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Abstract

Objective. Electrophysiological recordings of single neurons in brain tissues are very common in
neuroscience. Glass microelectrodes ﬁlled with an electrolyte are used to impale the cell
membrane in order to record the membrane potential or to inject current. Their high resistance
induces a high voltage drop when passing current and it is essential to correct the voltage
measurements. In particular, for voltage clamping, the traditional alternatives are two-electrode
voltage-clamp technique or discontinuous single electrode voltage-clamp (dSEVC).
Nevertheless, it is generally difﬁcult to impale two electrodes in a same neuron and the switching
frequency is limited to low frequencies in the case of dSEVC. We present a novel fully
computer-implemented alternative to perform continuous voltage-clamp recordings with a single
sharp-electrode. Approach. To reach such voltage-clamp recordings, we combine an active
electrode compensation algorithm (AEC) with a digital controller (AECVC). Main results. We
applied two types of control-systems: a linear controller (proportional plus integrative controller)
and a model-based controller (optimal control). We compared the performance of the two
methods to dSEVC using a dynamic model cell and experiments in brain slices. Signiﬁcance.
The AECVC method provides an entirely digital method to perform continuous recording and
smooth switching between voltage-clamp, current clamp or dynamic-clamp conﬁgurations
without introducing artifacts.
Keywords: microelectrode, voltage clamp, dSEVC, AEC
1. Introduction

while the other techniques are applicable to both in vitro and
in vivo. Continuous single-electrode voltage-clamp (cSEVC)
is only possible with low-resistance patch electrodes, and the
discontinuous method (dSEVC) has high frequency limitations (dSEVC is carried out by hardware in commercial
systems like Axoclamp series (Molecular Devices, Silicon
Valley, CA, USA) and consequently could severely limit the
temporal resolution of the recording. The SEC series (NPI
electronic GmbH, Tamm, Germany), however, has no such
limitation but was found noisier than our digital solution.
These problems are accentuated with the fact that the time-

The intracellular recording of the membrane potential (Vm) is
at the basis of several electrophysiological techniques, such as
voltage-clamp, current-clamp and dynamic-clamp. In many
cases such as in vivo recordings, high electrode resistance and
capacitance must be used, and this fact introduces limitations,
which may cause signiﬁcant measurement errors [1, 2]. At
this moment, there are three possible techniques that try to
overcome these problems, two-electrode voltage-clamp and
continuous or discontinuous single-electrode voltage clamp.
The ﬁrst one is useful but difﬁcult to apply in the intact brain,
1741-2560/14/056028+17$33.00
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constant of electrode response could change and increase
during the experiments.
Motivated by the need for high precision recordings with
ﬁne temporal resolution for dynamic-clamp applications,
Brette and colleagues [3] developed a computer-aided technique called active electrode compensation (AEC). The AEC
consists of a real time correction of the recorded membrane
potential in the current-clamp mode based on a computational
model of the electrode [4, 5]. It was shown to provide very
accurate recordings in both in vitro and in vivo experiments.
In AEC, the whole system kernel, K, is determined by
white noise current injection which has a small effect on the
membrane and a large effect on the electrode. The system
kernel is composed of the electrode kernel and the membrane
kernel. The membrane responds approximately as a ﬁrst order
low-pass linear ﬁlter (i.e. RC circuit). The AEC takes
advantage of the fact that the time constant of the electrode is
much smaller than that of the membrane, and therefore can be
identiﬁed and subtracted from the full kernel, K, leading to an
accurate estimation of the membrane kernel, Km, [3]. The
time constant, τm, and resistance, R, of the membrane can be
determined after this subtraction, hence the membrane kernel,
Km, is expressed as, Km = (R/τm)exp(−t/τm). Once this is done,
the membrane voltage can be corrected in real time by
removing the electrode effect by deconvolution.
In this study, we propose to extend the AEC technique to
voltage-clamp recordings (AEC voltage clamp—AECVC).
We have tested two methods to control the real membrane
voltage using the corrected membrane potential calculated by
the AEC algorithm when a single high resistance electrode is
used in electrophysiological recordings. The control methods
that we have used are based on the proportional-integral
controller (PI) and on the optimal control theory (OP) [6]. We
also compare the AECVC with other techniques, such as the
discontinuous single electrode V-clamp [7]. The results show
that the AECVC provides a better temporal resolution.
Moreover, because AECVC is performed in current-clamp,
and is based on a software algorithm, it can be easily extended
to more complicated experimental protocols where it is possible to smoothly switch between voltage-clamp and
dynamic-clamp.

Figure 1. Different conﬁgurations used for current-clamp and

voltage-clamp. (A) AEC current clamp (AECCC). (B) AEC voltage
clamp. (C) AEC voltage-clamp with a proportional-integrative
controller (AECVC-PI). (D) AEC voltage-clamp with optimal
controller (AECVC-OP). LFP1 and LFP2 are digital ﬁlters.

conductance variations), the current injected by the ampliﬁer
is modulated as a function of the membrane voltage.
In the same way, we have used an equivalent mathematical RC model for theoretical developments and mathematical simulations as described previously. In this case, also,
it is possible to emulate variation of conductance or current
across the membrane by modulating the current supply.

2. Materials and methods
2.2. Voltage clamp using AEC
2.1. Electrical model of cell membrane

The membrane potential of a neuron can be driven by a
current that is injected with an ampliﬁer through a sharp
microelectrode. However, the real potential cannot be
obtained with only one electrode, due to the voltage drop
across the pipette impedance. For this reason, the AEC
method is applied (ﬁgure 1(A)) [3]. Similarly, in order to
control the membrane potential (Vm) with current injection, it
is necessary to measure the true Vm value at any time, and to
inject the accurate feedback current (ﬁgure 1(B)) (AECVC).
In this case, the AxoClamp ampliﬁer is used in the currentclamp mode and the clamping of the voltage is entirely performed by a digital controller via software in a PC. In this

The stationary model of a cell membrane can be represented
by a resistor, a capacitor and a current supply; all of them
connected in parallel. This is the conﬁguration of the
CLAMP-1U model cell unit, provided with AxoClamp
ampliﬁers (Molecular Devices) that is used to test the
experimental setup. Here, a direct current is injected across
the RC model to emulate the resting potential of the cell. This
means that the current is constrained to keep the membrane
resting potential at −60 mV (1.2 nA for the 50 MΩ , resistance
of the model cell). In addition, to simulate non-steady state
situations, like for example during synaptic perturbations (i.e.,
2
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2.4. PI controller

The PI controller calculates the necessary current to be
injected into the cell in function of the membrane voltage
error to achieve the desired holding potential. This controller
is a particular case of the more general controller called
proportional integral differential controller (PID). Nowadays,
this controller is implemented in most programmable logic
controllers and it is widely applied in industrial control
[9–11]. In our particular system, the PI controller is formed by
the combination of a proportional or kp gain and an integral or
ki gain [8, 12–14]. The differential gain is zeroed in PI controller, because this could introduce overshoot in the injected
current across the membrane cell and it could damage the cell
and degrade the recording. Therefore, our PI can be represented in the continuous time domain by the following
equation
Ic (t ) = kp ⋅ e (t ) + ki ⋅

Figure 2. Model diagram to simulate the voltage-clamp technique.

