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Abstract—Brain-Machine Interfaces (BMIs) have shown great
potential for generating prosthetic control signals. Translating
BMIs into the clinic requires fully implantable, wireless systems;
however, current solutions have high power requirements which
limit their usability. Lowering this power consumption typically
limits the system to a single neural modality, or signal type, and
thus to a relatively small clinical market. Here, we address both
of these issues by investigating the use of signal power in a single
narrow frequency band as a decoding feature for extracting in-
formation from electrocorticographic (ECoG), electromyographic
(EMG), and intracortical neural data. We have designed and
tested the Multi-modal Implantable Neural Interface (MINI), a
wireless recording system which extracts and transmits signal
power in a single, configurable frequency band. In prerecorded
datasets, we used the MINI to explore low frequency signal
features and any resulting tradeoff between power savings and
decoding performance losses. When processing intracortical data,
the MINI achieved a power consumption 89.7% less than a more
typical system designed to extract action potential waveforms.
When processing ECoG and EMG data, the MINI achieved
similar power reductions of 62.7% and 78.8%. At the same time,
using the single signal feature extracted by the MINI, we were
able to decode all three modalities with less than a 9% drop
in accuracy relative to using high-bandwidth, modality-specific
signal features. We believe this system architecture can be used to
produce a viable, cost-effective, clinical BMI.

Index Terms—Brain-machine interface (BMI), implantable, low
power, multi-modal, neural interface.
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I. INTRODUCTION

B RAIN-MACHINE interfaces (BMIs) have shown great
promise for generating prosthetic control signals in both

monkeys [1]–[3] and humans [4], [5]. By decoding neural ac-
tivity into intended movement, they offer potentially more ac-
curate and natural control than conventional body-powered or
surface-myoelectric prostheses. BMIs also have the potential to
restore function in cervical-level spinal cord injury, where con-
ventional prostheses are not applicable. However, current BMIs
require a percutaneous connection from indwelling electrodes
to recording devices outside the body. This introduces several
major problems, including potential infection risk and limited
user mobility.
To address these problems and move closer to a viable clin-

ical BMI, many groups have designed and built wireless and
implantable neural recording systems (e.g., [6]–[9]). However,
none of these systems have thus far been tested in humans or
approved by the FDA for clinical use. One major challenge to
translating research BMIs into the clinic is the high-bandwidth
nature of typical systems, which grant access to the individual
neural waveforms. The need to acquire, process, and wirelessly
transmit data at rates up to and well beyond 24 Mb/s [10], [11]
both increases the power requirements of the device and restricts
the use of wireless bands like the medical-reserved MedRadio
service (which currently limits bandwidth to 6 MHz [12]).
The high power consumption of current systems results in

unacceptably low battery life, unlike other implanted technolo-
gies, such as pacemakers, which can operate for years on a
single battery [13]. Borton et al., for example, developed a fully
implantable 100-channel system which transmits broadband
data at 24 Mb/s and requires 90.6 mW. This device must be
recharged every 7 h when using a medical-grade 200 mAh
battery [10]. Miranda et al. similarly built a system which
consists primarily of off-the-shelf components and is capable
of transmitting 32 channels of broadband data at 24 Mb/s for
143 mW [14]. Their system lasts for 33 h [14], but requires two
1200 mAh batteries which may be impractical for an implanted
device.
One common method of saving power is to reduce the system

bandwidth by focusing on only the BMI-relevant features of the
input signal, which is typically specific to a particular neural
signal type, or modality. For example, electrocorticography-
based (ECoG)BMIs commonly use average signal power in par-
ticular frequency bands in order to classify intended movement
[15], [16]. Zhang et al. designed a neural processing IC which
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uses this ECoG-specific feature space by extracting and trans-
mitting only the signal power in four separate low-frequency
bands, instead of the full broadband signal [17]. This type of
data compression, along with lowering the front-end bandwidth,
resulted in a power consumption of only 6.4 W for a single-
channel system [17].
Commercial electromyography-based (EMG) BMIs use a

similar signal feature by thresholding average waveform ampli-
tude for on/off binary decodes [18]. Hart et al. reported a system
containing on-board circuitry to integrate the rectified EMG,
allowing for a lower sampling rate and thus reducing the data
rate for processing and transmission [19]. In research-oriented
EMG BMIs, pattern recognition algorithms examine waveform
temporal features, requiring high sampling rates [18], [20].
However, even these types of BMIs can save power by limiting
the analog pass-band to below 1 kHz [21], [22].
Intracortical BMIs typically analyze action potential

