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Abstract—Electrocochleography (ECochG) is increasingly used1

to monitor the inner ear function of cochlear implant (CI)2

patients during surgery. Current ECochG-based trauma detec-3

tion shows low sensitivity and specificity and depends on visual4

analysis by experts. Trauma detection could be improved by5

including electric impedance data recorded simultaneously with6

the ECochG. However, combined recordings are rarely used7

because the impedance measurements produce artifacts in the8

ECochG.9

In this study, we propose a framework for automated real-time10

analysis of intraoperative ECochG signals using Autonomous11

Linear State-Space Models (ALSSMs).12

We developed ALSSM based algorithms for noise reduction,13

artifact removal, and feature extraction in ECochG. Feature14

extraction includes local amplitude and phase estimations and15

a confidence metric over the presence of a physiological response16

in a recording. We tested the algorithms in a controlled sensitivity17

analysis using simulations and validated them with real patient18

data recorded during surgeries.19

The results from simulation data show that the ALSSM20

method provides improved accuracy in the amplitude estimation21

together with a more robust confidence metric of ECochG22

signals compared to the state-of-the-art methods based on the23

fast Fourier transform (FFT). Tests with patient data showed24

promising clinical applicability and consistency with the findings25

from the simulations.26

We showed that ALSSMs are a valid tool for real-time analysis27

of ECochG recordings. Removal of artifacts using ALSSMs28

enables simultaneous recording of ECochG and impedance data.29

The proposed feature extraction method provides the means to30

automate the assessment of ECochG. Further validation of the31

algorithms in clinical data is needed.32

I. INTRODUCTION33

COCHLEAR IMPLANTATION is a highly effective treat-34

ment for patients suffering from severe-to-profound hear-35

ing loss. For cochlear implant (CI) patients, an electrode array36
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is placed in the inner ear to stimulate the auditory nerve fibers 37

to transmit sound from an external microphone to the brain. To 38

optimize the surgical and audiological outcome, it is crucial to 39

preserve cochlear structure and function during implantation 40

[1]–[4]. 41

Electrocochleography (ECochG) is increasingly used to 42

monitor cochlear health during cochlear implantation [5]–[14]. 43

ECochG measures cochlear biopotentials in response to an 44

acoustic stimulus. Using pure tone stimulation (i.e., sinusoidal 45

stimulus), responses are commonly recorded in pairs, consist- 46

ing of a rarefaction (RAR) and condensation (CON) response. 47

RAR and CON refer to the polarity of the longitudinal pressure 48

wave of the applied stimulus. Different response components 49

can be derived from these ECochG signals, which are sug- 50

gested to originate from different neurosensory sources within 51

the cochlea [15]. The cochlear microphonic (CM) mainly 52

indicates the function of the outer hair cells (OHC) and is 53

an electrical reflection of the acoustic stimulus [16]. It is 54

considered the ECochG component with the most predictive 55

power regarding cochlear health [11], [17]–[20]. To measure 56

the CM, the difference signal (DIF) between CON and RAR is 57

analyzed. However, acoustic harmonics in the measurements 58

prevents perfect separation of the single response component 59

[11], [21], [22]. 60

We refer to real-time ECochG (rt-ECochG) as an ECochG 61

that was continuously recorded and instantly processed during 62

surgery [10]. A typical intracochlear rt-ECochG measurement 63

recorded by the CI’s most apical electrode during surgery 64

is shown in Figure 1. Individual epochs are composed of 65

several buffers, which are acquired from repeatedly recorded 66

responses. In this way, response pairs (CON and RAR) are 67

recorded at a repetition rate of 1.25Hz. We obtain the DIF 68

signal by subtracting the RAR from the CON responses. The 69

continuous recording generates a sequence of epochs, referred 70

to as the rt-ECochG measurement. By extracting features (e.g. 71

CM amplitude or phase) from the epochs, feature traces are 72

created over the duration of a measurement. We refer to the 73

collection of different feature traces as the insertogram. 74

Studies have found a significant correlation between 75

changes in CM amplitude during CI electrode insertion and 76

postoperative preservation of residual hearing [4], [5], [23], 77

[24]. However, existing methods for trauma detection show 78
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low sensitivity and specificity and are limited to functional79