(A) Simple scheme based on a passive RC model cell (see text for
details). (B) More complex model than in (A), where it is possible to
switch from voltage-clamp to current-clamp conﬁgurations, and
simulate conductance in the passive RC model, or inject a current. In
this case, external noise, Un, is taken into account in the Vm signal.
PI is proportional-integrative controller; LPF1 and LPF2 are low
pass ﬁlters with cut-off frequency of 2 kHz and 200 Hz, respectively.
G is conductance, and Er is the reversal potential.

∫ e (t )dt,

where the e(t) = Vc − Vm(t) (mV) is the error between the
voltage reference, Vc, and the membrane potential, Vm(t); kp
(μS) and ki (μS s−1) are the proportional and the integral
parameters of the PI controller, respectively, and Ic(t) (nA) is
the command current or the input current to the cell.
Because the controller is digitally implemented in a
computer, it has to be deﬁned in the discrete-time domain
with a sample time T as follows

work, two controllers were tested: proportional-integrative
controller (PI) and model-based controller design (optimal
controller) (ﬁgures 1(C) and (D)).

k

Ic [k ] = kp ⋅ e [k ] + ki ⋅ T ∑ e [k ] z −k = Ic [k − 1]
k=0

+ kp (e [k ] − e [k − 1]) + ki ⋅ T ⋅ e [k ].
2.3. Mathematical model of the experimental setup

On the other hand, it is very important to take into
account the low pass ﬁlters (LPFs) in all controller implementation. They are used to remove noise, reduce aliasing and
resonances. In our case, a ﬁnite impulse response (FIR) LPF1,
(see ﬁgure 2(A)) with a cut-off frequency of 2 kHz is used to
limit the PI controller output. In addition, a feedback FIR
LPF2, (cut-off frequency 200 Hz) is used to remove the
unwanted external noise, Un(t), from membrane potential
signal, Vn(t).

A model of the experimental setup was implemented in
Simulink-Matlab (The MathWorks) to simulate the expected
experimental behavior and to evaluate its theoretical limitations (ﬁgure 2). A simpliﬁed model to simulate voltage clamp
is shown in ﬁgure 2(A). To change or to hold the membrane
potential, it is necessary to inject a current across the RCmodel, but because this is an open system, it is not sufﬁcient
to obtain a good control of the potential. A biological cell
such as a neuron is an open system, in which the membrane
conductance may change due to ionic channel opening or
closing, making difﬁcult to maintain the holding potential to a
desired value. Therefore, it is necessary to use a closed system
(ﬁgure 2(A)) to control the Vm efﬁciently. In this case, the
error between the desired voltage command and the membrane potential is calculated at each instant. Consequently, the
injected current into the cell is modiﬁed at each instant to
reduce this error. This control current is calculated using a PI
controller [8].
A more complex setup model is shown in ﬁgure 2(B),
that allows switching from voltage clamp to current clamp
conﬁgurations and vice versa. In addition, it is able to
simulate membrane conductance in the RC model (the ‘passive’ RC model that represents a conductance-free cell
membrane), to emulate a more realistic ‘dynamic’ RC model,
that mimics a biological membrane.

2.4.1. Setting the kp and ki. In classical control, it is a

common practice to adjust parameters for the PI controller to
obtain the best possible response to a step command.
Nevertheless, this does not imply that responses to other
reference stimuli will necessary be accurate, with the same
precision.
In general to tune the controllers, a command signal is
given and we monitor the ‘output’ of the controller. For
example, to control the voltage by a voltage-step command,
we must verify that the voltage output of the controller is
similar to the command voltage, with no drift and no ringing
oscillation. In practice, this adjustment is made taking into
account several factors: stability, signal-to-noise ratio (SNR),
accuracy, levels of overshoot and artiﬁcial ringing.
For tuning the PI controller parameters, the following
steps are required: the parameters, kp and ki, are initialized to
3
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small values (i.e. kp = 0.01 μS, ki = 0.01 μS s−1), then a square
wave of voltage is applied. At that moment the voltage is not
yet controlled, then kp is increased until the clamped voltage
follows the square wave, without overshoot. In the case that
the detected voltage is too noisy, the kp can be reduced,
followed by a reduction of ki. We found that noise reduction
is acceptable when the deseeded SNR is high enough to detect
the synaptic current transients without introducing artefacts.
(e.g. SNR is around 69 for the voltage trace in the ﬁgure 4(A),
where SNR is deﬁned as the ratio between the signal mean
and the standard deviation.) In addition, it should be noted
that when the SNR becomes too small, the system becomes
unstable and could damage the cell.

and for t = (k + 1)T
xs [k + 1] = eaT xs [k ] +

(k + 1) T

∫kT

bea ((k+ 1) T − τ ) i (τ )dτ .

Then the state variable could be written as follows
xs [k + 1] = eaT xs [k ] +

(k + 1) T

∫kT

bea ((k+ 1) T − τ ) i (τ )dτ .

If it assumed that i(t) and b are constant during each time
step, T, the state variable could be written as follows
xs [k + 1] = eaT xs [k ] + bi [k ]

(k + 1) T

∫kT

ea((k+ 1) T − τ ) dτ .

Resolving the integral, the state equation becomes
2.5. Model-based controller design (optimal controller)

xs [k + 1] = eaT xs [k ] +

The optimal control theory is a time domain technique to
control and to determinate the state trajectories for a dynamic
system over a period of time to minimize a performance (cost)
function [6, 12, 13]. In other words, having deﬁned the performance function, the best control signal over time may be
found by minimizing this function.
The formulation of an optimal control problem requires
the following: (a) a mathematical model of the system to be
controlled, (b) a speciﬁcation of the performance function, (c)
a speciﬁcation of all boundary conditions on states, and
constrains to be satisﬁed by states and controls, and (d) a
statement of what variable are free.
Our system could be modeled by a RC circuit and the
differential equation that describe the system is

Then, the system model is deﬁned by following state
equations
xs [k + 1] = αxs [k ] + βi [k ],
v [k ] = cxs [k ],

(

x r [k + 1] = x r [k ],
vc [k ] = x r [k ].
In case that no detailed model and/or measurements of
the disturbances are available, an alternative approach is to
introduce an extra state representing the integral of the control
error, e[k]. Then, the model for the integral of the control error
is

where v(t) is the membrane potential, i(t) is the membrane
current, Rm is the membrane resistance, the time constant is
τm = Rm Cm and Cm is membrane capacitance.
Therefore, our system is a single-input single-output
system with one measurable state, xs(t) and the state equations
are

x i [k + 1] = x i [k ] + e [k ],
e [k ] = vc [k ] − v [k ] = x r [k ] − cxs [k ].

Finally, state-variables for the whole controller are
X = [ xs, x r , x i ]T and the state-equations are

d x s (t )
= axs (t ) + bi (t ),
dt
v (t ) = cxs (t ),

X [k + 1] = ΑX [k ] + Βi [k ],
v [k ] = Hy X [k ],
vc [k ] = Hr X [k ],
e [k ] = He X [k ].

