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Abstract—We trained a rhesus monkey to perform individu-
ated and combined finger flexions and extensions of the thumb,
index, and middle finger. A Utah Electrode Array (UEA) was
implanted into the hand region of the motor cortex contralateral
to the monkey’s trained hand. We also implanted a microwire
electrocorticography grid (µECoG) epidurally so that it covered
the UEA. The µECoG grid spanned the arm and hand regions of
both the primary motor and somatosensory cortices. Previously
this monkey had Implantable MyoElectric Sensors (IMES) surgi-
cally implanted into the finger muscles of the monkey’s forearm.
Action potentials (APs), local field potentials (LFPs), and µECoG
signals were recorded from wired head-stage connectors for the
UEA and µECoG grids, while EMG was recorded wirelessly. The
monkey performed a finger flexion/extension task while neural
and EMG data were acquired. We wrote an algorithm that uses
the spike data from the UEA to perform a real-time decode
of the monkey’s finger movements. Also, analyses of the LFP
and µECoG data indicate that these data show trial-averaged
differences between different finger movements, indicating the
data are potentially decodeable.

I. INTRODUCTION

As the field of neuroprosthetics matures, researchers are
attempting to access both muscular as well as neural signals to
use as control signals in the least invasive way possible. Neural
and muscular recording devices are moving toward wireless
technologies in order to avoid the infection risks associated
with percutaneous connectors. Likewise, control signals can
be accessed at different sites, e.g. residual muscle, peripheral
nerve, epidural, subdural, or intracortical. Implementations
of neural prosthetics should always be biased towards the
least invasive method that effectively restores lost function.
However, more complex devices that access neural and my-
oelectric signals at multiple levels may provide sufficient
improvement in prosthetic control to justify more invasive
devices. In order to gain empirical data relevant to these issues,
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we implanted three recording devices into sites with different
degrees of invasiveness for accessing neural and myoelectric
signals. Using these devices, we have begun examining the
ability of using AP, LFP, and epidural µECoG data to write
algorithms capable of decoding individual and combined finger
movements.

II. METHODS

The Behavioral Task

A male monkey (Macaca mulatta) was trained to perform
cued flexions of the thumb, flexions and extensions of the
index finger and middle finger, and combined flexions involv-
ing different combinations of flexions of the thumb, index
finger, and middle finger using a manipulandum which uses
microswitches to monitor finger flexions and extensions [1].
In full, the monkey was trained to perform nine different
movements. (see Fig. 1).

Fig. 1. Infrared photograph of the monkey’s right hand in the manipulandum.

The behavioral finger task was programmed using Lab-
VIEW (National Instruments) and ran on a real-time embedded
computer. A computer screen placed in front of the monkey
was used to visually cue the desired finger movement. The
first state in the behavioral task requires that the monkey
relax all his fingers so that none of the finger switches are
pressed (see Fig. 2). The monkey then waited for the finger
movement cue for a randomized time between 1000-3000 ms.
At the end of this wait period the monkey received a visual cue
indicating which finger it should flex/extend. The monkey then
had 2000 ms in which to flex/extend the cued finger(s) and
depress the associated microswitch. The monkey was required
to keep the microswitch pressed for a 500 ms hold time. If
the monkey flexed the correct finger and did not violate the
timing constraints, it received a juice reward [2].
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Fig. 2. Time course and states during the finger flexion behavioral task.

Fig. 3. (Top) Radial view x-ray of eight IMES implanted into the monkey’s
right arm taken 1 week post-implantation. (Middle) Dorsal view x-ray of
implanted IMES taken 19 months post-implantation. Note that after 19 months
the IMES remain positionally stable and did not migrate within the muscles.

UEA, µECoG, and IMES

The UEA is a 10× 10 array of 1 mm long microelectrodes
with 400 micron inter-electrode spacing [3]. The UEA has
96 recording electrodes and records single-unit and multi-unit
action potentials as well as LFP. We implanted a UEA intracor-
tically into the hand region of the motor cortex contralateral to
the monkey’s trained hand (see Fig. 4). A 2×2 cm 96 channel
µECoG grid with 1mm inter-electrode spacing was implanted
in the epidural space. The µECoG grid was implanted during
the same surgery as the UEA, and was placed above the
UEA so that it covered the arm and hand regions of primary
motor and somatosensory cortex (see Fig. 4). Each IMES
is approximately 2 mm in diameter and 15 mm long, with
active electrodes on each end [4]–[6]. The IMES use inductive
coupling to provide power and transmit the data [7]. In an
earlier surgery we surgically implanted IMES into different
finger and wrist flexion and extension muscles of the monkey’s
right forearm (see Fig. 3) [2].