preservation in patients with substantial residual hearing [13],80

[19]. Moreover, the current gold standard is the visual in-81

spection of the ECochG signals by an expert, which prevents82

the integration of the analysis into an automated software83

[25], [26]. A promising strategy to achieve more reliable84

automatic trauma detection is to include more data such as85

the electrical impedance of the CI electrodes in the analysis86

in addition to the rt-ECochG amplitude features [27]–[32].87

Electrical impedance data provides information about the88

electrode-tissue interface, including the electrode-electrolyte89

interface and the surrounding tissue resistance [33]. The90

increased complexity due to the simultaneous measurement91

of rt-ECochG and impedance in real time (rt-impedance) as92

well as the extraction of more signal features poses new93

challenges to the signal processing methods applied. In this94

paper, we present a new method for real-time analysis of95

intraoperative rt-ECochG using autonomous linear state-space96

models (ALSSMs), enabling the simultaneous measurement97

of rt-impedance data. Our ALSSM based algorithms address a98

broad range of signal processing tasks such as artifact removal,99

filtering and feature extraction [34].100

II. MATERIALS AND METHODS101

In this section, we briefly introduce the basics of ALSSM102

and how we use it to create algorithms for processing rt-103

ECochG. In addition, we show how we tested the performance104

of these new algorithms using simulation data and how we val-105

idated them in a visual proof of concept using exemplary real106

patient data. For comparison, we also applied an established107

standard method to both the simulations and the patient data.108

A. ALSSMs as Signal Models109

Model-based signal processing methods are well suited for110

the analysis of biological signals, as they allow to incorpo-111

rate a priori knowledge of the signal physiology. ALSSMs112

enable the efficient online implementation of such model-113

based algorithms [34]–[36]. The ALSSMs in this study were114

implemented using the open source software library lmlib [37].115

Discrete-time ALSSMs can generate functions such as
polynomials, exponentials, and sinusoids, as well as linear
combinations of those [38]. An ALSSM of order N is given
by the recursive state equation and the output equation

xi+1 = Axi (1)
mi = cxi (2)

with state transition matrix A ∈ RN×N , output vector c ∈116

R1×N , state vector xi ∈ RN , model output mi ∈ R, and time117

index i ∈ Z .118

Substitution of xi in (2) with (1) leads to119

mi(x0) = cAix0 (3)

with initial state vector x0. Note that the output of a model,120

defined by A and c, is fully determined by the initial state x0.121

For the sake of simplicity, we subsequently denote this initial122

state x0 as x.123

B. Localized ALSSM to Signal Fitting 124

The best approximation of an observed signal y ∈ RK with
K samples under the premise of a particular signal model is
defined as the model output m(x̂) yielding a minimal cost with
respect to the squared error. For local signal approximation
with ALSSMs in the interval i ∈ {a, . . . , b}, a, b ∈ Z, a cost
segment

Jb
a(x, k; γ) =

k+b∑
i=k+a

γi−k (yi − cAi−kx
)2

(4)

is used at filter index k ∈ Z [34]. γi−k adds a left- or right- 125

sided exponentially decaying window to the cost term. By 126

rewriting (4) in the form 127

Jb
a(x, k; γ) = xTWkx− 2xTξk + κk (5)

with substitutes

Wk =
∑k+b

i=k+a γ
i−k (Ai−k)T cTcAi−k ∈ RN×N (6)

ξk =
∑k+b

i=k+a γ
i−kyi

(
Ai−k)T cT ∈ RN (7)

κk =
∑k+b

i=k+a γ
i−ky2i ∈ R (8)

the actual computation can be performed in a sliding window
manner and with minimum computational effort as a recursive
least squares algorithm. In this case, the decaying window
is essential to ensure numerical stability. Finally, the optimal
state is given by

x̂k = argmin
x∈RN

Jb
a(x, k; γ) (9)

= W−1k ξk. (10)

as showed in [34]. 128

C. Constrained Parameter Optimization 129

To achieve a desired behavior of the model, in many cases 130

it is advantageous to restrict the space of solutions for (10) 131

from RN to a subspace of it. For a M dimensional subspace, 132

we introduce the linear constraint 133

x = Hv (11)

with the constraint matrix H ∈ RN×M . The minimization
problem (10) then modifies to

v̂k = argmin
v∈RM

Jb
a(Hv, k; γ) (12)

=
(
HTWkH

)−1
HTξk. (13)

