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[12] —, “Adaptive classification by variational Kalman filtering,” ind- ~ all be quantified into bits—the number of binary digits—or yes-or-no
vances in Neural Processing Systems 35Thrun, S. Becker, and K. gquestions needed to specify the action.

Obermayer, Eds. Cambridge, MA: MIT Press, 2003. : : :
[13] J. R. Wolpaw, N. Birbaumer. W. J. Heetderks, D. J. McFarland, P. H Here, we measured the information conveyed with a BCI that uses

Peckham, G. Schalk, E. Donchin, L. A. Quatrano, C. J. Robinson, andti€ firing rates of a population of single cells and multicell clusters
M. Vaughan, “Brain-computer interface technology: A review of the firstecorded from microwire electrode arrays implanted in the motor and
Bntemggggal meeting,IEEE Trans. Rehab. Engvol. 8, pp. 164-173, premotor cortical areas of rhesus macaques [7]. We compared the in-
une . i i i
10 3 W .3t . et .. i, an CECYT 400 CHPSTETS uhen 0 corien snai e sed (o
based brain-computer interface for cursor contrlgctroencephalogr. .
Clin. Neurophysiol.vol. 78, pp. 252-259, 1991. robotic arm (ZeroZebra). In both cases, the task was a 3-D center-out
task where the brain-controlled cursor or robot had to move from a
center start position to targets that appeared at one of eight corner po-
sitions of an imaginary cube. In this analysis, we only evaluated the in-
formation conveyed about the intended target and not about the details
of the movement trajectory itself. Information about the intended target
Information Conveyed Through Brain-Control: was calculated at the output end of each system (i.e., the cursor move-
Cursor Versus Robot ment and the robot movement) as opposed to the input end (i.e., the
information imbedded in the cortical activity itself). Although infor-
Dawn M. Taylor, Stephen |. Helms Tillery, and Andrew B. Schwartznation may be encoded in many aspects of the cortical activity, some
of that information will be lost when using simplistic algorithms to
translate cortical activity into 3-D movements. Additional information
Abstract—Microwire electrode arrays were implanted in the motor and il pe |ost when the calculated 3-D movements are further translated

premotor cortical areas of rhesus macaques. The recorded activity was used into physical movements due to variability and noise in the physical
to control the three-dimensional movements of a virtual cursor and of a phy y phy

robotic arm in real time. The goal was to move the cursor or robot to one  System. Here, we calculate the information about intended target con-
of eight targets. Average information conveyed about the intended target veyed through the brain-controlled cursor and robot to compare the
was calculated from the observed trajectories at 30-ms intervals throughout  fynctionalinformation transmission rate through each of these com-

the movements. Most of the information about intended target was con- plete systems

veyed within the first second of the movement. For the brain-controlled . .

cursor, the instantaneous information transmission rate was at its max- ~ G€orgopoulos and Massey [8] have shown that more information
imum at the beginning of each movement (averaged 4.8 to 5.5 bits/s de-about intended target direction can be obtained from neural activity of
pending on the calculation method used). However, this instantaneous rate the motor cortex than from the actual arm movement itself during the
quickly slowed down as the movement progressed and additional informa- jitial part of the movement. This suggests that information is natu-

tion became redundant. Information was conveyed more slowly through the IV lost th h th t t duri lti | t Thi
brain-controlled robot due to the dynamics and noise of the robot system. rafly lost throug € motor system during volitional movement. This

The brain-controlled cursor data was also used to demonstrate a method @IS0 suggests that, if enough motor cortex cells are used, controlling
for optimizing information transmission rate in the case where repeated a computer cursor directly from the motor cortex may produce more
cursor movements are used to make long strings of sequential choices suchaccurate movements than controlling a cursor by physically moving a
as in a typing task. mouse. In the Georgopoulos study, motor cortex information was cal-
Index Terms—Brain—computer interface (BCI), brain—machine interface  culated by predicting intended targets from a population vector [9] that
(B'I\IM)’ 'nformﬁt'o.” rateg, '”f°f!“at'?“ thlgory, neural prosthesis, neurocon-  combined the simulated activity of up to 253 motor cortex cells. Their
trollers, prosthetics, robots, virtual reality. results showed that the information conveyed by the population vector