(“spike”) timing. Spikes are detected in the broadband signal
and are binned at regular intervals to produce spike counts.
These spike counts can then be used by various decoding algo-
rithms to predict continuous movement [23], [24] or classify
intended movement targets [25]. This presents an opportunity
for massive data compression, as a system need only transmit
spike times instead of the full ks/s waveform, reducing
the required data rate by 90% [26]–[28]. Chestek et al. [29]
built and tested in vivo a system based on the 100-channel
Integrated Neural Interface chip, designed by Harrison et al.
[30], which contains integrated comparators for on-board spike
detection and consumes a total of 8 mW [30]. Cheney et al.
further limited the outgoing data rate by transmitting spike
counts, instead of single detections, at 100 ms intervals [31].
Each of these systems is designed around a modality-spe-

cific signal feature, limiting the clinical use of the system to
a fairly small market. A cost-effective solution might require
a single, multi-modal system which could be applicable to all
clinical areas. This paper describes a path to clinical viability
by exploring a low-bandwidth feature space common to ECoG,
EMG, and intracortical BMIs, which would allow for both low-
power and multi-modal implantable systems. ECoG and EMG
BMIs are both capable of using band power as the primary de-
coding feature, but few groups have investigated band power as
an alternative to intracortical spikes. Stark andAbeles found that
most, if not all, of the decoding power of spikes could also be ex-
tracted from the signal power in a band from .3–6 kHz [32]. This
implies that all three neural modalities can be decoded using in-
dividual, low-bandwidth frequency bands. However, there was
no discussion in that study of whether the same intracortical in-
formation could be found in a narrower band. Also, assessment
of the actual power savings of such an approach, and any po-
tential tradeoff in BMI performance, requires a physical device.
Dorman et al. designed an intracortical recording device around
this feature, using a 1 kHz low-pass filter to pass spike timing in-
formation [33], though to our knowledge the device output was
never used for decoding.
We have designed and built a low-power, multi-modal neural

recording system which extracts the signal power in a single,
configurable frequency band and wirelessly transmits that
power at regular, BMI-relevant time intervals. We validated the

Fig. 1. (a) Block diagram of theMINI. Average signal power on each channel is
computed and wirelessly transmitted at regular intervals. (b) Assembled device
with labeled components.

TABLE I
MINI SYSTEM SPECIFICATIONS

system using novel datasets consisting of EMG and intracor-
tical spikes from rhesus macaques and ECoG recordings from
human subjects. We explored the ability of this low-bandwidth
feature space to accurately decode all three modalities and
compared the power requirements of the system to that of more
typical high-bandwidth systems.

II. METHODS

In order to fully explore this feature space, we designed and
built the Multi-modal Implantable Neural Interface (MINI),
shown in Fig. 1 along with a block diagram of the system. The
MINI is designed to extract and transmit the average signal
power on each channel at regular time intervals and can be
easily reconfigured for a wide range of analog pass-bands,
sampling rates, and wireless data rates, summarized in Table I.

A. System Design
TheMINI consists entirely of commercial, off-the-shelf com-

ponents. The front-end is an Intan RHD2216, a 16-channel bio-
amplifier and 16-bit ADC. The amplifier settings and number
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of active channels can be easily configured by the central mi-
crocontroller (MCU) via a standard SPI bus to match the de-
sired signal modality. The lower cutoff frequency of the ampli-
fier bank is selectable from 0.1–500 Hz, while the upper cutoff
range is 0.1–20 kHz. The ADC sampling rate is determined by
the MCU, up to a maximum of 5 ks/s when using all 16 chan-
nels, or 40 ks/s for a single channel. The power consumption
of the Intan chip scales linearly with the configured filter upper
cutoff frequency and the total sampling rate, permitting an anal-
ysis of the tradeoff between signal fidelity and MINI power.
The Intan chip also internally computes the absolute value of

each channel, which can be used as a simple measure of signal
power. During initial decode tests in MATLAB, signal abso-
lute value performed at least as well as more computationally
complex algorithms such as mean squared value and root mean
squared value for all modalities. The Intan absolute value func-
tion was thus used to save costly MCU computational time.
The wireless transceiver is an Atmel AT86RF232, which is

compliant with the IEEE 802.15.4 wireless standard and has
a maximum data rate of 250 kb/s at 2.4 GHz. With 16 chan-
nels and 16-bit ADC resolution, signal power can be binned and
transmitted off-device roughly every 2 ms, though in typical use
the transmission rate is set to 50 ms. Data and configuration
settings are exchanged with theMCU through a second SPI bus.
An 8-bit Atmel ATMega328pMCU serves as the central con-

