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Digital Signal Processing Algorithms for the
Detection of Afferent Nerve Activity
Recorded from Cuff Electrodes

Barry Upshaw and Thomas Sinkjaember, IEEE

Abstract—Due to the very poor signal-to-noise ratios (SNR’s) problems in extracting useful information from these signals
usually encountered with whole nerve-cuff signals, the process- have been cited as potential obstacles to their application,
ing method typically applied, rectification and windowed (bin)- [5]. It is likely, however, that improvements will be made

integration (RBI), can have serious shortcomings in extracting re- . .
liable information. In order to improve detection accuracy, these ©ON three fronts: 1) better nerve/electrode interfaces [6], 2)

signals were further analyzed using statistical signal detection improved analog processing and amplification circuitry [7],
algorithms based on their second and higher order spectra (HOS). and 3) improved signal processing.
A comparison with both analog and digital RBI processing Two advanced signal processing algorithms, both based

suggests that _the statlstlca! methods, due to their _ablllty to upon signal and noise subspace orthogonal decompositions
separate the signal and noise subspaces, are superior. It was

determined that the noise typically encountered with nerve-cuff USINg the signal'sstatistical distribution are of particular
electrode signals is normally (Gaussian) distributed. Therefore, interest when focusing on improved signal processing. The first
third-order statistics can be applied to, ideally, completely reject algorithm, which is based on a second-order signal statistic
the noise component. When cutaneous nerve recordings from the (autocorrelation), is quite similar to the well-knowsuper-

calcanealnerve (innervating the heel area) were used in a drop- - . .
foot correction neural prosthesis, the detection percentage and resolution algorithms (MUSIC, for example) for performing

the insensitivity to algorithm parameters were increased through an analysis of the signal's principal components, [8]. The
the use of these statistical methods as to warrant their real-time second algorithm is based upon a higher order statistic (HOS)

implementation, and the inherent additional processing hardware of the signal. Both perform an orthogonal decomposition and
that entails. derive an eigenvalue-spectrum, utilizing a singular value de-
Index Terms—Prop-foot correction, real-time implementation, ~composition (SVD), or other diagonalization methods. Both of

statistical signal detection, whole nerve-cuff signals. these algorithms have successfully been used in implementing
robust detectors for the presence of speech signals corrupted
I. INTRODUCTION with high powered background noise, [9]. In this study the

erformance of these algorithms is compared with that of

T has been demonstrated in human subjects that affergil commonly applied “real-time” processing method,
nerve signals can be used as a replacement for art|f|c'|]

sensors in neural prostheses for both the upper and lo mely, integration of the rectified (and filtered) signal, [10].

tremiti 11 121 In this t f licati h tabl bically referred to as rectification and windowed (bin)-
e;]< remities, [d]" [ ] n this ()j/pteho app |fca lon, w fefzrel S? c?lhtegration (RBI) processing, designating the primary steps of
chronic recording IS required, the use ot erve-Cull e1ectrodBs. ix-aiion and bin-integration [or, alternatively, the integral
has proven particularly suitable, [3]. These electrodes, typl: : : :
- . . . of the absolute value (IAV)], this method is both simple to
cally made from silicone tubing and stainless-steel wire, allow

. implement, an rforms reliably in high SNR lication
a measure of the electrical activity in the nerve to be record plement, and performs reliably gh S applications,

: o ].
directly as a potent|'all dlfferen_ce, [4]._Unfortunately, dqe ¢ Before attempting to design optimal detection algorithms, it
the low current densities traveling within sensory nerve fibers,

. . iS' advantageous that the characteristics of both the signal-of-
these potentials are very low (in thd/ range), and therefore . S : -

. . L . _interest (SOI), and the contaminating noise be known. This is
subject to interference from sources inside the body (primar-

ily muscle activation potentials), as well as from extern specially true if these characteristics prove to be stationary.

sources (mains power, electronic devices, etc.). Thus, althoj 1S known from previous work with cuff electrodes that

conceptually promising, afferent nerve signals recorded fro e SOl is bandlimited, [1]. Unfortunately, little information

nerve-cuff electrodes are difficult to use in practice, due to t out the statistical properties of either the signal or noise

poor overall signal-to-noise ratios (SNR’s) typically seen. THeEmponents (most significantly, their distribution functions),
appears in the literature describing nerve signal recordings
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Although these processing methods are flexible enough to ~ —~ - -
be useful in a variety of neural prosthetic applications, we  Z 100
have chosen to limit our attention to one, namely correction 8 &g
of “drop-foot” in a hemiplegic human subject. Drop-foot, &
characterized by the inability of the subject to achieve adequate 0 - “
dorsiflexion of the foot to facilitate normal gait, has been (@)

successfully remedied via electrical stimulation of pleeoneal
nerve, [12]. In addition, previous work has demonstrated that
afferent nerve signals recorded via nerve-cuff electrodes, can
replace the heel switch (artificial sensor), traditionally used to
control the stimulator in synchrony with the gait phase, [1].
This work also provided us with an insight into the potential
shortcomings of neural signal-based prostheses, especially
when using analog RBI processing alone. . . R R .