R

where a = − τ , b = τ m and c = 1.
m
m
The state variable is obtained by resolving the previous
differential equation
xs (t ) = eat xs (0) +

∫0

t

Where
A = [ α 0 0 ; 0 1 0 ; − c 1 1] ,

bea(t − τ ) i (τ )dτ .

T

B = [ β 0 0] ,
Hy = [ c 0 0 ] ,

At the sample instants t = kT and if x[k] ≡ x(kT) the state
variable is

xs [k ] = eakT xs (0) +

∫0

kT

)

where α = e−T / τm and β = Rm 1 − e−T / τm .
As for the PI controller, parameters for the optimal
controller will be adjusted to give the best possible step
response. It means that the output v(k) tracks a step reference
signal vc(t) with following reference model

Rm
d v (t )
1
= − v (t ) +
i (t ),
dt
τm
τm

1

eaT − 1
bi [k ].
a

Hr = [ 0 1 0 ] ,
He = [ − c 1 0 ] .

bea(kT − τ ) i (τ )dτ
4

J. Neural Eng. 11 (2014) 056028

J F Gómez-González et al

The next step is to deﬁne a feedback to close the system,
as the next linear state

Ls, Lr and Li. When the controller is applied to the RC model
of the CLAMP-1U Model cell of Axoclamp 2B ampliﬁer
(Axon Instruments), the ﬁtted weights are qe, = 0.1, qei = 10−6
and qi = 0.5, given the next values Ls, = 0.1714, Lr = −0.1936
and Li = −0.0014. In real neurons, a high value of qi (i.e.
around 3 or 5) versus the other parameters allows to get
optimal performance and safety in regards to current injection
in the neuron.

i [k ] = −L [k ] X [k ],
where L [k ] = ⎣⎡ L s, L r , L i ⎤⎦ is chosen in the way that the
following performance criterion is minimized
N

J=

∑ ( e [k ]T qe e [k ] + ei [k ]T qei ei [k ] + i [k ]T qi i [k ] ).
k=0

2.6. Experimental setup

This cost function takes in account the error between the
signal and the reference signal, e[k], the accumulate error,
ei[k] and the input to the system, i[k], with a speciﬁc weight
qe, qei, qi, respectively. Therefore, the controller has as
objective to do that the output tracks the reference signal with
the previous deﬁned performance criterion.
The performance function can be re-written as

2.6.1. In vitro setup. The in vitro setup was similar to that

described in [3]. An Axoclamp 2B ampliﬁer (Axon
Instruments) was used either in continuous current-clamp
(‘bridge’) mode or in discontinuous single electrode voltageclamp (dSEVC) mode. In both cases, the capacitance
neutralization was such as to achieve the fastest possible
electrode charging time. A Digidata 1322A card (Axon
Instruments) and the PC-based software ELPHY (developed
by G Sadoc, UNIC, CNRS) were used for data acquisition at
20 kHz.

N

J=

∑ ( X [k ]T Q1X [k ] + i [k ]T Q2 i [k ] ),
k=0

where Q1, Q2 are the weighting matrices for the state variables and input variable, respectively, deﬁned as

2.6.2. Real-time computer implementation. To achieve the

T

Q1 = HeT qe He + [ 0 0 1] qei [ 0 0 1] ⩾ 0,

AEC, voltage-clamp-AEC (AECVC) and simulation of
synaptic inputs (dynamic clamp) as well as data transfer to
the PC for further analysis, we used the hybrid RT-NEURON
environment (developed by G Le Masson, INSERM 358,
Université Bordeaux 2; Gérard Sadoc, CNRS [15]), a
modiﬁed version of NEURON (Hines and Carnevale, 1997)
running under the Windows XP operating system (Microsoft)
on a dual core 2 GHz Pentium desktop PC with the capability
to control a PCI DSP board. The used PCI DSP board
(Innovative Integration) had four analog/digital (inputs) and
four digital/analog (outputs) 16-bit converters. The DSP
board constrains calculations made by NEURON and data
transfers to be made with a high priority level by the PC
processor. The DSP board allows input and output signals to
be processed at regular intervals (0.1 ms time resolution). A
CyberAmp 380 (Axon Instruments) was used to LPF, at
6 kHz, the analog input/output signals of the DSP board and
to adjust their ranges in order to improve the digitalization
resolution.
Figure 3(A) shows a simpliﬁed diagram of the experimental setup for biological recordings. In order to perform
advanced tests of the AECVC we built a ‘dynamic model
cell’ (DMC) (ﬁgure 3(B)), which is a passive electronic model
cell endowed with realistic membrane properties simulated by
dynamic clamp injection. The DMC was formed by a passive
model cell (CLAMP-1U, Axon Instruments), an Axoclamp
2B in bridge mode, and the Dynamic Clamp-AEC implemented in hybrid RT-NEURON. In this prototype, any type
of conductance (AMPA, NMDA, etc) and/or in vivo-like
conductance noise could be simulated in real time to test the
controller algorithms used in AECVC.

Q2 = qi > 0.

Resolving this programming problem, L[k] is deﬁned by
−1
L [k ] = ⎡⎣ Q2 + Β T S [k + 1] Β⎤⎦ Β T S [k + 1] Α ,

where S is solution obtained by solving the following discrete-time algebraic Riccati equation
S [k ] = Q1 + ΑT S [k + 1] Α − ΑT S [k + 1] ΒL [k ].

If k → ∞ the controller will become independent of time
and steady-state value S is a constant matrix, and the Riccati
equation can be written as

S = Q1 + ΑT S [Α − ΒL ],
−1
L = ⎡⎣ Q2 + Β T SΒ⎤⎦ Β T SΑ .

In summary, given the system model (Rm, τm) and performance function weights qe, qei, qi the L = [Ls, Lr, Li] values
are estimated to calculate the feedback current input i[k] (i.e. i
[k] = −Ls xs[k] − Lr xr[k] − Li xi[k]) to control the output voltage
v[k].
2.5.1. Tuning OP controller. The weights qe, qei, qi, are

chosen by trial and errors as in the PI control tuning, but this
is facilitated by the sequence described below. The values of
weights are chosen according to the relative importance of
each state and control variable in the performance criterion.
On the other hand, these values must be such that there exists
a state feedback i[k] = −L x[k] and the closed-loop system is
stable, that is the matrix A-BL is stable and its eigenvalues are
all inside the unit circle according to the Jury stability
criterion [12]. The parameters, qe, qei and qi, are initialized to
small values (e.g. qe, = 0.01 qei = 10−7 and qi = 0.5), then a
square wave of voltage is applied. The next step is to calculate

2.6.3. AMPA conductance and background conductance noise
in the DMC. The AMPA conductance was implemented in

the DMC using kinetic models of synaptic receptors [16] and
5
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Figure 3. Simpliﬁed diagram of the experimental setup. (A) Experimental setup using AEC in real cells. (B) Test of the AECVC using a
‘dynamic model cell’ (DMC). The DMC is a passive model cell combined with AEC dynamic clamp to obtain a model cell with in vivo-like
conductances and current to test the AECVC.

to simulate the background conductance noise, an in vivo-like
conductance noise model was used [17] to generate realistic
synaptic background activity. The excitatory and inhibitory
conductances were described by a two variable stochastic
process similar to the Ornstein–Uhlenbeck process [18]. On
the other hand, to recover the background conductance
activity experimentally, it was followed the same methods as
in real experiments in vitro and in vivo based on the I–V
curve [19, 20].

with 4 mM potassium chloride and had resistances of
80–110 MΩ. Axoclamp 2B ampliﬁers (Axon Instruments)
were used either in continuous current-clamp (‘bridge’) mode
or in dSEVC mode. In both cases, the capacitance
neutralization was set at the maximal possible value to
achieve the fastest possible electrode charging time. For all
experiments, a Digidata 1322A card (Axon Instruments) and
the PC-based software ELPHY (developed by Gérard Sadoc,
UNIC, CNRS) were used for data acquisition at 20 kHz.