troller and data processor, configuring the front-end and wire-
less, as well as controlling the dataflow from sampling to trans-
mission. The MCU is clocked via an internal RC oscillator at
8 MHz, with a 32.768 kHz external crystal oscillator operating
asynchronously from the main clock for sampling timing. The
MCU itself is programmed from an external computer via a
six-pin in-system interface, and system configuration settings
can be easily modified in the application code. Prior to clinical
translation, this physical interface could be modified to accept
programming via the wireless link.
In typical use, the system is first configured for the desired

modality by setting a few simple C macros in the MCU applica-
tion code: changing the analog pass-band, ADC sampling rate,
number of recorded channels, and wireless transmission rate.
During operation, the MCU samples and buffers the absolute
value of each channel. At the end of each bin period, it computes
the average for each channel and passes the data to the wireless
transceiver for transmission off-device. Outside the system, a
remote recording system receives the data sent at each bin pe-
riod, which can be stored or input into a decoding algorithm for
prosthetic control.

B. Study Design and Device Validation

We used the MINI to explore the relationship between
power consumption and decoding performance, analyzing
four datasets containing neural and hand kinematic data
recorded during similar finger movement tasks. ECoG data
were obtained from two human subjects undergoing invasive
seizure-focus mapping, and EMG and intracortical data were
obtained from two rhesus macaques performing a separate
task. All neural data were recorded using a Cerebus/Neuroport
amplifier (Blackrock Microsystems) with a similar noise floor

to the MINI. Human and monkey protocols were approved by
the University of Michigan Institutional Review Board and the
University Committee on Use and Care of Animals.
For each modality, we first performed a high-bandwidth

decode in MATLAB (Mathworks) using a typical feature set
specific to that modality and estimated the power required to
transmit and extract that feature set. We then, also in MATLAB
and using different days' datasets, searched the low-bandwidth
feature space to determine the optimal frequency band and
sampling rate for decoding each modality. Using that optimal
configuration, we replayed the first set of neural data through
the MINI, measured the power consumption, and performed a
low-bandwidth decode using the output. Finally, we compared
both the decode performance and the power difference between
high-bandwidth and low-bandwidth approaches within each
modality.
1) Behavioral Tasks: A human subject (P1) undergoing inva-

sive ECoG seizure-focus mapping performed an isometric hand
movement task as described in [16]. Briefly, in several consec-
utive trials, the subject was asked to perform and hold a fist
grasp, pinch grasp, or flexion of an individual finger for four
seconds, before returning to a neutral hand position for an addi-
tional four seconds. Hand kinematics were recorded via a Data-
Glove 5 Ultra (5DT) containing flex sensors on each of the fin-
gers. A real-time computer running xPC Target (Mathworks)
coordinated the trial flow and synchronized the behavioral and
neural data for offline analysis. A second human subject (P2)
performed a passive sensory task, in which one fingertip per
trial (thumb, index, or little) was brushed (in one experiment) or
pressed (in a second experiment) by the experimenter for four
seconds per trial.
Two monkeys performed a continuous finger movement task,

illustrated in Fig. 2. Each monkey's index finger was instru-
mented with a flex sensor (Spectra Symbol), which fed finger
position data to a real-time computer also running xPC Target.
A virtual model of a monkey hand was displayed on a monitor
in front of the monkey and mirrored the movements measured
by the flex sensor. At the start of a trial, the xPC cued a spherical
target to appear in the path of the virtual finger, and the monkey
was required to flex or extend his finger to hit the target on the
screen. After holding the target for 100 ms, the monkey was
given a juice reward. Two targets, respectively requiring full
flexion and full extension, were presented to the monkey in al-
ternating trials.
2) Electrophysiology: The two human subjects were im-

planted with clinical subdural ECoG macroelectrode grids
(Ad-Tech Medical) for seizure-focus mapping. Broadband
neural data were recorded during task performance at 30 ks/s
using a Neuroport signal processor (Blackrock Microsystems).
Prior to analysis, the neural data were decimated to 10 ks/s,
and each channel was rereferenced to the common average
of its corresponding 32-channel cable into the amplifier [34].
Rereferencing was necessary to remove the noise introduced on
the 3 ft recording cables by the hospital room environment.
Finger flexion-related EMG was recorded from one monkey

during task performance via a pair of percutaneous fine-wire
electrodes. The differential signal from these electrodes was fil-
tered by a DAM50 amplifier (WPI) between 10–1000 Hz before



524 IEEE TRANSACTIONS ON NEURAL SYSTEMS AND REHABILITATION ENGINEERING, VOL. 24, NO. 5, MAY 2016

Fig. 2. Monkey finger movement task. The monkey was required to hit virtual
targets by flexing or extending his fingers. Hand movements were measured via
flex sensors and recorded along with either intracortical or EMG data.