D. Composite Cost and Model Superposition 134

Multiple cost segments can be combined to achieve more 135

complex filter characteristics. Such a combination of cost 136

segments is called a composite cost, of which there are several 137

variants [34]. 138

To subsequently join P cost segments with individual decay 139

factors γ(p) and interval borders ap, bp, we get the summed 140

cost 141

J̃(x, k) =

P∑
p=1

Jbp
ap
(x, k; γ(p)) (14)
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Fig. 1. Schematic overview of a typical intraoperative real-time Electrocochleography (rt-ECochG) measurement. The cochlea generates biopotentials as a
response to acoustic stimulation. The rt-ECochG is recorded directly by the cochlear implant (CI) at the most apical intracochlear electrode, which is slowly
inserted through the round window. The signal is digitized at a sampling rate fs = 20.5kHz and raw data chunks of a few milliseconds length are buffered
before stitched together to form a full response. The time span of a response is denoted an epoch and lasts from 11 to 16 milliseconds. A response contains
a condensation (CON) and rarefaction (RAR) response pair which result in the difference signal (DIF) after subtraction. The DIF signal is used to analyze
the cochlear microphonic (CM), a commonly used component of the ECochG signal. The continuous recording of responses generates a sequence of epochs,
which are combined into the rt-ECochG measurement. By extracting features from the individual responses, feature traces are created over the duration of a
measurement, as shown here on the basis of the CM amplitude. We refer to a collection of feature traces as the insertogram.

i.e.,

κ̃k =
∑P

p=1κ
(p)
k , (15)

ξ̃k =
∑P

p=1ξ
(p)
k , (16)

W̃k =
∑P

p=1W
(p)
k . (17)

While each segment in the composite cost has additionally
assigned its individual output vector c(p) and decay factor γ(p),
the transition matrix A and state vector x are common for all
segments. This simplifies the subsequent computation, but is
not a limitation of the method, since ALSSMs can be stacked.
To superimpose Q models, we can apply

A = diag
(
A(1), . . . , A(Q)

)
(18)

x =
[(
x(1)

)T
. . .

(
x(Q)

)T]T (19)

c =
[
c(1) . . . c(Q)

]
. (20)

E. Signal and Event Classification using ALSSMs142

Since a cost as in (4), or more generally (14), provides a143

measure of similarity between a model and the observed sig-144

nal, we can use the costs to evaluate the performance of several145

models. We denote the ratio between two such cost remainders146

a cost ratio, which is closely related to the likelihood ratio of147

two alternative hypotheses in statistics. Since likelihoods are148

often in logarithmic scale, we analogously introduce the log-149

cost ratio (LCR)150

LCRk = −
1

2
log

min
x∈X1

Jb
a(x1, k; γ1)

min
x∈X2

Jb
a(x2, k; γ2)

∈ R (21)

with X1 and X2 being distinct feature spaces [34].151

4KB0 KB 2KB 3KB

m(1)
m(2)

m(3)
m(4)

a
(1)
0 a

(1)
1

Fig. 2. Model of the amplifier drift artifact naturally occurring in intraopera-
tive real-time Electrocochleography (rt-ECochG) when paralleled by real-time
impedance measurements. The line segments are connected at the transition
points of subsequent buffer cycles of the analog-to-digital converter.

F. Artifact Removal in ECochG using ALSSMs 152

The currents injected by concurrent impedance measure- 153

ments cause the analog amplifier of the ECochG measurement 154

system to drift. As the polarity of these measurement currents 155

alternate, the resulting drift artifact resembles a stationary 156

triangular wave with the known period of a single buffer cycle. 157

However, the exact slopes of the artifact depend on the electric 158

properties of the surrounding tissue, which are unknown. 159

To compensate for the drift artifact, we design a piece-wise 160

linear model (cf., Figure 2) of Q continuous line segments. 161

The model of line segment q ∈ {1, . . . , Q} is 162

m
(q)
i (x) = a

(q)
0 + a

(q)
1 i. (22)

The model is fitted to the raw measurement signal using a 163

composite cost over the full epoch duration. 164

This article has been accepted for publication in IEEE Transactions on Biomedical Engineering. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TBME.2023.3276993