Instrumentation

A typical recording session involves placing the monkey in
a primate chair and then placing the monkey into a shielded
Faraday chamber in front of a video screen used to cue the
monkey. Two Cerebus systems (Blackrock Microsystems, Salt
Lake City, UT) with synchronized clocks, providing a total
of 256 channels, were used to acquire the UEA, µECoG, and
IMES data; as well as the monkey’s behavioral data. Recording

Fig. 4. (Top left) UEA implanted into hand region of primary motor cortex.
(Bottom left) Microwire ECoG grid implanted epidurally over the hand and
arm region of primary motor and somatosensory cortex. Note the difference
in scale between the µECoG grid and the UEA. (Right) X-ray taken 4 months
post implantation showing stability of device locations.

sessions resulted in approximately 30 minutes to 2 hours of
data. The IMES EMG data were sampled at 1.26 kHz, the
UEA data were sampled at 30 kHz, and the ECoG data were
sampled at 1 kHz. The behavioral task interfaced with the data
acquisition system using a PXI-digital/analog IO card. The
user interface for controlling the experiment was provided via
a second computer which communicated with the real-time
embedded computer over Ethernet.

III. RESULTS

Individual Unit Tuning Curves

Neural data recorded from the UEA were sorted offline
using Offline Sorter v2.8.7 (Plexon). The individual units were
then exported into MATLAB for analysis. Action potential
times in each unit were windowed and then aligned around the

Fig. 5. Spike panel showing online sorted action potentials across the UEA
as the monkey performs the finger task. Note the quality and number of APs
across the array.
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Fig. 6. Raster plot showing APs on UEA, EMG from IMES, and switch clo-
sures as the monkey performs the finger task. Arrows indicate AP modulation
across the UEA and EMG modulation near finger switch closures.

Fig. 7. Raster and PSTH plots of Unit 1 on Channel 3 and Unit 3 on
Channel 33 aligned on thumb, index finger, and middle finger flexion as well
as Thumb-Index and Thumb-Index-Middle (TIM) combined flexions. Notice
that Channel 3 Unit 1 has a higher firing rate for thumb flexion, index flexion,
and thumb-index combined flexion while the firing rate is low for movements
involving the middle finger. Note the increase in firing rate after the movement
for Channel 33 Unit 3.

finger switch press for the different finger movements. The av-
erage firing rate was determined by convolving the spiketimes
with a Gaussian window of σ = 50 ms over all trials present
for that specific finger movement. The average firing rates were
then used to create peristimulus time histograms (PSTHs) for
each finger movement (see Fig. 7). The PSTHs and further
spectral analyses of LFP and µECoG were performed using
the Chronux toolbox (http://chronux.org [8]).

Fig. 8. Normalized trial-averaged spectrogram for LFP on electrode 63 in
the UEA centered on finger flexion (thumb, index finger, and middle finger)
flexion (the center black line). Note the difference in power in the gamma band
just prior to finger flexion. n = 24 thumb, 25 index, and 22 middle finger
flexion trials. Time-frequency boxes indicate areas of greatest difference.

LFP and µECoG Spectrograms

We calculated the average LFP and µECoG spectrum across
trials for a one second window during the Wait for Cue
relaxation period prior to each trial to establish the baseline
spectral power. We then calculated the trial-averaged spec-
trograms for the LFP on each electrode in the UEA and
for data from the µECoG grid centered on the finger switch
closure. This baseline spectrum was then subtracted from the
spectrogram to create a normalized spectrogram to better show
the power changes from baseline. We compared the normalized
spectrograms for the different finger movements. These nor-
malized trial-averaged spectrograms show differences between
different finger movements. This indicates that the LFP and
µECoG data may contain sufficient information to decode
which finger movement is being performed (see Figs. 8, 9).
The ability to decode dexterous finger movements from LFP
during a similar behavioral task has been shown previously
by Mollazadeh et. al. [9] and LFP selectivity for grasp has
been shown by Spinks et. al. and Asher et. al. [10] [11].
However, the ability to decode dexterous finger movements
using µECoG signals has yet to be shown. The percent
difference in average gamma band power (30 to 100 Hz) over
the UEA and µECoG grid in a 300 ms window beginning 100
ms prior to the finger switch press was computed between the
different individual finger movements (see Figs. 10, 11). This
figure shows that there may be enough difference between the
various finger movements that a decode could potentially be
written to determine which finger was flexed based on the av-
erage power in the gamma band.

Real-time Finger Flexion Decode

We wrote an algorithm to decode finger movements in real
time based on AP counts. The algorithm is a naı̈ve Bayes
classifier. We assumed uniform prior probabilities for each
class (i.e. uniform probabilities for the monkey performing
either a thumb, index finger, or middle finger flexion). We
assumed that the class conditional firing rate for each unit can
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Fig. 9. Normalized trial-averaged spectrogram for electrode 13 in the µECoG
grid centered on finger flexion (thumb, index finger, and middle finger) flexion
(the center black line). n = 24 thumb, 25 index, and 21 middle finger flexion
trials. Time-frequency boxes indicate areas of greatest difference.

