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Brain—machine interfaces (BMIs) translate neural activities of the brain into specific instructions that can be carried out by exter-
nal devices. BMIs have the potential to restore or augment motor functions of paralyzed patients suffering from spinal cord dam-
age. The neural activities have been used to predict the 2D or 3D movement trajectory of monkey’s arm or hand in many studies.
However, there are few studies on decoding the wrist movement from neural activities in center-out paradigm. The present study
developed an invasive BMI system with a monkey model using a 10x10-microelectrode array in the primary motor cortex. The
monkey was trained to perform a two-dimensional forelimb wrist movement paradigm where neural activities and movement
signals were simultaneous recorded. Results showed that neuronal firing rates highly correlated with forelimb wrist movement; >
70% (105/149) neurons exhibited specific firing changes during movement and > 36% (54/149) neurons were used to discriminate
directional pairs. The neuronal firing rates were also used to predict the wrist moving directions and continuous trajectories of the
forelimb wrist. The four directions could be classified with 96% accuracy using a support vector machine, and the correlation
coefficients of trajectory prediction using a general regression neural network were above 0.8 for both horizontal and vertical
directions. Results showed that this BMI system could predict monkey wrist movements in high accuracy through the use of neu-
ronal firing information.
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It is demonstrated that brain—machine interfaces (BMIs) can
transform motor intention into actions by decoding neural
activities recorded from the brain [1-6]. This emerging field
has been inspired by the requirements of restoring motor
functions for individuals with severe motor deficits [7,8]. A
typical BMI system consists of three parts, including a sen-
sor, a decoder and an actuator [9]. The sensor records neural
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activities that correspond to brain-desired actions [10-12].
The decoder converts the recorded neural signals into kine-
matics parameters for controlling the actuator, which could
be a prosthetic arm or a screen cursor [13,14].

BMI systems can be divided into non-invasive or inva-
sive ones with respect to the type of physiological signals
[15]. Non-invasive BMIs measure synchronous activities of
thousands of cortical neurons, such as electroencephalo-
gram (EEG) activities, via electrodes positioned on the
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scalp [16-19]. By contrast, invasive BMIs typically use
microelectrodes implanted in the cortex to record extracel-
lular activities of neurons [20-23]. Since the past decade,
we have witnessed exciting progress of invasive BMIs,
which have been used to control devices with a much higher
degree of freedom compared to the non-invasive ones
[24-26]. However, because many of the technical complica-
tions of invasive BMI systems have not been solved, such
as sensor safety, stability of recorded signals and decoding
accuracy, further studies are needed for the development of
invasive BMI systems that are effective for human beings
[27,28].

To take on the challenge, it is better to conduct extensive
researches on animal-based BMI platforms due to irreversi-
ble damages caused by current invasive recording tech-
niques. In recent years, non-human primates (NHP) have
been considered as appropriate subjects for invasive BMI
studies for two reasons. First, the functional brain structure
of NHPs is similar to that of humans [29]. Second, monkeys
can be trained to perform and achieve more complicated
operant tasks than other animal models, which are critical
for obtaining a vast amount of neural information corre-
sponding to complex motor behaviors [30-32].

In BMI studies, monkeys are often trained in behavioral
tasks to control effector motions, such as free-limb move-
ments or joystick operation [33]. In the 1980s, Georgopou-
los et al. [34,35] constructed a standard center-out task, in
which monkeys were trained to move a lightweight, friction-
less joystick to capture one in eight randomly lighted targets
to obtain a liquid reward. This paradigm has been improved
and employed in many BMI studies to research forelimb
movement in later 30 years [36,37]. Some other paradigms
are also developed for decoding the movement trajectory of
monkey arm, hand or finger [38]. For example, monkeys
were trained to make one-dimensional hand movements to
displace a joystick in one of two directions [26]. Monkeys
have also been trained to move an arm in a 3D virtual envi-
ronment [39]. However, few studies have focused on the
wrist movement research in a center-out paradigm [40].