exceeded that conveyed by arm movements once the number of cells

. INTRODUCTION used in the population vector reach between 40 and 50. Their simu-

ted cell activity was modeled after cells which where recorded one at

. . |
Many types_, O_f braln—cc_)mputer interfaces (B_CIS) have_ beer_1 dev a}iime using a movable electrode. These acute electrodes allowed them
oped for assisting the disabled [1]-[7]. Possible functions inclu

hoosing | f d i lect f ] optimally place the electrode near each cell body and record large
choosing letters to spell words [1}-4], moving a cursor to select "OWell-isolated waveforms. The recording quality is likely to be lower in

amenu, and mentally directing the motion of a robot, a wheelchair, @, ,ic cortical implants where arrays of electrodes are fixed in place.
a n(_agroprosthetlc limb [5], [6]. Such diversity of output Fasks mak&gjh chronic electrodes, the recorded cell waveforms are often poorly
it difficult to compare the performancg Of, one BCI with an(_)therisolated or too small in amplitude to be completely separated from the
However, letter selection, movement direction, and menu choice C@Etem noise. Therefore, the number of recorded units needed to ex-
ceed the information conveyed with actual arm movements is likely
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L,u,D R,U,D L,U,P R,U,P path for each target, then placing the classification boundaries equal
distance between these paths. These “typical” movement paths were
calculated as the median of each day’s trajectories to each particular
target. However, in order to avoid the unfair advantage of including the
trajectory that is being classified in the calculation of its own classifica-
tion boundaries, these boundaries were recalculated for each trajectory
with that particular trajectory eliminated from the boundary calcula-
tion.

Information theory [10], [11] was used to measure average informa-
tion conveyed each day at various stages of the movement. For a system
with eight possible discrete targets, the average information conveyed
about the target can be calculated as

L.L,P R,.LP L,.LD R.L,D

8
. . N I= %" P(Ip)(S[Ta]~ S[TalTp]) (1)
Fig. 1. Examples of brain-controlled cursor trajectories. Trajectories to all Tami
eight 3-D targets are plotted in two groups of four for easier viewing. Corner

circles indicate target locations. Trajectory shading matches the shading of\f{igere I is average information conveyed about the intended target,
|nten(.1ed target. The three letters |nd|cat_e the 3-D_target position in the foII0W|?g(Tp) is the probability of predicting targdtp, S[T'a] is the entropy
order: left-or-right, upper-or-lower, proximal-or-distal. . R .
in the distribution of actual targets, as@il «|T'p] is the entropy of the
conditional distribution of the actual targefSq, given the predicted
In a second experiment, a robot was added into the control loop. Tiaéget wasl'p. )
animal still viewed the task through the same virtual cursor interface. The two entropy terms are defined as

However, instead of controlling the cursor directly from the brain ac- s

tivity, the robot was controlled directly from the brain activity, and a S[Ta] = — Z P (Ta)log2 (P (Ta)) and )
position sensor on the end of the robot determined the position of the i '

cursor in the monkey'’s virtual workspace. The monkey did not see the 8

actual brain-controlled robot, but did see the robot’'s movements via the S[Ta|Tp] = - Z P(Ta|Tp)log2 (P (Ta|Tp)). (3)
3-D virtual cursor. Ta=1

These Series of e_xper_lments were designed to _evaluate the use ?—Iere,P(Ta) is the probability of the actual target beifig. In the
cortical activity for directional control of an upper-limb neural pros-

thesis. Therefore, the task required that the subjects make trajectoCase where all eight targets are equally likely, this would simply be

I - . o
to each target and hold the cursor or robot at the target to get a rewair , and${T'a] would equal three bitsP(T'a|Tp) is the conditional

Although this is appropriate for evaluating the naturalness of the hprr-Obablhty that the actual target wds: given the target predicted by

thetical prosthetic limb movement, these full trajectories resulted in t & o_bserved trajectgry W&.' L .
This form of the information equation is a weighted average of

