in figure 9. Furthermore, the normalized effi-
ciencies and power losses are listed in table 3, where
each value is normalized to the Fixed Voltage config-
uration for each respective application. It is shown
that stepped supplies with 4 and 8 rails outperform
the global scaling across all applications, although for
Retina stimulation the performance of global scaling
and stepped 4 rails is comparable. Furthermore, in
some cases, one strategy outperforms the others, but
other factors, such as design complexity and circuit
losses, may still favor another strategy. For example,
in Retina data, the relative improvement from 4 rails
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Figure 5. Vfixed for different channel yield settings across the different applications.

Figure 6. Average power loss per channel (Median & IQR) and the corresponding efficiencies for a conventional fixed voltage
supply (Vfixed). Each marker corresponds to one subject.

to 8 rails is 2% corresponding to a reduction of 7µW
per channel, which is likely not worth the extra cir-
cuits. Considerations regarding circuit implementa-
tions will be discussed in section 4.1.

Even though the evaluated strategies show sub-
stantial improvements in efficiency, there is still
room for further reduction of the power losses.
For each application, the total power loss can be
calculated by multiplying the number of channels
in that application with the channel losses presen-
ted in figure 9(b). For the best scaling strategy
in each application, this results in a total system
power loss of 525µW (366µW), 5.5µW (2.4µW),
879µW (3016µW), 683µW (466µW) for iPNS, V1,
Retina, and PNS, respectively.

3.6. Effect of channel yield
All results so far were calculated with a channel yield
of 75%. The effect of the channel yield on the effi-
ciency and power losses is shown in figures 10 and 11.
First of all, increasing the yield diminishes the effi-
ciency and increases the power losses for all strategies
across all applications. However, the global scaling
strategy is more robust to changes in the yield. At sev-
eral conditions the global scaling becomes more effi-
cient than the stepped 4 rail supply, and for a yield of
100% it is the most efficient strategy for the Retina
data. One possible improvement for the stepped

voltage supplies would be to use non-uniformly dis-
tributed voltage rails. Furthermore, as mentioned in
section 3.1, achieving a higher yield also increases the
circuit complexity due to the increased voltage sup-
ply. Therefore, the trade-off between channel yield
and power efficiency will also be impacted by prac-
tical limitations of the implementation. The proposed
method enables the evaluation of each condition,
guiding the design process. If the achieved yield of
the designed system is insufficient for a given applic-
ation, a possible solution is to adjust the waveform
parameters to lower the stimulation threshold, which
increases yield at the same supply voltage.

4. Discussion

4.1. Circuit design considerations
The voltage supply levels in this work are based on
the available datasets, without taking into account the
implementation of these voltage rails. In reality, most
systems will be designed adhering to common voltage
levels depending on the technology used for the cir-
cuit design. The first use of the proposed method
could be to get an estimation of the channel yield for a
given voltage supply level to decide is that is sufficient
for the application. Furthermore, the method can be
used to decide whether implementing more complex
supply strategies is worthwhile.

9
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Figure 7. The effect of a global supply scaling strategy on the (a) efficiency and (b) power loss per channel for the different applic-
ations. Outliers are not shown.

Figure 8. Effect of a stepped-voltage supply strategy from an application-specific supply on the (a) efficiency and (b) power loss
per channel in the different applications. Outliers are not shown.

In the analyzed applications, global scaling
showed limited benefit over a fixed supply voltage
in scenarios with high channel counts and a wide

spread of load conditions. However, in applications
with fewer channels orwhenwithin-subject load vari-
ation is low, global scaling can significantly improve
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Figure 9. Comparison of the impact of the scaling strategies on the (a) efficiency and (b) power loss per channel in the different
applications. Outliers are not shown.

Table 3. Comparison of normalized efficiency (η) and normalized power loss (Ploss) across different applications and scaling strategies.
All values are normalized to the Fixed Supply configuration for each respective application.