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/



4

The ALSSM parametrization for a line model as in (22) is165

A(q) =

[
1 1
0 1

]
, c(q) =

[
1 0

]
(23)

with state vector166

x(q) =
[
a
(q)
0 a

(q)
1

]T
, (24)

where a0 reflects the line offset and a1 the slope. A total of167

Q ALSSMs are then stacked according to (18)-(20) to obtain168

a composite cost (14). Each line model must connect to its169

successor, which is provided by the equality constraints170

m
(q)
qKB

= m
(q+1)
qKB

(25)

with KB being the buffer size, i.e., the width of each line171

segment in number of samples. The cost segments match the172

buffer cycle width. The filter is thus evaluated only once, at173

k = 0. The constraints from (25) for Q = 4 are incorporated174

by applying (13) with175

H =



−KB KB KB 3KB 1
1 0 0 0 0
0 −2KB KB 3KB 1
0 1 0 0 0
0 0 −3KB 3KB 1
0 0 1 0 0
0 0 0 0 1
0 0 0 1 0


. (26)

The window functions are almost rectangular with a decay176

factor for reverse recursion γ(q)
← = 1000

1000−1 , q ∈ {2, . . . , Q},177

except for the first window, where a slight decay was chosen178

with γ(1)
← = 0.5KB

0.5KB−1 with KB = 60 to emphasize the pre-179

stimulation baseline.180

With this strategy, the signal is reconstructed by subtracting181

the artifact model trajectory from the raw epoch before the182

next processing step.183

G. Noise Reduction in DIF using ALSSMs184

The morphology of a CM response is mainly determined by185

the acoustic stimulus [15]. This a priori knowledge enables to186

design a specific ALSSM filter that accurately reproduces the187

stimulation frequency f0. To approximate the CM, we used a188

sinusoidal model of the form189

mi = α · cos (Ω0i+ ϕ) (27)

with fixed frequency190

Ω0 = 2πf0/fs, (28)

being normalized to the recording sampling rate fs. The191

estimation parameters α and ϕ represent the amplitude and192

the phase of the sinusoidal. The ALSSM parametrization193

equivalent to (27) is194

A =

[
cosΩ − sinΩ
sinΩ cosΩ

]
, c =

[
1 0

]
(29)

with state vector195

x = α
[
sinϕ cosϕ

]T
, (30)

Frequency (Hz)

G
a
in

(d
B
)

.5k 1k 1.5k0 2k 2.5k

-10
-20
-30
-40
-50
-60

0
L1 = 4ms
L2 = 8ms

Frequency Responses of Sinusoidal ALSSMs

Fig. 3. Frequency responses of a sinusoidal Autonomous Linear State-Space
Model (ALSSM) filter with ground frequency f0 = 500Hz and with two
different window lengths L1 and L2 applying an exponentially decaying
window. We note that wider windows (as with L2) provide a higher frequency
specificity of the filter. L1 = 4ms, L2 = 8ms.

cf., table I in [34]. For the composite cost window function, we 196

chose a symmetric exponential decay with γl for i = k+a . . . k 197

and γr for i = k + 1 . . . k + b. By adjusting the length 198

and window shapes of the cost segment, filters of different 199

frequency characteristics can be obtained. To form a bandpass 200

filter, centered around f0 as shown in Figure 3, our model 201

can simply be evaluated at m0(x) for every filter index k. 202

By increasing the window width L = b − a, we observe the 203

frequency specificity of the filter will also be increased. To 204

preserve the frequency specificity of the filters for different 205

stimulation frequencies, we adapt the window length accord- 206

ingly. 207

H. Morphological Analysis of the CM using ALSSMs 208

The most commonly used feature to assess a CM response is 209

the amplitude at the f0-bin of the amplitude spectrum, obtained 210

by fast Fourier transform (FFT) to the DIF epoch. In analogy, 211

we extract the local amplitude and phase estimations α̂k and 212

ϕ̂k, respectively. 213

In a second step, we extract a confidence metric, how well 214

our model (27) represents the observed data. For this, we 215

compare the CM model (27) with a noise model by calculating 216

LCRk = −
1

2
log

min
x∈R2

(
J0
a(x, k; γl) + Jb

1(x, k; γr)
)

