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EMGLAB: An interactive EMG decomposition program
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Abstract

This paper describes an interactive computer program for decomposing EMG signals into their component motor-unit potential (MUP) trains
and for averaging MUP waveforms. The program is able to handle single- or multi-channel signals recorded by needle or fine-wire electrodes
during low and moderate levels of muscular contraction. It includes advanced algorithms for template matching, resolving superimpositions,
and waveform averaging, as well as a convenient user interface for manually editing and verifying the results. The program also provides
the ability to inspect the discharges of individual motor units more closely by subtracting out interfering activity from other MUP trains.
Decomposition accuracy was assessed by cross-checking pairs of signals recorded by nearby electrodes during the same contraction. The
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esults show that 100% accuracy can be achieved for MUPs with peak-to-peak amplitudes greater than 2.5 times the rms signa
xamples are presented to show how decomposition can be used to investigate motor-unit recruitment and discharge behav
otor-unit architecture, and to detect action potential blocking in doubly innervated muscle fibers.
2005 Elsevier B.V. All rights reserved.
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. Introduction

The electromyographic (EMG) signal recorded by a nee-
le or fine-wire electrode is made up of trains of motor-
nit potentials (MUPs), and thus provides a potentially rich
ource of information about motoneuron discharge behav-

or and motor-unit (MU) organization (Basmajian and De
uca, 1985). To obtain this information, it is necessary to
ort out the activity of multiple simultaneously active MUs,
process known as decomposition. Before the advent of

omputers, simple EMG signals were sometimes decom-
osed manually by identifying distinctively shaped MUPs on

races photographed at high-sweep speed (Desmedt, 1983).
omputer methods have now been developed to mechanize
arious aspects of this process (Lefever and De Luca, 1982;

Abbreviations: EMG, electromyogram; IDI, inter-discharge interval;
FR, instantaneous firing rate; MN, motoneuron; MU, motor unit; MUP,
otor-unit potential; MVC, maximum voluntary contraction
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McGill et al., 1985; Haas and Meyer, 1989; De Luca, 19
Stashuk, 2001; Zennaro et al., 2003). However, some degre
of human oversight is still necessary to decompose m
ately complex EMG signals completely and with consis
reliability.

The goal of full decomposition is to detect all the M
that are active in a signal and to identify every one of t
discharges. In reality, most EMG signals contain a contin
of activity, ranging from large MUPs that can be clearly
tinguished to small ones that blend into and help const
the background noise. Thus, the number of MUP trains
can be fully identified depends to some extent on the am
of effort one is willing to expend. Most EMG signals a
contain frequent superimpositions. These occur when tw
more MUs discharge at nearly the same time and their M
overlap. Full decomposition requires the ability to reso
such superimpositions.

Full decomposition is important in the study of MU d
charge behavior. While it is possible to obtain comp
discharge patterns for one or two MUs using single-
recording techniques (Bigland and Lippold, 1954; Datta a
Stephens, 1990), and to estimate certain global discha
165-0270/$ – see front matter © 2005 Elsevier B.V. All rights reserved.
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parameters, such as mean firing rate, from incomplete dis-
charge patterns (Stashuk and Qu, 1996), full decomposition
of multi-unit signals provides a way to obtain complete
discharge patterns of multiple, simultaneously active MUs.
This information in essential in studies of MU coordination
(Andreassen and Rosenfalck, 1980; De Luca and Erim, 1994;
Adam and De Luca, 2003) and short-term synchronization
(Datta and Stephens, 1990; Nordstrom et al., 1992).

Another application in which full decomposition is impor-
tant is the study of muscle architecture (Lateva and McGill,
2001). The location of a MU’s motor endplate and mus-
cle/tendon junction can be estimated from the latencies of
the onset and terminal wave of the MUP waveform. These
features tend to be quite small, and signal averaging is needed
to detect them reliably. Full decomposition makes it possi-
ble to average the MUP waveforms of multiple MUs from a
single signal. Full decomposition is also useful for studying
discharge irregularities such as those associated with doubly
innervated muscle fibers (Lateva et al., 2002). Full decom-
position makes it possible to detect such irregularities even
in busy signals by subtracting out the activity of the other
MUPs that are not of interest.

This paper describes an interactive decomposition pro-
gram called EMGLAB that we developed and have used
successfully to decompose hundreds of EMG signals from
various muscles of the hand, arm, leg, and back. The pro-
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broad muscle cross-section and because they are able to
record MUP components with low-spatial gradients, includ-
ing the onset, and terminal wave. The signals were referred
to a surface electrode placed over the muscle or one of its ten-
dons. A wide amplifier bandwidth (5 Hz–5 kHz) was used to
capture low-frequency MUP components. The signals were
sampled at a rate of 10 kHz. Contractions were kept below
30–40% of maximum voluntary contraction (MVC) to ensure
signal decomposability. Signal quality and complexity were
monitored at recording time by listening for a crisp sound and
by looking for an appropriate balance between sharp spikes
and flat baseline after 1 kHz high-pass filtering.