2.6.4. Biological in vitro preparation. We prepared 350 μm

2.6.6. Data analysis.

thick sagittal slices from the lateral portions of 4-week-old rat
occipital cortex. The dissection was done in a cold solution
containing (in mM) 2.5 KCl, 2 CaCl2, 2 MgCl2, 1.2
NaH2PO4, 26 NaHCO3, 213 sucrose, 10 dextrose. Then,
slices were maintained in an interface style recording chamber
at 33–35°C during 15 min in a high magnesium solution
containing (in mM) 63 NaCl, 2.5 KCl, 2 CaCl2, 2 MgCl2, 1.2
NaH2PO4, 26 NaHCO3, 126.5 sucrose, 17.5 dextrose. During
the next 45 min, slices were maintained in a solution
containing (in mM) 126 NaCl, 2.5 KCl, 2 CaCl2, 2 MgCl2,
1.2 NaH2PO4, 26 NaHCO3 and 25 dextrose. Finally, slices
were maintained in slice solution containing (in mM) 126
NaCl, 2.5 KCl, 2 CaCl2, 1.2 MgCl2, 1.2 NaH2PO4, 26
NaHCO3 and 25 dextrose. Solutions were aerated with 95%
O2 and 5% CO2 to a ﬁnal pH of 7.4. Intracellular recordings
were performed in all cortical layers after 2 h of recovery. All
procedures adhered to American and European ethical
guidelines.

3. Results

The PC-based software ELPHY
(developed by G Sadoc, UNIC, CNRS), Matlab (The
Mathworks), and Igor Pro (WaveMetrics) were used for the
analysis. The spectrogram was calculated using a short-time
Fourier transform of 256 points with a Hamming window of
256 points and the number of samples that each segment
overlaps was 128.

3.1. Voltage clamp technique for microelectrodes

To date, the only method available to study and control the
current and voltage of a cellular membrane, when the patchclamp technique is not available, was to use the discontinuous
single-electrode current or voltage-clamp technique (dSECC,
dSEVC) with sharp electrode. However, Brette and colleagues [3] have recently designed an alternative method to
perform continuous current-clamp and dynamic-clamp with
sharp microelectrodes, via on line correction of the electrode
voltage drop using an AEC method (ﬁgure 2(A)). This
method presents a series of advantages over the traditional
dSECC used in dynamic-clamp, because the membrane voltage is obtained on line, in real time, by the subtraction of the

2.6.5. Electrophysiology. Sharp electrodes for intracellular

recordings were made on a Sutter Instruments P-87 or P-97
micropipette puller from medium-walled glass (WPI,
1BF100) and beveled on a Sutter Instruments beveller (BV10M). Micropipettes were ﬁlled with 1.2 M potassium acetate
6
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value closer to the target current than dSEVC. At the onset of
the pulse however, AECVC-PI presents a response slower
than both AECVC-OP and dSEVC. When considering the
efﬁciency of the voltage clamp on the whole 200 ms duration
of the pulse (ﬁgure 4(B) bottom), again AECVC-PI and
AECVC-OP perform better by maintaining the voltage close
to the control Vm preceding the pulse, which is less the case
for dSEVC. Thus, considering this test pulse, both AECbased methods perform better overall, and the OP controller
has the fastest response.

calculated electrode voltage to the given voltage for the
electrophysiology ampliﬁer in ‘bridge’ mode. As AEC allows
to determinate the transfer function of the electrode [3], the
voltage across the electrode, Ue, is determined as the convolution of the injected current, i.e., and the electrode kernel
Ke, therefore the membrane potential is given as follows

Vm (t ) = Vr (t ) − Ue = Vr (t ) − Ke ⊗ Ie (t ).
Since the voltage of the membrane of the cell is measured
error-free when using AEC, it is then possible to accurately
control its value through the current injection across the
microelectrode. However, in this case, it is necessary to
implement a control system that changes the injected current
into the cell in real time, such that the membrane voltage
follows the desired set value (ﬁgure 2(B)). Two different
methods to control the membrane voltage are presented in this
article: (a) the proportional-integral controller (PI controller),
which is a feedback controller that drives the system using the
error, deﬁned as the difference between the membrane voltage
and the desired set value, and the accumulated error as
information inputs to the controller (ﬁgure 2(C)); (b) the
optimal controller (OP controller), that attempt to ﬁnd the
control variables that best achieve some criteria minimizing
the cost function of the system (ﬁgure 2(D)).

3.2.2. Response to current injection in a DMC. To make

more advanced comparisons of the different methods, we
designed a DMC conﬁguration (ﬁgures 4(B)–(D)), which is
the passive electronic model cell used in ﬁgure 4(A),
augmented with the possibility to simulate realistic
membrane or synaptic properties (such as AMPA
conductances), or to inject current stimuli. This DMC is
based on two computer-ampliﬁers lines, both connected to the
same model cell (see ﬁgure 3(B) and methods). One line is
dedicated to current or conductance injections using AECdynamic clamp and the other is dedicated to the
implementation of voltage clamp using the various tested
methods. Using this DMC, we ﬁrst tested the injection of a
simple pulse of current (ﬁgure 4(B), top, black dashed line)
via the ‘AEC dynamic clamp’ ampliﬁer (ampliﬁer 2 in
ﬁgure 3(B)) in the passive membrane of the model cell, which
resulted in a membrane potential response (ﬁgure 4(B),
bottom, black dashed line). Next, the membrane was clamped
to a constant potential at −60 mV using the other ‘AECVC’
ampliﬁer (ampliﬁer 1 in ﬁgure 3(B)). The corresponding
currents of opposite sign, injected by the VC system to keep
the membrane potential at the clamped value (ﬁgure 4(B),
top), as well as the membrane voltage (ﬁgure 4(B), bottom),
were recorded for the different voltage clamp paradigms,
dSEVC (gray line), AECVC-PI (blue line) and AECVC-OP
(red line). In the ideal case, the clamping currents should
match in amplitude and shape the test current pulse. Close
examination of the current traces reveals that the dSEVC and
AECVC-OP currents overlap in the initial part of the
transient, but that the dSEVC current plateaued at a
stationary value different from the target test current. In
contrast AECVC-OP and AECVC-PI better matched the
target current set point.