Raw ENG (uV)

Il. METHODS 2

-

A. Nerve Signal Recordings

Afferent nerve signal recordings were obtained from the
calcaneal nerve of a 42-year-old, male, multiple sclerosis
patient, who suffers from a “drop-foot.” This nerve contains
strictly sensory afferent fibers, primarily innervating the heel
area of the foot. Using local anesthesia, a nerve-cuff electrode,
constructed from a 3-cm long section of biocompatible silicone ©
tubing, was implanted approximately 5 cm proximal and 3 cm 06
posterior to the medial malleolus of the left ankle joint, [13].
The chronic implantation of this electrode for the purpose of
recording nerve signals was approved by the local medical
ethics committee. Five deinsulated, multistranded stainless
steel wires serve as the nerve/electrode interface in this silicone
cuff (where three were used at a time, connected in a standard
“tripolar” configuration), [4]. The wires from this cuff were 0 - -
routed subcutanously across ttieeps suraemuscles, to an 0 025 05 075 ! 125 15
exit site approximately 30 cm above the lateral malleolus. (d)

The proximity of the cuff electrode to these muscles, and,
possibly, a lower cutaneous receptor density within the in- 0 "
nervated area, resulted in SNR’s that were lower than seen
in previous nerve-cuff recordings from tlsairal nerve, used

in [1]. Nerve signal recordings were collected during gait
(with both stimulation assisted and voluntary dorsiflexion),
both with and without footwear, over a period of six months.
In an attempt to record “pure” neural activity (without EMG
contamination), recordings were also made during which a -60 .
2-cm (diameter) strain-gauge instrumented probe was used ° 1000 2000 3000 4000

as a manipulandum, providing artificial mechanical cutaneous Frequency (Hz)

stimuli to the sedentary subject (see [10] for details). However, ()

as 1S ev[dent I,n Fig. 1,.desp|te the gpphcatlon of a SlgmflcaEb 1. (a) The perpendicular force (in Newtons) applied to the heel of the
mechanical stimulus, little change in the raw nerve signal dgbject, who was relaxed, and sitting upright. (b) The unprocessed nerve

seen. signal recorded from the cuff electrode as a result of this mechanical stimulus.

P . B C) The signal in (b) filtered by two ninety-first order FIR filters (1.6-1.9
A limited sequence of previously recorded nerve-cuff eIeéHZ, 3 dB points), as implemented on the DSP. (d) The RBI signal

trode signals from a second patient, with a cuff electrodesulting from applying (1) without a noise threshold on frames of 667
implanted on the sural nerve (innervating the dorsal and Iatessavlnplest (COfrdeSpon?ri]ng to 3334313 tinterpllgse tir?terv_al)- Electricalf,stémglattiﬁn
pert of the foot [1]) were analyzed O_ﬁ'lme' The results wer ?niu?agioﬁspe)ulisesg waes glrr%utl)a\t,:ed.a(e)w'(l)'trjle ;owir:vgsp(eectfalsggrfls;g/ esi/ima?e
comparable to the data shown herein. (periodogram-based) of the filter applied in (c).

All nerve-cuff electrode signals analyzed by the detec-
tion algorithms presented herein were preamplified by 1@o Probe, Inc. ADT-1), and processed in real-time (unless

dB (10000¢) using a transformer-coupled amplifier (Mi-otherwise noted) by the DSP neural prosthetic system, with
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which they were amplified by an additional 6 dB. The rawsed in these experiments, the most significant portion of
and processed nerve signals, together with the output frareural signal energy lies in a narrow frequency band between
a heel-contact switch placed in the subject's shoe (to seri®-2.0 kHz, [16]. This has also been seen in experiments
as an independent “control” indicator of gait phase), wegerformed on animals, [10]. A variety of digital FIR filters
recorded both by computer (using an isolated serial interfaaere realized on the prototype DSP system, and a performance
between the DSP system and a standard IBM-compatible P&)alysis performed on real nerve signal data. The optimization
and onto digital audio tape (DAT). The amplified nerve signakiterion selected was based upon the mean SNR’s of the
was over-sampled at a rate of 20 kHz, in order to minimize tlidtered RBI signals. Here, SNR was derived from the ratio
effects of the A/D converter’s anti-aliasing filters, and digitallpf the mean RBI amplitude recorded whilst mechanically

decimated by the DSP. stimulating the subject’'s heel (with a perpendicular force of
approximately 50N, using a strain-gauge instrumented, 2 cm
B. Peroneal Nerve Stimulation diameter metal probe) to the mean RBI amplitude recorded

