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Abstract

Currently, open-loop stimulation strategies are prevalent in medical bionic
devices. These strategies involve setting electrical stimulation that does not
change in response to neural activity. We investigate through simulation the
advantages of using a closed-loop strategy that sets stimulation level based on
continuous measurement of the level of neural activity. We propose a model-
based controller design to control activation of retinal neurons. To deal with
the lack of controllability and observability of the whole system, we use Kalman
decomposition and control only the controllable and observable part. We show
that the closed-loop controller performs better than the open-loop controller
when perturbations are introduced into the system. We envisage that our
work will give rise to more investigations of the closed-loop techniques in basic
neuroscience research and in clinical applications of medical bionics.

1 Introduction

Most currently used stimulation strategies for medical bionic devices rely upon open-
loop control of the stimulation levels. The open-loop strategies may involve the
machine-learning of the algorithm parameters or changing the algorithm parameters
based on the patient’s performance (slow-time scale); however, these strategies do not
change stimulation parameters on a pulse-by-pulse basis in response to the evoked
activity (fast-time scale), i.e. the level of stimulation does not change in response to
any continuous measurement of the level of neural activity that is generated.

While many stimulation strategy algorithms in bionic devices have been successful
using open-loop techniques [8], [16], [35], the outcomes differ from patient to patient
[1], [12], [38], [48], [59]. For example, the benefits of the cochlear implant may vary
even among patients with similar otologic pathologies and with the same type of the
cochlear implant system [48].
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It has been shown that a customized controller in a bionic device allows the ma-
nipulation of specific patient-based neural responses [2], [50]. By monitoring neural
response and adjusting stimulation parameters using closed-loop control techniques,
it is possible to optimize the stimulation on-line based on the acquired data. More
effective stimuli are delivered by utilising neuronal recording in a feedback loop to
control neurostimulation on a continuous basis. At present, to fit stimulation pa-
rameters requires repeated patient’s visits to a clinic. This is a major commercial
impediment and the parameter’s optimization is done in a sub-optimal way. Closed-
loop techniques may minimize the time to fit stimulation parameters while in a clinic.
Additional benefits of using feedback in neuroprosthetic stimulation may include se-
lective and controlled effects on populations of neurons, directing the electric current
based on the response of the targeted neural elements, and reduction in power con-
sumption, since a stimulator is activated only when required, delivering the precisely
required amount of electrical stimulation to the targeted location [64].

Closed-loop stimulation paradigms have been realized in some clinical applica-
tions, including neuromuscular stimulation in paraplegic subjects [2] and to control
neural activity in epilepsy patients [17]. Closed-loop strategies have been used in
vivo in animal models to control muscle excitations [18], to control the heart rate by
electrical stimulation of the vagus nerve [63], and to modulate seizure activity [44],
[47]. Closed-loop controllers have been used in vitro to adjust stimulation current
to maintain the average firing rate at a desired inter-spike-interval [43], to correlate
the spike timing between sets of arbitrary neurons [46], to control the firing rate of
a neuron [43], to control the instantaneous response probability of a neuron [68], to
control bursting dynamics in cortical cultures [67], and to identify different visual
stimulus patterns that yield the same neuronal response [5].

Closed-loop control techniques to control neural activity have been investigated
through simulation studies [24], [27], [55], [64]. Computer simulations of closed-
loop techniques explored the possibilities to mimic the restoration of thalamocortical
capabilities [24], to control simulated limbs movement [45], to adjust stimulation
parameters to reduce simulated oscillatory neuronal activity [15], [55], and to control
motion of a musculoskeletal system using a multilayer perceptron network feedforward
controller combined with a feedback controller [49].

Various measures of the neuronal response can be taken into account for the
closed-loop control and different performance measures can be incorporated. Closed-
loop output measurements include ECoG signals [17], firing rate of individual neurons
[68], spike timing of individual neurons [46], inter-spike-intervals [43], and electrical
activity of population of neurons recorded with multi-electrode array [67]. Closed-
loop performance measures included difference between target and average achieved
median firing rate [67], percentage of decrease in seizure frequency [17], speed of
correcting errors, and robustness of the system for different controller gains [43].

While feedback control plays a fundamental role in modern technological systems
[23] and has many desirable properties including the capacity to improve robustness
with respect to disturbances, to decrease sensitivity to model errors, and to stabilize
an unstable system, its full advantages have not been utilized in medical bionic de-
vices. In this study, we present a comparison of closed-loop and open-loop stimulation
techniques to control neural activation in the retina. We investigate through simula-
tion the advantages of using a closed-loop strategy; in particular, we demonstrate the



controller’s robustness to disturbances and parameter uncertainties. Our motivation
comes from retinal prostheses applications [69], [59].