The fine-wire signals were recorded using 50�m-
diameter stainless steel wires insulated except for 1 mm at
the tip. To increase the likelihood of obtaining signals of
acceptable quality, the wires were inserted in pairs with their
recording surfaces offset by 2 mm. Recordings were made
either from both wires individually or from the single wire
that gave the better signal quality. Although fine-wire elec-
trodes cannot be repositioned as needle electrodes can, they
have the advantage that—after a few initial contractions dur-
ing which they “work themselves in,” and as long as the
joint configuration remains relatively unchanged—they tend
to maintain the same position within the muscle, thus making
it possible to record from the same set of MUs throughout the
course of a long experiment involving multiple contractions.
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ram provides the capability to inspect, fully decomp
nd obtain high-signal-to-noise-ratio MUP waveforms fr
oderately complex single- and multi-channel EMG sig

ecorded using conventional needle or fine-wire electro
he program also facilitates the identification and analys
ariable MUP components, such as potentials from do
nnervated muscle fibers. The program includes a co
ient graphical interface in addition to advanced temp
atching algorithms. It is written in Matlab (The Mathwor
atick, MA), which facilitates the exportation of MUP wav

orms and discharge patterns for further analysis. The u
he program is illustrated by examples from studies of
ehavior and architecture.

. Methods

The section describes the main features of EMGLAB.
ignals shown in the figures were recorded from normal
ects. The recordings were approved by the Stanford Un
ity Committee on the Use of Human Subjects in Rese
nd each subject gave informed consent.

.1. EMG recordings

Although EMGLAB can be used to analyze sign
ecorded by various types of electrodes, all the sig
eported here were recorded using monopolar needle o
ire electrodes. Monopolar electrodes are useful in
ehavioral and architectural studies because they sam
.2. Decomposition overview

EMGLAB provides a convenient graphical interface
ell as a number of automatic procedures for decom

ng and inspecting EMG signals. The computer scree
ivided into four panels (seeFig. 1) that show a segment

he EMG signal, the templates of the identified MU spi
he discharge patterns of the identified MUP trains, a
lose-up of the signal for resolving superimpositions. Ma
ecomposition functions can be performed using the gr

cal interface. For example, new templates can be forme
ragging spikes from the signal panel to the template p
nd spikes in the signal panel can be identified eithe
ragging specific templates over them or by shift-click
n them to have the program determine the best-fitting
late. Graphical commands are also available for und

dentifications; deleting, reordering, and merging templa
eleting points from the discharge panel; and selecting
djusting the template configuration in the close-up pan

The decomposition process typically proceeds in the
owing way. First, the program reads in the initial 2 s
he EMG signal and automatically creates templates fo
he spikes that occur at least three times with a high-de
f similarity. Then, the program tries to automatically c
ify the remaining spikes in this 2-s interval using temp
atching. Depending on the complexity of the signal, th
utomatic procedures may or may not achieve a full deco
ition. The signal is then inspected manually to complet
ecomposition and verify the results. This may require
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Fig. 1. EMGLAB computer screen analyzing an EMG signal from the brachioradialis muscle. (A) Signal panel, showing a segment of the EMG signal (high-
pass filtered at 1 kHz, top trace) and the residual signal after template matching (bottom trace). The numbers at the top indicate the identified MU discharges.
The horizontal line shows the interval in which a discharge of MU 15 is expected. The vertical lines indicate the interval displayed in the close-up panel.
(B) Template panel, showing the templates of the identified MUs. (C) Discharge panel, showing the identified discharge times of each MU. The vertical lines
indicate the interval displayed in the signal panel. (D) Close-up panel, showing a segment of the EMG signal at an expanded scale (top trace), a configuration
of templates selected to match it (bottom traces and numbers), the sum of the templates (top dotted trace), and the residual (center trace). All the time scales
are in seconds from the start of the signal.

eral passes back and forth through the data. Once this initial
2-s interval has been fully decomposed, the next 2 s are read
in and analyzed using the existing set of templates, and so on.

The accuracy of the decomposition is assessed subjec-
tively in two main ways. The first way is by inspecting the
lower trace in the signal panel (Fig. 1A). This trace shows the
residual that remains after the templates of the identified MUs
have been subtracted from the signal. A small residual indi-
cates a good fit between the templates and the signal, whereas
a large residual indicates an incomplete or incorrect identifi-
cation. The second way of assessing accuracy is by inspecting
the identified discharge patterns (Fig. 1C). Full, regular pat-
terns provide confidence that the decomposition is correct,
whereas gaps, extra discharges or uneven intervals are signs
of possible decomposition errors. The goal is to achieve a flat
residual signal and smooth, regular discharge patterns, which
together indicate a complete and accurate decomposition.

2.3. Signal panel

The signal panel makes it possible to scroll through and
inspect the EMG signal in close detail (Fig. 1A). The signal
is displayed in its entirety, rather than just the spikes that
exceed a certain threshold. This makes it easier to see the

temporal relationships between spikes and spike components
and decreases the chances of overlooking small but important
signal details.

The signal can be displayed either unfiltered or after digi-
tal high-pass filtering. For decomposition, a 1 kHz high-pass
filter is usually used. This flattens the signal baseline and
sharpens the MUPs into narrow spikes, making them easier
to detect and distinguish. For averaging, the unfiltered signal
is used in order to capture the entire MUP waveforms.

2.4. Templates

The default template length is 12.8 ms, which is long
enough to hold most MUP spikes, including small outly-
ing components. For MUPs with more than one distinct
component, separate templates can be created for each com-
ponent to reduce residual noise from inter-component jitter.
Slow changes in spike shape are tracked by periodically re-
averaging the templates. Re-averaging is performed over a 2-s
window, using median averaging to reduce the noise caused
by interference from other MUPs.

