
 
 

 

  

Abstract— Estimating time varying response properties in 
the motor cortex is an essential task to decode motor neural 
activity for adequate and reliable neuroprosthetic control. 
Response properties are typically governed by the precision in 
neuronal firing and changes in the mean firing rate of 
individual neurons in relation to the preferred movement 
direction. This paper proposes a new approach for 
simultaneously estimating both types of information directly 
from a multiscale representation of neural data. The approach 
is based on exploiting the sparsity introduced in the data 
through a wavelet transformation to first derive distinctive 
features of neuronal spike waveforms in addition to precision 
in neuronal firing. Then, changes in mean firing rates are 
captured along an extended path of the representation to co-
localize both response properties. We use spatiotemporal point 
process models to describe these properties and demonstrate 
the validity of the approach in decoding a 2D movement 
trajectory synthesized with 24 neurons directly from the 
sparsely represented data. 

I. INTRODUCTION 
EUROPROSTHETIC control with cortical neural signals 
relies on decoding motor cortex activity before the 

actual muscular system response takes place [1]. The 
decoding process is a cascade of processing steps to be 
undertaken to enable the subject to experience a natural 
motor system behavior. These steps generally consist of 
simultaneously monitoring the activity of multiple cortical 
neurons through the detection of their extracellular spike 
waveforms in the recorded data, followed by waveform 
classification to obtain binary single-neuron spike trains. 
The functional interdependence between these binary spike 
trains determines the population code to be decoded for 
prosthetic limb control. 

There is ample theoretical and experimental body of 
literature suggesting that improvements in motor output 
behavior are closely associated with the size of the cortical 
population recorded, the day-to-day stability of these 
recordings, and the accuracy of the decoding algorithms [2]. 
There is no apparent consensus in the scientific community 
on how many neurons are needed for adequate closed-loop 
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motor control, partly because it is unclear how many, if not 
all, motor cortex neurons are participating in the information 
representation [3]. Despite varying population sizes reported 
in the literature, tens to a few hundred neurons are generally 
needed to achieve above 90% accuracy [3]. It was also 
suggested that decoding the population activity needs to be 
achieved within the preparatory period, estimated to be 
approximately 100-200ms [1],[2], before the actual 
movement takes place. More complex motor tasks such as 
finger manipulation will require sampling potentially 
thousands of possibly non-adjacent neurons, which further 
places more stringent limitations on the amount of 
computations that can be performed within a cortical 
implant’s resource constrained environment.  

Population response properties of motor cortex neurons 
seem to heavily depend on two types of information: 
precision in neuronal firing, and relative changes in mean 
firing rate characteristics during preparatory and actual 
movement periods [4]. This information needs to be detected 
and extracted to determine which of the recorded neurons 
are task related. On one end, synchrony measured by 
coincidence in firing seem to be present at various epochs of 
the preparatory period [5], while on the other end, changes 
in mean firing rate translating into bursts of activity are also 
present during movement periods [1]. It is thus evident that 
the time scale used to quantify response properties is of 
crucial importance for decoding the activity.  

From a signal processing viewpoint, these observations 
imply a heavily unbalanced distribution of signal power over 
time as well as temporal information of spike timing 
precision that cannot be neglected. This leads to a 
considerable strain on the entire system due to the largely 
variable data throughput. We have proposed an approach for 
reducing the strain on the telemetry system in [6], mainly 
relying on sparse representation of the multi-neuron data to 
overcome bandwidth limitations. In this paper, we show that 
this representation enables adequate estimation of both types 
of information in the population response, without the need 
for separate signal reconstruction and sorting modules 
typically needed to estimate these properties. We 
demonstrate both analytically and computationally that the 
compressed data contains all the information needed to drive 
the decoding algorithm for faster, reliable and ubiquitous 
motor control with implantable BMI systems. 
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II. THEORY  

A. Spatiotemporal Point Process Model 
The continuous-time intensity function λp(t,x,y,z) 

underlying the point process of a single neuron p can be 
used to calculate the expected number of events, Np, 
encountered during an interval [Ta,Tb]  
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Typically, the measured Np is used in the decoding task by 
binning the data equally and counting the number of events 
within each bin. The bin width, Tb-Ta, plays an important 
role in assessing the two types of information in the 
response: 1) When Tb-Ta is small such that only one event at 
most is expected in a given bin (precision firing); and 2) Tb-
Ta is large permitting subtle changes in λp(t,x,y,z) to reflect 
the neuron’s relative changes in its mean firing rate as an 
indicator of its functional role in the population activity 
during the motor task. One can use the following model  
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to describe the rate function, where βp, αp and τp denote the 
background rate, strength and onset of the evoked response 
ψ of neuron p located at position (xp,yp,zp), respectively. For 
the scope of this paper, we assume that the dependence of 
the intensity function on the spatial coordinates is stationary, 
i.e., the rate model exhibits only temporal nonstationarity. 
This is expressed in the parameters of the phasic response αp 
and τp that are governed by the kinematics of the movement.  