Fig. 3. (a) Surgical photo of two Utah arrays implanted in motor cortex of a
rhesus macaque, medial (‘M’) and lateral (‘L’) arrays. (b) Representative spike
panel from the lateral array, showing well isolated single units.

it was digitized at 30 ks/s by a Cerebus neural signal processor
(NSP, Blackrock Microsystems).
A second monkey was implanted with two 96-channel intra-

cortical Utah arrays in primary motor cortex, shown in Fig. 3,
by two neurosurgeons experienced in this procedure. To locate
the hand area of motor cortex, we first identified the genu of the
arcuate sulcus within the craniotomy and projected a line pos-
teriorly to central sulcus. The first array was placed on this line,
just anterior to central sulcus, and the secondwas placed directly
medial to the first. Broadband data were recorded at 30 ks/s from
the lateral array during task performance using the NSP. Neural
spikes were detected by high-pass filtering the raw data at 250
Hz and thresholding the resulting signal at 4.5 times the RMS
voltage on each channel.
3) High-Bandwidth Decoding: We analyzed datasets from

two separate days for each modality. One was used as a fea-
ture selection set, to find the optimal decoding features for each
modality, and the other was used as the testing set for both the
high-bandwidth and low-bandwidth decodes. No feature selec-
tion was performed on the testing set, and each decode was
trained and tested on the testing set using cross validation.
For the ECoG datasets, we classified either which grasp was

performed (P1, fist versus pinch versus rest), or which finger
was stimulated (P2, thumb versus index versus little) on each
trial. Movement/stimulation onset for each trial was marked by

visual inspection of the kinematic data. We used linear discrim-
inant analysis (LDA) to perform the classification and verified
performance with leave-one-out cross validation. Our perfor-
mance metric was percent correct, and we used an equal number
of trials for each movement during decoding.
Using the P1 ECoG feature selection dataset, we found

grasp-relevant channels by comparing mean gamma (66–114
Hz) power on each channel during separate thumb and little
finger flexion movements. We used the five channels with a
significant difference between trial types that also corresponded
to motor cortex as mapped by clinical microstimulation. To
determine the best high-bandwidth feature for decoding, we
performed LDA on the same dataset to classify fist versus
pinch grasps, using mean gamma power and beta power (10–30
Hz). We found, similar to several other studies [15], [16],
that including beta band activity did not significantly increase
classification performance. Similarly, with the P2 ECoG feature
selection set, we found the two stimulation-relevant channels
that also corresponded to sensory cortex and confirmed that
beta did not increase performance. Thus, our high-bandwidth
decoding feature was simply mean gamma power from 0.5 s
before to 1 s after movement/stimulation onset.
All subsequent testing was performed on the testing day's

datasets. The P1 testing dataset contained 51 total trials. The P2
testing set contained 20 trials. The signal-to-noise ratio (SNR)
of these datasets was taken as the ratio of mean gamma activity
amplitude surrounding movement onset to that during rest pe-
riods. For P1 and P2, the mean SNR of all channels was 1.2 and
1.1, respectively.
For the EMG datasets, we predicted finger flexion onset and

offset during a contiguous set of movement trials. The testing
dataset contained 95 trials (756 time bins). The SNR was taken
as the ratio of mean EMG amplitude during finger flexion to
that during extension and rest, resulting in an SNR of 5.8 for the
testing set. True movement onset and offset times were marked
via visual inspection of the kinematic data prior to decoding.
Each trial was split into consecutive 64 ms time bins, and we
used LDA (with ten-fold cross validation) to predict whether
the monkey was flexing or not during each bin. The perfor-
mance metric was again percent correct, where decode points
were marked as correct if onset or offset was correctly detected
within 150 ms and the decode remained constant until the next
onset or offset. For the high-bandwidth decode, we first filtered
the broadband EMG between 100–500 Hz. We then extracted
four temporal features of the EMG waveform [20], [35] at each
time bin: 1) average absolute signal amplitude; 2) number of
zero crossings; 3) number of slope changes; and 4) waveform
line length.
For the intracortical datasets, we used a linear Wiener filter