_transfer .Of redundant information about the_lntended_ targets. Enou\ﬁnat is learned about the actual target when each of the eight targets
information was usually conveyed early on in the trajectory to deter-

. . L : s predicted from the observed trajectories. The entropy &[]
mine the intended target well before reaching it. In this type of tas%easures the number of bits needed to describe the full range of

vv_lth a Im_med number of discrete goals, a smart controller could pr Je possible intended targefsr. The termS[Ta|Tp] measures the
dict the intended target early on in the movement and complete the

. . . : number of bits needed to describe the more limited range of possible
movement for the subject without the need for further information. - . ; :
Fig. 1 d trates thi int. Ei inut f brai troll values ofl"a given that targef’p is predicted. The difference between
'9. emonstrates this point. Five minutes ot brain-controlig Ftwo is the information gained abdlit by the prediction of target

cursor trajectories to all eight targets are shown. In this example, . The information gain from predicting each specific targat

intended targets could be predicted two-thirds of the way into tri1 then weighted by the probability of actually getting a prediction

movement because there was no overlap of the trajectory distributi%rfsrp. These values are then summed across all possible targets to
after that point. Therefore, three bits of information (which of th et the average information conveyed about the intended targets.
eight possible target_s_) were tr_ansmitt_ed in th? first two-thirds Of_t Finally, in addition to movements to the eight corners of a cube, both
movement. The agidmonal trajectory information _WOUId not_pr_owdﬁ]e brain-controlled cursor and robot were used in a task that required
any more _|nfc_)rmat|o_n about_wh_lch_target the subject was aiming f?‘Hovements from the center to random target positions throughout the
(although it did provide qualitative information about the form of th%vorkspace, and then back to the center start position. This was done

trajectories). to verify that the control algorithm, which was optimized for the eight-

To evaluate the target-related information conveyed over the tifigq e center-out task, would also allow the subject to make movements
course of the movements, predictions of intended targets were madﬁ) | parts of the workspace and make 18@al-time changes in move-
30-ms intervals along each trajectory recorded from 15 days of braiﬂént direction

controlled cursor data and six days of robot data from one animal (abou experiments were approved and monitored by Arizona State Uni-

15_ min/day)._ At each time interval, t_he intended target was predictegrsny's Institutional Animal Care and Use Committee. The guidelines
using two different methods. The first method assumed the closgs ot by the Association for Assessment and Accreditation of Labo-

target was the intended goal. Therefore, classification boundaries er[f?)ry Animal Care (AAALAC) and the Society for Neuroscience were
equally spaced between neighboring targets. However, on some d?@fl?owed.

trajectories to one or more targets showed a consistent curvature or
would consistently hit one side of a target over the other. Therefore,
shifting the classification boundaries to reflect these consistent devia-
tions should result in greater prediction accuracy. In the second methodrig. 2 shows the mean and standard deviation (std) across days of
target predictions were made by first defining a “typical” movemerihe average information conveyed by the brain-controlled cursor and

Ill. RESULTS
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0 1 2 3 1 2 3 Fig.3. Examples of robot and cursor trajectories going from the center to the
Time (s) Time (s) target and back to the center. Light-gray dots indicate when the outer target was

hit. Dark-gray dots show when the center target was hit on the return path.

Fig. 2. Average information conveyed about intended target at different stages

of the movement. Dark-gray lines (mean) and light-gray areas (std) are fralve robot. Fig. 3 shows examples of these trajectories. The light-gray
;:ursor rk?ovements (15 ‘(123&5)- B;Iacl; lines ‘(mear;) é}”d_ hatChe‘é arleas_f(std)oqu indicate when an outer target was hit. The dark-gray dots indicate
rom robot movements ays). Information calculations used classificatio .

boundaries based on minimum distance to (a) 'typical’ trajectories or to (b) tK@Ten the center target was hit on the return path. Dots are 30 ms apart
targets. in time. The robot moved more slowly than the cursor and was allowed

more time to complete each movement.