B. Measurement Model and Sparse Representation 
Following a spike detection stage, the observations 

usually consist of the time of occurrence of the Np events 
(e.g. when the observed signal surpasses a threshold) and the 
entire spike waveform to be sorted. Assuming that the pth 
neuron spike waveform is represented by a vector of length 
Np, denoted ])()2()1([s spppp Nsss= , the goal is 

to convert the  )( 1×× spp NmN  non-binary valued 

observation vector (where mp is the number of channels on 
which spikes fro neuron p appear) to 1×pN  binary valued 

vector to quantify the neuron’s firing properties1. Since 
typically Mp<<Ns, reducing Ns→1 is more challenging and 
also provides a complete solution to the problem when 
mp=1. In [6], it was shown that a sparsity transformation 
operator (e.g., a wavelet transform) can significantly reduce 
the number of coefficients representing each spike 
waveform to some Nc<<Ns. In the ideal case, Nc should 
converge to 1. Given a basis φj: j=1,…,Ns , the spike is 
represented by the transform coefficients jp

j
p sw φ,= , such 

that a considerable sparsity is obtained if the condition 
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 is satisfied, where K > 0, and 

0 < q < 2  [7]. A q approaching zero implies that more 
sparsity is involved, while q = 2 implies no sparsity at all. 
The objective is to identify the most significant transform 
coefficient(s) of every spike in such a way to be able to 
simultaneously preserve the unique features of that spike 
while minimizing Nc to permit response properties (precise 
timing and rate) to be directly estimated from the sparsely 
represented data.  

For simplicity, assume that the reference point for 
marking an event presence is taken as the first sample of the 
spike waveform. The sampled non-binary spike train of 
neuron p can be expressed as  
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Where Nr expresses all the refractory and rebound effects of 
the neuron, δ(.) is the Dirac delta function, and Ts is the 
sampling period. The set {Np} contains all the event times of 
neuron p. For a given basis φj, the transformed spike can be 
expressed as  
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where the set }{ j
cN  comprises the indices of the most 

important transform coefficients s
j

c NN <<  needed to 

reconstruct the spike waveform with error ε , j
s

j
s TT 2/= . 

In [8], it was suggested that the qqj
cN 22 /)( −≅ ε  largest 

coefficients are kept. Since the transform preserves temporal 
information, the j

cN  transform coefficients are typically 
centered around the event time. The height and spread of the 
coefficients around }{ pNi ∈  will depend on two important 
characteristics of the signal: first, the magnitude of the 
coefficients contain all the information about the degree of 
correlation of φj and sp (i.e. features of the spike waveform); 
and second, the coefficient spread is dependent on the basis 
kernel support as well as the interspike interval.  

For the basis to capture the intrinsic features in the spike 
waveform simultaneously with the response properties, it is 
important to consider the spike projection onto the entire 
library provided by φj: j=1,…,Ns [9]. For small j, i.e., fine 
time scales, the precise timing of the spikes is captured 
efficiently since the basis is well localized in time. For large 
j, i.e. coarse time scales, an estimate of the average rate can 
be obtained since the basis has the longest time support 
(well localized in frequency). Therefore, the multiscale 
sparse representation provides a repertoire of information 
that can be used to obtain the response properties of each 
neuron.  



 
 

 

C. Estimation of Response Properties 
The objective is to estimate both response properties 

from single trial sparsely represented data to allow real time 
decoding of arm trajectory. Consider the example in Fig. 1 
in which βp=10 events/s, αp=25 events/s and τp=400ms. 
Outside the range where the rate is rapidly changing (i.e., 
~400ms to 800ms), the variability in the individual 
responses observed in Fig. 1 is typically caused by 
irregularly spaced events that we consider “point process 
noise”. This accounts for distinct neural state, habituation, 
adaptation, etc... This noise is typically cancelled out by 
averaging across trials.  

Tr
ia

l n
um

be
r

10

20

30

0 0.5 1 1.5
0

20

40

Time (sec)

E
ve

nt
s/
se

c

 

 
True
Estimated

 
Fig. 1: Intensity function and associated point process for 30 trials. 
Estimate obtained using a fixed 30 ms bin width averaged across 
trials. 

However, one can observe that if the point process 
underlying the spiking activity of neuron p is expressed as  
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where both ep and zp are binary (containing Npt and Npu 
events) the occurrence of 1’s in ep will be very “regular” in 
the sense that rapid changes in λp(t) can be reliably estimated 
from observing ep without trial averaging. On the other 
hand, the occurrence of 1’s in zp can be regarded as spurious 
events that do not positively contribute to estimating these 
rapid variations in a single trial and therefore their effect is 
reduced by averaging across trials. This is most pronounced 
when λp(t) is very smooth and approaches a constant. Using 
(5) in (4), the regularity term is expressed as 
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as j becomes large, the time resolution j
sT  becomes coarser, 

enabling the large coefficients j
pw  to spread their energy 

across multiple time indices. Smaller interspike intervals are 
expected on average during the rapid change epoch of λp(t), 
which will translate into a “bump” (or a “ridge”) around the 
location of the sudden change in the rate. On the other hand, 
the process noise term, 
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will be smoothed out for large j, since events in the set {NPu} 
are more sparsely distributed than those in {NPt} across time.  