Recent results have revealed that cortical neurons con-
tribute to every aspect of movements [41], and many algo-
rithms have been successfully used to decode limb move-
ment with neuronal firing rates in animal models. For in-
stance, linear regression and artificial neural networks have
been used to predict real-time hand position [26], and a lin-
ear filter has been used to reconstruct hand trajectory by
regressing both position and velocity [27]. A modified pop-
ulation vector algorithm performs well in decoding 3D hand
movement parameters [39], and reach direction and grasp
type can be extracted from multi-unit activities using sup-
port vector machine algorithms [42]. In addition, finger
movement has been decoded using a hierarchical classifica-
tion method [40].

In this paper, we presented a monkey training system
based on the center-out task for decoding wrist movement,

Chin Sci Bull

June (2012) Vol.57 No.16 2037

which had been relatively ignored in previous studies. In
this system, the subject monkey moved a joystick to per-
form a four-direction center-out task with its wrist. During
the task, the two-dimensional positions of joystick were
synchronously recorded with 96-channel neuronal signals.
We evaluated the correlation between the neuronal firing
rates and the forelimb wrist movement. Two decoding algo-
rithms were employed to predict the forelimb wrist move-
ment direction and continuous trajectory from the popula-
tion activities of the recorded neurons.

1 Experiments and methods

1.1 Training paradigm and system construction

In this paper, a male rhesus monkey (Macaca mulatta), la-
beled as BO1, was trained to perform four direction cen-
ter-out task by turning a joystick to move a cursor on a vis-
ual display from the center location to one of the four direc-
tions (up, down, left, right) to hit the target. This task re-
flected the kinematics of the wrist movement. In order to
train the monkey, a monkey behavior training system was
developed in this study [43], as shown in Figure 1. In this
system, the monkey was first trained to sit on a primate
chair and grasp a joystick with his hand. A monitor was
situated about 100 cm in front of the monkey’s face. The
monkey could comfortably see the monitor screen without
turning his head. Two circles were presented on the screen.
The larger circle served as the visual target, which randomly
appeared in any position of four directions. The smaller
circle, which was initially shown in the center of the moni-
tor, indicated joystick position. During the experiment, the
monkey held the joystick and moved it across the
two-dimensional x-y plane to guide the smaller circle to the
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Figure 1 Schematic diagram of the primate behavioral training system.
Monkey learned to control the joystick with his wrist. The position of the
joystick was transformed to be the small cursor of the monitor. The mon-
key was trained to move the small cursor to bigger visual target circle. The
whole training process was monitored by the infrared camera. If the mon-
key successfully hit the target within predefined time range, personal
computer (PC) would send a message to micro-controller unit (MCU). And
the MCU opened the solenoid valve to give the water or juice drops as
reward. All these PC control programs were written in Visual C++ 6.0.
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target. When the two circles overlapped, the color of the
two circles was changed, which indicated that the trial was
successful, and the monkey received some water reward.
During experimentation, a micro-controller unit (MCU)
recorded joystick positions, which represented wrist trajec-
tory. In our study, BO1 was trained to perform this task until
achieving a success rate > 95% prior to implantation sur-
gery. All the experimental procedures described in this sec-
tion and the following section (1.2) were followed the
Guide for the Care and Use of Laboratory Animals (Minis-
try of Health of the People’s Republic of China).