3.2. Comparison of voltage clamp techniques
3.2.1. Response to a voltage step in the passive model cell.

A typical procedure to determine the response of a system is
to apply a step command. In our case, to ﬁgure out how the
AECVC works with the PI or the OP controller, a voltage
pulse command was applied (ﬁgure 4(A)). The top panel of
ﬁgure 4(A) shows how the detected voltage traces (dSEVC
gray line, AECVC-PI blue line, AECVC-OP red line) try to
follow the voltage-step command (dash-black line). In
addition, the same protocol was applied using the dSEVC
to compare with AECVC-PI and AECVC-OP. The sample
rate used for the dSEVC was 3 kHz, a typical value in
experiments with sharp electrodes of 80–100 MΩ in brain
slices [7, 21, 22]. The response of the AECVC-PI is slower
than the dSEVC response, but the latter is slower than the
AECVC-OP. Examining the current traces used to clamp the
voltage (ﬁgure 4(A), bottom) reveals that AECVC-PI current
was presenting oscillations at the onset of the clamp, while
both AECVC-OP and dSEVC remained smoother. This is
because to obtain the best possible clamp, the PI controller
was adjusted at the edge of stability, which is also the
common case using classical dSEVC. Such a tuning provided
an excellent clamp for the remaining trace. In addition, it
should be noted that dSEVC current injection rate is limited to
3 kHz. Increasing the switching frequency in dSEVC reduces
the relaxing time of the membrane and result in errors of the
membrane voltage measure. This is not the case using
AECVC-OP, which can be performed at a rate only limited by
the acquisition sampling rate (20 kHz in this case).
Close examination of ﬁgure 4(B) revealed that over the
entire duration of the pulse (200 ms, see insert), AECVC-PI
(blue curve) and AECVC-OP (red curve) reach a steady state

3.2.3. Response to AMPA conductance in a DMC. To test the

voltage-clamp methods in conditions closer to real cells,
conductances were implemented in the DMC. We tested the
efﬁciency of the membrane potential clamp from the different
method, following the injection of an AMPA-receptor type
conductance in the DMC (ﬁgure 4(C)). The detected synaptic
current is shown in ﬁgure 4(C) top and in ﬁgure 4(D) in
higher resolution. Among the three methods, the AECVC-OP
offers the best clamp. This is reﬂected in the fact that the
current is the largest and sharpest, and therefore is less ﬁltered
by the electrode, and the peak of detected conductance is
closer to the theoretical one (ﬁgure 5(B)). On the contrary, the
7
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Figure 4. Protocols to test and compare the different methods to clamp the membrane voltage. (A) Using the passive model cell. Top: a

voltage pulse command (dash-black line) of 10 mV is applied, the gray line is the membrane voltage trace using the dSEVC method, the blue
and red lines show the AECVC-PI and AECVC-OP methods, respectively. The bottom panel shows the corresponding current injections at
the onset (left) of the voltage clamp step and during steady state (right), using the three methods. (B) Top: square current injection in the
dynamic model cell (black dashed line) that generates a depolarizing voltage test pulse (bottom black dashed line) and the currents detected
when the membrane voltage is clamped at –60 mV by dSEVC (gray line), AECVC-PI (blue line) and AECVC-OP (red line). Detected
clamping currents are conventionally of opposite signs relative to the injected current, and have been inverted here for ease of comparison.
Bottom: plots of the corresponding membrane voltage traces. (C) An AMPA conductance (gmax = 40 nS) is injected into the dynamic model
cell while the membrane potential is clamped by dSEVC method (gray line), AECVC-PI (blue line) and AECVC-OP (red line). Top: current
detected across the membrane; bottom: membrane voltage. (D) Magniﬁcation of the currents shown in (C).

voltage-clamp methods. Figures 5(A1)–(A3) illustrates the
membrane current measurements performed in voltage-clamp,
for four different holding potentials (between −90 and
−60 mV). The dynamic conductance was then determined
using a method based on linear regression [17, 18, 20]
(ﬁgure 5(B)), where the black trace represents the theoretical
conductance implemented in the DMC and the colored traces
represent the conductances extracted using the different
voltage-clamp methods. The theoretical AMPA conductance

current from the dSEVC method presents a smaller peak and
oscillations due to the low sampled-and-hold switching
frequency.
Next we performed continuous measures of input
conductance changes, evoked in the DMC by activation of
an AMPA-receptor conductance (ﬁgure 5) at different
membrane potentials. Because the conductance injected is
known when using dynamic-clamp, we can readily compare it
with the measured conductance obtained via the different
8
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Figure 5. (A) Current and voltage traces with different VC and CC techniques applied to the dynamic cell model: an AMPA conductance
with gmax = 40 nS is injected into the dynamic model cell in all cases (see text). (B) Plot of the conductance evolution. Zoom from the dashed
area is shown below. Black traces in (B) and (C) are calculated from a simulation using the same parameters as in the experiments.

peak was 23.4 nS in ﬁgure 5(B). In this case, the step-like
shape of the curve reﬂects the sample-and-hold effect of
dSEVC, while AECVC-OP gave the best conductance
extraction. When the same procedure was done with smaller
AMPA conductance peaks, (with maximum 11.7 nS and
5.8 nS), again AECVC-OP gave the best peak conductance
measure, except for the smallest conductance (2.9 nS), where
dSEVC and AECVC gave similar results (ﬁgure 5(C)). In
current-clamp mode, the activation of the AMPA conductance
produces an EPSP (ﬁgure 5(A4)), and conductance extraction
in this current clamp mode (ﬁgures 5(B) and (C), green trace)
gave the worst result compared to any of the voltage-clamp
methods.
Figure 6 shows a quantiﬁcation of these experiments.
Four kinetic parameters: the maximum of the detected AMPA
conductance transient (ﬁgure 6(A)); the full duration half
maximum (ﬁgure 6(B)); the time to peak (ﬁgure 6(C)) and the
tau of the detected AMPA conductance transient
(ﬁgure 6(D)), are used to compare the conductance proﬁle
obtained with the different methods to clamp the voltage.
These parameters were calculated from four AMPA conductance transients (gmax = 40, 20, 10 and 5 nS). We can see
that the parameters obtained with AECVC-OP and dSEVC
are similar, although AECVC-OP gave results closer to
theoretical parameters of the injected AMPA conductance.
We calculated the cross-correlation of the conductance traces

of ﬁgure 5(B), and we found that their maximum in respect to
the theoretical value were: 0.991, 0.982, 0.960 and 0.690 for
AECVC-OP, dSEVC, AECVC-OP and AECCC, respectively. This indicates that there are no signiﬁcant differences
in temporal evolution between the methods, except for
AECCC. However, close examination of the traces
(ﬁgure 5(B)), showed that dSEVC presented some artifacts
due to sample-and-hold effect. This is revealed more precisely
in the spectral analysis of ﬁgure 7(B), that clearly shows that
the conductance calculated with dSEVC has spurious high
frequency components which are not present in the theoretical
model. It should be noted that artifacts occur preferably near
the peak of the AMPA conductance, making the sample-andhold effect of dSEVC especially harmful during dynamic
neural activity. In contrast, AECVC does not present this
problem (ﬁgure 7(C)). Consequently, fast components of
conductance variations obtained from dSEVC are artiﬁcial
and do not correspond to real conductance changes.
3.2.4. Response to background conductance noise in the
DMC. The next step was to test how these VC methods