It was desirable that the subject's gait not be influenced Wring the absence of any mechanical st.imulation. It was found
any potential detection errors, and that an algorithm indepdf@t: although there is some nerve signal energy over 2.0

dent reference signal be available for comparison. Therefof&!Z: the SNR of the unfiltered signal in this band is low.
the mechanical switch, placed in the subjects shoe, w. hus, the raw signal recorded above 2.0 kHz is dominated by

used to control a custom-built, constant-current stimulatdf€mal noise (from both the amplifier and electrode), whose

turning it on/off during swing/stance phases (respectivelyjOWer iS proportional to the square-root of the bandwidth
Surface stimulation electrodes (Axelgaard Ltd., PALS) We@lllzed.Althoughthls noise follows }_a/f characteristic below
applied above the peroneal nerve, and a constant stimulatidlf Hz. it appears to have a relatively constant power level
frequency (30 Hz, typically) utilized, with biphasic pulse@P0Ve this frequency. Thus, an upper frequency cutoff limit
ranging in width from O to 300us, and current from 10 can _b(_a denve_d_ by optlmlzm_g the tradeoff b_etweer_1 (possibly)
to 40 mA. Current settings were adjusted before each tr@pt@ining additional nerve signal energy using a higher cutoff
to ensure that adequate stimulation-induced foot dorsiflexifigduency, and a reduction of the filtered signal’s SNR due
was achieved. The pulse width was ramped up/down & the increased contribution of thermal noise in the high
stimulator activation/deactivation (respectively) to provide fdféquency band.

more gradual foot motion, and reduce patient discomfort. Consistent with previous results, a neural signal peak be-
Typically, electrode impedances of 1.52kwere measured, tween 1.0 and 2.0 kHz was observed, [1]. Therefore, the lower

resulting in maximum pulse amplitudes of 60 V. frequency filter cutoff point can be obtained by optimizing
another tradeoff: the rejection of interfering muscle (EMG)

signal verses the incorporation of additional low-frequency

) ) o nerve signal information. Although the EMG signal power falls
All processing methods employed in FES applications g rapidly above 100 Hz, some measurable energy content

date utilize a windowed sample of the recorded cuff eIectro%y be present at frequencies as high as 1 kHz. In order to
signal, where the number of samples in the window is ggyre that all EMG was eliminated in adjacent frequency
function of the sampling frequency, and the stimulation pul§gynqs we used very high-order filtering, typically employing
rate, [14]. As a result of the high amplitude stimulation pulseg ascade of ninety-first order FIR lowpass and highpass filters
applied to the skin, a large stimulation artifact voltage apPefFesigned using the Remez Exhange Method optimization of
in the recorded cuff electrode signal. Although it has be‘?f‘nebyshev polynomials), with stop-bands bele@0 dB, [17].
suggested that measures should be taken to protect the Pre&&01-1(e) shows the power spectrum (recorded from the D/A
plifier, and eliminate this artifact by “blanking,” we have ”Obutput of the DSP system, digitized to 12-bits, using a 20 000
found thi_s to be necessary, [1_5]. Rather, sin_ce the_ DSP recei\L_stsampling frequency). It is important to note that, at 1.0
interrupting pulses synchronized to the stimulation pulses,if; the filtered signal power corresponds to the quantization
is possible to perform _th|s blanking funpuon in software. Iifloise floor of the D/A converter (which is near the humerical
should be noted that this approach requires that the saturalign, ey fimit of the DSP itself). Thus, all deterministic signal

recovery time of the nerve-cuff electrode preamplifier is Sho&)mponents are removed below this frequency (and above 2.5
(<1 ms). Thus, the first step in the processing, common to g|l,,

algorithms, was the segmentation of the sampled nerve signabe'spite the evidence of a nerve signal peak near 1.0 kHz,

into windowed *bins,” bounded in duration by the adjacery fier pandwidth of 1.6-1.9 kHz3 dB) proved to yield
stimulation pulses (thenterpulse interval). A stimulation s highest SNR (most consistently) when comparisons were
frequency of 30 Hz (resulting in an interpulse interval of 33,546 ising a variety of empirically selected filters to process
ms) was typically used. a random nerve signal test set, representing over 600 gait
o cycles. This may be attributable to two factors: 1) The mean
D. Filtering EMG noise power is typically below the mean nerve signal
The most important step in neural signal processing igower at 1.6 kHz and 2) a significant portion of the real-
unquestionably, filtering of the “raw” signal. Results of botlime tests were performed using only half of the five-pole
wavelet and Fourier analysis of raw (unfiltered) cuff signalsuff (i.e., an effective cuff length of 1.5 cm). This was
indicate that, for the particular cuff electrode configurationecessary since, two months after implantation, two of the

C. Preprocessing
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lead wires to the cuff-electrode began to fail (as indicated by
abnormally high impedance measurements). Thus, the nerve
signal frequency content (which has been shown to follow
an inverse relationship with electrode length, [4]) peaked,
as expected, at a correspondingly higher frequency. A final
consideration regarding the filtering operation, concerns the
ordering of the cascaded lowpass and highpass stages. In order @)
to smooth some of the high frequency oscillations induced by

the abrupt signal amplitude changes (spikes) passing through B Hed Hed

, T . . Cortact Cortact
the A/D’s antialiasing filter, the nerve signal was always low- 0
pass filtered first. (b)

After the preprocessing and filtering steps were per-
formed, the resulting signal was processed by one of
the algorithms described in Section Ill. The preprocessed
signal (and the real-time processed output in the case
of the RBI algorithm) was then recorded digitally (as a
16-bit value), and converted to analog form (0-3 V, 14- o . ,
bit resolution) for storage onto DAT. An analysis of the (©
detection accuracy of the processed signals was performed
off-line, by comparing the heel switch data with the digital
recording of the detector’s output using a random selection
of over 300 complete gait cycles, recorded on different
days.