1.2 Surgery procedures and data acquisition

Following training, BO1 was implanted with a 100-electrode
Utah array (1.0 mm electrode length; 7.0 cm wire bundle
length; ICS-96 Connector, Blackrock Microsystems, Salt
Lake City, UT, USA) in the primary motor cortex (M1) of
the cerebral hemisphere contralateral to the hand perform-
ing the task [43], as shown in Figure 2(a). In addition, two
head posts were placed on the skull for head stabilization
during neural recording and array pedestal fix, respectively.
The surgery was performed under standard sterile condi-
tions and general anesthesia by following previously de-
scribed methods, with appropriate modifications [44]. The
monkey was sedated with ketamine (10 mg/kg) and diaze-
pam (1 mg/kg). A stable level of deep anesthesia was main-
tained via endotracheal administration of isoflurane (1%-—
2%) with a veterinary anesthesia ventilator (Matrx VME?2,
Midmark, Orchard Park, NY, USA) for the entire surgical
procedure. After fixing the head in a standard stereotaxic
frame (51801, Stoelting, Wood Dale, IL, USA), we exposed
the skull via a skin incision, with povidone iodine applied
for disinfection. Two head posts were fixed to the skull with
titanium screws. The array connector was fixed on one head
post by a white pedestal, as shown in Figure 2(b). Then a
craniotomy was performed over the motor cortex through a
rectangular cranial opening. The dura was incised and the
array was placed above the primary motor cortex, as shown
in Figure 2(a). The shape of the wire bundle was adjusted
until the tips of electrode array were perpendicular to the
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Figure 2 Array location and array connector. (a) Craniotomy site and
array location. A Utah array was implanted in the wrist area of the primary
motor cortex. (b) ICS-96 connector of Utah array and the fixing pedestal.
The connector was attached to the pedestal by screws. The pedestal was
fixed to the head post, which was attached to the head with titanium
SCrews.
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cortical surface. The array was then quickly inserted into the
motor cortex using a pneumatic insertion device (Micro
Implantable Systems, Salt Lake City, UT, USA). The corti-
cal surface and array were covered with a sheet of sterile
DuraGen, and the dura was replaced above the array and
sutured in place after reference wires were inserted in the
subdural space. The second piece of DruaGen was placed
over the dura, and the bone flap was replaced over the cra-
nial defect and fixed in place using titanium plates screwed
to the skull. Finally, fascia and skin were stitched around
the connector. During the entire surgical procedure, contin-
uous heart rate, expired end tidal carbon dioxide (ETCO,),
breathing rate, blood pressure and oxygen saturation were
monitored with a physiological monitor (BeneView T3,
Mindray, Shenzhen, China). The body temperature was
maintained at 37°C with a heating pad (T/PUMP, Gaymar,
Orchard Park, NY, USA).

The monkey was allowed to recover from surgery for at
least one week. Antibiotic therapy (Ceftriaxone sodium, 1
g/d) was continuously injected for 5 d. After recovery, the
monkey started to perform center-out tasks. Behavioral
tasks were performed twice daily (morning and afternoon),
and each experiment lasted approximately 60 min. Mul-
ti-channel neural signals and joystick positions were syn-
chronously recorded during behavior tasks, and neural sig-
nals were recorded using a Cerebus 128™ (Blackrock Mi-
crosystems, Salt Lake City, UT, USA) with a 30-kHz sam-
pling rate. Each neural signal channel was initially filtered
using a third-order analog Butterworth band-pass filter from
0.3 to 7500 Hz, followed by filtration through a fourth-order
digital Butterworth high-pass filter with a cutting frequency
of 250 Hz. Neuronal spikes were detected using the thresh-
old crossing method, in which the threshold was set to
—6.25 times the signal baseline root mean square (RMS) of
all channels to detect the negative peak of spike waveforms.
Two-dimensional joystick positions were recorded with a
MCU system at a 20-Hz sampling rate. The multi-channel
neural data and joystick positions were synchronized for
further analysis.

1.3 Data analysis

In our study, only well performed behavioral tasks were
selected for off-line data analysis. Experiments with a low
targeting success rate, turbid joystick data, or noisy neural
data were not considered. To obtain single neuronal activi-
ties, spikes recorded from each channel were sorted offline
by K-means clustering. Neuronal firing rates were calculat-
ed by counting spike numbers in each 100-ms window (bin).
Two-dimensional joystick data were also resampled in a
100-ms window by averaging between two points. The cor-
relation between neuronal firing rates and joystick moving
direction was analyzed.

In the direction decoding section, a support vector ma-
chine (SVM, by LIBSVM packet, library for support vector
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machine) was used to predict moving directions [45]. The
SVM parameters consisted of C (regularization parameter)
and Gamma (spreading parameter in radical basis function),
which were set to 2 and 0.3125 respectively. The values
were found by grid search, in which the two parameters
were discretized and every possible combination of them
was evaluated.

