
Abstract—A new technique for designing EMG spatial filters 
with optimized spatial selectivity is described.  Simulations 
were used to model an action potential (AP) as a tripole source 
within the muscle, and to calculate the voltage induced at an 
array of surface monopolar electrodes.  Next, a map of desired 
spatial filter output voltages was created as a function of the 
location of an AP beneath the array.  Linear least squares was 
used to solve for the filter weights which optimally matched the 
desired filter outputs to those resulting from the tripole model.  
The optimized filters were found to be consistently superior to 
the conventional normal double differentiating filter.  
Selectivity was a function of the simulated inter-electrode 
spacing and the number of electrodes in the array. 

I. INTRODUCTION

URFACE electromyogram (EMG) arrays may be useful in 
the diagnosis and study of many neurogenic/myogenic 

disorders [15].  Surface electrode arrays are noninvasive, 
eliminating the patient discomfort of inserted needles, and 
can track the propagation of a motor unit action potential 
(MUAP), allowing estimation of the muscle fiber 
conduction velocity (MFCV).  Irregularities in MFCV can 
be a symptom of many disorders, including McArdle’s 
disease [22].  A key to unlocking diagnostic information is 
the ability to decompose the composite EMG interference 
pattern into the constituent firings of each MUAP.  Surface 
electrodes typically have poorer spatial resolution than 
needle electrodes, resulting in the simultaneous recording of 
more MUAPs — a detriment to decomposition.  
Additionally, the surface EMG signal is distorted compared 
to indwelling EMG [11]. 

Spatial filtering has been shown to be an invaluable tool 
in surface decomposition by limiting the number of 
superimposed MUAPs contributing to the analyzed signal 
[5], [18].  Reucher et al. [18], [19] investigated bipolar and 
NDD (normal double difference, a.k.a. “Laplacian”) 
configurations with respect to their ability to increase 
selectivity.  Other spatial filters (e.g., 2nd order inverse 
binomial, 4th order inverse binomial, inverse rectangle) [5] 
have been investigated and the 2nd order inverse binomial 
filter was shown to be well-adapted to non-invasive surface 
EMG.  Farina and Rainoldi [8] created an optimal spatial 
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filter by introducing an analytic model of the muscle and 
skin and finding an inverse transfer function.  In this paper, 
a new approach to spatial filter design is presented. 

II. METHODS

A. Tripole Model
Surface potentials were simulated as from a rectangular 

array of point electrodes due to MUAPs located within the 
muscle tissue, using MATLAB (The Mathworks, Natick, 
MA, USA).  All electrodes were assumed to be located on 
one side of the innervation region.  Muscle fiber de-/re-
polarization processes were realized as a current tripole [2], 
[20] whose transmembrane ionic currents (Im, m=1,2,3) [23] 
were induced by the MUAP as it propagated down the 
muscle fiber with conduction velocity v, typically in the 
range of 3–5 m/s [6].  The surface potential at a point on the 
skin was calculated as [23]: 
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where Im (Amps) is the point current value of the mth pole, 
dkm (m) is the distance between the mth pole and the point of 
measurement for the kth electrode, Vk (Volts) is the voltage 
induced at the kth electrode, and  (Siemens/m) is the 
conductivity of the volume conductor.  It was assumed that 
the conductive media between the tripole source and each 
electrode was isotropic, homogeneous and of infinite extent.  
The tissue conductivity  was set to 0.5 Siemens/m. 

The electrode array was situated at depth z = 0, where the 
x-y plane is the surface of the skin, and the –z direction 
extends down into the skin.  The +x direction is the direction 
of AP propagation.  The distance in the x direction between 
the middle and leading pole was 2 mm, and the distance 
between the middle and trailing pole was 4 mm [19].  The 
leading point-source current value was set to 12 µA (I1), the 
central source value to -18 µA (I2), and the trailing source 
value to 6 µA (I3) [18], [19].  The location of the central 
source value was used as the gross location of the tripole. 