We propose a model-based controller design for controlling activation of surviving
neurons in people with retinitis pigmentosa (RP) and age-related macular degenera-
tion (AMD). RP and AMD are examples of retinopathies that involve photoreceptor
loss leading to eventual loss of vision. Postmortem analysis of the retinae of RP and
AMD patients reveals that a large number of retinal neurons survive [36], [40], [41].
It has been shown that it is possible to elicit a sensation of light in RP and AMD
patients by electrically stimulating the surviving neurons in the retina by means of
visual prosthetic devices [4], [30]. Electrical stimulation of a small area of neuronal
tissue in the vicinity of each electrode may create light perception, called a phosphene.
To adjust the size and brightness of the phosphene, stimulation parameters are cur-
rently adjusted post-operatively, with associated potential difficulties due to limited
time available with patients and clinical resources. When several electrodes are stim-
ulated simultaneously, the phosphene size and brightness may change depending on
the combination of active electrodes. Testing visual perception on the activation of all
possible electrode combinations may take a significant amount of time, and becomes
impractical as the number of electrodes increases. Challenges of adjusting stimulation
parameters post-operatively include difficulties quantifying and measuring patient’s
perception, a large number of degrees of freedom, the complexity of the responses,
and changes in neuronal responses over time.

The electrophysiology and topology of retinal neurons pose issues that are spe-
cific to this particular neural application. The first issue is a high density of RGCs
compared to a low number of electrodes. A large difference between the density of
electrodes and the density of neurons, in our case, leads to lack of controllability and
observability of the whole system due to the fact that neurons are not interconnected.
While control of individual neurons is not possible, to deal with a system that has a
much smaller number of actuators and sensors (electrodes) than the number of sys-
tems states (neurons), we use Kalman decomposition to control a linear combination
of neuron states of the system that correspond to a controllable and observable sub-
space in our model. We assume that the retinal ganglion cells (RGCs), the output
neurons of the retina that transmit visual information to the brain, are not connected
to each other. They act as outputs of communication buses that transmit information
in parallel and do not exchange signals between each other. This known to not be
the case because of gap junctions connecting the same ganglion cell types, but these
are assumed not to play an important role and are neglected in the present analysis.

The main contribution of this paper can be summarized as follows. We propose
the use of a model-based closed-loop design (a linear quadratic regulator in combi-
nation with a feedforward controller) to adjust stimulation parameters based on a
linearized model of neural dynamics and a desired reference signal. To deal with the
lack of controllability and observability of the whole system, we use Kalman decom-
position and control only the controllable and observable part. Then, the dynamics
of a linear combination of neurons (that represent the controllable and observable
subspace of the system) can be controlled. In simulations, we are able to achieve
acceptable performance despite a small number of actuators and sensors. We show
that the closed-loop controller performs better than the open-loop controller when
perturbations are introduced into the system. We envisage that our work will pro-



vide a better understanding of the opportunities and limitations of the closed-loop
control, leading to more research and clinical investigations on the use of closed-loop
techniques in bionic devices.

The paper is organized as follows. In Section 2, we derive a simple model suitable
for the controller design and describe the feedback system set-up. In Section 3, we

present the results of the simulations. Discussion and conclusions are given in Section
4.

2 Methods

A block-diagram of the open-loop system is illustrated in Figure 1, where K is the
feedforward controller gain; its calculation is described below. For the purposes of
this paper, the model of the neural response replaces the experimentally observable
response of a neuron (illustrated in the figure by a cartoon of a neuron). z is the state
of the system, y is the measured output, u is the controller signal. The controller signal
is the electrical stimulation amplitude and the measured output is a measure of neural
activity. The reference is neural activity of neurons in response to light stimulation,
the controller is trying to adapt the stimulation level in order to replicate the response
of neurons to light stimulation. Typically, the neural activity is quantified as the
measured spiking rate of neurons. However, for simplification, in our case, we use the
level of the neuron’s membrane potential as an indication of neural activity of the
neuron.

A block-diagram of the closed-loop system is given in Figure 2. In the diagram, C?
is the observer matrix, K, and K, are feedforward and feedback controller gains; their
calculations are described below. The response of neurons to electrical stimulation is
measured and used for controller design to calculate the electrical stimuli.

.
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Figure 1: Open-loop system with a feedforward controller. K is the feedforward
controller gains, u is the controller signal, y is the measured signal, z is the state of
the system.

2.1 Geometry of the system

A schematic of an electrode array and neural tissue is given in Figure 3. An example
array consists of 4 x 4 point electrodes that are separated equidistantly by 125 um
and a cell tissue area of 0.5 mm?. In simulations, we also explored 8 x 8, 16 x 16, and
32 x 32 electrode arrays with a centre-to-centre pitch of 125 um. The cell tissue area
was scaled according to the size of the electrode array.
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Figure 2: Closed-loop system with a static observer, feedforward and feedback con-
trollers. C* is a static observer matrix, K. and K, are feedforward and feedback
controller gains, u is the controller signal, y is the measured signal, z is the state of
the system.

In healthy human retina, the average density of RGCs depends on eccentricity,
ranging from 2400 cells/mm? in the peripheral retina to more than 10° cells/mm? in
the central retina [26]. To simplify the model, we use the cell density for peripheral
retina. On average, 50% of RGCs survive in a retina of a person with AMD [41]. We
assumed that the density of RGCs in degenerative retina is 1269 cells/mm?, which
corresponds to survival of 53% of RGCs. This corresponds to 317 cells in 0.5 mm?
tissue; we round to 18 x 18 = 324 in order to have a rectangular grid of cells.