When a template is dragged to a spike in the signal panel,
the program automatically aligns the template with the spike
to minimize the resulting residual. From the operator’s point
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of view, the template seems to snap into place. The alignment
is performed to sub-sampling-interval precision (0.01 ms)
using interpolation to eliminate residual error due to time
quantization (McGill and Dorfman, 1984).

2.5. Discharge patterns

In many signals, timing information is helpful for decom-
position. During steady and slowly changing contractions,
MUs usually discharge with fairly regular inter-discharge
intervals (IDIs) (Fig. 1C). This regularity may not be apparent
at the beginning of a decomposition when only a few scat-
tered discharges have been identified, but it becomes clear
as more of the discharge pattern is filled in. Once several of
a MU’s adjacent discharges have been identified it becomes
possible to estimate the mean IDI, which, in turn, helps deter-
mine where to look for the subsequent discharges. As the
discharge pattern becomes completely filled in, discrepan-
cies in the pattern stand out clearly as indicators of possible
errors.

To help locate the discharges of a selected MU, the pro-
gram displays bars in the signal panel that indicate the MU’s
expected discharge times (Fig. 1A). Bars are shown before
and after each of the MU’s already identified discharges.
Their locations and lengths are based on the MU’s estimated
firing statistics over a 2-s window. Since the identified dis-
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profiles of the identified MUP trains provides another source
of confidence about decomposition accuracy.

It should be mentioned that not all signals exhibit the same
degree of discharge regularity. MUs near their recruitment
thresholds can fire intermittently, and some individuals, and
perhaps some muscles, exhibit less regularity and less fluc-
tuation synchrony than others.

2.6. Resolving superimpositions

One of the most difficult aspects of EMG decomposition
is resolving superimpositions (De Figueiredo and Gerber,
1983; Etawil and Stashuk, 1996). In a signal with 15 active
MUs, each firing at a mean rate of 15 Hz, a third of all dis-
charges will occur within 1 ms of another discharge, and there
will be about 15 instances per second in which four differ-
ent discharges occur within the same 4-ms interval. When
this happens, the individual MUPs sum together to produce
a superimposition. Depending on the precise timing, super-
impositions can range in complexity from partial ones in
which the individual constituents are still largely recogniz-
able, to full ones in which the constituents are unrecognizable
because of constructive or destructive interference (Fig. 3).

EMGLAB is able to resolve many superimpositions dur-
ing the automatic template-matching phase by identifying
larger spikes and “peeling them off” to reveal smaller spikes
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D solid),
t ). All
t 0 kHz.
harge pattern might contain misses or false positives,
hat are much longer or shorter than the median IDI
xcluded from the statistics calculation.

The discharge patterns can be displayed either as
rains (as inFig. 1C) or as smoothed instantaneous firing r
IFRs) (Fig. 2). The smoothed IFR is obtained by forming
iecewise constant function equal to the reciprocals o

DIs and then smoothing with a 2 Hz zero-phase-shift l
ass filter. In some contractions, the IFRs of the different M
xhibit synchronous fluctuations, which are thought to re
uctuations in the common drive to the motoneuron poolDe
uca and Erim, 1994). Consistency among the fluctuat

ig. 2. Discharge panel, showing the discharge patterns plotted as in
eous firing rates (IFRs) (different data fromFig. 1).
n the residual. Superimpositions that are not resolved in
ay must be resolved manually. This is done in the cl
p panel (Fig. 1D), which displays the superimposition at
xpanded scale and allows different sets of templates
elected and adjusted to find the best fit.

The program can also be instructed to determine the
al alignment for the selected set of templates. This turn

o be a difficult problem because of the large number of
ible ways that the templates can be aligned. The algo
sed by EMGLAB essentially considers every possible a
ent, using a branch-and-bound approach to try the

ikely alignments first and to stop once it can be determ
hat none of the remaining alignments could do better
he ones already tried (McGill, 2002). Interpolation is use

ig. 3. Three very different looking superimpositions from the s
wo MUs. (A) Partial superimposition. (B) Constructive interference.
estructive interference. Each set shows the superimposition (top

emplates (bottom), reconstruction (top dotted), and residual (middle
he signals have been interpolated to an effective sampling rate of 10
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to reduce time-quantization errors. The algorithm is able to
resolve complicated superimpositions involving six or more
MUPs quite efficiently, even in cases of destructive interfer-
ence and different sized MUPs.

The templates involved in a superimposition can usually
be determined, or at least narrowed down, by inspecting the
discharge patterns to see which MUs are expected to fire at
the time in question. The program does not attempt to try all
the different possible combinations of templates, because that
would be prohibitively time consuming. It would also often
lead to the wrong result. The reason is that it is often possi-
ble to find incorrect sets of templates that provide a better fit
to the superimposition than the correct set does. The incor-
rect sets usually include too many templates, which, because
of the extra degrees of freedom, can be aligned to match
some of the background noise as well as the superimposition
itself.

2.7. Multiple channels

Signals recorded simultaneously from multiple sites in a
muscle can provide a wider sampling of MU activity and a
more complete characterization of MU architecture than the
signal from a single site. Decomposing multi-channel signals
is challenging, especially when the electrodes are relatively
far apart.
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The multiple views of MUs provided by multi-channel
signals can be useful for MU identification (Lefever and De
Luca, 1982). A particular discharge or even an entire MUP
train that is difficult to identify in one channel may be much
easier to identify in another. A good strategy is to decom-
pose the larger MUPs in all the channels first, then identify
the smaller MUPs that correspond to these larger MUPs
in other channels, and only then decompose the remain-
ing small MUPs. Multiple channels can also be decom-
posed independently and then the results cross-checked to
assess decomposition accuracy, as described more fully
below.