robot trajectories at successive time intervals within the movement. The
dark-gray lines and light-gray areas reflectinformation conveyed by the
brain-controlled cursor position. The black lines and hatched areas rem the center-out task, the goal of each movement was simply to
flect information conveyed by the brain-controlled robot position. Faget to one of eight possible targets. Reaching the targets could have
both the robot and cursor movements, using the classification boumelpresented selecting letters or groups of letters in a communication
aries based on “typical” trajectories [Fig. 2(a)] resulted in a slightliask, selecting options from a menu of environmental controls,
faster gain of information than using classification boundaries everdy choosing between several predefined hand configurations for
spaced between the targets [Fig. 2(b)]. controlling stimulation of a paralyzed limb [12]. In this analysis, we

In both the robot and cursor tasks, the total information gained pagere only looking at how much information was transmitted about the
movement began to saturate around 1-1.5 s into the movement. Thignded target. Therefore, the total information could not exceed 3 b
demonstrates that most of the information about the intended tar§ecause there were only eight targets. However, the initial information
was conveyed early on in the movements. Therefore, most inforntgansmission rate was 4.8-5.5 b/s for the brain-controlled cursor.
tion in the later part of each trajectory was redundant and did not pié-may be possible for a subject to work at this higher information
vide new information. Each day’s average information per movemelf@nsfer rate in a free-form drawing task which is not defined by a
seldom reached the full 3 b needed to specify which of the eight targBf§Set number of goals. By identifying this potential information
the animal was trying to hit. This is because not all trajectories welgnsmission rate and using Fitts’ Law [13], one could determine the
to their intended targets. Periodically, the cursor or robot would te§gin Of the system needed to produce the desired accuracy level in
to wander randomly about the workspace. This was most likely due'f§€-form brain-controlled movements. ,
the animal’s occasional inattention to the task since the errors tended t§! MOSt BCIS, cursor movement is used to choose between a fixed
come in blocks and did not show any particular relation to the targe@.‘mber ofdlscrete.chmces. As was shown here, redundgnt information
These blocks were often associated with distracting noises outside be produced if the cursor goal can be predicted fairly accurately
experiment room and/or the animal looking way from the screen. Iftlp«f ore the end of each movement. In BCI tasks where long sequences

target was not hit within 3 s in the cursor task or 4.5 s in the robot tasqhselectlons are made in arow, such as selecting letters in a typing task,

. shortening duration to minimize redundant information should increase

the cursor or robot would be returned back to the center start p03|t|(|2|n . - . . .
: e net information transferred over a longer fixed time period. Shorter

and the next target would appear. The daily average percentage of tar

. o o uration will allow more selections to be made in a given time period.
O, [§)
gets hit was 8& 6% in the cursor task a_m@tz i_4/° n th_e robot task. However, the proportion of those selections that are correct will often
For the brain-controlled cursor, the highest information transmissi

. i . A0 be reduced. In the typing example, cutting movement duration in
rate, (i.e., the slope df(t))_' occurred n the_ earliest part of the CUrSOhaif could result in typing a two-page letter with five typos in the same
movement. The information gained at this stage was about 1.5 b, nt of time as typing a one page letter with no typos. In spite of the
0.275 s (5.5 b/s) when using classification boundaries based on tysreased percentage of errors, the total information transmitted during
ical trajectories, or 1.5 b in 0.31 s (4.8 b/s) when using classificatiqfat time period will have increased.
boundaries based on target distance. The brain-controlled robot hag high information transfer rate needs to be balanced against the
a fairly irregular information transmission rate at the beginning of thgnctional “cost” of this higher percentage of errors (i.e., how impor-
movement, but achieved an information transmission rate similar to gt is it to correct the errors and how much time does the correction
cursor once the movement got underway. process take). If the task is to choose between menu options for putting
In the final tests, where the subject had to move from the centerygur brain-controlled car into park, reverse, neutral, or drive, then the
random 3-D target positions and then return to the center target, #it of an incorrect choice could be quite high. In that case, the move-
animal was equally successful hitting the new random target positiongnt duration should be set long enough to guarantee that all infor-
as it had been hitting the eight well-practiced targets. In addition, theation is received before executing the action. However, if the task is
animal readily changed movement directions to return the cursortorshoot down alien invaders in a video game where laser direction is
robot to the center after hitting an outer target. However, there warader brain-control, then the extra number of incorrect selections (i.e.,
qualitative differences in the round-trip trajectories of the cursor verssiBooting empty space) at the higher information transmission rate may