III. RESULTS 
As a representative example of the results, we simulated a 

population response of 24 neurons involved in encoding a 
2D trajectory of arm movement. The response properties 
were synthesized using a cosine tuning model of preferred 
directions similar to [1], [10]. No precise timing of spike 
occurrences was incorporated in this model, so only large j 
was used to estimate the relative changes in the mean firing 
rate in single trials. Over the entire library of basis used, we 
used the mean square reconstruction error between the true 
rate function and the estimated one in each basis as an 
indicator of performance 
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where B(.) is an algorithmic operator that determines the 
intensity function given a point process, I(.) is an 
information operator that determines the most informative 
basis to estimate the rate of a given neuron spike waveform. 
A rate estimate is then obtained as the inverse transform, 
with the coefficients of all nodes set to zero except those in 
the node(s) determined to be most informative. 

The resultant normalized errors evaluated across the basis 
library for a selection of neurons from a particular trajectory 
are shown in Fig. 2. Here we observe that the rate estimate 
improves as we move down the wavelet tree (increasing j) 
and the longer basis support is better able to estimate the 
average firing rate. When we progress beyond level 12 
(node 23), however, the basis support becomes too large and 
is unable to capture the characteristics of the underlying rate. 
In these experiments, it was generally found that using node 
23 alone as the rate estimator yielded the best performance. 
Assuming that the target binary spike train resolution is Δ  
(this accounts for action potential duration + refractory and 
rebound effects), and that the basis filter support is B, then 
the number of dyadic wavelet levels required to convert the 
nonbinary spike waveform train to a binary event train with 
resolution Δ is   

sTBL *2log Δ=          (9) 

With B=8 (Symmlet 4 filter length), and a sampling period of 
40 μs, simple calculations show that level 12 basis (nodes 23 
and 24) capture the intrinsic features of the rate function 
over a temporal resolution of approximately 436 ms (with Δ 
= 3ms). This resolution is shown below to be very adequate 
to capture the time constant of rate functions of neurons 
involved in encoding arm movement trajectory.  

Fig. 3 shows actual rate estimates obtained for a particular 
neuron whose actual spike train is shown in Fig. 3(d). The 
effect of approximating the rate using a basis of insufficient 
support (i.e. at a lower decomposition level) is readily 
apparent from Fig. 3(a). Fig 3(b) shows the “best” rate 
estimate obtained from node 23 (level 12), and Fig 3(c) 
shows that there is no benefit gained from including the 
coefficients from node 24 (level 12) in the rate estimate. All 



 
 

 

rate estimates have been normalized in magnitude, and any 
negative components have been removed to give a 
physically meaningful rate estimate at all samples of the 
trial. 

Using the inverse of the cosine tuning model across the 
entire population of 24 neurons, we “decoded” the actual 2D 
trajectory that was used to generate the original neural 
responses to obtain the estimates shown in Fig. 4. 

IV. CONCLUSION 
We have demonstrated the ability of a multiscale multi-

neuron data representation to provide single trial estimates 
of neuronal firing rates. The response properties were found 
to be best represented at time scales proportional to the time 
constants of the underlying firing rates. These findings not 
only eliminate the need to conduct multiple trials to obtain a 
meaningful population response, but they also allow the 
response properties to be directly determined from a 
multiscale decomposition process in which temporal 
compression is performed along the data transmission path. 
Our current work is aimed at incorporating other 
information of response properties such as precise temporal 
firing in the decoding model as well as comparing the 
performance of other decoding models to the cosine tuning 
model used in this paper. 
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Fig. 3.  Examples of rate estimators (solid red lines) for a particular 
neuron’s firing rate using (a) Nodes 21 and 22, (b) Node 23 and (c) 
Nodes 23 and 24. The actual rate is plotted with a dashed line in each 

0 0.5 1 1.5 2 2.5

-400

-300

-200

-100

0

100

200

X
 D

is
pl

ac
em

en
t

Time (s)

0 0.5 1 1.5 2 2.5

0

50

100

150

Y
 D

is
pl

ac
em

en
t

Time (s)

 

 
Nodes: 21,22
Node: 23
Node: 23,24
Original Trajectory

 
Fig. 4.  Reconstructed trajectories (x and y components at top and 
middle) using several different node combinations for the rate 
estimate. The solid line shows the actual trajectory. Original 2D 
trajectory is shown at bottom left, and single-trial reconstructed 2D 
trajectory from sparsely represented data at bottom right. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