In the following, N is a number of neurons and M is the number of electrodes.
The distance H;j from each electrode (i = 1, M) to each cell (k = 1, N) is given in
the matrix H,

Hiy = (B + o — @l + s — w7, (1)

where (z;,y;, h) are the coordinates of the center of the electrode i, and (z, yx,0)
are the coordinates of the cell k, and h is the distance between the electrode array
and the tissue. The distance H,j from the highlighted electrode E; to the cell Sy is
illustrated in Figure 3.a.

The array is assumed to be h = 60 pm from the tissue, which is common for
epiretinal visual prostheses.

2.2 Input into the system: retina response to light

Ideally, to use a static image or a video as a reference, the light intensity at each pixel
of the image (each pixel of a video frame at each sampling time) has to be converted
into a spike rate of a population of neurons in the topographic location corresponding
to the pixel. To convert the light intensity into a neural population spike rate, a
linear-nonlinear model can be used. A technique to estimate model parameters using
white noise stimulus is given by Chichilnisky (2001) [9].

In this work, a static image or a video frame at each point in time is divided into
N square pixels, where N is the number of simulated neurons. To convert the light
intensity at each pixel into the membrane potential of neurons in the corresponding
location, the light intensity at each pixel in the image is scaled from 1 to 256 with
equal intensity increments between the steps. The light intensities are then used as
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Figure 3: Geometry of the system. a) An array of 4 x 4 point electrodes at a distance
h = 60pum above tissue. Tissue area is 0.5 mm?. Distance between electrodes is 125
pm. Cell density is 1250 cells/mm?. Red, yellow circle: electrodes; blue circles: cells.
b) A birds-eye view of an array and tissue (z-axis is collapsed) with the same properties
as in (a). Note, in this work, in all simulations and mathematical derivations, point
source electrodes were used. Solid red and yellow circles are given for illustration
purpose and do not correspond to the geometry of the electrodes used.

membrane potential references for the neurons in the corresponding locations. Note
that these values do not correspond to the physiological values of the membrane
potential.

2.3 Output of the system: retina response to electrical stim-
ulation

In this section, we describe the model of the RGCs with sensor and actuator signals.
The model of the RGCs was constructed from first principles based on modeling
framework for electrical stimulation [42]. The models suitable for the controller design
need to have some specific characteristics. The models need to be tractable and
simple enough so that advanced control theory tools can be implemented and the
calculation for the controller signal can be done on-line without requirement for high
performance computational facilities. While there exist many models that describe
neural response to sensory or electrical stimulation [9], [13], not all of them can be
used for the controller design.

Often, to find a spike rate of a neuron, Ry, given its membrane potential, Vj, a
sigmoid function is used [21]. A relationship between the spike rate and the membrane
potential using a sigmoidal function is given in Figure 4. In this study, we assume
that we operate in the region of the sigmoid that can be approximated by a linear
function (red line), refer to the region between dashed lines Figure 4. This is a
reasonable assumption, since the limit of RGCs response to electrical stimulation is
200 Hz, while the common stimulation frequency is 60 Hz (causing neurons to fire
close to 60 Hz). Also, the range of the sigmoid that is to the left from this operating
region, can be approximated by a zero spiking rate since many ganglion cells do not



exhibit spontaneous activity. Therefore, we assume that a neuron’s spiking rate is
proportional to the neuron’s membrane potential and design a controller and observer
for a linear neural response model. Note, it has been shown that linear models
approximate well the individual ganglion cells response to electrical stimulation [32].
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Figure 4: Blue: the relationship between the spike rate and the membrane potential
using sigmoidal function. In the region between dashed lines, the sigmoid can be
approximated by a linear function (red).

A common approach to investigate the fundamental mechanisms governing the
effect of the extracellular stimuli on neuronal dynamics is based on the classical cable
equation [52]. This approach can be extended to multiple compartments models [25]
and different modes of stimulation in confined extracellular space [42]. We adopt the
approach of modelling a neurite as a cylinder since it was shown that the ganglion
cell’s axon initial segment (represented here by a cylinder) shapes the cell’s response
to electrical stimulation [19]. Similar approach was used by Meffin et al. (2012) [42].

To model the effect of the electrical stimulation on the neural response, we derived
a solution to the passive cable equation with current driving term for a point source
stimulation electrode in a homogeneous medium. We calculate the transmembrane
potential (hereafter, referred to as the membrane potential) due to a stimulating
electrode at some distance from a neuron. The neurite is modeled by a homogeneous
infinite cylinder driven by the local current density on a boundary of the cylinder.
The extracellular space is confined and is modeled by a thin sheath with outer radius
b surrounding the intracellular part of radius r,; the intracellular and extracellular
resistivities are equal, p; = p.. In the subthreshold regime the membrane behavior is
linear and modeled by an RC circuit.