2.8. MUP waveforms

The MUP waveform recorded by a monopolar electrode
is a temporal record of the electrical events that take place
during a MU action potential. In particular, the onset, spike,
and terminal wave of the MUP mark, respectively, the initi-
ation of the action potential at the endplate, its propagation
past the electrode, and its termination at the muscle/tendon
junction (St̊alberg et al., 1986). Thus, by measuring the rel-
ative latencies between these MUP features it is possible to
estimate the architectural organization of the MU (Lateva and
McGill, 2001). This approach provides one of the few avail-
able methods for studying the architectural organization of
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Some MUs may be detected in more than one cha
hile others may be detected in only a single channel. S

n different channels that correspond to the same MU
e recognized by the fact that they always occur in a t

ocked relationship. The temporal offset between the sp
ill depend on the conduction delay between the recor
ites, which can be as much as 10–15 ms for sites that are
part. The inter-channel offset can also exhibit a variabili

itter from discharge to discharge. In normal subjects, thi
er is due primarily to fluctuations in muscle-fiber conduc
elocity (St̊alberg and Sonoo, 1994). The jitter is greater fo
ites that are farther apart, and it can be as much as±0.5 ms
ecause of this jitter, the discharge times of the spikes in
hannel provide only a rough estimate of the discharge t
f the spikes in another channel. Therefore, EMGLAB ke
eparate lists of discharge times for every channel.

Multi-channel signals are decomposed in EMGLAB
sequential fashion. When the operator is ready to b

ecomposing a new channel, the program first uses s
riggered averaging to determine whether any of the sp
n the new channel are time-locked to MUP trains that h
lready been identified in other channels. If such spike

ound, the program creates templates for them and im
heir discharge patterns from the other channels, adjustin
imes to compensate for the inter-channel offset. The pro
hen attempts to correct for the inter-channel jitter by
ligning the templates with the individual discharges.
ctivity that remains must be due to new MUs that were
reviously detected in other channels. This activity is
ecomposed in the usual way.
ndividual MUs in vivo.
To study muscle architecture, it is important to obtain

ccurate estimate of the complete MUP waveform, inc
ng its onset and terminal wave. These features tend
ow-frequency, and so are much better seen in the unfil
ignal than in the high-pass filtered signal used for dec
osition. They are also often quite small in amplitude,
o signal averaging is usually needed to detect them rel
MGLAB uses an averaging algorithm that estimates
ubtracts out the effect of the interference from the o
UPs to achieve signal-to-noise ratios much higher

hose obtained using simple averaging (McGill et al., 1985).
n this way, EMGLAB is able to obtain MUP averages acc
ble for architectural analysis from 10 or 20 s long epo
ven in fairly complex and noisy signals.

It should be noted that the MUP waveform is not p
ectly constant from discharge to discharge. Rather, it v
omewhat in shape and duration, due primarily to fluctua
n muscle-fiber conduction velocity (St̊alberg and Sono
994). This is related to the inter-channel jitter between sp
ecorded at different electrode sites. As a consequence,
ges of MUPs with widely separated components (eith

he same or in different channels) can be considerably
erent depending on which component is used for alig
he individual traces. For example, for the MUP with a
atellite potential shown inFig. 4, the average computed
ligning on the main component brings the main compo

nto sharp focus but blurs the satellite potential (Fig. 4A). By
he same token, aligning on the satellite potential brin
nto focus but blurs the main component (Fig. 4B).
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Fig. 4. Two different averages of a MUP with a satellite potential obtained
by aligning on the main component (A) or the satellite potential (B). The
MUP onset and the main spike are captured more sharply in (A). The satellite
potential is captured more sharply in (B).

3. Results

3.1. Typical decomposition

The steps involved in the decomposition process can be
understood more fully with reference toFig. 5, which shows
the results of the initial automatic decomposition procedure
for the signal ofFig. 1. This EMG signal was recorded during
a moderately strong contraction of the brachioradialis mus-
cle (this particular signal does not contain any irregularities
related to doubly innervated fibers). The program detected 12
MUs, and identified their discharge patterns well enough to
be able to estimate the mean IDIs for most of them (but not,

e.g., MU 12). The program may also have made some mis-
takes. For example, the short IDI of MU 7 near 0.7 s suggests
a possible misidentification.

The decomposition was completed manually. The strat-
egy used was to fill in the incomplete discharge patterns,
beginning with the larger MUs and working to the smaller
ones. For example, the horizontal bar indicates the expected
location of a discharge of MU 1, based on the timing of its
surrounding discharges. The most likely location is the spike
at 1.148 s. When MU 1 was aligned with this spike, it gave
a good fit, and the operator recognized the residual to be
an occurrence of MU 4. Proceeding in this way, the operator
filled in the discharge patterns of all the MUs to finally achieve
the decomposition shown inFig. 1. Note that the superim-
position at 1.184 s involved 6 MUs. The operator guessed
which MUs were involved from the discharge patterns. The
alignment algorithm was able to achieve a very close match,
confirming that these MUs were indeed involved and estab-
lishing their precise discharge times (Fig. 1D).