IV. DiscussioN ANDCONCLUSION
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1200 A g| With each choice being one of seven options. This is equivalent to
= . - . .
£1000 0.6 correctly typing 47 digits of a base-seven code per minute (equivalent
r = to about 2.2 b/s).
a 800 g 04 The method shown here is intended to illustrate how to choose a
c 600 w ™ movement duration that will maximize the practical function of a BCI.
2 e However, the calculations in this example simply used the proportion
E 400 0.2 of targets missed at each duration. Average information conveyed was
§ 200 ' never used. Note that the transmission rateosfectedbits per second
£ was about 2.2 in this example, where as the actual information trans-
00 y 5 3 05 y 5 3 mission rate at the same movement duration was 2.1 b in 0.57 s or
Time (sec) Time (sec) 3.7 bls [see Fig. 2(a)]. This discrepancy can be accounted for by the
20001 S50 fact that some of the information is imbedded in the structure of erro-
) c| 2 D 2 neous target predictions. For example, when a target is selected in error,
=1600 £40 m the actual intended target is usually the one nearest the selected target.
E % #  This information will be lost unless a smart controller makes use of it
©1200 5 30 % when correcting erroneous selections.
% 800 "§ 2 1; The 2.2 b/s value calculated previously does not include any addi-
o ] 7 tional time that may be needed between movements in order to transi-
&H 400 2 10 g tion between brain states. In the center-out experiments, we arbitrarily
% ©  set the intertrial-interval to 500 ms, and included a 200 ms delay be-
0 ) 0 tween the time the target appeared and the time the cursor was al-
0 1 2 6o 0 1 2 3 lowed to move. The targets were presented in random order, and this
Time (sec) o Time (sec)

delay ensured the subjects had time to perceive and react to the tar-

ets. Including this arbitrary 700-ms delay between selections reduces

Fig. 4. Movement duration’s effect on (a) total information conveyed p% : . .
minute, (b) proportion of targets incorrectly selecdError), (c) number %he maximum corrected information transfer rate down from 2.2 to

of selections made per minug and (d) number of corrected selections madé--1 b/S. However, additional studies need to be done to pinpoint the
per minutelN.. true minimum time needed between movements in order to transition

between brain states in the case where the subject knows ahead of time
the choice sequence he or she is trying to make.
have little or no “cost” in the game. Using a shorter duration between| ess target information was conveyed through the brain-controlled
firings should still allow more “hits” per unit time giving the player therghot than cursor. Although the cursor went exactly where the cortical
best chance of saving the earth. decoding algorithm dictated, the robot, like virtually all physical sys-

In communication BCls, where letters or words are selected, the c@sis, had its own dynamics and inherent noise. The robot accelerated
of an incorrect selection is simply the extra time it takes to cancel thgore slowly than the cursor resulting in smaller initial movements.
selection and remake the selection. The process of optimizing movgter and vibration hindered target prediction most in the beginning
ment duration based on functional cost can be demonstrated usingdfithe movements when the trajectories had not yet progressed very far
cursor data from the eight-choice task shown in Fig. 2(a) (gray linapward the targets. However, once the movement got under way, the
Suppose the selection task was to choose between seven choicesjgofnation transmission rate of the robot was similar to that of the
“cancel-previous-selection” option. Then the numbecafrectselec- cursor.