performed to estimate more complex conductance
waveforms, such as the background conductance noise
which results from the bombardment of thousands of
excitatory and inhibitory synaptic inputs in neurons in vivo
[23] (ﬁgure 8). Therefore, the conductance noise was
9
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Figure 6. Kinetic parameters of the detected conductances using different methods applied to dynamic-clamp injections. Four AMPA

conductance transients were used (gmax = 40, 20, 10 and 5 nS; plotted in the ﬁgures 5(B) and (C). (A) Plot of the maximum of the detected
conductance peak versus the real injected maximum conductance peak. (B) The full duration half maximum (FDHM) of each detected
AMPA peak is plotted versus the real injected maximum conductance peak. (C) The time to peak of the detected conductance transient. (D)
The descent time constant (tau), calculated as an exponential decay, is plotted for every conductance transient versus the injected maximum
conductance peak.

−75 mV, respectively (given by the conductances injected in
the DMC). The current and the voltage traces measured with
dSEVC are plotted in ﬁgure 8(A1) in the presence of in vivolike conductance noise. In ﬁgures 8(A2) and (A3), the
detected excitatory and inhibitory conductances are shown by
the green and red traces, respectively. The black traces are the
theoretical calculated conductances. The same test was done
for AECVC-PI and AECVC-OP, as shown in ﬁgures 8(B)
and (C), respectively. We can see that the calculated
conductance using the measured membrane current and the
membrane voltage applying AECVC-PI is smoother than that
obtained with either AECVC-OP or dSEVC, and follows less
precisely the control conductance. Again, dSEVC presents
oscillations due to sample-holding rate that is not present in
the AECVC-OP. Therefore, these results obtained in the

implemented in the DMC and the current across the
membrane is measured in voltage clamp for several levels
of potential to recover the injected conductance. Importantly,
note that because we are using the AEC method to estimate
the real potential of the neuron membrane on line, we do not
need to do off-line correction of the measured potential due to
potential drop in the microelectrode. The DMC has a resting
conductance of 20 nS and its resting potential is set to
−60 mV. Consequently, the intersection between the resting
I–V curve (in absence of noise injection) and the I–V curve
during noise, for every time point of the stimulation, gives the
time course of relative change in synaptic conductance and
the apparent synaptic reversal potential of the in vivo-like
conductance activity. From these data, we decompose the
synaptic conductance in excitatory and inhibitory
components, which have a reversal potential of 0 mV and
10
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current with the theoretical total AMPA-receptor and NMDAreceptor currents shows that only AECVC reproduced
accurately the theoretical I–V relations.

3.3. Testing AECVC in neurons in brain slices
3.3.1. Voltage clamp of a neuron during electrical
stimulation. In the following, we illustrate a few applications

of AECVC in biological cells in vitro. Pyramidal neurons
were recorded intracellularly in various layers of rat visual
cortex slices (ﬁgures 10 and 11). In ﬁgure 10(A), the white
matter in the vicinity of the cell was stimulated electrically by
a bipolar tungsten electrode in order to trigger sequences of
synaptic activities in the recorded cell. The ﬁgure 10(A)
shows the detected current by AECVC-PI clamp during
synaptic activity elicited by the stimulation. Note that there is
a residual ﬂuctuation in the clamped voltage suggesting that
remote parts of the dendrites are not fully clamped, which is
not surprising due to the strong synaptic activity elicited in the
dendritic tree.

3.3.2. Switching between AECVC and current-clamp or
dynamic-clamp. Fast switching from voltage-clamp to

current-clamp or dynamic-clamp is a useful method to
perform detailed analysis of conductances during
physiological protocols [24]. To illustrate this paradigm
using the AEC-based methods, we injected discrete AMPA
conductances via dynamic-clamp in a cortical neuron. During
the repetitive injection of the conductance, the neuron was
maintained below ﬁring threshold in a manner that the
artiﬁcial AMPA EPSP could elicit action potentials (APs)
(ﬁgure 10(B)). We then switched the recording from AEC
current-clamp to AECVC-PI while keeping the membrane
potential at the same level. EPSPs were clamped and this
prevented the generation of APs. Interestingly, the absence of
electrical artifact during the transition (ﬁgure 10(B), arrow)
indicates that our methods allows to switch smoothly from
dynamic clamp to voltage-clamp, which is not the case using
other methods.
Smooth switching between dynamic-clamp and voltageclamp, and vice versa, is illustrated in a more sophisticated
biological experiment in ﬁgure 11. In this case, we alternated
between periods of conductance noise injection in dynamicclamp, and periods during which the cell was clamped at
different values of the membrane potential using AECVC. As
an illustration of the power of the method, we found that
although the same conductance synaptic noise was injected in
the cell before and after the period of voltage-clamp, the
response of the cell was changed following a clamp period at
the more negative voltage. The overlap of the traces during
the post voltage-clamp activity (ﬁgure 11(D)) shows that the
cell is persistently hyperpolarized by a few millivolts after it
was previously clamped at −100 mV, and this durably
inﬂuenced it’s ﬁring response. Again no artifacts were
generated during the transitions between voltage-clamp and
dynamic-clamp.

Figure 7. Spectrogram using short-time Fourier transform. (A)

Conductance evolution like in ﬁgure 5(B) for dSEVC (gray),
AECVC-OP (red) and theoretical model (black). (B) Spectrogram of
the calculated conductance using data from dSEVC (ﬁgure 5(A1))
and the PSD proﬁle along the dash line. (C) Same as in (B) using
AECVC-OP. (D) same as in (B) and (C) using the theoretical model.

DMC show that AECVC-OP allows one to determine the
dynamic conductance with the best accuracy.
To further compare the injected excitatory and inhibitory
conductance noise calculated with the data obtained from the
different methods, a statistical analysis of the inhibitory and
excitatory conductance noise from ﬁgure 8 is presented in
table 1. This analysis shows that the AECVC-OP and dSEVC
provide a statistically equivalent characterization of the
conductance noise, with the advantage of no sampled-andhold oscillation in the AECVC-OP case.
Next we investigated how the current–voltage relation
differs by using AEC voltage-clamp (ﬁgure 9(A)) and AEC
current-clamp (ﬁgure 9(B)) methods. In this case, we used a
simulation of a mixed AMPA-receptor and NMDA-receptor
currents [16] which were implemented in the DMC. The
current–voltage relations obtained from the two methods
turned-out to be quite different. Comparing the detected
11
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Figure 8. Point conductance noise injection and the detection of the conductance with different methods to clamp the membrane voltage. The
conductance noise was injected into the dynamic model cell while the membrane voltage was ﬁxed at four different potentials, (−60, −70,
−80 and −90 mV). The membrane voltage was clamped using the dSEVC (A), AECVC-PI (B) and AECVC-OP (C) methods, respectively.
(A1), (B1) and (C1) show the measured current (top) for the corresponding membrane potential (bottom). The conductance ((A2), (B2) and
(C2)) was detected using a linear regression. The black traces are the injected theoretical excitatory and inhibitory conductance noise and the
red and green traces are the detected conductance noise. (A3), (B3) and (C3) are magniﬁcations of shadowed areas in (A2), (B2) and (C2),
respectively.
Table 1. Statistical parameters of the detected conductance noise traces. The statistical parameters are calculated from the detected
conductance noise traces injected in dynamic clamp in the DMC using different methods. Statistics corresponds to the conductance noise
plotted in ﬁgures 8(A2), (B2) and (C2).