[36] to predict the monkey's continuous finger position. The
testing dataset contained 152 trials (1535 time bins). The in-
tracortical SNR was taken as the peak-to-peak amplitude of the
largest single unit on each channel to twice the standard devia-
tion of the broadband signal on that channel with isolated spikes
removed. The mean SNR of all included channels in the testing
set was 6.5. We first binned the neural and kinematic data at 64
ms intervals and took ten lagged bins of neural data history for
each channel. We then performed least squares linear regression
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TABLE II
DECODING FEATURES

Fig. 4. Real-time MINI recording of in vivo EMG during task performance.
Top trace: monkey finger position fully flexed fully extended .
Middle trace: Broadband EMG recorded simultaneously. Bottom trace: MINI
output received every 64 ms, representing mean signal power in 100–500 Hz.

to calculate the filter coefficients [36]. We performed ten-fold
cross validation for testing and used the correlation coefficient
and root-mean-square error as the performance metrics. Using
the feature selection day's dataset, we first determined the op-
timal set of 16 channels (currently, the maximum capability of
the MINI) for decoding by performing backward elimination
from the full set of 96 channels [37]. This type of neuron se-
lection has been shown previously to improve decoding perfor-
mance [38]. For the high-bandwidth decode, we used binned
spike counts on each of the 16 channels. The high-bandwidth
feature for each modality is listed in Table II.
4) Low-Bandwidth Decoding: In MATLAB, using the fea-

ture selection datasets, we first found the best individual fre-
quency band for decoding each modality by performing a grid
search on the possible upper and lower cutoff frequencies. Using
each pair of filter cutoffs, we filtered the broadband data and
used the mean signal power on each channel as the decoding
feature (using the samemethods as the high-bandwidth decode).
After finding the optimal bands, we performed the same decodes
again with a range of sampling rates to determine the effect, if
any, of sampling over or under the Nyquist rate for each band.
Using each modality's testing dataset, we configured the

MINI to use the optimal frequency band and sampling rate for
that modality and replayed the broadband neural data through
the MINI using a National Instruments DAC. The DAC output
was adjusted via a voltage divider to achieve the original signal
amplitude. The MINI output was recorded by a remote wireless

Fig. 5. MINI parameter sweeps showing the individual contribution of each
configuration setting to the overall power consumption. The slope of a linear fit
to each parameter is 0.43 mW/kHz, 2.31 mW/ks/s, and 0.29 mW/kb/s, respec-
tively, from top to bottom.

receiver and resynchronized with the kinematics from the same
dataset. Finally, the low-bandwidth decode was performed on
this new dataset, using the same algorithm and cross-validation
process as the high-bandwidth decode for each modality.
5) Power Comparison: In order to compare the power re-

quirements of implantable systems designed for low-bandwidth
versus high-bandwidth features, we estimated the power con-
sumption of a system with a similar architecture to the MINI,
but designed to transmit full broadband data for each modality.
As the MINI was designed for low data rates, we estimated the
full broadband power assuming an RF transceiver from the same
family, the Atmel AT86RF233, with a maximum throughput of
2 Mb/s. We kept the assumed system specifications as close as
possible to the MINI. Power was calculated based on numbers
and equations drawn from each component's datasheet and de-
pended primarily on the assumed analog filter cutoff, sampling
rate, and wireless data rate. Details of the calculation are given
in the Appendix.

III. RESULTS

A. System Validation
To validate the real-time performance of the MINI, we

recorded in vivo EMG during task performance, while simul-
taneously recording the full broadband signal with the NSP.
The MINI was powered by a single 3.7 V battery and was
configured to filter between 100–500 Hz, sample at 1 ks/s,
and transmit every 64 ms (250 b/s for a single channel). The
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Fig. 6. (a), (d) ECoG decoding performance for P1 and P2, respectively, as a function of the front-end pass-band (black circles mark the optimal pass-band).
(b), (e) High-bandwidth decode performance as a confusion matrix for P1 and P2 using gamma power ( 1 kHz, 2 ks/s)—percent correct PC % for P1,
PC % for P2. (c), (f) Low-bandwidth decode performance for P1 and P2 using the MINI (75–150 Hz, 0.5 ks/s)—PC % for P1, PC % for P2.