J0
a(0, k; γl) + Jb

1(0, k; γr)
(31)

according to (21) [35]. Any LCR > 0 indicates that the CM 217

model explains the observation locally better than the noise 218

model. To aggregate the amplitude information of a full epoch, 219

we calculate an LCR-weighted average of the amplitudes. 220

In doing so, plausible signal periods are emphasized. We 221

parameterized the average with a window function (Hamming 222

window) similar to the FFT to minimize windowing effects. 223

The per-epoch average amplitude is therefore given by 224

α =

K∑
k=0

wkLCRkαk (32)
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with wi being the window function value. In analogy to (32),225

the per-epoch average226

LCR =

K∑
k=0

wkLCRk (33)

is calculated to quantify an entire epoch.227

I. Verification with Simulation Data228

To test the suitability of the sinusoidal CM model, we229

performed a controlled sensitivity analysis of the amplitude230

estimation algorithm using simulated ECochG signals. Testing231

with simulation data allows to exclude external disturbances232

from the analysis and to examine the CM amplitude estimation233

separately from the artifact removal.234

For signal synthesis, we used a verified open-source model235

of the auditory periphery by Zilany et al. [39]–[45]. This236

model allows to simulate IHC and OHC responses to a237

user-defined acoustic stimulus. We reproduced three typical238

ECochG waveforms (A, B and C) as seen during surgery by239

combining the simulated IHC and OHC cell potentials [45].240

For each waveform, we varied the recruitment coefficients241

CIHC, COHC ∈ [0, 1] of IHCs and OHCs as well as the inten-242

sity I ∈ R (in dBSPL, sound pressure level SPL) of the 11ms243

acoustic 500Hz pure-tone stimulus in the simulation. The244

actual simulation parameters were A: I = 60dBSPL, CIHC =245

COHC = 1, B: I = 110dBSPL, CIHC = COHC = 0.5, C:246

I = 60dBSPL, CIHC = 0, COHC = 1. Figure 4 compares real247

intraoperative rt-ECochG recordings to the simulations. We248

added artificial pink noise to the signals to simulate different249

signal-to-noise ratios (SNRs).250

For comparison, we also applied a commonly used con-251

ventional method on the same data set, which we reproduced252

to the best of our knowledge [20], [46]. In the conventional253

method, the discrete amplitude spectrum of the response is254

calculated using the FFT. The CM amplitude is then estimated255

using the f0-bin of the spectrum’s absolute values. To interpo-256

late in frequency domain (∆f ≈ 25Hz) and minimize leakage,257

the signal is zero-padded and multiplied with a Hamming258

window before the FFT. To estimate the noise level and its259

standard deviation, 3 preceding and 3 succeeding bins, starting260

9 bins away from the f0-bin are used [20]. With that, we also261

calculated the z-score of the f0-bin.262

We evaluated the performance of the algorithms using263

Monte Carlo simulations. The test includes estimations of264

the CM amplitude and an evaluation of response confidence265

metrics in the DIF signal for the three test waveforms (Figure 4266

A-C). In the conventional method, the z-score was used as the267

confidence metric. The performances of the different methods268

were evaluated with 10’000 samples per test waveform with269

SNRs in the range of −10dB to +20dB.270

J. Validation with Intraoperative Recordings271

For illustration purposes, we applied the algorithms to a few272

exemplary patient data from an ongoing observational study273

and present the results graphically. More specifically, the real274

data presented throughout this paper come from five patients275

Time5ms

A

intraoperative rt-ECochG simulated ECochG

B

C

Fig. 4. Comparison of intraoperative real-time electrocochleography (rt-
ECochG) responses to simulation data with normalized amplitudes. Shown
are the difference signals (DIF) obtained by subtraction of responses from
a condensation and rarefaction 500Hz acoustic pure tone stimulus. (A)
DIF exhibiting sinusoidal peaks. (B) DIF exhibiting sharp peaks. (C) DIF
exhibiting round peaks.

