
Preprocession and Interpretation of Multielectrode
Array Recordings

Dorottya Cserpán∗, Zoltán Somogyvári †, Gábor Horváth∗
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Abstract—The recent blooming of the Multi-electrode array
(MEA) technics made it possible to measure the extracellular
potential with a tens of micrometers and few tens of kHz
spatial and temporal resolution. While most common use of these
recordings is to analyse the local field potential or the current
source density (CSD) distribution and to get the spiketrains of
neurons, our goal was to build a tool for estimating a detailed
spatiotemporal description of the electro-physiological processes
in a single cell level. The motivation of this work is the lack of
electrophysiological imaging methods at a whole cell-level. We
present two methods depending on whether the morphology of
the cell is known or not. By applying these methods on simulated
or experimental data we show their performance and limitations.

I. INTRODUCTION

Almost 100 years passed since the recordings of the
first human electroencephalography were carried out by Hans
Berger. Since then the electrode technology has improved,
electrodes with much higher temporal and spatial resolution
are available, both for in vivo and in vitro, invasive and non-
invasive experiments. The potential recorded by an electrode
placed into the extracellular space in the brain or in a slice
is called extracellular potential (EC). The EC at a point is
the superposition of the potentials generated mainly by the
membrane currents of neurons, so it has big significance in
investigating neural activity. Frequencies less than 300 Hz, the
local field potential (LFP), typically are related to synaptic
activities, neural oscillations, the higher ones to firing activ-
ities, which is called the multi-unit activity regime (MUA).
Further divisions of the lower frequency neural oscillations
exist, which emerge as population activities and are connected
to various cognitive states. Although the extracellular potential
is very informative in many senses, it is not straightforward
to interpret how it is connected to the synaptic membrane
currents. In case of multi-layer structures, as the neocortex
or the hippocampus, the Current Source Density (CSD [1])
method connects the the quantities. The inverse CSD [2]
and kernel CSD [3] methods generalized and expanded the
applicability of the CSD method. The spike CSD (sCSD [4])
method was the first to raise the question of restoring the
membrane current source density distribution on a single cell
level. This method is well applicable to neurons possessing an
elongated morphology, like pyramidal neurons. In this paper
two other methods will be shown with similar aims as the
sCSD. One of them, the spherical CSD, is a method to use
in case of neurons with spherical shape with the soma in
the center, like thalamical relay cells. As the palette of the
morphologies of neurons are very colourful, the other method

is developed for arbitrary morphology, but it has to be known.
The feasible technology to reconstruct the morphology after
recording is done by colouring a cell close to the electrode
with flourescent dye and doing automated recovery providing
the coordinates later on. Unfortunately due to the lack of
appropriate experimental data, the ksCSD method was only
tried on simulated data, but the spherical CSD method was
applied on real recordings as well.

II. PREPROCESSION

As the spherical and kernel spike CSD methods calculate
the membrane current source density distributions of single
cells, the extracellular potentials related to these need to be
extracted from the raw data. It is widely accepted, that the
so called spike, which is the extracellular potential evoked by
the firing activity at the soma, looks slightly different for each
cell, but the same for one cell while firing, hence is a good
basis for clustering. Each cluster shall contain spike shapes
belonging to one neuron. To detect the spikes, the raw data was
band-pass filtered between 500-3000 Hz by using a 3rd order
Butterworth filter and a detection threshold was set. Clustering
was performed on the first 6 PCA components of the spike
shapes and by using the Gaussian mixture model algorithm
called Mclust in implemented in R [5].

A spike-triggered potential average can be calculated and
if there are multiple electrodes, this gives a spatial distribution
also. The current data was recorded by a linear probe with
32 electrodes each 50 µm from each other and a 20 ms time
window was used resulting 1600 um x 20 ms spatio-temporal
potential map.

Furthermore coherence values in several frequency regimes
between the different extracellular potential time series
recorded by various electrodes were calculated to identify the
functionally connected regions.