The continuous wrist movement trajectory was predicted
with the general regression neural network (GRNN) method
based on the probability density estimation of the observed
data [46,47]. For the GRNN decoding model in our applica-
tion, the inputs were the neuronal firing rates, and model
outputs were the predicted joystick positions. In a single
recording session, the data was separated into several iden-
tical segments. In each data segment, half of the data was
used to train the GRNN model, the other half was used to
test the model. The GRNN spreading parameter was set to
2.5 in all data segments. This value was determined by
searching the best prediction accuracy in five-fold cross
validation on the training dataset. Decoding performance
was evaluated by Pearson’s correlation coefficient (CC) and
mean square error (MSE).

2 Results

2.1 Long-term variation of recorded neuronal number

Neuronal activities had been recorded for more than seven
months and the number of recorded neurons over time was
shown in Figure 3. After spike sorting, a total of 207 neu-
rons were detected from all electrodes one week after im-
plantation surgery. The number of neurons had decreased
until one month later. This number kept around 80 during
the following five months (Figure 3). The color maps in
Figure 3 depicted neuronal numbers at each electrode. Some
neurons at specific electrodes, such as N78, N68, and N19,
disappeared over time, and some neurons that were not pre-
viously identified showed up in some other electrodes, such

Neuron number
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as N96, N98, and N99. These results demonstrated that the
total neuron number stabilized after the gradual loss of
neuronal signals during the first month of recording. These
results were consistent with previously published results
[11,44,48].

2.2 Correlation between joystick movement direction
and neuronal firing rates

Data recorded in the afternoon of November 19, 2010 (120
d after surgery) served as the offline analysis example in
this paper. Four direction targets were randomly distributed,
as shown in Figure 4(a), and two-dimensional joystick posi-
tions detected within 150 s were presented with x-axis and
y-axis data, respectively. These results suggested that the
monkey could perform the task well. A total of 149 neurons
were detected in the dataset, in which a diversity of firing
rates was observed. Some neurons exhibited very sparse
firing, which some others fired much more frequently.

To determine the capacity of discriminating joystick
moving direction with population of neuronal firing rates,
both neuronal firing rates and joystick position data were
extracted from continuous recordings around moving events.
Positive and negative thresholds were set to detect left-
moving and right-moving events in the x-axis of joystick
data. Similarly, two thresholds were set in the y-axis to ex-
tract up-moving and down-moving events. A 3-s segment of
data, which starts at 0.7 s before the onset, was selected for
each moving trial. Moving onsets were defined as the time-
line origin (0 s) for all trials. A total of 159 left-moving
events, 199 right-moving events, 122 up-moving events,
and 84 down-moving events were extracted, as shown in
Figure 5(b). Results demonstrated that moving trials exhib-
ited different durations, which suggested that firing patterns
could be different at the end of trials. Therefore, only time
windows around moving onsets were used for further anal-
ysis. For each moving direction, neuronal firing rates were
averaged across all trials. Subsequently, to determine

9596
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Figure 3 Long-term neuronal number trends. Surgery was performed on day 0. Neurons from each electrode were extracted using the threshold cross
method and were sorted by K-means clustering. The color map indicated spatial position of electrodes and related neuronal numbers.
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Figure 4 Synchronously recorded two-dimensional joystick data and population level neuronal firings. (a) Two-dimensional x-y joystick position within

150 seconds; (b) black dots indicated the identical 150 s combined x-y joystick

position. Grey line represented the joystick trajectory. Black and grey trian-

gles represented trajectory beginning and end, respectively. (c) Population level neuronal firing raster during four-directional joystick movement was repre-
sented. The top grey lines represented the x-y joystick position within the time range of the grey rectangle in (a). The bottom short line indicated the neuronal
spike firing raster. The vertical axis represented neurons extracted from electrodes, and the horizontal axis represented the timeline.
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a) Averaged neuronal firing rates from four directions. The horizontal axis

represented the timeline and the vertical axis indicated neuronal counts. Neuronal firing rates were computed in a 100-ms window without overlapping.
Firing rates for each neuron were normalized across time. (b) Joystick movement trials in four directions. Onsets of moving events were defined as origin of
timeline (0 s). Grey lines indicated baseline of joystick position and red lines indicated moving onsets. Joystick movement trials were extracted via thresh-

olding methods in two-dimensional position recordings.