who averaged 59.2 years of age at implantation and had a pure 276

tone average (PTA) of 76.7dBHL (hearing level HL). 277

We recorded rt-ECochG and rt-impedance data from CI 278

patients during electrode insertion. The experimental study 279

has been approved by the local institutional review board 280

Kantonale Ethikkommission Bern (Cantonal Ethics Committee 281

of Bern), Switzerland (BASEC ID 2019-01578) and was 282

conducted in compliance with the Declaration of Helsinki. 283

All participants or their legal guardian gave written informed 284

consent before participating in the study. 285

Before the surgical incision, we placed a sterile insert 286

foam eartip with a connected sound tube into the patient’s 287

external auditory canal [47], [48]. For stimulation, we con- 288

nected the acoustic unit of a hybrid sound processor (Nucleus 289

7, Cochlear Ltd., Melbourne, Australia) to the sound tube. 290

Prior to insertion, we transcutaneously connected the sterile- 291

packed transmitter coil of the sound processor to the implant. 292

Insertion was then performed with pure tone stimulation and 293

measurement of both rt-ECochG and impedance through the 294

implant (CI622, Cochlear Ltd., Melbourne, Australia) using 295

the manufacturer’s measurement software (Cochlear Research 296

Platform 2.0, Cochlear Ltd., Melbourne, Australia). The ap- 297

plied pure tone stimuli were 11ms long and had an amplitude 298

of either 100dBHL for 250Hz or 108dBHL for 500Hz. The 299

epochs were recorded unfiltered over a window of 16ms and a 300

sampling rate of 20.5kHz. Impedance data were obtained using 301

the default intraoperative setting of the Cochlear Research 302

Platform 2.0, in which the monopolar impedances of all 303

electrodes are measured simultaneously to rt-ECochG. The 304

results of the measurements were not communicated to the 305

surgeon until the insertion was complete. This was done to 306

avoid influencing the insertion process. 307

We post-processed the collected data using our signal pro- 308

cessing pipeline, which includes artifact removal, amplitude 309

estimation, and LCR calculation. For comparison, we recorded 310

the amplitude trace provided by the measurement software 311
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Fig. 5. Evaluation of confidence metrics for electrocochleography (ECochG)
responses in simulation data at different signal-to-noise ratios (SNRs). The
curves show mean values for n = 10′000 trials of three characteristic
waveforms (Figure 4 A-C) with added random noise. Top panel: Logarithmic
cost ratio (LCR) obtained by comparing a localized Autonomous Linear State-
Space Model (ALSSM) of the cochlear microphonic (CM) versus a pure noise
model. Bottom panel: z-score obtained by a FFT-based spectral estimation.

similar to the conventional method explained in subsection II-I.312

III. RESULTS313

A. Verification with Simulation Data314

Figure 5 compares the simulation results of the algorithms315

for determining the confidence metric of the CM responses316

for the three test waveforms (Figure 4 A-C). The top panel317

contains the results for the ALSSM method, while the bot-318

tom panel depicts the results of the conventional method.319

The curves show that the ALSSM method provides a more320

homogeneous result over different CM shapes, especially in321

the range of distinct responses with SNR > 0dB.322

As a first approach to establish a threshold for binary323

classification of the presence of physiological responses, we324

chose LCR > 0.35, where the cost of the CM model exceeds325

twice the cost of the noise model. As a result, signals for326

all test waveforms with SNR > −2dB are being considered327

significant. Using the conventional method, on the other hand,328

even signals with SNR > −7.5dB (waveforms A and C) and329

SNR > −10.3dB (waveform B) are considered significant330

responses (p < 0.01).331

Figure 6 shows the relative absolute errors of the amplitude332

estimation comparing the ALSSM method and the conven-333

tional method at different SNRs. Each panel corresponds to334

the results of one of the three test waveforms (Figure 4 A-C).335

The ALSSM estimated the CM amplitude more accurately336

in all simulations, and performed particularly well for wave-337

forms (A) and (C). Both methods showed the largest error338

for waveform (B). The ALSSM method achieved a smaller339

error in this case as well. At SNRs < −7.5dB, the estimation340

error of the ALSSM method is higher than the error of the341

conventional method. Since responses with such a low SNR342
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Fig. 6. Absolute errors of cochlear microphonic (CM) amplitude estimations
in simulated electrocochleography (ECochG) data at different signal-to-noise
ratios (SNRs). Each panel shows the averaged results for one of three
characteristic waveforms (Figure 4 A-C) with added random noise from
n = 10′000 trials. For comparison, the CM amplitudes were estimated by
the new method using Autonomous Linear State-Space Models (ALSSM) and
a conventional algorithm based on the fast Fourier transform (FFT).