B. Least Squares Optimization Method 
Spatial filtering is accomplished by weighting each 

monopolar electrode voltage and summing to yield a single 
output signal: 
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, where ek(l) is the 

simulated monopolar voltage from the kth electrode from 
measurement l, wk is the filter weight of the kth electrode and 
K is the number of electrodes.  The problem at hand is to 
optimize the weights such that a small region of the muscle 
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Fig. 1.  Top (left, right) and bottom left show action potential sensitivity 
maps using a 15 by 15 array, interelectrode spacing of 2.5 mm and an action 
potential depth of 7 mm.  Each contour plot contains 10 contour lines.  Top 
left shows results from a monopolar filter (3 dB selectivity of 25.62 mm2).
Top right shows results from an NDD filter (3 dB selectivity of 11.31 mm2).
Bottom left shows results from a least squares filter (3 dB selectivity of 
3.22 mm2).  Bottom right shows a time-voltage plot used to determine the 
second selectivity metric (ratio of amplitudes) for two action potentials 
separated by 2 mm (action potential depth of 7 mm).  Solid line is the array 
output for the least squares filter.  Dash line is the array output for the NDD 
filter.  The amplitude of both time plots is normalized to the maximum 
value of their respective plot.  The least squares filter suppresses the second 
action potential response to 12.1% of the first action potential, while the 
NDD only suppresses to 77.9%. 

tissue is emphasized (i.e., contributes to the spatially filtered 
voltage), while the remaining volume is de-emphasized. 
 To create a spatially selective filter, consider fixing the 
tripole at numerous positions on an x, y, z grid within the 
muscle.  The simulator is then used to find the 
corresponding monopolar voltages induced at each array 
electrode from each tripole position.  Next, a map of desired 
spatial filter output voltages [VDesired(x,y,z)] is created, one 
voltage corresponding to each tripole location within the 
grid.  These desired voltages are set to zero at locations 
where the tripole should be attenuated and set to one where 
the tripole should contribute to the spatially filtered signal.  
The locations set to one represent the volume of focus for 
the array.  In practice, the desired voltages were set to ones 
within a single column along the z axis, from 1 mm below a 
focal point up to the focal point (i.e., along a range of the z
axis).  Unless noted otherwise, this focal column was 
situated at the center of the x–y plane.  Thus, the z-axis depth 
of the focus was sufficient to specify the desired voltage 
pattern. 
 For the lth AP location within the muscle, we seek to 
select weights to minimize the error in: 
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where Errori is the error between the desired spatially 
filtered voltage and that achieved for this tripole location.  If 
L such x, y, z grid locations are tabulated, a set of L
equations in the weights is formed.  Since all of the desired 
voltages [VDesired(l)] and monopolar voltages [ek(l)] are 
known, selection of the spatial filter weights (wk) to 
minimize the mean squared error results in the conventional 
linear LS problem [10], [12], [14], [21].  We solved the least 
squares problem using the Moore-Penrose pseudoinverse 
[10], [21], computed using singular value decomposition 
[14] with a tolerance level of 0.1*No*eps*L (No is the norm 
of the product of the design matrix transpose and the design 
matrix, and eps is the smallest floating point number). 

For all designs, the evaluation grid ranged from –20 to 
+20 mm in the x and y directions (0.2 mm increment), and 
from the focal point to 1 mm below the focal point in the z
direction (0.1 mm increment).  Two focal depths were used, 
4 and 7 mm.  Other depths were investigated and produced 
results consistent with those reported herein.  Simulations 
were run for interelectrode spacings from 0.5 to 5 mm (0.5 
mm increment), using a 15 x 15 electrode array; and square 
arrays with varying numbers of electrodes (32, 52, 72, 92,
112) with a constant 2.5 mm interelectrode spacing.  The 
optimized filters were compared to the monopolar and NDD 
filter performances using two metrics of selectivity, 
discussed below.  The NDD filter consists of five electrodes 
arranged in the shape of a cross: the center electrode has a 
weight of –4, while the remaining electrodes have a weight 
of one.  The central NDD electrode and the monopolar 
electrode were located directly above the focal region. 

C. Quantitative Spatial Selectivity Metrics 
Two metrics were calculated after designing each filter.  

For the first metric, the tripole source was repeatedly located 
throughout a grid in the x-y plane, at the fixed focal depth in 
the z axis at which that filter had been designed.  At each 
location, the voltage produced by the spatial filter was 
computed, yielding a 3D contour map (or, action potential 
sensitivity map).  Maps with a sharper peak correspond to 
filters with higher selectivity — they are more sensitive to 
AP voltages arising from a confined volume within the 
muscle.  To quantify this selectivity, the distance from the 
peak voltage to the 3 dB drop (amplitude) was found along 
the x and y axes in the positive and negative directions and 
each were averaged, respectively.  These two distances 
formed the semi-major and semi-minor axes of an ellipse, 
whose area was taken as the metric of spatial selectivity; a 
smaller area implying higher selectivity. 