I1l. PROCESSINGALGORITHMS (d)

Once the primary energy content of the nerve signal has 1
been isolated via the windowing and filtering operations,
activity in response to mechanical skin stimuli becomes more g |
apparent, as indicated in Fig. 1(c). Typically, the SNR’s of the
preprocessed signals lie in the range of 0 dB-®dB. Given ]
that changes in signal amplitude of the preprocessed signals 05 10 is 20 25
are evident to the eye, it is logical to investigate the feasibility Secorncs
of a simple detection algorithm utilizing these changes. Thus, ©
we proceeded in three steps, in the direction of mcreas'ln-%. 2. (a) The filtered (1.6—1.9 kHz) nerve signal recorded during stimu-

algorithmic complexity, progressing from “analog-like” RBlation assisted gait. (b) The output from the heel switch, where a high level

processing, to statistical signal processing methods, restrict@titates that the heel is loaded (during stance phase). (c) The output of the
to digital domain realizations RBI algorithm, processed in real-time on the DSP system. (d) and (e) The
' outputs of the second and third-order algorithms (respectively), processed
off-line. Note that, although the third-order algorithm approaches the ideal
A. Rectified and Bin-lntegration output (a burst of activity corresponding ¢bangesn the applied mechanical
stimulus, in this case, heel contact/lift events), it also suffers from false
After the Iow-pass and high-pass filtering operations hawesitives (FP’s). One such FP, corresponding to an erroneous detection of

; A ; ; I-lift, is circles. The increase in peak to average ratio (PAR) values [see
isolated the principal neural signal energy band, the Slmplégﬁin moving from RBI, to second and third-order algorithms is also evident

real-time algorithm employed (Rectified Bin wise Integrationgyre, as seen by the increased difference between the output during swing
requires that a standard vectprnorm be computed_ Both phase (the noise-only case), and the peak outputs during contact/lift events.

the “1-norm” (the digital analogy to the analog integration

method), and the squared, or “2-norm” (usually referred tbreshold (in absolute value) is included in the integrated
as “short-time energy”) were computed. In practice, littleesult. It is interesting to note that a similar metric, the
performance difference was seen between these two normsWillison Amplitude (in which only changesin successive
order to retain backward compatibility with a simple analogamples, which exceed a given threshold, contribute to the
implementation (although an analog “squaring” circuit is tegration), has been successfully applied to EMG analysis,
viable option), we chose to use the 1-norm. This is computébB].

once for each interpulse frame, using #llsamples in the  Fig. 2(c) indicates the results obtained using a real-time
interval, whereL is determined by the ratio of the samplingDSP) implementation of this digital RBI algorithm, applied
frequency f,, and the stimulation pulse frequency,:;,. during stimulation assisted gait. Most striking, is the small
For typical values,l. = 667 samples. In order to reducedifference between the peak values (corresponding to neural
the effects of the additive noise on the integrated result,aativity events), and the nominal value, indicating the rela-
fixed empirically determined noiseareshold 7, is specified. tively narrow range of threshold settings which yield high
Only the portion of the signal amplitude whigxceedghis detection percentages. This is a significant drawback of all
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Here, wide-sense stationarity is assumed, so only the
values ofr(7) for positivelags need be computed (due
to symmetry). A subset of) of theseL values ofr(7)
where @) is chosen empirically (typicallyy = 10), is
then arranged iR as

p-norm detection algorithms, which are based solely upon the
first-order statistical properties of the analyzed signal.

B. Subspace Decomposition Methods: Principles
The most significant problem with a simglenorm measure

is that there is no decomposition of sighal and noise subspaces. 7(0) (1) Q- 1)

Both signal and noise contribute with equal weighting to the (1) 7(0) Q- 2)

result. While not important when operating with high SNR R= ) ) . 3)
signals, it is a significant shortcoming in this application. Sev- : - :

eral methods, generally know asiper-resolutioralgorithms, r(Q—1) r(1)  r(0)

A singular value decomposition is performed @t
yielding its eigenvalues

have been proposed, with which it is possible to separate the?)
signal and noise subspaces, [8]. The general idea behind these
algorithms can be expressed as follows.

« If the autocorrelation matrix of aideal white-noise (fully
uncorrelated) process is formed, only the diagonal entries
(indicating zero time delay or “lag”) will be nonzero,
corresponding, in fact, to the variance of the noise.