are not considered significant by either method, the amplitude 343

estimates in this range are invalid anyway. 344

B. Validation with Intraoperative Recordings 345

The top panel in Figure 7 shows a raw DIF epoch from a 346

rt-ECochG measurement distorted by the artifact as described 347

in subsection II-F together with the estimated artifact model 348

trajectory. We reconstructed the signal as described in subsec- 349

tion II-F (bottom panel). We applied the CM ALSSM (27) 350

with L = 2ms for noise reduction. By using the ALSSM 351

as a bandpass filter, the transient portions of the signal are 352

reproduced. Note that the parameters of the localized model 353

were also estimated at the same time. 354

Figure 8 shows the pipeline result for a 250Hz pure-tone 355

insertogram (i.e., rt-ECochG and rt-impedance measurements 356

from the start of the electrode array insertion until full inser- 357

tion), with three exemplary DIF epochs of different distortion 358

and noise levels shown individually. The examples show that 359

artifacts can be removed applying the artifact model. Further, 360

the CM model fits well to the observed data within the window 361

considered for the cost computations. 362

The result is an amplitude trace with artifacts removed, 363

which at the same time retains its fast features. This becomes 364

especially evident when comparing the ALSSM amplitude 365

trace with the amplitude trace obtained using the conventional 366

method. The intermediate rise in amplitude between 25 and 367

60 seconds as estimated by the conventional method coincides 368

with the passage of the apical electrode through the round 369

window at the start of the insertion (drop in apical impedance 370

|Z22|). This is not reproduced by the ALSSM method. Finally, 371
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the Autonomous Linear State-Space Model (ALSSM) filters. Top panel: Raw
epoch before processing (gray) and artifact estimation (black dased). Bottom
panel: Reconstructed signal before (gray) and after (black) noise reduction.