The ability to suppress APs that are slightly offset from 
the focus of selectivity was used as the second metric for 
evaluating filter performance [8].  Two traveling APs were 
simultaneously simulated as a function of time.  One AP 
passed through the array center (the filter’s focal point) 
along the x axis while the other traveled along a parallel path 
with a slight offset in the y direction.  Both APs were at the 
same depth and had the same conduction velocity.  In 
addition, the second AP was time-delayed so that its 
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Fig. 2.  Influence of number of electrodes and interelectrode spacing on 3 
dB selectivity metric.  Left plot shows the 3 dB selectivity versus 
interelectrode spacing for the least squares (“LS”) and NDD filters for 
simulated action potentials at two different depths, using a 15 x 15 array.  
Right plot shows the 3 dB selectivity versus number of electrodes for the 
least squares (“LS”) filter for simulated action potentials at two different 
depths.  A square array with interelectrode spacing of 2.5 mm was used.  
Lines are an aid to the eye only. 

Fig. 3.  Influence of action potential (AP) separation (i.e., offset distance) 
on ratio of peak amplitude (second metric of spatial selectivity).  Plot shows 
the ratio of the distant AP peak to that of another AP traveling through the 
center of the electrode array, both at a depth of 7 mm for the least squares 
and NDD filters (LS filters designed for focal depth of 7 mm).  
Interelectrode distance is 2.5 mm with a 15 x 15 electrode array.  Lines are 
an aid to the eye only. 

TABLE I
THREE DB AREA SELECTIVITY (MM2) FOR NDD AND LS FILTERS FOR 

VARIOUS LEVELS OF GAIN ERROR IN FILTER WEIGHTS, DEPTH OF 7 MM, 100
TEST CASES EACH

NDD LS Gain
Error mean std mean std 
0% 11.31 0 3.22 0 
1% 11.31 0.2 9.02 6.49 
2% 11.33 0.31 22.14 11.79 
3% 11.29 0.45 26.51 12.50 
4% 11.32 0.68 † † 
5% 11.28 0.81 † † 
6% 11.24 1 † † 

† Three dB area larger than evaluation grid dimensions.

contribution to the overall voltage recording was not 
superimposed on the first AP.  The ratio of the second AP’s 
peak amplitude to that of the first was taken as the second 
metric of spatial selectivity.  A low ratio implies that the 
filter attenuates the second firing well, while a higher value 
implies less selectivity. 

D. Filter Sensitivity 
To evaluate filter sensitivity to the accuracy of the filter 

weights, spatial filter weights were each randomly perturbed 
and the 3 dB area metric re-computed.  An independent, 
unit-mean and uniformly distributed random value was 
multiplied by each weight.  To represent a 1% gain 
tolerance, the random number ranged between 0.99 and 
1.01.  Similarly, gain tolerances up to 6% were investigated.  
This test was repeated 100 times for each condition, and the 
mean and standard deviation 3 dB area of sensitivity 
reported.  A lower mean area implies better selectivity, and a 
lower standard deviation implies more robustness to noise. 

III. RESULTS

A. Optimized Spatial Filters 
Fig. 1 shows representative results comparing the LS-

based filters to conventional spatial filters.  Fig. 2 shows 
results of the effect of various interelectrode spacings and 
numbers of electrodes on the 3 dB area selectivity.   
Selectivity increases as the interelectrode spacing reduces; 
the LS filter shows superior selectivity for the range of 
spacings investigated.  The plot on the right shows that 
increasing the number of electrodes (i.e., increasing the area 
of coverage) leads to an increase in selectivity.  This 
increase plateaus at 49 electrodes (7 x 7 configuration, 2.5 
mm interelectrode distance).  For comparison, the NDD 
filter has a selectivity of 5.48 mm2 when the AP depth is 4 
mm and 11.31 mm2 when the AP depth is 7 mm.  Beyond a 
49 electrode array, increasing the number of electrodes did 
not increase the filter selectivity. However, smaller 
interelectrode distances (e.g., 0.5 mm) benefited from arrays 
as large as 25 x 25 and exhibited better selectivity. 