During the course of the decomposition, the operator
noticed and made templates for five additional MUs that had
not been detected initially. The smallest of these, MU 17,
was only slightly larger than the baseline noise, but it had a
distinctive shape and could be confidently recognized in all
but a few instances. In those instances the expected discharge
times coincided with superimpositions of other MUPs and the
o cally
b

F
m
w

ig. 5. EMGLAB screen after the initial automatic decomposition procedure fo
anually. The horizontal line in the signal panel shows the expected discha
ith the spike at 1.148 s. The residual can be recognized as an occurrence o
ccurrences of MUP 17 could not be located unequivo
ecause of the residual noise.
r the signal ofFig. 1. The decomposition is incomplete and needs to be completed
rge time of MU 1. In the close-up panel, the template of MU 1 has been aligned
f MU 4.
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The validity of the decomposition inFig. 1can be judged
by the small amplitude of the residual signal and the regu-
larity of the discharge patterns. The residual is everywhere
smaller than all but the smallest templates, making it very
unlikely that any of the discharges of the larger MUs were
misidentified. All the discharge patterns except for MUs 13,
14, and 16 contain regular intervals with no obvious gaps or
extra discharges. The discharge patterns of MUs 13, 14, and
16 were slower and less regular than the others, but a careful
recheck of the gaps failed to find that any discharges had been
overlooked. This type of slow, less regular pattern is charac-
teristic of MUs discharging near their recruitment thresholds,
and so there is no reason to suspect that the decomposition is
not substantially correct.

3.2. Objective validation

Because EMG decomposition is complicated and subjec-
tive, it is important to assess its accuracy in an objective
way (Farina et al., 2001). The decomposition accuracy of
a particular signal can be gauged by cross-checking with
another signal recorded simultaneously from a nearby site
in the same muscle (Mambrito and De Luca, 1984). Some of
the activity in the two signals will come from the same set
of MUs, although the signals themselves will be quite differ-
ent. The cross-checking approach is based on the assumption

that wherever independent decompositions of two separate
signals agree about the identity and precise timing of a par-
ticular discharge, then that identification is probably correct.
Otherwise, both decompositions would have to be in error by
exactly the same amount, which is highly unlikely given the
different characteristics of the two signals. On the other hand,
wherever the two decompositions disagree, then at least one
of them must be wrong.

This technique is illustrated inFig. 6, which shows seg-
ments of the signal ofFig. 1 and a second signal that was
recorded simultaneously from the other wire of the fine-wire
pair. The two wires had been inserted together using a sin-
gle hypodermic needle, and their recording surfaces were
separated by about 2 mm due to different barb lengths. The
signals were decomposed independently, i.e., without using
any information from one signal during the decomposition
of the other. A total of 17 MUP trains were identified in one
signal, and 13 in the other. A comparison of the discharge
patterns revealed that 10 pairs of trains were time-locked and
hence corresponded to the same 10 MUs. These trains exhib-
ited inter-channel offsets, but very little inter-channel jitter
because of the close proximity of the two electrodes.

The number of decomposition errors was determined by
counting the number of discharges for which the two decom-
positions disagreed by more than±0.5 ms (after correcting
for the intra-channel offset). Over the entire 10 s epoch, five

F
o
t
s

ig. 6. Assessment of decomposition accuracy. (A) Decomposition of a segm
f a signal recorded simultaneously from a nearby site in the same muscle.

emplates and different amplitudes in each signal. The numbers under the t
ignals. The arrow at 6.36 s in signal A indicates the actual discharge time, b
ent of the EMG signal ofFig. 1. (B) Decomposition of the corresponding segment
The MUs marked with stars were detected in both signals, although with different
emplates indicate the estimated decomposition accuracy of those MUs in thetwo
ased on signal B, of a misidentified instance of MU 17.
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errors were found for MU 17, one for MU 6, and none for
the other eight MUs. Assuming that the errors were probably
made in the signal in which the MU had the smaller spike,
this allowed us to estimate the identification accuracy (the
number of correct identifications divided by the total num-
ber of discharges) for 18 of the MUPs in the two signals
(seeFig. 6). These results agree with a more extensive val-
idation study that showed that an identification accuracy of
98% or greater can generally be expected for MUPs that have
peak amplitudes greater than 2.5 times the overall rms signal
amplitude (McGill et al., 2004).

None of the errors involved missing discharges or false
positives, because those types of errors were noticed and cor-
rected during decomposition. Instead, all the errors involved
slight misplacements of small MUPs, usually when they were
involved in superimpositions with larger MUPs. These errors
were typically less than 5 ms in magnitude, and they had only
a small effect on the smoothed IFR profiles. One of the largest
errors can be seen inFig. 6A. A discharge of MU 17 was
expected in the interval indicated by the horizontal bar. The
operator located it in the spike at 6.35 s, but signal 5B shows
that it actually occurred during the spike at 6.36 s. This partic-
ular error can be attributed to human error, since the operator
failed to notice the actual discharge in the residual at 6.36 s.
Other errors were attributable to low-signal-to-noise ratio.
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Fig. 7. (A) Muscle force (heavy) and MU recruitment estimated at two sites
(thin, dotted) during a ramp contraction of the medial gastrocnemius muscle.
Recruitment was estimated by counting the number of MUs that were active
at each instant in time. (B) Instantaneous firing rate (IFR) profiles of the
MUs during the contraction. MUs detected only at one site or the other
are indicated by solid or dotted lines. Two MUs detected at both sites are
indicated by dashed lines.

drive to the motoneuron pool (De Luca and Erim, 1994). The
patterns of the IFR fluctuations of the MUs detected at the
two different recording sites were indistinguishable, which
bolsters confidence in the accuracy of the decompositions.