the per-epoch average LCR provides an additional confidence372

metric.373

Impedance traces of the apical (ICE 22) and basal (ICE374

01) intracochlear electrodes are shown in the bottom panel375

to illustrate the entire insertogram. The impedance of the376

apical electrode elevates at 90 seconds, as expected due to the377

geometry of the cochlea, but then decreases towards the initial378

level [33], [49]–[51]. The impedance of the basal electrode379

drops sharply around 155 seconds after entering the fluid filled380

scala tympani. This event coincides with a spike in the CM381

amplitude estimate of the conventional method. However, this382

spike is not visible in the amplitude trace of the ALSSM383

method (Figure 8, Epoch C).384

IV. DISCUSSION385

We have implemented a signal processing pipeline for real-386

time morphological analysis of rt-ECochG signals. This signal387

processing pipeline includes artifact removal (IV-A), noise388

reduction (IV-B), and a local model for feature extraction389

(IV-C).390

A. Artifact Removal391

We demonstrated that artifacts caused by simultaneous rt-392

impedance measurements can be removed in rt-ECochG using393

our artifact ALSSM. The model-based approach allows the394

discontinuities of the artifact to be adequately represented.395

The estimation of the artifact becomes optimal when all other396

signal components are offset free over each single buffer cycle.397

However, the effects of this requirement are mitigated by398

constraining the individual models over the entire epoch. In399

addition, common modes of CON and RAR are eliminated400

in the DIF signal. In the future, the artifact parameters ob-401

tained with our approach potentially allows the derivation of402

intracochlear capacitive properties during the recording of an403

insertogram.404

B. Noise Reduction 405

In the example from Figure 7, we showed that the CM 406

model is suitable for noise reduction in the DIF signal. The 407

sinusoidal ALSSM behaves like a band-pass filter, which be- 408

comes less frequency specific when the window is shortened. 409

C. Feature Extraction 410

We used ALSSMs to locally fit a CM model to the observed 411

data by estimating amplitude and phase. Simultaneously, we 412

provided a confidence metric about the presence of a physio- 413

logical response using LCR. 414

The simulations showed that the per-epoch average LCR 415

yields similar results for all tested waveforms, and therefore 416

is a more robust confidence metric for signal classification 417

than the z-score from the conventional method. Thus, objective 418

analysis for different rt-ECochG waveforms is facilitated with 419

the novel ALSSM method. The steeper slope of the LCR 420

curves relative to the dynamic range in the region of SNR = 421

0dB implies a higher resolution of the confidence metric 422

available for classifying the signals. Our first attempt to find a 423

suitable threshold for binary classification of responses based 424

on the LCR still needs refinement, since the classification with 425

an LCR threshold of 0.35 showed to be rather conservative. 426

With the ALSSM method, the amplitude of simulated CM 427

could be estimated more accurately than with the conventional 428

method. The localized CM model provides a more detailed 429

representation of the amplitudes in a single epoch. By weight- 430

ing the individual amplitudes in an epoch using LCR, the 431

per-epoch average amplitude can be estimated more robustly. 432

The amplitude estimation for both methods could possibly be 433

improved by considering the harmonics. 434

ECochG signals exhibit a rich morphology that includes 435

features such as onset delay, phase, and envelope that could 436

be used for trauma detection in the future. In a next step, 437

it will be important to precisely determine these features by 438

fitting a global CM model. In this context, the LCR and phase 439

estimation of the CM ALSSM are indispensable [35], [36]. 440

D. Study Limitations 441

The main limitation of the current study is the complexity 442

of the CM model. To obtain a morphological description and 443

feature set adequate for trauma detection, the full CM must 444

be fitted with its transient components, in place of a local 445

model. In addition, the artifact estimation could be improved 446

by fitting a global CM model simultaneously with the artifact 447

model, which is feasible with our approach, since ALSSMs 448

can be stacked. Finally, ECochG response components other 449

than the CM such as the auditory nerve neurophonic should 450

be taken into account for trauma detection, so these must also 451

be analysed. 452

The simulation data enable the evaluation of new algorithms 453

for the analysis of intraoperative ECochG in a controlled 454

sensitivity analysis. Still, the simulations do not correspond to 455

complete ECochG responses, but only reflect the cumulative 456

cell potentials of the OHC and IHC clusters. To obtain more 457

vivid ECochG simulations, a computer model of the cochlea 458

is required [45]. 459
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Fig. 8. Intraoperative real-time electrocochleography (rt-ECochG) with concurrent impedance measurements during cochlear implant (CI) electrode insertion.
The rt-ECochG signals show the difference (DIF) of the responses obtained from condensation and rarefaction acoustic stimuli. The rt-ECochG was measured
directly using the apical intracochlear electrode (ICE) of the CI. Top panels: Raw DIF epochs and artifact estimation using Autonomous Linear State-Space
Models (ALSSM). The three epochs represent different groups of observed signals during surgery, namely (A) small response, heavily distorted by the
impedance measurements, otherwise small SNR; (B) large response, distorted by the impedance measurements, low SNR; (C) medium response, heavily
distorted by the impedance measurements, otherwise medium SNR. Second-top panels: Corrected DIF epochs after artifact removal and trajectories of locally
fitted sinusoidal ALSSMs over the cost window width at the location of the maximum logarithmic cost ratio (LCR) representing the cochlear microphonic
(CM). Black, dashed: Extrapolation of the CM model trajectory over the full epoch. Second-bottom panel: Estimated CM amplitude trace over the course of
the CI electrode insertion obtained using the ALSSM method and the f0-bin of the FFT. Gray scale: Per-epoch average LCR obtained using the ALSSM
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The proposed signal processing pipeline has been illustrated460

by only few intraoperative examples. A prospective study in a461

larger clinical cohort is required to evaluate the classification462

performance of our approach.463

V. CONCLUSIONS464

We introduced a tool for the analysis of intraoperative real-465

time electrocochleography (rt-ECochG) based on Autonomous466

Linear State-Space Models (ALSSMs). The analysis includes467

artifact removal, noise reduction, and feature extraction to-468

gether with a confidence metric (Logarithmic Cost Ratio,469

LCR) for the physiological response. Our signal processing470

pipeline enables the combination of rt-ECochG with simulta-471

neously recorded impedance data for the purpose of improved472

automated trauma detection during cochlear implantation. We473

tested the feature extraction algorithms in simulated data and474

applied the full signal processing pipeline to a typical intraop-475

erative measurement. The controlled sensitivity analysis with476

simulated data showed that our algorithms performed superior477

to conventional FFT-based methods. With our approach, it478

is feasible to perform a robust morphological analysis of 479

the physiological response. Rt-ECochG waveforms can be 480

described more efficiently with ALSSMs than with FFT. The 481

LCR provides the means to automatically decide on the valid- 482

ity of a measured response. Since the presented algorithms are 483

computationally efficient, they could be implemented on the 484

implant itself for future applications other than intraoperative 485

trauma detection, such as cochlear health monitoring while the 486

patient wears the implant. 487
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