Ginh

Gexc

Mean
Std. deviation
Covariance
Correlation coef.

Theo.

dSEVC

AECVC-PI

AECVC-OP

Theo.

dSEVC

AECVC-PI

AECVC-OP

12.10
2.20

12.04
1.80
1.51
0.382

12.05
1.75
0.95
0.247

12.06
2.06
1.62
0.359

58.02
6.88

58.13
6.56
39.87
0.883

58.21
6.95
41.32
0.863

56.50
7.00
42.46
0.880

monitoring of changes in visually evoked conductance
in vivo, or in electrically evoked conductance in vitro. After
having used this method in the DMC in order to compare the
efﬁciency of classical voltage-clamp versus our AEC-based
voltage-clamp methods (ﬁgure 5), we now test the method
in vitro, using the same protocols as in [20]. In this
experiment, a pyramidal neuron recorded in a cortical slice
was clamped at different values of the membrane potential,
while we electrically stimulated the underlying white matter.

3.3.3. Synaptic conductances determination using AECVC.

Finally, we illustrate a typical application of the voltageclamp method in ﬁgure 12. During the past ten years, Monier
and colleagues have re-examined the issue of conductance
dynamics during sensory processing by designing and
applying, both in vitro and in vivo, a conductance
measurement method based on somatic current clamp and
voltage-clamp recordings [19, 20]. This method allows, for
any delay relative to the stimulus onset, the continuous
12
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Figure 9. AECVC-OP and AECCC using the dynamic model cell with AMPA and NMDA conductances. (A) Injected current traces using
the AECVC method to clamp the voltage (detected AMPA plus NMDA current). (B) Membrane voltage traces using AECCC. The ratio
NMDA/AMPA is 24. (C1), (D1) and (E1) I–V relations using AECVC, AECCC and the expected theoretical current from the conductance
injections 50 ms (*) before the conductance injection, 5 ms (#) and 50 ms (@) after the injection, respectively. (C2), (D2) and (E2) theoretical
individual current due to AMPAr and NMDAr activation, and their sum in (*), (#) and (@).

response) gives a continuous estimation of the composite
apparent reversal potential made from the balance of synaptic
excitation and inhibition that evolves through time during the
response, and the slope of this relationship (drawn from the
crossing points of I/V curves at each instants) give the
continuous membrane conductance (ΔG) of the cell
(ﬁgure 12(C)). This composite conductance is then further
decomposed as excitatory and inhibitory conductances
(ﬁgure 12(D)). The membrane potential and a conductance
phase plot can be reconstructed from these conductance
estimations (ﬁgures 12(E) and (F)).

Figure 12(A) illustrates the membrane current measurements,
performed in voltage-clamp, for seven different holding
potentials (ﬁgure 12(B); between −85 and −55 mV) and
averaged over eight trials. These current traces, as well as the
error-free voltage measurements obtained for the seven
holding potentials, allows to derive the continuous I/V
relationship. The I/V curve is also determined at rest, before
the occurrence of the stimulation. Next, the voltage of the
intersection point between the I/V curve at rest (i.e. before
stimulation) and the I/V curves at various time delays after the
electrical stimulation (i.e. during the synaptic evoked
13
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Figure 10. Single-electrode voltage clamp in cortical neurons in vitro. (A) Traces of current and voltage (Vaec) in a neuron that was
stimulated electrically with an external electrode in the white matter. (B) Voltage trace of a cell during the repetitive injection of an AMPA
conductance (bottom trace). Through the same electrode, it is possible to injected conductances in AEC-dynamic clamp conﬁguration or in
AECVC. The arrow tip shows where switch from dynamic clamp to voltage clamp occurred smoothly.

4. Discussion

include natural fast time constant of the system, which will be
subtracted.
Digital controllers are widely used in industrial applications and thus there was a choice of paradigms that could
presumably be used to design a controller adapted to the
purpose of AEC-voltage-clamp. We chose two types of
controllers: the conventional proportional plus integrative
controller (PI), which is based on the reduction of the error
between the output and the setpoint (the command voltage for
voltage-clamp), and an optimal controller (OP) which is based
on a mathematical model of the system and a performance
function. The PI controller is a particular case of the more
general proportional, integral and derivative controllers (PID),
where the derivative components is zeroed because this part
increases the noise and this is an important factor to take in
account in voltage-clamp technique. The ﬁrst proposal of a
practical PID controller was made in 1942 by Ziegler and
Nichols and this controller is still today one of the most
simple and robust controllers, in addition, another important
property is that it controls uncertain processes. Some examples of application of PI/PID controller in industrial applications are: water and chemical ﬂow control, tank level control,
temperature control, motor speed control, ship steering, etc
[9–11]. On the other hand, the optimal control (OP) was ﬁrst
applied by MacDonald in 1950 [25], and Bellman developed
the concept of dynamic programming in 1953 [26]. Some
applications are in aerospace, robotics, bioengineering, economics, medicine, etc [27–29]. The OP control system aimed
at obtaining a system which is the best possible with respect
to a performance criterion. Although, the controller is partially optimal because the performance criterion is arbitrarily
selected by the designer, it will achieve a compromise
between the control effort and the speed of response. On the
contrary, the traditional PID assumes that the control-system
conﬁguration is known but it is not known whether it is the
best control system [30]. Therefore, the advantage of the OP
control system over the PI controller is that its response time
is shorter and it follows the set point better upon sudden
changes (ﬁgure 4).
During the design and comparison phases of the controllers, we performed stringent tests for both the PI-based