the correlation between neuronal firing rates and the joy-
stick moving direction, each neuron was normalized by
subtracting the mean value and dividing by the standard
deviation across the timeline. Neuronal firing rates from all
four directions were shown in Figure 5(a). The results

demonstrated that neuronal firing rates increased at 200-
300 ms prior to moving onsets, but decreased to baseline
levels at 200-300 ms after moving onsets.

To identify neurons with significantly different firing
rates before and during moving onsets across the timeline,
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one-way ANOVA (analysis of variance) was used for anal-
ysis at each moving direction. A total of seven bins prior to
the onset of joystick movement, as well as four bins after
the onset, were used for the ANOVA groups. The results
showed that firing rates of 99 neurons significantly changed
around the left-moving onsets, and the numbers were 90 for
the right direction, 82 for the up direction, and 85 for the
down direction (P<0.05). The firing rates of 71 neurons
significantly changed for all four directions (P<0.05),
whereas 44 neurons exhibited no significant change around
any type of moving direction (P>0.05).

The two-sample t-test was used for neuronal firing win-
dows to determine whether the window exhibited signifi-
cant firing rate differences between pairwise directions
(Figure 6). The grey windows in Figure 6 represented neu-
ronal windows with significantly different firing rates be-
tween direction pairs (P<0.05), whereas the black windows
represented no significant change (P>0.05) between direc-
tion pairs. We found that 116 neurons could be used to dis-
criminate directions. And for every pair of directions, more
than 80 neurons showed distinguishable activities, which
could be used to discriminate the two directions. In addition,
the same set of 54 neurons exhibited significantly different
firing patterns between all direction pairs. These results
demonstrated that many neurons were capable of discrimi-
nating between several direction pairs, and each direction
pair could be discriminated by many neurons. Figure 6 also
showed that time windows closer to moving onsets were
more likely to exhibit significant firing changes. In addition,
71.59% of the discriminating windows were located be-
tween —200 and 200 ms, which suggested that the most dis-
criminating information was distributed around movement
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Left: Right

Left: Up

Neurons

=y
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2.3 Motor direction/trajectory decoding via population
level neuronal firing

Results from the present study demonstrated that neuronal
firing rates could be used for movement direction discrimi-
nation. Neuronal firing information was used to classify
wrist movement directions, and a support vector machine
was employed as a classifier for the study. For each neuron,
only time windows before moving onsets were selected as
training and testing features, because neuronal firing infor-
mation would likely be used for real-time control of robot
arms in the future. In total, 1490 (149 neurons x 10 bins)
bins were collected as classification features. Five-fold
cross validation was used to obtain classification accuracy,
and results revealed 96.1% classification accuracy for dis-
criminating between four directions within 10 bins (from
—1000 to 0 ms). To determine temporal characteristics of
neuronal firing that contributed to direction classification,
less input features were incorporated into the testing and
only a portion of 1490 bins were included. Classification
accuracy was determined as 95.75% when bins between
—1000 and —100 ms were used, and accuracy values were
96.63%, 95.39%, and 93.97% when bins were between
—1000 and —-200 ms, —1000 and —300 ms, and —1000 and
—400 ms, respectively. Results showed that the accuracy
remained high, and most directions were discriminated
when firing information from 400 ms before moving onsets
was included.
Classification results showed that population level neu-
ronal firing rates were able to discriminate and predict
Right: Up