A common approach in the literature is to assume that the effect of the current
passing across nerve fibre is negligible, [10], [52], [62]. Similar to these studies, we
consider only the longitudinal mode of stimulation in which current passes into and
along a nerve fibre oriented along the z-axis. In this case, the membrane potential,
V', given the current density on a boundary of the cylinder, J(z,t), is described by
the cable equation:

0V (z,1) oV (z,1)

)\37 _ TmT —V(z,t) = —)\37"82# bJ(z,1), (2)



in which

(1>

.
- j:ﬁ, T = P, (3)

Ao

r; is the intracellular resistance per unit length, r, is the extracellular resistance per
unit length, r, = Ry, /27r, is the membrane unit length resistance, ¢, = 27r,Cy, is
the membrane capacitance per unit length. r, is the neurite radius, b is the radius of
the extracellular space around the neurite. R, is the membrane’s unit area resistance,
Ch, is the membrane capacitance per unit area. The equation (2) in the frequency
domain becomes:

2V (z,w)

)\2(w) 5,7

—V(z,w) = =X (w)re2m bJ(z,w), (4)
where \?(w) is the frequency dependent electrotonic length constant under current
density boundary conditions,

AS

N (w) = [T

(5)
where 7 is the imaginary unit. Hats above variables denote Fourier transform in time.

We will use the following expression for the longitudinal component of the current
density on the cylindrical boundary of the neurite due to a point source electrode in a
homogeneous, isotropic medium. It can be derived from the expression for the current
density due to a point source electrode (I/4wR?) but finding the component on the
normal current density on the cylinder boundary that is rotationally symmetric about
the cylinder axis ([42],[61]) and using a Taylor expansion in b/ H.

I(t) b(222 — H?)
8n (H2 1 2)2 (6)

J(z,t) =

h is the distance between the electrode and the center of the neurite directly below
the electrode, I is the applied stimulation current amplitude.

The Green’s function which is the solution to equation (2) for J(z,w) = d(z) is
found to be

Te)‘;w) e 36, (7)

For any other current, the membrane voltage can be calculated through convolution
integral in 2z

Ve (z,w) =

f/(z,w) = VG(z,w) * j(z,w).

The maximal membrane potential occurs at z = 0. Inserting the expression (7) into
(6) we obtain
. b7, 2] -
V(0.0) = | o AN /5| He)
where Z,, is the specific membrane impedance, the part in the square brackets is the
transfer function, and the function A is given by

& 1 —2x22 .

8



Using approximation an empirical observation that A(x) = 1/(1 + z), gives

2 B b (w)
V(O,CU) - 871'H30m(7'71 +]Cd)

where 7 = (ﬁ—i—ﬁ),andd:re—b.

From the above, we can calculate the effect of electrode 7 on cell £ using the
transfer function:

A

. bl
Vi = ’ , 8
k() SWHEka(T—l + jw) (8)

where Vj, is a Fourier time-transform of the membrane potential of the cell Sy, I; is
a current applied at the electrode 7, and 7 is the neural time constant for electrical
stimulation, b is the width of the extracellular space surrounding a typical neuron, j
is the imaginary unit.

In many applications, other neurons synaptically connected to neuron k also affect
its membrane potential:

A

. bl; R .
W) = e ; hit(w) Bi(w), (9)

where ﬁjl(w) is the transfer function for the subthreshold response of the membrane
potential for the synapse from neuron [ to neuron k and R (w) is the Fourier transform
of the spike rate of neuron /. However, for this application, we disregard network
connections (input from other types of retinal neurons); i.e., the second term in the
equation (9) is neglected since for many neuroprosthetic applications the injected
electrical current has a much larger effect on the response of the neuron than the
neuron’s synaptic currents.
The influence of all electrodes on cell k can be calculated as

M A
- b I
= k= Liswis N 1
Vk(w) 87T0m(7'71 +]W) Z Hl:?k, ) 4% ( 0)

=1

where the effect of the combined stimuli are scaled by the inverse of the cubed distance
between the electrode and the cell. According to (10), all electrodes have an effect
on cell k. In reality, only electrodes in a limited vicinity, r., of the cell k have any
appreciable influence onto its membrane potential; i.e.,

if (Hl,k >’f’e) in (10) = [;=0. (11)

1e is varied in simulations (see Table 1).
Using the inverse Fourier transform of the right-hand side of (10), we can find how
the membrane potential Vj(t) changes over time,

At
Vit + At) = e 25 () + / e A Bdn u, (12)
0



where
_ b o 1
Bk — Z 3 (13)

87C,, — HUC

k=1,...,N.
Model parameters used in simulations are given in Table 1.

Table 1. Parameters of the model used in simulations.

Parameter Value Description Units

D, cell density 1269 cells/mm?
h distance between the array and tissue 60 wm

Te radius of the influence of an electrode [105,250] pum

onto a neuron (varies in simulation)

Tref refractory time constant 5 ms

Co membrane capacitance constant 1074 Fum?