UTRV = ¥, whereU andV are unitary matrices  (4)

and¥ is a diagonal matrix: = diag(o1, 02, +,0p),
in which the singular valuesy,,, correspond to the
absolute value of the eigenvalues®f However, since

The eigenvectors of the correlation matrix of any, general
process, provide a measure of tiéncipal components

or information content of this process, where the eigenval- 3)
ues indicate the relative importance of these components.
These eigenvalues are determined through a transfor-
mation which diagonalizesthe correlation matrix, and
correspond to the resulting diagonal elements. One such
method is the application of a singular value decompo-

R is positive definiteits eigenvalues are all positive and
no information is lost.
The differencel between the largest and smallest eigen-
values is computed, and compared against an empirically
determined thresholdl,

Hy

d= Omax — Omin = Td7
H,

sition (SVD). where H indicates the null hypothesis  (5)
. S'lnce the correlation matrix of a noise process is a]ready (noise-only) andH; indicates the presence of signal in
diagonal (where all elements are equal, representing the

. . X ; noise.
noise variance), any general vector is an eigenvector, and . h he ei | il
only asingle repeated eigenvalue is obtained. Thus, a A representative output (where the eigenvalue-spee

expected due to its random nature, there is no structl? tted) resulting from the application of this algorithm during
or information content in such a process. However Wheﬁglmulation assisted gait (for drop-foot correction) is shown in

a deterministicsignal component is present, differentF'g' 2(d).

eigenvalues result, where tepread(difference) between _ )

the largest (one or few) and smallest can be used b Cumulant-Based (Third-Order) Processing

provide a measure of the amount of information content Higher order spectra (HOS) have shown great promise
present. recently when used to implement robust detectors of signals

It is assumed that the smallest eigenvalue represents oe®ptaminated with high levels of noise, [9]. These exhibit
noise, and the largest the most significant of the principal number of desirable properties which enable ideally the
components, where an ordering of eigenvalues representssgparation of signal and noise subspaces, [20]. These are
optimal (in a least-squared sense) partitioning of signal energygely due to the inherent properties of Gaussian processes,
content. This general principle has been successfully employg@st significantly, that all information about such processes
to denoise/compress speech data via the Karhundsve ois contained in their first two moments, [21]. Thus, higher
Transform, and similar SVD-based methods, [19]. ordered moments evaluate to zero for ideal Gaussian processes,
) ) a typical example of which is thermal noise. Conceptually
C. Autocorrelation-Based (Second-Order) Processing then, such noise ideally can be completely separated from
For zero mean signals, their covariance (second-order ndo-non-Gaussian process (signal) using a subspace decom-
ment) and autocorrelation functions are identical. The autocgesition method similar to that employed with the second-
relation matrix of data frames output from the preprocessimgder method, but using a third- (or higher) order statistic,
operations (of which the high-pass filter ensures zero meypically referred to as ecumulant In order for a HOS-
signals) can be coupled with an SVD algorithm to implemetwased decomposition to be efficiently employed, a number of
a subspace decomposition algorithm as outlined as followsassumptions regarding the nature of the signal to be detected,
1) The Toeplitz matrixR is formed using arestimateof ~and the contaminating noise must hold. Most significantly, the
the autocorrelation function probability density function (pdf) of the noise must follow a
= Gaussian (normal) distribution, while the pdf of the signal
r(r) = 7 Zx(n)x(n — 1), whereL is the frame length. of interest must be significantly divergent from a normal
n=0 distribution. Also, the noise must be additive, and uncorrelated
with the signal.

(2)
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TABLE |
VALUES OF THE K—S TEST APPLIED TWO SIGNALS. THE 95% GONFIDENCE
LEVEL THAT THE SIGNALS HAVE THE SAME DISTRIBUTION FUNCTION (cdf) Is
INDICATED BY A K—S VALUE OF 0.035. THE GAUSSIAN/GAUSSIAN CASE Is
INCLUDED AS A MEANS OF VERIFYING THE ACCURACY OF THE IMPLEMENTATION.
IN THIS CASE, TwO SIGNALS WHICH SHouLD HAVE IDENTICAL (NORMAL)
cdf's WERe CoMPUTER GENERATED. WHEN Two SEPARATE, NoISE-ONLY (No
NEURAL ACTIVITY WAS EXPECTED DUE TO A LACK OF MECHANICAL
STIMULATION ) SECTIONS OF RECORDED NERVE DATA ARE COMPARED, THE
K-S VALUE INDICATES THE LIKELIHOOD THAT THEY ARE, INDEED,
IDENTICALLY DISTRIBUTED. THIS ALSO HoLDS WHEN TwO RECORDINGS WITH
APPRECIABLE NEURAL ACTIVITY ARE COMPARED. THE LARGE K-S
VALUE SEEN WHEN A SIGNAL + NOISE SECTION |s COMPARED WITH AN
IMMEDIATELY ADJACENT NOISEONLY SECTION, INDICATES A SUBSTANTIAL
DIFFERENCE IN THEIR DISTRIBUTION FUNCTIONS. THIS DIFFERENCE
CAN BE THOUGHT OF AS BEING ANALOGOUS TO THE DIFFERENCE IN
MaxiMum EIGENVALUES COMPUTED WITH THE THIRD-ORDER ALGORITHM

g 3 8Rgsss

Probability
o000 O 0 O 0oL

g.