Fig. 10. Percent difference in average gamma band LFP power between the
different finger movements for a 300 ms window beginning 100 ms prior to
finger press on each electrode in the UEA. The same number of trials were
used for each finger as in Fig. 8. Bad and reference channels blacked out.

be modeled with a Poisson distribution:

P (nu | ωc) =
λnu
u,ce

−λu,c

nu!
(1)

where nu is the observed firing rate for unit u, λu,c is the
mean firing rate for unit u, and ωc represents class c. We then
assume conditional independence among the firing rates for all
units. This allows us to determine the likelihood of observing
a collection of firing rates as:

P ( ~O | ωc) =
U∏
u=1

(
λnu
u,ce

−λu,c

nu!
) (2)

where ~O represents a vector of observed spikes and U repre-
sents the total number of units. Knowing the likelihood term
for an observed firing rate given each class, one can solve for
the posterior probability, which is the probability of each class
having occurred given the observed firing rate, using Bayes’
Theorem.

P (ωc | ~O) =
P ( ~O | ωc)P (ωc)

P ( ~O)
(3)

Because we assumed equal prior probabilities, P (ωc), and
P ( ~O) is a constant that normalizes the posterior probabilities
for all classes, the algorithm chooses to perform the movement

Fig. 11. Percent difference in average gamma band power between the
different finger movements for a 300 ms window beginning 100 ms prior to
finger press on each electrode in the µECoG grid. The same number of trials
were used for each finger as in Fig. 9. Bad and suspect channels blacked out.

with the corresponding highest likelihood. For the real time de-
code, the algorithm was set to bin spikes in a 150 ms window
that ended whenever a switch closure was detected. Thus, the
switch closures acted as a trigger to tell the algorithm when
to compute a decision. The corresponding switch opening was
used as a stop movement cue in which the algorithm returned
to the no-movement state. The algorithm was allowed to use
up to 100 units and was allowed to drop out units if a one-way
anova showed that the unit was not significantly tuned to any
of the finger movements.

We trained the algorithm using thirty successful trials of
the following three classes of movement: thumb flexion, index
finger flexion, and middle finger flexion. We then ran the algo-
rithm on incoming neural data in real-time. We recorded the
performance of the algorithm for four minutes. The algorithm
performance over this period was 100% on 48 successfully
performed trials consisting of 15 thumb flexion trials, 18
index finger flexion trials, and 15 middle finger flexion trials
presented at random. The algorithm incorrectly classified two
incorrectly performed trials: a middle finger flexion classified
as index flexion and an index flexion classified as middle
flexion. The real-time decode performance over all finger
switch closures was 96%. To our knowledge, this is the first
time that a real-time spike decode of individuated, dexterous
finger movements has been performed.

IV. DISCUSSION

We’ve shown that a UEA with 1 mm long electrodes
implanted in the hand region of the motor cortex can access
enough neurons that are sufficiently tuned to individual finger
flexions that a real-time decode can be performed with greater
than 95% accuracy [12]. The PSTHs of the UEA data showed
that, in general, the firing rate of all neurons was modulated
due to finger movement. It was the difference in the mag-
nitude of the firing rate modulation between different finger
movements that indicated which finger was moved. Some
neurons show an increase in firing rate prior to movement,
followed by a decrease in firing rate after movement, while
other neurons exhibit the opposite behavior. We observed
that if a neuron has a high firing rate for an individual
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finger movement, then it is likely to have a high firing rate
for combined movements involving that individual finger as
well. This supports work done by Georgopoulos et. al. which
postulated that the motor cortex encodes finger movements
based on a distributed population code [13].

The normalized spectrograms from the LFP and from the
µECoG grid showed that these data are modulated due to be-
havior. The power throughout the µECoG grid maps logically
to the underlying cortical areas. For example, the normalized
spectrograms across the entire µECoG grid (not shown) show
that on the posterior portion of the µECoG grid the increase
in power comes after the finger press, while on the anterior
portion the increase in power is more closely aligned to just
before and during the finger press. This is consistent with
the increased power following the finger press relating to
sensory feedback following the switch press from neurons in
somatosensory cortex, which lies beneath the posterior portion
of the grid, while the anterior portion of the grid, which lies
over primary motor cortex, shows an increase in power that is
likely due to neurons encoding movement.

In conclusion, the high accuracy real-time decode based
on APs as well as initial trial-averaged differences among
different finger movements in LFP and µECoG spectrograms
indicate that multi-scale recordings may be able to yield
high accuracy decodes of finger movements from different
levels of invasiveness. Our future work will be to look at the
variance in the LFP and µECoG spectrograms to determine if
a real-time decode based on single trial spectral information is
feasible and practical. Finally, we will use the different signals
synergistically in an attempt to write more accurate and robust
decodes for neuroprosthetic control of finger movements.
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