T neural membrane time constant for electrical stimulation 1.1 ms

b outer radius surrounding the intracellular part 0.5 um

2.4 State-space representation

In this section, we rewrite the model in a state-space form that is more amenable to
controller design. From (10), we obtain

(14)

T = Ax + Bu
y = Cr,

where z € R” is the state of the system, y € R™ is the output of the system, and
u € R™ is the controller signal:

Vi RYY 5L
= : s Ii= : . T = - , (15)
Vi R3Y Iy

where the controller action u describes the applied current on each electrode. In (14),

-1 0 B
0 G —d BN

1 1
H11 Hio’,M
C=1| + -~ =+ |. (17)
1 1
B By

10



2.5 Kalman decomposition

We found that the system (14) is neither controllable nor observable [23]. This is
not surprising since we assume that the cells do not interact with each other and we
have fewer electrodes than cells. However, as the matrix A is Hurwitz, the system
(14) is detectable and stabilizable [23]. Hence, by stabilizing its controllable and
observable part, we can stabilize the full system. We proceed by applying the Kalman
canonical decomposition to (14). The Kalman decomposition decomposes (14) into
parts that are observable and controllable (¢, 0), observable and not controllable (o, ¢),
not observable and controllable (0, ¢), and not observable and not controllable (o, ¢)
[34]. We used MATLAB™ for all simulations.

Using Kalman decomposition, we transform (A, B,C) into (A, B,C) using the
following formulas:

A=TAT, B=T"'B, C=CT (18)
and use the new state of the system z(t) = T 'z(t), where T is N x N invertible
matrix.

Matrices A, B and C can be decomposed as follows:

A ACO AE,O = qu _ _ _
A:{Ac,a Aa,a}’ B:{Baa}’ C:[Cc,o‘caa]. (19)
Then, the full state-space representation of the transformed system is:
= Az+ Bu
where
Ze,0
Zc,é
z(t) = I
2575.

During simulations, the upper right and lower left quadrants of A, the lower
quadrant of B, and the right quadrant of C' were close, but not equal, to zero due to
numerical errors:

1 Aco g() D, Bco ~ ~ ~
A:[?’O’—g}, B:|:%J7:|, O:[Cc,o‘zo]. (21)

Therefore, we consider only the observable and controllable part of the system
(20). We use the variable 2z, = z., to emphasize that the system we consider is a
reduced-order system, where z, corresponds to the observable and controllable part
of the state in the Kalman decomposition form:

%, = Ayzr + Bru
{ Yr = Orzra 7 <22)
where - - B - - -
Ar = Ac,o ) Br - Bc,o ) Cr = Cc,o; (23)

and the applied stimulation current on electrodes is the controller action wu.

11



2.6 Feedback controller design

In this section, we describe the feedback controller, provide a static observer design
technique using the pseudo-inverse matrix, and characterize the signal used as a
reference.

Linear quadratic regulator (LQR)

To control the observable and controllable part of the full system (20), a linear
quadratic regulator (LQR) was implemented to control (22). The LQR is a well-
known design technique that provides a feedback gain, K, in

u = _K’r‘er (24)

where

K,=R'B"P. (25)

The technique is based on minimizing the quadratic cost function J in
J = / (" Qz + v’ Ru)dt, (26)
0
where R > 0, > 0. This choice of cost function leads to algorithms that set the

controller amplitude by minimizing the undesired deviations of the system’s output
from the reference signal. P is found by solving the continuous time Riccati equation,

AP+ PA— PBR'B"P = —-Q. (27)

The following R and () that satisfy the conditions above were used in simulations:

T1 0 0 q1 0 0
R=1|0o . 0|, Q=10 . 0 |, (28)
0 0 7y 0 0 qum

the values r; = 10 and ¢; = 1078, i = 1,..., M, satisfied (26) and (27). These values
are the design parameters; other values for R and @) can be used, which would lead
to different controllers.

Feedforward controller in combination with LQR

A combination of feedback together with feedforward control can significantly improve
the performance of the system over simple feedback control. A feedforward controller
is especially useful when there are measurement disturbances in the system and there
are modelling errors. Feedforward control can often reduce the effect of the measured
disturbance on the system output much better than is achievable by feedback control
alone. A feedforward controller with the gain K. was added to the design:

key 0 0
Ko=10 " 0 | (29)
0 0 ke

12



where the gain k., is dependent on the number of electrodes and is given in Table 2.
The values in Table 2 were obtained using simulations with different number of elec-
trodes using optimization technique described in the Sub-Section ’Linear Quadratic
Regulator’.

Table 2. Values of the feedback controller gain, k.,, vs the number of electrodes, M.

M 1 4 9 16 25 36 49 64 81 100 122 144 196 225 256

k., 342 24 20.7 193 192 182 175 175 175 175 175 17,5 175 17.5 175

The resulting controller had the following form:
u= Ko —K,z,, (30)

where 7 is a reference. In the system (14), there are M inputs that correspond to the
applied current amplitude at each of M electrodes. However, in the case when the
reference is an image or a video frame, a number corresponding to each of N neurons
is given, N > M. The reference has to be transformed from the dimension N into
the dimension M. The old reference (r, corresponding to the state x) is transformed
into the new reference (r,, corresponding to the measurements y at each electrode)
by r, = C'r.