Retina V1 PNS iPNS

Application η/ηref Ploss/Pref η/ηref Ploss/Pref η/ηref Ploss/Pref η/ηref Ploss/Pref

Fixed Supply 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Global Scaling 1.86 0.25 1.06 0.89 1.23 0.44 1.07 0.90
Stepped 2 rails 1.54 0.47 1.36 0.51 1.15 0.63 1.40 0.47
Stepped 4 rails 1.95 0.25 1.64 0.27 1.32 0.36 1.74 0.24
Stepped 8 rails 2.00 0.12 1.85 0.14 1.43 0.19 2.00 0.12

efficiency—up to 86% in the Retina dataset. Several
designs in the literature adopt a global scaling supply
[31–33]. In practice, these systems implement a
closed-loop supply that tracks channel compliance
to set the rail for the worst active channel, which
improves efficiency but adds per-channel sensing and
typically larger output filtering.

A stepped voltage supply with four or more
rails generally outperformed global scaling, especially
when intrasubject variability was high (e.g. in V1
and iPNS). In principle, increasing the number of
voltage rails reduces losses, but it also raises com-
plexity at both the system and channel levels. At
the system level, increasing the number of rails in a
multi-output supply increases routing and storage-
capacitor demands; practical multi-output switched-
capacitor/DC–DC designs commonly realize about
three to five rails for low-power systems, balan-
cing efficiency against wiring and capacitor area

[16–18, 34]. Furthermore, all voltage rails need to
be distributed towards all channels. In high-channel-
count applications, this can become a bottleneck for
increasing the number of rails. At the channel level,
more rails require a larger selector circuit. Since the
area requirements are highly technology-dependent,
it is difficult to estimate the cost of each implement-
ation. However, once the technology parameters are
known, the presented analysis can serve to make a
trade-off between efficiency, area, and complexity.

Finally, for each scaling strategy, additional power
losses should be considered. Beyond output-stage
losses, the end-to-end efficiency is determined by
the regulator efficiency and any per-channel over-
head from regulation circuits and regulation stages.
Single-stage regulating rectifiers mitigate cascaded
rectifier loss by regulating during rectification.
State-of-the-art regulating rectifiers report power-
conversion efficiencies above 90% [19, 35, 36]. In this
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Figure 10. Effect of channel yield on the efficiency across different applications and scaling strategies.

Figure 11. Effect of channel yield on the power losses across different applications and scaling strategies.

respect, the power per channel for the application is
an important weighting factor. When the load power
per channel is low, overhead losses in the channel can
quickly diminish the efficiency improvements gained
by the scaling strategy. Sharing resources among

multiple channels helps to reduce the impact on the
efficiency. When the power per channel is high, the
design requirements for the scaling circuitry are easier
in terms of power consumption since overhead losses
are relatively smaller.
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4.2. Temporal changes
The datasets used in this study all represent a static
set of parameters. However, impedance and stimula-
tion thresholds are known to change over time [11,
21, 27]. Therefore, the voltage requirements of the
channels and resulting losses will change accordingly.
Flexibility in the voltage supply helps to accommod-
ate changes and reduce power losses over time. In the
long term, this will lead to the best power efficiency
during the lifetime of the implant.

4.3. Limitations of current work
The analysis presented here is based on previously
published data. Here, we reflect on the limitations of
the assumptions necessary to perform the analysis.

First, for most datasets, the distribution of the
parameters was assumed to be (truncated) Gaussian.
This assumption was made due to a lack of informa-
tion; in reality, the distributions could have been dif-
ferent. As described in section 2.2, an extended ana-
lysis was performed when more information regard-
ing the data distribution was available.

Furthermore, the impedance and current data
are assumed to be uncorrelated. While [22] found
a negative correlation between the two paramet-
ers, the other studies did not report the correlation.
Variations in electrode impedance are caused bymany
factors, which might change the correlation between
impedance and threshold values. In [22], the critical
factor influencing impedance and threshold was the
distance between the electrode and the retina. If the
correlation of these parameters is known for a spe-
cific application, it could be added to the generation
of the dataset to evaluate its effects.