tions per minuteV. would be approximately Fig. 3 also demonstrates the effects of the robot's dynamics on the
movements. With the brain-controlled cursor, the animal tended to
N.=S5 - (25 P(Error)) (4) make relatively sharp 180changes in direction when returning the

cursor to the center target. However, when controlling the robot, the
where S is the number of selections per minute, affError) animal tended to make wider loops through the targets. The robot's
is the probability the selection would be incorre@tS P(Error) mass and inertial properties may have made it difficult to perform
represents the number of movements per minute that did not prodstarp changes in movement direction. However, the animal adjusted
a correct selection. This term is comprised of all incorrect movements, the physical properties of the robot system and was still able to
SP(Error), plus an equal number of “cancel-previous-selectionsuccessfully perform the task. This demonstrates that brain-control
movements. Notey., P(Error), andS, as well as total information, skills acquired in a computer-based environment can be applied to the
are all functions of movement duration. Fig. 4 plots these functiomsntrol of practical physical devices, although the control strategies
using the cursor data from the experiment where the intended targety need adjusting, and the quality of the performance may degrade
was predicted using classification boundaries based on “typicathen information is lost with the physical system.
trajectories. Although the total information transferred is highest at
the shortest time durations [Fig. 4(a)], the proportion of incorrect
selections is also highest [Fig. 4(b)]. This can be reconciled by REFERENCES
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Our approach is to describe a body of developmental research,
which is still in progress, and to indicate methods that have potential
for engineering development. Given the BCI focus of this Special

) ) Issue, descriptions of purely EMG-based interfaces will be brief.
Multimodal Neuroelectric Interface Development We will describe the EEG results and the new sensor developments

) ) in more detail.

Leonard J. Trejo, Kevin R. Wheeler, Charles C. Jorgensen,
Roman Rosipal, Sam T. Clanton, Bryan Matthews, Andrew D. Hibbs, I EMG I
Robert Matthews, and Michael Krupka : NTERFACES

A. EMG-Based Flight Stick

. . In our first demonstration, a computer transformed EMG signals
Abstract—We are developing electromyographic and electroencephalo- .
graphic methods, which draw control signals for human-computer ecorded from four bipolar channels placed on the forearm of a sub-
interfaces from the human nervous system. We have made progress in four j€Ct into control signals for an aircraft simulator. Thus, the processed
areas: 1) real-time pattern recognition algorithms for decoding sequences EMG signals controlled an imaginary flight stick [2]. EMG samples
of forearm muscle activity associated with control gestures; 2) signal-pro- were processed in real time using a flexible signal-processing frame-
cessing strategies for computer interfaces using electroencephalogram,yrk developed in our laboratory. Our feature extraction procedures in-

(EEG) signals; 3) a flexible computation framework for neuroelectric . ’ . .
interface research; and d) noncontact sensors, which measure electromyo-dUded routines to filter out redundant and meaningless channels with

gram or EEG signals without resistive contact to the body. a mutual information metric [3]. The features were moving averages
) ) of the EMG signal from overlapping windows, where the data within
Index Terms—Brain-computer interfaces (BCI), electroencephalogram 4 \vindow are nearly stationatyOur model for mapping EMG signal
(EEG), electric field sensors, electromyogram (EMG), neuroelectric . . Ly .
interfaces. features to gestures uses mixtures of Gaussians within a hidden Markov
model context. We tested and validated this system with many trials
over a two-year period in three subjects, who flew and landed high-fi-
|. INTRODUCTION delity simulations of a Boeing F-15 Eagle or a Boeing 757-200 freighter
aircraft. Control of both aircraft was adequate for normal maneuvers.

We define a system that couples the human nervous syst&m . X .
electrically to a computer as a neuroelectric interface—a sensing ancH the 757, a real-time landing sequence under negroelectnc control
was filmed at NASA Ames Research Center (see on-line demos [4] and

(3D
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are with the NASA Ames Research Center, Moffett Field, CA 94035 USA . . .
(e-mail: ltrejo@mail.arc.nasa.gov; kwheeler@mail.arc.nasa.gov; cjorgensen@ Ve have also found that EMG signals from the arm can distinguish
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gov).
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sclanton@oeic.net). signal, sampled at either 500 (joystick task) or 2000 Hz (typing task). The

A.D. Hibbs, R. Matthews, and M. Krupka are with Quantum Applied Scienocsindows contained 128 points and overlapped preceding windows by 96
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robom@quasarusa.com). wavelets, and short-time Fourier transforms, but the moving averages provided
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