Observer design

In order to implement a static observer, only the observable and controllable part of
the system (20) is considered, i.e. the system (22). The output of the system (22)
has the following form:

Yr = OTZT' (31)

Since the matrix C, is not a square matrix (the number of electrodes is not equal
to the number of neurons), we use a pseudo inverse of C,. to calculate the static
observer measurements,

B = C_’;fy, (32)

where the superscript * indicates the pseudo-inverse of the matrix.

Note, the system is partially controllable and the effect of the transformation in
the Kalman decomposition is that the controller acts on the above variable z —r which
is a linear combination of the original states, z, and the controllability of a neuron
depends on its distance from the electrode (see definition of the matrix C' in (17)).

2.7 Comparison of the closed-loop and open-loop stimulation
strategies

In order to evaluate the advantages of using the feedback strategy to control activation
of RGCs, we compare the performance of feedback and feedforward controllers when
disturbances are introduced into the system.

We consider the system (14) with measurement noise h, and parameter pertur-
bations b,, Cy, in (16), (17). We design a controller for the reduced system with the
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parameters given in Table 1: h = 60 ym, b = 0.5 pum, Cy, = 10~* F m?; however, we
simulate the system with the parameters h = h + h, = 70 pm, b = b+ b, = 0.35 pm,
Cn=Cyp+Cy =107 Fum?.

The closed-loop controller was designed as given in Section 2.6. The open-loop
controller for the reduced system (22) was designed as follows. Let the desired mea-
surement be

2 =C M, (33)

where r is the reference signal. Let z} be the equilibrium of the system (22). Then,
0= A2+ B’ (34)

From (33) and (34), the open-loop controller is defined as

wi =B Azt = B7YACoYr = K (35)
where K = B 1A, C ! is the open-loop controller gain.

To replicate the current practice of manual tuning open-loop strategy in a lab
environment based on the patient’s perception, we manually tune the open-loop con-
troller. We manually change the gain K in (35) while visually observing the output
(the image). We set the gain K to the value that corresponds to the best possible
image. Note, this manual tuning of the open-loop gain (and not the feedback gain)
does not provide a fair comparison with the closed-loop controller. This “unfair”
comparison is done specifically to show that even with this scheme, the closed-loop
controller performs better than open-loop when disturbances are introduced into the
system.

The evolution of the state and the output of the reduced system are compared
using the closed-loop and open-loop stimulation strategies.

3 Results

3.1 Feedback controller

Extensive simulations to test the controller performance were carried out. The feed-
back system gave acceptable performance measured by the rate of convergence when
a step reference is presented. For a unity step reference, the time of convergence was
0.12 s at which point the error was 0.1 mV. Note, the reference image was clearly
recognizable much earlier than 0.12 s. In addition, the controller gains do not require
on-line calculations (the gains are calculated off-line prior to dynamic simulations)
and the controllers worked well with different numbers of electrodes.

To confirm that the state of the reduced system closely approximated the state
of the original system, we compared the state and the output of the original system
(14), the system in the Kalman decomposition form (20), and the reduced system (22).
Note that the reduced system is the controllable and observable part of the system
in the Kalman decomposition form. Refer to Methods for Kalman decomposition
technique. The results plotted in Figure 5 illustrated that the original system (14), the
system in the Kalman decomposition form (20), and the reduced system (22) respond
in the same way. Simulations are done for 16 electrodes with 125 neurons; however,
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only a subset of 3 references and 3 electrodes are shown for better visualization.
Figure 5.a shows the recording electrode references for 16 electrodes; different colors
represent different electrodes. The comparison of output of the systems is given in
Figures 5.b, 5.c, 5.d. As observed in Figure 5, y = y, = v,., where y is the output of
the original system (14), v, is the output of the system in the Kalman decomposition
form (20), and y, is the output of the reduced system (22). In our case, the dimension
of the outputs of the original system, the system in Kalman-decomposition form, and
the reduced system are the same. Refer to the definition of the matrix C in (21) (the
not controllable and not observable part of C' is zero). Note, that the errors between
the outputs of the original, the reduced, and the system in Kalman decomposition
form were of the order 1076 mV.
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Figure 5: Comparison of the outputs (corresponding to 16 electrodes) of the original
systems (14), the system in the Kalman decomposition form (20) and the reduced
system (22). Simulations for 16 electrodes with 125 neurons. Only a subset of the
3 electrode references and corresponding 3 measured outputs is plotted for clarity.
a) Recording electrode references for 3 electrodes. b) Output of the original system
(14). ¢) Output of the system in the Kalman decomposition form (20). d) Output of
the reduced system (22). Different colors represent different electrodes. The color of
the trajectory in subplot (b) corresponds to the same color of the reference in subplot
(a); similar for subplots (c) and (d).
The electrodes were chosen to produce distinct outputs (approximately on the
diagonal in Figure 3b).