3.4. MUP averaging

The use of full decomposition to acquire high-accuracy
MUP waveforms is illustrated inFig. 8. Signals were recorded
simultaneously from a pair of fine-wire electrodes in the
semitendinosus muscle. A segment of the unfiltered signal

Fig. 8. MUP waveform averaging. (A) Unfiltered EMG signal from the semi-
tendinosis muscle (solid) and reconstructed contribution of the 10 MUs that
were decomposable in the signal (dotted). (B) Reconstructed contribution of
fi l. (D)
M tted)
i minal
w

.3. Recruitment and discharge behavior

An example of using EMG decomposition to study M
ischarge behavior is shown inFig. 7. EMG signals wer
ecorded from two separate fine-wire electrodes in the m
astrocnemius muscle during an isometric ramp contrac
he electrodes were inserted 1 cm apart in a direction ob

o the muscle-fiber axis. The signals were decomposed
o make the results from the two electrodes more compar
nly those MUs that had spike amplitudes greater than 2�V
eak-to-peak were accepted for further analysis. Since
mplitude decreases with distance, this was roughly eq

ent to including only those MUs that had at least one fi
ithin a certain fixed distance of one or the other electro
his gave a total of 16 MUs, 7 of which were detected o
t one site, 7 only at the other site, and 2 at both sites.

Fig. 7A shows the recruitment patterns at the two s
hese plots were obtained by simply counting the num
f MUs that were active in each signal at each instan

ime. The MUs that were detected at both sites were incl
n both counts. It can be seen that the recruitment pro
ere numerically similar, and that they closely resemble

orce profile. This can be interpreted to mean that the M
ere homogeneously distributed in terms of their recruitm

hresholds in the vicinity of the two electrodes, and that e
lectrode sampled a comparable, representative cross-s
f muscle tissue.

The smoothed IFRs of the MUs are shown inFig. 7B. The
FRs fluctuated considerably, but they all followed a comm
attern that presumably reflects the pattern of the com
ve additional MUs decomposed from a nearby site. (C) Residual signa
UP waveforms obtained using averaging with (solid) and without (do

nterference cancellation. The tics indicate the MUP onsets and ter
aves.
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from one electrode is shown inFig. 8A. 10 MUPs were
fully decomposed in this signal, and an additional 5 MUPs
were decomposed in the signal from the other electrode.
The MUP waveforms were averaged from 10 s of data using
the interference-cancellation algorithm (Fig. 8D, solid). For
comparison, the simple averages (without interference can-
cellation) were also computed (Fig. 8D, dotted). It can be seen
that the former averages have very flat baselines and clearly
visible onsets and terminal waves (Fig. 8D, tics), whereas
these features cannot be identified reliably in some of the
waveforms obtained by simple averaging. Note also that even
though MUs 11–15 were not decomposable in this signal, it
was still possible to average their MUP waveforms using the
discharge patterns from the other signal.

The completeness of the decomposition can be appreci-
ated by looking atFig. 8A–C. The dotted trace inFig. 8A
shows the reconstructed signal formed by summing together
the MUP waveforms of MUs 1–10 at their detected discharge
times.Fig. 8B shows the reconstruction for MUs 11–15, and
Fig. 8C shows the residual. It can be seen that MUs 1–10
were responsible for most of the activity in the signal, and
that their contribution has been completely accounted for by
the decomposition. MUs 11–15 are farther away and make
only a small contribution. The residual comes from other
distant MUs whose broad MUPs sum together to make a
low-frequency interference pattern, much like the surface
E is-
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Fig. 9. MU architecture. (A) MUP waveforms of two MUs at four sites
(e1–e4) along the proximodistal axis of the brachioradialis muscle. The solid
arrows indicate the onsets and the open arrow indicates a terminal wave.
(B) Estimated architectures of the two MUs. MN1 and MN2 indicate the
motoneurons of the two MUs.

1997), it is only necessary to identify them at one recording
site. The correctness of these latency values was supported
by the fact that similar values were found for the other MUPs
in each class.

MUP 1 consisted of two waves, the first initiating near
electrode site e1 and propagating distally at least as far as
e4 with a conduction velocity of about 4 m/s, and the sec-
ond following about 8 ms later but terminating before site e3.
Assuming that the two waves were initiated at approximately
the same time, the second wave must have originated about
30 mm proximal to e1. The lack of distinct terminal waves
associated with either component suggests diffuse intrafasci-
cular terminations.

MUP 2 consisted of a single main wave, although dis-
tinct spikes were visible at some recording sites, indicating a
slight dispersion among the endplates locations or conduction
velocities of the individual muscle fibers. The wave initiated
near site e3 and propagated in both directions. A distinct ter-
minal wave was visible 20 ms after the initiation, indicating
a tendinous termination 80 mm distal to e3.

Thus, the overall architecture is that of a series-fibered
muscle (Fig. 9B). MU 1 belongs to a proximal band of MUs
that are innervated in two endplate zones near the elbow
crease and that terminate intrafascicularly. MU 2 belongs to
a distal band of MUs that are innervated in an endplate zone
60 mm distal to the elbow crease and that terminate at the
MG signal in which individual MUPs cannot easily be d
inguished.

The noise reduction achieved using interference ca
ation can be appreciated by noting that in simple avera
he entire signal essentially acts as noise, whereas with
erence cancellation only the residual signal does. The a
bility of the second channel made it possible to cance

nterference from MUs 11 to 15, which provided a furth
lthough in this case only slight, noise reduction.