- N
O »n

3

Signal #1 Signal #2 K-S Value
Gaussian Guassian 0.018
Noise-only Noise-only 0.029
Signal+noise Signal+noise 0.027
Signal-+noise Noisc-only 0.119

only and signal + noise sections of a nerve signal recording
(the same as displayed in Fig. 1) are shown in Table I. When
a segment in which nerve signal activity is present is compared
with a noise-only segment, the large K-S value resulting

B s . ° o8 ' from the test serves to reaffirm the likelihood that a statistical
Nomaized Data Values signal detection algorithm, which is sensitive to deviations in
(b) distribution functions, will be applicable.

Fig. 3. Normal quantile—quantile plots, comparing the distribution functions An algorithm which is sensitive to deviations from a normal
of the tested signals with a Gaussian distribution (indicated by the diagomfiktribution, in analogy to the second-order method, can be
lines). Distribution of sections of filtered data (10000 samples) record : Al ; :
during, (a) swing phase (noise-only), and (b) stance phase (gigoe). %Vebpe‘j using a time-domain metric of the valu.e of the
third-order cumulant of the preprocessed nerve signal, by
. o performing the following steps.

It should be emphasized that, although the original (unpro-l) A Toeplitz matrix is formed using aestimateof the
cessed) noise appears to be nearly white (except at very low " ihid_order cumulant of a data frame.
frequencies, where the amplifierls/ f noise is significant), 2) The largest eigenvalud,... of the Toeplitz matrix is
and normally distributed, any nonlinear processing operation computed. Although the SVD method employed in the
performed (filtering, for example), has the potential to change  gecond-order algorithm could be used, it is more efficient
both its spectral and distribution properties. The preprocessing (computationally) to use a power iteration which yields
filters applied are no exception. Thus, the suitability of HOS only the maximum eigenvalue [24].

methods must be verified by examining representative sample§) This value is compared against an empirically deter-

of preprocessed data. mined threshold T},
Assumptions regarding the distributions of the signal and o
noise components can often be confirmed (or rejected) using I zl T\, where agairH, indicates the
normal quantile-quantilelots, [22]. Fig. 3 shows such a plot Ho
of the distributions (relative to a normal distribution) of a null hypothesis (6)

section of “noise-only” data recorded from the nerve-cuff

electrode during swing phase, and a section of data from the
immediately following stance phase in which neural activit
is present. It is clear that there is a marked difference

(noise-only) andH; indicates the presence of signal in
noise.

ﬁhe results of the application of this algorithm are shown in
the distributions of the noise-only and signal noise data Fig. 2(e). Here, the incre_ase in th_e SNR of the sigr_1a| applied
samples. Whereas the noise-only section appears to adﬁ%éh? threshold detection algorithm, corresponding to the
well to the expected normal distribution, the signal+nois% ective range of threshold values for which valid detections

section exhibits a clear “tailedness” (symmetric divergen@e(e made, IS note_worthy. The pra_lcucgl effe‘?t of the_sepgrahon
from a Gaussian distribution). of signal and noise subspaces is evident in the significantly

A guantitative measure of the statistical properties depicté%duced noise “floor” during noise-only sections.
in these plots can be obtained through the use of the Kol-
mogorov—Smirnov (K-S) test, which measures the overall
difference between two cumulative distribution functions (cdf), A quantitative performance index which we term the peak-
[23]. The K-S values comparing the distributions of noisae-average ratio (PAR), was calculated for the outputs of each

IV. RESULTS
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algorithm, using the recorded heel-switch data. It is defined as 2 . - . . -

Z max{SgEyent )

PAR=20log | & . with
> D
K i=1;L
SEvent:{-/L'H—ia"',-TH_H‘I.’L’HEHl,iIg.} (7)

Here, Sgyvent COrresponds to the set af algorithm output
values which occur during a window of widthp samples
around sample: iz where a valid neural event expectedas
determined from the heel-switch data). The average dyver
gait cycles of themaximumoutput value within this window
is computed, and compared to the average algorithm output
(across allL samples in each of th& cycles). Typically,p
was selected to provide a window width of 100 ms (where
it was assumed that a timing error of less theB0 ms in
the detection of a heel transition would not be noticeable in a (b)
drop-foot correction prosthesis). The PAR value is illustrativieig. 4. (a) The filtered (1.6—1.9 kHz) nerve signal (10 000 samples) resulting

in comparing the results of the three algorithms. The RHEPM a single mechanical stimulation with a metal probe (contact occurs just
past 3000 samples). The artificially increased amplitude, ramping up from

algorithm yielded an average:-¢td. dev.) PAR value of 5.1 sampies 7000 to 10000, is also evident. (b) The output of the three algorithms
4 0.8 dB. The second and third-order algorithms resulted iimresponse to (a). The medium-weight line (top trace) shows the RBI output,
average values of 8.5 1.4 and 20+ 2.8 dB, respectively. the Iig_ht-weight line the second-order output, and the thick line (bottom trace)
. the third-order output.