To confirm that the system in Kalman decomposition form behaves the same as
the original system, we compared the states of these systems. The state evolutions of
the original system and the system in the Kalman decomposition form are illustrated
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in Figure 6. Simulations are done for 16 electrodes with 125 neurons. Only a sub-
set of 3 neurons are shown for clarity; different color trajectories represent different
neurons. Note that the error between the state of the original system and the system
in the Kalman decomposition form (20) is negligibly small (of the order 107'° mV).
Therefore, we can conclude that the state of the system in the Kalman decomposi-
tion form (20) approximates the state of the original system well: z = z. Note, the
dimension of the state of the reduced system is smaller than the dimension of the
original system due to the fact that the reduced system is only the controllable and
observable part of the system. Therefore, a comparison of the outputs only of these
systems has been made (refer to Figure 5).

0
t[s] t[s]

Figure 6: The state evolutions of the original system (14) and the system in the
Kalman decomposition form (20). Simulations for 16 electrodes with 125 neurons.
Only a subset of 3 neurons represented by three different colors is plotted for a better
visualization. a) States of the original system, and b) States of the system in Kalman
decomposition form. The errors between the states of the original system and the
states of the system in Kalman decomposition form are of the order 10~!% when a
step reference is presented.

Now we show that when using a controller designed for the reduced system we
are able to track the reference signal with satisfactory performance. Simulation of
the closed-loop system using 12 x 12 electrodes is shown in Figure 7. The figure
shows that using the feedback controller, the reference to the system is approximated
well. For these simulations, the image scrolls from right to left in 0.3 seconds; the
subplot al shows a reference image. The subplot a2 shows an image of the state of
the system converted into the light intensity at each pixel of the image. The analyzed
area is represented by a red square in subplots al and a2. While simulations were
done with 144 electrodes, only a subset of the references, states, and outputs of the
system are illustrated for clarity. Figure 7.a shows relative values of the membrane
potential corresponded to the image in al (that correspond to the intensity of light
at each pixel). Figure 7.b shows the state of the original system. While the state
of the system has some overshoot compared to the reference signal, the image a2
approximates the reference image al very closely. Figures 7.c shows the electrode
references. Figure 7.d shows that the output of the system approximates the reference
electrode signal with good accuracy. Different color traces in the figure correspond
to different neurons and different electrodes, shown by solid circles in the subplots al
and a2.
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Figure 7: Simulation of the closed-loop system using 12 x 12 electrodes. The analyzed
area is represented by a red square in the inserts al and a2. The image scrolls from
left to right in 0.3s. (al) Reference image and (a2) State of the system converted
into the light intensity at each pixel of the image. The color of the trajectories in
a,b corresponds to the same color neuron shown schematically in a2. The color of
the trajectories in c,d correspond to the same color electrodes shown schematically in
al. a) Neuron references. b) State of the original system. c¢) Electrode references. d)
Output of the original system. Only a subset of the electrode references and currents
are illustrated for clarity.

3.2 Comparison of the closed-loop and open-loop stimulation
strategies

A comparison of the closed-loop and open-loop stimulations strategies using 8 x 8
electrodes when there are no disturbances in the system is shown in Figure 8. The
neuron references converted into light intensity at each point in the image is shown in
Figure 8.a. Both stimulation strategies perform well and the reference is recognized
using closed-loop stimulation (see Figure 8.b) or when the open-loop strategy is used
(see Figure 8.c). This is not surprising since the open-loop controller can be tuned
to track the reference signal with high accuracy when the model approximates the
actual behavior of the system well. All simulations below are done for r, = 125um.
However, the performance of the open-loop controller changes dramatically when
disturbances are introduced into the system, as illustrated in Figure 9. While the
closed-loop controller shows a robust performance (refer to Figure 9.b), the open-
loop controller is shown to be highly sensitive to the system’s uncertainties and mea-
surement perturbations (see Figure 9.c). For these simulations, the controllers were
designed for the reduced system with the parameters given in Table 1: A = 60 pm,
b=0.5pm, C,, = 107 F um?; however, simulations were run for the system with
the parameters h = h + hy, = 70 um, b = b+ b, = 0.35 um, Cp, = Cy, + C,, = 10713
Fpum? that corresponded to the measurement noise and parameter uncertainties. The

17



B

Figure 8: Comparison of the closed-loop and open-loop stimulation strategies using 8
x 8 electrodes with the system without disturbances. a) Neuron references converted
into a light intensity at each point in the image. b) State of the original system
using feedback stimulation strategy. c) State of the original system using feedforward
stimulation strategy (35). d) State of the original system with manually adjusted
feedforward controller gain.