output of the MINI was wirelessly transmitted to a receiver
located 1 m away, which then sent the received data to the
xPC for storage and task synchronization. The MINI output
and associated broadband signal are shown in Fig. 4.
We also explored the contribution of each configurable pa-

rameter to system power consumption by performing a sweep
of the parameter space (amplifier upper cutoff frequency, per-
channel sampling rate, and total wireless data rate). During each
single parameter sweep, the remaining parameters were held
constant at a cutoff of 500 Hz, a sampling rate of 1 ks/s, and
a wireless bit rate of 4 kb/s (transmitting 16 channels of 16-bit
data every 64 ms). The individual sweeps are shown in Fig. 5.
A linear fit to each curve yields a slope of 0.43 mW/kHz, 2.31
mW/ks/s, and 0.29 mW/kb/s, respectively.
As each slope is positive, the optimal setting for each param-

eter is the minimum value which does not significantly decrease
decoding ability. In particular, sampling rate appears to be the
main driver of power consumption in this system. However, it is
primarily limited by the analog upper cutoff frequency, such that
we can potentially reduce power consumption by minimizing
the cutoff frequency and sampling at the Nyquist rate. Further,
the wireless data rate is required to be fast enough that a clinical
BMI could respond to neural commands with no noticeable lag,
limiting the power optimization of this setting. Thus, the pri-
mary target of MINI optimization discussed here is upper cutoff
frequency.
B. Modality I—ECoG
We used ECoG data to classify either which grasp (fist, pinch,

or rest) a human subject (P1) performed on a given trial, or
which finger (thumb, index, or little) of a second subject (P2)
was stimulated. In order to find the optimal MINI filter cutoffs
for decoding ECoG data, we performed these classifications in
MATLAB using various pass-bands. Decode performance for
each subject as a function of the lower and upper cutoff fre-
quency is shown as a heatmap in Fig. 6(a), (d). Only perfor-
mance values above the diagonal are shown, as by definition
the upper cutoff is larger than the lower cutoff. As the sam-
pling rate was shown in Fig. 5 to be the main driver of power
consumption, the optimal MINI configuration should minimize

the upper cutoff frequency, allowing the required Nyquist sam-
pling rate to decrease. Thus, the optimal setting can be found
from the heatmaps in Fig. 6 as the cluster of high performance
values nearest the lower left corner, 60–120 Hz [black circles
in Fig. 6(a) and (d)]. This identified optimal band did not change
considerably when Gaussian white noise was added to the signal
prior to decoding in MATLAB.
Using this pass-band, we repeated the classification for P1

using a range of sampling rates and found considerable per-
formance decreases when sampling below 500 sps. To provide
a decodable output at BMI-relevant timescales, we set the bin
period to 64 ms. At 16 channels and 16-bit resolution, this re-
sults in a wireless data rate of 4 kb/s. These settings are summa-
rized in Table II, along with those for the EMG and intracortical
modalities.
Using these optimal parameters, we ran the neural data from

the testing datasets through the MINI and recorded the output.
In this configuration, the MINI consumed 5.9 mW of power.
To estimate the power consumption of a system similar to the
MINI, but designed to extract the high-bandwidth ECoG feature
(gamma power extracted from the broadband data), we assumed
an upper cutoff frequency of 1 kHz and a 2 ks/s sampling rate.
This configuration, listed in Table II, would allow for the ex-
traction of all commonly used ECoG frequency bands [15]. At
16-bit resolution, transmitting 16 channels of broadband would
result in a wireless data rate of 512 kb/s. The estimated power for
this system, using the datasheet from a high-bandwidth Atmel
wireless transceiver from the same family as the MINI trans-
ceiver, was 15.8 mW. In this case, the MINI reduced the neces-
sary power by 62.7% of the high-bandwidth consumption.
We decoded the MINI output, as shown in Fig. 6(c) and (f),

yielding a percent correct (PC) of 83.3% for P1 and 72.7% for
P2. We decoded these same datasets in MATLAB using the
high-bandwidth ECoG feature, yielding PC % for P1
and PC % for P2, as shown in Fig. 6(b) and (e). Thus for
a power reduction of 62.7%, the low-bandwidth MINI decodes
represent losses of only 3.6% and 6.0% of the high-bandwidth
performance for P1 and P2, respectively. These results are sum-
marized in Table III for each modality.
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TABLE III
SUMMARY OF DECODING PERFORMANCE AND POWER CONSUMPTION

Fig. 7. (a) EMG decoding performance as a function of the front-end
pass-band (black circle marks the optimal pass-band). (b) High-bandwidth
decode using temporal waveform features, pink indicates predicted flexion
(200–500 Hz, 5 ks/s)—percent correct %. (c) Low-bandwidth decoding
performance using the MINI (200–500 Hz, 1 ks/s)—percent correct %.