 The second metric of selectivity (ratio of 2nd peak 
amplitude to 1st) is plotted for various AP offsets in the y-

direction in Fig. 3.  The LS filter is consistently better at 
suppressing APs outside the volume of interest than the 
NDD filter.  Similar results were found at a depth of 4 mm. 

B. Filter Sensitivity to Channel Noise/Gains 
As shown in Table I, when the filter weights obtained 

from the LS filters were randomly perturbed by as little as 
2–3%, the resultant 3 dB selectivity degraded unacceptably 
(i.e., worse than the NDD filter).  The filters would be 
extremely sensitive to noise and imperfections in the 
component values within the electrode array hardware.  The 
NDD filter exhibited consistent selectivity up to 6% gain 
error, with a small standard deviation.   Similar results were 
found at a depth of 4 mm. 

IV. DISCUSSION AND CONCLUSIONS

Our simulation results found that designing a spatial filter 
by optimizing selection of its weights to a desired filter 
output map produced a more spatially selective filter than 
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existing conventional filters, based on our simulation model.  
However, we found that these spatial filters were overly 
sensitive to gain variations in the filter weights.   Since 
channel-to-channel gain variations on the order of 1%–5% 
are inevitable within existing EMG hardware, this sensitivity 
must be avoided.  Possible solutions to this problem include 
using a larger tolerance level in the Moore-Penrose 
pseudoinverse or other LS regularization strategies.  Our 
preliminary analysis of such techniques suggests that higher 
robustness to gain variations can be achieved, at the expense 
of some filter selectivity.  Alternatively, one can develop a 
data acquisition system with channel gain matching well 
below 1% error using software equalization [1]. 

 The optimized spatial filters were a substantial 
improvement over conventional filters, as evaluated by this 
simulation model.  For comparison, monopolar electrodes 
exhibited a 3 dB area of 25.62 mm2; NDD electrodes with a 
2.5 mm interelectrode spacing exhibited a 3 dB area of 
~11.31 mm2; optimized 15x15 arrays with 2.5 mm 
interelectrode spacings exhibited 3 dB areas of 3–7 mm2,
depending on the design parameters.  Thus, the optimized 
filters provided a relative improvement over the NDD filter 
which is similar to the relative improvement that the NDD 
filter provides over the monopolar electrode.  Selectivity 
was improved by a denser electrode array (down to an 
interelectrode spacing of 0.5 mm) and a larger electrode 
coverage area (up to some maximum area).  These optimized 
filters may help reduce the number of superimpositions in 
the spatially filtered signal, thereby facilitating easier and 
more complete MU decomposition.  Many such filters can 
be applied to develop multiple areas of focus beneath a 
single array, so as to decompose MUs located throughout 
the area covered by the array. 

 Note that the development of these optimized filters did 
not directly incorporate desired common mode rejection 
ratio (CMRR) characteristics of the spatial filter.  Typically, 
the sum of the monopolar weights in a spatial filter is 
constrained to be zero so that common mode voltages are 
nulled.  Fortunately, the weights created by our technique 
largely conform to this constraint inherently.  Future 
research might look to more formally satisfy this CMRR 
constraint.  

 Our general optimization method can be expanded in 
the future to include several variants, each of which might 
improve the limitations of our existing model and method.  
First, we have used a rather simple model — perhaps  overly 
simplistic — of the underlying physiology.  More complete 
models [4], [7], [13] would better represent the potential 
distribution on the skin due to an AP source and produce 
more reliable indicators of performance with actual EMG 
signals [3].  Obviously, evaluation of spatial filters with 
actual EMG signals is imperative in the future, as well.  
Second, we have modeled the electrode potential as a point 
potential on the skin.  Physical array electrodes are typically 
circular contacts, 1–2 mm in diameter.  Models that account 

for electrode contact area can be used to more closely match 
the recorded electrode voltage.  Third, we have used linear 
LS to optimize the parameters.  Other system identification 
techniques exist to relate the recorded monopolar potentials 
to the desired spatially filtered outputs, including weighted 
LS and robust estimation.  Fourth, we have created our 
desired map by assigning the value one to all locations 
associated with the area of focus and zeroes elsewhere.  This 
technique is akin to digital design of ideal time-domain 
filters with neither a transition region nor a window [15], 
[16].  Spatial filtering might be improved by designing a less 
abrupt change at the interface between the focus area and the 
remaining tissue in the desired potential map. 
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