neuron references converted into light intensity at each point in the image is shown in
Figure 9.a. The reference, the letter “A”, is recognizable when a closed-loop stimu-
lation strategy is used even if significant disturbances are introduced into the system
(refer to Figure 9.b; the online version has a better quality image). However, it is al-
most impossible to distinguish the letter when an open-loop controller is implemented
(refer to Figures 9.d). This is a consequence of the open-loop gain calculation under
the assumption of unknown disturbances. In reality, we can never estimate model
parameters or disturbances perfectly. This result shows robustness of the feedback
strategy with respect to the measurement disturbances and parameter uncertainties,
and clearly indicates the advantages of using the feedback controller paradigm in com-
parison to the feedforward one. Note that the least controllable neurons lie on the
perimeter of the image, since these neurons are not surrounded by electrodes. Due
to that, there is a dark perimeter on the image using the closed-loop controller; these
neurons do not receive substantial stimulation current to bring them to the higher
activation state. Note that for simulations in Figure 9.b, a larger amplitude current
was applied than in simulations for Figure 8.b. Therefore, the image in Figure 9.b is
lighter.

a) by | " |

L I

Figure 9: Comparison of the closed-loop and open-loop stimulation strategies using
8 x 8 electrodes for the system with disturbances. a) Neuron references converted
into a light intensity at each point in the image. b) State of the original system
using feedback stimulation strategy. c) State of the original system using feedforward
stimulation strategy (35). d) State of the original system with manually adjusted
feedforward controller gain set prior to introduction of disturbances.
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4 Discussion and Conclusions

This paper provides a proof of principal of benefits for a closed-loop stimulation
strategy to be used in a bionic device. This computational study is the first step
towards potential clinical implementation of such stimulation paradigms. Benefits
of computational models include relative ease of manipulations of the parameters of
stimulation and making concrete predictions of the stimulation effect on the neural
response.

We propose a simple linear model of neural activation for a model-based closed-
loop controller design to adjust stimulation parameters dynamically based on the
response of retinal neurons. Using Kalman-decomposition techniques, we are able
to control linear combination of neurons and achieve acceptable performance. Our
findings suggest that the closed-loop stimulation strategy offers some advantages over
the open-loop strategy. We show that the closed-loop controller performs better than
the open-loop controller when disturbances are introduced into the system.

A fundamental problem to convey sensory information using a bionic implant
is to understand how electrical stimulation affects neurons. Biological systems are
complex, and many approximations and simplifications are usually done in order to
build a model of the neural response to electrical stimulation. The choice of the model
used in this study is based on the fact that linear models are easier to analyze for the
observability and stability criteria. It has been shown that linear models approximate
well the individual ganglion cells response to electrical stimulation [32]. In addition,
linear models offer a wider range of controllers that can be implemented. Note that
in this work, we assumed that the neural activity can be described by the continuous
intracellular membrane potential, whereas the measurements that are realistically
accessible to a neuroprosthetic device are discrete spikes, from which the response
strength can to be estimated by averaging over time or a population of neurons. This
extension is left for future research.

Closed-loop strategy presented here compares more favorably to the open-loop
strategy. Open-loop controllers can work well when the model of the system is known
and the disturbances are measured. Often, an open-loop controller signal is found by
inverting the model. In our case, however, due to model imperfections and unknown
disturbances the open-loop controller performance is not satisfactory. On the other
hand, the closed-loop controller shows robustness to model perturbations.

Closed-loop dynamic clamp is a standard procedure to measure ionic channel
conductance [51], [58]. However there are many challenges to implement this method
in clinical practice. While it is unlikely that many cells are controllable in a dynamic
clamp individually, it is realistic that future prostheses can record neuronal activity
extracellularly. However, this comes with many challenges including reliable on-line
spike sorting and passing axons stimulations. A publications by Jepson et al. (2014a,
2014b) shows how retinal ganglion cells can be controlled individually using multi-
electrode array stimulation [32], [33].

Feedback systems can be realized using standard in-vitro equipment. However,
feedback strategies in neuroprosthetics have not been extensively investigated. A
shift in paradigm to real-time closed-loop electrophysiology may provide many in-
sights. With recent advancements in microelectronics, it may become feasible to test
a range of closed-loop stimulation strategies in clinical settings in the near future.
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The ability to continuously collect and analyze data may improve the monitoring of
the disease progression and optimize the therapy efficacy. Novel sensing elements
that measure electrochemical concentration may lead to stimulation paradigms that
combine electrical stimulation with a drug delivery system.

A direct representation of neural activity as a gray scale image may not neces-
sarily be the best approximation of the resulting perception of a patient. However,
there is no clear measure of the subject’s perception in simulations. The measure of
algorithm’s performance as a grey scale image quality was taken as an approximation.

In this work, step-wise constant presentations of the stimuli were considered. Real-
life applications will involve dynamic stimuli that may cause time delay in the feed-
back system. Sufficient robustness conditions have to be derived under which the
system remains stable, independent of the length of the delay. Some approaches for
stabilization are introduced by Verriest et al. (1994) [65].

For safety reasons, short charge-balanced biphasic pulses are used in neuropros-
thetic devices. In this paper, we implemented long monophasic pulse stimulation.
We do not expect that this approximation will affect the results significantly. Future
work include analyzing the response of neurons to different frequencies of stimulation,
and investigating the effect of novel waveform shapes such as seesaw and sinusoids. In
addition, maximum stimulation level, bandwidth limitations, the effects of the elec-
trode geometry, and power requirements have to be investigated before implementing
feedback controllers in clinical settings.
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