Right: Down Up: Down

120
140
-0.5 0 -0.5 0 -0.5 0
Onset Onset Onset
Time (s) Time (s) Time (s)
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Figure 6 Significantly different neuronal firing windows between joystick movement events. Grey windows showed significant firing changes between
directional joystick movement, whereas black windows showed no significant firing changes. Results were obtained using two-sample #-test for pairwise

directional movement trials.
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monkey wrist movement directions. In addition, the BMI
system has been primarily used to continuously control ro-
botic arms or computer cursors [24,27], which has been
necessary for reconstructing movement function for ampu-
tation patients rather than category classification tasks. So,
neuronal firing rates were also decoded as two-dimensional
continuous wrist moving trajectory with GRNN method in
this study. Data recorded from monkey BO1 in the afternoon
of November 19, 2010 for 60 min served as an example. To
verify neural decoding accuracy, the dataset was separated
into six segments (6 X 10 min). For each 10-min data seg-
ments, one 5-min dataset served as training data for GRNN
and the remaining 5-min dataset was used for testing. For
each neuron, neuronal firing rates were smoothed by averag-
ing data from ten bins (one current and nine previous bins).
Decoding performance was evaluated by Pearson’s cor-
relation coefficient (CC) and mean square error (MSE). The
joystick positions along x-axis (Figure 7(a)) and y-axis
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(Figure 7(b)) were trained and tested separately. Figure 7(c)
illustrated actual and estimated joystick positions from
the first 11 s in Figure 7(a) and (b) in a two-dimensional
plane. Results showed that two-dimensional joystick posi-
tions were accurately estimated by neuronal firing rates. In
the first data segment, CCs were 0.8657 and 0.8242 for the
x- and y-axes, respectively. In later segments (segment 2—0),
the decoding accuracy gradually decreased. The CCs de-
creased from 0.8 to 0.6, and MSEs increased from 0.5 to 0.8.
These results could be a result of poor concentration com-
pared to results from the first segment, where the monkey
was more motivated for water awards. Similarly, continuous
decoding results were tested using less neuronal firing in-
formation, as shown in Figure 7(d). For both x- and y-axis
positions, decoding adopted firing information between 0
and —1000 ms resulted in the highest CCs and lowest MSEs,
and accuracy gradually decreased when less firing infor-
mation was included.
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Figure 7 Motor trajectory decoding via population-level neuronal firing. (a) and (b) Illustrated actual and estimated x-axis and y-axis values, respectively,
and (c) plotted decoding results in a two-dimensional plane. Grey lines indicated actual joystick positions, and dark lines indicated estimated values. (d)
Illustrated continuous neural decoding accuracy via data segments and range of neural input length.
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3 Discussion and conclusion

Our study developed a motor-related invasive BMI system
with a monkey model. Briefly, monkeys were trained to
operate joystick to perform four direction center-out ex-
periments. A 100-electrode Utah array implanted into the
primary motor cortex was used to record and extract neu-
ronal firings patterns in population level. The joystick posi-
tions were synchronously recorded with neural activities.
The results demonstrated that wrist movement parameters
could be predicted from neuronal activities generated by the
primary motor cortex of monkey.

Previous studies have shown that neuronal activities in
the primary motor cortex are related to the direction and
speed of limb movements [49,50]. The firing rate of a neu-
ron can be described by a cosine function of the angle be-
tween the actual moving direction and the preferred direc-
tion of the neuron. Neuronal firing with lags, or temporal
information, has also been shown to correlate with limb
movement [51]. Results from the present study showed sim-
ilar phenomenon that neuronal firing rates highly correlated
with wrist directional movement, as determined by values
collected from 149 neurons at BO1.

Multi-trial analysis revealed that 105 neurons exhibited
significant neuronal firing changes from the baseline during
directional movement. The results also showed that 71 neu-