Additionally, the size of the electrodes used in the
retina data is relatively big. The development trend in
retinal implants is to reduce the size of the electrodes
to bring them closer to the retina and achieve higher
electrode count and density [37, 38]. However, no
data could be found on human subjects for the smal-
ler electrodes, where both impedance measurements
and perception thresholds were reported. Generally
speaking, reducing the electrode size will increase the
impedance, and bringing the electrodes closer to the
cells will reduce stimulation thresholds [22].

Last, the electrode impedance is more complex
than the 1 kHz value used in this work to calcu-
late the losses. A more realistic model includes the
capacitive effects of the ETI. This capacitive com-
ponent affects the load voltage and will change the
load power. The extent of this effect depends on the
ratio between the resistive and capacitive compon-
ents of the load impedance, as well as the delivered
charge [39]. Therefore, it depends on the type of elec-
trodes used. Ideally, the capacitance of stimulation
electrodes should be large to prevent depolarization
of the ETI, which can lead to non-reversible charge

transfer [10]. Specifically, in microelectrodes, the res-
istive component is typically dominant, and the effect
of the capacitance on the power calculations will be
minimal.

4.4. Practical usage of the framework
The framework presented here can be used as a
practical workflow to select a supply strategy for a
new multichannel stimulation system. The proced-
ure requires basic statistics of the stimulation cur-
rent threshold Ith and impedance Z for the inten-
ded target, which could be obtained during pre-
clinical testing or extrapolated from similar applic-
ations. Furthermore, a reasonable channel yield Y
and sample size M should be selected. The analysis
could also be repeated for different parameter values
to assess their effects and decide on a design target.

Beyond the options exercised in this study, the
open implementation (available at [28]) supports
assessing additional design choices such as non-
uniform spacing of voltage levels and enforcing
a required voltage headroom at the stimulation
source. These options allow designers to quantify
how architectural decisions shift efficiency and loss
distributions.

The results from the framework can directly
inform power budgets and guide architectural
choices. For example, it could be used to determine
power budgets for the implementation of a specific
scaling strategy, or it could enable a trade-off between
power efficiency and design complexity.

Finally, the framework can be used to benchmark
new scaling strategies against existing implementa-
tions. As demonstrated in [40], measured power effi-
ciencies froman implementation can bemapped onto
an application dataset to obtain system-level per-
formance in the multichannel setting and compared
fairly against alternative strategies.

5. Conclusion

This work introduces a novel methodology for ana-
lyzing power losses in multichannel electrical stimu-
lation systems, integrating both electrophysiological
and electronic considerations. Traditional stimulator
systems are often designed for fixed load condi-
tions, overlooking the significant impact of inter-
channel variability in electrode impedance and cur-
rent thresholds. By incorporating these variabilit-
ies into the analysis, the proposed method enables
more elaborate assessments of the power efficiency
across various scaling strategies and applications.
Furthermore, the method serves as a tool for guid-
ing the design of new systems, providing insights into
which scaling strategy offers the best performance
under specific conditions.
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Applied to experimental data frommultiple mul-
tichannel systems, the methodology reveals that a
stepped voltage supply with 8 voltage rails can boost
efficiency by 43% to 100%, proving to be most effect-
ive for high-channel-count applications with sig-
nificant inter-channel variation. Conversely, global
voltage scaling emerged as a viable option for applic-
ations with fewer channels or minimal inter-channel
variability. These findings underscore the critical role
of application-specific parameters, such as channel
count and load variance, in selecting the most suit-
able voltage scaling approach.

Furthermore, while advanced supply strategies
can substantially reduce power losses, they invariably
add complexity at both the system and channel levels.
The specific cost–benefit trade-offs depend on the
underlying technology and target application, mak-
ing generalization challenging. Nonetheless, when
specific design targets and technology limitations are
known, the proposed methodology can guide the
design trade-offs to choose the best approach.

Finally, the calculated total system power losses
indicate that there is still room for improvements in
more advanced methods to increase power efficiency
even further. By developing novel systems that sup-
port voltage scaling techniques, power efficiency can
be enhanced, allowing for increasing the number of
stimulation channels in next-generation, large-scale
neural interfaces.
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