.5. MU architecture

An example of the use of MUP waveforms from differ
ites in a muscle to investigate muscle architecture is s
n Fig. 9. Signals were recorded from four pairs of fine-w
lectrodes inserted at sites 2 cm apart along the proximo
xis of the brachioradialis muscle. A total of 26 distinct M
ere identified. They fell into two classes, based on the sp
istribution of their MUPs across the four recording site
epresentative of each class is shown inFig. 9A.

Several technical points should be made. The differ
n amplitude of the MUPs at the different recording site
ue to the fact that the different electrodes ended up at d
nt locations within the MU cross-sections. The initiati
nd terminal waves inFig. 9are smaller and more difficult

dentify than those inFig. 8. This is typical in brachioradiali
nd is probably due to several factors, including small in
ation ratios, long fiber lengths, and diffuse intrafascic
erminations. Nevertheless, since these features corre
o non-propagating components of the MUP (Stegeman et a



10 K.C. McGill et al. / Journal of Neuroscience Methods xxx (2005) xxx–xxx

distal tendon. It would not have been possible to obtain this
complete picture without the spatial information provided by
the multiple recording sites.

3.6. Doubly innervated muscle fiber

The ability to subtract out the activity of certain MUs in
order to highlight the activity of other MUs is illustrated
in Fig. 10. The signal inFig. 10A was recorded by a fine-
wire electrode in the brachioradialis muscle. Decomposition
revealed seven stable MUPs and two irregular ones. One of
the irregular MUPs had gaps in its discharge pattern, and
the other had an unstable waveform. In order to observe the
behavior of the unstable MUPs more clearly, the activity of
the stable MUPs was subtracted from the signal (Fig. 10B).
The traces were aligned on the successive discharges of MU
1. MU 2 had a slightly higher discharge rate, so its discharges
would be expected to occur somewhat earlier in each trace.
In traces 3–5, MUP 2 did not occur at its expected discharge
times (x’s). In traces 6–8, MUP 1 was disrupted. This is the
characteristic pattern of irregularities associated with a dou-
bly innervated fiber (Lateva et al., 2002).

These irregularities can be explained in the following way
(seeFig. 10C). MUs 1 and 2 shared a doubly innervated
muscle fiber, the potentials of which were recorded both as
MUP 2 and as the volatile component of MUP 1. The two
e was
b ged
l MUP
2 al in
t MU
2 U 1
d ared

fiber was still partially refractory, and so its contribution to
MUP 1 was delayed and attenuated. The ability to subtract out
the activity of the other MUPs makes it possible to analyze
these irregularities in some detail.

4. Discussion

4.1. Comparison with other methods

MU discharge patterns can be studied using both single-
and multi-unit techniques. In single-unit studies, a highly
selective electrode or a low-level of contraction is used to
isolate the activity of a single MU (Bigland and Lippold,
1954; Datta and Stephens, 1990). The advantage of single-
unit techniques is that the discharge pattern can be identified
easily. The disadvantage is that only one MU can be studied
at a time. Multi-unit techniques require more processing, but
they yield information about multiple MUs, and, moreover,
MUs that are active simultaneously.

EMG decomposition is employed somewhat differently
in clinical and physiological applications. Clinically, EMG
decomposition is used to diagnose neuromuscular disorders
(Haas and Meyer, 1989; Stashuk, 2001). The goal is to quickly
and automatically characterize MUPs and MUP trains in
signals from low and moderate contractions. Clinical decom-
p by
c there
i well
( ed
t ol-
o hieve
f

F G sign dis
o identifi ion reveals
i (x’s) a
i scle fib
ndplates were about 30 mm apart, and the electrode
eyond the endplate of MU 1. Whenever MU 1 dischar

ess than about 25 ms before an expected occurrence of
(as in traces 3–5), the leftward traveling action potenti

he shared fiber collided with the action potential from
preventing it from reaching the electrode. Whenever M
ischarged shortly after MUP 2 (as in traces 6–8), the sh

ig. 10. Doubly innervated muscle fiber. (A) Consecutive traces of EM
f MU 1 (arrows). (B) The same traces after subtracting out all the

rregularities indicative of a doubly innervated fiber: blocking of MUP 2
f MUP 2 and the volatile component of MUP 1 came from a single mu
osition is primarily concerned with signals recorded
oncentric and monopolar needle electrodes, although
s now interest in high-density surface electrode arrays as
Kleine et al., 2000). Clinical decomposition methods ne
o be robust enough to deal with MUP instability in path
gy, but they do not necessarily need to be able to ac

ull decomposition.

al (high-pass filtered) from the brachioradialis muscle, aligned by thecharges
ed activity except for the discharges of MUs 1 and 2. The subtract
nd disruption of MUP 1 (last three traces). (C) These irregularities are explained
er shared by both MUs. e indicates the electrode.



K.C. McGill et al. / Journal of Neuroscience Methods xxx (2005) xxx–xxx 11

Although EMGLAB is not intended for routine clini-
cal use, it is well suited for analyzing the types of signals
recorded clinically, namely, single-channel signals recorded
by conventional needle electrodes. The ability in EMGLAB
to inspect individual discharges and subtract out interfer-
ing activity lends itself to investigations of the physiologi-
cal mechanisms underlying electrophysiological phenomena.
For example, we have used this ability to study the origin
of satellite potentials in normal muscle (Lateva and McGill,
1999) and the mutual blocking behavior of action potentials
in doubly innervated muscle fibers (Lateva et al., 2002, 2003).