The PAR value also provides a measure of the detector’s
sensitivity to algorithm parameters when a simple threshold
comparator is applied, where PAR then is an indicator of ,'®
the ability of a detection algorithm’s immunity (evident as §'.o
a constant detection percentage) to nonstationarities in bot
signal and noise power.

The theoretically reduced sensitivity of the second- and § *°
third-order methods to additive noise is shown in Fig. 4 to be B x»
of practical value when processing nerve-cuff electrode sig- &
nals. Here, the output of the three detectors having processed 5, 62 03 o4 05 o8 07 o8 o
a typical nerve signal with a single activity burst resulting Threshold (Normalized)
from meChaniC.al stimulation with a metal probe iS_ ShoWrITfig 5. Heel contact detection percentages for the three algorithms (using
However, starting at sample number 7000 (a “n0|se-onl)é’ éimiole threshold detector). Thin continuous line is the rectification and
stretch), the “gain” of the nerve signal is linearly increasegindowed (bin)-integration (RBI). Heavy continuous line is the second order
from 0 dB (no amplification) te+6 dB (2x amplification). If and broken line is the higher order spectra (HOS) statistical signal detection
the outputs during the period of true neural activity (aroun%gor'thms'
sample number 4000) are considered, the results of each
algorithm when processing signals of various SNR’s (rangingnge of threshold values (for a simple, threshold detector) was
from approximately+3 to 0 dB), can be simulated. As thedetermined for each of the three algorithms, ranging from zero,
SNR decreases, the RBI algorithm becomes less effective (gsto the maximum output value (different for each algorithm).
indicated by the linear increase in its output values), whilEhis range was then normalized for comparative purposes. In
both the second- and third-order methods are substantially leafculating the shown detection percentages, equal weighting
influenced. was given to FP’s and missed-detections. Thus, the peak values

A comparison of the averaggetectionability of the RBI, shown here correspond to the optimal threshold value selected
second-order eigenvalue-spread and third-order algorithrby, the Bayes criterion (minimizing the average error cost),
having processed more than 300 step cycles is presented2Hi.

Fig. 5. Here, the detection percentages shown are in relatiorit is important to observe that the second-order detector
to a 100% standard derived from the heel-switch data (whesghibits a substantially lower dependence upon threshold
gait cycles during which the switch erred, typically 2—39%ettings. Although thepeak detection rates of the RBI and

of the total, were deleted). These percentages represent dbeond-order algorithms are similar, the high sensitivity of

ratio of the number of true detections (detections minus falfgee RBI method to the detection threshold setting is evident
positives, FP’s) to the number of possible heel contact/liffairough the rapid decrease in detection percentage when
events, as registered by the corrected heel-switch data.operating with nonoptimal thresholds.
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V. DISCUSSION B. Autocorrelation (Second-Order) Algorithm

Although it is evident (Fig. 5) that the statistical signal Although the second-order algorithm should, ideally, be
processing methods advocated improve the insensitivity dompletely immune to additive white noise, this desirable
a simple threshold detector, the question as to whether property was not seen when processing very noisy, real nerve
not this improvement idunctionally significant in an FES signals. This might indicate that, either, the “coloring” of
application must be posed. This, largely, depends upon therve signals is sufficiently nonwhite such as to invalidate
success with which the detection threshold setting applidte assumptions, or the number of samples and lags used
to the RBI algorithm’s output can be optimally adjustedwere insufficient to provide a valid estimate of the true
Both the results from this study, and that described in (&utocorrelation function. When a simulated nerve signal (a
indicate that finding the optimal threshold is not a trivialvhite, Gaussian noise background with a simulated neural
task. Furthermore, it should be noted that both the secorekent consisting of a burst of band-limited white, Gaussian
and third-order methods were able to detect some individuadise) was processed, near ideal results were obtained with
events that were not detected by the RBI method. If such 8NR’s as low as 0 dB. This served both to verify that
event is surrounded by events otherwise easily detected, thie@ algorithm was implemented properly, and to indicate the
its functional significance is much greater than indicated Hjfficulties in developing a truly accurate model of real nerve
the small increase in the average detection percentage. T$ignals.
true worth of these methods must be measured under “real-
world” conditions, where signal parameters are nonstationary, . ,. - . .
and it cannot be assumed that a specific, fixed threshold val u'engher Order Statistical (Third-Order) Algorithm

is optimal. This issue can be addressed for each algorithm inThe high false positive rate which contributes to low, over-
turn: all, detection percentages when using the third-order detector