rons exhibited significant different firing patterns around
the movement onsets of all four directions. For these neu-
rons, a large amount of information from their firing pat-
terns could be used to discriminate among moving direc-
tions (Figure 8). First, neuronal firing rates varied among
directions. For example, N25 exhibited a higher firing rate
for right-moving events, compared with other directions,
and also exhibited lower firing rates for up-moving trials. In
a similar way, N49 fired at different rates for different di-
rections with up, right, down and left in the descending or-
der. Second, time delays between neuron firing onset and
moving onset varied among directions in some neurons,
which implied that neurons could possess varying functions
during directional moving onsets. As far as N27 and N84
were concerned, down-moving events resulted in quicker
firing responses compared with other direction movements.
It might infer that N27 could represent planning for
down-moving events and execution for other directions.
While N84 could execute related firing for down-moving
events and exhibit sensory-related firing for other directions
[8]. In addition, although most neurons from BO1 showed
similar firing patterns in all four directions where firing
rates uniformly increased (N25) or decreased (N27 and
N134) around movement onsets, some neurons did not. For
N45, the firing rate was greater than the baseline during
left-moving trials, whereas the firing rate was lower than the
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ard deviation of trials divided by root of trial number. Grey lines denoted onset of movement trials.
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baseline during right and down-moving trials. The similar
firing pattern was found in N90 where up-moving trials
exhibited higher firing rates than at baseline and the firing
rates were less than at baseline in other moving directions.
All firing differences in either amplitude or phase could
help to discriminate different movement directions. Results
in Figure 6 demonstrated that most discriminating infor-
mation was located between —200 and 200 ms.

It has been previously reported that the neuronal activi-
ties concerning movement execution happened at 200-300
ms before movement onset [37]. The role of neuronal activ-
ities from —1000 to —400 ms before movement onset was
evaluated in this study because it was found that many neu-
rons exhibited very early firing prior to movement onsets.
N27 and NI134 initiated response-movement events at
400-500 ms prior to onset. For SVM classification of
movement direction, when neuronal firing activities be-
tween —100 and 0 ms were adopted, the accuracy of classi-
fication is 95.75%. However, the result was kept in 93.97%
when neuronal firing activities between —1000 and 0 ms
were applied. It was suggested that many of the firing win-
dows prior to —200 ms also could be used to discriminate
moving direction. In addition, for continuous regression, the
decoding accuracies were 0.719 and 0.671 for x- and y-axis
values respectively when neuronal firing activities from
—1000 to —400 ms were applied. Although the results could
still reflect movement trends, it was suggested that these
segments of neuronal activities did not contain enough in-
formation about the movement when they were used to de-
code the trajectory of monkey’s wrist movement. Early
neuronal firing activities (—400 ms) could be related to a
response of visual stimulation, but not motor execution. The
center-out experiment used in this study was a visually
guided motor task where the movement of monkey’s wrist
was guided by a visual cue. The time from appearance of
the target to moving onset was found to be 400-520 ms.
Therefore the motor cortex might indirectly receive the af-
ferent signals from visual neural pathway and change its
firing pattern. The physiological origination and function of
the early neuronal firing activity required further studies,
because this study primarily described the relationship be-
tween neuronal activities and movement parameters but not
focus on other issues, such as the integration of visual sig-
nals into motor behavior.

Novel developments in BMI systems have depended on
the advantage of chronically implantable microelectrode
arrays and neural decoding algorithms. To date, most neural
decoding methods were divided into single-stage or
two-stage. One-stage methods have been used to directly
estimate movement parameters using linear or non-linear
models, such as linear regression, artificial neural networks
and Bayesian filters. Two-stage neural decoding methods,
however, have typically taken into account the dividing and
coordinating mechanisms of neural information processing
that connect biological movement stages and neuronal firing
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patterns. The two-stage decoding algorithms are imple-
mented using different decoding models in different move-
ment stages [52]. Although two-stage methods can reflect
the neural activities even more, they might also require prior
knowledge and training for locating and constructing spe-
cific decoding models. Therefore, the single-stage decoding
method has been more popular because of application con-
venience. In this study, classification and regression were
realized by using single-stage models, SVM and GRNN,
respectively. Although the two decoding algorithms in our
BMI system performed with high neural decoding accuracy
in discrete direction classification and continuous trajectory
decoding, they had to use the nearest training data and re-
sults were corrupt if only the first training segment was
adopted. Further studies were needed to better understand
the physiological mechanisms of brain expression about
limb movement, which would improve the performance of
BMI system with some adaptive neural decoding algorithms.
In addition, an applied BMI system should use external ac-
tuator control strategies to achieve real-time control. One
potential solution for this challenge is to implement decod-
ing algorithms in parallel computing processors such as a
field-programmable gate array (FPGA) [53].
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