In physiological applications, human interaction is often
used to ensure full and accurate decompositions. The best
known of these methods is the precision decomposition
method (De Luca, 1993; Nawab et al., 2002; De Luca et al.,
2004). It is specifically designed to analyze multi-channel sig-
nals recorded by a special quadrifilar needle electrode. This
electrode uses multiple closely spaced recording surfaces to
record highly selective signals from very close-by muscle
fibers. This makes it possible to identify MUP trains during
even the highest levels of contraction. Precision decomposi-
tion involves several automatic steps, but it relies on human
supervision to complete and check the decomposition.

EMGLAB differs from precision decomposition in several
ways. EMGLAB is able to analyze single-channel signals,
including signals recorded using conventional needle and
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behavior, variability of MUP components, and MU architec-
ture. Furthermore, by making sure that all the activity in a
signal is fully accounted for, full decomposition also ensures
that an unbiased and representative sampling of muscle activ-
ity is obtained from each recording.

Another advantage of full decomposition is that it provides
an added measure of confidence in the accuracy of the results,
in much the same way that the overall integrity of a completed
jigsaw puzzle confirms the correct placement of the individ-
ual pieces. If a signal is only partially decomposed, one can
never be entirely certain whether every other discharge might
be missing from some discharge patterns or whether some
MUs might have been overlooked altogether. However, when
a signal is fully decomposed, with every discharge and super-
imposition accounted for to the level of the baseline noise by
a set of physiologically realistic MUP trains, then those MUP
trains can reasonably be considered to be substantially cor-
rect.

4.3. Decomposition accuracy

Most investigators would agree that the regular stereo-
typical discharges recorded in single-unit studies provide an
unequivocal record of the discharge pattern of a single MU.
Likewise, most investigators who have examined low- and
moderate-level multi-unit EMG signals closely would agree
t tify
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ne-wire electrodes. It uses interpolation rather than o
ampling to achieve high temporal resolution, which per
lower sampling rate (10 kHz compared to 50 kHz)

educes storage requirements. The user interface is ba
he continuous signal rather than just the spikes that ex

threshold, which makes it easier to identify and ana
ven small MUPs and MUP components. EMGLAB also
lays the continuous residual signal to facilitate verifica
f decomposition completeness and accuracy.

Like some other methods, EMGLAB provides
decomposition-triggered averaging” capability to extr
UP waveforms from the unfiltered EMG interference p

ern. The fidelity of the averages is enhanced by interfer
ancellation. EMGLAB also includes several unique cap
ties, including a robust algorithm for resolving complica
uperimpositions and an ability to accommodate apprec
nter-channel jitter in signals from widely separated e
rodes.

EMGLAB’s facilities for reading, displaying, and inte
cting with EMG signals also make it an ideal platform
eveloping and testing new decomposition algorithms.
bility to manually check results provides an accurate w
ssess algorithm performance.

.2. Full decomposition

Full decomposition provides a complete accountin
very discharge in an EMG signal. This level of deta
ot necessary in every application, but it may be neede
tudying certain phenomena such as common MU disch
n

hat it is usually possible, given sufficient effort, to iden
he discharge patterns of several MUPs with a high lev
onfidence.

Cross-checking studies like the one described here co
hat this confidence is warranted. EMG signals were reco
rom two nearby sites in the same muscle. The signals
ained activity from many of the same MUs, but the MU
hemselves and the non-common activity were quite diffe
evertheless, independent decompositions of the two si
greed precisely on the timing of every discharge of e

arge MUs. Thus, it is highly likely that all those dischar
ere identified correctly. The independent decomposi
lso showed that although some of the smaller disch
ere identified incorrectly, most of them were identified c

ectly. These results confirm the subjective impressio
xperienced operators that the discharges of larger M
re by-and-large unambiguous and that smaller MUPs
e identified reliably enough to at least approximate t
verall discharge patterns.

While it is not practical to validate every decomposition
ross-checking, results such as these can be used to es
ecomposition accuracy in signals of comparable comple
or example, we expect that in signals that have been c
ently decomposed by an experienced operator, MUPs
eak amplitudes greater than 2.5 times the rms signal a

ude will have been identified correctly to within±0.5 ms
t least 98% of the time, but that MUPs with peak am

udes between 1.0 and 2.5 times the rms signal ampl
ill have been mislocated by up to±5 ms up to 10% of th

ime (McGill et al., 2004).
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An objective assessment of decomposition accuracy is
important for properly interpreting the scientific validity of
decomposition results. It should be noted that different levels
of accuracy may be called for in different applications. For
example, a higher level of accuracy may be needed to estimate
short-term synchronization than to estimate mean firing rate.
It should also be noted that decomposition accuracy depends
on both the MUP and the signal in which it occurs. The same
level of accuracy cannot necessarily be expected for two dif-
ferent MUPs in the same signal, or for the same MUP in
two different signals. Therefore, accuracy should properly
be assessed for every individual MUP in every individual
signal.

4.4. Human interaction

At present, EMGLAB still relies on manual interaction
to accomplish full decomposition. The amount of manual
effort needed is minimal for signals with eight or fewer MUP
trains, which the program is largely able to decompose auto-
matically. The effort is typically 10–20 min/s for signals with
9–12 MUP trains. More complex signals, multi-channel sig-
nals, and signals with volatile MUP components may take
even longer.

We continue to develop EMGLAB’s automatic procedures
to make them more capable and reduce the amount of human
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