III. CURRENT SOURCE DENSITY METHODS

The relationship between the current sources and the gen-
erated potentials is given by the Poisson-equation:

σ∇2Φ(r, t) = −C(r, t), (1)

where σ is the electrical conductivity of the extracellular
medium, Φ is the extracellular potential, r refers to the
position, and C(r, t) =

∑N
n=1 In(t)δ3(r − rn) is the current

source density, the summation goes over all point sources,the
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position of the nth current source is rn . There are several
methods which use different assumptions for solving the above
mentioned equation.

A. Traditional CSD

The traditional CSD method uses the recorded extracellular
potential from a laminar electrode, which is placed perpen-
dicularly (z direction) to the layers of the cortex. Based
on this setup and assuming that the layers are infinite and
homogeneous, the current source densities of each layer can
be given:

C(zj) = −σΦ(zj + h)− 2Φ(zj) + Φ(zj − h)

h2
(2)

where zj is the position along the z-axis of the jth electrode
and h is the inter-electrode distance.

B. Kernel spike CSD

The CSD distribution at point x can be expressed as the
sum of the M current sources:

C(x) =

M∑

j=i

aj b̃j(x) (3)

b̃ are the basis functions overlapping each other and are
distributed evenly along the morphology of the cell, aj is
a multiplication constant. The morphology of the cell was
described with several curves, so called ”branches”. The curves
in the 3 dimensional space can be parametrized with variable
t.

x = fx(t)

y = fy(t) (4)
z = fz(t)

Let us consider Gaussian basis functions:

b̃i(t
′) = e−

(t′−ti)
2

R2 (5)

where both t, ti ∈ [0, d] are parameters on the same branch
which has a length of d. Here R is the double of the variance
of the Gaussian function. The connection between the current
source densities and potentials Φ is introduced by the A
operator(A : F̃ → F )

To determine the CSD distribution in arbitrary positions(x),
the following kernel functions were introduced:

K(xk, xl) =
M∑

i=1

bi(xk)bi(xl) (6)

K̃(xk, yl) =
M∑

j=1

bj(xk)b̃j(yl) (7)

Using the simulated or measured extracellular potentials
(V ) and assuming K̃ is invertible the solution for C is
straightforward.

C(x) = K̃
T

(x)K̃
−1

V (8)

Fig. 1. Simulation results showing the performance of the ksCSD method.
Y-shaped morphology was used with 4x4 recording sites with a 50 µm cell-
to-electrode distance. The 3 upper colormaps show the original current source
density distribution, its spatial smoothed version in case of the best parameter
settings. The second plot from the bottom shows the error in different time
instances in case of the best parameter setup. The plot in the bottom indicates,
that using more basis functions (M) improves the performance with an optimal
width (R), which is around 30 µm in this case.
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Fig. 2. Setup for the LFPy simulation. The red lines mark the morphology
of the cell, black squares show the spatial position of the electrodes. A
multicompartmental neuron model with dynamics was used to calculate
the membrane currents and the extracellular potentials. Artificial synaptic
connections were used to mimic the synaptic activity. Besides the Y-shaped
morphology, a simpler (ballstick) and more complex ones were also used.

C. Testing the method on simulated data

As there are several parameters used in the simulations,
like the width and number of used base functions, the number
and arrangements of the electrodes, the cell-electrode distance
and the morphology of the cell, it is impossible the study all
cases. Therefore some special cases in terms of morphology
were chosen for studying the behaviour of the method. Un-
fortunately experimental data for the validation of the ksCSD
method is not available yet, I used the LFPy [6] simulation
environment, which given a certain cell morphology and
parameters describing the electrophysiological properties of
the cell, simulates the membrane potential, membrane currents
and extracellular potential both in space and time. On the
simulated extracellular potential I use the ksCSD method to
give an estimation for the membrane currents, as these are
known from the simulation, it is possible to calculate the error
of the method with the following error measure:

ε =

∑
i

∑
t
|Ci,t − C0

i,t|2
∑
i

∑
t
|C0

i,t|
, (9)

where C0 denotes the membrane currents calculated by LFPy,
C stands for the ksCSD estimated current, the summation goes
for all segments i and all time snaps t. One of the main results
is the comparison of the estimated currents with the the original
membrane currents by using the above mentioned measure,
which is shown on Figure 1. On the simulated data random
inputs arrive onto various segments, part of the dendrite tree.
It was clear from the beginning, that the ksCSD method is not
able to reach that high spatial resolution, in induces spatial
smoothing. Still, making a difference between completely
bad an not as good reconstruction is needed, so a spatially

Fig. 3. An example for thalamical cell with spherical symmetry and a
schematic plot for the spherical shell model

smoothed version of the simulated data was also calculated for
the comparison. It is visible, that the reconstructed colormap
shows a high level of similarity to the previously mentioned
smoothed version. As expected, applying the ksCSD method
for cells with simpler morphologies and using more electrodes
improves the performance. It seems, that there is an optimal
width for the basis functions, but increasing the number of
them does not decreases the error significantly in many cases.

D. Spherical CSD

The thalamical cells typically have a spherical symmetry
with the soma in the center. Proximal and distal parts on
the dendrite tree of the cells are distinguishable based on the
location of the synaptic inputs. Using this apriori information,
we built a spherical shell model to solve the inverse problem.
The main assumptions are, that the charge current source
density distribution can be described with concentric shells. It
is possible to write the potential in the form of the multipole
expansion series. As a benefit of the spherical symmetry, the
spherical harmonics can be used in the description, and cal-
culating with these make easier to solve the Poisson-equation.
Let’s assume that each shell is measured at 2 points, which
will provide enough information for calculating the monopole
and dipole part of the the multiple expansion series, allowing
asymmetry within a shell. The first shell is a sphere, the radius
is equal with the distance of the soma center and the nearest
electrode. Getting further from this sphere, each electrode-pair
marks the border of a new shell, so on so on. The mathematical
derivation will not be presented more deeply. An example can
be seen on Fig. 3. The spike was detected on the 37th channel,
the numbering of the channels in this case goes from 34 till 65,
so 200 µm spatial vicinity in both directions measured from
the soma are shown, which is placed to 0. On the potential
map, red mean a negative potential change compared to the
reference. On the spherical CSD colormap the red colour
marks flow of positive ions into the cell. In both colormaps
the intense red are marks the firing activity. In some clusters
not shown here, the dendritic forward- and backpropagations
are observable. The patterns visible on the colormaps highly
depend on the cell-to-electrode distance, on the amplitude of
the spike and on the goodness of the cluster.

IV. CONCLUSION

The methods presented above aim to estimate the current
source density distribution of single cells while using dif-
ferent apriori information. The ksCSD method assumes the
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Fig. 4. An example for estimating the current source density distribution on
a cell assuming, that it has a spherical symmetry. The raw, spike triggered
average potential is shown at the top,the bottom plot is the spherical CSD.
Event in the 200 µm vicinity of the soma are shown in both direction paralell
to the electrode. The main difference between the plots is the intense blue
area at the spike (10 µs) on the current map, which is a counter current of the
current marked with red area. The yellow areas in the lower spatial location
before the spike might indicate the synaptic excitations.

morphology is known, so the spatial resolutions of the result
is much more detailed. The method is a little sensitive to
the initial choice on the basis number and much more to the
width of the basis function. Based on the simulation results,
the method is able to capture the key patterns of the inputs,
although it is limited in the spatial resolution. Higher resolution
can be achieved with a denser electrode grid, but also the
complexity of the neuron morphology matters. The simulations
were noiseless, further investigation of the effect of noise is
needed. Probably currents with not enough high amplitude or
located far from the recording sites are not to be reconstructed.
My future plan is to validate the method on experimental data
once it is available.

The spherical CSD method can be used for cells with
spherical symmetry, like the relay neurons located in the

thalamus. Evidence for electrophysiological pattern emergence
was shown. The future direction of this work is to investigate
the behaviour of these cells under various stimuli, for example
whisker or flash and compare the results. An other question to
answer is what changes during up- and down states, which are
different functional states in the neocortex strongly influencing
this brain region.
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