C. Modality II—EMG

We used EMG data to predict whether or not a monkey was
flexing his fingers at a given time point. To find the optimal
MINI filter cutoffs for decoding EMG, we performed this de-
code in MATLAB using various pass-bands. Decode perfor-
mance is shown in Fig. 7(a) as a function of the cutoff frequen-
cies. The optimal pass-band was found to be 200–400 Hz,
and was robust to simulated signal white noise. Due to a lim-
ited number of filter configuration values on the Intan amplifier,
we used a pass-band of 200–500 Hz to best represent this op-
timal band. Using this band with a range of sampling rates, the
optimal setting was the Nyquist rate of 1 ks/s. We also used the
samewireless data rate as ECoG, transmitting 16 channels every
64 ms (4 kb/s).
In this configuration, when processing a separate testing

dataset, the MINI consumed 7.5 mW of power. To estimate
the high-bandwidth system power, we assumed a pass-band of
100–500 Hz and sampling rate of 5 ks/s to enable extraction
of temporal waveform features. Transmitting 16 channels at
16-bit resolution requires a wireless data rate of 1.28 Mb/s. The
estimated power for this system was 35.3 mW, indicating that
the MINI reduced the necessary power by 78.8%.
Decoding the MINI output resulted in a PC %, shown

in Fig. 7(c). Decoding the same dataset in MATLAB using
the high-bandwidth EMG feature set yielded PC %, as
shown in Fig. 7(b). Thus for a power reduction of 78.8%, the
low-bandwidth MINI decode loses only 2.8% of the high-band-
width performance.

Fig. 8. (a) Intracortical decoding performance as a function of the front-end
pass-band (black circle marks the optimal pass-band). (b) High-bandwidth de-
code using spike counts, blue trace is the actual finger position, red is the pre-
dicted position ( 7.5 kHz, 20 ks/s)—correlation and root-mean-
square error RMSE . (c) Low-bandwidth decoding performance
using the MINI (0.3–1 kHz, 2 ks/s)— and RMSE .

D. Modality III—Intracortical

Finally, we used intracortical data to predict a monkey's
continuous finger position via a linear Wiener filter [36]. To find
the optimal MINI filter settings for decoding intracortical data,
we repeated this decode in MATLAB using various pass-bands.
Decode performance (correlation coefficient) is shown in
Fig. 8(a) as a function of the cutoff frequencies. The optimal
pass-band was found to be 300–1000 Hz, and the optimal
sampling rate to be the Nyquist rate of 2 ks/s. This is consistent
with a view that most of the information in intracortical data
can be found in spikes with a 1 ms sinusoidal waveform.
This pass-band sacrifices some potential performance in order
to reduce the required sampling rate, and therefore save power.
It did not change considerably with simulated white noise
conditions. We used the same wireless data rate as previously,
4 kb/s when transmitting every 64 ms.
In this configuration, when processing the testing dataset, the

MINI consumed 10.9 mW of power. To estimate the power con-
sumed by a high-bandwidth system designed to extract neural
spikes, we assumed a pass-band of .1–7500 Hz and a sampling
rate of 20 ks/s, similar to existing systems [10]. The resulting
data rate for this configuration was 3.84 Mb/s when using 12-bit
resolution. As this data rate was beyond the 2 Mb/s maximum
of the assumed transceiver, we further assumed the system to
have two identical transceivers, each transmitting the data from
eight channels (a per-chip data rate of 1.92Mb/s). The estimated
power for this system was 105.9 mW, indicating that the MINI
reduced the necessary power by 89.7%.
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TABLE IV
COMPARISON OF MINI TO INTRACORTICAL ASIC-BASED SYSTEMS

Decoding the low-bandwidth MINI output resulted in a cor-
relation coefficient of 0.78 between actual and predicted
finger position, and root mean squared error (RMSE) of 0.186,
as shown in Fig. 8(c). Using the high-bandwidth feature, spike
counts detected in the broadband by thresholding, we decoded
the same dataset with and RMSE , as shown
in Fig. 8(b). Thus for a power reduction of 89.7%, the low-band-
width MINI decode loses only 4.9% of the high-bandwidth cor-
relation coefficient and increases the high-bandwidth RMSE by
only 8.1%.