can likely be attributed to two factors: 1) some neural activity
. may, in fact, be present, when an FP detection is assumed
A. RBI Algorithm and 2) the statistical distribution of nerve signals recorded
The improvement in SNR obtained through the digitdly the cuff electrode in this application may result in the
implementation can be attributed, primarily, to the improvednsuitability of a metric based upon their third-order statistical
filtering available in the digital domain, and, to a lesser extergroperties alone. Specifically, their skewness may, on average,
to the greater precision of digital integration and rectificatiotne too small to be reliably detected. The first issue is more
and the incorporation of a “noise threshold” into the standadifficult to address. Here, although the detection algorithm
RBI algorithm. A spectral analysis of EMG and nerve signahay be “optimal” in the sense that it is highly accurate in
components resulting from the low-order analog filters in thdetectingtrue neural events, it may not be functional when
previously developed analog processing system indicated thtéized in this particular application. It is likely that small
likelihood of EMG contamination (i.e., incomplete separatiorperturbations during swing phase (skin stretching, mechanical
during a significant portion of this interpulse period, [1]. Thetimulation due to skin/shoe contacts, etc.), which might give
solution employed was to simply delay nerve signal processirige to detectable neural activity, must be rejected by other
until the majority of the contaminating EMG component hactheans.
died away, late into the interpulse window. Unfortunately, a The second problem can, possibly, be solved using a differ-
significant portion (over 65%) of useable nerve signal dataent HOS-based metric. Given the stationary noise statistics
thereby lost. Additionally, it could not be conclusively mainexhibited, information obtained from a noise-only section
tained that no EMG contamination contributed to the resultirgf data (via computation of its covariance matrix) can be
“nerve-only” signal. Despite the digital RBI implementation’sused to further improve the reliability of the third-order
improved utilization of the nerve signal by virtue of high-detector, as well as to provide for an automatic, statistically
order filtering, the sensitivity of this first-order method to noissignificant determination of the threshold level required to
remains. ensure a bounded (specified) false positive rate. In this case,
One possible solution would be the coupling of an adaptitke maximum eigenvalue is not used as a metric, but, rather,
detector threshold level determination algorithm. Although matrix product, normalized by the covariance matrix, is
conceivable, we suspect that such a system would be difficadtmputed, [26]. Future improvements to the HOS (third-order)
to implement in practice, given the potential for variations ialgorithm are also likely to be achievable through the use
nerve signal energies on a cycle-by-cycle basis, due to differ@fita frequency domain analysis of the cumulant values. A
foot contact patterns during gait. In addition, a “trainingtwo dimensional, complex, Fourier transform of these values,
session would be required periodically, in which the RBiermed the bispectruni’ has been shown to provide additional
algorithm’s performance relative to a known control (a heeirformation in other applications, [27].
contact switch, for example) could be monitored, and the An analysis of the recorded nerve signal indicates that it
initial threshold value optimized. It seems likely that, given theften follows a symmetrical, non-Gaussian distribution (see
substantially improved ability of the second-order algorithm tBig. 3). The third-order cumulant analysis performed is, ide-
achieve high detection percentages despite large variationglly, insensitive toperfectly symmetrical distributions. Thus,
threshold values, such a detection threshold adaptation metitad possible that a fourth-order (trispectrum) analysis, which
would be more successfully applied there. provides a measure of tHaurtosis (curvature) of a distribu-
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tion function, may improve the results. Simple fourth-ordeseparation algorithms, based on the second- and third-order
methods have been successfully applied when signals atatistical properties of these signals. An analysis of their
symmetrically, yet not normally distributed, [28]. We arestatistical distributions indicates that there is a significant
presently investigating potential real-time applications of sughe., detectable) difference between the noise-only and sig-

fourth-order methods. nal + noise cases, confirming the viability of these statistical
signal processing methods. In addition, the improvements in
D. Detection Algorithms filtering obtainable in the digital processing domain have also

It may also be feasible to improve the overall detectioproven to be an important first step in increasing detection

accuracy by applying more advanced (than a simple thresh&§aPility- Although still coupled to a simple threshold com-
comparator) postprocessing on the algorithm outputs. It shofgrator, the |ns_en5|t|\_/|ty o aIgo_nthm parameters of these
be noted that a “worst case” analysis was performed ﬁgvanced algorithms is substantially greater than that of the

determining the detection percentages presenteda Nori traditionally applied first-order metric (RBI). Various portions

knowledge of the human gait cycle was assumed. Thus, maq{ythe algorithms discussed have already been implemented

false positives which occurred in swing phaseuld have In"real-time, DSP-hosted form. In addition, simulation results

been rejected by applying an exclusion rule over a Windo’wdicate that it is feasible to implement the complete algo-

in which contacts are unlikely to occur (i.e., near the middf&nms presented here on the presently developed, fixed-point

of swing phase). Alternatively, adaptive logic network (ALN),D SP-based neural prosthetic system.

using the same, preprocessed RBI data described here can be

used. Preliminary analysis has already shown promise, [29]. ACKNOWLEDGMENT
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