In this paper, we have shown that AEC [3], a recently
designed computing method—that corrects online the electrical artifacts generated in glass micropipettes when passing
currents and was originally designed for current-clamp and
dynamic-clamp—can be advantageously used in the voltageclamp conﬁguration (AECVC). It provides an error-free
measurement of the ‘true’ membrane potential during the
current injection used to clamp the potential of the cell.
Therefore, this digital method can be implemented in most
protocols in which classical voltage-clamp is being used.
Additionally, because it is a digital method, it can replace the
electronic implementation in ampliﬁers. We have adapted
AEC to voltage-clamp by employing a software-implemented
digital control method. This digital implementation led to
several applications using sharp glass micropipettes, such as
continuous voltage-clamp (as opposed to discontinuous voltage-clamp in which current injections alternate with voltage
measurements), and programmable smooth switching
between current-clamp, dynamic-clamp and voltage-clamp,
paradigms that were not possible using current methods.
AEC is a technique in which the kernel of the electrode is
ﬁrst estimated (using white noise injection) and the recorded
membrane potential is then corrected online in real time. This
technique requires a prior identiﬁcation of the electrode
properties, which are subtracted, leading to an accurate estimate of the true value of the membrane potential. The AEC is
particularly useful when the true membrane potential must be
known in real time, as in the case with the injection of conductances using the dynamic-clamp technique. AEC has been
used successfully in vitro and in vivo experiments. The novel
application of the AEC, which we introduce here, is to control
the membrane potential. In this case, because the real membrane potential of the cell is measured online with high
temporal resolution, it can be used to drive the potential by
injecting current across the intracellular electrode using a
control-system. We have shown the feasibility of this
approach, although it will suffer from the limitations of the
AEC, in particular the fact that the electrode kernel may
14
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system of ‘dynamic clamp’ that allows to implement real-like
behaviors of a cell membrane. Thus, the functioning and
performances of various electrophysiology techniques (current-clamp, voltage-clamp, patch-clamp and dynamic clamp)
could be studied in a situation close to real experiments
(including the presence of AMPA and NMDA conductance,
and in vivo-like conductance noise), and without the burden to
dealing with issues such as recording stability and health of
the neuron during stringent tests. This dynamic model was
very useful to compare the commercially available dSEVC
with the new methods (AECVC-OP and AECVC-PI).
The AECVC using these two controllers was compared
to the dSEVC and the results obtained indicate that AECVCOP performed as well as or better than dSEVC. However,
AECVC-OP has a better temporal resolution, because it is not
limited by discontinuous sample-holding rate (ﬁgure 4(D)),
which introduces artiﬁcial frequencies in the signal (ﬁgure 7).
Use of simple test pulse in the model cells revealed that
AECVC-PI and AECVC-OP performed well by maintaining
the voltage at the target Vm with better accuracy than dSEVC.
In addition, the OP controller had the fastest onset response.
As it is shown in ﬁgures 10–12, AECVC is a good
alternative to classical methods for continuous voltage-clamp
experiment based on single sharp electrode. Temporal resolution is an issue in dSEVC because it is limited due to the
low switching frequency, and because it is also a function of
the passive properties of the membrane of the neuron that may
change in the course of the experiment, due to changes of the
seal of the pipette or the state of the cell membrane. In contrast, time resolution in AECVC is only limited by the characteristics of the acquisition system and the calculus unit or
the computer, and easily adapts to cell membrane changes by
online re-estimation of the kernel [3].
Another issue concerns real time. The delay between the
input and the output in the feedback system implementing real
time is proportional to the computation time. The computational cost of the PI controller is smaller than the OP controller, and for this reason, if the recording duration is a
concern, the PI controller is preferred because stable recording conditions are very quickly reached—this was indeed the
conditions in the present experiments done with sharp-electrode intracellular recordings. If the recording conditions are
more stable (such as with patch electrodes), then the more
computation-demanding OP controller would be preferred,
because it reaches a better performance but after a longer
computation time in order to set the parameters correctly. We
anticipate that, with the progress in portable computational
power, the OP controller should become the standard in the
future with AECVC experiments.
We conclude that the AECVC method provides an
alternative method to the two-electrode voltage clamp or
discontinuous voltage-clamp methods, which were previously
the only possible conﬁgurations with sharp microelectrodes.
The main drawbacks of these methods are the technical difﬁculty of impaling a neuron with two electrodes, or the limited temporal resolution of discontinuous voltage-clamp. On
the contrary, the AECVC uses a single microelectrode and
has a temporal resolution only limited by the recording

Figure 11. Smooth switching between voltage clamp and dynamic
clamp in a cortical neuron in vitro. Traces of current and voltage
(Vaec). Shadow areas correspond to injection of point conductance
noise (plotted in (C)) using dynamic clamp. Voltage clamp using the
AECVC-PI conﬁguration is applied in non-shadow area. In (A), the
Vm is maintained at a constant value during current clamp and
voltage clamp. In (B) the membrane voltage was clamped at
different values. (D) Overlapping of the boxed areas.

and the OP-based AECVC in various experimental situations:
including a basic RC circuit (model cell); an artiﬁcial circuit
augmented with the possibility to mimic neuronal membrane
conductance DMC; and living biological neurons recorded in
brain slices.
The DMC is a more realistic model cell for testing the
performance of different experimental conﬁgurations. This
model consists of a passive RC model in combination with a
15
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Figure 12. AECVC continuous measure of synaptic conductance changes evoked by electrical stimulation of white matter in vitro. The
AECVC with PI controller was used to hold the cell in voltage-clamp. (A) Current traces are plotted when the membrane is clamped at
different Vm as shown in (B). The current and voltage traces are averaged from eight traces. (C) The total synaptic conductance and the
reversal potential are estimated considering the neuron as a single-compartment model. (D) Excitatory and inhibitory conductance
contributions to the total synaptic conductance. (E) The membrane potential is reconstructed using a time constant of 19 ms calculated with
the membrane kernel given by the AEC during the experiment. (F) Phase plot of synaptic conductance versus reversal potential.

system (computer, acquisition board, etc). In addition,
importantly, AECVC make it possible to design more complex experimental paradigms, where it is possible to smoothly
switch from current-clamp or dynamic-clamp conﬁguration to
voltage-clamp conﬁguration and vice versa (ﬁgures 9 and 11).
Such switching has been attempted in only a few studies, and
proved to be very useful despite the unavoidable switching

artifact generated during the transition from VC to CC. To
give an example, some of us participated in a study [24] in
which maintaining a neuron at a predetermined voltage had a
short-term critical inﬂuence on some conductances, following
the voltage step. Interestingly, this change in conductance
dynamics induced during voltage-clamp could—only—be
revealed and measured in current clamp. However, the period
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of transition between the clamping modes were lost due to the
artifact produces when switching modes in the ampliﬁer. This
contributed to our motivation to realize a digital voltageclamp methodology. Indeed, as shown in ﬁgures 10 and 11 of
the present study, there are no switching artifacts at the
transition from the various clamp types. This is possible
because the switching is done digitally, without any hardware
modiﬁcation. An additional advantage is that conductance
extraction could be done directly, by a method based on linear
regression [20], without processing the data to remove the
electrode effects in measurements (ﬁgure 12), because AEC
based methods measure the real membrane voltage on line.
In conclusion, we have shown here that the AECVC technique, regardless of the controller used is a useful tool for electrophysiological study of single neurons in vitro. This technique
is an alternative to DCC, enabling true continuous records in the
voltage-clamp mode with sharp electrodes. The type of controller
used is critical, and determines the precision and stability of the
entire system. Therefore, future research could aim at improving
or testing faster controllers. AECVC could be used in electrophysiological studies in intact brains in vivo, since high-resistance
microelectrodes are used in these types of experiments. Finally,
AECVC could be adapted to the patch clamp technique, either
in vivo or in dendritic recordings, which typically also require
high-resistance patch electrodes. For this however, it will be
necessary to speciﬁcally adapt the AEC kernel to the desired
patch pipette characteristics before using it in AECVC [3].
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