IV. DISCUSSION

We have demonstrated that signal power within a narrow fre-
quency band, sampled below 2 ks/s, can be used to accurately
decode information from multiple, disparate neural sources.
We designed and built a miniature neural recording system
to extract this feature and verified that decoding performance
was similar to using high-bandwidth, modality-specific fea-
tures. Performance decreased by less than 9% when decoding
continuous finger movement from intracortical data or when
classifying the target of sensory stimulation from ECoG data,
less than 5% when classifying grasp type from ECoG data or
when predicting finger flexion from EMG recordings. Further,
the decode performances and identified optimal frequency
bands were robust to added signal noise. Decoding perfor-
mance was similar to that reported by other groups using
modality-specific features [16], [39].
In contrast, the power consumption saved when extracting

our low-bandwidth feature on-chip relative to a system de-
signed to transmit the full broadband signal varied from 62.8%
for ECoG to 89.7% for intracortical. This dramatic decrease in
power enables not only longer-lasting devices, but also higher
channel counts which should more than offset the slightly
lower decoding performance. Our system was designed to
transmit 16 channels of neural data. Assuming linear scaling of
power consumption, our system would require only 68.1 mW
to transmit 100 channels of intracortical data, ten times less
than the 661.9 mW for a broadband design.
It could be argued that low-power ASIC-based systems are

capable of enabling viable broadband designs without our ap-
proach. Chae et al., for example, designed a 128 channel intra-
cortical system which draws only 6 mW to transmit broadband
data below 20 kHz (sampled at 40 ks/s) [11]. Wattanapanitch
and Sarpeshkar similarly designed a neural recording IC which
digitized 32 channels of intracortical broadband for only 325
W (a per-channel cost of only 10.2 W) [40]. A comparison

of these and several other ASIC-based systems to the MINI is

presented in Table IV, clearly showing that an ASIC can achieve
much lower power than an off-the-shelf solution such as the
MINI.
However, these approaches are not mutually exclusive. If

power reductions similar to those shown here for the MINI
could be applied to the already low-power designs of [11] and
[40], for example, this would result in a total cost of only 618
W and 33.5 W, respectively. This puts such systems much

closer to being able to operate for long periods on a battery,
without inductive charging or with only rare recharges neces-
sary, which would ease the transition into the clinical setting. If
higher power consumption is still acceptable, the power savings
can be used to increase channel counts and gather information
from many more neural sources.
Additionally, producing high-bandwidth data requires exces-

sive hardware on the receiving end, in order to extract the nec-
essary decoding features (a low-bandwidth signal in any case).
Systems designed to record and decode neural data entirely in-
side the body (e.g., functional electrical stimulation [41]) would
be required us to either also implant fast, power-hungry proces-
sors in order to deal with the added data load, further reducing
battery life, or require the patient to use an unnecessary external
processor.
Our system demonstrates that accurate, clinically useful in-

formation can be extracted from a feature space shared by the
three most commonly used neural modalities, which also allows
for a substantial reduction in power consumption. We believe
that this represents a viable commercial device architecture by
enabling long-lasting and high channel-count implantable sys-
tems for use in multiple clinical markets.

APPENDIX

Broadband system power was estimated based on a system
similar to the MINI, using an Intan RHD2216 amplifier, Atmel
ATMega328p MCU, and an Atmel AT86RF233 wireless trans-
ceiver. In a simplified model of the system, the amplifier draws a
constant current after being configured, the MCU draws a large
current when actively retrieving data from the amplifier and is
in low-power mode for the rest of the sampling period, and the
transceiver draws a large current when actively transmitting and
is in low-power mode otherwise.
The amplifier current draw depends only on the configured

filter upper cutoff frequency, , and the per-channel sampling
rate, . With all 16 channels active, the current is

kHz ks/s
(1)
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The MCU current draw depends both on the MCU clock rate,
, and on to determine the active duty cycle. For the

ECoG and EMG modalities, we assumed a clock of 8 MHz in
order to achieve the same SPI clock rate (half the MCU clock)
as the MINI. For this clock rate, the large active current, , is
3 mA and the low-power mode current, , is 1 A. The higher
sampling rate of intracortical data required the assumption of a
higher MCU clock of 12 MHz, increasing to 4 mA. For 16
channels of 16-bit data, MCU current is

(2)

Wireless current assumed it was transmitting at maximum
power at 2 Mb/s. When actively transmitting, it draws 13.8 mA
and draws 0.4 A for the rest of the sampling period. The time
spent in each mode depends on the total amount of data trans-
mitted, . For ECoG and EMG, was 256 bits at 16-bit
resolution. For intracortical, the high sampling rate required a
further assumption that the system have two identical RF trans-
ceivers, each transmitting the data from eight channels at 12-bit
resolution. Thus, for intracortical was 96 bits, and the total
wireless current draw was doubled

Mb/s Mb/s
(3)

The total broadband system power was then the sum of all
component currents multiplied by the supply voltage

(4)
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